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ABSTRACT 
 

Context. Online piracy is widespread, controversial and poorly understood social phenomena that affects 
content creators, owners, and consumers. Online piracy, born from recent, rapid ITC changes, raises legal, 
ethical, and business challenges. Content owners, authors and content consumers should benefit from 
better understanding of online piracy. Improved, better adapted to marketplace and ITC changes content 
distribution models should benefit content owners and audiences. 

Objectives. Investigate online piracy effect on pirated product sales. Improve understanding of online 
piracy behaviors and process scale. 

Methods. This observational study investigated movie-sharing effect on U.S. box office. Movie sharing 
was observed over BitTorrent network, the most popular peer-to-peer file-sharing network. Relationship 
between piracy and sales was analyzed using linear regression model. 

Results. File sharing was found to have a slightly positive correlation with U.S. box office sales during 
first few weeks after film release, and no effect afterwards. Most of newly released movies are shared 
over BitTorrent network. File sharing is a global, massive phenomenon.  

Conclusions. I conclude that online movie file sharing has no negative correlation on U.S. box office. 
Slightly positive movie sharing correlation to box office sales could have occurred because sharing rather 
informs, than substitutes cinema going. 

Keywords: online piracy, P2P network, BitTorrent, file sharing, movie industry, box office 
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1. INTRODUCTION 
Online piracy is unauthorized duplication of copyrighted material online. It is a widespread, controversial 
and poorly understood social phenomena affecting content authors, owners and consumers. Online piracy 
affects spread to many areas of interest, such as legal, moral, behavioral, economic and behavioral. 

Content owners are concerned of how they are affected by online piracy, because freely distributed digital 
products might cannibalize sales of legal products. Owners could try to limit potentially disruptive piracy 
impact, and modify existing business practices to adapt to challenges. 

Online piracy provide consumers with opportunities to obtain digital products free, bypassing authorized 
content distributor’s channels. Some consumers might forego a purchase of product, what would result in 
lost sales. Others could still purchase products.  

This is a study of digital movie piracy over Internet. Study investigates movie files sharing on P2P 
networks correlation to U.S. box office sales. There is a gap of understanding online piracy phenomena 
and its effects for consumers and producers. Improved understanding would allow content creators, 
producers and distributors to address piracy, to limit its negative effects, adapt, and compete against it.  

Study attempts to answer following questions:  

• What is a relationship between movie sharing on BitTorrent networks and U.S. box office sales? 
• How movies are shared on BitTorrent networks? 
• How common and widespread is movie sharing on BitTorrent networks? 

Additionally, study attempts get further insights in online piracy behaviors, with a purpose to allow 
content owners to address challenges caused by online piracy, and adapt business models to changes. 

This is observational study. Torrent sharing behaviors were observed on BitTorrent network during 3 
months period. 

Related work section overviews online piracy, its causes, spread, and accepted study methods, followed 
by focus on studies that investigate content distribution on BitTorrent networks. 

Methods section starts with BitTorrent ecosystem description. Data collection is described: what data was 
collected, how it was collected, selected and processed. 

Results section starts with data descriptive statistics, followed by description of observed distribution 
patterns. BitTorrent and Box Office sales data was observed over an interval of 3 months. Next, models 
relating piracy to sales are presented. Piracy variables to U.S. box office sales are modeled using linear 
regression for daily, weekly and monthly aggregations.  

A positive relation between downloaded number of copies, number of torrents shared to U.S. movie box 
office sales for the first two weeks and the first month after movie release was found. Files sharing 
dynamics and general sharing statistics are investigated and reported. Several examples of how individual 
torrents are distributed are given. It was found that majority of new movie releases are shared over 
BitTorrent networks. Sharing is spread over most countries. Countries with most active movie sharing are 
listed. 

Discussion section interprets results, mostly addressing findings of positive correlation between piracy 
markers and box office sales, and a lack of negative correlation. Suggestions on how to improve existing 
content distribution practices are presented. 
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Limitation section describes limitations. Most of limitations arose because of a limited study scope: 
online piracy appears to be very widespread and common, of diverse forms, audiences, and impacts on 
business. Some of limitations are related to data quality, what is not unusual for observational studies of 
limited scope. 

Conclusion completes thesis, followed by suggestions for future work. 
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2. RELATED WORK 
2.1. What is piracy? 

Online piracy is a widespread practice of sharing copyrighted content without authors consent on Internet. 
Rapid expansion of Internet, information technologies, combined with continuously generated 
entertainment, made piracy a massive phenomenon. Very low cost of creating and distributing media files 
makes piracy possible. 

I use term piracy to describe a practice of sharing files that fall outside the boundaries of copyright law. 
Definition of “piracy” is not a legal term, but a term used by content producers to label a behavior of 
sharing material without authors consent (Karaganis, 2011). 

Relation between piracy and legal use is not well understood. Researchers use various approaches to 
research piracy, and results often produce contradictive findings. Findings sometimes seem to depend 
from chosen methods, and are of interest on their own. 

A number of studies investigate various aspects of piracy: supply/consumption of pirate digital materials, 
behavior of piracy network participants, harm or benefits of digital piracy, piracy impact on consumption 
of legal products. 

Movies, music, books, magazines, computer programs and other copyrighted material are shared online 
on massive scale. Peer-to-peer (P2P), game piracy is extraordinarily prevalent, and geographically widely 
distributed. (Drachen & Veitch, 2013). BitTorrent is a protocol for distributing files (Cohen, 2009a). It 
was estimated that 57 million copies of movies are transferred per day using BitTorrent protocol, that is 
1.6 times the daily average number of worldwide legal movie transactions (Mateus & Peha, 2011).  

