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We explore the consequence of quality unpredictability for the welfare
benefit of new products, using recent developments in recordedmusic
as our context.Wequantify the effects of newmusic onwelfare using an
explicit structural model of demand and entry with potentially unpre-
dictable product quality. On the basis of plausible forecasting models
of expected appeal, a tripling of the choice set according to expected
quality adds substantially more consumer surplus as the usual long-tail
benefits from a tripling of the choice set according to realized quality.
I. Introduction
The rise of the internet—and digitizationmore generally—has placed at-
tention on the welfare benefit of cost reductions that raise the number of
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available products. Researchers andothers have viewed the internet as de-
livering infinite shelf space, allowing consumers access to a long tail of ob-
scure products.1 Despite the importance of long-tail effects in consump-
tion, the welfare benefit of new products is much larger when we account
for the unpredictability of product quality at the time of investment. We
term this the “long tail in production.”
The usual long tail idea in consumption is that the internet allows con-

sumers access to the large number of extant products rather than simply
the popular products that consumers might access from a local retailer
with limited shelf space.While access to additional products is clearly ben-
eficial to consumers, the benefitsmay be somewhat limited: given the sub-
stitutability among differentiated products, the incremental benefit of
obscure products—even lots of them—can be small. A long tail in produc-
tion is different. The appeal of many products to consumers is difficult to
know at the time that investments are made. This unpredictability is sub-
stantial for cultural products such as books, movies, and music, leading
screenwriter William Goldman (1984) to famously remark that “nobody
knows anything” about which new movies will be commercially success-
ful. Industry observers report that roughly 10 percent of new movies are
commercially successful, and the figures for books and music are similar
(Caves 2000). The unpredictability of product appeal is not limited to
cultural products. Gourville (2005) reports new product failure rates be-
tween 40 and 90 percent across many categories.
When the costs of bringing new products to market fall, society in ef-

fect can take more draws from an urn of potential new products. If the
appeal of new products to consumers were perfectly predictable at the
time of investment, then entry of additional products would be similar
to adding more shelf space, virtual or otherwise, in a retail environment.
The additional products would each have limited appeal and, in particu-
lar, lower appeal than the last currently entering product. But if appeal is
unpredictable—and we will provide additional evidence that it is for mu-
sic—then adding more products can have substantial benefits by deliver-
ing consumers products throughout the realized quality distribution. Be-
cause product appeal is also unpredictable in other industries, this idea
may have broader applicability.
Technological change in the recorded music industry has allowed sub-

stantial growth in the number of new products, a tripling in new products
between 2000 and 2008, leading us to explore how growth in the number
1 By some estimates, the benefit consumers obtain from access to a long tail of additional
varieties may be as high as $1.03 billion per year for books alone in 2000 (Brynjolfsson, Hu,
and Smith 2003).
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quality predictability and welfare benefits 000
of new products available affects welfare under our random long tail per-
spective in relation to the conventional view. We can measure the benefit
as the difference between welfare with the new, enlarged choice set and a
smaller choice set including a third of the recently entering products. Yet,
the welfare impact of an entry cost reduction that triples the choice set
depends heavily on which third of existing recent products would have
enteredwithout the cost reduction. This, in turn, depends on the predict-
ability of quality at the time of investment. At one extreme, if product
qualitywereperfectlypredictable (the “perfect foresight”orPFcase), then
a reduction in the cost of entry from, say, T to T 0 would elicit entry of new
products with expected—and realized—revenue between T and T 0. The
addition of these modest-appeal products to the choice set corresponds
to the traditional long-tail benefits. The newly entering products would
necessarily raise surplus available to consumers, but the benefit might be
small since none of the new products would exceed the quality of the least
attractive existing product. In the more realistic case in which quality is
not entirely predictable (the “imperfect predictability” or IP case), bene-
fits would be larger, as some new products would have high realized qual-
ity despite low expected revenue.
To quantify the benefits of new products made possible by digitization,

we develop a simple illustrative equilibriummodel of the recordedmusic
industry that includes a structural demand model and a model of entry
based on expected revenue. We use data on digital music track sales for
17 countries in 2011 to estimate a nested logitmodel of demand. The out-
put of the model includes both parameter estimates andmeasures of the
realized appeal of each product, which we term d. We use the realized d’s
for the United States in 2011 to develop a forecasting model of expected
quality, which we incorporate in our entry model. We infer fixed costs
from the expected revenue of the last entering product. Themodel allows
us to address the two questions that motivate the paper. First, what is the
effect of the cost reductions associated with digitization—which have tri-
pled the number of products brought tomarket in theUnited States—on
consumer surplus and overall welfare? And our second, main question is,
Howdo these benefits, whichwe term the long tail in production, relate to
the conventional long tail in consumption?
Despite our detailed data on track sales, some features of our context

place limits on the richness of the demandmodel we can estimate.Hence,
our exercise is best viewed as an empirical illustration of the idea of the
long tail in production rather than a richly specified demand estimation
exercise. Even if we cannot precisely measure the size of the welfare ben-
efit from new products, we canmake stronger statements about its size in
relation to the conventional long-tail benefits associated with the inter-
net. We find that the size of the long tail in production relative to the con-
ventional long tail is, perhaps surprisingly, quite insensitive to different
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parameter estimates and demandmodeling approaches. A tripling of the
choice set according to expected quality adds nearly 20 times as much
consumer surplus andmore than 10 times as much overall welfare as a tri-
pling of the choice set according to realized quality. That is, the long tail in
production is almost 20 times as large as the traditional long tail. While
insensitive to estimated demand parameters, the result does depend cru-
cially on the predictability of quality, and we explore the sensitivity of our
finding to different degrees of predictability. It is hard to know precisely
how well industry participants can predict quality, but evidence presented
here and elsewhere about the unpredictability of quality leads us to the
conclusion that the random long tail is substantially larger than its con-
ventional counterpart.
The paper proceeds in seven sections after the introduction. Section II

presents descriptive facts about entry in the music industry, institutions
for product discovery in the digital era, and a simple model illustrating
the impact of unpredictability on the welfare effects of entry. Section III
sets out an empirical structural model of the music market. Section IV
presents the data that we will use in our estimation, while Section V pre-
sents our estimates of demand, expected revenue, and the fixed costs from
the entry model. Next, we turn to counterfactual results in Section VI, in-
cluding both estimates of the welfare impact of an enlarged choice set
with imperfect predictability and our main object of interest, the size of
this welfare gain in relation to the welfare impact of an enlarged choice
set with perfect foresight. Section VII discusses the sensitivity of results
to estimated parameters and forecasting approaches. Section VIII pre-
sents conclusions.
II. Background

A. Industry Background
This subsection provides background on three issues relevant to our ex-
ercise. First, we discuss technological change and the growth in new prod-
ucts. Second, we provide information on institutions for product dis-
covery. Third, we describe existing evidence on the unpredictability of
product quality.
Since 1999, recorded music revenue has fallen by 70 percent around

the world. While industry participants—particularly the major record la-
bels—have raised concerns that declining revenue would undermine in-
vestment incentives, the number of new products brought to market has
risen rather than fallen as the cost of bringing newproducts tomarket has
fallen substantially. As documented elsewhere, the costs of production,
promotion, anddistributionofnewmusichave fallen sharplywithdigitiza-
tion.Thesecost reductions are substantial enough tohaveenabledgrowth
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in the number of new products despite the drastic decline in revenue;
and the number of new recordedmusic products brought tomarket each
year has risen since 1990 and more sharply since 2000 (Oberholzer-Gee
and Strumpf 2010; Handke 2012; Waldfogel 2015; Aguiar and Waldfogel
2016a). According to Nielsen data, the number of new music products
brought to market tripled between 2000 and 2008.2

