The Dual Impact of Movie Piracy on Box-Office Revenue:

Cannibalization and Promotion

Liye Ma, Alan L. Montgomery, and Michael D. Smith

Carnegie Mellon University
Tepper School of Business and Heinz College
5000 Forbes Ave
Pittsburgh, Pennsylvania

February 2016

Liye Ma (liyema@thsmith.umd.edu) is an Assistant Professor at the Smith School of Business at the
University of Maryland. Alan L. Montgomery (alanmontgomery@cmu.edu) is an Associate Professor at the
Tepper School of Business, and Michael D. Smith is a Professor at the Heinz College at Carnegie Mellon
University.



The Dual Impact of Movie Piracy on Box-Office Revenue:

Cannibalization and Promotion

Abstract

There are two main hypothesized effects from movie piracy: a cannibalization effect which
reduces legitimate sales, and a promotional effect which increases word-of-mouth and
stimulates sales. While these two effects are commonly discussed, there has been no research
to measure their relative impact on motion picture sales. In this paper we use a hidden Markov
model adapted from MOVIEMOD to decompose, and separately measure, the cannibalization
and promotional impacts of piracy.

Using data from all wide release movies in the US from 2006 to 2008 we show that if piracy
could be eliminated from the theatrical window then box-office revenues would increase by 15%
or $1.3b per year. An analysis for the time period from 2011 to 2013 shows a similar increase
of 14%. Our decomposition of piracy into separate cannibalization and promotional effects
shows that the negative effects from piracy due to cannibalization dwarf any positive,
promotional benefits: if piracy did not generate promotional effects through word-of-mouth
communication then box-office revenues would drop by another 1.5%. We also find that, in
rare instances (less than 3% of movies) promotional effects from pre-release piracy could
increase revenue compared to piracy that occurs at release. Nonetheless, all of the movies in
our counterfactual analysis would experience increased box-office revenue if piracy were
eliminated altogether.

Keywords: Motion Pictures, Piracy, Box Office Revenue, Hidden Markov Models, Hierarchical
Bayesian Models



1. Introduction

Quantifying the effect of piracy is an important research question for marketers (Eliashberg, Elberse
and Leenders 2006). Most piracy is due to theft or negligence, but there is speculation in the press (Sandoval
2010, Moraski 2013, Barr 2015) and among industry bloggers (Crossley 2009, Mick 2009, Wallenstein 2010,
de Moraes 2015) that some piracy may be deliberately orchestrated by marketers. Such deliberate piracy leaks
would be consistent with theoretical analyses that propose piracy can increase revenues due to sampling,
network effects, promotion and competition (Conner and Rumelt 1991, Prasad and Mahajan 2003, Chellappa
and Shivendu 2005, Jain 2008, Vernik et al 2011). However, empirical verification of such theorties is lacking
(Liebowtiz 20006) and the predominant empirical finding (see the recent review by Danaher, Smith, and
Telang 2014) has been that overall piracy is harmful to sales.

Empirical research on movie piracy has focused on measuring the overall effect of piracy (Ma et al
2014), but has not considered decomposing it into its two hypothesized effects (Danaher et al 2010, Smith
and Telang 2010): cannibalization and promotion. Cannibalization is a direct reduction in sales of an
authorized version due to consumption of a pirated copy. For example, moviegoers who would have paid to
see the movie in the theater instead watch an illegal—but free—pirated version. An indirect promotional
effect of piracy is that it can build awareness through word-of-mouth communication. The implication is that
even though consumers do not watch the movie at the box-office, they still spread word-of-mouth messages
about the movie and inform other consumers just as if they had seen a legal copy. Word-of-mouth messages
would be positive for good movies or negative for bad ones.

Decomposing piracy into these two effects is important for marketing managers since their response
to piracy depends upon the strength of each effect. If piracy has a strong promotional effect then it is
possible that managers could craft strategies to profitably leverage its benefits but minimize its damage.
Potentially there are specific movies or specific periods during their product life cycle when the promotional
effects of piracy might outweigh the cannibalization effects. We believe this discussion points to the need for

a methodology to be able to separately measure these effects, which is the focus of our research.



Measuring piracy’s combined effects is straightforward since sales are observed. However, awareness
and word-of-mouth messages are not observed so measuring the component effects of piracy is challenging.
To address this challenge we propose a hidden Markov model of consumer behavior based upon
MOVIEMOD (Eliashberg et al 2000). This model provides an explanation of how behavioral elements
(awareness, word-of-mouth, and forgetting), marketing mix variables (advertising—both pre- and post-release,
and availability—through the number of screens), and the intrinsic quality of the movie impact box-office
revenue. It is flexible enough to model all movies within the same framework, both blockbusters which have
exponentially declining sales curves as well as “sleeper” movies that have bell-shaped sales curves (Ainslie et
al 2005). We also adjust for early partial week effects, for example when a movie is released on a Thursday
instead of the usual Friday release, and limited release effects. Finally, we estimate the effect of both pre-
release and post-release piracy through natural variation in when the pirated version of the movie is
introduced, allowing us to estimate the impact of piracy compared to a counterfactual of what sales would be
in the absence of piracy. This approach has many advantages over existing reduced form regression models of
piracy like Ma et al 2014, such as being able to decompose piracy into promotional and cannibalization effects
and make counterfactual predictions. However, this gain comes at the cost of making assumptions about
consumer behavior that are not made in reduced form models.

To illustrate our method we estimate our model using data from all major movie releases in the
United States during a three-year period from 2006 to 2008. Our data include piracy information collected
from a unique Internet file-sharing site, allowing us to analyze the timing of piracy relative to the movie’s box-
office release date. We find that although movie piracy generates both cannibalization and promotional
effects, the cannibalization effect vastly outweighs any promotional effect. Specifically, our estimates suggest
that box-office revenue would be $1.3b (15%) higher per year if piracy could be eliminated entirely from the
theatrical window and that piracy is particularly damaging to eatly sales. Although our model shows that while
piracy is unequivocally harmful for overall sales, there is a small silver lining to piracy because of its
promotional role. If piracy did not generate word-of-mouth promotion lift to movie attendance then box-

office revenue would be another $158m (1.5%) lower per year. We repeated our analysis for 2011 through



2013 and find a similar result that box-office revenue would increase by 14% per year if piracy could be
eliminated entirely from the theatrical window. In summary, we show that piracy is harmful to movie sales
and that the word-of-mouth generated by pirated viewers helps to lessen, but does not offset, the negative

cannibalization effect of piracy.

2. Literature Review

Movies have been a focus for marketing research (Eliashberg, Elberse and Leenders 2006). Some of
the most important managerial questions for movie studios relate to forecasting a movie’s box-office sales,
timing release dates, and effectively directing promotion for movies prior to release. These questions have
been widely studied in the marketing and information systems literatures (see, for example Chen et al. 2012;
Duan et al. 2008; Eliashberg et al. 2007; Elberse 2007; Eliashberg and Shugan 1997; Liu 2006; Swami et al.
1999; Krider and Weinberg 1998 with respect to sales forecasting of movies and Prag and Casavant 1994,
Zufryden 1996, and Elberse and Eliashberg 2003 with respect to advertising effectiveness), and have become
established parts of movie studio practice.

More recently, studios have faced additional managerial questions around the impact of piracy on
sales, and appropriate managerial responses to this potential threat. While the vast majority of empirical
papers find that piracy harms sales (see Danaher, Smith, and Telang (2014) for a recent review of this
literature), the analytic literature hypothesizes that piracy can also have a promotional impact through
increased sampling (e.g., Peitz and Waelbroeck 2006; Chellappa and Shivendu 2005; Cheng, Sims and Teegen
1997, Sinha et al 2010) or through word-of-mouth promotional effects (e.g., Givon, Mahajan, Muller 1995,
Prasad and Mahajan 2003, Liu, et al. 2011, Waters 2013), or can help alter the strategic interaction of firms
(Jain 2008, Vernik et al 2011). However, awareness is a critical component of these hypothesized effects, and
since awareness is not typically observed empirically, it is not possible to use standard reduced form
approaches to disentangle the promotional and cannibalizing effects of piracy.

While there have been many papers in the literature that have studied the impact of piracy on music,
there have been relatively few papers studying the impact of piracy on box-office sales of movies. The earliest

of these papers, Bounie et al (20006), used a 2005 survey of piracy and purchase behavior by French university



students and found that while piracy has a strong negative impact on VHS and DVD rentals and purchases, it
had statistically no impact on theatrical revenue. To our knowledge, each subsequent published paper in the
literature has found that piracy harms theatrical revenue. Specifically, Hennig-Thurau, Henning, and Sattler
(2007) used a survey of movie purchase and piracy intentions among German consumers and found that
piracy caused substantial losses in both DVD rentals and purchases and in theatrical revenue, and may have
been responsible for $300 million of revenue losses in Germany. Rob and Waldfogel (2007) use a 2005 survey
of movie purchase and piracy behavior for University of Pennsylvania students and find that each unit of
pirated consumption reduces paid consumption by approximately one unit. DeVany and Walls (2010) model
box-office revenue and the supply of pirated content for an unnamed movie and find that piracy accelerated
this movie’s box-office decline and may have caused $40 million of losses for this movie alone. Bai and
Waldfogel (2013) use a 2008-2009 survey of Chinese university students’ movie consumption behavior and
estimate that each incidence of piracy among these students reduces paid consumption by about 0.14 units.
Finally, Ma et al (2014) use a reduced form model and find that pre-release movie piracy reduces box office
sales by 19% relative to the revenue that would have occurred if piracy were delayed until after release.

