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Tickets to see musicians such as Bruce Springstdemjnsists that entry to his
shows be cheap enough for working stiffs to affaire, particularly susceptible to
what fans call “price gouging”.
The Economistian 28, 2011
Bruce Springsteen, Pearl Jam, and Dave Matthews mever charged as much as
they could for their tickets.
Ray Waddell, 2009
When Babs tried to charge up to Euro 900 for a Rgigeltalian fans rebelled and
urged the city’s government to refuse the singeraisa stadium. After the public

outcry, Streisand cancelled the concert.
The Sunday Timesugust 2°, 2008

1 Introduction

Why devote an entire chapter of the Handbook tdystig how artists set prices for live
concerts? One reason is the overwhelming popularest in the topic. Ticket pricing
receives a lot of attention in the press, and &®sn obsessed with the price and
availability of tickets. Journalists howl when cernicprices are perceived as outrageously
high, and squawk when fans have to line up for fidaira much sought-after ticket unless
they can afford to pay several times the face vatuenline resale markets. Newspapers
also report on how difficult it is to get some drtgpes of seats when tickets are all sold at
the same price. Artists, promoters, fans and conemens have different views on ticket
pricing. So who should one listen to?

Ticket pricing is also interesting because of thasawal nature of the live event
industry. The suppliers, typically individual atir bands, are not the textbook profit-
maximizing entrepreneurs. Many artists are als@woiters and composers who see

higher meaning in their music. Some songs havegteonotional and political messages.



Music can raise spirits and aspirations. Artises@lebrities who often rely on their public
image to sell their art. Some enjoy public adulafior the sake of it. Another unique
feature of the concert business is that artistsesiomes express personal views about who
should attend their concerts and how much theyldhimeiexpected to pay. Bruce
Springsteen, for example, explains the low pricBakdets to his concerts as an attempt to
make them affordable to the working classes. Ongamnastion whether such statements
are sincere. The debate goes on.

Concert-goers are not textbook consumers eithenyMens are loyal to specific
bands, and develop emotional attachments to phatitgpes of music and individual
artists. The media reports on the lives of artistsreby feeding fans with information that
shape their perception of the artist. Some fansliiee concert attendees should not be
selected on the basis of how much they are wiliilngay but rather on the basis of their
sincere understanding of, and commitment to, théviany artists are sympathetic to this
view.?

These are just a few features of the live musiasty that contribute to its uniqueness.
While some have to do with the supply side of tleekat, others have to do with the
demand side. The nature of the product and hoswdistributed to consumers also raise
interesting issues. Pricing is a salient issue iexéive bands have a tremendous amount

of market power and sell highly differentiated pwots. Not all seats in a venue provide

Pearl Jam, for example, has always intentiormaliyntained relatively low

prices (Ault, 2003).



the same experience. Moreover, live music is atenalelivered to consumers through
tours that stop in cities with sometimes widelyfehiént local demands. This raises
complex pricing issues. Should an artist chargieint prices for the same concert in two
different markets? Should an artist charge diffepgites for two seats located in different
areas of a venue? What determines the artistshgiiess to use price discrimination?
While interesting questions are a good startinggioir conducting worthy empirical
research, they are not enough; one also needbleastlata to conduct statistical analysis. In
this sense, concert pricing offers a unique lalooydr the researcher. Artists have to
make a large number of choices when pricing tickegeh time an artist launches a tour,
which most artists do regularly, decisions musiriaele concerning the overall level of
prices, how much prices should be differentiatedssclocal markets, and how much
prices should be differentiated within a venueisistset ticket prices in advance and
rarely change them (although prices may vary widelyre resale market). Two trade
publications cover the concert industiPglistar andBillboard, and maintain datasets that
match artists, promoters, venues, and concertgridest importantly for the researcher,
the concert industry lends itself to the use distiaal analysis because the econometrician
can use repeated observations to control for maopserved factors. Artists tour
repeatedly, year in and year out, and give a latgeber of identical concerts within each
tour. They may sing over and over again in the saitgeand venue as part of different
tours. In addition, a fairly small number of promst repeatedly promote concerts given

by top artists.



A research topic is of particular interest if ifexs outcomes that challenge
conventional views. The live music industry is rinfsuch puzzles. First and foremost, one
has to ask why rationing and resale markets aoesonon.The Economis{2011) claims
that “Live music is one of the few businesses inclwisecond-hand goods often sell for
more than new one4.This may be an overstatement, but it points dwexbnnections
between the price level, the extent of price déferation in the primary market, and the
subsequent resale activities in secondary marketmomists and others have produced
many theories of under-pricing, rationing, and @rigidities. However, rigorous empirical
evidence on rationing is almost non-existent. O\,gtas fair to say that there is no
systematic understanding of the causes of rationing

Another puzzling phenomenon is that price discration is not very common. Why
are seats in the same venue often sold at the gace® Even when there are multiple
seating categories, it seems that the number efjoaes is fairly small. The same is true if
we consider the pricing of the same concert in diff@rent cities. Why do so many artists

set the same price for concerts that are parteo§#ime tour?

* This chapter focuses on prices in the primary migblecause they are controlled to a
large extent by the artists. Tickets are also tesokecondary markets through
brokers and on the Internet, but we do not disthusse issues here. See Courty
(2003) , Leslie and Sorensen (2011), or Connoltylerueger (2011) for a discussion

of prices in the secondary market.



Connolly and Krueger (2006) highlight these puzatesoncluding their review of the
‘Economics of popular music’ in the first volumetbEHandbook of the Economics of Art
and Culture Several areas they deem worthy of future resdaah to do with ticket
pricing. They ask: “What determines the amountrafepdifferentiation within concerts? Is
there less regional variation in prices for the samncert than one would expect in an
efficient market? If so, why? Why do tickets appieabe underpriced for many concerts?”
This chapter takes on these questions. We studg giscrimination and rationing in the
concert industry.

We document new stylized facts from a large datidsgtcovers about 20,000 concerts
offered by the top 100 artists in the period 19922 Our initial focus is on the issue of
the use of price discrimination (between seatsiwiéhvenue and between venues that
belong to the same tour). We document the existehlzgge differences across artists in
the use of second- and third-degree price discatian, even after controlling for a large
number of sources of unobserved demand and prbetetogeneity. Some artists vary
prices to respond to demand conditions while otdersot, suggesting that artists may
have different pricing styles. Next, we developrae framework that is consistent with
these stylized facts, and hypothesize that adiffisr in their willingness to exploit market
power. This assumption provides a plausible framkvi@r explaining the observed
patterns in artist pricing styles. First, it ratidizes the observed heterogeneity across
artists. Second, it implies that artists who areenikely to vary prices within a venue will

also vary prices across venues more and ratioatiakore. These predictions, which are



unique to the hypothesis that artist pricing stgesn from differences in willingness to
exploit market power, find remarkable support ie tata.

Our evidence is drawn from one industry: concentdi¥e popular music. There are
many reasons for this choice. As mentioned eadi&ia on ticket prices are uniquely
suitable for conducting statistical analysis. ldifidn, the industry is significant in value,
global, and subject to market forces with littlergmnment interference, three features that
distinguish it from many other performing arts.

The rest of this paper proceeds as follows. Se&ipresents background information
about the live event industry, reviews the literafand lists a number of open questions.
Sections 3 to 5 present the data and establishextylacts about the use of second and
third-degree price discrimination. Sections 6 arsgh@w that it is difficult to associate the
differences in pricing practices to unobserved foggeneity. Instead, heterogeneity in artist
willingness to exploit market power can, in faettjonalize a number of observed patterns
in the data. Section 8 presents further evidenasistent with the hypothesis that artists
differ in their pricing styles. Section 9 concludedl lists a number of questions for future
research. This last section also discusses thel&roalevance of our work and explains

how the concept of pricing style could be appliesgehere.
2 The live event industry: facts, literature review and open questions

The economics of live events raises a number efasting issues that cannot all be
addressed in a single chapter. Here we focus @ndeand third-degree price

discrimination and rationing. To prevent confusidiscussion of the broader context and



of connections with other pricing issues is usedlihough of course these issues are not
directly addressed here.

This study focuses on the primary markets for cdrtakets. Concerts are often sold
out before the event date. Consumers who cannohase a ticket in the primary market
can purchase one in resale markets. The most comaygsmto do so are through auction
websites such as eBay, specialized resale welmsiefessional brokers. Although
secondary markets are outside the scope of thiy,stve do investigate the issue of sold-
out concerts, which is essential to understandiegetonomic rationale for secondary
markets.

Typically, the price of tickets is fixed when a tasiannounced, prices do not change
over time, and tickets are distributed throughlibe office or national distributors.
Although there have been some innovations in regests (revenue management,
distribution through artist websites, for exampth)s is still the dominant model for the
industry. While we do not study these innovatianghie core of this chapter, we shall
touch on them again in the conclusion, when disngsareas for future research.

Another consideration is that some artists offenyneoncerts each year and rarely take
breaks, whereas others hardly ever give live perémices. We leave aside the decisions of
when to go on tour and which cities to visit, takthese decisions as given, and focus on
the setting of prices for different seats in a \@eand for different venues in a tour. Finally,
the revenue from ticket sales is often supplemebyecbncessions revenues coming from
the sale of food and drinks as well as CDs andde wariety of souvenirs. Although these

are important sources of revenue, they are ndithes of this work and are not discussed



at great length. The artists present in our sammgallkee most of their income from touring.
Connolly and Krueger (2006) discuss some of theneotions between touring and other

sources of income, recording in particular.
2.1 Industry background

We present the key characteristics of the conodristry that are relevant for this chapter.
A more detailed review is available in Connolly dtdieger (2006) and Waddell et al.
(2007). The modern touring industry was born inlt#te 1960s when a few bands such as
the Rolling Stones and Led Zeppelin regularly sthtburing a variety of arenas and
stadiums, using their own experienced crew to take of the sound, staging and lighting.
In the 1980s, advances in technology allowed b&md§fer even more ambitious stage
shows that were louder and brighter, and availabiver-larger audiences. By 2007, the
North American concert industry had grown to $4idnil in revenue and 100 million in
attendance.

Although some artists give single concerts, theidant model in the industry is that
of tours. In brief, a concert tour is typically argzed by an artist represented by his or her
manager, a (booking) agent, and a promoter. Tl artd the agent agree on an act and a

tour plan. The agent then looks for promoters ganize the event in each city. The artist

Part of the information on the touring industregented in this section comes
from interviews with concert promoters and with tprofessors teaching courses on
concert promotion. Some of the information was alsavn from books and industry

manuals on concert promotion, in particular Waddedl. (2007).
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comes to an agreement with each promoter on angrpmlicy and on a revenue sharing
rule. Promoters are in charge of organizing thenesvel his involves booking venues,
advertising and collecting revenues. There are sarations on the theme. Most artists
use the same set of promoters to be in chargeedbtlr, but some also use local promoters
in certain cities to tap into the local expertisecsucial for success. A few artists even do
everything in-house and contact the venues diregttiiough there are different types of
tours (e.g., promotional tours of new releasess@®a tours, festival tours), all of the
concerts in a single tour usually include a commeinof songs and similar staging, and are

marketed together.
2.2 What is specific about the pricing of live evas? A review of the literature

Ticket prices of concerts are typically set joirttly the artist and the promoter(s) when the
tour is announced, and remain unchanged therekfieh event is unique and there is no
set formula for pricing a concert. There is no secohance if one gets the wrong number
of seating categories or prices. Events are sorestadded or cancelled, but prices or
category allocations typically remain the same.

The problem of pricing tickets for live events sstmmuch in common with selling
perishable products such as tickets for air trav@bking hotel rooms, or handling
restaurant reservations. At the heart of the probtethe issue that the seller has a fixed
capacity, faces much demand uncertainty, and hastad amount of time to sells tickets.
Many industries dealing with perishable producks teshniques known as revenue
management, dynamic pricing or responsive pricibgufty and Pagliero, 2008) to handle
these problems. But the live event industry dodghink about pricing a seat for a concert

11



in the same way that a revenue manager thinks giriwirtg a seat for a flight or a hotel
room. The concert industry is unique in its laclsophistication. Although we have seen
more experimentation with revenue management ientegears, it is still rare, and one has
to ask why the concert industry does things difidye
Price discrimination
According to price discrimination theory, priceg &xpected to vary in response to
differences in demand in different markets (thietycke price discrimination) or for
different seats in the same venue (second-degie giscrimination, see Stole, 2007).
Live events are peculiar in that the distributidrseat quality is given by the structure of
the venue, and the artist decides only on the nunte location of the different seating
categories. Rosen and Rosenfield (1997) presdmwanyt of second-degree price
discrimination that deals with this specific prable

Courty and Pagliero (2012) estimate (using the sdat@set as the one herein) that the
return from price discrimination relative to unifempricing is about 5 percent of revenue.
The magnitude is consistent with the results ofiegd2004) in the context of a Broadway
show. To put this number into context, assumetti@artists’ profits are 40 percent of
revenue (LaFranco, 2003). Price discriminationeases the artist’s take by 12.5 percent.
Courty and Pagliero also show that the return igepiscrimination increases in markets
where demand is more heterogeneous, as predicteddeydiscrimination theory.

A preponderance of evidence indicates, howevet atists do not fully exploit the
revenue potential of seat differentiation withimemue. The number of seating categories

used in the concert industry appears to be relsitioer. The majority of concerts in our
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sample use two seating categories and the maxinumiber of seating categories is four.
In the context of a Broadway show, Leslie (2004orés a similar observation. More than
three seating categories for a given show are neset. In contrast, the number of seating
categories can be quite large for classical musois (Huntington, 1993).

Why do artists not increase the number of seatitggories®ne may argue that seat
differentiation is not important in the concerturstiy. However, Leslie and Sorensen
(2011) present evidence consistent with the faadtnbt all seats are alike within a seating
category. For example, the best seats within ayoageare much more likely to be resold
in secondary markets. Connolly and Krueger (20ha)yesis of resale markets is consistent
with these findings. Their survey reveals thatrtte@n reason for buying tickets on the
secondary market was to get better seats.