The welfare that society derives from music equals the benefit to con-
sumers, beyondwhat they pay, plus producer surplus, less costs of produc-
tion and product discovery. With the substantial growth in new products,
we would expect product discovery costs to rise. In particular, one might
expect difficulty in consumerdiscovery of goodproducts among thepleth-
ora of newofferings. Indeed, it is possible that consumers would fail to dis-
cover good products among the new releases, particularly among the new
products released without much fanfare (e.g., little-known artists on inde-
pendent labels). Under our imperfect predictability view of the world, we
would expect some of the products with low ex ante promise to be highly
valuable to consumers if they were discovered. If products with modest
ex ante promise make up a growing share of the new music that becomes
commercially successful, then we would infer that new products do not
overwhelm thenewproduct discovery institutions. And, indeed, in related
research this is exactly what we find: products from independent labels,
as well as products from new artists, make up growing and now substan-
tial shares of the best-selling new recordedmusic (Waldfogel 2015; Aguiar
and Waldfogel 2016a). In addition to providing evidence that consumers
can discover new products, the growing success of the modest ex ante
promise products also confirms the unpredictability of product success.
B. Related Literature
The study quantifies the benefit of a technological change that allows
more entry of new products, given that new product appeal is unpredict-
able. Our question and approach are related to both the literature esti-
mating the welfare effects of particular new products and the entry liter-
ature. Many studies evaluate the welfare impact of new products. A few
prominent examples include Hausman and Leonard (2002) and Petrin
(2002). The usual approach is to estimate demand in the presence of the
new product and then to simulate welfare in the absence of the new prod-
uct. We similarly do that, but we also model the entry process. That is, the
comparative static that we evaluate is not simply about whether a partic-
ular new product—such as the minivan or breakfast cereal—exists, but
rather about the cost of entry that would give rise to new products.
2 See, e.g., http://tinyurl.com/how-many-releases.
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Our paper is therefore closely related to the strand of the entry liter-
ature that incorporates demand modeling and therefore allows for ex-
plicit estimates of fixed costs (e.g., Berry andWaldfogel 1999). Usually, re-
searchers postulate a model in which products (or firms) enter as long
as their variable profit exceeds their fixed costs, and fixed costs are esti-
mated from the expected revenue of marginal entrants. Observed entry
configurations can then be viewed as Nash equilibria given the estimated
fixed costs. Suchmodels can be used to estimate welfare under, say, coun-
terfactual fixed costs.Our exercise does this, adding thenovel feature that
product appeal is unpredictable at the time of entry.
Our exercise is also closely related to the literature on the “long-tail”

benefits of the internet. Brynjolfsson et al. (2003) quantify the benefit of
access to the full list of books at Amazon in contrast to, say, the 100,000
books locally available to a consumer. The literature takes the view—im-
plicitly or explicitly—that digitization raises the variety available to peo-
ple via an infinite shelf space mechanism rather than the new product
mechanism that we explore.3
C. How Would Entry Cost Reduction Affect Welfare?
To fix ideas this section describes the intuition of our approach. Sec-
tion III discusses the explicit model. When entry costs are T, then all
products with expected revenue aboveT enter, while those with lower ex-
pected revenue do not; when the entry cost falls from T toT 0, then more
entry occurs. Having more products in the choice set raises welfare, but
the size of the impact of additional products on welfare depends on the
predictability of product quality at the time of investment. To see this, con-
sider the following simple model of product entry with the possibility of
quality unpredictability.
At the time of investment, an investor forms an estimate of a product’s

marketability as the true revenue y plus an error n: y 0 5 y 1 n.4 If the en-
try cost is T, then all products with expected revenue y 0 > T enter. If the
entry cost T falls to T 0, then all products with y 0 > T 0 enter. When prod-
uct quality is perfectly predictable (n5 0), then a reduction in entry costs
brings new products with expected and realized revenue—and therefore,
we infer, product quality—between T and T 0. In the more realistic case
3 Sinai and Waldfogel (2004) show that locally isolated consumers make greater use of
the internet. Anderson (2006) popularized the idea of the long tail in a book asserting that
the long list of products at the tail of the distribution are growing in importance relative to the
small number of products at the head.Quan andWilliams (2017)make the point that onewill
overstate the long-tail benefits of access to a large choice set if one overlooks the fact that
offline assortments are tailored to local tastes.

4 This setup is reminiscent of Terviö (2009).
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in which product quality is not perfectly predictable at the time of invest-
ment, the addition of products with expected revenue betweenT and T 0

elicits entry of products whose realized revenue might be anywhere in the
distribution and can, of course, exceedT.
Ourmain concern in this paper is the evaluation of an entry cost reduc-

tion that tripled the number of new products. Given that digitization has
already occurred, the welfare effect of digitization is the difference be-
tween the welfare associated with the current status quo choice set and
the choice set including only a third as many new products. The major
challenge to this exercise, however, is determining which third of recently
added status quo products would have existed if digitization had not re-
duced entry costs. This, in turn, depends on the predictability of product
quality.5

If investors had perfect foresight—and product quality were therefore
completely predictable to investors at the time of entry—then when costs
were high, only the products with the highest expected and realized qual-
ity would enter. Hence, the counterfactual high–entry cost choice set
would be the top third of products according to realized quality. The
comparison of the top third of products with the total choice set is anal-
ogous to the shelf space problem underlying the usual long-tail welfare
calculation asking, for example, what benefit consumers derive from ac-
cess to the top million books as opposed to the top 100,000. Under this
usual approach, the benefit of additional products would be relatively
small. At the other extreme, if quality were completely unpredictable to
investors, then the counterfactual choice set associated with high entry
costs would be a random sample of status quo products. Because the ad-
ditional products would be as good, on average, as existing products, the
additional products would add more to welfare than if investors had per-
fect foresight.
In the more plausible intermediate case of imperfect predictability,

the effect of new products on welfare would fall between the two polar
cases. This discussion demonstrates that the impact of cost reduction on
product entry and resulting welfare—the long tail in production—de-
pends crucially on the predictability of product quality to investors.
III. The Model
This section describes the components of our equilibrium model of the
recorded music industry needed for measuring the welfare impact of the
cost reduction: demand, quality prediction, and entry.
5 While we focus throughout the text on the welfare benefit of tripling the number of
new products, we also explore the welfare consequence of different degrees of growth
in the choice set. See Sec. VII.
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A. Demand
Given our goal of developing an entry model incorporating expectations
about product quality, we employ a model that allows us to easily infer
product quality while also allowing for substitutability among products.
To this end we employ a nested logit model, similar to that of Berry (1994)
and Ferreira, Petrin, andWaldfogel (2013).
In each country, consumers choose whether to buy music and then

choose among available songs. The choice sets of songs vary both across
countries and over time. Define Jct as the set of songs available in country
c at time t, and index songs by j.6 Suppressing the time subscript, each
consumer therefore decides in each month whether to download one
song in the choice set Jc 5 f1, 2, 3, ::: , Jcg or to consume the outside good
(not purchasing a song). Specifically, every month every consumer i in
country c chooses j from the Jc 1 1 options that maximizes the condi-
tional indirect utility function given by

uij 5 xjcb 2 apjc 1 yjc 1 z i 1 1 2 jð Þeij
5 djc 1 z i 1 1 2 jð Þeij ,

(1)

where djc is therefore the mean utility of song j in country c. The vector xjc
includes song- as well as country-specific characteristics relevant to con-
sumer interest in the song (and therefore also relevant to the song’s pros-
pect for success ex ante), pjc is the price of song j in country c, and a is the
marginal utility of money. The parameter yjc is the unobserved (to the
econometrician) quality of song j from the perspective of country c con-
sumers and can differ across countries for the same song (song j, e.g., can
have different quality to US vs. French consumers), and eij is an indepen-
dent taste shock. In contrast to a simple logit model, the nested logit al-
lows for correlation in consumers’ tastes for consuming digital music.7

Given the functional forms associated with nested logit, we can calcu-
late the market share and revenue of each product for any set of product
qualities djc.8
6 Our data cover only digital singles, not albums. See Sec. IV for details on the data.
7 In the logit model the individual taste eij is independent across both consumers and

choices and the conditional indirect utility function is given by uij 5 djc 1 eij . This prevents
the possibility that consumers have heterogeneous tastes, i.e., differ in their taste for con-
suming music. We provide additional detail in Aguiar and Waldfogel (2016b).