Our approach is to adapt the MOVIEMOD model developed by Eliashberg et al (2000) to the context
of movie piracy. MOVIEMOD presents a validated and accepted structure from the marketing literature for
understanding how awareness turns into adoption, and second, the parameters can be interpreted directly in
terms of consumer behavior. However, our approach has many significant differences from Eliashberg et al
(2000). Specifically our states are not observable while their states were, the likelihood for our states are
defined differently (we combine exposure and impact together), we estimate our model using observed
weekly box-office data as opposed to survey data, we incorporate piracy into the model and distinguish
between pre-release and post-release periods, and we frame our model within a hierarchical Bayesian context.
Our dataset and estimation methods reflect the difference between our objectives. Namely, the interest of
Eliashberg et al (2000) was using survey data to predict box-office revenues for creating a pre-release decision

supportt system, while we are interested in a different substantive question altogether: the impact of piracy on



box-office revenues. In summary, the structure of MOVIEMOD is retained, but our implementation is quite
different.

Our approach advances past empirical piracy research by allowing us to conduct counterfactual
simulations to estimate box-office sales in the absence of piracy and by allowing us to disentangle the
promotional and cannibalizing impact of piracy at a movie level. These results contribute to our knowledge of
the promotional effects of piracy, specifically a branch of the literature that uses the Bass Model (Bass 1969)
to understand the effect of word-of-mouth effects on software piracy (e.g., Givon et al 1995, Prasad and
Mahajan 2003, Liu et al 2011, Waters 2013).

We use MOVIEMOD instead of the Bass model or a derivative because while the Bass model may
be well suited to software sales, which typically present an asymmetric bell-shaped sales curve, this approach
is inappropriate to model movie sales for several reasons. First, movie box-office revenue typically has an
exponentially declining sales pattern: sales peak in the first week and then decline rapidly each week thereafter.
Second, sales are strongly influenced by promotion and availability. Specifically, advertising promotion tends
to be highly clustered in the weeks prior to release in order to generate awareness and interest amongst the
movie-going population. Likewise, availability tends to be high in the opening weekend and then begins to
taper quickly. Third, there are exceptions to this typical pattern in the case of sleeper movies (Ainslie et al
2005), movies which have slow builds and the peak occurs weeks or months after release. Fourth, the Bass
model assumes that the purchase occasion and awareness are the same. Finally, the introduction of covariates,
like promotion and availability, is not straightforward in the context of the Bass model, and the appropriate

approach is often debated. In summary, the Bass model is not well suited for predicting movie sales.

3. Modeling Movie Box-office
3.1 A Hidden Markov Model of Movie Box-office

Our model is based on a discrete-time hidden Markov model and can be understood by the
movements through a series of six decision states, listed in Table 1. These states are the same as those used in
Mahajan et al. (1984) and Eliashberg et al (2000) and were retained to maintain consistency with the prior

research. The potential transitions between our six states during one period are given in Figure 1 along with



the parameters of our Markov transition matrix. Initially all consumers start as undecided. Consumers are

then exposed to information about the movie from advertising or word of mouth effects. The exposure from

word of mouth is dependent on past viewer behavior, hence our model falls in the class of interactive Markov

processes (Conlisk 1976), which can yield S-shaped diffusion models as described by Bass (1969). If the

movie theme is acceptable to the consumer based on this information, then consumers either immediately

watch the movie (if available) or they may wait in the consideration state. Movies with unacceptable themes

result in consumers moving to a rejection state. Upon watching the movie at either the theater or a pirated

copy (either pre- or post-release) consumers form either positive or negative evaluations, and enter the

respective spreading state in which they spread corresponding messages until they become inactive.

Indexc State  Description

A customer in this state has ...

1 U Undecided ...not made a decision whether to watch the
movie.

2 C Consider ...decided to watch the movie.

3 §*  Watched and Positive Spreader ...watched the movie, felt good about it, and is
telling other people the movie is good.

4 S~  Watched and Negative Spreader ...watched the movie, did not like it, and is telling
other people the movie is bad.

5 I Watched and Inactive ...watched the movie, and is not spreading
information about the movie.

6 R Rejecter ...decided to not watch the movie.

Table 1. Consumer States in Markov Model.

Undecided

Positive
Spreader

Inactive

Negative
Spreader

Figure 1. Consumer State Transitions for the Markov Model. The arrows denote permissible flows
between states. Arrows that point back to a state represent consumers who may stay in the state.



3.2 State Transition Probabilities
Formally, we define the vector of probabilities associated with the states given in Table 1 as Xj;,

where 7is the movie and #is time.

!

Xit=[(]it Cit Si; Sy Iit Rit] M

it
Initially we assume that all consumers begin in the undecided state for the initial time period!:
/
X,=[1 00 0 0 0] @
Our Markov process allows us to updates the probabilities from the previous time period as:

X, =A,X,_, ift>] ©)

it

and our transition matrix at time #1is:

1-Z, 1-V)i-¢) 0 0 0 0]
Z‘it‘Eit(l_,\/it) (1_,\/1t)¢1 0 0 0 0
E.LV.p, V.0, w0 00

A, = )
Z'itlzit,\/it(l_loi) /\/it(l_loi) 0 H; 00
0 0 l-w, 1-u, 1 0
£,(1-L,) 0 0 0 01

where ., L,V

s Lis Vs 0.,¢., 1. are conditional probabilities whose construction are defined below. Notice the
transition matrix has many null values due to the small number of allowable transitions as depicted in Figure
1. Each column of the transition matrix corresponds to the conditional probabilities of users who move from

the previous state (column) to the new states (rows) where the index of the state is given in Table 1, and

where, by construction, values in each column must sum to one.

! 'The initial time period typically occurs weeks or even months before the release date, since there may be significant
pre-release advertising efforts or pre-release piracy.



Undecided

l (I ) Positive
4 e N, ,
SN (B SN A Spreader

4 AR N, oq
" Advertising ™ Yes ,+~ Theme ™ Yes,’ Advertising s, Yes .’

’ N d S, ’ o , s
<o WOM Pl Acceptable o< orpositive A< Watch
~._ exposure? ¢ ~ ? Ve . WOom? - ~«  Now?
. v . i . i . Negative
o ~ o N Spreader
Nol Nol No Nol
Undecided Reject Consider

Figure 2a. Transition probabilities from undecided to alternative states. Probabilities of movements
from the states are given next to the flow in parentheses. Gray boxes (outlined with dashed borders) denote
intermediary states and are not an allowable terminal state for each period.

Transitions from Undecided. The potential transitions of an undecided consumer to become a positive or
negative spreader, consider, reject, or remain undecided are illustrated in Figure 2a. The first step in moving

away from the undecided state is to determine the probability of exposure to advertising or word-of-mouth.
The probability of becoming exposed from advertising () depends on advertising expenditures, 4,

which vary over time as follows:
a, =1-exp {_ViAiz} ®)

Note that advertising can occur pre- or post-release. Pre-release advertising is meant to help consideration
even before the movie is available. We assume that the probability of being exposed to word-of-mouth

spreaders is proportional to the number of exposed individuals in either state:
+ -
w, = A’iSi,t—l’ Y = AiSi,t—l ©)

The dependence of WOM on the probability of consumers having viewed the movie and actively spreading
information allows S-shaped curves for the cumulative diffusion process and places our model in the class of

interactive Markov Chains (Conlisk 1976).



We assume that the exposure to advertising, positive-word-of-mouth, or negative-word-of-mouth are

independent, such that the probability that a consumer receives at least one exposure is:

L, =1-(-a)1-o,)1-y,) )

We assume the probability of a user being exposed to positive communication, either advertising or

positive word-of-mouth, given that they have been exposed is:?

a;, +w;,

1 , a
2t = f( Q +@, +Y, aita)itwit + ait (1 - wit) + a; +th ait (1 - a)it )Z/Iit
it

®)
+2 (- a0y, +(1-a)o,(0-y,))

The motivation for this equation is to account for potential multiple exposures. For example, consider the

first term in parentheses from (8). This term is the probability that a consumer is simultaneously exposed to
advertising, positive-word-of-mouth, and negative-word-of-mouth (@, ®,1/,,) weighted by the fraction of

@ + 0y
iy + Wy +Yy

these communications that are positive (e.g., either advertising or positive word-of-mouth): The

remaining terms are computed similarly.