Courty (2011) shows that a monopolist prefers toadethe seats in a venue at the
same price if low valuation buyers are more likelybtain the better seats. Leslie and
Sorensen (2011) make a similar point. They showtttfeaexistence of a secondary market
influences the queuing game as well as the saleadf seating category in the primary
market. Clearly, there are interactions betweerptireary and secondary markets

Courty and Pagliero (2012) estimate the return famling seating categories. They
find that although the return to price discriminatidecreases with the number of
categories, the return from adding a third andtfoaategory is significant (about half the
return of introducing a second category). This sstgjthat some artists leave money on
the table. Einav and Orbach (2007) address a sipulzzle in the context of the movie

industry. They begin by observing that prices dovaoy for different movies within a
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theater, despite differences in theatrical potéatia realized success. They consider a
different dimension of product quality than we €ibn{ quality rather than seat quality),
but the puzzle is similar: firms sell differentidtproducts at the same price. Einav and
Orbach rule out conventional explanations basefioness, uncertainty and agency and
conclude that history and industry conservatismtrbasat play. A similar explanation may
also hold in the concert industry. For exampleustdy norms and resistance to innovation
may explain why so many concerts use just two sga&i@tegories. Nevertheless, this type
of argument is not useful in explaining the largéedences across artists in pricing
choices central to the present analysis.

There is a growing empirical literature in induskiwrganization on price
discrimination (Verboven, 2010). Several studieestigate the relationship between
second-degree price discrimination and market strace.g., Borenstein and Rose, 1994,
and more recently, Busse and Rysman, 2005). The isgelevant in markets with
multiple firms selling products that are close siibes. Market power in the concert
industry differs because products are differentdiaetwo key dimensions. Artists have
loyal fans who may not substitute even within aegivusical genre. Even more
importantly, few concerts are offered in any gieral market on the same date. For these
reasons, artists have a tremendous amount of naoledr.

Another line of research has tried to explain wegvike operators (e.g., telephone,
electricity) offer only a few types of contracts i(¥én, 1996, Miravete, 2007). This
literature shows that the gains of finely sortimgsumers by providing many contracts

that approximate the profit maximizing non-lineehedule are marginal. The issue is
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slightly different in the case of concert pricingclause the distribution of seats is given,
and the only issue is whether to sell differentsaathe same or at different prices. The
return to price discrimination depends not onlytloa heterogeneity in consumer
preferences but also in the (exogenously givert)rapaxperience. Offering multiple ticket
prices may raise profits even if all consumersi@eatical. This is not the case in the
standard model of second degree price discriminatita Mussa and Rosen (1978). As
mentioned above, artists do not fully exploit tigortunities offered by second-degree
price discrimination.

To our knowledge, no studies have been done onghef third-degree price
discrimination in the context of the concert towdustry or, in any market, on the joint use
of second- and third-degree price discriminatiome Titerature on industrial organization
has studied the two pricing questions independdBtigle, 2007). This is not because the
issue has no empirical relevance. In fact, mostdithat sell vertically differentiated
products do so in multiple markets. Such firms gmgicond- and third-degree price
discrimination simultaneously, charging differerg@mas of prices in different markets.
However, under the classical approach, there th@aoretical reason why the two
decisions should be linked. Indeed, the secondttardtdegree price discrimination
literatures have no overlap.

A behavioral approach, however, can establish Ibésveen the two decisions.
Kahneman et al. (1986) argue that community stalsdair fairness prevent sellers from
increasing prices in response to positive demandksh Such a constraint on the sellers’

ability to fine-tune pricing may apply to both sade and third-degree price
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discrimination. Alternatively, sellers may be subj® biases or personal styles, as we
argue shortly, and such biases may apply to allmgichoices. A novel aspect of our work
is to show that second- and third-degree priceridmscation are linked empirically and to
suggest that they are linked through the idenfitye sellers.

Rationing

Happel and Jennings (2010) list several explanationthe prevalence of rationing for
live concerts. Broadly speaking, these explanatimisng to one of two categories
depending on whether the argument is based oni@dhssonomics or whether it also
includes some psychological elements. Consideraggbions based solely on classical
economics. The main reason for rationing is thactea demand is subject to a great deal
of uncertainty. Prices have to be set in advantar&éé&nowing many of the variables that
influence demand.

Uncertainty alone, however, cannot explain why s@mistssystematicallysell out
thefirst daysthat tickets are offered for sale. It is posstbi& when artists first offer
tickets for sale, they do not know what the demfandhe concert will be on the event
date. But how could they have such poor infornmaéibout contemporaneous market
demand and fail to learn from past mistakes? Glakeconomics has offered other
explanations that address this fact. One is base¢deoobservation that most performing
artists care about their reputation. Empty seatg negeal negative information about the
tour that could damage the artist's eminence aildyatio sell tickets in the future. If

concert-goers systematically substitute away froasé¢ artists who do not sell out, it may
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be rational for all artists to underprice becauseenof them wants to fall victim to a
negative information spillover.

But there are other features that are specifinedridustry. Producing a successful
concert involves managing a coordination game batwans with important consumption
externalities and informational asymmetries. Conattendance is a joint consumption
good and also an input of production (Busch andy;@010). Becker (1992) has argued
that due to consumer externalities, the demanddocerts may be upward sloping at least
for some range of prices. DeSerpa and Faith (189&)e the argument to explain excess
demand for concerts. Another type of explanatidmeised on the relationship between
ticket sales and other markets. Underpricing secarfell house, which increases ancillary
sales on the premises. There are also complentggdyetween concert sales and the sales
of recorded music that may justify keeping priacas (Krueger, 2006). Artists may
therefore choose to subsidize tickets to increassumption in other markets. However,
while this explains selling below monopoly pricegdoes not offer a rationale against
market clearing. It does not explain large excesaahd for tickets that results in rationing
and high prices on the secondary market.

A second class of explanations is based on thehpsygy of concert fans. One
argument is based on the idea that ticket prigrgubject to norms of fairness. Kahneman
et al. (1986) have argued that considerationsiofdas play a large role in ticket markets
to justify price compression. Fans have implicibitacts with artists that give entitlement
to affordable prices. Artists who violate thesemsmay be subject to antagonism and

withholding of demand. This view is consistent witle fact that high ticket prices receive
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ample coverage in the media. If the media is mi&edyl to pick on unfair prices, charging
excessive amounts can backfire and trigger a coashoycott (see Courty and Pagliero,
2010 for a discussion of these issues).

Happel and Jennings (2010) have argued that undegpgenerates goodwill and that
consumers reciprocate in other markets (recordenys|lary products, endorsement) as
they would in a gift exchange. They also propos#laar behavioral argument. Frenzies
associated with rationing may produce an auraarfcgy that drives the fear of rationing
and exclusion. Consumers want to be among the hi@ppwho get tickets. Artists may
gain in the long run from creating such psycholabpressure.

There is very little evidence in support of thegplanations. In fact, there is not even
systematic evidence that rationing prevails indbecert industry. The underpricing debate
is fueled by anecdotal evidence and lacks systereatimination. There is little doubt that
some artists - Bruce Springsteen, for examplel -oslmost of their concerts. In addition,
these artists seem to underprice some concertsugwrs have to line up (or wait on the
phone), tickets sell out very quickly, and som&édts are subsequently offered online at
much higher prices. These observations suggessoma¢ artists leave surplus to
consumers (or resellers). The fact that brokerssaatpers make large profits in resale
markets is consistent with the underpricing hypsithe

But there are also counter arguments to the hypithieat tickets are systematically
underpriced. It could be that brokers enter theketavecause artists use very coarse
seating categories. Since consumers strictly pteéebest seats in a given category, these

seats have to be underpriced in order to sell trstvgeats. This alternative hypothesis is
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consistent with the fact that brokers trade inlist seats in each section (Leslie and
Sorensen, 2011). In addition, rationing does noessarily mean that artists leave money
on the table. Courty (2003) has argued that antistg not be able to capture the profits
from resale that are captured by brokers. Moréegobint, rationing is common but not at
all pervasive. On the one hand, 40 percent of pogert tickets were routinely unsold in
2011 (The Economist, 2011). On the other handdata reveals that 42 percent of
concerts by the top 100 pop artists were sold etwéen 1992 and 2005. The debate on
underpricing is still open. This is partly due e tchallenging task of proving that artists
charge prices that are substantially lower tharptioéit maximizing prices (Connolly and
Krueger, 2006).
The artist’s objective function
Sellers in the performing arts may have non-stahdajective functions. They may not
care solely about maximizing profits as in the dt&ad classical framework. For example,
artists may care about their fans out of altruiBno-social attitudes could play a role in
explaining pricing decisions. Artists do not undep out of fear of consumer retaliation,
as in Kahnemnan et al. (1986), but because theybmayilling to forego some profit to
make sure that the event remains affordable t@aicestibgroups of fans. Obviously, both
motives may be at play.

As argued earlier, the assumption that artists pavesocial preferences is difficult to
distinguish from the alternative hypothesis théists are strategic. A strategic explanation
typically assumes that fans’ preferences have dwrhavioral component (e.g., consumers

care about fairness, or are loss averse) and gnsinsed to manipulate fans’ willingness
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to pay. Most of the industrial organization liteen@ on pricing has focused on behavioral
consumers, and maintained the assumption that fitienally maximize profits (Ellison,
2006, see also Spiegler, 2011, for a review). Atsgic explanation, however, has
difficulty explaining large differences in priciraoices across sellers.

An alternative approach is to assume that thesense heterogeneity in how sellers
set prices. There are two main ways to proceederSehay have behavioral preferences
that influence pricing decisions (e.g., pro-sopia@ferences as described above). Classical
theory has traditionally not paid much attentiostich a possibility. The argument against
doing so is that market competition will eventuahadicate these differences because it
will drive inefficient practices out. But this anguent does not apply to the concert industry
because sellers earn substantial rents and cawl &bfdorgo some profit opportunities. In
the concert industry, differences in seller praiees may explain some differences in
pricing styles.

Another possibility is that decision makers arejsctto behavioral biases. There is
some recent evidence that support this assum@entrand and Schoar (2003) and
Malmendier et al. (2011) use datasets on top affioélarge corporations and demonstrate
the existence of manager styles. They show théezds of individual fixed effects that
are correlated across a wide variety of financgisions. They attribute these differences
to individual specific life and career paths suslearly life experience and MBA
education. The interesting point is that selleeh@geneity survives in a context where one
would assume that market selection is vigorousagfmanagers influence management

practices, it is not unreasonable that rock cdielsrmay also influence pricing decisions.
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These two arguments suggest that the existencecaigstyles is not entirely
implausible. Artists may form preferences overipgadecisions in the same way that
managers have preferences over financial decisMoseover, artists have a tremendous
control over prices and widely different views abtheir relations and responsibility
toward fans and society. Some artists say that¢hey about fairness and affordability,
but not all do. In addition, there is much heteragty in how much artists invest in their

public image and care about their celebrity status.
2.3 Summary and questions to be addressed

The pricing of tickets offers an ideal case stuminvestigate standard questions in
industrial organization (monopoly pricing, pricesdimination) but with several twists due
to the emotional nature of the product (musicafqrerance), the special relationship
between buyer and supplier (fan-idol), and the ptdgred by the media in influencing the
demand for top artists (celebrity status). Theofelhg questions are open:

1. How often do artists price discriminate? Do demand product
characteristics explain the use of price discrimiamaas standard theory predicts?
Is the use of second- and third-degree price disodation connected?

2. How often are concerts sold out? Do demand andugstadharacteristics
explain the use of rationing? Do artists leave myanethe table by under
pricing?

3. Do artists differ in pricing styles? What behaviaransiderations influence

artist pricing? Do artists have different objeetiunctions?
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The rest of this chapter presents a detailed aisabyprice discrimination and rationing.
We identify several puzzling features of the datd propose a unified framework based

on the concept of artist pricing styles to explhiese puzzles.
3 Data and summary statistics

This study focuses on the primary market for contbelkets, with data from two sources.
The core of the data was collectedBifboard. It covers the same set of concerts and
contains variables similar to those of Connolly &mdeger (2006), who used data from
Pollstar instead. We supplemented this data with additiorfalmation on artists and

tours from a wide range of sources.
3.1 Data

Our data identifies the main parties involved igaizing a concert (artists, venue, and
promoter), with the exception of the agent, whade is limited to putting artists and
promoters in touch. For each concert defined bydtte, venue, and artist(s), tAlboard
dataset reports the promoter in charge, tickeeprigenue capacity, attendance, and the
revenue realized. One main shortcoming is thateveal have information on tours. We
gathered that information from band and fan websiteaddition, we gathered
information on the characteristics of the bandsfrausic websites, artist websites, and
theRolling Stone Encyclopedia of Rock and Roll

Our resulting panel data is thus three dimensidrta. first dimension describes the
product, i.e., a concert, and can be aggregatedusyc genre, artist, or tour. The second
dimension describes the local demand and can hegafgd at the level of city or state. In

addition, knowledge of the venue where the corte&es place provides information about
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both product (venue characteristics) and demamdygh location) characteristics. The
third dimension is time.

There are several differences with respect to thenGlly and Krueger (2006) dataset.
In terms of depth, our data is richer in severaiahisions. First, we observe all of the
prices for each concert, rather than just the lEghed lowest. Second, we know whether a
concert is part of a tour and, if so, what todratongs to. This additional information
allows us to provide a much more complete pictdith® pricing strategies across seating
categories and also across venues by comparingconberts that belong to the same tour
(with the same product offered in different locankets). In terms of breadth, our dataset
covers fewer artists and fewer years. Still, weetavlarge fraction of the industry

measured in value terms for the years in our sample
3.2 Scope and representativeness

Our sample includes all concerts collectedidipboard given by the top 100 grossing
artists over the period 1992-20@illboard collects data on most concerts offered by our
sample of artists in North America. We checked byisampling a few tours, for which we
collected the exact tour schedule from the artetbsite and matched it with the concerts
reported in our database. In terms of breadthsample represents the majority of the
industry in value terms. If we increased the sanpiaclude the top 500 grossing artists
over the same period, for example, the top 108tanvould represent 70 percent of the
total revenue. Obviously, the sample covers ordgnall fraction of all performing artists.
For our purpose, however, the pricing policiesuin sample are representativieyalue
terms of the average ticket sold in North America. Theaing said, our selection rule
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draws only from the superstars. The industry digtishes between new performers and
established artists. Established artists have inarmgaining power over their promoters.
They also probably have more market power to se¢gr

A few entries in our sample include multiple adistho often tour together (e.g., Billy
Joel and Elton John, Bob Dylan and Paul Simon)t\&& each of these artists as one
artist when they tour alone and as another whentthe together. Hence, we have a total
of 122 different artists. In the rest of the paplee, term artist (or act) may refer to an
individual, a band, or a set of these systematic¢allring together.

