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ABSTRACT

The rise of peer-to-peer networks has dramaticaltigred
the way consumers interact with digital content. osM
visibly, pirate downloads substitute for legal phases,
eroding profits and calling into question the veigbility

of content production. This characterization hagivated
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producers, who now find that perfect copies ofpiheducts
they sell are available on file-sharing network&4any
consumers who would otherwise have purchased these
goods will instead opt to download the “pirated'tsiens
for free, cutting into revenues. Thesbstitution effect is a
central focus of today’s public debate, and hakedahto

a detect-and-punish model that aims to make piratequestion the very viability of content production the

networks less attractive. Less apparent is the pesgy-to-
peer transforms the purpose of each download amevily
consumersdiscover the content they want.
recent empirical evidence suggests that discoverggsses
play a commercially significant role, even proviglia boost

Moreover,

broadband era [10].

A focus on how pirated copies substitute for legahtent
also serves to motivate a detect-and-punish syraiaghe
part of producers. This is exemplified by the Reawgy
Industry Association of America (RIAA), which hassued

to sales that can sometimes overwhelm the directlawsuits on behalf of copyright holders against0R0,

substitution effect. While such effects bear ggigron the

design of next-generation business models, theyaoely

understood on a microeconomic level. We investidntw

consumers explore a space of digital content withraes of
analytical models.. Our work leverages standachrtigjues
in economics that represent content as points ime&ic

topology. We find that the structure of this camntepace
strongly influences social outcomes, including tagiety

and price of content. Moreover, in an environmeht
content discovery, conventional assumptions of Wieha
may be reversed. Lower prices may decrease resghue
simultaneously increase content production, asrtheginal

good attracts greater interest. We discuss howtpegeer

may influence the long-tail distribution of conteand the
implications for producers into the future.

Categories and Subject Descriptors
C.2.4 Computer-Communication Networks]: Distributed
Systems; J.490cial And Behavioral Sciences]: Economics

General Terms
Economics, Human Factors, Theory, Legal Aspects.
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1. INTRODUCTION

In the few years since their conception, peer-terpe
networks have dramatically altered the way consamer

acquire, conceptualize, and interact with digitahtent.
This transformation has been felt most keenly bgteot

individual music sharers. Most of those targetexeh
settled for sums ranging from $2,500 to $7,500. réMo
recently, the music industry has announced planenit
these mass lawsuits, and instead rely on Interpetic®
Providers (ISPs) to disconnect users who sharerigiigd
music from the internet.

One criticism of these detect-and-punish strateggethat
many illegal downloads represent content that teeru
would never have purchased — or perhaps even known
about — were it not for the file-sharing network. [@\s this
suggests, to focus exclusively on the substitugibect is to
oversimplify the impact of peer-to-peer technolsgieA

less visible, but highly relevant considerationthe way
peer-to-peer transforms the purpose of each dowrdmal

the way consumemiscover the content they want.

As many commentators have noted, consumers may use
file-sharing networks to sample a piece of contsefore
legally purchasing it. They may also use the auinte
learn about an artist, before acquiring a largéuml or
collection. More generally, the user may downldiges in
order to explore the larger content space, peraagsg up
somewhere rather different than the starting poihhese
activities, which we will refer to adiscovery processes, are
certainly not new, but file-sharing networks havelded
them on a much larger scale. Moreover, recent grapi
evidence suggests that discovery processes can glay
commercially significant role.

In one study, Brynjolfsson et al. compare salesadat
between a paper catalogue and a retail website Rth
channels offer identical goods, but the websitdufes a
variety of tools to help consumers navigate thedpco



space. The authors find that online sales teridvior more
specialized products, resulting in a “long-tailtdisution.”
Content discovery does not just affect the distrdou of
sales, however, it may also affect sales volumberfolzer
and Strumpf examine the effect of file-sharing egitimate
music sales [7]. By examining data on the indigidsong
level, the authors argue that any effect on salestd file-
sharing is statistically insignificant. The subsgibn effect,
they speculate, is cancelled out by the benefafigcts of
sampling and learning. In a third study, Smith dieteng

examine how much DVD sales are depressed when &mov

is broadcast on television [13]. On the face pEdeing a
free movie might be expected to depress sales rmark
than hearing a free song, since people rarely waicties
multiple times. It is all the more surprising thethat
broadcasting a movienhances sales — providing a boost of
over 350% — even though piracy of the film alsaéases.

