HAIIMOHAJIbHBIN UCCIELOBATEJILCKHUI YHUBEPCUTET
BBICHIA S IHKOJIA S KOHOMUKHN

Mexaynapoanbid MHCTUTYT DKOHOMUKN 1 DUHAHCOB

MAI'NCTEPCKAA IUCCEPTALIUA

1o o0pa3oBaTeJIbHOM NMPOrpaMmme BbicIero NpogecCHOHAJIBLHOTO
oOpa3oBanusi, HanpasJjienne 080100.68 Dxonomuka

Ha TeMY: HI/IHaMI/I‘{eCKI/Iﬁ aHaJIn3 KaCCOBBIX C60pOB (1)I/IJ'ILM8.

Dynamic analysis of box office revenue

CryneHT 2 Kypca MarucTpaTypsl

Knumosa Kupuina FOpbeBuua

Hayunslii pykoBoauTED
IMpodeccop Cupuenko Auapeit Anekcanaposuy PhD,

ITpodeccop ean danrtanuuuau, PhD.

MOCKBA, 2014 rog



AHHOTALUA
HA MarucTPCKYI0 IMCCEPTAIUIO CTYAEHTA 2Iro Kypca MarucTpaTypsbl
MexTyHapOAHOT0 HHCTUTYTA IKOHOMHUKH U (GUHAHCOB
Kaumosa Kupuiiia FOpbeBuua

1o TeMe «JIuHAMHU4YeCKNH aHAJIN3 KACCOBBIX COOPOB PpHiIbMa)

[TpakTHyecku KaKIbli U3 HAC XOTs OBl pa3 B CBOCH KHU3HH, TaK WIM HHAYE, CTAIKUBAJICS C
MPOAYKTaMU, OTHOCAIIUMUCS K HHAYCTPUM KHHO: MHOTHE CMOTPAT TEJIEBU30pP, HEKOTOpPHIE
XOIAT B KuHOTearphl, mokynaioT DVD paucku. Bc€ sTo obecrieunBaeT OrpomHbId OXBaT M,
COOTBETCTBEHHO, OTPOMHBIE BO3MOKHOCTHU [UIsl JTAHHOM MHIYCTPUM HE TOJIBKO B ILIaHE
HCKYCCTBA, HO TaKK€ M B IUIaHE IOJYYEHHs CYHIECTBEHHBIX NpuObUIeid. Takum obOpazom,
co3nanue ¢uiIbMa MOXKHO paccMaTpUBaTh KaK MHBECTHIIMOHHBIM MPOEKT, OECCHOPHO, OYEHBb
CJIOHO TMPOTHO3UPYEMBIA U JTOPOTOCTOALINI, HO MPH TPAMOTHOM MEHEKMEHTE M YJauHOM
CTEUYEHUHU O0CTOSITENILCTB TAKOM MPOEKT MOYKET CYIIECTBEHHO 000raTUTh CBOEro uHBecropa. Jlis
npuMepa, MOKHO paccMmorpers ¢uibM «llapanopmanbaoe sBnerue» (2007 roxm), 6e3 ydactus
3BE3Jl MHUPOBOTO KWHO, ¢ OrokeroM B 15 000 $, koTOphIi TOJNBKO HAa KACCOBBIX COOpax
3apabotan 6onee 193 MIIITMOHOB 10JIIAPOB (TO €CTh MPOEKT C KaXA0r0 MOTPAYEHHOTO Ha HETO
noyapa npudec B 12 000 pa3 Gosbiiie) U TeM CaMbIM CYIIECTBEHHO OOOTaTHUJI WHBECTOPOB,
PUCKHYBIIMX BJIOXKHUTb B HEro CBOM JeHbrM. C Jpyroi CTOPOHBI, M3BECTHBI CIy4au, KOrja
buIbMBI ¢ 0€3yNpeyHbIMUA CTATHUECKUMU HavadbHBIMH JaHHBIMU (OIOJKET, aKTePCKUI COCTaB,
pPEXKHCCEPBI, CIOKET) «IIPOBATUBAINCHY B MUPOBOM mpokaTe. Hampumep, ¢unsm «Tepmunany,
cuaTbii B 2004 rony, BXoAsmuii B cnucok 250 mydmux (QribMOB MHpa MO BEPCUH U3BECTHOTO
pycckosizpraHoro moptaia Kinopoisk.ru, ¢ 6romkeToM B 60 MUJUTHOHOB J0JIJIAPOB M MPH YUACTHH
Takux 3Be3] MupoBoro kuHo kak CrtuBen Crnunbepr, Tom Xoukc u Kotpun 3era-lxoHC,
3apaboran Bcero Juiib 70 MUJIMOHOB JOJIApOB (YTO HAMHOTO HKXKE MPOTHO3UPYEMOTO
ypoBHs1). CTOUT OTMETUTh, YTO COOpHI 3TOro (uiabMa B MNEPBYIO HEAETI0 HECYHIECTBEHHO
OTJIMYATUCH OT COOPOB 00JIEE YCIEIIHBIX TPOEKTOB ¢ yuactrueM Toma XsHkca. JlaHHBINM mpuMep
JEMOHCTPHUPYET, YTO MPUOBLILHOCTh (hUIIbMa YaCTO OMPEAEINSETCS HE CTONBKO CTaTHUYECKUMU
HAYaJIbHBIMH JAHHBIMHU, CKOJBKO TEM, YTO MPOMCXOAMUT B JWHAMUKE (BHHUMaHHE K (UIbMY,
nuparctBo U mp.). [IpocToil craTuueckuii aHanus, Ha Halll B3IJISL, UMEET OUYEHb OIpaHUYEHHbIE
MIPUKJIATHBIE BO3MOKHOCTH B OTHOIIIEHUU OMUCAaHUS (P (HEKTOB, BIUIIOMUX HA COOPHI (PHIIEMOB.
Hampumep, >¢dext Bbixona MUpaTCKOro KOHTEHTa (KOTOPBIA AJs AUCTPUOBIOTEPOB (UIBMOB
SBIISIETCS. OJTHUM W3 CaMbIX B@KHBIX U MPOOJIEMHBIX) MPOCTO HEKOPPEKTHO paccMaTpuBaTh B
CTaTHKe, TaK Kak B 3aBUCHUMOCTH OT BpPEMEHH BbIXOJa KOMUU B HTOre (UiIbM Tepser

CYILIECTBEHHO pa3HbIE JOJHM CBOEH BBIpYYKH. BO3MOXKHO, B TaHHOM ciiydae Oojee MpaBUIbHO



TFOBOPUTh B TEPMHMHAX MOTEPb MOCIJIE BBIXO/A 3TOT0 KOHTEHTAa U MEXaHU3MOB UX MUHUMU3ALHH,
YTO MOJPa3yMeBAET AMHAMUYECKUIN aHAJIN3.

VYuuteiBasg Bc€ BBIIECKa3aHHOE, NMPH HAMMCAHWU JAaHHOW pabOTHl MBI CTaBUJIHM CBOEH
LIEJIBIO ITPOBECTH MAKCUMAJIBHO MOJIHOE JUHAMUYECKOE HCCIIeI0BaHHUE 0 OLIEHKE 3aBUCUMOCTEN
IIOJHEBHBIX KAacCCOBBIX COOpPOB (PMIIBMOB, KOTOPBIE BBIXOJWIM B AMEPUKAHCKMH IpOKaT 3a
nocneanue 10 ner (c 2004 no 2014 rox), OT TaKUX JUHAMMYECKH M3MEHSIOIIMXCS IIapaMeTpOB
KaK KOJMYECTBO KMHOTEATPOB, BBIXOJAHBIE U MPA3IHUYHBIE JTHU BO BpeMs IpPOKaTa, BHUMAaHUS
ayauTopun K (GWibMy, IUPATCTBO B 3aBUCHUMOCTH OT KadyecTBa BBIIYCKAeMOW HellerajabHON
KOIIMU U caMoro (huiabMa, a TakyKe JJOCTYIIHOCTH 3TOM KOIUU JUIs IPOCTOrO MOJIb30BATENS CETH U
np. s oneHkr BHUMaHHSA K (DWIBMY MBI HCIOJB30BAIM CTATHCTHKY TOMCKOBBIX 3alPOCOB
Google no kirOYEBOMY CIIOBY, COOTBETCTBYIOIEMY Ha3BaHHIO JAHHOTO (HIIbMa, B IMEPUOJL €TO
npokata B CIIIA, orpaHuyeHHyI0 MO KaTeropuu M peruoHy. Urto kacaercs aHaiuza mpoOiIeMbl
IUPATCTBA, OJHOW M3 3ahay Hauled paboThl OblIa OLIEHKAa MOTEpb KAcCOBBIX COOPOB (uibMa
1ocjie BBIXOJ[a HEJIErajlbHOr0 KOHTEHTa B XOpOILIEM M IUIOXOM KadecTBE JJsi KUHOKapTUH
pazHoro ypoBHs. i neranbHOro aHaiu3a JJaHHOW MpoOsieMbl Obula MPEANPUHATA IMOMBITKA
OLICHKHU TaK Ha3bIBAEMBIX «3aTpaT Ha MOKCK» (Searching costs). OxHO#M U3 rHIoTe3, KOTOPYIO MBI
XOTEJIM MPOTECTUPOBATh, OBUIO MPENOI0KEHUE, UTO TOCIIE NEPBOrO BBIXO/A MUPATCKON KOMUU
(3TOT MOMEHT OTIpeIeIIsIICS ¢ ucnoib3oBanueM caiita VCDQ.COM) 1 10 MosSBICHUS 3TOW KOITUU
Ha KPYIHBIX pecypcax (B HallleM cilydae, Ha MOMYJISIPHOM ToppeHT-Tpekepe The Pirate Bay)
JAHHBII KOHTEHT HE SABJIAETCS JIETKOJOCTYIHBIM U IPOCTOrO IOJIB30BATENS, MO3TOMY €r0
BJIMSIHAE Ha KacCOBbIe COOPHI (pHIIbMa HE TAKOE Pa3pyLIUTEIbHOE, KAK MOTJIO Obl OBITH.