Table 1 presents some descriptive statistics. @upte contains 122 artists, 779 tours,
and 20,362 concerts. There are 1,561 concerts givaverage each yeaMost concerts
in our sample were given as part of a tour. Theageenumber of artists performing in a
given year is 57 and this number does not vary nawcbss years (the minimum is 42 and
the maximum 67). The average artist gives 7 tondsl&®7 concerts in our sample period
with respective medians of 5 and 151. The maj@iig/percent) of artists give at least two
tours. The average tour has 24 concerts with aaneafi18 and a standard deviation of 22.
There is variability in the number of concerts fanr but half the tours have between 8
and 34 concerts.

INSERT TABLE 1 HERE

The number of concerts per year rises from 1,6209D2 to 1,989 in 2003,
and falls slightly thereafter.
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Concerts are given in 579 different cities througitbe US. For half these cities, all
the concerts are hosted in the same venue. Fathiee cities, there is much variation in
the number of venues used. The overall average euailvenues per city is 2.8 and the
maximum is 25.

The tours in our sample are large multi-millionldobperations. Each concert is
associated with a promoter. There are 464 promoteysr sample. Table 1 presents the
distribution of the number of concerts organizecehgh promoter. The median promoter
organizes 2 concerts and there is much variatiomsagromoters. Clear Channel
Entertainment dominates the market (it organizies more than a quarter of the concerts
in our sample) but it has many competitors. Abdpfmoters organize 67 concerts or

more.
4 Price discrimination: measurement issues

An act that goes on tour offers the same concatifierent cities, with a variety of seating
categories in each city. One possibility is to p## the seats in every city at the same
price. Selling all seats in a venue at the saneepsi called general admission, single price
ticketing, or uniform pricing. Another possibility to charge different prices for different
seats in a given venue and/or different pricedfierént cities. The former corresponds to
second-degree price discrimination: consumersdaoenu of seating quality options with
different prices. As long as ticket availabilitynst an issue, they can choose their favorite
option. The latter corresponds to third-degreeepdiscrimination, at least as long as

arbitrage is not a viable option. This will be ttase if fans do not travel to cities where
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ticket prices are lower, a reasonable assumptitvavel costs are much larger than price
differences.

In this section, we present different measuregobsd- and third-degree price
discrimination. We distinguish two types of measutet are inspired by past studies of
price discrimination in the industrial organizatiiterature (Verboven, 2008). One may
measure whether an artist uses price discriminatistead of uniform pricing. In addition,
conditional on using price discrimination, one nago measure the extent to which prices
vary (Borenstein and Rose, 1994). This can be dottefor second- and third-degree
price discrimination.

There is a large body of empirical literature irtigegting whether price differences
reflect differences in cost or differences in dethdn these studies, price differences
among differentiated products might be due to w@ma in marginal cost, not just to price
discrimination (Shepard 1991, Clerides 2004). Inapplication, however, matters are
much simpler because most costs are fixed at theevievel, so cost considerations should
not influence pricing decisions. Hence, one caerpret the absence of uniform pricing as
price discrimination. This is obvious in the ca$se@cond-degree price discrimination: The
seating capacity and the distribution of seat ¢yalie given, and the only issue is whether

to sell different seats at the same or at diffepeites.
5 Price discrimination at the concert level
5.1 Second-degree price discrimination

We identify concerts that use multiple seating gaties with a dummy variable.

di=0 if p",=p~ and 1 otherwise (1)
26



where B (p5) is the highest (lowest) price for a seat in conc&able 2 presents
summary statistics on price discrimination. In sample, second-degree price
discrimination is used in 75 percent of the corecefhe dummy variablg cheasures the
existence of price discrimination but does not take account the number of seating
categories or the price difference between seatiegories. The number of seating
categories per concert ranges from 1 to 4 withvamamge of 1.99. Overall, 56 percent of
the concerts offer two price categories, 25 peroert 15 percent three, and the remaining
4 percent four categories.

INSERT TABLE 2 HERE

We next report some statistics on the intensivegmanf second-degree price
discrimination. We measure the maximum differenngwice for seats in the same
concert. The average price rang&@) is about $25.74. After normalizing by the low
price, (P'-p5)/p-i, we get an average of .99. Top seats cost ong&érdace more than the
worst ones. This figure, however, hides much hetenmeity. As reported above i is
equal to zero for 25 percent of the concerts. Tieepange B-p“i grows to $34.43 for
concerts in which i#p"i . In addition, the quality premium is extremelgthifor a few
concerts.

The three measures of price discrimination (priser@mination dummy, number of
prices, relative price range) are positively catedl with very low p-values. In the rest of
this paper, we will often conduct the empirical waosing the price discrimination dummy
because it is simpler to manipulate (than the nurabprices, for example) and easier to

interpret (than the price range, for example, wiak an arbitrary component to the extent
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that concerts may use different venue splits). Harehe results still hold using

alternative measures of price discrimination.
5.2 Third-degree price discrimination

We measure third-degree price discrimination atdle level, since concerts in a tour
are virtually identical (same stage, musicians, setcbf songs). Rental and labor costs can
vary from one city to the other. The largest fractof these costs, however, is highly
inflexible at the venue level since the only choiagiable that is costly to adjust is the
number of shows offered in a given venue. Howewast tours offer a single show in
most cities visited For the sake of conciseness, we do not discudstail the case of
multiple concerts given in the same city.

Conditional on visiting a city, the price of tickethould depend only on demand
factors (local public) and on venue characterisding in particular total capacity. If price
discrimination takes place, we would expect pricegary from city to city as long as there
are important variations in public demand across<iThe only reason for a lack of
variation in prices is the implausible scenarid tfifferences in audiences are exactly

compensated for by differences in venue charattis

" When this is the case, rental and labor costddoeilcorrelated with the level of
prices through the choice of total capacity. Hoddiotal capacity constant (venue
capacity time number of shows), however, pricingislens should be independent of
these costs.
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To measure third-degree price discrimination, wiindea concert pricing policy as the
number of seating categories and the price for saating category. For each tour, we
record the pricing policy used in each city. We #&t uniform pricing is used for a set of
cities if the pricing policy does not vary acros tities in that set. The reader should keep
in mind that the terminology ‘uniform pricing’ mesdifferent things for second and third-
degree price discrimination. The correct intergreta however, will be clear from the
context.

There is no single method of measuring uniformipgat the tour level. We propose
two measures. The first computes the fraction ateas within a tour that use the modal
pricing policy, which is the pricing policy mosefjuently used within a tour. On average,
22 percent of the concerts use modal pricing (Tahld his is the average across all tours,
of the proportion of concerts that use the samangipolicy as the tour modal policy. This
high figure could be driven by tours with few cortseFor these tours, a high proportion
of concerts may use the modal policy even thoughatitual number of concerts with
identical policies is low. This is not the caser Ewample, the proportion of concerts that
use the tour modal pricing policies does not desreehen we restrict the sample to tours
with at least 10 concerts.

The median number of concerts per tour is 18.dheancert within a tour were priced
differently (a different number of seating categeror different price for at least one
seating category) the fraction of concerts usirgtttur mode would be 5.5 percent. The
much higher figure of 22 percent suggests thabamifpricing across cities plays a large

role in the concert industry.

29



Our second measure computes the Gini-Simpson haredgéor concentration) index
for the set of pricing policies in a tour. Thighe probability that two concerts drawn
randomly from a tour use the same pricing politgah be written as:

Gi=Zi me(Nie-1) / Ne(Ni-1)
where t denotes a tour, i denotes a pricing palithin a tour, ), the number of concerts
in tour t using pricing policy i, andXhe number of concerts in tour t. Let N denote the
total number of concerts in our sample. On aveeagess all tours, the probability that
two concerts in a tour use the same pricing policy,
G=%(N¢/N)G,

is 7.4 percent (Table 3). If all concerts in a teharing the same pricing policy used the
modal policy, we would expect the Gini index todveund 4.8 percent (0.22 squared). The
fact that it is much higher says that uniform pricat the tour level is not just due to
modal pricing.

INSERT TABLE 3 HERE

One concern with our measures of price discrimimais that some pricing policies
may just happen to be the same by chance. A semmwbrn is that identical pricing
policies may be associated with venues or with @tens rather than tours. Table 3 reports
the Gini-Simpson index for different partitionsair sample. Note that the Gini-Simpson
index is at least three times higher for tour piarts than for any other partition (venue,
artist, year, city or promoter). This indicatestthaiform pricing occurs mainly at the tour

level, confirming the validity of our measure oirthdegree price discrimination.

30



There are many different measures of the extetiti@i-degree price discrimination.
We compute the interquartile range of prices withiiour for the lowest, mean, and
highest price. To illustrate these concepts, asfomée sake of argument that tours use a
single seating category. The interquartile pricegeain tour t is (F-p*) where B is the
price that corresponds to the™7Bercentile of prices in tour t and similarly f&fpThis
measure provides information on how much priceg aaross cities within a tour. The
interquartile range provides a more robust measiwvariability of prices than standard
deviation, for example, because there are outli@nsaverage across all tours, the
interquartile range of the lowest price is $7.5thef mean price $8.3, and of the highest
price $9.4. Table 2 shows that the interquartifegeaof the mean price is about 23 percent
of the average price within a totr.

Our measures of third-degree price discriminatiencarrelated, and the correlation is
statistically significant at conventional levelsoM interestingly, the tours that use less
modal pricing also vary prices less across cifiére is no clear reason why this should
be the case. Something common to all concertgonrgorobably influences several
pricing decisions. In Section 9, we will see thaisa pricing styles can rationalize these

correlations.

8 E[(p"-p™)/p]=0.23 where pis the mean price in tour t and the expectatidaksn
over all tours in our sample.
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5.3 Summary

We have defined two sets of measures for secomtitharl-degree price discrimination.
The first set measures the existence of priceidigtation. The second set measures the
intensive margin of price discrimination (differescin price). We find that price
discrimination is often but not always used. Umifigoricing is also common, although not
as common as price discrimination. The next sedimws that there is considerable

variation in the use of price discrimination acrasgssts.
6 Price discrimination at the artist level

Artists do not price concerts in the same way. Feduand 2 illustrate the point with two
tours by two different artists. The two figures ci@se ticket prices for Bruce Springsteen’s
“Solo Acoustic Tour” and Michael Bolton’s “Fall Tod996". Both tours took place in
1996 and both artists are American rock singer-saoitgys born around 1950. Figures 1
and 2 report the prices for different seats inv@igivenue (points on a vertical line), and
for the different cities visited in a tour (differedates on the horizontal axis).
INCLUDE FIGURE 1 and 2 HERE

The use of price discrimination varies greatly asrthese two tours. Two patterns are
worth noting. First, there is essentially only aeating category (on average 1.05) in the
Bruce Springsteen tour (Figure 1), while theretgpgcally multiple seating categories (on
average 2.37) in the Michael Bolton tour (Figurevidjh significant variability in price
within a venue (the highest price in a concertloamp to 200 percent higher than the
lowest price). Bruce Springsteen rarely uses sedagee price discrimination while

Michael Bolton often does so. Second, most pricesqual to one of two values ($30 or
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$33) across locations for Bruce Springsteen’s tatile they vary greatly for Michael
Bolton’s tour. Using our two measures of third-degprice discrimination, the fraction of
concerts that use the modal pricing policy is 4&celt and 0.6 percent respectively (Table
4). The differences in pricing patterns for thege tours are remarkable.
INCLUDE TABLE 4 HERE

Why do Bruce Springsteen and Michael Bolton cheassh different policies? Before
we attempt to address this question we provide rmgstematic evidence that the use of
price discrimination varies greatly across artisidact, Figures 1 and 2 report only one
tour for each artist. To start, we should invesgggathe patterns presented in Figure 1 and
2 are not specific to the two tours we selectedldd also considers other concerts given
by these two artists. We find that Bruce Springsteses fewer seating categories than
Michael Bolton (1.53 against 2.44 on average adiws498 and 194 concerts in our
sample period) and varies price less within a {oaraverage 57 percent of Bruce
Springsteen’s concerts are identical to the toudahpricing policy versus 7 percent for
Michael Bolton). Bruce Springsteen and Michael Bolseem to price concerts very
differently. Is this typical just of these two at8?

The rest of this section documents the existenchffeirences in the use of price
discrimination across artists. In Section 7, wd uske a simple model to investigate

candidate explanations for these differences.
6.1 Second-degree price discrimination

Table 5 reproduces Table 2, but at the artist Iéh@lllustrate the difference between
these two tables, consider our measure of secogiekel@rice discrimination. Here, the
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unit of observation is an artist. Denote fg}ithe mean value of dcross all concerts
offered by artist a wherg & defined by equation (1). This is a measurencdirist’s
propensity to use second-degree price discriminafiable 5 presents summary statistics
of the variable E(¢h). On average, artists use second-degree pscendination 77
percent of the time. This figure is similar to $@me figure for the entire sample of
concerts (Table 2). The new information is foundhi@ next columns of Table 5 which
report statistics on the variability across artitsese statistics differ greatly from Table 2,
which reported statistics for the entire sample.
INCLUDE TABLE 5 HERE

There is a large standard deviation (26 percerdjtists’ average use of price
discrimination. The range across artists is alsg \age. Billy Joel uses price
discrimination in 4 percent of his concerts, G&8tboks in 8 percent and KORN in 22
percent. But Madonna, the Eagles and the Pink Fiyast always price discriminate.
Figure 3 plots the distribution of E[a) for our sample of 122 artists. The height ef th
histogram corresponding to x on the horizontal @wisexample, measures the fraction of
artists who use uniform pricing about x percentheftime. The spread of the density mass
is distributed across the two extremes of zerognege second degree price
discrimination) and one (always use it). This con§ that there is much variation across
artists in the use of price discrimination.