8 In the nested logit model we can calculate djc as

lnðSjcÞ 2 ln S0cð Þ 2 j ln
Sjc

1 2 S0c

� �
,

where Sjc represents the market share of song j in country c and S0c is the market share of
the outside good. See Sec. V for details of implementation. We also implement our esti-
mates using a plain logit model to explore robustness of the results to the demand model
specification. See Sec. VII below.
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B. Quality Prediction
Ourmodel of entry withunpredictable product quality requires us to have
a measure of the appeal, or commercial success, that an investor would
expect from releasing song j. The results from our demand estimation
allow us to construct estimates of the mean utility of each song as well
as their quality predictions. For each song j, and omitting country sub-
scripts, dj reflects the appeal it generates for consumers based on its mar-
ket share. The explanatory variables xj included in the demand model,
which describe consumers’ demand for the product, are also relevant to
quality prediction. This gives rise to our first forecasting approach: With
the xj variables included directly in the demand model, we can recover a
quality prediction directly from the estimated demand model in a single
step.9 We note here that some variables that will be helpful for prediction—
namely, record label identities—are available only for the United States, so
we will also employ a second, two-step approach, recovering dj from the
demand model, and then regressing it on both xj and the label variables.
C. Supply and Fixed Costs
Our measure of the welfare associated with an entry configuration, or set
of products that enters, is the sum of consumer surplus and revenue less
the number of products times the fixed cost per product. The demand
model givesus consumer surplus andrevenue for anyentry configuration.
In order to evaluate the welfare associated with a set of entering products,
we need fixed costs and the ordered set of entering products, which our
entry model delivers. While the imperfect prediction model is our cen-
tral approach and the approach we view as realistic, we also develop ap-
proaches using perfect foresight and no predictability, both to illustrate
the intuition of our approach and to compare our estimates of the long
tail in production with estimates analogous to the long tail in consump-
tion, reflected in the perfect foresight model.
1. Perfect Foresight
Under perfect foresight (PF), products enter in order of realized quality,
or dj. The fixed cost under the status quo is the expected revenue of the
last (Nth) entering product.
To estimate the counterfactual PF fixed costs that give rise to one-third

of recent status quo entry, we must calculate the expected revenue of the
last product when only the N =3 best-selling products enter. To this end,
define dj as the realized quality of product j, and define Dj as the set of
9 In general, dj 5 xjb 2 apjc 1 yj . Because our data do not include prices, apjc becomes
part of the constant term in xj in our empirical implementation. Our prediction of song j ’s
quality is therefore d0j 5 xj b̂. See Sec. V for details of implementation.
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products {d1, ..., dj}. Because products are imperfect substitutes, revenue
to each product depends on the full set of products in the market.
The expected revenue to product 1 entering alone depends on D1,
and so on. That is, if E[rk] is the expected revenue of product k, then
E[rk] is a function of the vector Dk.
If we order the products such that dk > dk11, the products enter as long

as E½rkðDkÞ� > T , where T denotes fixed costs of entry. For example, given
the nested logit structure, the expected and realized revenue to product
1 when it is alone is

r1 5 pMs1 5 pM
ed1=ð12jÞ

Dj
1 1 D1

� �
, (2)

where

D1 5 ed1=ð12jÞ:

The price of the product is denoted by p, and M is market size.10

More generally, the revenue to product k (when it is the last entering
product) is given by

rk 5 pMsk 5 pM
e dk=ð12jÞ

Dj
k 1 Dk

� �
, (3)

where

Dk 5 o
k

j51

 e dj=ð12jÞ:

To estimate counterfactual fixed costs when N =3 products enter, we
can infer that the fixed costs (T ) equal the expected (and realized) rev-
enue of the last entering product: T ≈ rk , with k 5 N =3.11
2. No Predictability
At the opposite extreme from the perfect predictability model is a model
with no predictability. While not a plausible depiction of reality, this model
nevertheless provides a useful benchmark, describing a world in which,
10 In our empirical implementation, we define the market size as 12 times the country
population. We also explore the sensitivity of our results to different market size defini-
tions. See Sec. V.A.4.

11 Our PF fixed-cost estimates require an important caveat (which applies to our IP es-
timates as well). We derive our estimates of fixed costs from the expected revenue of the
marginal entering product. Hence, strictly speaking, our fixed cost is an estimate of the
fixed cost for the marginal entrant. It seems likely that inframarginal entrants incur higher
fixed costs. This means, further, that our estimate of the aggregated fixed costs incurred by
all entrants, N � FC , is a lower bound on the resources consumed by the fixed costs of entry.
Underestimation of N � FC would lead to overestimates of welfare. We can, however, place
an upper bound on fixed costs as well. Under free entry, entry could occur until profit op-
portunities have been dissipated. Hence, total revenue itself provides an upper-bound es-
timate of aggregate fixed costs (N � FC). See Sec. V.A.3.
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literally, “nobody knows anything.” With no predictability, all products
are identical ex ante. Hence the expected revenue of any product de-
pends only on the total number of products entering (k) and is the total
revenue to those k products divided by k. That is,

E rk½ � 5 pME

Dk

Dj
k 1 Dk

k

2
4

3
5, (4)

where Dk is evaluated with a particular draw of k product qualities (dj), p
is the price, and M is market size.
Hence, the no-prediction estimate of status quo fixed cost is the total

observed revenue divided by the number of products. We estimate coun-
terfactual fixed cost as the average revenue per product if N =3 products
entered. To estimate this, we take draws of N =3 d’s, and each draw gen-
erates an estimate of average revenue per product.
Under the no-predictability model, additional products add substan-

tially to welfare by construction because the average quality of products
does not decline with entry. The only reason that consumer surplus and
the expected revenue per product decline with entry is that substitution
is allowed for by the nested logit model’s parameter j.
3. Imperfect Prediction
The perfect foresight and no-prediction models present two extremes,
both somewhat unrealistic. This leads us to the imperfect prediction case,
in which investors have some ability to predict the appeal of songs at the
time of investment. Our predicted d’s (which we term d0) create an order-
ing of potential projects in descending order of ex ante (expected) prom-
ise: d01 > d02 > ⋯ > d0N . In the imperfect prediction case, the analogue to
the no-prediction random draw of k products is the top k products or-
dered by expected quality.
We calculate the expected revenue of the kth entrant as follows. Order

songs by their ex ante promise (d0). When the first (k2 1) songs, ordered
by their ex ante appeal, are in the market with their ex post appeal, the
revenue to the kth entrant depends on its realized value. For a particular
realization of dk 5 d0k 1 ε, the share of population consuming product k,
via the nested logit formula, is

sk εð Þ 5 e ðd
0
k1εÞ=ð12jÞ

ok21
j51  e

dj=ð12jÞ 1 e ðd
0
k1εÞ=ð12jÞ� �j

1 ok21
j51  e

dj=ð12jÞ 1 e ðd
0
k1εÞ=ð12jÞ� � : (5)

Because of the nonlinearity of the share formula, we compute the ex-
pected market share by integration. The expected market share of the
kth entrant is therefore given by
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E sk½ � 5
ð
sk εð Þf εð Þdε, (6)

where f is the density of ε. In our empirical implementation, we will take
f to be the empirical distribution of the residuals from our prediction
model, ε ; d 2 d0. We will therefore compute the expected revenue of
the kth entrant (when the first k2 1 songs ordered by their ex ante appeal
have entered) as