CTouT OTMETUTH, YTO JJISl JAHHOTO HCCleoBaHMs ObL1 coOpaH M 00paboTaH OrPOMHBIN
00beM MCXOIHBIX JaHHBIX. Tak misi aHanmu3a ObuIo BBIOpaHo 1264 duiabMa, Mpu 3TOM IMOJTHAsS
6a3a (mpou3BeseHUE THEH B Mpokare KaxJoro (GpuiabmMa Ha KOJUYECTBO (PMUIBMOB) COCTOsIIA U3
81787 cTpok.

B urtore B qanHO# paboTe HaMU OBUIN MOTYYEHBI CIEAYIOIINE PE3yIbTaThI:

e Dddexr 3aBHCHMOCTH BBIPYUKH OT KOJMYECTBA KWHOTEATPOB KpailHe HEJIMHEEH WU
obyamaeT cBOMCTBOM yObIBaromiero s dexra or macmrabda (Mmoka3aTenb CTENEHH paBeH

0,77 ¥ CTAaTHCTHUYECKU CYIIECTBEHHO OTJIMYAETCS OT CIUHHMIIBI).

e BrixonHble yBenMUMBAIOT BBIpYuKy Ha 86%, 125% u 79% npnsa nartHunsl, cy600Tsl U

BOCKPECEHbsI, COOTBETCTBEHHO. [Ipa3qHuKu, K TOMY K€, JONOJHUTEIBHO T00aBISAIOT €lIe

57% K BBIpYUKE.

e HaulGonpmas cBs3b MEX/1y HOUCKOBBIMH 3allpocaMu U cOopaMu GpuiibMa 0OHapyKUBaeTCs
¢ 3aaepxkoit B 1 nenb. bonee Toro, uccinenoBanue mokasbiBaeT, 4To 3(Q(HEKT OT TOUCUHOTO

MOBBILICHHS] BHUMaHUS K QUIIbMY paccerBaeTcs 3a 1-2 Henenu.



e Dddekr nmuparcTBa 3aBUCHT KaK OT KadecTBa (puiibMa (KOTOpOE M3MEPSUIOCHh C IMTOMOIIIBIO
IMDDb pefitinra: ¢uibpM Mpu3HABAICS MIOXUM, €CIH €ro peiTuHr Menbie 6,00), Tak U OT
KayecTBa CaMOro MUPATCKOTO KOHTEHTA. J[Isi yCIOBHO IIOXOro (MiibMa TPU BBIXOE
9KpaHHOM KONWHU (CHATOM Ha KaMmepy B KHMHOTEaTpe) BbIpyuka najgaer Ha 33%, a npu
BBIXOJ/I€ KOIIUU B XopolleM KadectBe — Ha 52%. Jlyig ycinoBHO Xopouiero ¢puibMa noTepu
BBIPDYUYKHU COCTaBIAOT 26% u 33%, COOTBETCTBEHHO. MOKHO CKa3aTb, YTO 4YEM XYXkKe
GUIBM M YeM JIydlle KadecTBO MUPATCKOTO KOHTEHTa — TeM OOJIbIIE MOTEPH OT BBIXOAA
HEJIMLIEH3UOHHOW KOIUH.

e BarpaThl Ha MOKMCK» (Searching costs) cyinecTBEHHBI, TaK KaK MPH MOSBICHUU MHPATCKOM
KOIMM Ha M3BECTHBIX MHTEPHET pecypcax (B wacTHocTH, Ha The Pirate Bay) xaccoBwie
cOOpBI YMEHBIIAIOTCS AOMOIHUTENBHO Ha 12-20%.

[To pe3ynapTaTamM AMHAMUYECKOTO HCCIIEAOBAHMS ObUT MPOBEACH CTAaTUYECKUN aHaIH3
3aBUCHUMOCTH OCHOBHBIX HWHIUBUAYAIBHBIX KOHCTAHT, OIPEACISIONUX JIWHAMHKY COOpOB
¢uIbMa OT HaYaJbHBIX TapaMeTpoB ¢uiabMa (MIPOJOJHKUTEIBLHOCTh (MUIIbMa, yJacTHE 3BE3/,
JKaHp | 1p.).

[TomyuenHble pe3yibTaThl BMECTE ¢ COOpaHHOUM 0a30i MOTYT OBITH MCIOJNB30BaHbI KaK B
Ka4eCTBE OCHOBOIIOJIAralOIUX (PaKTOPOB, ONPEACISIOMNX TOBEJICHUE W OCHOBHBIE PHCKH
JTUCTPUOBIOTEPOB BO BpeMsl MPOKaTa, TaK W I JATbHEHIINX HCCICIOBAaHUN ¢ MPHUMEHEHUEM
0oJiee CIOXHBIX CTPYKTYpHBIX Mopeneidl. Bce 3To MokeT OBITh MMOJIE3HO TpHU BBIPAOOTKE
CTAaTMUYECKOTO IJlaHa M JAMHAMUYECKUX CTpaTeruii MPOW3BOACTBA M MpokaTa ¢uiabMa ams

YBCIUUYCHUA U CTa6I/IJ'II/ISaIII/II/I €Tr0 UTOTOBOM BBIPYYKH.
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Introduction

Almost everyone on the planet has been exposed to the movie industry in one way or
another at least once in his or her life. Ever since the creation of the first film in 1906, and the
first studio in 1911, the industry saw tremendous growth, quickly turning into one of the most

prominent areas of business.

Creating a new film often requires a huge amount of investment, which is quite risky since
it is difficult to predict the box office revenue of the movie before its production begins. Some
factors, such as celebrities’ participation, a well-known director or a scriptwriter, big budget or
even favourable market conditions may raise potential revenues. Nevertheless, they are far from
being either necessary or sufficient conditions for a movie to be a success. For example,
“Paranormal activity” (2007), with the budget of 150008 and no celebrities in the cast, earned
more than $193min, which implies the profitability ratio of over 12 000! However, there are also
a lot of examples when the movie investment was not so profitable. For instance, “Sahara”
(2005), despite substantial production costs of $241min and Penelope Cruz participation, earned
just a little more than $110mln. “The Terminal” (2004), ranking 147 in the list of 250 best
movies at kinopoisk®, would be another example. Although it was directed by Steven Spielberg
(3 Oscars and 12 Nominations) and included such celebrities as Tom Hanks (2 Oscars and 3
Nominations) and Catherine Zeta-Jones (1 Oscar) among the cast, the film earned a relatively
modest amount of $77mln in domestic total gross revenue, barely exceeding its production costs
of $60mln. It is interesting to note that, while the movie earned about $13.74mln during the
opening weekend, which was quite similar to some other Tom Hanks projects, such as “The
Green Mile” ($13.37mIn) and “Road to Perdition” ($15.47mln), the total gross of “The
Terminal” turned out to be about twice as low as the average total domestic gross of all the other

movies with the same actor.

These examples, in particular the latter, show that a simple consideration of the standard
exogenous static parameters might be not enough for accurate and robust prediction of the box
office revenue. Instead, we should consider changes in dynamic parameters throughout the
whole screening period. Potentially, this could allow us to promptly identify the reason and the
moment when something starts going wrong with the movie produced, and aptly respond to

stabilize or even increase its box office revenue.

L http://kinopoisk.ru



Arguably, one of the most important dynamic factors for a movie’s financial success is the
marketing policy and, respectively, public attention. When discussing related literature, we
demonstrate that Google search volume indices (SVI), provided by Google Trends service, could
be successfully used to measure the degree of public interest. There is a set of papers which
show that performance of the models with Google SVI is significantly better than the
performance of the models without this indicator (e.g. Varian and Choi (2009), Kholodin et al
(2010) etc.). In a different setting, it has been demonstrated that Google SVI has a substantial
predictive power in the influenza epidemic spread forecasts (Ginsberg et al. (2009)), which led to
the subsequent creation of a new service, Google Flu Trends, with the aim to notify people and

prevent a further spread of the disease.

With widespread technological growth, however, there has emerged another important
factor that could substantially affect the box office revenue - piracy. Illegal downloads have been
the driving force behind many changes in the media industry during the last decade or two.
Before the piracy became really widespread, musicians, for instance, could earn enough money
by issuing new albums and making small concert tours in their support. Today, when every
person with internet access can easily listen to any song on the web (sometimes even before the
official release), the situation has changed dramatically: now musicians are forced to make big

tours all over the world after the album issue to support the revenues.