2.2. Piracy impact 
Piracy effects legitimate product revenues and profits for creators and distributors differently, depending 
on goods and markets. A number of studies find conflicting levels of displacement of paid consumption 
by unpaid consumption (Kane, 2015). A number of studies, including content owners and distributors 
regard piracy as a threat to business: piracy brings significant economic harm to sales (Danaher, Smith, & 
Telang, 2013). Ma, Montgomery, Singh, and Smith (2011) found, that pre-release piracy, compared to 
piracy that occurs post-release, decreased product revenue by up to 20%.  

Some studies did not find evidence of harm to business, e.g. (Kane, 2015) have not found that increased 
availability of pirated copies to have a negative effect on film producer revenues. (Herjanto, Gaur, 
Saransomrurtai, & Quik, 2014) in literature review provides information about positive impact of piracy, 
such as innovation and increased number of products sold in a market. 

Although entertainment industry argues that file-sharing hurts sales, it is difficult to prove causation, 
because arguments rely on a probabilities (Grassmuck, 2010). Additionally, many consumers of pirated 
content would not have bought legitimate product at seller’s price anyway. (Kane, 2015) found that there 
is not much overlap between pirated content consumers and film ticket buyers. It might also be the case 
that some of pirated content users could be converting to buying customers (“sampling” effect). For 
movie industry in particular, level of substitutability between theatrical experience and downloaded copy 
of the film is not clear (J McKenzie & WD Walls, 2013). There is some evidence that word-of-mouth 
advertising might originate from pirated movies consumption, what might explain positive effect (of 
piracy) for some films (Peukert & Claussen, 2012). 
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Additionally to potential negative impact on sales, a general view is that piracy reduces incentives for the 
development of new creative works, by reducing amount of compensation for creativity. 

Competition from piracy is object of investigation in piracy research. For example, online music 
distribution does not meet the needs of many users in terms of quality, cost, convenience (Beekhuyzen, 
von Hellens, & Nielsen, 2015). Users sometimes choose between legal products and pirated ones. Legal 
firms compete by optimizing price, and pirate sites compete by improving indexing. Improved indexing 
and availability enables host sites to monetize advertising, and sometimes charge fees (Chang & Walter, 
2015). Piracy sometimes has an edge over legitimate business. (Bodó & Lakatos, 2012) found, that 
traditional cultural markets (box office) fail in online environment against BitTorrent trackers.  

File sharers expect some flow of new content. Yet there is no guarantee that file sharers make a practice 
to reimburse creators (Jonas, 2012). Easiness to acquire pirated digital products drives the willingness of 
young people to consume pirated material (Thongmak, 2015). 

A better understanding of piracy phenomena might allow content creators to construct better strategies to 
increase attractiveness of their content (e.g. though availability, affordability) and shift part of piracy to 
business. Better understanding could also enable antipiracy measure, such as making pirated content less 
attractive (Danaher et al., 2013).  

Closing down or blocking access to pirate sites does not seem to decrease piracy much. Blocking access 
to one of most popular tracker sites, The Pirate Bay, was not found to have an impact on Dutch 
population downloading pirated material (Poort, Leenheer, van der Ham, & Dumitru, 2014). 

Shutting down a popular file sharing (cyberlocker) site Megaupload was attributed to an increase of paid 
movie downloads and rentals (Danaher & Smith, 2014). Additional file sharing  modestly decreases 
physical sales of music albums, but boosts sales of  digital ones (Lee, 2016). (Peukert & Claussen, 2012) 
found an increase in box office revenues after Megaupload shutdown for movies with wide openings, but 
decrease for movies with low openings. 

2.3. Piracy culture 
Castells uses a term “piracy cultures”:  “Piracy cultures have become part of our everyday life in the 
network society, sometimes even without us, fully acknowledging them as such” (Castells & Cardoso, 
2012). Network consist of users, who are provide both structure and content flow in this resource-sharing 
process. File sharing in peer-to-peer, P2P, networks is required for piracy culture, and contrasts market 
economy. 

Karaganis (2011) suggests that piracy might be an effect of a global pricing problem resulting from high 
media prices, low local incomes and diffusion of cheap digital technologies and fast-changing consumer 
and cultural practices. Due to decreasing costs of long term storage (McCallum), computation and 
networking, cost of sharing is constantly decreasing. For example, just 20 or even 10 years ago 
compression algorithms were used to transmit and store audio files more cheaply than uncompressed 
files, at a price of content quality reduction. These days is common to share high definition film copies 
that take thousand times more space. Decreasing costs of networking and storage most likely will outpace 
increase in quality of content, and will become more affordable. 

Media piracy can be understood as a pricing problem (high media prices, low local incomes), and a 
spread of cheap digital technologies and fast-changing consumer and cultural practices (Karaganis, 2011). 
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File-sharers, pirated material distributors and consumers, often view file sharing as ability to access a vast 
amount of cultural industries–generated content, stored and shared by individuals that form a sharing 
network (Jonas, 2012). 

Peer recognition, profit, hacking/ripping, and just altruistic need to share cultural content influence supply 
side. Economics, socio-psychological factors are thought to play a role in demand (Janak, 2011). 

2.4. Methods of piracy research 
There are no known controlled experiments that study piracy (Danaher et al., 2013). To arrange a 
controlled experiment, a current pirating behavior should be stopped, or non-pirates should be pushed to 
behave as pirates. Additionally, pirate actions should be identified and measured. 