The latter examples suggest that discovery prosesar
stimulate sales under certain conditions, eveheqbint of
overcoming the direct substitution effect. This ke
content discovery highly relevant to a discussiomext-
generation business models. While detect-and-pumis
done much to antagonize consumers, it has so ifad feo
stamp out piracy. Wong et al. note that discounggi
interest in piracy often does little to affect tnailability of
pirated content [15]. Simulations by Altman et aggest
that music labels may maximize profits by abandgraii
investment in punishment [1].

Meanwhile, numerous ideas have been floated aswoth
fund content production in the future. Several imus
companies, including Popcuts [9], rVibe, and Graiagk,
reward music buyers by giving them a portion ofufat
sales revenue [4]. Recent startup Sellaband allssss to
pledge money towards an artist after listeningitodn her
demo materials [12]. If contributions exceed tt&0,$00
threshold, they allow the artist to record an albuRrost
argues for a music industry structure without rddabels,
in which lower prices are the key to fighting pyd8]. He
estimates that an album of music should cost ab®ut

The success of these business models may turnverthiey
interact with the way consumers discover
Unfortunately, this process of exploration remapuorly
understood on a microeconomic level. Analytic nisde
tend to feature consumers that know the value 6f al
products, leaving no opportunity for exploratio®]1l In
the closest study we are aware of, Peitz and Waedir
argue that free sampling may enhance producertprofi
matching users to more preferred content [8]. Siaqyp
however, is modeled as all-or-nothing, and consarage
only allowed to buy one product, limiting visibyifnto the
mechanics of the discovery process.

We believe that a more complete analytic understanaf
how consumers discover digital content may yielgaety

content.

of potential benefits. Such an understanding camfa

useful complement to empirical work, shedding ligint

observed revenue effects. Analytic modeling mago al
highlight the social benefits of exploration thavh been

enabled by file-sharing networks, and provide afulse
perspective to balance the public debate. Finaleyhope

that a more detailed understanding of discoveryarenday

guide the design of next-generation business mpdels
identifying those that align the way consumers alist
content with producer incentives.

Motivated by these objectives, this paper will dounst two
economic models to examine different aspects afosisry
behavior. Our analysis will leverage popular todats
economics that represent content and user prefeseas
points in a metric topology. Comparing two separat
models will allow us to highlight the important eoplayed
by the structure of the content space. We wilb adientify
ways in which content exploration can influencelitianal
assumptions of behavior, and find relevant insigluis
today’s public debate.

2. SAMPLING AND AN UNSTRUCTURED

CONTENT SPACE

In order to describe content discovery, we needtamm of
consumer tastes, and how these are related toratiffe
products. Using a technique pioneered by Hotelling
visualize a topological space of products [5]. G®are
represented as points within a metric topology, With
distance function d representing how different jpwoducts
are. For example, M might represent music within a
particular style, or movies within a given genreA
consumer’s personal taste may also be representeal b
point in M, so that the consumer’s utility from suming a
good is a decreasing function of the distanceabdbod.

Following the well-known model of Salop, we first M be
the circle of unit circumference,!.Sequivalent to the real
interval [0,1], in which the endpoints have been

topologically identified [11]. Each good and usetaste is
represented by a point if,%nd we'll assume the simplest
linear valuation function. As in the model of Rednd
Waelbroeck, let the valuation of a good located &ir a
user of type be m-|t-v|, wherem<1/2 represents the

maximum value a user can gain from a perfectlynaiiy
product [8]. This is represented graphically imgue 1.
After a user downloads a set of goods;},{she enjoys
utility equal to the value of the most preferreaddor zero
if no good has a positive valuation):= max(0y, ). This
form emphasizes the fact that users have limiteg tio
consume digital content, and may only enjoy a foacbf
the collection they own.