The problem of piracy is especially acute in Russia due to historically relatively weak
enforcement of the intellectual property laws, with only recent antipiracy law enactment.
However, with the widespread internet penetration and ever increasing data exchange speeds,
piracy is no longer limited to a particular country, but is a global phenomenon.

Substantial resources are spent on fighting the piracy. There are special persons whose
work involves protecting a movie from being stolen on the pre-release step or during the box
office period in the form of a sample copy by the cinema employees. They also monitor social
networks and torrent trackers in order to send requests to block the illegal content should it
become available after the movie theatre release. Such proactive monitoring may prove it more
difficult for the users to find an illegal copy of a movie, essentially increasing the corresponding
searching costs and thereby reducing consumption of the illegal content and mitigating the

negative effect of piracy on the revenue.

Going back to the example of “The Terminal”, piracy might have indeed played a
significant role in its financial failure: after all, this was the year when The Pirate Bay, probably

the largest torrent tracker, was founded and instantly gained a huge popularity. In fact, the first



illegal copy of “The Terminal” in good quality appeared on the site only 8 days after the actual
movie release. This could explain, for instance, why the initial movie revenue was comparable to
the similar Tom Hanks movies, but subsequent returns turned out to be substantially lower.
Therefore, we consider piracy as one of the important factors influencing financial success of the

projects in the movie industry, and incorporate it into our model.

This paper suggests a reliable dynamic reduced-form model for the movie revenue as a
function of various filming and screening characteristics, including the degree of public
attention, the distribution chain features, star participation, runtime, various calendar effects, etc.
Most importantly, we pay particular attention to the impact of electronic piracy on the financial
success of the movie. We discuss how the effect will depend on the various characteristics of the
latter, i.e. film grade, the quality of the illegal copy and its availability for an unsophisticated

internet user.

In order to model the effect of various film characteristics on the box office revenue, we
have created a new database of the movies released in the USA during the last decade. This
involved writing a special script that would extract the relevant information according to
particular algorithms from the various publicly available sources and combine it in a single
dataset. The database contains a lot of information regarding particular films, including (but not
limited to) the presence of stars in the cast, daily revenues dynamics, distribution details,
calendar effects for the state holidays/weekends, movie genre, runtime, budget, and other
characteristics. Piracy presence is measured by screening the contents of The Pirate Bay tracker
and VCDQ illegal content list, paying particular attention to the pirated content release date and
its quality. Finally, we also trace the Google Search Volume Index that relates to a particular
movie from a month prior to the film release up to the end of the screening period. This allowed
us to create a unique dataset with the information covering over 1200 movies produced during
the last decade (to be more precise, in average each movie had approximately 70 time points
which resulted in more than 80,000 records total, used for the dynamic analysis). The full

description of the dataset and its composition/algorithms could be found in the Data section.

We build a dynamic reduced-form model for the daily stream of box office revenues and

make a number of interesting empirical findings.

e The effect of an additional cinema theatre on screening revenues is highly nonlinear, and

there appear to be decreasing marginal returns.



e As expected, calendar effects have a substantial impact: during the public holidays the
revenue on average increases by 57% and on Friday/Saturday/Sunday by 86/125/79%

respectively.

e Public attention, as measured by prior values of the Google Search VVolume Index, seems
to have the highest effect on the future movie attendance within the span of one to 2

weeks.

e Piracy impact on the film revenue depends on the quality of the movie (as measured by
the IMDB rating with a threshold of 6.0) and its electronic copy. In particular, other
things being equal, the availability of a low quality illegal copy of the movie decreases
daily revenues by 33% for “bad” movies compared with only 26% for “good” ones. High
quality copy leads to revenue changes of 52% and 33% accordingly. We also prove that
the effects of “bad” and “good” quality illegal content vary significantly inside and

between these groups.

e Searching costs have a substantial impact on the illegal content consumption and its
effect on box office revenue. We find that the availability of a movie on a renowned
tracker (such as The Pirate Bay) has an additional negative effect on the daily revenues of
12-20% (depending on the quality of the film and its electronic copy) and this effect is
statistically different between the groups.

e Overall the results suggest that the piracy is related to a substantial negative impact on the
box office revenue, and that the worse is the movie, the stronger it seems to be affected
by it.

The model developed in this paper has impressive explanatory power (as measured by the
in-sample R-squared), and could be empirically tested to develop the recommended distribution
scheme depending on the movie features. The economic impact of the piracy is assessed and
shown to be decreasing with the quality of the movie and associated searching costs.

The paper is organized as follows:

e Section 1 provides a literature review

e Section 2 discusses the database collected for the research

e Section 3 introduces the main reduced-form model for the numerical dynamic
analysis

e Section 4 presents the results of the dynamic analysis



In section 5 we discuss the static modeling results and the effects of the static movie
characteristics on the box office revenue path-defining individual variables

Section 6 provides main results and conclusions

Section 7 contains a small survey of possible ideas for the future analysis and

unresolved questions
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Literature Review

Search volume data:

It is relatively recently that Google search volume index variables have started to appear
in economics-related scientific works. One of the pioneering papers in this area where predictive
power of the index was exposed and exploited is Varian and Choi’s “Predicting the present with
Google trends” (2009). In this article the authors show how Google search data might be used to
predict economic activities in the variety of different areas. The authors demonstrate that sales in
different areas such as automotive, home, car insurance sales etc. strongly correlate with search
volume indices for the appropriate keywords in the investigated categories (see the picture

below).

Furthermore, the model predictions obtained by running the simplest regressions
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Picture 1
including SVI match the real data fairly well.

Then, Schmidt and Vosen (2009) examine models based on both search volume indices
and public surveys and concluded: “Google Trends is a very promising new source of data to

forecast private consumption. In almost all experiments conducted by the authors the Google
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indicators’ in-sample and out-of-sample predictive power proved to be better than that of the
conventional survey-based indicators”.

Also Kolodin et al. (2010) investigate private consumption models and find statistically
significant evidence that models with Google search statistics data offer an improvement over
the benchmark models without SVI.

The most interesting paper concerning box-office revenue prediction, in which scientists
used search volume index, was written by Goel et al (2010). In that paper the authors have
shown that what consumers are searching in Google can also predict their collective future
behaviour days or even weeks in advance. In the section devoted to the movie performance
predictions the authors analyze a database of the opening weekend box-office revenues for 119
films released in the United States between October 2008 and September 2009 and find that the
predicted result suggested by the simplest linear model concerning only search volume index
matched real data well even if this prediction was based on the search index that was taken four
to six weeks before the movie release. Furthermore, they come to the conclusion that search
volume data improve the predictive power of these models when included as a parameter into
other models. The authors also point out that in absence of other data sources, or where small
improvements in the predictive performance are material, search queries might provide a useful

guide to the nearest future.

Piracy and box-office revenue:

In this section | would like to start with brief introduction of a paper written by Rafael
Rob and Joel Waldfogel “Piracy on the silver screen” (2007). In the article the authors analyze
the data, obtained from the series of surveys administered to over the 500 undergraduates in the
year 2005. Undergraduates had to choose whether they saw film or not and had to choose where
they saw it from the given list of possible answers. There were 4 paid methods (the cinema,
theater, television, rental and purchase) and 2 unpaid ones (watching a downloaded copy and
watching a burned copy of a legally obtained copy of the film) only one of which might be
chosen for a given movie. Also it was necessary to fill in an integer number: 1 or 2 etc. if they
had seen the movie for the first time, for the second time and so on (choosing the way they saw
the movie from the list). Moreover, the researchers asked their respondents about their family
income, race and age, speed of the internet connection they have but in addition they took into
consideration variables, characterizing the respondents’ interest toward the movie industry: how
often they go to the cinemas, how many movies are in their collection and their level of interest
in watching movies. Having analyzed this database, the authors conclude that unpaid

consumption constitutes a small share of the movie industry products consumption even in the

12



sample of technically sophisticated college students with good Internet connection. Despite the
results, the authors suggest that it partially owed to the fact that file sharing systems were clumsy
at that time, and the searching costs of obtaining an illegal copy may play a significant role, but
if the available means for copying movies become easy to use, file sharing could evolve into a
very serious threat to the film industry. Comparing movie industry with music industry, where
piracy was all too common, the authors underline that even if the searching costs and any other
costs of obtaining a film illegal copy fall, the two industries would still remain different because
of the consumption costs: watching a movie requires a few hours of attention, which is costly.
Thereby, the movie is costly to consume even if it is obtained for free. This argument is very
sensible even nowadays when searching costs seem to be relatively low, but people prefer going
to cinemas and pay rather than spend their time to watch a movie for free but in a worse quality.
The costs of consumption in particular nowadays seem to be the key factor that mitigates the low
quality piracy effect on the box office revenue because of the idea that people do not want to
spend their time watching movies in a bad quality without much pleasure. Consequently, these
costs force them to go to the cinema or, at least, wait for the time when high-quality illegal
content will be released.