Uncontrolled experiments usually suffer from endogeneity problem (Danaher et al., 2013).  Causal claims 
rarely can be made based on uncontrolled experiment.   

As in most uncontrolled studies, it is perhaps not realistic to account for all significant factors. For 
example, in film piracy, multiple factors, which often are complex to measure, are attributed to film 
success. Advertising, presence of star actors, reviews, number of screens, competition are just a few 
(Albert, 1998), (Joshi & Hanssens, 2009).  

Four methods are commonly used in piracy research: natural experiments, instrumental variables 
approach, geographical-level data and surveys. 

 
Natural experiments 

Natural experiment is caused by usually unexpected event that affects independent variable (piracy) on 
dependent variable (e.g. sales). Variables before event and after event are used for modelling. 

Strumpf and Oberholzer-Gee (2010) examined downloads of the movie Wolverine prior to its release in 
theaters, and impact on cinema sales. Danaher and Smith (2014), Peukert and Claussen (2012) analyzed 
the impact of the US government's shutdown of a popular file hosting platform – Megaupload.com – on 
digital sales and rentals of movies. Danaher, Smith, Telang, and Chen (2012) examined how “three 
strikes” law in France affected digital music sales on the iTunes music store. Danaher, Dhanasobhon, 
Smith, and Telang (2010) used NBC’s decision to remove its content from iTunes as a natural experiment 
and compare piracy levels and sales for NBC content (the treatment group) to ABC, CBS, and FOX 
content (the control group). (Danaher & Smith, 2014) examined change of movie sales and rentals after a 
popular cyberlocker Megaupload shutdown. 

 
Instrumental variables approach 

In this approach, a variable that correlates with independent variable (e.g. piracy), but is not correlated to 
dependent variable (e.g. sales), must be identified and measured. 

Felix Oberholzer‐ Gee and Koleman Strumpf (2007) used number of German schoolchildren on holidays 
as independent variable that correlates to number of shared music files (that in turn factors to piracy), and 
music sales in US as dependent variable. But concerns were raised that results could have been influenced 
by unaccounted independent variables, such as Christmas shopping period (Liebowitz, 2010). Zentner 
(2010) used online connectedness speed between different countries as independent variable, to sales, 
theatrical performance and rentals of media in these countries. 
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Geographical-level approach 

In this approach, sales between different geographical regions are compared, after controlling independent 
variable from which piracy is dependent, such as broadband penetration. Main challenge is to account for 
all relevant independent variables, especially when some might not be observed (Danaher et al., 2013).  

Danaher and Waldfogel (2012) examined time series data at the geographic level, looking whether places 
and times with greater piracy (by some measure) have lower sales of the media in question. M. Smith and 
Telang (2012) M. D. Smith and Telang (2010) quantified changes in per capita broadband Internet 
penetration (along with some demographic variables) to DVD sales at a local level across different 
geographical markets. (Jordi McKenzie & WD Walls, 2013) compared torrent download data points to 
daily box office revenue and theatre data points, at the state/territory level. Walls (2008) rated motion-
picture piracy across a sample of 26 diverse countries. 

 
Individual-level approach 

Many papers use small, homogenous group surveys. Sometimes larger, more representative surveys are 
completed (Grassmuck (2010), M. Smith and Telang (2012)). 

For example, Caraway (2012) surveyed file-sharers as part of an exploration of the structural dimensions 
of file-sharing communities. Cenite, Wanzheng Wang, Chong Peiwen, and Shimin Chan (2009) explored 
file sharers’ reported motivations for downloading and uploading content on peer-to-peer networks, 
including ethical obligations guiding file sharing. Bounie, Bourreau, and Waelbroeck (2005) surveyed 
French graduate school students to establish an effect on music sales. Cox, Collins, and Drinkwater 
(2010) explored factors that influence participation in various aspects of sharing activities. 

2.5. Data sources 
Pirated content is transferred over many channels on Internet. File hosting services, so-called 
cyberlockers, allow users to upload files to a provider’s service and enable others to download file by 
sharing URL to file. Steaming services allow users to upload video and audio content, and allow others to 
stream content by sharing URL to a stream. Peer-to-peer networking, P2P, allows users to share files 
residing on user computers with others. Mechanism of sharing depends on a protocol. 

Peer-to-peer networking, P2P, is a popular way to share files. (Schulze & Mochalski, 2009) investigated a 
small sample of Internet traffic, and found that in 2008/2009 P2P generated most traffic, perhaps up to 
70% of traffic in many regions. 

Schulze and Mochalski (2009) found that video was most popular (by volume and number of files) 
content transmitted by P2P. Watters, Layton, and Dazeley (2011) found that movie and TV files were 
most popular exchanged on BitTorrent networks.  

Schulze and Mochalski (2009) found that most of P2P traffic in 2008/2009 was transmitted using 
BitTorrent protocol. Mansilha et al. (2011) also found that BitTorrent is the most popular P2P file sharing 
protocol, and accounts for more than a half of Internet traffic in some geographical regions. µTorrent, a 
popular BitTorrent client was used monthly  by 150 million users in 2012 (Bittorrent.com, 2012). 
BitTorrent accounted for 3.35% of total internet traffic in 2015 (Palo Alto Networks, 2015). 