The product of those who have a positive exposure and accept the movie theme is:
L =P6O 9)
The probability that a user will instantly view a movie given a positive exposure and theme acceptance is:
Vz = 5;”1‘771' +(1- ‘5;7[1' )T, (10)
We assume that some proportion of viewers will be cannibalized by pirated consumption, JZ;, but only if the

pirated version is available. Pirated availability is denoted by a weekly indicator: 5; = 1 if the pirated version

. . * . ey . . . . .
is available and J, = 0 otherwise. The probability that a consumer of a movie with a pirated version will

2 Eliashberg et al (2000) did not adjust for multiple exposures, and as a consequence its exposure terms cannot be strictly
thought of as conditional probabilities. Additionally, we have combined exposure and impact, so all our exposures ate
impactful according to their model. Unfortunately, in our setting identification issues prevent us from separately
identifying exposure and impact.



. . . * . . oqe .
immediately watch is 7;. Those who watch at the theater, 1 - 5”Jri , also consider the availability of the movie,

which we assume is a function of the number of screens at which it is shown in week Sit :

Vit =1—€Xp{—Ul.S”} (11)

Note that if the movie is not available at the box-office then Sit =0 and Vi = 0. If theater distribution is

saturated then y, — 1 and both the pirated and theater versions have the same probability of being watched,;

otherwise the pirated version has an advantage in distribution over the theater version.

Given that a viewer has watched the movie, regardless of whether it is a pirated version or at the

theater, we assume that 0, become positive spreaders, and the complement, 1 — P, , become negative

spreaders, where (0, can be thought of as a measure of the quality of the movie.

Finally, to illustrate the conditional probability of users from the undecided to positive spreader state

we can take the product of these conditional probabilities: fitﬁiﬂ{, P;, which gives us the (1,3) element of

our transition matrix Al.t .

Undecided

Consider
/\ ,’ls 1 yn
©®) PN 1-V) PN Positive
Iz 7’
Yes . No Spreader
N, 7’
— Forget — Watch
A ? < . Now?
\\ ,/' \\ .
“ " Negative
. 4 N ’
" 1’ ~ Spreader
[0]
Consider

Figure 2b. Transition probabilities from consider to alternative states. Probabilities of movements from
the states are given next to the flow in parentheses. Gray boxes (outlined with dashed borders) denote
intermediary states and not allowable terminal states for each period.
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Transitions from Consider. The potential transitions of those consumers who previously decided to
consider the movie include moving to the positive or negative spreader states, remaining in the consider state,
or moving to the reject state, and are illustrated in Figure 2b. The process in which consumers decide to

watch now is the same as in the transitions from the undecided state. However, if the consumer decides not

to watch then some proportion, 1- ¢l , forget and transition back to the undecided state, while the remainder,

¢i , temain in the consider state.
Transitions from Spreader States, Inactive and Reject States. Spreaders, either positive or negative, remain
active with probability £, and the remainder 1— U, transition to the inactive state. The columns that

correspond to reject and inactive are trivial since they are absorbing states and their probabilities are unity.

3.3 The Likelihood Function and Hierarchical Bayesian Specification
Our model can be used to predict the percentage of consumers who attend a movie 7 during week 7,
which we designate as Wj. These predictions are formed by computing the number of transitions from

undecided to watch due to advertising and word-of-mouth and also those who transition from the consider

state to the watch state:3

Wi = (1 - 611‘771' )Ti}/it (fit‘ﬁztUi,t—l + Ci,t—l ) (12)
Note that sales are only predicted to occur when the release is available, and if a pirated copy is available then

JT; percent of moviegoers are lost due to cannibalization. Multiplying these share predictions by the market

potential, which we designate as 7 , allows us to predict sales as 7% Wi;. We assume that the market

potential* is fixed and known across all movies.

3 We deviate from MOVIEMOD by allowing sales to derive from contemporaneous negative word-of-mouth.

4TIt is clear that market potential must exceed the box-office sales of the largest blockbuster (which in our data is Avatar,
with box-office revenue of $750m), and conceptually one could argue its value is based on the total population size (300
million Americans times the average ticket price of $7.50). Once the parameter value of the potential exceeds some large
value then it is difficult to distinguish the potential from the data alone, and therefore we fix its value at $1b.

“11 -



To reflect the stochastic nature of sales we assume that weekly box-office receipts follow a Gamma

distribution® around these predictions:

Vi ~F(Gl.77{v_vl-t,1/ai), where E[yit]=7%v_vl-t and Var[yl.,]=7%v_v,-t /o, (13)

Alternatively we could have chosen a normal distribution (Lehoczky 1980) or a multinomial distribution
(Schmittlein and Mahajan 1982). A primary consideration in our choice of this likelihood is that the gamma
and normal should approximate each other in this setting, since sales are large positive values. If the
parameters of the multinomial follow a Dirichlet prior then the posterior will also be Dirichlet. In our setting
the relative market shares (or ratio of a gamma distribution to the sum of gamma distributions) will be
Dirichlet. Hence our proposed model can be thought of as a limiting case of these alternative specifications.
We frame our model in the context of a hierarchical Bayesian model, where the parameter vector for

each movie is defined as follows:

!

B, = [In(v) () 1(4) 1(7,) 1(¢) 1 (1) 1(6) 1(p,) 1 () 1(z.) n(c)] a4

where /)’l.j, the jth element of B, the logistic transform, is defined as 1 (z) = ln(%_ Z) and has the
corresponding inverse z = 1 . This ensures that the corresponding parameters fall between
1- exp{—l (z)}

0 and 1 and have the full range that corresponds to the normal distribution. We assume that these parameters

are drawn from a hierarchical distribution as follows:

B, =PB+e,and g~ N(0,X) (15)
This random effects model allows each movie to have its own response. We could introduce covariates that

capture movie genre, director appeal, star appeal, movie rating, and production budget into (15) to explain

5 In our notation X ~ F(O{, ﬂ) is defined as p(.X) = Wxa_l eXp {—X/ /5}

_12-



this variation or encourage shrinkage in our estimates.¢ Please see the Appendix for an MCMC algorithm to
estimate the model.

It is important to understand that there are several parameters that serve similar purposes in our
model, which leads to estimation challenges. For example, slowly declining sales at the box-office can be
attributed to retaining high levels of active spreaders, positive movie evaluations, or high exposures to word-
of-mouth effects. Box-office revenues are positively related to an acceptable theme, positive evaluations,
effective advertising, availability, or strong immediacy effects. In contrast, if the cannibalization effect of
piracy is high then box-office revenue declines. Therefore the parameters compete with one another and each
can effectively scale the entire box-office time series. However, the parameters enter distinctly into the
likelihood function and can be uniquely estimated if sufficient information is available. Our challenge is that
each movie tends to have a short-life at the box-office, which makes it difficult to find a precise estimate of
the parameters for a particular movie without the hyperdistribution introduced in a hierarchical model.
Therefore we are relying on the hyperdistribution to impart information about what range of parameter

values are likely by distilling information across the cross-section of all movies.

4. Empirical Results

In this section we present the estimates from the model proposed in §3. First, §4.1 describes our
dataset. In §4.2 we illustrate these parameters for a selected “blockbuster” movie and a “sleepet” movie to
better motivate the model. We then present the mean and standard errors of the parameters for our set of
movies in §4.3, which provides evidence for the heterogeneity in tesponse across movies. Finally, in §5 we
consider the implications of these parameters on our estimates of the effects of piracy on movie box-office

revenue through a series of counterfactual predictions.

¢ If we regress our parameter estimates against movie characteristics we explain between 7% and 24% of the variation in
these parameters across movies. This does not mean that this variation is not important, just that it is difficult to predict.
In other words can we predict with high confidence whether a movie will be a blockbuster based upon these covariates,
and our finding is that it is difficult to make this prediction based upon the covariates alone. We did try introducing such
covariates into (15), but found similarly weak relationships and have omitted these results since it appears that the
random effects associated with the individual-level component of the estimates is the more critical component and we
wish to keep the presentation of the hierarchy as straightforward as possible.

_13-



4.1 Description of Dataset

We collect our data from four sources: BoxOfficeMojo, Nielsen Research, Kantor Research, and
vedquality.com.” Our data consist of all movies released between February 2006 and December 2008 that
were listed by BoxOfficeMojo as “wide release titles”. We obtained weekly advertising data from Kantor
Research, which includes television, magazines, newspapers, radio, Internet and outdoor advertising. Our data
from Nielsen Research reports the weekly box-office revenue and the number of screens upon which the
movie is showing. Our information about movie piracy comes from vedquality.com. This is not an Internet
file-sharing site. Instead vcdquality.com monitors various Internet file sharing sites and posts a message on its
website once a pirated copy of a movie becomes available at other piracy sites. Each message includes the
date of availability, which allows us to infer that a pirated version of the movie was available. We know the
date a pirated copy is posted from vedquality.com and the official theatrical release date of the corresponding
movie from BoxOfficeMojo. The difference between these two dates allows us to infer the week of release
that piracy occurs, negative values indicate pre-release piracy, zero indicates piracy occurs in the same week as
release, and positive values indicate post-release piracy.