Another remarkable article, written by Ma et al (2011), which, in some sense, played the
role of a starting point for our research, is titled “Effect of pre-release piracy on box-office
revenue”. The authors analyze effects of pre-released piracy (when the stolen copy of the movie
becomes available before the official release) on the box office revenue. We should emphasize
the fact that pre-released piracy differs from other types of piracy in terms of the clientele it
attracts. It is a popular argument that if consumers were really interested in the content, they
would buy the legitimate version, which usually has higher quality. Whereas those who are
satisfied with the low quality pirated version have low willingness-to-pay for the content and
would not have bought the legal version anyway. However in the case of pre-released piracy
people who downloaded the illegal copy might download and watch even the copy with poor
quality just because they wanted to see the film as soon as possible. On the other hand there
exists a hypothesis that the pre-released piracy may also increase the box-office revenue because
of the possible word-of-mouth information spread generation, which can substitute an expensive
advertisement.

The data on piracy were collected from the VCDQuality.com source that played the role
of the piracy release log (no direct links could be founded there). The main database contained
553 movies, 117 of which were with missing values for their budget. If the budget of the movie
was unknown, the authors set its value to the average budget of all the films under the

investigation and create a dummy variable for the missing budget that captures any systematic

13



differences between the group of the films with known budgets and unknown budgets. To avoid
inadequacy of the information, the movies that were displayed in the cinema for less than six
weeks were removed (58 items). Conclusions were made from the final dataset comprised of 475
movies, where 48 of them had pre-released piracy.

The structure of the dataset used and the source of the information are presented in the

next table:
Variable Description Source
IMDBID The unique 1D assigned to the movie at IMDB.com. This is | IMDB.com
used to identify the movie.
BO The box office sales of a movie in a week. BoxOfficeMojo.com
BUDGET The estimated production budget of the movie. This | IMDB.com,
information is not available for all movies. BoxOfficeMojo.com
VDATE The earliest date on which a copy of the movie became | Vcdquality.com
available on the Internet according to vcdquality.com.
MDATE The official wide release date of the movie. IMDB.com,
BoxOfficeMojo.com
PIRACY An indicator variable of pre-release piracy, with 1 | Inferred
representing the existence of pre-release piracy. This is
inferred from VDATE and MDATE: pre-release piracy
exists for a movie if VDATE is earlier than MDATE
AUDIOQUAL The average audio quality rating of the pirated copy | Vcdquality.com
according to vcdquality.com. Not all copies received a
rating.
VIDEOQUAL The average video quality rating of the pirated copy | Vcdquality.com
according to vcdquality.com. Not all copies received a
rating.
DIST The distributor of the movie. BoxOfficeMojo.com
GENRE The genre of the movie. BoxOfficeMojo.com
DIRAPPEAL A binary indicator of the presence of a star director in the | BoxOfficeMojo.com
movie. The indicator is set to 1 if the past average box | Inferred
office sales of the director is higher than $50 million. The
average box office sales of the movies directed by the
director of the movie over the past years were collected
from BoxOfficeMojo.com.
This information is not available for all directors.
STAR A binary indicator of the presence of stars in the cast IMDB.com
of the movie. A movie is considered as having a star Inferred
if some of the top four actor/actress of the movie
have either been nominated for or won an academy
award before the playing in the movie.
SCREEN The number of screens on which the movie was BoxOfficeMojo.com
shown in the opening weekend.
USERRATING The average movie rating posted by viewers. IMDB.com
CRITICRATING The average critic rating of the movie. Yahoo Movies
Table 1

—nit+git

The authors use a reduced-form exponential model in the form: Y;; =M€ where

Yi: is the box office revenue of movie i at time t, and M, and N; represent the market potential

and the rate of decay of the movie, respectively, which depend on the movie static parameters
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such as celebrities participations, IMDb rating etc. and the dummy variable for the pre-released
illegal copy availability for movie i.

The main results of the article are the following: pre-release piracy decreases the market
potential but also increases the rate of decay (presumably due to the word-of-mouth
mechanisms), but as a result the piracy causes approximately a 15% reduction in the box-office
sales. Nevertheless, the authors show that the pirated copy with higher audio and video quality
has less severe impact on the movie box office revenues than the lower quality releases do. It
may mean that if a film in a bad quality is stolen it is better for the producers to release on the
internet a copy of this movie in better quality to reduce the hazard effect on the box office
revenue.

The third paper, we’d like to refer in the literature revue is the article, written by
Christian Peukert et al. “Piracy and Movie Revenues: Evidence from Megaupload: A Tale of the
Long Tail?” In this research paper the authors aim to estimate the effect of the exogenous piracy
change (Megaupload shutdown) on the box office revenue of the movie. Megaupload Ltd, a file
hosting service, included in the top-15 list of the hosting services and once the 13" most visited
site on the internet with more that 180,000,000 registered members and 50,000,000 visitors per
day? was established in the year 2005 and became one of the main and the most significant
illegal content sources in the world, but it was shut down by the United States Department of
Justice on January the 19", 2012. This shutdown created a quasi-experiment in the market of the
illegal downloading and allowed the authors to exploit an exogenous piracy shock to perform the
investigation. The authors investigate 1,344 movies in 49 countries and conclude that a positive
effect after the shutdown was found only for the blockbusters (the movies shown on more than
500 screens). The rest of the database shows insignificant or even negative effect of the
Megaupload closing. The scientists argued that this might be due to the social network effect
because of the fact that the information about the movie could spread from consumers with low
willingness to pay (who download the pirated copy) to consumers with high willingness to pay
(who go to cinemas). So for this class of movies publishers may find it preferred to release

piracy content by themselves instead of paying for the expensive advertisement.

Other models for box office revenue prediction:

The set of works | would like to refer to in this section might be roughly divided into two
big groups. The first group of papers is devoted to prediction of the movie box office revenue

using social media data such as twitter posts, IMDb comments etc. Asur and Huberman(2010)

2 http://www.washingtonpost.com/wp-srv/business/documents/megaupload_indictment.pdf - Megaupload
indictment written by the United States District court for the Eastern District of Virginia.
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use the rate of chatter from almost 3 million tweets found on the popular site Twitter and
construct a linear regression model for the box-office revenues of movies forecast. They show
that the results outperformed the models based on the Hollywood Stock Exchange data® in
accuracy. The authors also analyze the sentiments that were presented in the tweets and
demonstrate their efficiency to improve the predictions after a movie was released. It is also
demonstrated that analysis covering social media, such as twitter, may be extended to the large
amount of the topics (for example, future ratings of products), but it may also be exploited for
the prediction of election outcomes.

In a more recent work, Lica and Tuta (2011) analyze modern techniques of product
success predictions and point out the main problems (which make the social media analysis very
difficult) of the social media sources of information. The main issues presented in the article
include

e Language problem
e Spam participation problem
e Difficulties in recognition posts’ sentiment problem.

The second fundamental group of the articles, which might be considered as a classical
models for movie’s box-office revenue published in the year 1996 by Sawhney and Eliashberg
and its extensions by Dellarocas et al (2007), were devoted to the attempts to construct a model
which takes into account the time of making a decision to watch a movie and the time to act after
this decision is made. The sum of these times was defined as the time to adopt the movie (decide
to see and go to the cinema after this decision). Dellacotas proposes a new form for the hazard
rate function, which plays the role of the engine in the models of this type, which take into
consideration “external” force (advertising etc.) and “internal” force related to the word-of-
mouth of the past viewers. This function also takes into consideration the fact that the effect of
the pre-released advertisement is falling down constantly as well as the impression about the
movie (which is closely linked to the word-of-mouth effect). After the main parameters
estimation, the authors conclude that the prediction made with use of their model performed well
enough in comparison with the out of sample movie data. Thus, the authors conclude that the
model might be a good instrument for making predictions about the movie box office revenue

performance.

3 HSX.com Hollywood Stock Exchange is an artificial stock exchange where the role of stocks is playing by the
movies and is considered to be a good prediction instrument. In 2007, players in the Hollywood Stock Exchange
correctly predicted 32 of the 39 major-category Oscar hominees and seven out of eight top-category winners.
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Database

Movie list:

Initial movie list, which were in the USA cinema box office for the last ten years, was
collected from the BoxOfficeMojo.com weekend charts* taking into consideration all the
weekends starting from the 1 of 2004 till the 10" of 2014. For the database collecting procedure
a program on .net c# was written (powered by an html-parsing procedure). As a result of the data
collecting, the list of the 6306 movies was initially obtained for the research (not all of them

indeed had enough information for the investigations we planned to perform).