Watters et al. (2011) found that majority of the most popular content on BitTorrent is infringing. 
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P2P protocol and infrastructure provides ways to observe certain aspects of the process.  Other 
distribution channels, like streaming and cyberlockers, do not provide direct means to observe process, 
because there is no central node that could be queried to obtain status data. 

The infrastructural setup of P2P network, for example, BitTorrent, makes piracy mundane. Because 
uploading is integrated with downloading, “an act that would otherwise be associated with activism—
seeding—is hidden, almost as an afterthought”. (Jonas, 2012) 

2.6. BitTorrent investigation methods 
Term P2P describes a set of protocols with a common essential characteristic: network nodes are the users 
(Cardoso, Caetano, Espanha, Jacobetty, & Quintanilha, 2012). A user, which represents a node, is both 
supplier, seeder, and consumer, leecher, at the same time. File sharing starts with one user, that uploads 
torrent file to tracker. Same file is usually shared by many users, and consumed by many users at the 
same time. Sharing is coordinated at peer level, without a central coordination. 

Although decentralized, data exchange over BitTorrent can be observed in a few ways. Torrent indexers 
can be queried over http connection, by web-browser; torrent trackers can be queried by using BitTorrent 
protocol over http or udp connections; P2P clients, peers, can be queries over tcp protocol.  

Three types of infrastructure components take part in BitTorrent protocol (Cohen, 2009a). Descriptions 
and torrent files, that are pointers to content, are stored on dedicated servers, torrent indexers. Indexers 
usually provide means for users to query data by using web browser. Torrent trackers provide interface to 
query torrent-related information by over http and udp protocols. P2P client, a node in BitTorrent, besides 
taking part in sharing, can respond to queries from other peers. This data is usually consumed by 
dedicated torrent client applications, like µTorrent. Mansilha et al. (2011) described three ways of 
monitoring: communities monitoring, trackers targeting and direct peer monitoring. 

Researchers commonly reconstruct history of sharing, and compare results to market data, such as sales, 
rentals or cinema sales. Research typically target specific content, specific distribution networks, is 
sometimes limited to geographical area, over time intervals to obtain data. Researchers examine summary 
statistics, build models to spot patterns and test hypothesis.  

Bodó and Lakatos (2012) reconstructed torrent usage histories, accessed user and torrent profiles by 
repeatedly querying torrent indexers web pages over time. Titles, location of users, number of users 
downloading, seeding and uploading at the time of measurement were retrieved. Data was compared to 
market performance shared items (movies) on BitTorrent network. 

Mansilha et al. (2011) proposed a systematic way to observe BitTorrent networks. At peer level, authors 
observed such metrics as connection attempts, successful TCP connections, successful BitTorent 
connections, seeders, DTH (“distributed sloppy hash table”) enablement and PEX enablement statistics.  

Cardoso et al. (2012) scraped torrent indexers The Pirate Bay and Portuguese indexer, BTnext.com, to 
observer distributions of top downloaded movies. Consumption of European films in theaters was 
compared to a number of seeders and leechers on these P2P networks. 

Mateus and Peha (2011) collected data from two large trackers, PublicBT and OpenBitTorrent, over a 
period of 3 months. Authors requested list of swarms managed by trackers, and counted seeders and 
leechers in each of those swarms. By estimating transfer speed, authors estimated rate at which copies 
were transferred in a peer swarm, and interpolated number of downloads per title. 
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(Ma et al., 2011) used two features, pirated film release day relative to official box office release and 
pirated material quality, to estimate possible loss in box office caused by a pirated movie pre-release on 
P2P network. An exponential regression model was built, with dependent variable being box office 
revenue, and independent variables like number of weeks films was pre-released, quality, to test main 
hypothesis, that pre-release piracy lowers market potential. 

(Farahbakhsh et al., 2013) scraped popular torrent indexer, Pirate Bay, for number of unique uploaders, 
consumers, torrents, and downloads during three time intervals, to extract and compare summary statistics 
of natural experiments effects, closure of Megaupload, and implementation of French antipiracy law. 

(Jordi McKenzie & WD Walls, 2013) obtained downloads and geographic data from Peer Media 
Technology, a company that measures piracy. Authors built econometric empirical models to quantify 
sales displacement from BitTorrent, eDonkey and Ares services on Australian box office revenue. 
Dependent variable: box office revenue. Independent variables: downloads over time periods, aggregated 
by territories. 

Koenigstein, Shavitt, and Zilberman (2009) compared number of search queries for popular songs in 
Gnutella, to songs rank on Billboard Hot 100. Authors used cross correlation and ranking analysis to 
investigate relations between P2P sharing and music sales. 

Vany and Walls (2007) developed and estimated a statistical model of the effects of pirate copy download 
supply on the box-office performance of a widely released movie. Dependent variable: change of movies 
theatrical revenue. Dependent variables: daily pirate supply, aggregated by week. Daily pirate supply was 
defined by protocol, over unique number of seeder IPs. 

(Danaher & Smith, 2014) researched Megaupload shutdown effect on movie sales and rentals. Change in 
sales in rentals was a dependent variable, and penetration rate an independent variable. Penetration rate 
calculation was based on estimated number of visitors to Megaupload site, and number of internet users, 
aggregated by week. 

(Geng & Lee, 2013) investigated piracy impact on price settings.  Number of legitimate sales channels, 
number of pirate channels, availability of pirated content, together with other variables, such as pirated 
product quality, legitimate product price were used in two-channel, legitimate and pirate, model. 
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3. METHOD 
Study is an observational study. Following data was collected from BitTorrent P2P network: number of 
downloaded copies downloads through selected BitTorrent servers, number of seeders and leechers, 
number of torrent releases. Data was collected from BitTorrent indexer sites and tracker servers, by 
polling these sources continuously 

BitTorrent network was selected because of its popularity, and possibility to observe distribution 
activities and collect usage data. 