Table 2 provides a table of the descriptive statistics for each of these variables. The average across
the 533 movies in our dataset shows that the average box-office revenue was $48.1m, advertising was $19.8m,
and the number of opening screens was 2,161. Almost half of movies (47%) were pirated during the week of
release, 42% of movies were pirated after release, 10% of movies had pre-release piracy, and only seven
movies had no piracy. The movies with no piracy tended to be low-budget films with low box office revenue,
for example no pirated copies of “U2 3D” were identified in our dataset. The distribution of piracy is
characterized by long tails. For example the movie “88 Minutes” was pirated via a screener over 65 weeks
before its release in the US. It is likely piracy coincided with an overseas premiere in this example. The other
extreme was “Expelled: No Intelligence Allowed” which was a Ben Stein documentary that was not pirated

until nearly half a year after its release.

7 All information is available on the Internet either through public or subscription services.
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Variable Mean Std. Dev. Minimum Median Maximum

Box-office Revenue ($ million) $48.1 $58.5 $0.1 $29.4 $509.5
Advertising ($ millions) $19.8 $11.5 $0.5 $17.3 $53.4
Opening Screens (at wide-release) 2161 1035 2 2344 4366
Week pirated version available 1.5 6.3 -65 0 25

Table 2. Descriptive Statistics for Movie Characteristics. There ate 533 movies in our dataset that have
wide releases between Feb. 2006 and Dec. 2008. The week for the first week a pirated version is available is
expressed relative to the wide release (e.g., O represents at release, -1 represents pre-release piracy since the
copy was available 2 weeks before release, 1 represents post-release piracy since the copy was available 2
weeks after release). In our dataset there were seven movies in which no piracy was reported during the initial
theatrical release, so the week of piracy is conditional upon the 98.7% of movies for which piracy occurs
during the theatrical window.

4.2 Tllustration for a “Blockbuster” and a “Sleeper” Movie

To better understand the mechanics of the model in §3 we first consider its application to a
prototypical blockbuster movie, “Mission: Impossible I111.” Figure 3 gives the box-office sales of the movie
along with the predictions, the corresponding 95% confidence region, and number of screens and advertising.
Notice that sales start at their peak and then decline exponentially. We also see that advertising, the main
driver in building awareness and interest in this particular movie, begins three months before release,
although most advertising occurs in the month before release. Typically movie studios start their pre-release
advertising up to two months in advance of the release, but the most intense periods are the few weeks
before launch. The number of screens begins to drop after box-office revenue declines, and as such is a
lagging indicator of box-office rather than a constraint on potential sales. Finally, this movie is pirated in the
week of release. This pattern of sales, advertising, screen release, and piracy is typical among most movies,

particularly “blockbusters”.
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Figure 3. Actual and predicted box-office revenue, advertising, and screens for “Mission: Impossible 1117,
The first week of release is 1. The shaded area denotes the 95% confidence interval for our sales forecasts.

Transform — Transform

Parameter Mean Std. Err. Mean Std. Err.
v -4.31 0.34 0.014 0.0044
1
. -8.03 0.58 0.00039 0.00027
1
A -0.56 0.66 0.38 0.14
1
T, 0.57 0.70 0.62 0.14
¢ 0.55 0.50 0.63 0.10
1
U 1.30 0.72 0.77 0.09
TT, -2.74 1.36 0.10 0.11
6 0.44 0.88 0.58 0.16
0, 1.23 1.24 0.72 0.20
o -10.96 0.58 0.000020 0.000011

Table 3. Parameter Estimates of “Mission: Impossible 1117

Table 3 provides the resulting parameter estimates and their corresponding transformed values. The

parameters themselves can be interpreted in light of consumer behavior, since most can be thought of as
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conditional probabilities. For example, 8, implies that 58% of exposed consumers find the movie’s theme

acceptable, and p, states that 72% of consumers positively evaluate the movie. Both of these values imply
that this is a well-received movie. Awareness from advertising is driven by ¥, and the amount of advertising,
which for this movie was $12m at its peak. This yields a conditional exposure of 16% from advertising per

week. A measures awareness from word-of-mouth at 38% conditional upon exposure, and 77% of word-of-

mouth spreaders remain spreaders in the next week as estimated by ;. This indicates that word-of-mouth is

much more potent than advertising for this movie.

Once a consumer becomes a considerer there is a 63% chance of remaining a considerer in the next

week as indicated by @,. Therefore if the movie is not available, awareness can decay quickly. Notice that
consideration does not immediately led to consumption, based on ¥; and availability at 4,000 screens implies

that 79% of considers will want to watch, and 7; =62% will convert immediately. Hence, intentions do not
translate into immediate action. The parameter sz, measures the cannibalization effect of piracy at 10% of

consumers, although this effect is moderated by the movie being watched immediately. Finally, the scale
parameter of the Gamma distribution is inversely related to our confidence in the forecasts, which in this case

appear to be fairly accurate as illustrated by our confidence region of our sales forecasts in Figure 3.
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Figure 4. Probabilities for latent states by week of release for “Mission: Impossible 111"

Our box-office revenue predictions can be understood by considering the latent state predictions in
our hidden Markov model, which are plotted in Figure 4. Initially all consumers start in the undecided state.
Note that prior to a movie’s opening, the large amount of pre-release advertising has resulted in a large
number of consumers who become aware of the movie and transition from the undecided state to the
consider state. This movie is pirated at release so we do not attribute any word-of-mouth to piracy until
release. Additionally, there is a notable increase in those consumers who reject the movie based on its theme
alone. Once the movie is released, the diffusion from word-of-mouth effects begins. Note that once the
release begins, advertising drops off quickly, which implies that the new considerers are largely the result of
word-of-mouth effects. Positive-spreaders contribute to more consumers transitioning to the consider state,
while consumers who hear from negative-spreaders transition to the rejection state. Consistent with the

blockbuster status of the movie, almost half of the population (44%) has become aware of the movie.

~18-



<
Actual Sales @
Predicted Sales
Advertising
Screens
w e
~ o~
»
=l
f
L o @
o8
o
=
=
& £
‘s SaR %)
2 [
K=} L v g
= -~
= 3
o
2 S
S >
> (%2}
[] o
o2 s S
- 2 =
© - £
o
=
k)
=
(9]
I
e <
<] -2

I I I I I I I
-10 -5 0 5 10 15 20

Week of Release

Figure 5. Actual and Predicted Sales for “Slumdog Millionaire”.

In addition to explaining the behavior of “blockbuster” movies, the proposed model is flexible
enough to describe sleeper movies that exhibit very different sales patterns than the typical blockbuster.
These “sleeper” movies, like “Slumdog Millionaire,” start with a limited release, but exhibit characteristics
where increased interest builds the number of available screens over time such that the movie experiences a
slower decline in sales than typical blockbuster movies do. This type of movie was one of the most
problematic to model since its peak could occur over two months after release. The plot of actual and
predicted sales for Slumdog Millionaire is given in Figure 5, the probabilities of the latent states are given in
Figure 6, and the parameter estimates are given in Table 4. Note that although the model does a good job of
tracking the general pattern of sales, it misses the very strong pre-release sales and under-predicts the third
peak. Even though this pattern differs from the prototypical exponential declining sales pattern substantially,

our model is still able to track this movie’s pattern fairly well.
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Figure 6. Probability of latent states for “Slumdog Millionaire”

Transform — Transform

Parameter Mean Std. Err. Mean Std. Err.
Vv, -3.44 0.34 0.034 0.011
v, -7.98 0.36 0.00037 0.00013
)“i 0.08 0.42 0.52 0.101

T, 1.14 0.65 0.74 0.114

) 0.91 0.68 0.70 0.135
u, 2.48 1.09 0.89 0.093
TT, -0.06 0.54 0.49 0.114
2] 1.75 0.82 0.83 0.097
,0: 1.39 1.20 0.75 0.171
o, -12.70 0.31 0.0000032 0.0000010

Table 4. Parameter Estimates of “Slumdog Millionaire”

Total box-office revenues for “Mission: Impossible 111 and “Slumdog Millionaire” were $129m and

$119m respectively, while advertising differ markedly at $41.5m and $14m. Again movie “quality” as
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measured by €, and P, ate both higher for “Slumdog Millionaire” than for “Mission: Impossible II1””. The

largest differences between the movies are the susceptibility to piracy (lower for “Slumdog Millionaire”) and
theme acceptability (higher for “Slumdog Millionaire”). Also, the fact that “Slumdog Millionaire” was a victim
of pre-release piracy while “Mission: Impossible 111 was not is critical to our predictions. Based upon our
estimated model we predict that “Slumdog Millionaire” sales would have been $15.5 million higher if it had

been able to hold off piracy until its release.