Box-office revenue data:

Box office revenue information on the daily basis for the movies from the list we
described above was also taken from the BoxOfficeMojo.com web site. To be more precise, this
resource provided us with the following dynamic data:

e Daily gross and gross-to-date revenues
o Daily quantity of the cinemas, average box office revenue per cinema
e Exact date
e Movie rank in the table of the top box office revenue for the given date
For instance, “The Matrix Revolution” daily box office information was presented in the

following form:

Day Date Rank Gross ;,-a +- YD [ LW=* Theaters / Avg Gross-to-Date Day #
Wed Howv. 5, 2003 1 $£24,311,365 - - 3,502 £6,942 $£24,311,365 1
Thu Howv. 6, 2003 1 £11,003,481 -24.7% - 3,502 £3,142 £35,314,846 2
Fri Nov. 7, 2003 1 $16,529,521 +50.2% - 3,502 £4,720 451,844,367 3
Sat Nov. 8, 2003 1 $19,524,728 +18.1% - 3,502 £5,575 $71,369,095 4
Sun Nov. 9, 2003 1 $12,420,905 -36.4% - 3,502 £3,547 $83,790,000 5
Mon Nov. 10, 2003 1 $4,587,414 -63.1% - 3,502 £1,310 $88,377,414 6
Tue Hov. 11, 2003 2 £5,200,298 +13.4% - 3,502 £1,485 £03,577,712 7
Wed Hov. 12, 2003 1 $2,223,433 -57.2% -00.9% 3,502 %635 £05,801,145 8
Thu Hov. 13, 2003 1 £2,052,420 -7.7% -81.3% 3,502 %586 £07,853,565 9
Picture 2

A part of static information about the distributor, production budget (unavailable for
some films), movie runtime etc. was also exposed on the web page for a given movie on
BoxOfficeMojo.com site.

It is necessary to mention that the daily box office revenue information was given not for
all the movies from our initial dataset (only 2443 movies, which we could find in the IMDB, had

at least one record and 1933 movies were mentioned in the IMDb?® and had at least 30 records).

4 http://boxofficemojo.com/weekend/chart/
S http://imdb.com, will be discussed below
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All the actions on collection and processing the dataset were done in the automatic mode by the

same data-analyzing program, written by the authors.

Movie static information:

The next sources of the information, which we used constructing the dataset for the
analysis, was the Internet Movie Database (IMDb.com).

From this web site we got the next static data (which is constant over box office time) for
the movie under consideration:

e The movie crew (director, scriptwriter, up to four main actors).

Here we decided to identify whether an actor is a star or not using a simple list of
the best 500 actors, found at the listal.com web site. We decided to apply this method for
the actors star identification because there are a lot of famous ones who have almost
never got any positive awards, but still his or her participation may attract people to
watch the movie: for instance Steven Seagal got only Golden Raspberry award for the
worst role, but movies with his participation will definitely attract attention of the
audience. Speaking about the star identification among the movie directors and
scriptwriters, we marked them as celebrities if they had more than one Oscar nomination
as a best director or scriptwriter, respectively.

e The IMDD rating of a movie (this is the rating calculated by the special formula
from the marks out of 10 points, which any user may assign on the site to the
particular movie).

It should be pointer out that all the history of the raiting changes is inaccessible
for us. But we make a reliable assumption that after the box office period this mark
reaches a value which deviates form its asymptotic value insignificantly.

e Date of the movie release

e Budget information (may be omitted)

e MPAA rating (age restrictive rating)

e List of genres, related to the movie (comedy, romance etc)

e Runtime

e Movie distributor in the USA (Dreamworks, Warner Bros, Fox, MGM etc.)

e Opening cinema quantity

e Maximum amount of the cinemas during the box office period

e Brief film description (using it we can introduce special dummies for the

particular word participation)
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e Country-producer
e Native language of the movie
e Awards etc.
It is important to note again that all the information obtained from the IMDb was static
(stay constant during the movie box office period) and not all the movies from the initial list
were found in the IMDb. To be more precise, from the initial list of the 6306 movies only 4642
were found in the IMDb. Only those movies were taken for the further analysis.
Integration between the program and the IMDb web site was reached using Open Movie

Database API (omdbapi.com).
Google Trends

Google Trends is a public web facility based on the Google Search engine, by the aid of
which a search volume index for a given keyword could be obtained. This index is given in the
form normalized to the maximum level for the given search query and overall Internet activity.

The information may be obtained for a particular region of the world, time, category and content

Iron man, The Shawshank Redemption “

Web Search interest: iron man, the shawshank redemption. Worldwide, 2004 - present, Movies ¢ -

Interest over time

The number 100 represents the peak search interest Compare to category Forecast

i
October 2011

m iron man: 7

m the shawshank redemption: 1

- SV

e, — .
— e = =

Embed

Picture 3
(Web, News, Images etc.). News headlines, which are in some way relevant for the target search

query, may be displayed on this graph. The service provides an opportunity to make the simplest
prediction about the given keyword trend behavior in the nearest future. Search volume index
for any keywords is available from the 1% of January of 2004 till now. The data used for plotting
the graph may be downloaded as a CSV file. The main disadvantage of the Google Trends’

19



search volume index seems to be normalization of the data and impossibility to get an absolute
value of the given search request. This might be the reason for using Yandex Wordstat index®,
which provides an absolute value for the requests, but this normalization may be also a virtue
because all the data are preceded by Google algorithms (which allows to cut proxy multiple
requests etc) and normalized to the overall internet activity. Moreover, it is possible to see the
data in comparison with chosen search category, which provides an opportunity to see the
indices for two or more independent keywords on the one graph. It allows obtaining the absolute
value approximation using a benchmark keyword method.

Previously mentioned Yandex Wordstat service is a service which may supply an
absolute value of the search requests for a given word based on the Yandex Search data, but
these data are not suitable for our research for the following two reasons:

e Available index is limited by the last two years.
e Search data are not consistent with the USA search queries since the USA Internet
users almost never use Yandex search service.

Concerning the data, as long as our investigation is devoted to the US box office revenue
analysis, only Google SVI was used. Search volume index was limited on the “Movies” as a
category and the US as a region. Obtained were daily data starting from the month before the
movie release till the end of the box office period.

Piracy Database:

One could say that a new era of piracy began when the BitTorrent protocol was created.
This protocol allowed people to carry out file exchange in peer-to-peer (P2P) mode
(downloading content directly from the computers of other users, connected to the P2P network)
without uploading a file to special hosting servers. It means that if one of the P2P network users
reaches some content (possibly illegal) and wants to share this content using P2P network (those
people are called seeds), the link to this content can be sent to other users so that they can
download the data directly from the seed’s computer. But at the same time users are becoming
seeds of the parts they have already downloaded. Due to this protocol the information and its
source started to spread through the web very fast, so that fighting with an illegal content sharing
distributed by this protocol became an extremely difficult task.

Soon after the protocol was invented new torrent tracker web sites started to emerge all
over the globe. These sites were just a collection of links to another computer’s content, so that a
huge database of content stored this way did not demand a lot of space for its storage on the host

Server.

® http://wordstata.yandex.ru
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One of the first torrent trackers was The Pirate Bay. This site was founded in 2003 in
Sweden and shortly after the start of its work became a very popular torrent exchange area for
people from all over the world. In some sense, The Pirate Bay became one of the hearths of
piracy, since the searching costs of gaining illegal content uploaded there were drastically lower
compared to other sites.

Concerning our investigations, for each film from the movie database we obtained the
full list of the torrents available on The Pirate Bay (given the day of release, name, size and
category). Taking into consideration common trackers’ rules of the torrent distribution
formalization, type and quality of a torrent may be almost surely obtained from the torrent’s
name or its size (for instance, the DVD repacked files due to its commonly used codec has the
size equals approximately 1.4 gigabytes). The full table of the world-standard piracy movie
markers, their meanings and related quality, which was used for the quality identification, we
obtained from the rutracker.org site’. The main task for our data gathering procedure in this
section was to find for a given movie on The Pirate Bay web site torrents’ dates of release for the
illegal content in low quality format (usually in the CamRip or TeleSync format) and in high
quality (frequently, this torrent files have DVDRIip quality markers).

Furthermore, availability of illegal information on the Internet in general was checked
with the VCDQuality.com service, which Ma et al (2011) used as a source of piracy information
in their investigation. This service provides logs of almost all the illegal movie content with
exact release date and quality of that content (without any direct links to the file). This
information shows that a pirated copy has already been issued and now exists somewhere on the
web. This information could be extremely useful for our research because for a given movie
name and a given quality of the picture it shows the release date when the illegal content first
emerged on the internet. It is noteworthy that the information about the illegal file quality may be
obtained directly without overly complicated movie name parsing analysis as long as it is present
in one of the columns of the table.

These two sources of piracy information were used simultaneously to estimate the impact
of searching costs for the illegal piracy content on the box office revenue and to test the
hypothesis that even if some illegal content emerged at some site on the internet and was
registered by the VCDQ.com site (which, as it was mentioned above, does not provide the direct
link to the content), but was not available for download on The Pirate Bay site (or any other
popular piracy source) for some time, searching costs of obtaining this content for an

unsophisticated internet user at that time were assumed to be substantially high. This means that

7 http://rutracker.org/forum/viewtopic.php?p=27840514#27840514
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the illegal file will not be in substantial demand (that fact was taken into consideration as a

hypothesis, which will be tested in the numerical analysis part of the investigation).

Database summary:

Summing up, our daily revenue database was restricted by the 1264 most suitable for the
analysis movies that were in the movie exhibition from the year 2004 till the year 2014 and the
box-office revenue for them were known for twenty or more days. We restricted the initial
dataset because in our research we were more interested in analysis of the movies that were
initially created not just for the festivals and other competitions, but to earn the money as
commercial projects.