INCLUDE FIGURE 3 HERE
Going back to Table 5, ten percent of the artisesprice discrimination in at most 38

percent of their concerts. At the other extreme, guarter of the artists almost always use
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second-degree price discrimination (in 97 percéth&r concerts or more). The same
holds if we look at the average difference betwiberhighest and lowest priced seats. Ten
percent of the artists set an average price premiubd percent or less. At the other

extreme ten percent of the artists set an avenage premium of 214 percent or more.
6.2 Third-degree price discrimination

Table 5 also reports statistics on our measurésirafdegree price discrimination
averaged at the artist level. Again, the meansad@imange much. For example, artists use
the modal pricing policy on average for 22 perdentheir concerts (no change in the
mean relative to Table 2). What is relevant foatesthe statistics on the distribution
across artists. The standard deviation acrosgtsn the use of modal pricing is 15
percent. There are on average 80 tours per dftisbdal pricing were random across
artists, the use of modal pricing would averageabuihe artist level around the sample
value of 22 percent and we would expect to obskitieevariation across artists in the use
of modal pricing. This is not the case.

This is confirmed by Figure 4 which reproduces FegBi for modal pricing. Again the
density mass is spread across the zero-one intévalt 25 percent of the artists use
modal pricing on average in less than 11 percenbnterts, while 10 percent use modal
pricing in 47 percent of concerts or more. Tabfgésents some statistics on the
distribution of Gini-Simpson coefficients acrostisis. There is a great deal of
heterogeneity across artists in the chance thatvemygoncerts in a tour are equally priced.
The standard deviation across artists in the GimmipSon coefficients is .10 (recall that the
average Gini-Simpson coefficient across all touas v074). For ten percent of the artists,
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the probability that two concerts in a tour usedhme prices is 20 percent or higher. At
the other extreme, ten percent of artists nevethgetame price for any two concerts in a
tour.
INCLUDE FIGURE 4 HERE
The same conclusion holds when we look at the givermeasures of third-degree

price discrimination. Ten percent of the artistgéhan interquartile range of the average
price that is 11 percent of their average touregynichile at the other extreme, ten percent
of the artists have an interquartile range thdtligpercent of the average tour price. The

amount of price variation across cities within artearies greatly across artists.
6.3 Summary

There is much heterogeneity in the extent to whitists use second and third-degree
price discrimination. This is true for our binandicator for uniform pricing and also for
the measures of price discrimination which takeoant of differences in pricésThis
confirms that the difference between Bruce Sprisgsiand Michael Bolton is not specific
to these two artists. In the next section, we itigate possible explanations for the

observed differences in pricing across artists.
7 ldentifying artists’ pricing styles

Differences in pricing across artists may be daegkample, to the fact that artists play

different music, in different venues, in differgmars, and in front of different audiences.

The different measures of price discriminationfaghly correlated, not only
concert by concert, but also at the artist level.
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Such heterogeneity could play through differentncieds. One channel considered in the
industrial organization literature is that competitmay vary across markets. As argued
earlier, we do not believe this to be a major isaube concert industry, but we can
empirically investigate this possibility by contingy for city and year fixed effects.
However, we believe that there are other chanhelsare more relevant in our application.

The return to price discrimination may vary fromearoncert to the other. To see how
this could generate differences in our measurgsioé discrimination across artists, it
helps to step back and ask the question of whee piiscrimination is expected to be used
according to the existing theoretical literaturealfrictionless world, a profit maximizing
artist always price discriminates, at least as lasigonsumers have preferences for seat
guality (second-degree), or as long as the puldffiercacross cities (third-degree). There is
no obvious reason for why this should not be tlseca

If there is a fixed cost associated with the impdatation of price discrimination,
however, some artists may find it more profitalsl@ise uniform pricing. In practice, artists
have to do some research to adjust ticket pricksctd market conditions. In the case of
second-degree price discrimination there are alsts@ssociated with ticketing and
enforcing that each attendee sits in the assigeat Hence, the return from implementing
price discrimination may not always justify the t4/ariations in the return from price
discrimination or in the implementation cost maylein why price discrimination is not
always used.

We can now return to our interpretation of the iingdthat pricing practices vary across

artists. To avoid confusion, in the rest of thegrape use the termricing practiceto say
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that our measures of price discrimination vary ssrartists. We use the terminology
pricing styleto say that individual artists deliberately pramncerts differently, as a result
of, for example, differences in objective functi@rsndividual skill endowment¥

Evidence of differences in pricing practices doesnecessarily imply the existence of
pricing styles. It is also consistent with thestegnce of unobserved demand and product
heterogeneity correlated with artist unobservedattaristics. To clarify the distinction,
consider a simple thought experiment. Say one gbsatifferences in pricing decisions
across sellers and wants to find out whether tdggences are due to individual pricing
styles. The dream experiment for testing this hiypsis would be to ask each seller to set
prices for the same set of goods. Doing so, onddvoaid constant demand and product
characteristics; hence the variability in pricimggtices would have to be attributed to
individual styles. Unfortunately, in our datasetleaoncert is a unique pricing problem.
We can, however, try to hold constant concert atarstics as much as possible, in an
attempt to investigate the role of individual pmigistyles.

This section presents a simple theoretical framkwwshow that under fairly general

assumptions on the structure of demand, we carpnetedifferences in pricing practices

9 There are other interpretations of artist priciiyges. Artists’ fans may differ in

how much they expect pricing to be fair. Consummdre care about fairness may sort
with artists who are willing to offer fair pricinf@ynamic issues may also be at play.
Fair pricing today by a given artist fuels expaotas for fair pricing in the future.
These issues are beyond the scope of this chapter.
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(after controlling for demand and product charastes) as evidence of artist pricing
styles. To be clear, field data cannot providerdefievidence of artist pricing styles as in
our thought experiment. This is because one cdutiptrule out the possibility of
unobserved demand or product heterogeneity tleatrielated with artist-specific
characteristics. Still, in Section 8 we go a loreywowards decomposing the variations in
pricing choices that can be attributed to demartdrbgeneity and individual pricing
styles.

In Section 9, we follow a second approach to demnatesthe existence of pricing
styles. We investigate whether artists are biasedsystematic way for different pricing
choices. We argue that any systematic artist-gpdu#s is consistent only with individual
pricing styles. The case is convincing if the diecis that are found to be associated have
no reason to be connected according to classieatyhThis delivers a powerful test in our
application because there is no reason for whietd#tision to second- and third-degree

price discriminate should be correlated acrosstarti
7.1 Theoretical framework: When should artists userice discrimination?

Assume an artist sells tickets to two differentiandes. The tickets could be for the same
concert in two different venues, or for two diffeteseats for the same concert.
Accordingly, the public could live in two differetdwns or buy two different types of
seating categories. In this latter interpretativa,make the simplifying assumption that
consumers are interested in only one seating categthowing for the possibility of
substitution across seating categories adds redhgtrdoes not change our main
conclusions.
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The inverse demand by consumer c=1,2 for seat@ategand for artist a is
P(qg|c,a)® 9. The marginal cost is (typically small or zero in the concert industry).
We assume that differences across consumers astd aetn only influence the intercept
Oca This is to establish a benchmark; later we veillisit this assumption.

Under price discrimination, the artist choosesgsim order to maximize af s-39-x)
in each market. Profits from audience c are[i)l(mc,a-x)z. Under uniform pricing, overall
profits are (1/8)(a 4+ 02 +2X). The increase in profits, or the return from price
discrimination, is

R=(1/88)(011,012,9*F
where F is the fixed cost of implementing pricecdimination. Consider the benchmark
case where the demand intercept for a concertnoeef by artist a in front of audience ¢
is additively separable.

Additivity assumptiona /=05 + Oc
The net profits from price discriminating simplify R=(1/8)( a1-0)*F.

Proposition 1: If the additivity assumption holttse return to price discrimination (a)
increases with public heterogeneityi{a.), (b) is independent of the artist-specific
demand intercepta).

Proposition 1 is important for two reasons. Fiastists are expected to use price
discrimination when there is enough difference ssm@udiences. For example, they should
use second-degree discrimination when seating @aésgare perceived to be sufficiently
different. This could stem from physical differeade seating categories within a venue,

or heterogeneity in willingness to pay for seatslifferent quality. Similarly, they should
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use third-degree price discrimination if the logatliences where the tour stops are
sufficiently different or if the venues are sufé@oily different. Second, the decision to
price discriminate does not depend on the chaiattsrof the artist that equally affect all
consumers. Proposition 1 says that we should ddiestrdemand shifters that influence
quality differences or difference in willingnessgay for quality. After controlling for
product and demand shifters, the decision to mhiseriminate should not depend on the

artist’s identity as long as the additivity assuimptolds.
7.2 Summary

Proposition 1 helps interpret the results preseimdide previous section. For example, the
differences across artists in the use of secondedquice discrimination could be
rationalized if artists perform in front of differeaudiences with different willingness to
pay for seating quality. The differences in the othird-degree price discrimination
could be rationalized if artists tour different sats of cities. Coming back to Figure 1 and
2, it could be that Michael Bolton visits very difent cities and performs in venues with
very heterogeneous seating experiences while B3paagsteen tours similar cities and
books venues where all seats are similar.

The next section initially assumes that the adidjti@ssumption holds, and investigates
whether the variations in the use of price disanation can be explained by demand and
product characteristics. In the rest of the sectiamrelax the additivity assumption and

consider a number of other explanations for thetians in artist pricing practices.

8 Candidate explanation for the use of price discmination
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8.1 Second-degree price discrimination

We propose to explain the decision to price diserate with controls for demand,
product heterogeneity, and artist fixed effectssuksing that the additivity
assumption holds, we follow the empirical methodglproposed by Bertrand and
Schoar (2003) to identify the existence of managiytes. In a nutshell, we estimate
artist fixed effect®,is: from model

Pr(d=1)= Baristt Bcity + Byear+ Bvenuet Y1POPUIlarity y + &; (2)
where8.iy, denotes city fixed effects that control for difaces in local audiences and
for differences in venue characteristics for adl tities where there is a single venue
(more than half the cities in our sampl@)n.edenotes venue fixed effects that
control for venue characteristics more precisetnthity fixed effects d®year
denotes year fixed effects that control for charmes time in public taste, public
preferences for seating quality, or in the costrgflementing price discrimination;
Popularity y controls for heterogeneity in artists popularisywee will explain shortly.
City and year fixed effects control for unobserdgfferences in the level of
competition across cities and over time.

We estimate equation (2) using a linear probabifipdel, instead of a non-linear
model (Logit or Probit). This is without loss afmerality in a saturated model where

all right hand side variables are dummies or categb The fitted probabilities are
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simply the conditional probability of using secaheljree price discrimination within
each cell defined by the different values of thenchy variables

Like Bertrand and Schoar (2003), we look at thies ef statistics: (a) changes in
adjusted Rassociated with the artist fixed effects, (b) Staethat the artist fixed
effects are equal to zero, (c) summary statisticéhe distribution of the artist fixed
effects.

We can answer several questions. (a) Do the caentrotease the explained
variation in the use of price discrimination? Aatiog to Proposition 1, the answer
should be yes if the controls capture relevantatams in demand and product
characteristics. (b) Does the addition of conteniables decrease the explanatory
power of artist fixed effects? This should be thsecif the artist heterogeneity

documented in Section 6 is caused by heterogemestgmand or product

1 We use a linear probability model throughout thpey even though some
specifications include two continuous explanataayiables (Artist's popularity is
included in Column 6 and 7 and later in the papermeasures of experience are
used in Table 10). For these specifications, thesali probability model is an
approximation with little loss of generality becausost of the variability in the
dependent variable is explained by the dummy veagabThe main results in Table
12, Panel A, are entirely based on saturated melaisio not include artist
popularity, hence these results cannot be affdnyatie approximation introduced by
the linear probability model.
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characteristics. We can answer these two questipimsoking at changes in adjusted
R? and testing the significance of artist fixed effe¢c) After including the control
variables, what fraction of the variation in pritiscrimination is attributed to the
artist fixed effects (i.e., artist pricing styles)Re distribution of the artist fixed effects
gives some information on the economic magnitudeetérogeneity across artists.

Table 6 reports the results. Column 1 shows that diked effects explain 27 percent
of the variations in the use of second-degree gligerimination. Column 2 shows that
year and city fixed effects explain about 18 petadrihe variations in the use of price
discrimination. The adjusted?Fhowever, goes from 18 to 40 percent as we adstsart
fixed effects (move from column 2 to column 3). §Bhows that the variations explained
by city and year fixed effect are to a large measuthogonal to the variations explained
by artist fixed effect.

INSERT TABLE 6 HERE

Note that artist fixed effects are economicallytygsignificant in the sense that they
explain a large fraction of the variations in prdiscrimination. This result will remain in
all our specifications. In contrast, manager fieffgcts in Bertrand and Schoar (2003)
explain only 4 percent of the variations in corperaehavior.

The bottom of Table 6 shows statistics on the ihistion of the artist fixed effects. The
standard deviation (sd) of estimated artist fixddat is 0.25, which is very close to the
0.26 figure in Table 5, as can be expected. Thedata deviation corresponding to Table 6
Column 3 is only slightly lower than in Table 6 @Goin 1. The percentile estimates change

very little.
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We repeat the same exercise in Table 6, colummsi 6 awith venue fixed effects
instead of city fixed effects. The conclusion rensaihe same. The adjustefliRcreases
from 28 to 46 percent when we add artist fixedafeompare columns 4 to 5).
Interestingly, year and venue fixed effects expibout 10 percent more of the variations
than year and city fixed effects (compare colunan@ 4). This suggests that venue fixed
effects capture some variations in product charisties.