Study analyzes torrent distribution patterns, usage statistics, and examines few cases. 

Models to explain piracy over legitimate sales are constructed. Observed torrent usage is independent 
variables in piracy model. United States film box office sales is a dependent variable. U.S. box office was 
chosen because of availability of daily sales data. Movie selection by box office resulted in selection of 
most popular movies, because most important films are shown in cinemas.  

3.1. BitTorrent system 
Several entities participate in distribution of BitTorrent file: indexer server, tracker server and peers 
(client applications).  

BitTorrent indexer server provides a frontend, usually web application, to locate torrent file, or a magnet 
link. Torrent file contains hash, unique torrent identifier, and additional metadata that describes shared 
content, and pointers to trackers servers. Torrent file does not contain actual content. Magnet link contains 
only metadata that identifies torrent (hash), and points to tracker servers, but provides no information 
about distributed files. 

BitTorrent tracker server hosts only torrent file; content is not hosted. Content is provided by users, who 
seed and leech torrent (seeders and leechers, partial-seeders). Server is an intermediary that allows peers, 
downloaders and seeders, to locate other peers that can provide content, or require content. Further 
activities that result in transferring files takes place at peer level. Some of these activities are reported 
back to tracker server, to update user and torrent usage statistics. 

Torrent file defines distributed files, by logically dividing content file into smaller peace. Each piece can 
be downloaded separately, from different peers. Distributed nature of downloading load-balances network 
utilization, shifting demand from original uploader to peers. Each torrent distribution is uniquely 
identified, by unique 20-byte hash. 

User, who wishes to share content, creates BitTorrent file that defines distributed files. There is a wide 
variety of tools that automate torrent creation process. After torrent file is created, uploader has to share 
torrent file with downloaders. Usually torrent file is uploaded to one or more torrent indexers. In order to 
make torrent file discovery easier, uploader provides title, description, and, commonly, other details about 
the shared media. At the same time, torrent hash is registered at torrent tracker sites. 

For download to start, peer first obtains torrent file. Torrent file contains metadata that points to tracker 
servers. User submits torrent file to client application of choice, that is used to share content, and usually 
runs on user PC. Client application queries tracker servers, described in torrent file, to provide peer IPs, 
and then attempts to initiate handshake with chosen peers, and starts file exchange session. 

A great number of indexer and tracker servers are available on Internet. Some indexer servers are similar 
among them, e.g. share some torrents that are the same. Others indexers differentiate of what kinds of 
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content is shared. For example, some specializes in specific kinds of content, like music, films, books, or 
covers only new film releases, applications and so on. Indexers also differ by access rules: some are 
public, some are private. Private indexers usually enforce access rules, and generally requires some 
minimum level of sharing, known as ratio, a ratio between uploaded to downloaded traffic. Some indexers 
target users located in specific country, users of speaking the same language, or are global. Some indexers 
target particular types of content, and some are quite generic. 

3.2. Data structures 
3.2.1. BitTorrent file metadata 

Torrent file contains following description about itself: 

• File name 
• Size 
• Date torrent file was created 
• Name of user who created file 

Torrent file contains following information about distributed content files: 

• File name 
• File size 

Torrent file also contains list of trackers where torrent is registered and tracked.  

3.2.2. Torrent data reported by torrent indexers 
BitTorrent indexer is a web site that contains a database of torrent files, and descriptions of content that is 
distributed. Some additional torrent meta information, and user-generated content is also commonly 
provided. Indexers main purpose is allow users to locate and download torrent file. Torrents are located 
by search, or by browsing site-specific categorization tree, or some form of content listing. Indexers 
commonly use SEO techniques to have themselves listed on popular search engines, to allow users locate 
hosted torrents. 

3.2.3. BitTorrent data reported by tracker server 
Trackers can report scrape and announce metadata about torrent usage. Following torrent data is reported 
in scrape metadata (Cohen, 2009b): 

• Complete: number of peers with complete files 
• Incomplete: number of seed with incomplete files 
• Downloaded: The total amount downloaded so far 

Following peer data is reported in announce metadata: 

• Random subset of peers: 
o Peer’s IP 
o Peer’s port 

• Complete: number of peers with complete files 
• Incomplete: number of seed with incomplete files 

3.2.4. Film sales data 
U.S. box office sales data is reported by a number of sites, and is generally provided free. Data formats 
vary somewhat from site to site. 
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Daily sales data was scraped from Box Office Mojo (boxofficemojo.com, 2013). Following attributes 
were retrieved: 

• Film, film studio 
• Day 
• Daily Gross sales 
• Number of theaters films was shown 

240 films were selected for monitoring, by following criteria (boxofficemojo.com, 2013): 

• Films scheduled to be released in US cinemas from March to May, 2013. 
• Films that were shown in US cinemas from March 1, 2013, to May, 2013. 

For some movies sales data was not reported daily, although it was reported for weekends. These movies 
were excluded. 