The dynamic part of the dataset we collected includes the following items:

e Daily revenue and cumulative revenue for the given date (sometimes with missed
values) in terms of the US dollars

e Information about the date (whether it was weekend, holiday etc.)

e Availability of the piracy content for the given date and, if available, its quality.
As it was mentioned before, the information was obtained from two sources: The
Pirate Bay (with possibility to download the movie: low searching cost piracy)
and VCDQ.com (without direct link for the illegal content: initial illegal copy
release)

e Google search volume index for the given movie name and given date or week if

interest during the movie exhibition period
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Dynamic model

As we have mentioned in the literature overview section, when we discussed the article of

Ma et al (2011), for the dynamic weekly investigation the authors used an empirical exponential
_ — - nt . .
model in the form Y, =Me " (Eq. 1) where Y;, was the box office revenue of movie i at the t

weeks from the release, and M, and N; represented the market potential (which in some sense

equivalent to the first week revenue) and the rate of decay (exponential index) of the movie.

Daily box office revenue profile for the ordinary movie
(orange line — daily revenue, gray line — cinema quantity)
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Iron Man, 2008 Road to Perdition, 2002

Table 2

As we can see on the graphs, on which the daily box office revenue curves were ploted
for the case when the cinema profile over the box office period has an ordinary path, the most
common for commercial films (starting with more than 80% of the maximum cinema quantity,
then growing slightly and after some time start to decrease sharply) the assumption of an
exponential form of the box office revenue decay over time seems to be reasonable and
trustworthy. The exponential pattern might be seen considering separately the weekday revenues
and each particular weekend.

According to this fact, it was assumed that the exponential model in the form (Eq. 1), but
with a special multiplicative functional, might be used to capture the daily dynamics in this case
too. It is obvious that this multiplicative functional should depend on the indicators for the
weekends: Friday, Saturday and Sunday (because as we can see from the graphs, if we select the
group of points just for one of the given weekends, we would still observe exponential decay).

Moving further, the exponential pattern of decay might be difficult to see on the box

office revenue graph of so-called “slipper” movies (the movies, cinema profile of which starts
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stays some time at the low quantity level, but then the number of the cinemas increases

significantly: twice or more).

Daily box-office revenue profile for the “slipper” movie
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Table 3

These examples explicitly show us that the quantity of the cinemas should be included
into the exponential functional factor too. Moreover, the variables, which depend on the illegal
content availability, on the people’s attention to the given movie and its marketing policy
(advertisement etc), should be also included into the considered functional factor as well.

Concluding, the resulting empirical model, which we used in our investigation, was taken
. . — - nit .
in the following form: Y, = f(C, d,, P, S,)ME " (Eq. 2), where Y, was the box office
revenue of the movie i, t days after the start of the box office period. Further,
m; and n; represented the market potential and the rate of decay of the movie and depended on
the static movie characteristics, which were presented in the previous section.
ArgumentsC,,d.,S,, p, represented some functions of all the available history up to time t of

the next dynamic movie parameters: cinemas, exact day or week, search volume index and
available pirated content (from The Pirate Bay and VCDQ) respectively for the given film i. For
instance, if the search volume index at time t is high it may mean that that the people will go to
the cinema at the time t+n, at which search volume index may be not so high (because, using the
terminology introduced by Sawhney et al. (1996) and discussed earlier, they need time some to
act). This example suggests that the lagged values of the search volume index should be also

included in the SVI function.
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In the analysis we performed, the function f(Qt, dit, p,t,St) was taken in the form,

such that IN f(C,, d,, P, S;) =sum of the next summands (multiplied by their effects, which

we wanted to estimate):

1) Cinema quantity part:
In(cinema_quantity;, )

- logarithm of the movie quantity for the given day and the given movie
2) Day of the week part:

is_ friday_ dummy,

-dummy variable, which showed whether at the day t for the movie i was Friday
IS_saturday_ dummy,

-dummy variable, which showed whether at the day t for the movie i was Saturday
IS_sunday _dummy,

-dummy variable, which shows whether at the day t for the movie i was Sunday
is_holiday_ dummy,

-dummy variable, which showed whether at the day t for the movie i was a public holiday
in the US
is_holiday_nearby__dummy,

-dummy variable, which showed whether in the deleted neighbourhood (with radius

equals 3 days) of the day t for the movie i there were any public holidays in the USA

3) Search volume index part:

In(SVI _index_laglday,)

-logarithm of the lagged by 1 day search volume index for the movie i at time t
In(SVI _index_lag2days,)

-logarithm of the lagged by 2 days search volume index for the movie i at time t
In(SVI _index__lag7days,)

-logarithm of the lagged by 7 days search volume index for the movie i at time t
In(SVI _index_lagl4days,)

-logarithm of the lagged by 14 days search volume index for the movie i at time t
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Here we should mention that the SVI of the day t without lag was excluded because it
was difficult to control causality: it is not obvious whether the viewer used Google search before
going to the cinema (for instance, checked the ticket price, tried to find the nearest cinema etc.)
or after it (for instance, because he or she was under the strong impression from the movie and
tried to find some more information related to the film). Also, the multiplicative form of the
model allowed us to use search volume index in the relative form (because normalizing constant
was fixed for the given movie and might be included unified with the market potential (fixed

effect) individual film constant).

4) Piracy part:

Before the numerical analysis start we decided to divide the collected movie database into
the two big parts: bad movies (defined as movies, which IMDb rating is lower than 6.00) and
good movies (IMDb rating is higher that 6.00, respectively). For each group we tried to measure
the effect of piracy in the following form:

is_low_quality_piracy_available_laglday,

- dummy variable, which showed that for the movie i at time t-1 there existed an illegal
content of the low quality (CAMRIip , TeleSync and similar) somewhere on the internet
(according to the VCDQ site), but a high quality copy for the given movie at time t was not yet
available (on that site)
is_high_quality_ piracy_available_laglday,

- dummy variable, which showed that for the movie i at time t-1 on the internet there
existed a high quality piracy content
is_low_quality _piracy_with_low_searching_costs_available_laglday,

- dummy variable, which showed that for the movie i at time t-1 at The Pirate Bay torrent
tracker there existed a piracy content of the low quality (CAMRIp or TeleSync and related), but
there were no high quality copy of the film up to time t-1 on this tracker (again, here we assumed
that when the piracy content emerged at The Pirate Bay site, its searching costs became low)
Is_high_quality_piracy_with_low_searching_costs_available_laglday,

- dummy variable, which showed that for the movie i at time t-1 there existed a torrent of

the high quality, listed on The Pirate Bay torrent tracker.
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All the dummies were taken lagged by one day because, in our opinion, choosing
between the real time piracy values or 1 day lagged piracy values it is more reasonable to take
under consideration the lagged piracy variables due to many facts. At first, we can’t control
explicitly what time of the day the piracy content emerged, but according to the statistical data
and common sense, the content (especially torrents) usually emerges and start spreading rapidly
at the end of the day because of the fact, that at the evening more people are present on the
internet. Secondly, we also think that the piracy may affect the viewers’ decision to go to the
cinema mostly if an illegal content was released at least one day before the arranged day,
because of an inertia in a decision making process and a process of booking the cinema tickets in
the US.

Summing up, we decided that the most suitable reduced-from model for the dynamic
analysis we wanted to perform should be taken as follows:

log(spot _daily_revenue,) = log(merket _ potential, ) - t*rate_of _decay, + b X, (Eq. 3),

where X is the matrix of movie dynamic parameters, described above, b - is the vector

of their effects, which should be estimated.
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Dynamic modeling results

Before running the main regression, we tried to check the search volume index and piracy
arguments, included into the model we used, on the presence of multicollinearity (first “g” and
“b” here represents whether the movie is good or bad, “1” and “h” — low or high quality of the

piracy content, “wsc” — without searching costs):

| bl blwsc bh bhwsc gl glwsc gh ghwsc !
______ ey |
bl | 1.0000!
blwsc| 0.5991 1.0000!
bh | -0.5513 -0.3063 1.0000!
bhwsc| -0.3271 -0.5574 0.6081 1.0000!
gl | -0.0002 -0.0002 -0.0005 -0.0005 1.0000!
glws | -0.0002 -0.0002 -0.0005 -0.0005 0.6330 1.0000!
gh | -0.0012 -0.0011 -0.0028 -0.0029 -0.5697 -0.3388 1.0000'!
ghwsc| -0.0013 -0.0011 -0.0028 -0.0029 -0.3786 -0.5715 0.6500 1.0000!
SVI1l | 0.0385 0.0184 0.0172 0.0206 0.0425 0.0300 0.0318 0.0382!
SVI12 | 0.0463 0.0220 0.0013 0.0084 0.0480 0.0346 0.0087 0.0140!
SVI17 | 0.0053 0.0058 -0.0092 -0.0082 -0.0047 -0.0050 0.0026 0.0097!
svilli4| -0.0182 -0.0128 -0.0100 -0.0062 -0.0226 -0.0261 -0.0050 0.0068!

Table 4

Analysing the table of correlations, we could not see any severe multicollinearity (the
biggest one equals 65%, which is not so critical in our case) so that the analysis might be
performed using the reduced-form model, defined above without being afraid of the strong
multicollinearity.