Our intention is to leave this content space rather
unstructured. We will assume that the locationeath
product is drawn independently from a uniform dlsttion.
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Figure 1: Valuation on the Circle Topology

Furthermore, a user does not know where in M a diesd
until she obtains it. This structure is chosen tkat
consumers have very limited opportunities for lgzgn
Specifically, a user that purchases a good onlyneghe
value of that specific good. In this way, this mbiolates
a particular aspect of discovery that correspormsat
common notion of sampling.

We assume that there d@roducts, and a user must pay a

cost,s, in order to obtain each one. This cost inclual®gs
price that is paid to the producer in the case lefg@imate
purchase. It may also include any subjective cobthe
purchase, such as the time and effort investedsingua
peer-to-peer network.

2.1 Consumer Behavior

Given these essentials, we may compute the beha¥iar
rational consumer. Suppose that the user currédmaty a
selection of goods with maximum valuatiag. In order
for a new good to improve the user’s valuatiomitst fall
within the range,(t—(m-u,),t+(m-u,)), which occurs
with probability 2(m-u,). If this does happen, the
expected improvement to the user’s valuation i diathe
maximum improvement{m-u,)/2. Thus, the expected
utility gain from obtaining this good iém-u,)’ -=s. This
is positive as long asl, < m-+/s. The user can always

decline future goods, so as long as this singlel gwovides
positive expected utility, the possibility of fugthpurchases
can only improve the expected payoff from purchastn
and it will be rational to obtain it. On the otheand, if
(m-u,)*-s<0, we know thatu, can only increase in

each round, so every potential future purchase yigld
negative expected payoff. It can then only beoreti not to
obtain the good.

We see that users will continue to obtain goodsl unt

u0>m—\/§, or a good falls within the range,

R=(t -s,t +J§) . The chance of any one good falling in

this range is2/s. The user will obtain theth good if

! We assume tham—\/g > 0, which ensures that the user wants

to obtain the first good.

none of the previousn-1 goods fall inR, and the
probability of this occurring ig1- 2\/5)”'1. The expected

number of purchases for each user may be compstétta
sum of these probabilities:

1 (@-2/s) )
24s 2Js

As the costs decreases, a user will tend to sample more,
and therefore end up with a product that offersatge
value. Specifically, whers =0, the user will purchase &l
products. If we assume that the entire ist comprised

of a payment to the content producer, then sociflane is
determined by the value each consumer derives fhain
favorite product. Thus, decreasirg increases social
welfare. It may also be checked that decreaswghances
consumer surplus.

We can make these observations more precise by
considering what happens if there is an inexhalessibpply
of products. In the limit ak grows without bound, the
expected number of purchases per user simplifigs to

1/2Js. The expected valuation of the last good a user

1+ (- 2fs)+ .+ (& 2fs =

obtains is novvm—«/glz. This is also the social welfare if

all of the cost is transferred to the producer agment.
Finally, the expected payoff to the consumer is

m-+/s/2-s(1/2/s)=m-+/s.

As the cost decreases, users earn greater surplus.
Furthermore, the second derivative of consumer lssirp
with respect tcs is positive. Roughly speaking, this means
that each successive drop in price benefits consumere

than the last one.

2.2 Producer Behavior

While decreasing is beneficial to welfare, producers may
have an opposing interest, as the following clahoves.
For this claim, we will assume that the entire aoistin the
form of payment.