Transform — Transform

Parameter Mean Std. De. Mean Std. Dev. Lower Upper
V. -4.34 0.46 0.015 0.008 0.006 0.036
4
. -7.29 0.76 0.0011 0.0016 0.0002 0.0048
L
A -1.16 0.46 0.263 0.081 0.122 0.432
1
T, -0.26 0.83 0.445 0.170 0.147 0.778
¢ 0.61 0.56 0.633 0.118 0.358 0.837
1
U 2.58 0.81 0.879 0.083 0.663 0.976
TT, -3.11 0.84 0.096 0.100 0.026 0.400
2 0.20 1.06 0.524 0.200 0.139 0.860
0, 0.73 0.84 0.618 0.147 0.249 0.846
o, -9.81 1.28 0.00016 0.00025 0.00001 0.00092

Table 5. Distribution of mean of parameter estimates across all movies along with standard deviations. Both
the transformed and inverse of the parameters are given. Lower and Upper values correspond with the 2.5%
and 97.5% percentiles.

4.3 Results

To illustrate the variation across our 533 movies, in Table 5 we provide the mean and standard
deviation of the parameter estimates across out set of movies as well as their corresponding transformed
estimates. Our conclusion is that there is substantial variation in response across movies. For example, the
relative response in movies to advertising has a ten-fold increase from the lower to the upper bound. Of
particular interest, we see the piracy parameter has a mean of 10% across movies, with 95% of movies
ranging between 2.6% and 40.0%. This parameter is distributed in an inverse-J shape across movies, and its

histogram is given in Figure 7.
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The mean of the hierarchical distribution represents the central tendency across the movies. As
expected, the mean of the parameter estimates is close to the mean of the hierarchical distribution. While
there is a great deal of heterogeneity across movies, we can still reliably estimate the hierarchical distribution.
For example, the mean of the piracy parameter is 10.0% with a standard error of 1.0%. Hence, we are

confident that the cannibalization effect of piracy is detrimental to box-office sales.

400
J
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|
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[ T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

Piracy Parameter

Figure 7. Histogram of the piracy parameter estimates across all movies.

Table 6 reports the mean and Table 7 gives the diagonals of the covariance matrix and correlation
matrix for the hierarchical distribution. This covatriance matrix controls for variation across movies, and the
correlation matrix provides information about how the parameters co-vary. The correlation matrix is
important in understanding that information about one parameter can improve the precision of the estimates
of the other parameters. Note that the estimate of the standard deviation of the transformed piracy parameter
is 1.644 (Table 7). However, the actual standard deviation observed across the movies is 0.84. The reduction
in variation is due to the correlation among the parameters. For example, the conditional variance of the

piracy parameter is reduced by 26% given knowledge of the other parameters.
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Transform — Transform

Parameter Mean Std. Err. Mean Std. Err. Lower Upper
V. -4.34 0.04 0.013 0.001 0.012 0.014
4
. -7.29 0.05 0.00069 0.00003 0.00063 0.00075
L
A -1.16 0.08 0.238 0.014 0.209 0.264
1
T, -0.26 0.06 0.435 0.014 0.407 0.464
¢ 0.61 0.06 0.649 0.015 0.622 0.677
1
U 2.58 0.14 0.929 0.009 0.909 0.945
IT, -3.11 0.24 0.044 0.010 0.028 0.067
2 0.20 0.11 0.550 0.028 0.494 0.599
0, 0.73 0.21 0.673 0.045 0.592 0.766
o, -9.81 0.07 0.000055 0.000004 0.000048 0.000063

Table 6. Distribution of mean and standard error of the hierarchical distribution. Both the transformed and
natural values of the parameters are given. Lower and Upper correspond to the 2.5% and 97.5% percentiles.

Parameter Estimate Vi Ui )"z Z ¢l lu ¢ 7T 04 p ¢ 9
0.589 1.000
V; ©0.030) | (0.000
0.889 0333 1.000
y; ©0035) | ©0.066)  (©.000)
0.791 0205  -0.584  1.000
A ©0070) | ©.083) (0.065  (0.000
1.063 0.087 0488 0520  1.000
z 0.058) | ©.077) (0.041)  (0.058)  (0.000)
0.790 0021 0268 0061 0421  1.000
) ©0070) | ©080) (0.076) (0.125) (0.101)  (0.000)
1.409 0070 0003 0114 0293 -0.147  1.000
u, ©111) | ©069) (0.074) (0.073) (0.069) (0.082)  (0.000)
1.644 0029 0072 0051 0025 0046  -0.142  1.000
7T ©0.150) | ©067) (0.072) (0.074) (0.074) (0.063) (0.101)  (0.000)
1.453 0167 0151 0238 0436 0415 0072 0168  1.000
6, ©0.080) | 0065 (0.062) (0.065) (0.051) (0.052) (0.077) (0.085)  (0.000)
1.627 20008 0100 0085 0062 -0.151 0257 0224  -0.096  1.000
P, ©0.140) | ©077)  (0.087) (0.080) (0.100) (0.082) (0.085) (0.114) (0.106)  (0.000)
1.449 0112 0157 0085 -0.084 -0.185 -0.055 -0.006 -0.164 0295  1.000
9; 0.058) | 0.056) (0.053) (0.064) (0.059) (0.058) (0.071) (0.083) (0.056 (0.071)  (0.000)

Table 7. Estimate of the standard deviation of the diagonals of the covariance matrix for the hierarchical
distribution of the transformed parameters, and the correlation matrix of the hierarchical distribution. The
standard errors are given below the estimate in parentheses.
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5. Counterfactual Studies of Piracy

Measuring the impact of piracy has been a major focus of the academic literature since the
introduction of Napster. However, while many academic papers have analyzed the impact of piracy, these
analyses typically are conditional upon when piracy actually occurs. The goal of our model and analysis is not
to simply understand what the impact of piracy is on movie sales as they happen, but to consider hypothetical
situations that change whether or when piracy would occur. We estimate our counterfactuals by setting the
point at which piracy occurs—which may be substantially different than when piracy actually occurred—but
holding other variables such as advertising and screens at their actual values. We construct a Monte Catrlo
simulation® so that we can marginalize over the posterior distribution of the parameter estimates, and we then
compute the expectation of box-office revenue. Using this method we predict that the total box-office
revenue? for our 533 movies over our 35 month period would be $25.66b (with a standard error of $0.04),
which is the same sales amount as what we actually observe (or within the precision reported), indicating

there is little bias in our predictions.

5.1 Predicting box-office revenue based upon when piracy occurs

Recall that in our dataset piracy occurs on average 1.5 weeks after release but can occur weeks or
months before or after the release date (see Table 2). We wish to consider what would happen if all pirated
releases were actually to occur in the same week of release. Specifically, if a pirated copy were made available
at 8, 4, or 1 weeks before release, at release, and at 1, 4, or 8 weeks after release then how would these
changes in piracy availability effect box-office revenue? Our estimates and standard errors of the box-office
revenue are reported in Table 8. The actual revenue and predicted revenue based on the actual piracy pattern,
as well as the predictions when no piracy occurs at all, are given for comparison. Additionally, we decompose
box-office revenue by when the revenue occurs: either before widespread release (e.g., during limited release),

the week of release (or at release), post-release, and the total.

8'To speed up our simulations we thin our MCMC draws to every hundredth draw of the parameters. Since our original
draws were highly autocorrelated, these new samples can be considered to be almost independent.

9 Again we are only considering box-office revenues, and one could consider how piracy affects later markets such as
DVD sales, cable releases, and television revenues.
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Pre- At Post-

Scenario Release Std Err Release Std Err Release Std Err Total Std Err
Actual $0.24 $10.08 $15.34 $25.66

Predicted $0.22 $0.01 $10.14 $0.02 $15.31 $0.03 $25.66 $0.04
Release-8 $0.19 $0.01 $9.34 $0.08 $14.61 $0.09 $24.14 $0.17
Release-4 $0.23 $0.01 $9.37 $0.08 $14.68 $0.08 $24.29 $0.16
Release-1 $0.31 $0.04 $9.62 $0.05 $14.91 $0.06 $24.84 $0.11
At release $0.35 $0.05 $9.97 $0.03 $15.13 $0.05 $25.45 $0.09
Release+1 $0.35 $0.05 $11.31 $0.12 $15.30 $0.05 $26.96 $0.16
Release+4 $0.35 $0.05 $11.31 $0.12 $17.08 $0.21 $28.75 $0.33
Release+8 $0.35 $0.05 $11.31 $0.12 $17.59 $0.27 $29.26 $0.40
No Piracy $0.35 $0.05 $11.31 $0.12 $17.90 $0.31 $29.57 $0.43

Table 8. Effects of box-office revenue (in billions of US$) summed over all movies undet various scenarios.
For example, “Release-4”” means that piracy occurs 4 weeks before release, while “Release+4” means that
piracy occurs 4 weeks after release.