E rk½ � 5 pME sk½ � 5 pM
1

N o
N

n51

 sk εnð Þ
� �

5 pM
1

N o
N

n51

 
e ðd

0
k1εnÞ=ð12jÞ

Dj
kn 1 Dkn

� �
, (7)

where

Dkn 5 o
k21

j51

 e d1=ð12jÞ 1 e ðd
0
k1εnÞ=ð12jÞ

and N is the total number of products.
We estimate status quo fixed costs using the expected revenue of the

last entrant, and we estimate counterfactual fixed cost as the expected
revenue of the last product when the top N =3 products enter according
to expected quality, or k 5 N =3.
IV. Data
Given our goals of estimating the welfare benefits of new music prod-
ucts, we would ideally observe all revenue generated by new music prod-
ucts. This would include sales of digital music, sales of physical products
(e.g., compact disks), as well as live performance revenue. Our actual
data, while very rich and detailed, include only a subset of the ideal. That
is, the basic data for this study include annual sales of all digital singles in
the United States, Canada, and 15 European countries, 2006–11, but our
data contain no information on physical products or live performance
revenue.12 Our sample includes 3,984,227 distinct tracks from 75,235 dis-
tinct artists and, because a song can appear in multiple countries and
years, 50,828,216 observations. Total digital track sales in the data are
628.3 million in 2006 and rise to 1,512.4 million in 2011. The sales data
are drawn from Nielsen’s SoundScan product, and readers are directed
to Aguiar and Waldfogel (2016a, 2016b) for additional details.
12 The data set initially includes the following 16 European countries: Austria, Belgium,
Denmark, Finland, France, Germany, Ireland, Italy, Netherlands, Norway, Poland, Portu-
gal, Spain, Sweden, Switzerland, and the United Kingdom. However, given that Poland en-
ters the data in 2008 only, we decided to drop it from the analysis.
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We use these underlying data to create two data sets that we use for de-
mand estimations and quality predictions, respectively. While we have
data for 2006–11, the main data set used for demand estimation covers
17 countries for 2011 and includes data on artists’ country of origin, art-
ists’ age (measured as the number of years between a song’s release year
and the artist’s earliest vintage release), as well as an artist genre designa-
tion.13 We obtained the genre data from http://Allmusic.com.14 We per-
form the quality prediction exercise and welfare calculations using only
the subset of US data since these data also include the identity of labels
releasing each song. Our revenue data cover digital track sales, not the to-
tal revenue that artists earn from creatingmusic. The track sales are a sub-
set of total recordedmusic sales.OurUSdigital track sales total $1.313 bil-
lion for2011,while theRecordingIndustryAssociationofAmerica(RIAA)
reports total recordedmusic salesof$7.008billion.15Hence, tomake them
reflective of US recorded music sales, we scale up our estimates by 5.34.16

We discuss this further in Section V.C below.
Other variables we employ in the study include population, GDP per

capita, and the urban share of the total population. These are drawn from
the World Bank Open Data (http://data.worldbank.org/). We also use
measures of the digital share of music expenditure in each country and
year, which we take from the Recording Industry in Numbers 2013 publica-
tion from the International Federation of the Phonographic Industry
(http://www.ifpi.org). Descriptives on the variables used in the estima-
tion can be found in Aguiar and Waldfogel (2016b).
V. Empirical Implementation

A. Demand Model
Following equation (1) and normalizing the utility of the outside good
d0c to zero, the market shares for all j ∈ Jc are given by
13 We rely on the 2011 data for our demand estimation because our identification strat-
egies are cross-sectional and because the 2011 data are the most recent. See Sec. V.A.4.

14 We sought matches for each of the 75,235 sample artists from Allmusic.com. We ob-
tained matches for 61,073 artists, accounting for 93.2 percent of the sales in the data with
origin matches. The artists are classified into 36 distinct genres, which we aggregate to five
broad genres: electronic, jazz, pop/rock, rap/R&B, and other.

15 The RIAA reports sales of 1,306.2 million digital tracks, generating $1,492.7 in reve-
nue, or $1.14 per track. Our data contain 1.149 billion US track sales. At $1.14 per track,
our data cover $1.313 billion in track sales. See RIAA, 2011 Year-End Shipment Statistics
(https://www.musicaememoria.com/docs/riaa-2011-year-end-shipment.pdf).

16 Artists also derive revenue from live performances as well as recorded music. In 2011,
live performance revenue was $4.35 billion. See 2011 Pollstar Year End Business Analysis,
available at http://www.pollstarpro.com/files/Charts2011/2011BusinessAnalysis.pdf. To
the likely extent that the creation of new music also brings the opportunity to generate
some live performance revenue, measures of expected revenue based only on recorded
music sales would understate the true expected revenue.
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Jc 1 DJc

, with DJc 5 o
j∈Jc

 edjc=ð12jÞ:

Inverting out djc from observed market shares as in Berry (1994) yields

lnðSjcÞ 2 ln S0cð Þ 5 djc 1 j ln
Sjc

1 2 S0c

� �

5 xjcb 2 apjc 1 j ln
Sjc

1 2 S0c

� �
1 yjc ,

(8)

so that an estimate of b, a, and j can be obtained from a linear regres-
sion of differences in logmarket shares on product characteristics, prices,
and the log of within-group share. The vector xjc includes three kinds of
variables. First, we include country-level variables: the 2011 digital share
of music expenditure in the country, GDP per capita, the shares of popu-
lation that are urban, fixed broadband subscribers, mobile cellular sub-
scribers, and internetusers. Second,we include artist-level variables: genre,
artist’s age, country of origin, whether the artist is new with this release,
and the artist’s sales in previous years. Third, we include terms in the age
of the song.
As the determinants of appeal in the demand model, the variables xjc

are also relevant to quality prediction. Hence, we can effectively estimate
the demand and prediction models in one step. The one-step approach
faces a practical obstacle, however, as one important set of variables (the
identity of labels releasing each song) is available only for the United
States and not for other countries and hence cannot be used directly
in demand estimation. Our estimate of the relative welfare gain from ad-
ditional products will be sensitive to the explanatory power of the predic-
tion model. Hence, we will undertake estimation in two ways. First, we do
one-step estimation, including all of the available song and artist charac-
teristics that are predictive of song success directly in (8). Second, we take
a two-step approach, deriving dj from our estimate of j from (8) and then
regressing dj for new US songs in a second step on all relevant predictors,
including both xj and the label variables that are available only for the
United States.
1. Identification of j
The substitution parameter j plays an important role in showing the
benefits of additional products to consumers. It is helpful to note that
thedemandmodel (8) is a regression of lnðSjcÞ 2 lnðS0cÞon, amongother
variables, lnðSjcÞ 2 lnð1 2 S0cÞ. Before even considering the possible en-
dogeneity of the independent variable, it is worth observing that it is a re-
gression of a function of Sjc on a related function of Sjc. Hence, our first
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approach, ordinary least squares (OLS), could produce an upwardly bi-
ased estimate of j (indicating close substitutability of products) for me-
chanical reasons. Instrumental variables (IV) can address this problem
as well as the possible endogeneity of lnðSjcÞ 2 lnð1 2 S0cÞ.
We explore two broad IV strategies for identifying j. The endogenous

variable of interest on the right-hand side of the demand equation is
lnðSjcÞ 2 lnð1 2 S0cÞ. We can get some intuition about identification of j
from noting that in a symmetric model—if all inside products had equal
market shares—Sjc=ð1 2 S0cÞ would equal 1=N , where N is the number of
products. In general, the market share of an individual product j is a
function of the number of remaining products (N 2 1), as the product
must compete with the other N2 1 products. Just as the market share of
a product j depends on the number of products entering, it also depends
on the natural determinant of the number of entering products, the size
of the market. Hence, one can imagine using either N or measures of mar-
ket size, such as population, as instruments for lnðSjcÞ 2 lnð1 2 S0cÞ.
Two points about using the number of products as an instrument are in

order. First, this is the simplest version of the IV approach used in Berry,
Levinsohn, andPakes (1995) anddescribed inNevo (2000), which in gen-
eral entails using functions of the other products in the choice set as in-
struments. In this case, the function is simply the sum of the products, or
N. Second, one can be concerned that N is itself endogenous. If markets
withmore entry have elevated unobserved taste for recordedmusic, then
this instrument will lead to estimates that overstate themarket expansion
arising fromentry (and therefore understating the size of the demandpa-
rameter j).
On the other hand, if market size affects entry conditions but is not

directly related to preferences, then instrumenting lnðSjcÞ 2 lnð1 2 S0cÞ
withmarket size will avoid this overstatement ofmarket expanding effects
of entry. Under the European Union restrictions on cross-country digital
trade, the decision to make a song available must be made on a country-
by-country basis, and we therefore expect to see larger N in larger mar-
kets, as the product entry decision is undertaken for more songs in larger
markets.17