Claim 1. A monopolistic producer will always select the
maximum price such that consumers purchase anyptsd
s=nr.
Proof. The monopolist's payment is the price times the
expected number of purchases,

1 (@-2/s))_1- (= 2/s} <
3[2\5 o5 J— Vs @

This increases irs, so the monopolist will choose the
maximum price.o

In general, a monopolist will also have control ohew
many products to supply. Suppose that each prastsc
to produce and the number of consumers.isThen the
following claim holds,




Claim 2. Given a fixed prices, the number of goods
produced by a monopolist is

In(ns/c)

|n #

1-2s
Proof. We may number the goods that are produced,
1,2,...k, and assume without loss of generality that all

k=|1+ 3)

consumers obtain the goods in this order. Then the
producer expects profits from gokaqual to
ns(l— 2\/§)k71 . (4)

If each good costs to produce, the producer will pay for
k_
the kth good as long as(l— 2\/5) ' >c/n. The left

hand side is an exponentially decaying functioolviig
for equality gives the required expressian.

In general, the monopolist will tend to undersupg

market. A particularly dramatic demonstration aist
occurs if we letm=1/2. This is a natural value to
consider, as it implies that exactly one pointha product
space offers zero value to a user — the antipodait p
diametrically across the circle.

Corollary. Form=1/2, a monopolist will produce just a
single good, and charge the maximum viable price,
s=1/4.

This may be verified by substituting into equat{8h Our
negative results stand in contrast to the circledehmf
Peitz and Waelbroeck, in which a producer may sionest
encourage consumers to freely sample products éefor
buying [8]. For this result, however, the authtwsund
their parameters such that a user expects negatibty
from a random free download. For more moderate
parameter values, both our models predict thatoaymrer
will want to discourage sampling.

2.3 Restricting thePrice

We may also consider what happens to productiaheif
price s is restricted to a value below the maximum price.
This may be the result of regulation, for example.
Alternately, we may imagine that the price musy stalow

a certain level or consumers will switch to usingef file-
sharing networks. Finally, under today’s industiyucture,
third parties, including major distributors likeuiies, may
wield considerable influence over the selectioprides.

Interestingly, decreasingbelow the maximum level always
lowers the monopolist's profits, but the rationalél of
production may actually increase. Examining equma(4),
we see that decreasessialways reduce the profit from the
first good produced. On the other hand, the dedayofit

with each successive good also decreases as camssume
sample more. This means that while the monopuoilates
less profit on the whole, thmarginal product may become
more profitable. As a result, lowering may increase
production. This effect will only occur up to aipb As s
decreases ta/ n, production will drop to a single good.

This feature is clearly illustrated whem=1/2. In this
case, we saws that an unregulated monopolist wily o
produce a single good. Restrictindo a lower level will
generally increase the level of production. In lihgt as
n/c grows large, an arbitrary level of production nisey
induced, and social welfare may be doubled.

These observations lend some support to Frost'posal
for selling music more cheaply [3]. As he pointst,0
profits from every album sale have stayed relayivel
constant in the transition from physical formatsdigital
downloads. Our model allows us to speculate tledarate
decreases in price might not diminish the supplynasic,
as many fear. Instead, the low prices suggesteBHrbgt
might could conceivablyincrease content production.
Meanwhile, the same strategy will mitigate the eric
advantage of illegal file-sharing networks, redgcithe
incentive for piracy. Further research is neededalibrate
our model and estimate what prices optimize content
production.

2.4 Subscription Charges

Rather than charging consumers for each product
downloaded, some business models envision charging
consumers a fixed subscription fee for unlimitedteat.

As long as consumers are identical (differing dnlyype),

this will be socially beneficial in our model. Aamopolist
may extract all available surplus, by charging ¢kpected
value each user obtains from the best possible ustod
This aligns the monopolist's incentives with thosé
society in general, so that social welfare willrbaximized.

Of course, a more realistic model would feature
heterogeneous consumers, with a distribution afiatédns
for digital content. Any positive subscription febarged
by the monopolist will tend to price some users afuthe
market, resulting in deadweight loss and reduciogias
welfare. On the other hand, those users who bey th
subscription will sample aggressively to maximizeit
utility, providing a countervailing boost to weléar The net
effect depends on exactly how consumers are diséib
Further research may characterize consumers integrea
detail, shedding light on when each pricing stratég
advantageous.