3.2.5. Torrent indexers 
Five public torrent indexers were selected to be searched for torrents. Indexers were chosen based on 
following criteria: they had to be listed in Alexa database (Alexa, 2016); and had to consistently return 
links to torrent files. Following indexers were chosen: 

• Extratorrent.com (rank 295) 
• FenopyTorrent.com (rank 1,081,000) 
• Kat.ph (rank 122) 
• Torrentcrazy.com (rank 2,749) 
• Yourbittorrent.com (rank 10,948) 

Torrent were searched in following way: film’s name was submitted as search query to each of indexer’s 
search page. Search results returned URI links to torrent files, along with some descriptions, including 
content name, size of content, torrent published date. 

A custom-built application continuously queried for movies of interest on selected indexer sites. Returned 
results were processed to retrieve torrent files: link to torrent file was extracted, and torrent file was 
downloaded. File metadata was extracted from downloaded torrent, to be used as input for follow-up 
processing. 

Torrents were searched on indexers about twice per day. 3.6 million Torrents (by unique hashes) were 
returned from searches. Querying and scraping tracker indexers lasted 3.5 months, from 2013-03-12 to 
2013-07-01, the same period as scraper observation.  

3.2.6. Trackers 
A custom-build application continuously queried trackers for scrape and announce data. Query cycle was 
usually a few times per day, depending on tracker/hash list size, and available computational resource. 

Trackers reported scrapes for requested torrent hashes. Following data was extracted from scrape: 

• Number of downloads 
• Number of seeders 
• Number of leechers 
• Time of scrape 
• Torrent hash 
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• Tracker URL 

28 million scrapes were retrieved from 117 trackers during observation period. 

Trackers also reported announce information is for requested torrent hashes. Following data was extracted 
from announce: 

• Number of seeders 
• Number of leechers 
• List of random (up to 50) client IPs 

40 million announces were retrieved from 155 trackers. 

3.3. Data processing 
3.3.1. Torrents 

Collected torrents were first classified according to distributed content type. Only torrents that appeared 
to distribute video files were selected. In order to select only video torrent, filtering condition on files size 
(>800 MB) and extension (vob, mkv, iso, avi, mp4, divx, rar, wmv, mpeg, ts, mpg, m2ts, rmvb, mov, zip, 
m4v, or contained xvid anywhere in file name) was applied. 

Video quality was classified to four groups that are commonly used to describe format: 

• Screener: lowest quality, usually a copy recorded in film cinema 
• DVD: standard resolution quality 
• 720p: high definition format of smallest size 
• 1080p: high definition, highest available quality 

After filtering, 126,693 torrents matched file size and file extension criteria. 

Next, torrents were matched to selected observed films, by searching for keywords in torrent file and 
distributed video file names. Torrent file names that did not contain observed movie title keywords were 
excluded. Distribution-specific keywords in torrent file names (like dvdrip, unique, extended, source, 
new, 2013, hd, etc.) were ignored. 

Next, torrent metadata were examined manually (torrent file names and files). Torrents that were found 
not to contain metadata (torrent name, shared files names) of any of tracked 240 films were removed.  
Some of the tracked movies were named similar to unrelated TV or movie titles. Torrent metadata was 
examined manually to detect content that did not belong to tracked movies. Different release year, or 
slightly different names were used to identify unrelated titles. Torrents found to have pointing to unrelated 
movies were removed. 

Identified as ‘fake’ torrents were removed (Table 1): 

‘Fake’ torrent identification Corrective action 
Torrents that were released several weeks 
before films release in theaters. Such torrents 
were usually not getting many downloads. 

Torrent data removed, 233 in total. 

For some torrents, some trackers reported 
unusually high downloads, incompletes and 
completes statistics. Such statistic spiked on 

Torrent data was removed 
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the first day of torrent release, and then 
dropped to zero some days afterwards. 
Torrents reported as fakes by sites that report 
whether torrents are genuine of what they 
claim to distribute. 

Torrent data was removed; 1,305 in total. 

Table 1. Fake torrent data corrections. 

Although sites that reported torrent status could not be relied upon to identify ‘genuine’ torrents, it was 
reasonable to expect that ‘fake’ torrents were correctly identified. After all, it is natural for users, who 
were tricked to download fake torrents, would contribute to community, by identifying fakes, to prevent 
others from downloading fake content. http://www.torrentlookup.com (TorrentLookup.com, 2014) site 
was queried for torrent status. Out of remaining 7,798 torrents, 1,305 torrents were reported as fakes 
(16.7%), and were removed from dataset. 2,098 torrents were reported as real (26.9%), 4,395 did not have 
status defined (56%). 

Torrent is usually registered at more than one tracker sites. Frequently, only some trackers report scrape 
and announce data. Out of reported data, only part of data is complete. As for remaining reported data, 
some parts of it is missing, or is incorrect. 

Download data was missing from approximately 58% of responses; seeder counts was missing from 
about 43% of responses; leechers count was missing from about 46% of responses. In most cases this was 
not an obstacle, because trackers reported data usually overlapped. On average, 9.1 trackers reported back 
torrent usage statistics, therefore data was often provided by more than one tracker. 

3.3.2. Data transformations 
During first processing step, for each torrent and tracker combination, a slot corresponding to each day, a 
one-day slot, was assigned. This was done in order to align torrent usage data with sales data that is 
reported daily. 

For each date, number of leechers, seeders and downloads were calculated by taking the last scrape of that 
date, for each tracker. If there was no scrape obtained for a given date (12% of all date/torrent/tracker 
combinations), then usage data was estimated as a midpoint between earlier and later dates. 