Comparing our predicted box-office revenue with no-piracy ($29.57b) to our predicted revenue of
$25.66b from Table 8, we see that our model predicts a $3.91b reduction in box-office revenue due to piracy.
Our results occur over a 35-month period, so we can annualize these effects to estimate that piracy is a
$1.34b problem for the first-run theater business in the U.S. Said another way, if piracy could be eliminated
then box-office revenue would increase by 15%. Piracy currently occurs at any point during the release or
perhaps never. If we use the benchmark of piracy always happening at release which is more typical of what
currently happens, then box office-revenue would be $25.45b. This reference point suggests that if piracy
always occurred at release, box-office revenue would decrease by $4.12b versus current revenue where piracy
typically occurs after release.

Figure 8 illustrates the results in Table 8 using a scatterplot of the total predicted U.S. box-office
across all movies in our database versus when the piracy occurs. The dotted line at the top of this figure
illustrates what box-office revenue would be if no piracy occurs, while the dashed line near the middle
llustrates actual sales. What is clear from this figure is that any form of piracy is bad, and that the longer
piracy can be delayed the less the loss of revenue. A more nuanced perspective of piracy is that it is

asymmetric around piracy occurring at release. In other words, the gains of delaying post-release piracy are

larger than the losses attributed to pre-release piracy occurring. For example, the predicted loss of revenue
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from piracy occurring one week carly relative to at release is a $0.61b loss, versus the gain of delaying piracy

by one week which results in a $1.51b gain relative to piracy occurring at release.
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Figure 8. Total predicted box office revenue versus the week piracy occurs from a counterfactual simulation
in which all movies have piracy that occurs at the specified week relative to the release week.

We can further decompose the losses associated with piracy depending upon when the revenues are
earned during the release cycle. Specifically, if we compare no-piracy to piracy at release we find a $0.13b
reduction in sales during pre-release, a $1.18b reduction in revenue during the opening week, and a $2.59b
reduction in sales the post-release period. (Note that in our terminology the release week is the first week of
wide release and thus lost pre-release revenue comes from sales during limited or staged releases of movies
such as for a premiere, a specific city, or region.) Although pre-release sales are a small proportion of overall

revenue, they would experience a 61% increase if piracy could be eliminated versus a 12% and 17% increase
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for launch week and post-launch periods, respectively. Hence, pre-release sales are especially vulnerable to

piracy.

5.2 Heterogeneity in movie-level effects of Pre-Release Piracy

Pre-release piracy has become a more pressing issue given prominent pre-release piracy leaks such as
The Expendables 3 and X-Men Wolverine. Our results allow us to simulate the impact of pre-release piracy. These
simulations show that, across all 533 movies in our data, piracy that occurs eight weeks prior to release causes
a mean reduction in total box-office revenue of $1.31b, or about 5% of box-office revenue, compared with
piracy that occurs at release. Almost half of the loss, or $0.63b, comes in the opening week. These results are
helpful in understanding aggregate response, but we can examine these simulations at the individual movie
level to gain further insight into the effect of pre-release piracy.

To do this, in Figure 9 we report the histogram of the effects of piracy across movies. In this case we
calculate the percentage loss in box-office revenue from piracy occurring eight-weeks prior to release versus
piracy occurring at release. The mean percentage loss in box-office revenue across movies is 3.7%, the
median loss is 2.6%, and the 25% and 75% percentiles of losses are 1.3% and 4.3%, respectively. One notable
characteristic of Figure 9 is that a distinct minority of movies (15 out of 533 movies in our data or about 3%
of our movies) show an increase in box-office revenue if piracy occurs eight-weeks prior to release versus if
piracy occurs at release. However, the average percentage gain in revenue is only 0.5% increase over piracy
occurring at release, with only two movies showing a gain of more than 1% (specifically a gain of 2.1% and
1.5%).

To be clear, this does not mean that piracy is good for these movies: all of the movies in our
counterfactual analysis would experience increased box-office revenue if piracy were eliminated altogether.
Rather, this result suggests that for a small number of movies, pre-release piracy might have a promotional
impact relative to piracy that only occurs after release. We also note that from a promotional standpoint this
effect is small, but it leads to an interesting question of why pre-release piracy increases box-office revenue

compared with piracy at release? We believe answering this question leads to greater insight into
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understanding the cannibalization versus promotional effects of piracy. We discuss this question further in

the next subsection.

Frequency
200
|

100
|

-0.4 -0.3 -0.2 -0.1 0.0

% Loss in Predicted Box Office Revenue

Figure 9. Percentage loss in predicted box-office from pre-release piracy occurring at eight weeks prior to
release versus to at release. All losses of more than 40% are included in the left most bar due to the long-tail
of the distribution.
5.3 Decomposing Piracy into Cannibalization and Promotional Effects

The finding that pre-release piracy could help some movies compared with piracy at release may
seem counterintuitive, but our model provides a rationale. There are two competing effects of piracy. The
first is a negative effect due to cannibalization which leads those who watch pirated copies to not go to the
movie theater, thus reducing box-office revenue. The second is a positive effect!? which comes from
consumers who watch pirated copies conveying positive word-of-mouth to their friends. Our discussion

carlier shows that overall the cannibalization effect outweighs the promotional effect. However, if the

secondary positive effect of word-of-mouth is strong enough, then for particular movies it may offset piracy’s

10 Our results suggest that there is more positive than negative word-of-mouth, hence this effect, on balance, is positive.
However, our model does not require this to be true: for low quality movies, our results allow word-of-mouth effects to
reduce the likelihood of attendance. This factor suggests that piracy could be more harmful for low-quality movies than
for high-quality movies.
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primary negative effect of cannibalization. This explains why in certain circumstances pre-release piracy could
increase box-office revenue over piracy that occurs at release.!! But this possibility motivates a more general
thought exercise to understand the relative magnitude of each of the effects of piracy. Specifically, in this
subsection we are interested in what would happen to box-office revenue if piracy only had a negative,
cannibalization effect but not a positive, promotional effect?

We can answer this counterfactual exercise directly from the model by removing the flows from
those who watch pirated copies to positive and negative word-of-mouth states and redirecting these flows to
the inactive state. In other words, we can use our parameters to analyze a counterfactual world where those
individuals who watch pirated copies move directly to an inactive state and do not spread any word-of-mouth.
Notice that we are not re-estimating the model, but using the parameters estimated in {4 and re-specifying the
flows in §3 such that flows from those who view piracy go directly to the inactive state and not to the

spreader states as in Figures 2a and 2b. Specifically, our previous transition matrix in (4) becomes:

1-%, (1-Vyi-¢) 0 0 00
fit£it (1 - Yt) (1 - ’\/it )¢z 0 0 00
ELVp Vo, w0 00

A” = (15)
Z;tﬁithM (I_pi) YrM (l_pi) 0 Y 00
fitgt’\/itP w/itP 1- Y 1- Y 10
Et (1 - ‘Elt) 0 0 0 0 1 ]

Where Yr = Y;M + V7

M * P * . .
i /\/M = (1 - 5”7{,. )Ti}/it and Vz = éilfri’[i. In other words, viewing effects are
separated into effects from watching at the movie theater (M) and pirated copies (P). Our goal is to consider a
wortld that we do not observe, namely one in which those individuals who watch pirated copies never pass

along information about the movies that they have watched. We are not asking the question of whether the

data supports whether piracy has an impact on sales, since the data through its estimates of the

1'The type of movie where we might expect to see the beneficial, secondary effect of pre-release piracy on box-office
sales is when a movie has higher quality than expected by the market, word-of-mouth effects are strong and persistent,
the cannibalization effect of piracy is relatively small, and advertising spending low.
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cannibalization effect shows that piracy has an impact (e.g., JT; > 0). Rather, we are trying to assess how

much worse piracy would be without its positive, promotional aspect.

Predicted

Box-office
Predicted Percentage  (Cannibalizat Percentage
Scenario Box-office Std Err Increase ion only) Std Err Increase
Release-8 $24.14 $0.17 22% $23.47 $0.24 26%
Release-4 $24.29 $0.16 22% $23.59 $0.23 25%
Release-1 $24.84 $0.11 19% $24.29 $0.17 22%
At release $25.45 $0.09 16% $25.06 $0.11 18%
Release+1 $26.96 $0.16 10% $26.73 $0.14 11%
Release+4 $28.75 $0.33 3% $28.67 $0.33 3%
Release+8 $29.26 $0.40 1% $29.24 $0.39 1%

No Piracy $29.57 $0.43 $29.57 $0.43

Table 9. Effects of box-office revenue (in billions of US$) summed over all movies under various scenatios.
The percentage increase represents how much of a gain would occur from this scenario if piracy could be
eliminated entirely.