Simple figures illustrate our two basic IV approaches to identification
of the demand model. The left panel of figure 1 depicts the relationship
betweenmarket size, as measured by the log of population, and the num-
ber of songs available in each country in 2011. The relationship is clearly
positive. We take this as evidence of variation in the choice sets that is
driven by the size of the market, as opposed to the tastes of individuals.
17 This is the approach employed in Berry andWaldfogel (1999) and Gentzkow and Sha-
piro (2010) and discussed in Berry and Haile (2015) and Berry and Waldfogel (2016).
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quality predictability and welfare benefits 000
The right-handpanel of thefigure shows the relationship between the log
of the number of products and per capita consumption; this too is posi-
tive,butasdiscussedabove,onecanbeconcernedthat thenumberofprod-
ucts entering is endogenous to the level of demand for music.
While the simplest version of the Berry et al. approach uses the number

of products as instruments, more complicated variants involve functions
of the characteristics of products. Here, for our approach, we can use the
sum of the following product characteristics: age, genre, and country of
origin. In what follows, we report four groups of estimates of the demand
model (8): OLS, IV using market size, IV using the number of products,
and IV using functions of characteristics.
2. Price Coefficient
While we need an estimate of the price coefficient to translate the utility
gain from additional products into a dollar value, the parameter plays
no role in our calculation of the value of the random long tail relative to
the conventional one. To estimate a, we would ideally observe exogenous
price variation across songs that would allow us to econometrically iden-
tify the price coefficient a. This approach is infeasible because we do not
observe song-level prices. We do, however, observe the average price, al-
lowing us to infer thea parameter froma first-order condition on pricing.
Because the price is constant, the term apjc in (8) simply becomes part

of the constant term in the estimating equation

lnðSjcÞ 2 ln S0ð Þ 5 xjcb 1 j ln
Sjc

1 2 S0c

� �
1 yjc : (9)

Using j we can calculate the country-specific mean utility of each song
djc:

djc 5 lnðSjcÞ 2 ln S0cð Þ 2 j ln
Sjc

1 2 S0c

� �
: (10)

We can infer a from a condition on the music demand elasticity. As-
suming that songs are sold by a profit-maximizingmonopolist facing zero
marginal cost, the price level would be set such that the demand for songs
is unit elastic.18 Given that the elasticity of demand formusic in ourmodel
is given by
18 Note that this way of inferring a is not uncommon among practitioners. As noted by
Böjrnerstedt and Verboven (2013), one may want to verify whether elasticities are consis-
tent with external industry information as opposed to relying too heavily on econometric
estimates. While our motivation is driven by lack of data on product prices, we basically fol-
low the same type of approach.
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J
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,

we can infer the price parameter under the assumption of unit-elastic
pricing as

a 5
1

p

DJ 1 Dj
J

Dj
J

:

In reality, it is likely thatmajor sellers of digital music (e.g., Apple) price
songs below the static profit maximization level to stimulate demand for
complementary hardware (Shiller and Waldfogel 2011; Danaher et al.
2014). If so, the estimate of a is an upper bound, and our resulting esti-
mates of consumer surplus will be a lower bound.19
3. Consumer Surplus, Revenue, and Welfare Measures
Given our estimates of j and a, we can calculate the mean utility of each
song, and given these estimates of djc, we can calculate the consumer sur-
plus (CS) and revenue (Rev). These, in turn, allow us to calculate two
kinds of welfare measures, CS and overall welfare,W 5 CS 1 Rev 2 N �
FC , where N is the number of products and FC is the fixed cost per prod-
uct. Note that if entry costs equaled revenue, then welfare would simply
equal consumer surplus. In what follows, we calculate the change in wel-
fare both assuming that fixed costs are determined by the marginal en-
trant and assuming that fixed costs equal revenue, in which case DW 5
DCS . Use of consumer surplus as a welfare measure is also consistent with
the literature in this area (e.g., Brynjolfsson et al. 2003), which focuses
entirely on CS. Consumer surplus is given by

CS 5
M

a
ln D12j

J 1 1
� 	

,

and revenue is given by20
19 If demand is inelastic, then

pa 1 2
DJ

DJ 1 Dj
J

� �
< 1

and

a <
1

p

DJ 1 Dj
J

Dj
J

:

20 The results from our estimations allow us to calculate CS and revenue for each country
in each year. However, we omit the country and time subscripts since we perform our coun-
terfactual exercise on US data in 2011 only.
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Rev 5 pjM
DJ

Dj
J 1 DJ

� �
:

Our objects of interest are the absolute change in welfare with the new
products and, especially, the change in welfare under our IP approach,
relative to the standard PF long tail. Given our setup,

DCSIP 5
M

a
ln D12j

J 1 1
� 	

2 ln D12j
J IP
0

1 1
� 	� �

,

where J is the full status quo choice set, and J IP
0 is the set of products that

would have existed without a cost reduction under IP. Note that this de-
pends on a, j, and our predictions of which products enter the counter-
factual IP choice set: DWIP 5 DCSIP 1 DRevIP 2 N0 � FC 0 2 NIP � FCIP ,
where DRevIP is the status quo revenue less the revenue that the top third
of products in expected revenue would generate, and N0 and FC0 are the
number of products and the fixed costs per product in the status quo,
respectively.
Our second and main object of interest is the welfare change ratio:

DCSIP

DCSPF

5

M
a

h
ln D12j

J 1 1
� 	

2 ln


D12j

J IP0
1 1

�i
M
a

h
ln D12j

J 1 1
� 	

2 ln


D12j

J PF
0

1 1
�i 5

ln
D12j

J 1 1
D12j

J IP
0

1 1

� �

ln
D12j

J 1 1
D12j

J PF
0

1 1

� � , (11)

and, analogously, DWIP=DWPF . These ratios depend on j and the prod-
ucts predicted to enter the choice set. Notice that while DWIP=DWPF de-
pends on a, the ratio DCSIP=DCSPF does not. Moreover, although j en-
ters (11), so that the welfare change ratios formally depend on j, as it
turns out below, the ratios are empirically almost invariant to j. Hence,
thewelfare change ratio turns outnot tobe sensitive to estimates of thede-
mand parameters a and j (although, again, it will depend on the predict-
ability of product quality).
4. Results
Although we have data on 2006–11, our main estimates rely only on 2011
data, for two reasons.First, our identification strategies are cross-sectional.
Second, the 2011 data are the most recent, and by 2011 digital music has
beenmorewidely adopted. Table 1 reports first-stage estimates using each
of the three IV approaches. In all cases the dependent variable is the log
of the inside share lnðSjcÞ 2 lnð1 2 S0cÞ, and we cluster standard errors in
all specifications at the country level. Column1uses the log of population
as an instrument. As figure 1 showed, market size works, in the sense that
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TABLE 1
Demand Model: First Stage

(1) (2) (3)

ln(population) 21.173***
(.13)

ln(number of songs) 22.289***
(.12)

Sum of songs’ ages 2.013***
(.00)

Number of songs from Germany .158***
(.01)

Number of songs from France 2.166***
(.01)

Number of songs from Spain 2.868***
(.03)

Number of songs from United Kingdom .154***
(.01)

Number of songs from United States 2.554***
(.01)

Number of electronic songs 22.157***
(.06)

Number of jazz songs .497***
(.03)

Number of pop/rock songs .237***
(.01)

Number of rap/R&B songs .607***
(.03)

Number of other songs .689***
(.02)

Share of digital sales 22.498** 22.061*** 1.072***
(1.16) (.49) (.15)

GDP per capita 223.154 9.072*** 223.296***
(15.28) (2.48) (.77)

Urban population 2.009 .007 .036***
(.02) (.01) (.00)

Age of the song 216.818*** 222.334*** 223.698***
(3.18) (1.74) (1.68)

(Age of the song)2 311.673*** 368.587*** 386.088***
(45.28) (30.39) (29.80)

Genre fixed effects ✓ ✓ ✓
Origin fixed effects ✓ ✓ ✓
F-statistic excluded instruments 76.488 385.021 7,588.996
p -value .000 .000 .000
Observations 10,800,378 10,800,378 10,800,378
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Note.—All specifications use 2011 data and include variables measuring artists’ past
sales, artists’ age and its square, an indicator for new artists, and time since last release.
Standard errors are clustered on country level and are in parentheses.
* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.
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the number of available products is greater in larger markets: the larger
themarket, the smaller the average inside share. The F-statistic for the in-
strument is 76.5. When we use the number of products as an instrument,
the instrument also works, in the sense of bearing a strong relationship
with the endogenous inside share. Markets with more products have, on
average, smaller inside shares; and the F-statistic is 385.0. Using the full
Berry et al.–style instruments, the sums of the ages of products, and the
numbers of products by genre and origin, the F-statistic is 7,588.
Table 2 reports estimates of the demand model using OLS as well as

the three IV approaches laid out above. Our demand specifications in-
clude all of the country, song, and artist-level variables. Note that we do
not report all of the prediction coefficients in table 2 but defer their dis-
cussion until table 3 and SectionV.B. The first point to observe is thatOLS
gives rise to our highest estimate of j, 0.786, possibly for the mechanical
reason that we are regressing a function of Sjc on another function of Sjc.
Estimation using the market size instrument, in column 2, gives a j es-

timate of 0.751. Estimates using the simplest Berry et al. approach—that
TABLE 2
Demand Model