We conclude that local market characteristics amlie characteristics explain a large
portion of the variations in the decision to secoedree price discriminate, a finding
consistent with Proposition 1. Still, even aftentrolling for these potential sources of
unobserved heterogeneity, the proportion of vamnain the use of price discrimination
explained by artist fixed effects does not decreaseh. In fact, Figure 5 reproduces
Figure 3, but using the estimated fixed effectthefspecification controlling for venue
and year fixed effects. If local market and venbaracteristics explained much of the
variability across artists in the decision to priigcriminate, then heterogeneity across
artists, captured by the range of the distributiovsuld decrease after controlling for
venue and year fixed effects. This is not the ces¢erogeneity in pricing styles still

seems to play an important rdfe.

12\We do not comment on measures of the centralitocaf the distribution (e.g.,
mean and median) of estimated fixed effects asdie@gnd on an arbitrary
normalization (i.e., the omitted category in fixafects estimation). This applies to
Figures 5, 6 and 9. However, this normalizationsdoet affect the range or the
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INSERT FIGURE 5 HERE

8.2 Third-degree price discrimination

In the case of third-degree price discriminatiormd®sition 1 says that we should control
for the fact that different tours stop in differenibsets of markets with possibly different
venue characteristics and local audiences. Holitiaget of cities within a tour constant
should go a long way toward controlling for the robaudience and venue characteristics.
But there are 579 cities in our sample and no tweost visit the same set of cities. One
option would be to focus on the set of most visitiges. But doing so would still leave
many differences in the set of cities visited asrosirs.

We cannot use our measure of third-degree pricgigisation computed at the tour
level and also hold the set of cities visited canstTherefore, we instead leverage the fact
that there are many individual cities that aretesiby a large fraction of tours. The nuance
is that each city is visited by a slightly diffetesubset of tours. Instead of measuring price
discrimination at the tour level, we consider pairsities. For each pair, we can identify
those artists who use the same pricing policy entevo cities and those who do not. We
then aggregate this information across all pairgiteds and compute differences in pricing
style across artists after holding city pairs canst

The exact procedure is as follows. We first sefleettop 10 cities most visited and

form the 45 possible city-pair combinations. Foelepair, we construct an observation for

standard deviation of the distribution, which pa®s measures of the heterogeneity
across artists.
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each tour that visits that pair of cities. We camstta variable that is equal to one if the
two pricing policies for that tour are identicahdeequal to zero otherwise. This produces a
dummy variable describing uniform pricing that ases the value of zero or one each
time one of the 779 tours in our sample stops mafrthe 45 possible city pairs. The
dummy variable for uniform pricing is equal to dnel6 percent of these observations. In
In Table 7, we explain the variation in this dumwayiable with artist fixed effects
(column 1), with city-pair fixed effects (column,2nd both sets of fixed effects (column
3). The adjusted Rwith artist fixed effect alone is 0.18 (Column ajd with city fixed
effect alone it is 0.14 (Column 2). The first résslconsistent with our earlier finding that
there is much heterogeneity across artists in $keeofithird-degree price discrimination. In
fact, the standard deviation of the artist fixefiets is 0.19> The second result is
consistent with Proposition 1 stating that the afsiird-degree price discrimination
should depend on differences in local market chiaratics. City-pair dummies control for
differences in audience and venue characterigtigse discrimination should be more

likely to take place in pairs of heterogeneoussitMost interestingly, the 18 percent

13 In principle, the statistics reported here shdaddsimilar to the Gini-Simpson

statistics reported in Table 2 and 3. In reatitgse figures are higher than those in Table 2
and 3 (16 percent instead of 7.4 percent for thbadility that two concerts have the same
prices and 19 percent instead of 10 percent fostdwedard deviation across artists). This is
because the measures here apply to a much snetligf tsghly visited cities which are
probably more similar than two random cities.
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figure is identical to the increase in adjustédiRen we add in column 3 the artist fixed
effect to the city fixed effects (0.32-0.14=0.18).
INSERT TABLE 7 HERE

Table 7 also presents summary statistics on tiet ixied effects. We find no decrease
in the standard deviation of the artist fixed effeafter controlling for differences in local
market characteristics. The standard deviatiomefitist fixed effect is 0.19 in columns 1
and 3. There is significant heterogeneity acrosstsr The probability that two concerts
have the same pricing policy in the same pair tiéivaries by 0.77 across all the artists in
our sample. Figure 6 reproduces Figure 4, but njgube estimated artist fixed effects
from Table 7, column 3. The spread of the distrdoutioes not change much relative to
Figure 4.

INSERT FIGURE 6 HERE

One possibility we have not discussed so far isgbme artists may use a cost-based
rule to set the price of tickets in each venue.ylinay charge a price equal to the rental
and labor cost plus some fixed mark-up. Uniforntipg could result if subsets of venues
have the same rental and labor costs. Table 7 oulethis possibility because we hold
constant city pairs. Uniform pricing cannot be duny to the fact that some venues have
the same costs.

We have made important progress. We started frampd3ition 1. It says that after
controlling for demand and product characterisgessts should make the same price
discrimination decisions. Instead, we find largiéetlences across artists even after

controlling for demand and product characteristied this holds both for second- and
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third-degree price discrimination. What is the exgition for this? It could be that we have
missed some dimensions of demand and product lgeteedy. The demand specification
of the model behind Proposition 1 or other featwfethat model may be too simplistic.
One could extend the model in several directiotholigh a full treatment of the issue is
beyond the scope of this work, we can rule outelt@ndidate rationales that are

particularly relevant to our application.
8.3 Other sources of heterogeneity in artist demarsd

The model assumes that artists influence the derwarttkets only through an additive
component to the intercept. It could be that ariisiuence the demand in more complex
ways. For example, the artist could influence tbpes of the demanf or the overall
demand in a multiplicative way, as in, P(qg|c,alekpq). The additivity assumption does
not hold anymore. The return to price discrimioatbecomes R=g8B)(a1-0,)>F. It now
depends onkBoth k here andx, in the previous model are measures of artist @Eojiyl
The main difference is that they have a differempact on the return to price
discrimination. Proposition 1 no longer holds wipapularity is multiplicative. More
popular artists, in the sense of an increase,iark more likely to price discriminate. One
could argue that some unobserved component exilains the variations in pricing styles
across artists. This possibility cannot be ruletaopriori.

The existence of non-additive demand heterogereityss artists is not implausible.
An increase in popularity then increases both elellof willingness to pay and also the
difference in willingness to pay across audienbethe case of second-degree price

discrimination, an economic argument in suppothaf case goes as follows. The increase
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in willingness to pay to upgrade seating categsmglated to the level of willingness to
pay if, for example, artist quality and seatinglguare complements in the utility
function. Consumers are willing to pay more to @algr their seating category when they
are willing to pay more for the concert. One carkena similar case for third-degree price
discrimination.

The possibility of heterogeneous demands deseerasis consideration. Table 6
controls for venue fixed effects. This should takee of the above problem if artists sort
across venue by demand type (more popular arfeysiplarger venues, for example).
Still, there may remain some heterogeneity in gpigpularity that is unaccounted for.

We can make some progress toward showing thaisthislikely. We can measure
many characteristics of the artists, but we canassgontrols only those that vary over
time. We check whether the variations in pricingesacross artists remain after
controlling for these time-varying characteristiEsr those artist characteristics that do not
vary over time, we follow a split-sample approaséeg below). For the sake of
conciseness, we conduct these robustness reslytfoosecond-degree price
discrimination.

As our first control, we use a measure of artigiyparity based on the success of
musical recordings. We measure the number of allandssingles in the top charts up to a
given year. If popularity is the main driving foroéartist heterogeneity, then adding this
variable should reduce the fraction of adjusté@fplained by adding the artist fixed
effect. The last two columns of Table 6 control etist popularity. The impact of

popularity on the use of 2nd degree price discratiam is positive and significant. Having
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one additional top single or album increases #edihiood of using second-degree
discrimination by 1 percent. This is consistentwite earlier interpretation of ks a
multiplicative impact of popularity. But the fraoti of adjusted Rthat is explained by
artist fixed effects only decreases marginally. @istribution of artist fixed effects shows
that the economic magnitude of differences in pgatyles does not change.

In the split-sample approach, we rank all the &riis our sample according to the
average revenue per seat (average price of tiskéd$ and then compute the mean across
all artists. We split the sample into two categartagh and low average price artists,
according to whether an artist’s average pricéo/a or below the average across artists.
This controls for artist popularity under the rezeole assumption that average ticket price
is a proxy for popularity. This approach directtidaesses the concern that price
discrimination could be correlated with the levktioket price. Under that scenario, the
explanatory power of artist fixed effects shouldm@ase within the sub-samples of high
and low average price artists. Table 8 reproduelested specifications of Table 6 for our
split sample.

INSERT TABLE 8 HERE

We first discuss the evidence on the F-test foiattist fixed effects. In all cases, we
reject the null that all artist fixed effects acpial to zero. Adding artist fixed effects
increases the adjusted &though the magnitudes are smaller than befarehigh price
artists, the adjusted?fcreases by 18 percent (difference between cadBrand 1 in
Table 8) when we control only for the cumulated benof hits. It increases by 14 percent

when we control for year and venue fixed effectaralt. The figures are a bit lower for
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low price artists, but even in the lowest casestdiked effects still increase the adjusted
R? by 10 percent. Again, the distribution of artigefl effects does not change.

Heterogeneity in demand could also be due to @iffees in musical genres. There are
several channels that could be at play. First aost importantly, demand may vary across
musical genres. The return to price discriminatitay be higher for rock artists because,
for example, they sing to more diverse audiencésriatively, one may argue that the
community standards of fairness vary by musicalgenhe rock audience may respond
more strongly to unfair and exploitative pricing.

The main musical genre in our sample is rock mwsiich represents a bit more than
half of the artists. The remaining artists coveride range of music including country,
jazz, and rap. We split the sample by rock versusnock music. Our main interest is to
investigate what happens to the artist fixed e$f@dten we focus on the rock subsample.
If musical genre explains pricing decisions, we ldaxpect that artist heterogeneity
should matter less for the subsample of rock artistble 9 reproduces selected
specifications of Table 6 for rock and non-rocksast For the rock subsample, the increase
in R? associated with the inclusion of artist fixed efferemains high around 17-24
percent. Similarly the standard deviation in affilstd effect remains around 22 percent.
Differences in musical styles do not explain theehegeneity in the use of second-degree
price discrimination across artists.

INSERT TABLE 9 HERE
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8.4 Cost of implementing price discrimination

Artists may have different access to informatiogareling the benefit of implementing
price discrimination. Coming back to the model, filked cost of implementing price
discrimination, F, could include information co#itat are artist dependent. There is a
related version of this argument. The model assuhssartists know the demand and can
compute the profit maximizing prices. In practittee return from price discrimination
depends on the knowledge that an artist has abewtedmands for the differentiated
product. Variations across artists in the use wipdiscrimination may be explained by
differences in knowledge or expertise.

Many artists set prices jointly with promoterspitbmoters have important information
on how to set prices, we expect that promoter fedéelcts should absorb some of the
heterogeneity across artists in access to infoomatn Table 10, we add a set of fixed
effects for promoters. The adjustediR Column 1 in Table 10 is .28 which is about .10
higher than the adjusted Rith city and year fixed effects alorighis large increase in the
adjusted Ris consistent with several interpretations. It rhaydue to access to
information as argued above. Another explanatidhas promoters may specialize in
different types of music. Promoter dummies may @b some extent for unobserved
musical style.

INSERT TABLE 10 HERE

The important point for these additional resulaybver, is that even after controlling

for promoter fixed effects, we still find that tadjusted Rincreases by 16 percent. We

also find that the distribution of artist fixed efts does not change even after controlling
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for promoter fixed effects. Again we find that ass¢o information does explain some of
the variations in the use of second-degree priseridnination, but these variations are

largely orthogonal to the variations explained kysts fixed effects.
8-5 Learning

It may be difficult to find out whether it is pradible to adopt price discrimination in a city
that was never visited before. However, even ij timake mistakes early on, artists should
learn over time, particularly when they repeateadiyt the same city or venue. This
suggests controlling for the number of times aistantas performed in a given city or
venue before.

We compute statistics on artist past experiencedch concert in our sample. For a
given concert, past experience is defined as th&beu of times an artist has previously
given a concert in the same city. The value of paperience is equal to O for the early
observations in our sample and increases up to thédinal years in our sample (the
average experience is 1.26). Columns 3-6 in Tablesfiort the regression results. The
main result of this table is that the increasedjusted R explained by artist fixed effects
does not change even when we control for past e, this holds when we measure

experience at the city or venue lev&ln both cases, the increase in adjustéds®ociated

14 Interestingly, experience is significant only wreetist fixed effects are

included and has the opposite sign as predictedruhd learning hypothesis. It
could be that artists are more likely to returritees with a more loyal fan base.
Those fans expect artists to use fair pricing (noepdiscrimination).
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with artist fixed effects is around .19. The distrion of artist fixed effects does not

change.
8.6 Summary: A price discrimination puzzle?

We have considered a number of explanations bassthadard economic theory. We
found some evidence in support of these explanatibnis demonstrates that it is
important to control for local demand, product @uaeristics, artist popularity, and access
to information. Taken together, all our controlpkexn a bit less than half of the variations
in the decision to second-degree price discriminaithough some of the variation in the
use of price discrimination can be explained bjedénces in demand and product
characteristics or access to information, doing@es not decrease the amount of variation
that is explained by artist fixed effects. We atf With a puzzle. What explains the
variations in pricing across artist?