Next, data was aggregated by (torrent) hash and date, over tracker-specific information (Table 2): 

Input variable  Statistic 
Seeders Minimum/maximum/average number of seeders last 

reported by different trackers, on a given day 
Leechers Minimum/maximum/average number of leechers last 

reported by different trackers, on a given day 
Downloads 
 

Minimum/maximum/average number of downloads 
last reported by different trackers, on a given day 

Daily downloads Minimum/maximum/average difference between 
total downloads between current and previous days. 

Table 2. Aggregated daily statistic by torrent and tracker. 

 

Next, data was aggregated by title and time interval, over torrent-specific information (Table 3). Daily, 
weekly and monthly time intervals were used. 
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Input variable  Statistic 
Seeders Sum of minimum/maximum/average number of 

seeders reported for torrents sharing a title 
Leechers Sum of minimum/maximum/average number of 

leechers reported for torrents sharing a title 
Downloads 
 

Sum of minimum/maximum/average number of 
downloads reported for torrents sharing a title 

Daily downloads Sum of minimum/maximum/average difference of 
downloads between two subsequent days, for torrents 
sharing a title 

Table 3. Aggregated statistics by torrent. 

 

Next, daily downloads were aggregated over tracker, by taking the minimum/average/maximum daily 
downloads value. Because most of hashes are tracked by more than one tracker, downloads were counted 
per hash only, not per hash and tracker.  

Table 4 shows additional statistics that were calculated for the length of each period (daily, weekly, 
monthly). Number of leechers and seeders does not correspond to unique users, because same user can 
seed and leech more than one torrent. 

Variable Calculation 
Number of distinct torrents identified as 
infringing for specific film 

Number of unique torrent hashes found for a per film 

Number of torrent downloads Sum of all downloads 

Torrent quality Calculated from files size, file extension and format 
keywords 

Number of leechers for film Sum of leechers 
Number of seeders for film Sum of seeders 

Table 4. Aggregated statistics by title. 

 

3.3.3. Tracker-reported data cleaning, correction and removal 
Some torrent usage statistics reported by trackers were found to be inconsistent, and was corrected. Data 
reported by some trackers was found to be unreliable. For example, tracker ht33.com in some cases 
reported large download counts for seemingly fake files. Although for some torrents data from unreliable 
trackers seemed accurate, it was not clear how to distinguish between accurate and inaccurate data, 
therefore all data from such trackers was removed. Table 5 lists identified reported data inconsistency 
issues, and taken actions. 
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Problem Corrective action 
One or more trackers did not respond for 
queries for prolonged periods. Number of 
downloads reported afterwards were 
approximately flat.  
Other trackers for the same torrent responded 
during the same period. 
Likely cause: Tracker was offline during a 
period. Effect: underreporting. 

No action; data reported by other trackers was used 
instead. 
 

Number of downloads reported was not 
consistent: sometimes a number of total 
downloads reported dropped to zero, and then 
started increasing again. 
Likely cause: tracker purged historical data, 
and started counting from zero (because data 
was lost, or by design). 

For dropped reported download statistics, downloads 
statistic was calculated by adding last known 
reported statistic to currently reported download 
statistics.  

Reported downloads statistics were not 
reported (e.g. zero, or 10), or was never 
exceeding some constant (e.g. download value 
never exceeded 10).  

Download data was removed; data reported by other 
trackers was used instead. 

Some trackers reported relatively unusually 
very high number of downloads, seeders and 
leechers for many of the torrents (e.g., 
ht33.com). Although some data was probably 
correct, it was not possible to identify false 
data. 

All data from such ‘unreliable’ trackers, 30 in total, 
was removed. 

Table 5. Tracker data corrections and removal. 

 

Some seemingly falsely reported download data was identified by examining data trends. Several patterns 
were found to identify fake torrents. For example, in some cases, daily downloads data dropped to zero or 
to a few per day, or number of reported leechers, seeders and downloads suddenly spiked at the same 
time. 369 torrent/tracker combinations matched such patterns, and were removed (0.8% of total). 

Because of technical issues, during data collection period, data was not collected from trackers on a few 
occasions. Intervals ranged from a few hours up to day. Missing data was linearly interpolated as midway 
between two closest known points. 

3.3.4. Sales and torrent usage data alignment 
For each movie sales date, an index property of a number of days movie was shown in cinemas was 
assigned, starting from zero, and ending on a day when sales were reported last time, or the end of 
observation period. 
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Aggregated daily torrent usage statistics were aligned with movie sales dates, by assigning the same 
index, number of days since movie was shown in the cinemas. For torrents that appeared before film was 
shown in cinema, negative day index was used, e.g. -1 identified a one day pre-release event. 

3.4. Analysis 
Descriptive statistics were extracted with purpose to analyze, and understand collected data. 

Constructed torrent usage variables and dependent variable, box office sales, were used to build 
regression models over daily, weekly and monthly time intervals. First, linear regression models were 
built. Insignificant variables were discarded from majority of models, and only significant ones were left. 

Next, more complex models were constructed: using interactions, and second-degree polynomials. None 
of models, that were more complex, described relationship significantly better than linear regression 
models, therefore they were discarded. 

P2P network peer IP addresses, reported by scrapers with announce data, were looked up in IP address 
database: IP range and countries list, with assigned countries and regions for each IP range. A list “IP 
address to city (low resolution)”, provided by DB-IP, was used (DB-IP.com, 2016). 
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4. RESULTS 

4.1. Descriptive statistics 
I have searched torrent indexer sites for torrent releases of 240 movies that were released, or were shown 
in U.S. cinema theaters, from 2013-03-14 to 2013-07-01. Torrent data was found for 174 films (73%). 
Daily sales data was available for 139 movies. Out of these 240 movies, 67 movies had sales data 
available. Out of these, torrents were found for 57 movies (85%). During scanning period, 58 movies 
were released. Torrents were found for 42 movies, that started showing in cinemas during monitoring 
interval (72%). 