Speaking about the regression analysis results, the main results are presented below:

Source | SS df MS Number of obs = 81787
————————————— Fmm e F (2279, 79508) =23821.02
Model | 10557922.8 2279 4632.69977 Prob > F = 0.0000
Residual | 15462.6774 79508 .194479517 R-squared = 0.9985
————————————— Fmm Adj R-squared = 0.9985
Total | 10573385.5 81787 129.279537 Root MSE = .441
Inspot | Coef Std. Err t P>\t [95% Conf. Intervall]
_____________ +________________________________________________________________
Incinemas | .7767477 .0023521 330.24 0.000 .7721376 .7813578
holiday | .5701344 .0093781 60.79 0.000 .5517533 .5885155
holidaynea~y | .1270784 .0044183 28.76 0.000 .1184186 .1357383
friday | .8600235 .0049027 175.42 0.000 .8504141 .8696328
saturday | 1.25125 .005134 243.72 0.000 1.241187 1.261313
sunday | .7929291 .0051234 154.77 0.000 .7828873 .8029708
badfilmlgc.. | =-.3288742 .0262533 -12.53 0.000 -.3803305 -.2774179
badfilmlgc.. | -.2018974 .0227865 -8.86 0.000 -.2465588 -.1572361
badfilmhgc.. | -.5187364 .0331731 -15.064 0.000 -.5837556 -.4537173
badfilmhgc.. | -.1758066 .0297999 -5.90 0.000 -.2342142 -.1173989
goodfilmlg.. | -.2616375 .0168201 -15.56 0.000 -.2946048 -.2286703
goodfilmlg.. | -.1215531 .015412 -7.89 0.000 -.1517604 -.0913457
goodfilmhg.. | -.3306099 .0186609 -17.72 0.000 -.3671851 -.2940348
goodfilmhg.. | -.184188 .0175461 -10.50 0.000 -.2185782 -.1497977
lnsviindexl | 1726617 .0048836 35.36 0.000 .1630898 .1822335
Insviindex?2 | .0483559 .0048889 9.89 0.000 .0387736 .0579382
lnsviindex7 | .1140559 .0034235 33.32 0.000 .107346 .1207659
Insviindex14 | -.0159856 .0030317 -5.27 0.000 -.0219277 -.0100434
—--more—

28



(all fixed effects and individual time trends were from the table, but they
were included into the initial regression)

1)
2)

Table 5
From this table we can conclude the following:

All the individual variables are significant given any sensible probability level.
As we can see, revenue-cinema quantity rule is precisely nonlinear (cinema quantity
effect is equal to 0.77 and significantly differs from), which implies decreasing marginal

returns

test lncinemas = 1:

F( 1, 79337) = 9474.40 Prob > F = 0.0000

This means that regressions in the form In (revenue per cinema) on all the remaining

variables might be not robust and in some sense meaningless.

3)

Holiday increases the daily revenue by approximately 57%. If there is a holiday in the 3

day deleted neighbourhood, it increases the revenue by more than 12%.

Film distributors may use this fact, for instance, to catch more holidays during the box office

period and, respectively, increase the total revenue of the movie.

4)

5)

Weekends’ levels are distinct (+86%, +125%, +79%). Moreover, Friday’s and Sunday’s

multipliers were proved to be statistically different

test Friday = Sunday:

F( 1, 79337) = 85.73, Prob > F = 0.0000

The highest SVI effect was detected at the nearest (one day) lag. Moreover, the search
volume index, corresponding to the one-week lag was significantly higher than zero and
sufficiently large. According to the results we got, the one-week lag SV1 effect appeared
to be even higher that the 2 days lag effect. It may be explained by the nonzero time to
act, introduced by Sawhney et al. (1996) in their paper: people after making their
decisions should have some time to act, and this time usually significantly differs from
zero. Our results, in some certainty, shows that the expectation of this time is in the range
between one and two weeks (the 2 week SVI lag correlates negatively with the day t spot
revenue, which may suggest that the effect of the intensive advertisement will go away
after the 2 weeks, because the most of the advertised target audience either go to the

cinema during this period or lose their attention to the movie after that time)

To conclude, we can definitely say that the viewers usually Google before going to the
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cinema and that the expensive advertisement, concentrated in one single point might be not

so fruitful, because the attention to the film will go away very fast.

6) Piracy hits good and bad movies in a different way. Piracy effect is more severe for the

bad movies (we discuss the particular numbers later).

test (badfilmlgpiracy= goodfilmlgpiracy)

(badfilmlgcostlesspiracy=goodfilmlgcostlesspiracy) (badfilmhgpiracy=goodfilmhgpiracy)

(badfilmhgcostlesspiracy= goodfilmhgcostlesspiracy) :

F( 4, 79337) = 17.81, Prob > F = 0.0000

7) Piracy content with high quality (HQ) hits revenue much more dramatically (in

comparison to the low quality (LQ) piracy content) and that difference was proved to be
significant:

-33%(LQ) and -52%(HQ) for bad movies

-26%(LQ) and -33%(HQ) for good movies
test BadFilmLQPiracy= BadFilmHQCostlyPiracy:
F ( 1, 79508) = 68.98, Prob > F = 0.0000
test GoodFilmLQPiracy = GoodFilmHQCostlyPiracy:
F( 1, 79508) = 23.36, Prob > F = 0.0000
8) The searching costs matter for both bad and good movies and both low and high quality.

If the searching costs are high (no torrent on The Pirate Bay site is available), it may

prevent from losing additional 12-20% revenue. To be more precise the distributors lose

extra:

20%(LQ) and 18%(HQ) for bad movies

12%(LQ) and 18%(HQ) for good movies

test (BadFilmLQCostlessPiracy=0) (BadFilmHQCostlessPiracy =0)

(GoodFilmLQCostlessPiracy =0) (GoodilmHQCostlessPiracy =0)

F( 4, 79508) = 47.55, Prob > F = 0.0000

Speaking about the worst scenario when pirated content could be found without spending
much time on searching even for the unsophisticated internet users, the analysis we performed

suggests that the distributors lose the substantial box office revenue part because of the piracy. In
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order to be more precise:
-53%(LQ) and -69%(HQ) for bad movies
-38%(LQ) and -51%(HQ) for good movies

Concluding, we want to say, that according to the numerical results we obtained, piracy is
definitely not so good for the box office revenue (even for the case of the good movies with low
screen number). But the better the movie of interest is the less severe will the effect of piracy (for
the case of a bad movie, for instance, if the high quality piracy copy release on the popular
website on the Internet, it would almost kills the movie box office revenue. In this case it may be
wise enough to consider such a scenario as closing the box office at all or reduce the amount of
the cinemas for the given movie or, if possible, try to fight the piracy at least on the popular sites,
where an unsophisticated internet user might easily find the illegal copy without spending too

much time on searching).

It will be reasonable to underline that in the dynamic analysis we performed the
endogeneity of the regressors may bias the obtained results. At first, we should say that the
endogeneity here affects both the box office revenue and the time of the piracy content release in
the same direction because the is better the movie the higher is the attention to it, the bigger is its
revenues at the first box office days and the higher is the probability that it will be stolen soon.
We should also say that in the case of dynamic investigation it is very difficult to avoid
endogeneity completely: in our case piracy seems to be endogenous and depends on the attention
to the movie, movie quality and many other factors, but the main driving factors seem to be static
or explained by the proxy variables, which were included into the model, so that the bias in some
degree might be adjusted because of the individual constant effect and the individual time trend
participation in the model.

It is also possible to find some way in which the piracy might became exogenous, not
endogenous. For us, it seems that the only possible method to make piracy exogenous in the
current context is to use quasi-experiments when the piracy change becomes determined from
the outside is the case of the illegal content site shut down. The survey of the article written by
Peukert et al. (2013), exploited that idea was done already in the literature review section. In this
article the authors exploited the judge enforced closing of the very famous source of piracy:
Megaupload. In spite of the fact that the analysis shows very interesting results (discussed
above), the model considered there seems to be more or less static and limited by the very

narrow case of piracy. Speaking about our investigation and its goals, we tried to assess the
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effect of the every day piracy on the spot daily revenues in dynamics and to suggest the main
ideas and the reference numbers for the movie distributors, which might be exploited minimizing

the effect of piracy on the box office revenue.

One more possibility was also to use IV regression to instrument the piracy. But having
all the data available it was unsuccessful to find any reasonable combination to instrument the
piracy in dynamic in the case of the dataset we collected (all the remaining data seems to be
more or less endogenous by itself and could not be used as an instruments).
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Static modelling and results

In this section we have an intention to present our results considering static analysis of the
key dynamic-driver individual movie constants (market potential and rate of decay), which were
estimated during the dynamic research. As long as, for instance, normalization Google SVI
coefficient was individual and unknown but included into the constant, even here we should run
regressions using with individual intercepts. Nevertheless, we run the regression for the rate of
decay estimation in the simple form with one simple global intercept.