One could still argue that the variation in pricpprgctices across artists is due to
unobserved demand heterogeneity. The return froace grscrimination for a concert by
Bruce Springsteen may not be the same as for ohidhael Bolton. Returning to
Proposition 1, it could be that there are unobskdammand differences (that are not related
to the controls we have tried) or other variabhed tnfluence the return to price
discrimination. As argued before, it is not possital fully exclude this possibility. But we
think it is unlikely, because we would have expéddteat much of this heterogeneity
should have been related to factors that vary aaibies, venues, promoters, years, and
our measures of popularity and musical styles.fiftteng that these controls did not
reduce much the role of artist heterogeneity inégshat seeking new controls is unlikely

55



to resolve the issue. Keeping in mind that unolesgdemand heterogeneity may
contribute to some of the heterogeneity in prigingctices, in the next section we consider
an alternative hypothesis, based on the assumbizdrartist pricing styles exist, to explain

the variations in pricing practices across artists.
9 Exploitation of market power

Pop artists are the ultimate monopolists. They hemendous market power and
discretion over the pricing of concert tickets. Buploiting market power requires varying
prices in response to demand conditions. Shouistathke advantage of large differences
in demand? Not necessarily. To start with, somstannake public statements that they
want to set fair prices. They may have genuinegpegices to be fair. In his discussion of
the concert industry, Krueger (2005) argues thadtarcare about other things than profits.
He writes: ‘Some artists care about their custohveeli-being as well as their own
income.’

Most economists are suspicious of such statem€&hésconcern is legitimate. One
could explain almost anything by arbitrarily spgeify decision makers’ objective
functions. But Krueger’s view has more nuancedrpretations. Artists may aes ifthey
cared about their fans and doing so may still besisbent with a long-term profit
maximization hypothesis. The argument goes asvisti@xploiting market power
increases profits, but doing so is not withoutibsvnside.

Some pop music artists are notorious for partiangaih social and political debates.
Not all artists are social activists, however. ugtfocus for now on socially active artists.
They take liberal positions supporting pro-socalses such as defending human rights,
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fighting against poverty, and condemning inequagitiOutspoken pro-social artists face a
dilemma when they go on tours. Using price disanation may be perceived as
opportunistic profit-seeking behavior that sendssasonant message to many fans, one that
is associated with the evil notion of the explaiatof market power. Pro-social artists
may prefer to forgo the profit from price discriration and not take the risk of being
shamed as hypocrites in the media and on the kitefntists may not genuinely care
about their fans. But they do care about maintgitineir celebrity status, because it is
marketable, and this may imply acting like theyecalbout their fans.

In this section, we hypothesize that artists diiifietheir willingness to exploit market
power. We do not attempt to distinguish the motigereere or strategic— for why this
may be the case. Our goal is more modest. We iga¢stwhether this simple hypothesis
can shed new light on artists’ pricing styles. Thypothesis is consistent with the evidence
we have presented so far and, most importantlynbasl and unique implications

regarding the pricing of tickets.
9.1 Hypothesis: willingness to exploit market power

Assume artists differ in their willingness to exiplmarket power. At one extreme, the pro-
social artist does not want to leverage his mgrvketer. They use uniform pricing for all
tickets in a tour. They charge the same price lf@eats in a venue and for all venues in a

tour. At the other extreme, the profit-maximizingjst charges the market clearing prices
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for all seating categories and to all audierfé&hese are two archetypes, but artists may
also take intermediate positions. The evidence fifugrprevious sections that there is
much heterogeneity across artists in the use aingband third-degree price discrimination
offers some support to our hypothesis. We derivertew implications.

Consider first the level of prices. Pro-socialsigimay keep prices low to make their
concert affordable to all fans. This implies thatng artists will systematically sell out.
They will also refrain from responding to positidemand shocks by immediately
increasing prices to the new equilibrium leveliéasl, they may slowly increase prices
and partially incorporate the demand shock. Kru¢g@05) and others have documented
dramatic increases in demand in our sample pefindmplication is that pro-social artists
should be more likely to sell out in this periocedduse artists do not adjust prices by the
same margins to match demand, we expect ratiomwigapilities to vary across artists.

* Hypothesis 1 (H1): The probability to sell out wariacross artists even after
controlling for demand and product characteristics.
H1 investigates a new feature of pricing. It doesaonsider differences in prices across

products, as we have done so far, but insteadttriback up information on the artist’s

15We use the label ‘profit maximizing’ for thoseists who maximize concert profits.
This can be confusing since we have just arguddhlegpro-social artists could also
be maximizing profits, but using an objective fuantthat takes into account other
considerations than just concert revenue. The mgaofi‘profit maximizing’ should
be clear from the context.
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choice of the level of prices from evidence onamitng. Those artists who refrain from
exploiting market power will price tickets below rkat price. If this is the case, we would
expect that they should be more likely to selltheir concerts. While all the evidence
presented so far has been on price discriminatidhas to do with the level of prices.

The main shortcoming of H1 is that it is subjectite same reservations as those made in
regard to our analysis of price discrimination.igtrpricing styles is consistent with
variations in rationing probabilities. But unobseshdemand heterogeneity is an alternative
candidate explanation.

The second implication presents a totally new widgaking at the evidence. It tackles
the issue of exploitation of market power directhartists differ in their willingness to
exploit market power, we should be able to prelast they will price tickets if we know
where they stand between the two archetypes. Adheee do not have this information,
we can compare the different decisions each anigies. Those artists who are willing to
exploit market power should do so along all dimensiof pricing.

* Hypothesis 2 (H2): The decisions to use second+lindldegree price
discrimination are positively correlated acrossstgtand these two decisions
are negatively correlated with sell-out probalahti
It is more difficult to argue that H2 could be exipled by unobserved heterogeneity across
artists. The unobserved demand or cost factorsatiegticked up by artist fixed effects
would have to be correlated across second- andideigree price discrimination. This puts

a much more demanding requirement on the set afidate unobserved factors. The same
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holds for why these two decisions should be coteelavith the decision to ratiofi.But
our simple framework based on exploitation of maga@ver delivers a unique prediction
about the relation between three decisions.

This new hypothesis is important for two reasoimsdiRg a non-zero correlation would
add to the case that artist pricing styles maBertrand and Shoar (2003) have argued that
if fixed effects are caused by individual heteragjgn(instead of unobserved
heterogeneity) one would hope that they are abkeduny a common root factor. They
argue that the correlation evidence is due to soveearching patterns in decision making.
This conclusion rests on the implicit assumpticat there is no theoretical argument for
why any unobserved heterogeneity picked up byikesl feffects for different decisions
should be correlated across decision makers. $hiesaisonable in our application. There is
no economic theory that links second- and thirdrelegrice discrimination (Stole, 2010).
There is also no reason why the unobserved denaatar$ for second- and third-degree

price discrimination should be correlated acrosistar

16 Different arguments can be made to explain wirgttiegree price discrimination

and rationing should be related. When prices atadjusted within a tour, one may argue
that some concerts should be underpriced and atiwerpriced. The underpriced concerts
should sell out more often. This prediction is $aene as under the hypothesis of
heterogeneity in willingness to exploit market pow&his alternative explanation,

however, cannot explain why some artists sell oostnaoncerts.
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But the assumption that pricing styles are dudfferént willingness to exploit market
power allows us to go one step further. We can gigrcorrelations. This provides a
unique test of our new hypothesis that the diffeesnn pricing practices are due to

differences in willingness to exploit market power.
9.2 Artists’ rationing

It is reasonable to assume that there is excesartefor those concerts that are sold out.
Sold out is a coarse measure of rationing, howéerause we do not know how much
excess demand there is. Table 2 reveals that 48mtenf the concerts in our sample are
sold out. The last line in Table 5 shows that themauch variation in rationing
probabilities across artists. For example, the AlnBrothers never sell out. Janet Jackson,
Styx, Bob Dylan and Paul Simon sell out in lessith& percent of the concerts. However,
one quarter of the artists ration tickets in aslé& percent of their concerts. For example,
Madonna always sells out , while Billy Joel, Eltdbshn and Garth Brooks sell out in more
than in 85 percent of the cases. The interquatiiference across artists in rationing
probability is 34 percent. This is a very large tn@mconsidering that the sold out
probabilities are fairly well estimated. In fadtetminimum number of observations per
artists in our sample is 15 and the median acntistsais 150. Figure 7 plots the
distribution of sell out probabilities across agislThe range is striking. Even if we restrict
the sample to artists with at least 100 concertkersample, the results are not much
affected (Figure 8).

INSERT FIGURE 7 AND 8 HERE
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The fact that some concerts are sold out is n@risimg. After all, demand is uncertain
and prices have to be set in advance. A random coem of the demand is realized only
after tickets are offered for sale. By increasimg price of tickets, the artist increases the
revenue per seat sold but also increases thefriskving unsold tickets. If demand is
uncertain, the probability of rationing should Ihectly positive. The profit maximizing
level of rationing depends on the elasticity of @ewh the amount of uncertainty, and the
venue capacity.

Several stylized facts from the concert industeydifficult to rationalize within this
simple profit maximization framework. As mentionaove, a large subset of artists sell
out most of their concerts and they do so tour after. This cannot be profit maximizing.
There is a high suspicion that these artists syatieally underprice tickets (as illustrated
by the large literature reviewed earlier that petotvards systematic underpricing). For
example, according to our initial quotes, therarse® be a widespread belief in the
industry that Bruce Springsteen, Pearl Jam, andDéatthews have never charged as
much as they could. In our sample, they sell ou6B) and 56 percent of their concerts
respectively. If all artists perform in similar dand conditions, theory predicts that artists’
rationing probabilities should be fairly close twecanother. Returning to Figure 7, we see
that this is not the case. Although there is a meaitered on 40 percent, there are large
tails on both sides.

One concern with Figure 7 is that artists may acefsimilar demand conditions. We
check that artist fixed effects are robust aftertauling for demand and product

heterogeneity by following a similar approach asdiefor second-degree price
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discrimination. Under a profit maximization hyposie rationing probabilities should
depend on venue and demand characteristics thagmae the uncertainty of demand and
the shape of the demand curve. Assume, for exaitalethe population of concert fans
varies from city to city and that this influencée tocal demand elasticity and/or the level
of demand uncertainty. This could be due to diffiees in income, racial composition, age
composition, or other variables. We would expeat the rationing probabilities should
differ from city to city.

As with second-degree price discrimination, demamdl product characteristics may
explain variations in the probability that a coriealls out. We use a similar empirical
model as before to extract artist fixed effectse Gammy variable equals one if concert i
is sold out and zero otherwise. We estimate theetnod

Pr(5=1) = Baristt Bcity + Byear+ Bvenuet YiPOpUIlarity y + €; (3)
where the control variables were defined in Sed@iohable 11 reports the results with
various sets of controls. Artist fixed effects adaxplain 18 percent of the variability in
concert sell out. Most interestingly, the amountariations explained by artist fixed
effects does not decrease by a large amount afitératling for year, venue or city fixed
effects, and artist popularity. Artist fixed effedncrease the adjusted By 15 percent
when we control for year, city fixed effects, amtist popularity. This figure remains the
same if instead we control for venue and year fiexiéelcts. The F-test corresponding to the
hypothesis that artist fixed effects are jointlyabto zero is rejected in all three
specifications (Column 1, 3 and 5).

INSERT TABLE 11 HERE
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Figure 9 reproduces Figure 7 but using the aitistifeffect estimated in Table 11. The
distribution is again strikingly spread out. Talhlealso presents statistics on the
distribution of artist fixed effects. The standaeliation does not change across the three
specifications. The range of the distribution dfsaifixed effects and the interquartile
range are large. The finding that some artists asimever ration and others always do so
holds even after controlling for a number of demand product factors. Is this due to
artist pricing styles?

INSERT FIGURE 9 HERE

In Section 2.2 we reviewed the main explanationgdtioning that have been proposed
in the literature. Most of these explanations (coner demand for fairness, coordination
game between consumers, publicity value of sebhuty complementary products, and gift
exchange) can explain the overall level of ratignimthe concert industry but cannot on
their own explain large variations across artisteationing. To explain these variations,
explanations would have to assume that some aatistsubject to these forces while
others are not. It is not clear, for example, whyd® Springsteen’s fans care about
fairness while Michael Bolton’s do not. In additjapecification (3) controls for a large
number of variables associated with demand. Agagngloubt that the variations across
artists in sell out probabilities are due only tmhserved demand or product heterogeneity

across artists. Some of it is most likely causediffgrent pricing styles.
9.3 Artist pricing styles and exploitation of marke power

Under the assumption that artists differ in thepgrsity to exploit market power, we
should find that the decisions to second- and tieégree price discriminate are positively
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correlated and that these two decisions are negjaiborrelated with artist sell out
probability. We start with evidence from the rawalbased on artist averages. Figures 10-
12 present the raw plots of the three variablaatefest, second and third-degree price
discrimination and sold out, taken two by two. E@oimt on the figures represents an
artist. The three figures show correlations thata@mnsistent with our hypotheses (and
statistically significant at one percent confidefeeel). Artists who more frequently
differentiate prices within a given venue are ldsdy to use the same pricing policy
across concerts within a tour. Artists who are lgsdy to price discriminate are more
likely to sell out concerts. These correlationsdiftcult to explain under the theory of
price discrimination. However, they are consisteith our behavioral assumption that
artists differ in their willingness to exploit matkpower.
INSERT FIGURES 10-12 HERE

We follow the approach of Bertrand and Schoar (2002ddress a shortcoming with
these raw correlations. Each point of the graplesmsputed by taking averages for an
artist. But artists perform in different cities,ntees, and years. Hence, it may be possible
that it is the characteristics of the cities, venuwnd years in which concerts take place that
determine the choice to price discriminate ancetbaut. We check whether the
correlations across decisions are still preseet afintrolling for these characteristics.

Like Bertrand and Schoar (2003), we construct a aeist dataset. For each artist, we
collect the estimated fixed effects and standamreifrom regressions (1) and (2) for

second-degree price discrimination and rationispeetively (results in Tables 6 and 11),
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and from the regressions described in Table 7hiod-degree price discrimination. We
then estimate the following equation

F.E.(y) =a+ B F.E.(2)+¢ 4
where F.E.(y) and F.E.(z) are any two of our tHneed effects. We can then test if the
estimated coefficierft is significantly different from zero and has thegticted sign,
keeping in mind that this coefficient has no causi@rpretation. It is a measure of the
association between the fixed effects. This is isbest with H2 which only says that the
fixed effects should be associated in a systematic The right-hand side variable in
equation (4) is itself an estimated coefficient evhis noisy by definition. This will tend to
bias the estimated coefficiettoward zero. Hence, the results will be biasedcarolw
rejecting the existence of pricing styles.