The results of our counterfactual world in which piracy no longer has a promotional word-of-mouth
effect but only a cannibalization effect are reported in Table 9 and Figure 10. In this analysis we use a
benchmark of the predicted box-office from our previous counterfactual, which predicts what would happen
if piracy were to occur across all movies at the specified release week. For example, if piracy occurs at
release—which is a close to what currently happens—then we would expect box-office revenue to be $25.45b.
However, if piracy only has a cannibalization effect then this would drop to $25.06b. In other words, the
promotional gain of piracy helps to offset the cannibalization effect of piracy by $0.39b, although this is a
small offset compared with the potential loss of $4.51b if piracy only had a cannibalization effect!2

We can see in Figure 10 that the promotional gains of piracy are most critical for pre-release piracy.
For example, notice that box-office revenue is offset by promotional effects by $0.67b when piracy occurs 8
weeks before launch, while it only represents a $0.02b offset when piracy occurs 8 weeks after launch. The

intuition is that if piracy occurs early then word-of-mouth effects can diffuse over a longer period, which

12'This $4.51b loss is the reduction in predicted box-office revenue with no piracy of $29.57 to $25.06b if piracy occurs
at release.
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would help offset more of the cannibalization effects of piracy, versus piracy that occurs after release where

most consumers have already discovered the movie through other promotional channels.

Total Revenue (Billions)

24

— Predicted Revenue

-~ Predicted Revenue (Cannibalization only)
Predicted Revenue without Piracy

Actual Revenue

T T T T T T T
-8 -4 -1 o 1 4 8

Week of Piracy (relative to release)

Figure 10. Total predicted box-office revenue versus week of piracy when piracy only has a cannibalization
effect. This plot considers the counterfactual of predicted revenue when piracy does not have a promotional
effect, but instead those who watch pirated copies do not spread any word-of-mouth.

5.4 Comparison with previous estimates of pre-release piracy

Our estimate of pre-release piracy indicates that pre-release piracy would reduce box office revenue

by 5% compared with piracy that occurs at release. This estimate is consistent with—but lower than—

estimates in Ma et al. (2014). Ma et al. (2014) use a reduced form approach, and found that pre-release piracy

reduces box-office revenue by 19% relative to piracy that occurs at- or after-release. An important difference

between these two approaches is that the estimates of Ma et al. (2014) use a different benchmark. Our

benchmark for the effects of piracy is to compare predicted box-office revenue with what would have
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happened if all piracy occurs at release. In contrast, Ma et al (2014) compare revenue to when piracy actually
occurred with those movies that did not experience pre-release piracy. In our dataset there were 474 movies
that were pirated at- or post-release with the average week of piracy being 2.4. Additionally there are 7 movies
that had no piracy. Hence a more fair comparison would be to predict the loss in box-office revenue
compared to piracy occurring sometime between one week after-release and four weeks after-release.
According to Table 8, this comparison would estimate between a 10% and 16% reduction in box-office
revenue!3. Secondly, we point out that our predictions are conditional on advertising spending and screen
availability, while Ma et al. (2014) estimates are marginalized over these values. If advertising spending or
screen availability is reduced in the presence of piracy then this could also account for our lower estimate. In
summary, we believe that our estimates are generally consistent with those in Ma et al. (2014), but the

approach in this paper comes with added benefits with respect to counterfactual simulations.

6. Trends in Piracy

Potentially piracy has changed from the 2006-2008 time period that has formed the focus of this
study. To understand how piracy has changed we replicate our model for models over the 2011-2013 time
period. We collect a similar data as before. First, we identify the wide releases from BoxOfficeMojo during
the period of January 2011 through December 2013. We obtained weekly advertising data from Kantar
Research. The Nielsen Research box-office data is not available to use for this time period, so we have
instead used the box-office revenue and the number of screens as reported by The Numbers website which is
maintained by Nash Information Services. Finally, we have movie piracy data from vedquality.com and a
second source of data about piracy from the Motion Picture Association of America (MPAA). We combine
these two sources of piracy to identify the first data at which a pirated version of a movie became available
anywhere in the world. BoxOfficeMojo identifies a total of 441 wide releases during this three-year period

with a total of $30.8b in US box-office revenue. There is missing information for 143 movies so we have

13 If piracy occurs one week after release then box-office revenue would be $26.96 compared with $24.14 for piracy at
eight weeks before release, or a reduction of 10%. If piracy occurs fours week after release then box-office revenue
would be $28.75 or a reduction of 16% compared with pre-release piracy occurring eight weeks before release. Our table
does not provide a prediction of piracy occurs 2.4 weeks after release but we can interpolate that it falls in this interval.
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removed these titles from the analysis, which leaves 298 movies with a total box office of $23.0b (or roughly

three quarters of the box office for this period).

Variable Mean Std. Dev. Minimum Median Maximum
Box-office Revenue ($ million) $77.3 $85.8 $1.4 $49.1 $623.3
Advertising ($ millions) $22.7 $12.1 $0.0 $21.3 $62.0
Opening Screens (at wide-release) 2571 1028 249 2870 4404
Week pirated version available 1.6 5.8 -34.0 0.0 20.0

Table 10. Descriptive Statistics for Movie Characteristics during 2011-2013. There are 298 movies in our
dataset that have wide releases between Jan 2011 and Dec 2013. The week for the first week a pirated version
is available is expressed relative to the wide release (e.g., O represents at release, -1 represents pre-release
piracy since the copy was available 2 weeks before release, 1 represents post-release piracy since the copy was
available 2 weeks after release). In this dataset all movies show piracy during the US theatrical window.

For comparison the parameter estimates of the movies from 2011-2013 are given in Table 11.
Qualitatively there is a high correlation with those given earlier estimates as given in Table 5, although the
newer sct of movies shows less variability. A focal parameter of our interest is the coefficient on movie
piracy, which shows a slight decrease on our logistic transformed scale. To better illustrate the piracy
parameter (in its natural units) we plot the histogram across movies in Figure 11. The mean is 7.8% which is

a decrease from the 10.0% found previously..

Transform — Transform

Parameter Mean Std. De. Mean Std. Dev. Lower Upper
v -4.49 0.41 0.017 0.030 0.006 0.061
1l
. -7.87 0.26 0.0004 0.0001 0.0002 0.0008
A -1.42 0.27 0.212 0.049 0.152 0.363
l
T, 0.15 0.42 0.531 0.090 0.358 0.712
¢ 1.32 0.46 0.761 0.076 0.589 0.881
1
u 213 0.53 0.849 0.068 0.705 0.933
T, -3.31 0.52 0.078 0.051 0.033 0.239
2] 0.37 0.55 0.572 0.112 0.346 0.777
0, 1.51 0.53 0.724 0.087 0.494 0.848
o, -10.94 1.07 0.00006 0.00009 0.00000 0.00027

Table 11. Parameter Estimates for Movies during 2011-2013. Distribution of mean of parameter
estimates across all movies along with standard deviations. Both the transformed and inverse of the
parameters are given. Lower and Upper values correspond with the 2.5% and 97.5% percentiles.
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Figure 11. Histogram of the piracy parameter estimates across all movies during 2011-2013.

To more fully assess the effects of piracy we consider the counterfactual exercise that we completed
in §5.1. As before we consider the effects of piracy under a number of simulated scenarios which range from
no piracy occurring at all to every movie experience pre-release piracy eight weeks before wide release at the
box office. These estimates are given in Table 12. If piracy could be eliminated entirely from the theatrical
release window in our 2011-2013 time span we predict that revenue would be 14% greater than piracy
occurring at release. This is less than the 16% we estimated for the 2006-2008 period. If we consider the
potential effect of pre-release piracy, so piracy that occurs one week before release, then we revenues would
increase by 18% during our newer time period compared with the 19% predicted during our older time
period. Substantively our conclusion is that the effects of piracy are similar in both the earlier and later time

periods. Although there is some evidence for a marginal decrease in piracy’s relative impact if one accounts
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for uncertainty in the parameter estimates as well as potential uncertainty in the model it may be difficult to

assign a statistical significance to these changes.

Predicted % Increase  Predicted % Increase in

Scenario in Box-Office Revenne Box-Office Revenne
during 2006-2008 during 2011-2013

Release-8 22% 21%
Release-4 22% 21%
Release-1 19% 18%
At release 16% 14%
Release+1 10% 8%
Releaset+4 3% 2%
Release+8 1% 1%

Table 12. Counterfactual Simulation of Piracy Scenarios during 2011-2013. Effects of box-office
revenue (as a percentage change from no-piracy occuring) summed over all movies under various scenarios.
For example, “Release-4”” means that piracy occurs 4 weeks before release, while “Release+4” means that
piracy occurs 4 weeks after release.

7. Discussion

Studios have long argued that pre-release piracy is particularly harmful for box-office revenue
because it occurs at a point in time where there is no legitimate alternative channel. And, from a policy
perspective, the 2005 Family Entertainment Copyright Act in the United States made pre-release distribution
of movies a felony offense with up to 5 years of imprisonment for first time offenders. On the other side of
the spectrum, some have argued that pre-release piracy might have a promotional effect on box-office
revenue by increasing word-of-mouth buzz for the movie. For example, after a copy of the movie “Soul
Plane” was leaked prior to its theatrical release, one of its stars said “I don’t think a bootleg is going to stop
anything...a bootleg is like buzz.”14 After empirically examining both the cannibalization and promotion
effects of piracy we find clear support that, for the vast majority of movies, the negative, cannibalization
effects far outweigh the positive, promotional effects.