As a result, we obtained the following values:

log(market | Rating | Rating"2 | Budget | Budget*2 | Runtime | Runtime”2 | MPAA MPAA

potential) G-rating | PG-rating

log(market | - 2.042795 | -0.144161 | 0.003345 | 0.0000234 | 0.002409 | -0.0000692 | -0.900285 | -1.154318
potential)

Rate of decay | .0058439 | .0089099 | -.001183 | -7.08¢-06 | -2.34e-08 | -.0004433 1.80e-06 .0029402 | -.0032333

MPAA Crime Drama | Roman- | Comedy | Family | Animation | Thriller Star
R-rating tic writer

log(market 0. 0688604 -0.29806 0.103924 | 0.124089 | -0.4276201 | 0.390177 -0.8969253 -1657521 | 0.7448912
potential)

Rate of decay .0037623 .0029767 | .0003867 | -.002091 | -.0038624 | -.0041821 -.002367 -0013386 | .0029242
Star Star Dream | Worner | Fox dist. MGM Universal Buena Open
Director Actors works Bros. dist. dist. vista cinemas
dist. dist. dist.

log(market 0.3502806 | -0.37091 | 0.6768777 | -.127416 | 0.0687971 | -.2236115 0. 7265591 0. 945179 -.0006834
potential)

Rate of decay -.0017074 -.001645 -.000542 -.004090 -.0053095 -.0021161 .0007409 .0128059 6.39e-07

Table 6
Interpreting the results of the regressions we obtained, we can say that the most optimal

IMDb rating (the vertex of the parabola) to increase the film’s market potential should be equal
to 7,09 (the movie should be good enough but, in some sense, not very ‘“sophisticated”).
Furthermore, the results of our analysis shows that the best film runtime in order to decrease the
rate of decay should be about 123.13 (2 hours and 3 minutes), which does not contradict the
common sense (the movie should not be neither too long or too short). Moreover, it also seems to
be logical, that the movie runtime affects more the rate of decay but not the market potential
because when the movie had just released, it attracts mostly the audience, which wanted to see
this particular movie without taking into consideration whether it is too long or too short. On the
contrary, in the middle of the box office period the runtime might play significant role because
people when choosing the movie to go usually take into consideration its runtime. Speaking
about the movie genre, we obtained that the best ones (to optimize both: the market potential and
the rate of decay simultaneously) are romantic and family. We also proved that the star
participation effect is the highest when the star director participates the project (which accuses

market potential to be higher and rate of decay to be lower than average). Star scriptwriters, as
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we can see from the regression results, increase the initial jump, but also increase the box office
revenue decay coefficient. The effect of the star actors participation seems to be counterintuitive
to some extend, because we found that their participation causes decrease the initial revenue per
cinema (taking into consideration that the amount of the cinemas in this case is usually higher),
but the rate of decay is lower, so their participation may be useful because the movie will
compensate the initial loss over the whole box office time.

Speaking about the opening cinema quantity, as we can mentioned before, the higher it is
the lower will be the market potential of the movie and the higher will be its rate of decay.

Among the distributors’ performance, only Fox and DreamWorks simultaneously increase
the market potential and decrease the rate of decay comparing to the others.

Finally, considering MPAA rating, our investigation shows that the more restrictive this
rating is, the better market potential and the rate of decay would see (in our opinion, because the
main target audience of the cinemas is the persons, who are young enough, but have already

reached the full age).
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Conclusion

The main goal of this investigation is to analyze and estimate numerically the effects of
piracy, marketing policy, holidays, weekends, cinema quantity profile change etc. in dynamics
on a movie’s USA box office revenue. We study some interesting cases from the movie box
office history and concluded that for being as useful for the movie distributors as possible, the
analysis should be performed in dynamics (for instance, the collapse of The Terimnal (2004)
movie, which is now included in the list of the best movies at kinopoisk, with very strong crew,
significant production budget and comparable to other successful film projects in revenue during
the first box office week: the significant impact from piracy content that emerged soon after its
release indicates the importance of dynamic analysis). In contrast to the previous works on
related subjects discussed in the literature overview section, we aim to unite all the main ideas
and merits that were point out there (for instance, Google search volume index should be
included into the regressions because it increases the explanatory power of the model, searching
costs of piracy matters and should be estimated, model with an exponential decay may be used
for dynamic box office revenue investigations, time to act matters etc.) and do a full-strength
dynamic investigation on the large database. For this work we treated and collected huge
amounts of data. These are the main steps, which we performed during the data gathering
process:

e Identification of the movies which were exposed on the US box office for the last
10 years

e Searching and processing static data for each particular movie in the IMDb
database

e Star directors, actors and scriptwriters identification

e Dynamic daily revenue data obtaining and handling

e Public holiday identification;

e Obtaining a piracy content information for the given movie using The Pirate Bay
website and the VCDQ piracy log list

e Piracy quality identification

e Normalization of the movie name and obtaining the SVI data for the result of the
normalization as a keyword;

e Final data preparation for the regression analysis (clearing from a noise etc.)
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As a result, we have prepared 81787 daily observations in total for 1264 movies for the

numerical analysis; we have built a dynamic reduced-form model for the daily stream of box

office revenues and found a number of interesting empirical results.

The effect of an additional cinema of box office revenues is highly nonlinear and
statistically different form zero, which implies decrease-to-scale function between the

cinema quantity and the revenue

Calendar effects have a substantial impact: weekends (Friday Saturday and Sunday)
increase the box office revenue on average by 86%, 125% and 79% (where Friday and
Saturday increases were proved to be statistically different). Public holiday increases the

box office revenue by approximately 57%

Marketing policy (as measured by prior values of the Google Search Volume Index),
which shapes the level of attention to the given movie, seems to have the highest effect

on the future box office revenue within the span of one to 2 weeks.

The impact of illegal content release on the movie box office revenue depends on both
the quality of the movie (measured by the IMDB rating) and the quality of the pirated
content itself. In particular, ceteris paribus, the availability of the low quality illegal copy
of the movie decreases causes the structural jJump of the daily box office revenue by 33%
for the “bad” movies compared with only 26% for the “good” ones. High quality copy
has an effect of 52% and 33% respectively. We also establish that the difference between

this numbers inside and between the groups is significant.

Availability of the illegal content for an unsophisticated user (low searching costs case)
has an additional negative effect on the daily revenues and depends on the quality of the
movie and the pirated file quality: we suggest that if a movie had already been stolen, the
low searching website monitoring may help to save (more precisely, not to lose)
20%(LQ) and 18%(HQ) for bad movies and 12%(LQ) and 18%(HQ) for good movies.
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Ideas for further research

In the light of our dynamic box office revenue analysis and the best dynamic movie strategy
development, we would like to discuss the main points, which may be used for the further
investigations.

First, the existing analysis could be extended to account for the effect of substitution
between the movies. It is obvious that for a given movie the box office revenue may be different
when this movie is competing with different films-competitors, which are present on the cinema
screens at the same time with the movie we tried to make as successful as possible (for instance,
very often distributors decided to postpone the movie release because there is a very strong rival
on the same or contiguous genre or which may pretend to the same awards that the movie under
the management). For instance, a lot of prominent movie projects releases were postponed in the
year 2003 because of the The Lord of the Rings: The Return of the King box office start, which
eventually got 11 Oscar awards out of 11 nominations. But it is also clear that this effect may
sometimes help a movie to gain more money. For instance, this might be the case when the
presence of a strong competitor may push the viewers to go to the cinema, but in the cinema it
might appear to be no tickets on the film they wanted, which could possibly compel them to
watch a different movie (because they already reach the cinema and have an intention to go and
watch at least something). Concerning the way this effect may be considered, for us it is an open-
ended question which seems to be not so obvious because here we should define precisely what
film we note as a rival, how strong this rival is, how severe the effect of substitution between the
film considered and its competitor is (especially when the movie released with genre mixture)
etc.

Social media variables may be also included into the dynamic investigation to control the
word-of-mouth effect, but there are a lot of problems using it, which were pointed out by Lica
and Tuta (2011) and discussed in the literature overview section.

Moving on, the main research target of the scientists working in this field should be a
precise state-contingent market strategy, prescribing which static parameters of the movie should
be chosen (star quantity, writer, director, MPAA rating, genre, runtime, budget etc.), at what date
the movie should be released (contingent to the situation on the movie market), what should be
the full cinema and advertisement profile for the given film (how many cinemas should we run
each day and what should be the advertisement policy for the given movie, again, contigent to
the many factors, such as previous revenues, attention to the movie etc.) and the full piracy-
fighting plan with exact number and exact set of actions for each particular case (what should we

monitor and how to act when the pirated content of the different quality will emerge, should we
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bring an action against just the biggest web sites with low searching costs (which is not too
cheap) or try to purify the internet from the illegal copy of the content we distribute (which is
even more expensive), how the cinema quantity profile and the marketing policy should change
in this case etc). For this part of an investigation the full value structural model should be
constructed. Furthermore, the tools of the game theory analysis may be useful in solving these

problems and developing the full dynamic and state-contingent strategy.
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Data sources

1. Box office database: http://boxofficemojo.com (Movie Web site with the most

comprehensive box office database on the Internet. Founded in 1999)

2. Internet movie database: http://imdb.com (The world's most popular and authoritative

source for movie, TV and celebrity content. Founded in 1990)
4. Torrents database: http://thepiratebay.sx (The biggest database of torrent files and
magnet links. Founded in 2003)

5. One more piracy information source: http://vcdg.com (The biggest database containing

release news of the illegal content and provide the service which allow to for the users to
estimate the quality of the content. Do not provide any direct links to the content. Founded in
2001)

6. Search volume index provider: http://google.com/trends (Google service based on

Google search, providing search volume indexes for particular search-term item. Founded in
2004)
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