Since we know the precision with which the fixeteefs were estimated, following
Bertrand and Schoar we use a GLS technique to atémuthe measurement error in the
right-hand side variables. We weigh each obsemdiiothe inverse of the standard error
of the independent variable.

Table 12 reports the results of these regressinsaverage Rof these regressions is
0.1. with a maximum of 0.38 and a minimum of 0.81@anel A in Table 12 computes the
regression coefficients using the fixed effectsrfrgpecifications that include only the

artist fixed effects. All regression coefficientg &ignificant and have the predicted sign.

17 The R are higher in Panel A 0.06, 0.17, 0.38, loweramé B 0.02, 0.06,
0.08 and even lower in Panel C 0.014, 0.054, 0.062.
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Fixed effects for second and third-degree pricerdignation are positively correlated, and
both are negatively correlated with rationiig.
INSERT TABLE 12 HERE

Panels B and C in Table 12 address the issue dfsemeed product and demand
characteristics. In both Panel B and C, we usaitigt fixed effects for third-degree price
discrimination from Table 7, column 3, which holamstant city-pairs. Panel B takes the
artist fixed effects for second-degree price diegration and rationing from a
specification that controls for city, year fixedegfts, and artist popularity. Panel C is
similar, but controls for venue rather than citefil effects. The signs of the regression
coefficients remain the same, although their stesisignificance decreases. This is likely
due to the fact that artist fixed effects are j[@exisely estimated when more control
variables are included in (1) and (2). Similar Hsshold using alternative measures of
price discrimination. For example, if we use thenier of seating categories instead of the
price discrimination dummy as a measure of secautek price discrimination, the

results are again significant at the 10 percerdllev

18 Note that artist effects on third degree priceuiisination measure the propensity
to use modal pricing (see Table 7). Hence, a pesdorrelation between second and
third-degree price discrimination implies a negatoefficient in Table 12. Similarly,
a negative correlation between third degree priseridnination and rationing implies
a positive coefficient.
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Overall, accounting for measurement error as wetlemand and product
characteristics does not change the main findifigjseoanalysis described in Table 12,
Panel A. The evidence is consistent with the hypsiththat there are differences across

artists in willingness to exploit market power.
9.4 Summary

The hypothesis that artists vary in their willingae¢o exploit market power is consistent
with the observed heterogeneity across artistiseruse of second- and third- degree price
discrimination, and the large differences in thpgopensities to ration tickets. Most
importantly, this hypothesis implies that the pnogigy towards second- and third- degree
price discrimination should be positively relatedlahat both should be negatively related
to the propensity to ration tickets. The empiriedults are broadly consistent with these
predictions.

10 Discussion

The industrial organization literature typicallycteses on demand and cost primitives to
explain firms’ decisions. Consistent with this aggarh, we find, in the context of concerts
for popular music, that a large portion of the &hiiity in the use of price discrimination
and rationing is explained by demand and produataatieristics. The industrial
organization literature has largely ignored supgitie behavioral considerations (Ellison,
2006 and Spiegler, 2011). Surprisingly, we find theller identity explains much of the
variation in price discrimination and rationing.the case of second-degree price
discrimination, individual pricing styles explaiba@ut 20 percent of the total variations, or
40 percent of the explained variations. In the adghird-degree price discrimination and
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rationing, artists’ fixed effects explain about 18percent of the total variation, or about
half of the explained variations. These findings @wnsistent with the latest literature on
corporate finance studying managerial styles (Badrand Schoar, 2003 and Malmendier
et al., 2011). However, variations in artist prggstyles are much larger than observed
variations in managerial style. Bertrand and Schimarexample, find that managerial style
explains only 4 percent of the variations in a fgriinancial decisions.

A candidate explanation for differences in managemeactice across firms is moral
hazard. This explanation, however, does not hotd hecause artists are the main residual
claimants over concert revenues. Contracts betadests and promoters vary greatly, but
top artists usually obtain the largest share atited revenue, after covering all expenses.
Accounts vary, but the artist’s take of profitssl@omewhere between 60 to 80 percent,
with a few artists taking as much as 100 percent.

Artists may face a moral hazard problem when dgaliith promoters. This will be
the case if promoters bear most of the cost ofemgeinting price discrimination. This
argument, however, cannot explain the variatiomgsacartists, because all artists
presumably face the same moral hazard problem wdéailng with promoters. The extent
of moral hazard may be promoter specific, but aalmig for promoter fixed effects does
not change the role played by artists fixed effects

Variations in management practices are notoriodsficult to explain (Bloom and

Van Reenen, 2003). Exposure to market competii@usual suspect, but we can rule this
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out as a candidate explanation for our finditlg®ifferences across artists remain even
after controlling for city and year fixed effectss well as for musical styles.

The hypothesis that artists vary in their willingae¢o exploit market power goes a
long way toward explaining many patterns in agisting styles. But what ultimately
explains these differences? Could it be sincerespuoial preferences to transfer surplus to
consumers? For example, it has been argued tharswhsports teams are willing to lose
money in order to increase their chances of winmmgprtant competitions. Artists may
be willing to give up surplus on the principle afrhess, to fuel public adulation, or for
other reasons associated to their preferences.

This is not the only explanation. Artists may afswe strategic motives for pricing in
pro-social ways. The literature on corporate sa@sponsibility, for example, explains
firm pro-social investment in public goods usingatggic arguments (Kitzmuller and
Shimshack, 2012). But how would a strategic arguragplain differences in artist pricing
styles? It may be due to the fact that artists watheir revenue models. Some artists earn
most of their revenues from music sales (concerdsracordings). These artists have a
long-term horizon. They are household names whio @haperforming indefinitely. Others
are reunion bands or do not tour regularly, anctcldrave a shorter horizon. This is not the

only source of heterogeneity. Some artists eargraficant portion of revenue from

Interestingly, the second key explanatory vagabténtified in Bloom and
Van Reenen for explaining variations in firms’ mgament practices is behavioral:
reliance on primogeniture (the oldest male chita)rhanagement succession.
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merchandizing, licensing, and endorsement (La Erabal., 2002). These ancillary
sources of revenues, particularly endorsement,rikfmea large extent on the artist’s
public image. All these factors suggest that artisay have different interests in protecting
their reputation, public image, and celebrity stafthose who need to maintain a good
reputation to generate future revenue streams sfegim from exploiting market power in

a way that is perceived as unfair. After all, cahpeicing receives much publicity in the
press and elsewhere and this contributes to thicfsuperception of the artist.

Our findings have important welfare implicationstigts leave surplus on the table,
but may benefit from the publicity associated vaétling out concerts. One may also
argue that artist pricing style is an efficient waygenerating publicity. However, such
publicity also generates inefficiencies. The ihitihocation of tickets is unlikely to be
efficient for artists who ration rather than use@iscrimination. Whether secondary
markets can correct such distortions is debatgblen the costs associated with resale

(Leslie and Sorensen, 2011).
11 Overview and future research

We document differences across artists in the tiseamnd- and third-degree price
discrimination and in the use of rationing. Muchlas heterogeneity across artists
remains, even after controlling for a number ofiafales that capture product and demand
characteristics. We attribute this heterogeneitydovidual pricing styles. We propose a
simple framework to explain these differences basethe assumption that artists vary in
their willingness to exploit market power. This@sption is consistent with the existence
of artist fixed effects and delivers the uniquedtcgon that artists who are less likely to
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vary prices across seats within a venue are atsdilely to vary prices for the same
concert in different cities and are more likelyr&ation tickets. The evidence surprisingly
supports these predictions.

Our results highlight the important role of indiual style in explaining economic
outcomes in the context of cultural economics. pbssible existence of individual pricing
styles is surprisingly absent from the industrigjamization literature. Even the recent
influence of behavioral economics has not yet exguldhe possibility that non-standard
considerations may influence decision makers orstipply side. The only research we are
aware of that has demonstrated the existence plidugl styles is in the context of
corporate finance.

We also contribute to the long-lasting questiong/loy brokers and scalpers actively
resell tickets in secondary markets. Artists’ objyecfunctions may differ and some artists
may prefer not to vary prices in response to maikees. This helps explain why some
concerts are sold out, why quality and demand idiffees are not fully taken into account
in ticket prices, and why tickets are often resnldecondary markets. However, a number
of questions remain unanswered:

* What ultimately differentiates artists? Sinceref@mences, strategic motives, or
something else? Is there a relationship betweeartet’s ‘exploitation of market
power’ and celebrity status? Are famous artists lé®ly to exploit market power?
Are artist pricing styles fixed or is there a ltfgcle in pricing style?

» Our study can be generalized in several directi@a)sDo less popular artists (non

top-100 artists) also have individual pricing ssfde(b) Do the results generalize to
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other pricing decisions (e.g., the speed of resgptmslemand shocks)? (c) Are
pricing styles specific to live concerts for poputausic? Do the results generalize
to other performing arts? Is the notion of indivatlpricing style relevant in other
markets where celebrity matters? How general isitti®n of willingness to
exploit market power?

Some artists have started to experiment with mawevative pricing policies
leveraging the distribution opportunities offergdtbe Internet (Halcoussis and
Mathews, 2007). Our results suggest that not aitarmay adopt these new
opportunities to the same degree. Which ones abeaming these new
possibilities?

What is the welfare impact of heterogeneity in ipigcstyle? Does consumer

demand for fairness influence the overall levepaces?
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Tables

Table 1. Summary statistics: concerts, artistgstaities, venues and promoters.

mean s.d. min pl0 p25 p50 p75 p90 Max
Number of oncerts per artist 166.9 126.5 15 25 58 151.5 247 36 3 685
Number of ours per artist 7.1 7.2 1 1 2 5 9 16 38
Number of oncerts per tour 24.1 21.9 1 4 8 18 34 54 230
Number of xenues per city 2.9 3.7 1 1 1 1 3 7 25
Number of rtists performing 57.4 7.2 42 48 52 59 62 67 67
in a year
Revenue per concert 542 821 0.7 91 165 314 619 1,102 38,700
(thousand $)
Revenue per tour 12.6 20.5 0.01 0.48 1.57 4.76 14.8 35.1 175
(million $)
Number of oncerts per promoter 44 227 1 1 1 2 12 67 4,265

Note: Statistics based on 20,362 concerts perfolbgel®?2 artists, in 579 cities, between 1992 arab2@8,798 concerts were part of one of
the 779 tours. The total number of promoters is Z6& number of venues per city includes venued askast once in each city.



Table 2. Summary statistics (price discriminatiod &ationing): concert level data.

Obs. mean s.d. min pl0 p25 p50 p75 p90 max
Second-degree price
discrimination:
2" degree price discrimination 20,362 0.75 0.43 0 0 0 1 1 1 1
(binary variable)
Number of prices 20,362 1.99 0.77 1 1 1 2 2 3 4
Prki|ceL range 20,362 25.74 61.15 0 0 0 12 29.75 50 1,225
(p"-p)
Relative price range 20,362 0.99 4.08 0 0 0 0.43 1.04 2.00 211
("-pH) p
Price range (pp") 15,224 34.43 68.58 0.01 5 10 20 35 64 1,225
if pH?ﬁpL
Third-degree price
discrimination:
Interquartile range of avg price 18,798 0.23 0.152 0 0.07 0.13 0.19 0.29 0.41 1.08
within tour/ avg price in tour
Modal pricing policy in tour 18,798 0.22 0.412 0 0 0 0 0 1 1
(binary variable)
Rationing:
Sold out (binary variable) 20,362 0.43 0.50 0 0 0 0 1 1 1

Note: Statistics based on 20,362 concerts, of whiB24 used more than one price category and 88yége part of a tour. Thé“@egree price
discrimination binary variable is equal to one dancert has more than one price category. The Inpodeng policy binary indicator is equal to one
if a concert uses the combination of prices thatast common within a tour. The sold out binaryiaale is equal to one if the concert is sold out.



Table 3. The concentration (or homogeneity) ofipggolicies.

Partitioning the sample by Gini-Simpson index
Tour 0.074
Artist 0.026
Promoter 0.021
Venue 0.015
City 0.008
Year 0.005
All data (no partitioning) 0.002

Note: the table reports the mean probability that tconcerts selected randomly within a tour, grisbmoter,
city, year, or in the whole sample have the saneengy policy (that is the same number of pricing
categories and the same prices).



Table 4. Comparison of Bruce Springsteen and MidcBakon.
Number of  Average frequency Average number of

concerts of modal pricing prices within a
policy within a tour concert
Bruce Springsteen, Solo Acoustic Tour 1996 39 0.44 1.05
Michael Bolton, Fall Tour 1996 16 0.006 2.37
Bruce Springsteen, 1992-2005 198 0.57 1.53
Michael Bolton, 1992-2005 194 0.07 2.44

Note: the frequency of modal pricing policy is fmeportion of concerts by a given artist that ubescombination of prices that is most
commonly used within a tour.



Table 5. Summary statistics (price discriminatiod aationing): artist level data.

Variable Obs. Mean s.d. Min pl0 p25 p50 p75 p90 Max

Second-degree price discrimination:
2" degree price discrimination 122 0.77 0.26 0.02 0.38 0.62 0.89 0.97 1 1
Number of prices 122 2.07 0.50 1.02 1.38 1.73 2.12 2.36 2.63 3.42
Price range (pp") 122 33.06 44.94 0.22 3.87 9.95 19.87 31.71  82.0271.1
Relative price range {gp")/p" 122 1.15 1.45 0.01 0.15 0.37 0.82 1.40 2.14 13.32
Price range (pp') if p#p" 122 39.44 51.36 2.74 10.16 15.03 22.43 37.32  82.8288.0

Third-degree price discrimination:
Interquartile range of avg price within 108 0.23 0.12 0.05 0.11 0.15 0.21 0.29 0.41 0.67
tour/ avg price in tour
Frequency of modal pricing policy in 108 0.22 0.15 0 0.07 0.11 0.17 0.29 0.47 0.68
tour
Rationing:

Sold out 122 0.41 0.25 0 0.10 0.23 0.37 0.57 0.78 1

Note: The table reports the artists’ average prsipeto price discriminate and sell out. The statssare based on 122 artist-specific mean valoes f
second degree price discrimination and rationif, for third degree price discrimination. THE @egree price discrimination variable is the prdparof
concerts by a given artist with more than one pgaategory. The frequency of modal pricing polgthe proportion of concerts by a given artist tha
uses the combination of prices that is most comynoséd within a tour. The sold out variable is pheportion of sold out concerts by a given artist.