Ordinary Least
Squares

(1)

Instrumental Variables

(2) (3) (4)

ln½sj=ð1 2 s0Þ� .786*** .751*** .533*** .511***
(.07) (.10) (.09) (.08)

Share of digital sales 3.159*** 2.889** 1.205*** 1.032***
(1.08) (1.30) (1.07) (1.07)

GDP per capita 19.471 20.745* 28.716*** 29.534***
(11.97) (11.73) (7.51) (7.33)

Urban population .007 .006 .003 .003
(.01) (.01) (.02) (.02)

Age of the song 212.787*** 212.626*** 211.614*** 211.510***
(4.14) (3.79) (2.89) (2.81)

(Age of the song)2 169.008*** 171.401*** 186.377*** 187.914***
(57.40) (54.32) (43.54) (43.08)

Genre fixed effects ✓ ✓ ✓ ✓
Origin fixed effects ✓ ✓ ✓ ✓
Instruments . . . ln(Pop) ln(N ) Sums of age,

origin, genre
R 2 .872 .871 .806 .794
Observations 10,800,378 10,800,378 10,800,378 10,800,378
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*** Significant at the 1 percent level.
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is, using ln(N) as an instrument, in column 3—give 0.533. The estimates
in column 4 using all of the Berry et al. instruments give a similar j esti-
mate of 0.511. Hence, the Berry et al. approach indicates a larger market
expansion effect, that additional products add a great deal to consump-
tion. This is consistent with the intuition about endogeneity of the num-
ber of products.
We have a range of demand estimates before us, and we need to choose

an estimate for carrying out the simulations. OLS has the disadvantage of
potential endogeneity, as well as a mechanical relationship between the
dependent and independent variables of interest. Of the IV approaches,
the market size instrument is most appealing to us. The use of the result-
ing j estimate (0.751) has the justification that it is conservative, relative
to the other IV approaches, in that the larger j estimate will give rise to
smaller absolute welfare benefits of digitization. Two other points are im-
portant. First, it bears continued emphasis that our relative welfare mea-
sure will turn out to be insensitive to j. Second, we will calculate all results
of interest for a range of j values extending beyond the plausible range in
table 2.21
B. Quality Prediction
While we estimate the demand model on data for 17 countries, we per-
form our counterfactual exercises on only US data for 2011. In our coun-
terfactual calculations we treat only the vintage 2011 products as endoge-
nous.That is,wetreat thepre-2011productsavailable in2011asexogenously
available and omit the bottom two-thirds of vintage 2011 products (accord-
ing to their expected quality) in our counterfactual choice set. These sim-
ulations can be interpreted to represent a cost reduction that occurred
starting in 2011.
Implementing our simulation requires quality predictions, and the first

quality prediction comes straight from the demand model. Recall, from
the demandmodel, that dj 5 xjb 1 yj , so we have estimates of b from the
demandmodel above. Column 1 of table 3 reports the estimates of the co-
efficients on the prediction variables from the one-step estimation ap-
proach. Because we are interested only in predicting the quality of 2011
songs, the demand model includes separate coefficients for the vintage
2011 US products and the other products. In table 3 we report only the
coefficients on the interactions of vintage 2011 US dummies with the var-
iables of interest. We see, for example, that new releases from artists with
greater recent sales tend to have higher realized quality and that sales are
21 In Aguiar and Waldfogel (2016b) we explore a large number of alternative specifica-
tions, with similar results.
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lower for older artists. Howmuch of the variation in realized quality does
this prediction model explain? We are interested in the model’s explan-
atory power only for vintage 2011 US products. Hence, we calculate the
model’s predicted quality for those products, and we calculate the rele-
vant R 2 as corrðxj b̂, djÞ2 on the vintage 2011 products. We are able to ex-
plain 19.8 percent of the variation in realized quality for vintage 2011
US songs with the one-step estimates.
The one-step estimates have the advantage of being derived from si-

multaneous estimation, but they have the disadvantage that we cannot in-
clude variables that are not available for all countries. As a result, it is im-
portant to know whether a two-step approach, which would allow us to
TABLE 3
Forecasting Model

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

ln(sales in t 2 1) 141.575*** 91.731*** 69.240*** 65.174***
(53.85) (.96) (.89) (.78)

ln(sales in t 2 2) 25.858** 21.420 24.633*** 212.153***
(2.81) (1.13) (1.03) (.89)

ln(sales in t 2 3) 215.727*** 213.757*** 210.377*** 23.885***
(6.09) (1.13) (1.04) (.86)

ln(sales in t 2 4) 27.860** 24.769*** 22.631** .040
(3.06) (1.11) (1.02) (.66)

ln(sales in t 2 5) 28.509* 2.103 24.858***
(4.58) (.84) (.77)

Years since last release 40.745*** 14.557*** 9.757*** 8.609***
(15.81) (.77) (.70) (.56)

Artist’s age 22.041 214.678*** 211.257*** 212.617***
(5.98) (.41) (.38) (.34)

(Artist’s age)2 2.056 .161*** .122*** .152***
(.08) (.01) (.01) (.01)

New artist 1.254*** .834*** .614*** .453***
(.48) (.01) (.01) (.01)

Genre fixed effects ✓ ✓ ✓ ✓
Origin fixed effects ✓ ✓ ✓ ✓
Label fixed effects X X ✓ ✓
R 2 . . . .238 .411 .403
Prediction R 2 .196 .238 .411 .323
Observations 10,800,378 134,241 134,241 156,411
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*** Significant at the 1 percent level.
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include the variables available only for theUnited States, yields similar re-
sults. To explore this, we derive an estimate of dj from our baseline de-
mand estimation and then regress it directly on the xj variables for just
the vintage 2011 US observations.22 Column 2 reports results, and the co-
efficients are similar to those in column 1.Moreover, theR 2 of this regres-
sion is also similar to the impliedR 2 for column 1 albeit somewhat higher,
at .238 rather than .196. This provides some indication that the two-step
approach will not produce misleading results.23

Column 3 adds the label identifiers to the specification in column 2.
The data contain 13,507 different labels. Artists tend to match with dif-
ferent labels according to expected quality, with the “major” labels re-
leasing artists with substantial commercial appeal and the independents
releasing artists with more modest prospects. There is, moreover, a range
of independent labels from labels such as Merge and 4AD handling well-
known “indie”artists tomoreobscure labels.Hence, labeldummies should
be correlated with predictors of success that labels can observe but the
econometrician cannot.24

There is an important sense in which all of the prediction models in
columns 1–3 of table 3 overstate predictability. These models use 2011
data to predict the success of 2011 releases and may suffer from overfit-
ting. The realized qualities of the 2011 releases are not known at the time
of investment, and tomimic the decision problem of investors should use
only information available prior to the realizations of the 2011 vintage
releases’ success for prediction. To this end we can instead estimate the
demand and prediction models on 2010 data and then use the resulting
coefficients alongwith 2011X ’s to formpredictions.We calculate the pre-
diction R 2 using the 2010 parameters. This R 2 is then corrðxj ,2011b̂2010,
dj,2011Þ2. Using the 2010 forecast reduces the R 2 from .411 in column 3
to .323, and this is the baseline estimation approach we will use in the pa-
per; but we will explore the sensitivity of the results to predictability ex-
tensively in Section VII.C.
We make one final observation. Our prediction model tells which vin-

tage 2011 products would not have been available to consumers in 2011
without cost reductions following from digitization. In reality, cost re-
duction—and the growth of new releases—predates 2011, so that the full
22 That is, we take our baseline estimate of j (0.751) and then calculate dj using expres-
sion (10) above.