3. MOVING THROUGH A CONTENT

LATTICE

The content space in the previous section was afelibly
unstructured in order to highlight sampling behavidn
this section, we will be interested in some otheqgre
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Figure 2: Representation of Lattice Topology

sophisticated aspects of content discovery. Wiewaiht to
describe how users might learn about the greatetenb
space, and how previous purchases can
selection of future content. To do this, we wil/érage a
more highly structured topological space.

Let M be a lattice inR", consisting of the points,
{x=(x,...x,)Ix 0{10,1 . Two points are connected

in this space if they differ only in one dimensi@md by
exactly 1.

influence the

Each dimension of this space is meant t

assume that a user can only identify goods thahdj@cent
to those she already owns. The user may not kinadv t
other goods exist, or may not have information albdere
these other goods are located in the topology.

We may alternately assume that a user has perfect

knowledge of where goods fit into the topology, boes
not know her own tastes. Each time the user psszha
good, she becomes aware of one axis that she vpoetdr
to move along to enhance her valuation.

In either case, a user will move from the origiwaods a
corner, bringing one dimension of the good intee limith
her preference at each step. The product at tlggnor
provides value,m-N?, and obtaining the nth good after
this enhances the value by
(N-n)? =(N-n-1)>=2(N-n)-1. This is a decreasing
linear function. Thus, a user will purchase tiie good as
long as,

represent a separate characteristic of the good thaor,

consumers care about. For example, one dimensiold ¢
model whether a song is simplistic or intricate nofer,
whether it is energetic or downbeat.

This topology is actually a simplified version dfet one

used by the Music Genome Project to represent songs

That topology, which simply includes more pointsarth
ours, has found commercial application, being ubgd
music service Pandora to identify music similaatspecific
song.

We will assume that consumers have a preferenaesawah
dimension in our topology, so a consumer type risloanly
drawn from the corner pointgv = (v;,....v, ) [v, O {~1,1} .

We assume a consumer of typealues a good of typeby
(5)

where distance functiod is the length of the shortest path
along the lattice.

This structure incorporates a notion of mainstreznal
fringe goods. Notice that all users value the pobdt the

origin by exactlym-N?. If a good,x, differs from the

m-d?(v,x),

origin in exactlyj dimensions, the average value over all
users ism-N®-j. Thus, as we move along the lattice

from the origin out to a corner, products becomss le
appealing to the population on average, even thdhegie
is a particular type of consumer that likes thaittipalar
region of the content space.

3.1 Consumer Behavior

We will assume that a user's view of this topology
limited. Suppose that only the most mainstreandypcb
can be identified by users at the beginning (we meagine
that it is heavily promoted). After this point, weill

2(N-n)-1=s, (6)
s+1
n< N_T (7)

As s decreases, we can see that users will move frem th
mainstream content farther out to the fringe cangrthe
corners, and end up liking the product they endwith
more as a result. If we assume, as before, tleattitire
costs is transferred to a producer as payment, decrgasin
will increase welfare. This closely mirrors oursebvations
from Section 2.

Because the lattice model includes a notion of stesam
and fringe content, we can observe the movemenseis
visually. To do this, we slightly modify the comser
valuation in equation (5) tan—Zd?(v,x), whereZ is a

random variable that adds variation. We may theply
the fraction of users that purchases a good artistafrom
the origin. This is shown in Figure 3 for a 10-dimsional
lattice whenZ is drawn from a normal distribution with
standard deviation 0.2. As the price is decredsed 18,
to 12, and to 6, more users buy the fringe prodtecthe
right. This result depicts the formation of a sdted long-
tail distribution.