Understanding the impact of piracy on media products has important implications for managers
(particularly in the context of revenue forecasts and advertising plans for movie releases) and for

policymakers (particularly in the context of balancing the benefits and costs of potential policy interventions).

14 http:/ /www.blackfilm.com/20040521/features/snoopdogg.shtml
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However, while piracy has been studied widely in the academic literature, the literature has not simulated the
counterfactual of box-office sales that would occur in the absence of piracy, nor has it disentangled the
hypothesized promotional effect of piracy from the cannibalization effect of piracy. In this paper we address
these two limitations of the previous literature by adapting the established MOVIEMOD model (Eliashberg
et al 2000) to incorporate the impact of piracy on sales and to allow the use of historical data in estimating
consumer adoption decisions for movies.

Our results show that piracy lowers box-office revenue by $1.34b per year (15%) as compared to a
hypothetical world where piracy was eliminated during the theatrical window. This percentage appears to be
consistent between 2006-2009 and 2011-2013. This result provides empirical justification for policy
approaches providing strong penalties for consumers guilty of facilitating piracy. However, our results also
suggest that for a small number of movies (about 3% of our sample), pre-release piracy may increase sales
relative to a world where piracy coincides with release. We wish to emphasize that this does not mean that
piracy is better than no piracy — all of the movies in our sample would have higher sales if there were no
piracy. Rather, this result suggests that in a small number of cases, carlier piracy can be better than later piracy
to the extent that it can increases awareness of a movie early. In other words the promotional lift associated
with piracy helps lessen the effects of cannibalization, but does not offset it.

Our work contributes to the literature in several ways. First, it fills a gap in the literature by
presenting evidence of the impact of Internet-based movie piracy on important marketing questions regarding
box-office revenue forecasts. Second, by directly controlling for advertising, early release, and the timing of
piracy, our model addresses several factors that complicate the analysis in most existing studies of piracy,
helping us draw causal inference in a more convincing way. Finally, our model allows us to separate the
promotional and cannibalizing impacts of piracy, providing the first empirical paper that we are aware of
that—for a small number of titles—early piracy can be better than later piracy because of increased word-of-
mouth promotional effects.

In general our results show deliberate leaks by studios would not be profitable, but for a few selected

movies we show that the promotional effects of piracy could profitably overcome the cannibalization effect
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when comparing pre-release piracy to pirated copies becoming available at release. We note that for this
promotional effect to hold two things must be true. First, the quality of the movie must be high, so that those
that watch the pirated version are likely to recommend watching the movie, and second word-of-mouth
intensity must also be high, so that those that watch the pirated version actively promote the movie to others.
If either factor is missing, the net effect of piracy is negative. Essentially pre-release piracy in this limited
context serves as a form of promotion that encourages consumers to watch a movie that they would have not
have known about.

We also note several additional major limitations of our study. The first derives from the data.
Although we know when piracy has occurred, we do not know the number or quality of the pirated
downloads. Having that information could further strengthen the causal inference on the impact of piracy.
Secondly, our model is based on historical data. Although our model is quite accurate, it uses all information
available. It is well suited to answering post hoc questions about how piracy impacts movies and can be used
to set general strategic decisions. But it is an ex ante promotional planning tool. If managers want to set to
plan out distribution or promotional budgets in the light of piracy occurring at some predicted point in time
then these decisions require knowledge of the parameter estimates before the release of the movie. Being able
to reliably predict the parameter estimates before release would be critical to these decisions which we are
unable to do. To do this new information that is available pre-release needs to be used. This information
could include consumer surveys about their liking of the movie (Eliashberg et al. 2000), movie attributes and
critic reviews (Lee et al 2003, Dellarocas et al 2007), pre-release media publicity and advertising (Wang et al
2013), keyword search (Kulkarni, Kannan and Moe 2012) and blogs (Godes and Mayzlin 2004, Liu 2006, Kim
and Hanssens 2014, Xiong and Bharadway 2014), stock prices (Joshi and Hanssens 2009), and viewings of
movie trailers (Swait and Shugan 2000). Given that the intent of the original MOVIEMOD paper was to be a
pre-release planning tool, we believe that our proposed methodology could be readily adapted to combine
these new information sources and would be a fruitful direction for new research. Third we have assumed
that consumers who pirate spread word-of-mouth similarly to those who do not, but potentially they may be

driven by different considerations (Sinha and Mandel 2008). Fourth we have only considered one product
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category—movies, potentially episodic content like television programs or music recordings where ticket sales
from tours would benefit to a greater extent from piracy’s promotional effect. Finally we consider only box-
office revenue and not subsequent revenue from home video and other licensing. These limitations point to

directions for future research on this important topic.
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Appendix
Al. Monte Carlo Markov Chain Algorithm

To compute the posterior distribution of the parameters given the data we employ a Monte-Carlo
Markov Chain (MCMC) approach. The idea is to sample a series of conditional distributions to yield samples
of our target of interest—the posterior distribution. These samples can then be used to estimate any value of
interest, such as the mean and standard deviation of the parameters, or to construct the predictive
distribution of a new movie. Using the hierarchical structure and conditional independence of our model we

sequentially sample from the following conditional distributions:

BX|YZ"XZ"A’Q (A4)
Al{x},{B,},Q (A5)
QI{x,},{B,}.A (AG)

where g, is an indicator value if the corresponding X is missing. Our notation [a]_/ denotes the removal

/.

of the /ith element from the vector a, [A]y denotes the selection of the 7th row and the jth column from the

vector A, and if 7 or j are negative then the corresponding row or column are removed. Additionally, [A]l,g

denotes the 7th row and [A]g/ denotes the jth column. For brevity, the prior parameters are suppressed in

these conditional statements, since it is understood all prior parameters are known. We define the following

matrices:

B, X
B=| M|, X=| M (A7)
I}ﬂ’ Xn/

The parameters of the box-office predictions do not have a natural conjugate form. Therefore, we
employ a random-walk Metropolis-Hastings algorithm and cycle through each of the parameters given the

others:
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ﬁy ||:l};']_/ ,y[,X,.,A,Q (A8)

Specifically, we perturb the 7th sample with a random walk to generate a proposal draw: /)}, ~N (/J’;f) s gf) .

The proposal draw is accepted with the following probability:

: (. B8]
o _ [)’7./ w.p. min :

,—= I
B, | FBB] ) |, f</5y;[ﬁ,-]_,>=(]]p<y,-,|ﬂy»,[ls,-]_j>)p<ﬁy|[|3,-]_,> (A9)

/)’;O otherwise
We choose the variance of the random walk ( gf) such that the rejection rate is approximately 50%. The

conditional distribution of g, |[|3 ] is normal since the hyper-distribution is conjugate:
—]

i

BiB.],~ N( B+, (B] - [ﬁ- ] )2,-Q,_07 Q) whete B, =Ax, (A10)

Our vector of transformed parameters follows a multivariate regression, and we assume a natural

conjugate ptior: vec(B)~ N(vec(B),V,). As a consequence the conditional distribution is:

vec(A)[{x,},1B,}, Q2 ~ N((Q" ®X'X+ V") (vec(X'BQ™") + V;' vec(B)),(Q" ®X’X+Vﬁ’1)’1) (A11)

The covariance matrix of the multivariate regression is also assumed to have a conjugate inverted

Wishart prior: Q ~ [IV(W,v,,). It follows that the conditional distribution is:

Q[S~IW(S+W,n+V,), where S=E'E, E=B - XA (A12)

- Appendix: 2 -



Table of Variables and Parameters

Type | Variable  Definition or Range Description
Probability of exposure to advertising, where A.
a, a, =1-exp {—viA”} ty _p_ . 8 it
measures advertising expenditures
, w, =AS :t_l Probability of exposure to positive WOM
. o =AS" Probability of exposure to negative WOM
it it ijt=1 ty p g
Probability of release being convenient at theater,
qu Vi v, =1- exp{—U[Sl.t} where Sit measures the number of screens
g showing movie 7
fir fit =1-(1- a, )(1- Ct)l.t)(l —l/Jit) Probability of no exposure
/ 1-/ k 1-k 1-
. ’]; = 2 W%, (l_ait) w, (l_wzt) l/jitq(l_wit) !
it 1k,4210,1}
_ Probability of accepting the theme given a positive
‘£it ‘£it - ,‘Pztgt exposure
M[ V: = 5;7%171. +(1- (527[1. )Ty, Probability of immediately watching
vV, (0,0) Advertising Effectiveness Coefficient
v, (0,00) Immediacy Coefficient
A 0,1 Probability of exposure to WOM
i ty p
o o, 0,1) Probability of movie theme being acceptable
Q
g P, 0,1) Probability of a positive movie evaluation
5 u, 0,1) Probability of remaining an active spreader
] 0,1 Probability of not forgettin
i ty getung
T, 0,1) Probability of movie being watched now
TT; 0,1) Probability of watching pirated version
(og (0, ) Scale parameter of the Gamma distribution

Table B. Notation for variables and parameters used in the model. Note: all probabilities are conditional
probabilities, where the conditioning information is defined in the text.
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