23 Even more relevant for us, both prediction equations give rise to roughly equal values
of the ratio in (11).

24 To the extent that labels have already formed a prediction of the artist’s appeal when
signing them, including label fixed effects in the forecasting model will arguably lead to
more conservative results. The R 2 rises fairly substantially with the inclusion of label dum-
mies, to .411.
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benefit of digitization that US consumers experience during 2011 ex-
ceeds the benefits associated with the additional vintage 2011 products.
C. Fixed Costs
Our estimates of fixed costs are based on estimates of the expected reve-
nue of the last entering US product. That is, we calculate perfect fore-
sight status quo fixed costs as the expected (and realized) revenue of the
lowest-appeal vintage 2011 product. Because the lowest revenue observed
in the US digital song data for a vintage 2011 song is $1.14, the resulting
status quo fixed-cost estimate under perfect foresight is $1.14. Scaling
this up to the total year 2011 US recorded music revenue (multiplying
by 5.34) yields a fixed cost of $6.09 (see table 4). The analogous perfect
foresight counterfactual fixed cost is estimated as the expected revenue
of the last entering vintage 2011 product when all pre-2011 products are
in the choice set while only the top third of vintage 2011 products (by re-
alized quality) enter. We estimate this to be $133.97.
We estimate status quo no-predictability fixed costs by calculating the av-

erage revenue to each of the vintage 2011 products when they are available
alongside the earlier, exogenous products (from vintages prior to 2011).
We estimate these as $9,467.89. For the counterfactual no-predictability
fixed costs, we randomly remove two-thirds of the vintage 2011 songs and
then calculate the average revenue per 2011 song when, again, they are
sold alongside all of the pre-2011 songs. We repeat this random exercise
5,000 times, resulting in a counterfactual fixed-costs estimate of $10,521.81.
We calculate the imperfect predictability status quo fixed costs by or-

dering the 2011 products by expected quality. We then seek an estimate
of the expected revenue of the last entering vintage 2011 product when
it is available alongside both the preceding vintage 2011 product and all
TABLE 4
Fixed Costs of Entry

Regime
Perfect
Foresight

Imperfect
Predictability No Predictability

Counterfactual 133.97 1,792.23 10,521.81
Status quo 6.09 18.97 9,467.89
This content downl
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Note.—Fixed costs are estimated as the expected US digital single revenue of the last
entering product, scaled up to the size of the entire US recorded music market in 2011.
Status quo refers to the set of products available in the United States in 2011, while coun-
terfactual models the choice set if digitization had not occurred, referring to simulations in
which the bottom two-thirds of vintage 2011 products, by expected revenue, are removed
from the choice set. Under perfect foresight, products are ordered by realized revenue.
Under our main model, imperfect predictability, products are ordered by expected reve-
nue. With the no-prediction model, products are ordered randomly (so that the counter-
factual choice set has one-third of actual vintage 2011 products, chosen at random). All
figures are in $US 2011.
2018 08:56:54 AM
ww.journals.uchicago.edu/t-and-c).



000 journal of political economy

All
of the pre-2011 products. Using equation (7), we estimate the status quo
fixed cost as the expected revenue of the last entering product.We obtain
an estimate of $18.97. We similarly estimate the counterfactual imperfect
predictability fixed costs as the expected revenue of the k 5 ðN =3Þrd en-
tering product, obtaining an estimate of $1,792.23.
As is customary in the empirical entry literature, our fixed-cost estimates

are derived from a cross section of revenue data. The fixed costs derived
from year 2011 expected revenue of new vintage 2011 songs reflect only
expected first-year song revenue. If first-year revenue is proportional to
lifetime revenue, then our fixed-cost estimates will be proportional to the
trueunderlyingfixedcosts.Moreover, thefixed-costestimatesderived from
first-year revenue bear the same relationship to total fixed costs that our
observed first-year revenue bears to total revenue. Hence, revenue and
cost estimates are consistent with one another, for example, for the pur-
pose of entry counterfactuals involving different fixed-cost levels.25

While the statusquoandcounterfactualfixed-costs estimates aremainly
inputs into our welfare calculations, they are also of some direct interest
as answers to the question, Howmuchmust fixed costs have fallen to gen-
erate a tripling of entry? The answer, under imperfect predictability, is
roughly a factor of 100, from about $1,800 to $19 in table 4.
VI. Simulations: Effect of Tripling the Number
of Songs on Welfare
Table 5 reports baseline estimates of both the absolute changes in wel-
fare measures (DCS and DW ) and our main objects of interest, the ratios
DCSIP=DCSPF and DWIP=DWPF . Using our imperfect predictability ap-
proach, the additional vintage 2011 songs in the 2011 choice set raise
CS by $10.09 million, and given the implied reduction in entry costs, W
rises by $71.72 million. Recall that these are inflated to reflect total US
recorded music sales.
The PF welfare benefits of additional entry, corresponding to the tra-

ditional long tail, are far smaller than the IP benefits. Consumer surplus
for 2011 rises by $0.51 million with a tripling in the number of new 2011
products, while W rises by $6.20 million. These absolute changes in wel-
fare, in addition to reflecting any uncertainty we have about the true value
of the substitution parameter, are also small. It is important to note that
we calculate the absolute change in consumer surplus by removing the
least-promising 90,000 vintage 2011 products from a 2011 choice set that
25 Onemight want to adjust our fixed-cost estimates to compare them to outside estimates
of the cost of bringing new music to market. We do so by considering additional sources of
revenue that released products generate. In particular, we consider the revenue obtained
from the full life of the song as well as the revenue from live performance. See Aguiar
and Waldfogel (2016b) for details on the calculations of these fixed-cost adjustments.
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continues to include over 2 million products. Given the substitutability
across products, as well as the fact that pre-2011 products collectively ac-
count for a large share of sales, we would not expect the absolute increase
in welfare to be large. Again, the absolute change in welfare under imper-
fect predictability interests usmainly in relation to its analogue under per-
fect foresight. And using our baseline model, our long tail in production
produces aDCSIP benefit that is 19.82 times larger than traditional perfect
foresight benefit DCSPF. Our overall welfare benefit DWIP is 11.57 times
larger. This is our main finding.
Although the absolute size of the welfare gain is not our main focus, a

fewnotes are inorder.Weestimate that consumers experienceda$10.09mil-
lion benefit in 2011 from the vintage 2011 products made possible by dig-
itization. During 2011, US consumers also enjoyed additional new prod-
ucts released in 2010, 2009, 2008, and so on, back to 2000 if one were
tomark theonsetofdigitization followingNapster.A roughestimatebased
on the growth in the number of newproducts since 1999 and the shares of
these vintages in year 2011 sales suggests that the role of new, digitization-
enabled products in the 2011 choice set is 4.31 times as large as the new
2011 products alone.26 Hence, the full year 2011 benefit of new products
is roughly four times the benefit arising from just the new (vintage 2011)
products. This is $43.49 million for the United States in 2011, a year in
which total recorded music sales were $7 billion.
Ourestimates of theabsolute sizeof thewelfarebenefits fromnewprod-

ucts appear small in comparison with existing long-tail estimates. Bryn-
jolfssonetal. (2003)estimate thataccess toallbooktitlesatAmazon, rather
than just the top100,000 titles,delivered$1billion inadditional consumer
TABLE 5
Counterfactual Results

Regime DCS
DCS
Ratio DRev

DRev
Ratio DTC

DTC
Ratio DW

DW
Ratio

Perfect foresight .51 1 .51 1 25.18 1 6.20 1
Imperfect
predictability 10.09 19.82 10.09 19.82 251.55 9.96 71.72 11.57