3.2 Producer Behavior

While the lattice and circle models were similatenms of
consumer behavior,
consider the producer’'s perspective. Assuming that
entire costs is absorbed by a monopolist producer as
payment, the producer faces a linear demand cuamne,
earns revenue per user,

s+l
SLN —TJ (8)

differences do appear when we
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Figure 3: Distribution of Consumersin Lattice

If we assume for the moment that content is caosties
produce, and ignoring the whole integer problene th
monopolist will opt to maximize revenues by setting
s=N-1/2.
users to explore about halfway from the mainstréaitne
fringe. Because user utility is based on the susfr
distance, however, this traverse actually captukeut
3/4 of the value available to the user. — a marked
improvement over the unstructured circle topology.

4. DISCUSSION

By describing content discovery across two différen
topological models, we have witnessed the importafg
that the structure of the content space plays fardening
behavior. We saw in the circle topology that a
monopolistic producer would always choose the marim
viable price. Furthermore, under natural spedifice, the
producer only supplies a single product, leaving no
opportunity for further discovery. In the latticgodel, by
contrast, the monopolist tends to set a moderate phat
encourages some exploration, and captures a stibktan
fraction of the utility available to consumers. ido
research is needed to see how realistic contermespare
structured, and how analytic models may be cakuordor
added realism.

Our analysis only considers profits resulting direérom
selling goods to each user. A large part of theedharing
debate, however, concerns the degree to whichecklat
revenue streams can make up for the loss in dealess.
For example, musicians can supplement their salzsre
through concert sales, merchandizing, and promstion
Even when lower prices yield less revenue in oudei®
they still result in users that like the music tleed up with
more. This feature can be expected to enhancégphaim
auxiliary revenue channels. More ardent fans may p
more for concerts, or be more interested in buyislirts.

In practice, modeling the tradeoff between diffén@venue
sources is difficult and will likely require a momata-
driven approach than we have adopted here.

We have suggested that discovery can shift intdrest
mainstream content to more specialized contentindyithe
formation of a long-tail distribution. In turn, clu a

distribution can be an enabling factor for a varief
potential business models. Smaller, more enthiisias
audiences may be more likely to invest in musicti$ta, or
recommend content to friends. They may experiesmce
sense of community that discourages piracy. Revenu
sharing strategies may be more robust when feweplpe
are required to cooperate. Niche content is aésdér to
find on file-sharing networks than mainstream hitgking

it less of an attractive alternative.

In order to provide a clear description of discgver
processes, we have aimed to keep our models simple,
focusing on a single distribution system. A lot of
interesting aspects of today’s industry, howevenemge
when multiple distribution systems interact. Ofurse,
pirate file-sharing networks may draw demand awaynf

This is a moderate price that encourages legal distribution channels. Future revisions of models

may be geared to describing discovery across these
competitive mediums.

In another direction, today’s industry also feasuneultiple
legal distribution channels, which may interact and cetap
with each other. As we saw in our lattice model,
monopolist may want to set a moderate price to @mage
exploration through a structured content space.vel®i
recent advances in tools for content navigatiormusic
label may be motivated to encourage greater expbora
through its digital distribution channels. Suclstaategy
may interfere with the label's traditional, non-ityd retail
channels, however. Unlike digital downloads, tiiadéal
retail is constrained by limited shelf space, ladit
promotion time on radio, and so forth. This sdsrci
motivates a strategy of mega-hits, which may beemsion
with the features of digital distribution. As amdi sales
continue to increase in importance, however, we may
expect a greater transition away from megahits tdsva
niche products. Further research is needed to ieeatinis
possibility.

Throughout our analysis, we have seen that disgover
processes can enhance social welfare. By moving
consumers away from the mainstream towards niche
content, discovery can also stimulate a more déveomtent
industry. We believe that these considerationsr bea
strongly upon today’s public debate, and futureiges
should be considered in light of their effect omtemt
discovery.

One important aspect of today’s debates conceres th
pricing of digital content. File-sharing exertswdavard
pressure on today’s prices, which is often portlags a
threat to content production. We were surprisedirid,
however, that less money for labels does not usalisr
imply less content. Instead, lower prices can make
marginal content more profitable, as it attracteater
interest from consumers, and the result can beeater
diversity of digital products.
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