Table 6. Artist effects on second-degree priceralisnation.

1) (2) 3) (4) () (6) (1)

Artist’s popularity - - - - - 0.00870*** 0.0390***
(0.00257) (0.0138)

Artist fixed effects? Yes No Yes No Yes No Yes
Year fixed effects? No Yes Yes Yes Yes Yes Yes
City fixed effects? No Yes Yes No No No No
Venue fixed effects? No No No Yes Yes Yes Yes
Adjusted R 0.268 0.185 0.398 0.284 0.461 0.294 0.452
Obs. 20,362 20,362 20,362 20,362 20,362 17,787 817,7
Number of artist fixed effects 121 121 121 121 121 87 87
F-test on artist fixed effects (p- 0.00 0.00 0.00 0.00 0.00 0.00 0.00
value)
s.d. of artist fixed effects 0.251 - 0.228 - 0.216 - 0.231
min of artist fixed effects -0.665 - -0.481 - -0457 - -0.811
25" percentile of artist fixed effects -0.0611 - 0.889 - 0.061 - 0.0877
75" percentile of artist fixed effects 0.282 - 0.37 - 0.298 - 0.30
max of artist fixed effects 0.32 - 0.496 - 0.408 - 0.57

Note: The table reports OLS estimation results. dégendent variable is th& 2egree price discrimination binary variable, equaine if a concert has
more than one price category. Artist's popularityiie cumulative number of singles and albumsypirctaarts in previous years (time varying for each

artist). In computing the statistics for the estiatkartist fixed effects, each artist fixed effisciveighted by the inverse of its standard err@dcount for

estimation error. Robust standard errors in paemah, clustered at the artist level. *** p<0.01p&0.05, * p<0.1



Table 7. Artist effects on third-degree price dimgnation for city-pairs.

(1) (2) (3)
City pair fixed effects? No Yes Yes
Artist fixed effects? Yes No Yes
Adjusted R 0.18 0.14 0.32
Obs. 3,237 3,237 3,237
Number of artist fixed effects 53 - 53
F-test on artist fixed effects (p-value) 0.00 - .0
s.d. of artist fixed effects 0.19 - 0.19
min of artist fixed effects -0.45 - -0.42
25" percentile of artist fixed effects -0.361 - -0.305
75" percentile of artist fixed effects -0.115 - -0.093
max of artist fixed effects 0.258 - 0.357

Note: The table reports OLS estimation resultsoBservation describes a pair of cities (amongabelD) in which an artist performed a concert waithi
the same tour. The dependent variable is an iratieatriable equal to one if the two concerts haeniical pricing policy. The model identifies 53istr
fixed effects. In computing the statistics for #simated artist fixed effects, each artist fixéfdet is weighted by the inverse of its standardreto

account for estimation error.



Table 8. Artists’ effects on second-degree prigeminination(splitting the sample between artists with high bowd average ticket price).

High price  Low price High price Low price High price  Low price High price  Low price
artists artists artists artists artists artists artists artists
1) 2) (3) (4) ) (6) ) (8)
Artist’s popularity 0.0008 0.0240%*** 0.0462*** 08B 7** 0.0002 0.0146* 0.0309** 0.0441
(0.0026) (0.0088) (0.0168) (0.0284) (0.0018) (@®0 (0.0118) (0.0262)

Artist fixed effects? No No Yes Yes No No yes Yes
Year fixed effects? Yes Yes Yes Yes Yes Yes yes Yes
City fixed effects? No No No No No No No No
Venue fixed effects? No No No No Yes Yes Yes Yes
Adjusted R2 0.081 0.066 0.266 0.238 0.302 0.335 30.4 0.439
Observations 9,582 8,205 9,582 8,205 9,582 8,205 5829, 8,205
Number of artist fixed effects - - 53 33 - - 53 33
F-test on artist fixed effects - - 0.00 0.00 - - 0.00 0.00
(p-value)
s.d. of artist fixed effects - - 0.240 0.258 - - 199 0.213
min of artist fixed effects - - -0.947 -0.0617 - - -0.922 -0.0778
25" percentile of artist fixed - - 0.123 0.498 - - 0.0534 0.295
effects
75" percentile of artist fixed - - 0.364 0.784 - - 0.246 0.573
effects
max of artist fixed effects - - 0.595 1.05 - - @41 0.782

Note: The table reports OLS estimation results. dégendent variable is th& 2egree price discrimination binary variable, equaine if a concert has
more than one price category. We rank artists @aogto the average price of tickets sold and tlassify an artist as “high price artist” if histhe
average price is above the average. Popularitieisamulative number of singles and albums in tapts in each year (time varying for each artlst).
computing the statistics for the estimated artisd effects, each artist fixed effect is weighbsthe inverse of its standard error to accouneftimation
error. Robust standard errors in parentheses gcidsat the artist level. *** p<0.01, ** p<0.05p0.1.



Table 9. Artist effects on second-degree pricergfisnation (splitting the sample between artistsyphg rock music and other types of

music).
Rock Other Rock Other Rock Other Rock Other
(1) (2) 3) (4) (5) (6) (7) (8)
Artist’s popularity 0.0116*** 0.00757 0.0584*** 0373 0.0102*** 0.00321 0.0468*** 0.0239
(0.00360) (0.00743) (0.0165) (0.0258) (0.00321) .0@BO6) (0.0153) (0.0180)
Artist fixed effects? No No Yes Yes No No Yes Yes
Year fixed effects? Yes Yes Yes Yes Yes Yes Yes Yes
City fixed effects? No No No No No No No No
Venue fixed effects? No No No No Yes Yes Yes Yes
Observations 13,149 4,638 13,149 4,638 13,149 4,638 13,149 4,638
Number of artist fixed - - 66 20 - - 66 20
effects
Adjusted R-squared 0.064 0.153 0.301 0.311 0.282 4390. 0.451 0.520
F-test on artist fixed effects - - 0.00 0.00 - - 0.00 0.00
(p-value)
s.d. of artist fixed effects - - 0.266 0.284 - - 278 0.214
min of artist fixed effects - - -1.342 -0.337 - - 1.454 -0.307
25" percentile of artist fixed - - 0.0245 0.294 - - -0.446 0.215
effects
75" percentile of artist fixed - - 0.293 0.568 - - -0.184 0.433
effects
max of artist fixed effects - - 0.55 0.66 - - 0.102 0.501

Note: The table reports OLS estimation results. dégendent variable is th& 2egree price discrimination binary variable, equaine if a concert has
more than one price category. Popularity is theuwative number of singles and albums in top chartsach year (time varying for each artist). In

computing the statistics for the estimated artid effects, each artist fixed effect is weighbgdthe inverse of its standard error to accoune&timation
error. Robust standard errors in parentheses gcdsat the artist level. *** p<0.01, ** p<0.05p%0.1



Table 10. Artist effects on second-degree pricerohisnation(promoter fixed effects and experience in the saityeor venue).

1) 2) 3) (4) (5) (6)
Artist’s popularity 0.00964*** 0.0475%* 0.0111%** 0.0483*** 0.0111%*= 0.0486***

(0.00308) (0.0134) (0.0027) (0.0148) (0.00274) 108)
Experience in same venue - - 0.0010 -0.0032*** - -

(0.0007) (0.0009)
Experience in same city - - - - -0.0004 -0.0043***
(0.0014) (0.0021)

Artist fixed effects? No Yes No Yes No Yes
Year fixed effects? Yes Yes Yes Yes Yes Yes
City fixed effects? Yes Yes Yes Yes Yes Yes
Promoter fixed effects? Yes Yes No No No No
Adjusted R 0.284 0.444 0.201 0.389 0.201 0.390
Observations 17,787 17,787 17,787 17,787 17,787 78717,
Number of artist fixed effects - 87 - 87 - 87
F-test on artist fixed effects (p-value) - 0.00 - .0® - 0.00
s.d. of artist fixed effects - 0.251 - 0.252 - @25
min of artist fixed effects - -0.835 - -0.914 - 907
25" percentile of artist fixed effects - 0.13 - 0.13 - 0.136
75" percentile of artist fixed effects - 0.383 - 0.362 - 0.366
max of artist fixed effects - 0.643 - 0.675 - 0.684

Note: The table reports OLS estimation results. dé@endent variable is th& 2egree price discrimination binary variable, edaadne if a concert has
more than one price category. Popularity is theudative number of singles and albums in top chiaresach year (time varying for each artist).
Experience is the cumulative number of previousceds in the same venue or city. In computing thgstics for the estimated artist fixed effectcte
artist fixed effect is weighted by the inversetsfstandard error to account for estimation eRobust standard errors in parentheses, clustetbd attist

level. *** p<0.01, ** p<0.05, * p<0.1



Table 11. Artist effects on sell out probability.

1) (2) 3) (4) ()

Artist’s popularity - 0.0065 -0.0054 0.0057 -0.0002

(0.0044) (0.0133) (0.0047) (0.0136)
Artist fixed effects? Yes No Yes No Yes
Year fixed effects? No Yes Yes Yes Yes
City fixed effects? No Yes Yes No No
Venue fixed effects? No No No Yes Yes
Adjusted R 0.179 0.127 0.272 0.166 0.314
Observations 20,362 17,787 17,787 17,787 17,787
Number of artist fixed effects 119 - 87 - 87
F-test on artist fixed effects {@lue 0.00 - 0.00 - 0.00
s.d. of artist fixed effects 0.245 0.224 0.235
min of artist fixed effects -0.38 -0.551 -0.464
25" percentile of artist fixed effects -0.134 -0.259 -0.195
75" percentile of artist fixed effects 0.195 0.09 152
max of artist fixed effects 0.62 0.481 0.563

Note: The table reports OLS estimation results. déygendent variable is an indicator variable etpuahe if a concert is sold out. Popularity is the
cumulative number of singles and albums in toptsharprevious years (time varying for each artist)computing the statistics for the estimatedstrt
fixed effects, each artist fixed effect is weightsdthe inverse of its standard error to accouneftimation error. Robust standard errors in gasses,
clustered at the artist level. *** p<0.01, ** p<®@0* p<0.1



Table 12. Correlation between propensity to usersdcand third-degree price discrimination andetib cut.

Panel A. Relationship between estimated artist@m@icing characteristics.

VARIABLES Artist effects on second- degree price Artist effects on sell out probability
discrimination
Artist effects on sell out probability -0.254*** -
(0.0910)
Artist effects on third-degree price discrimination -0.679%** 0.981***
(0.144) (0.121)

Panel B: Relationship between estimated artistife’ects (controlling for artist, city, year fixedfects, for second-degree price
discrimination and sold out; city pair for thirdgtee price discrimination).

VARIABLES Artist effects on second-degree pricecdisination Artist effects on sell out probability
Artist effects on sell out probability -0.132 -
(0.0923)
Artist effects on third degree- price discriminatio -0.278* 0.279**
(0.153) (0.130)

Panel C: Relationship between estimated artistifedéects (controlling for artist, venue, year filxeffects, for second-degree price
discrimination and sold out; city pair for thirdgtee price discrimination).

VARIABLES Artist effects on second- degree price Artist effects on sell out probability
discrimination
Artist effects on sell out probability -0.109 -
(0.0838)
Artist effects on third-degree price discrimination -0.287** 0.313**
(0.142) (0.138)

Note: Coefficients from a weighted OLS regressidrere the dependent variable is the column variatdethe independent variable is the row variable.
Observations are weighted by the inverse of thadstal error on the independent variable. Standaodsein parentheses *** p<0.01, ** p<0.05, * p<0.1



Figures

Figure 1. Concert prices for Bruce Springsteenp $aloustic Tour.
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Figure 2. Concert prices for Michael Bolton, Fatiuf 1996.
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Figure 3. The distribution of artist-specific avgeause of second-degree price discrimination.
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Figure 4. Third-degree price discrimination: thetdbution of artist-specific average proportioncohcerts with modal pricing policy.
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Figure 5. Second-degree price discrimination: itistion of estimated artist fixed effects in reggies with artist fixed effects, venue

fixed effects, year fixed effects.
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Figure 6. Third-degree price discrimination: distition of estimated artist fixed effects in regresswith city-pair fixed effects.
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Figure 7. Rationing: the distribution of artist-sie propensity to sell out.
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Figure 8. Rationing: the distribution of artist-sgie propensity to sell out (artists with more th&00 concerts).
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Figure 9. Rationing: distribution of estimated strfixed effects in regression with artist fixedeets, venue fixed effects, year fixed

effects.
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Figure 10. Correlation between artist propensitgdlb out and use third degree price discrimination
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Note: Each dot represents an artist. The vertiialraeasures the average proportion of concerntsiigathe modal pricing policy within a tour (i.e.,
the most common combination of prices within a }otlihe figure also reports OLS fitted values, wifl8 observations. The slope coefficient is 0.39

(s.e. 0.05).



Figure 11. The correlation between artists’ profigns use second degree price discrimination ansktl out.
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Note: Each dot represents an artist. The figurertefOLS fitted values, with 122 observations. $tope coefficient is -0.25 (s.e. 0.09).



Figure 12. The correlation between artists’ profigrns use second- and third-degree price discratam.
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Note: Each dot represents an artist. The horizaxtialmeasures the average proportion of condeatsise the modal pricing policy within a tour
(i.e., the most common combination of prices withitour). The figure also reports OLS fitted valuegh 108 observations. The slope coefficient is

-0.65 (s.e. 0.14).