No predictability 152.42 299.48 153.16 300.93 800.16 2154.54 2494.58 279.82
26 See the onlin
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Note.—DCS is the change in CS from the tripling of the vintage 2011 products made pos-
sible by digitization. The three regimes differ by which products are in the counterfactual
(no-digitization) choice set. Perfect foresight adds products with the lowest realized qual-
ity, while imperfect predictability adds products with the lowest expected quality. The no-
predictability regime adds products that are as good, on average, as the products that would
be available without digitization. DCS Ratio reports DCS relative to the perfect foresight es-
timate that corresponds to the traditional long tail; DRev, DTC, DW, and the corresponding
ratios are defined analogously. TC is the fixed cost per product times the number of enter-
ing products.
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surplus to US consumers in 2000. Their measurement approach corre-
sponds to what we termperfect foresight but applied to all vintages rather
than just the 2011 vintage. Our basic PF approach counterfactually re-
moves the lowest-demand two-thirds of products released in 2011. We
can produce an estimate more closely resembling Brynjolfsson et al.’s ap-
proach by discarding all but the 100,000 most popular products among
the full 2.2 million products available in 2011 regardless of vintage. The
loss in CS from eliminating all but the top 100,000 products is $86.4 mil-
lion. This figure remains smaller than the corresponding measure for
books, largely because books have far lower sales concentration. Bryn-
jolfsson et al. report that books outside the top 100,000 titles accounted for
about 40 percent of book sales in 2000. In our music data, tracks outside
the top 100,000 account for under 5 percent of sales. Hence, we expect
our estimates of conventional long-tail benefits (the benefits arising from
access to products outside, say, the top 100,000) to be much smaller than
a corresponding estimate for books.
VII. Robustness
Our estimates of the absolute changes in welfare as well as the ratios such
as DCSIP=DCSPF depend on a host of underlying model features, includ-
ing the price parameter a, the substitutability of products in the demand
model (j), the ability of investors to forecast quality at the time of invest-
ment, and the magnitude of the enlargement of the choice set (the share
of status quo products available in the higher-cost counterfactual—one-
third in the default).
A. The Price Parameter
While the price parameter a has no effect on the DCS ratio, it has a direct
effect on the absolute measure DCSIP. Our baseline a is a bound derived
from assuming revenue-maximizing song pricing. If we instead assumed
that prices were set such that the elasticity of demandwere one-half rather
than one, thena would be half as large, and DCSIP would double. By con-
trast, if prices were set such that the elasticity were two, then DCSIP would
be half as large.27
27 In Aguiar and Waldfogel (2016b) we also consider how our estimates vary with the
share of products included in the counterfactual choice set, concluding that our random
long tail in production is substantially larger than the conventional long tail for a wide
range of choice set enlargements. We also explore the sensitivity of the DCS ratio to alter-
native demand models.
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B. Substitution Parameter j
Each value of j gives us a new vector of product qualities d, which we
term d(j). Each new d vector, in turn, can be used to construct forecasts
of expected quality. We can use these to create estimates of DCSIP and the
DCS ratio to see the sensitivity of these measures to j. As illustrated in
Section V.A.3, the absolute change in DCSIP depends on the substitution
parameter j. Using our baseline j of 0.751, DCSIP is $10 million. By con-
trast, if j were at the ends of our estimated ranges (0.5 or 0.9), then DCSIP
would be about $13 million or $5 million, respectively.
It is not clear a priori how different levels of substitution affect the DCS

ratio, so we undertake simulations for different values of j. For each pos-
sible j, we calculate a d vector, perform our two-step forecast, and then
calculate the DCS ratio. Figure 2 depicts the relationship between j and
the DCS ratio. Our estimate of the ratio is nearly invariant to our choice
of j. If j5 0, then this becomes the plain logit model, and the DCS ratio
is 19.78; if j 5 0.9, the ratio is 19.88. Using the potentially overfitted but
conservative 2011 forecastingmodel, this ratio is nearly constant at 13. Be-
cause j is the only estimated parameter determining d, figure 2 also con-
tains implicit estimates of the standard error of our DCS ratio estimate.
That the DCS ratio is nearly invariant in jmeans that if we take bootstrap
draws from the estimated j distribution, the resulting values of the DCS
ratio would be tightly distributed. We conclude that our estimates of the
FIG. 2.—DCS ratio and substitution parameter j
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DCS ratio are not sensitive to the choice of logit versus nested logit, nor
are they sensitive to the degree of substitutability among songs. Beyond
this, our estimates of the DCS ratio are precise.
C. Investors’ Forecasting Ability
One of the key features of the model is the extent to which investors can
forecast quality at the time of investment. The better their ability to fore-
cast, the smaller are both DCSIP and the DCS ratio. Hence, we would like
to investigate the sensitivity of our welfare estimates to different abilities
to forecast, which we measure through R 2.
Ideally, we would like to see beyond the veil of our ignorance to under-

stand how our forecasting ability improves as we add more variables. Of
course, we have already included all of the variables available to us in our
forecast. To see how our estimate would change if we had better ability to
forecast, we can create a new explanatory variable that is the true value of
d plus a scaled random error. That is, define Bj 5 dj 1 suj , where s is a
scaling variable that we control and u is a standard normal error.
Then our forecasting model regresses d on xjc as in column 4 of table 3

in Section V.B above, along with B. We begin with a large value of s, so that
we are adding an irrelevant variable, whose coefficient will be small.28 As s
shrinks, B acquires a significant coefficient and our ability to predict qual-
ity improves. Each value of s is thus associated with a regression R 2 and a
prediction R 2. Figure 3 depicts the relationships between DCSIP and the
DCS ratio and the prediction R 2.
When s5 1,000, the regression R 2 rises from its baseline of .403 to .495,

and the associated prediction R 2 (for vintage 2011 alone) rises from its
baseline of .323 to .434. The DCS ratio would fall from its baseline value
of nearly 20 to about 7.6, and the absolute change DCSIP would fall from
its baseline of $10.09 million to about $3.9 million. When s5 250, the re-
gression R 2 rises to .846 and the associated prediction R 2 is .843.
A conservative approach to measuring the welfare gain from digitiza-

tion would employ the richest and most accurate prediction model avail-
able. One model that errs on the side of conservatism is the model esti-
mated on 2011 data so that the regression residuals are direct “forecasts”
of quality (as opposed to using the forecasts derived from the 2010 re-
gression). That regression had an R 2 of .411. The resulting estimates of
DCSIP and the DCS ratio are $6.63 million and 13.03, respectively.
28 We use the following values of s to perform our exercise: 10,000,000, 5,000,000,
1,000,000, 500,000, 100,000, 10,000, 1,000, 900, 800, 700, 600, 500, 450, 400, 350, 300,
250, 200, 150, 100, 50, 10, 5, 1, and 0. A value of s5 10,000,000 gives rise to our baseline pre-
diction R 2 of .325.
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VIII. Conclusion
Evaluating the benefit of new products is a central task for economics.
Our study has three conclusions. First, unpredictability can have a large
effect on the impact of new product entry on welfare. We explore the wel-
fare benefit arising from the new products prompted by reduced entry
costs in a context in which quality is unpredictable. This unpredictability
has a large effect on the benefit of new products. Given that unpredict-
ability appears to be a common feature of new products, this idea may
have wider applicability.
Second, applying this perspective to the impact of digitization on the

recorded music industry yields some novel insights about the benefit of
the internet. Observers have understood the benefit of the internet to op-
erate through a shelf space mechanism that we have termed the long tail
in consumption. As important as this mechanism is, we propose that the
long tail in production that we explore is quantitatively more important.
Reductions in entry costs allow producers to “takemore draws,” and given
theunpredictabilityofquality at the timeof investment, takingmoredraws
can generate more “winners.” Our illustrative estimates for music show
that the production mechanism could generate almost 20 times as much
benefit as the consumptionmechanism for an equal-sized increase in the
number of products. This is invariant to the demand estimates and in-
FIG. 3.—DCS ratio, DCSIP, and prediction R 2
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stead depends on the predictability of product quality. It is hard to know
the exact predictability of quality, but given the evidence—here and else-
where—on the unpredictability of the commercial appeal of cultural
products, it seems safe to say that the random long tail is likely to be sub-
stantially larger than the conventional one. Unpredictability is a generic
feature of creative products such as books andmovies, suggesting that the
growth of new products in those categories may be producing large wel-
fare benefits (Waldfogel and Reimers 2015; Waldfogel 2016).
Finally, the results of this study provide evidence of an explicit mecha-

nism by which the growth in newmusic products since Napster has raised
the realized quality of music, as Waldfogel (2012) and Aguiar and Wald-
fogel (2016a) have argued, despite the collapse of recordedmusic revenue.
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