Table 6 lists descriptive statistics for 57 movies that were observed to be shared, and had daily sales data. 
During observation period, according to tracker reported data of identified torrents, each film was 
downloaded on average 1,650 times per day. On average, cinemagoers purchased about 130,000 tickets 
for each movie, at an estimated price of $8.13 (boxofficemojo.com, 2014). This puts a number of tracker 
reported global torrent downloads compared to a number of purchased cinema tickets in U.S. at 1.3% of 
tickets sold. 

Variable Mean Median Std. dev. Min Max 
Daily revenue (USD) 1,142,105 51,564 3,791,794 18 68,858,555 
Daily theaters 1,079 275 1,362 0 4,253 
Daily downloads 1,650 43 5,159 0 94,163 
Daily seeders 3296 270 6,686 0 50,774 
Daily leechers 1425 59  3,594 0 73,028 
Torrents 67.3 31 9.9 1 669 

Table 6. Summary statistics of films with sales data, per title, per day.  

Movies that were shown in cinemas, had about 4.5 more torrent releases, and were downloaded about 12 
times more frequently than movies that were not shown in cinemas. Table 7 shows summary statistics for 
remaining 118 movies that had torrent releases, but were not shown in cinemas. 

Variable Mean Median Std. dev. Min Max 
Daily downloads 136 16 657 0 48,532 
Daily seeders 398 124 867 0 16,270 
Daily leechers 177 26  629 0 11,650 
Torrents 14 10 16.9 1 119 

Table 7. Summary statistics for films that were not shown in cinemas per title, per day. 

5,956 torrents were found for movies with sales data (57 movies). Most popular format was “Screener”, 
which accounted for about 5,000 torrents (83%). Next most popular format was 720p “rip” – 332 torrents 
5.5% of total) and DVD quality (332, 5.5%), and 1080p “rips” (136; 2.2%).  

Movie downloaded most times was ‘Iron Man 3’ – 969,583, followed by ‘Jack the Giant Slayer’ 
(732,376), and ‘Oz The Great and Powerful’ (654,086). Table 8 lists top downloaded movies. 

Title Downloaded Sales 
Iron Man 3 969,583 405,557,106 
Jack the Giant Slayer 732,376 20,629,930 
Oz The Great and Powerful  654,086 134,938,345 
Fast & Furious 6 607,810 233,700,515 
Oblivion 455,484 89,107,235 
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Django unchained 452,215 1,658,589 
Evil Dead 2013 361,823 54,047,541 
The Hangover Part III 334,788 110,754,178 
G.I. Joe: Retaliation 331,558 122,412,474 
The Croods 314,623 184,506,353 

Table 8. Top downloaded movies, and box office sales.  

Figure 1 displays daily downloads dynamics by release day for most popular titles. For most popular 
movies, torrent downloads spiked immediately after films release in theaters, then subdued somewhat, 
and after few weeks spiked again. Afterwards, downloads diminished over time. 

 
Figure 1. Top five most popular movies downloads, by days since theatrical release.  

Most torrents were created for movie “Iron Man 3” (683), followed by ‘Django Unchained’ (449), and 
‘Star trek into darkness’ (340). Number of active torrents (define as downloaded at least 5 times per day) 
for few selected movies are presented in Figure 2. Table 9 lists movies with most torrent created. 
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Figure 2. Number of active (more than 5 daily downloads) torrents per title, since days of theatrical 
release.  

 

Title Torrents Sales 
Iron Man 3 683 405,557,106 
Django Unchained 449 1,658,589 
Star Trek Into Darkness 340 221,754,563 
Jack the Giant Slayer 287 20,629,930 
After Earth 283   58,504,704 
Identity Thief 279 10,544,240 
Evil Dead 2013 241 54,047,541 
Oz The Great and Powerful 239 134,938,345 
Man of Steel 238 259,774,153 
The Croods 238 184,506,353 

Table 9. Movies with most torrents.  

10 million users from 232 countries and territories shared all 174 movies. Scrapers reported this many 
distinct IPs of users, who were seeding and leeching shared movies. 
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This number underestimates number of users who shared content. First, scrapers were queried only a few 
times per day. Additionally, scrapers report only some of the IPs, usually up to 50 IPs. Different users 
might be actually sharing same external IP, but were counted as one. 

Most of the user IPs, 11.8%, were located in India. Table 10 lists top 10 countries by distinct user IPs, 
along with percentage of Internet users in each country (InternetLiveStats.com, 2016). Note, that reported 
IPs might not represent true distribution, because some trackers might have reported non-random, 
selected IPs (e.g. peers that were geographically closer). In addition, for those users that use VPNs in 
other countries, a country of VPN provider is reported. 

Country Distinct IPs % of Internet users 
India 11.8% 0.3% 
U.S. 11.0% 0.4% 
Great Britain 6.9% 1.1% 
Italy 5.0% 1.3% 
Brazil 4.5% 0.3% 
Australia 4.1% 2.0% 
Pakistan 3.5% 1.0% 
Canada 3.3% 1.0% 
France 2.6% 0.5% 
Saudi Arabia 2.4% 1.1% 

Table 10. Distinct IPs of users, who shared all tracked movies, by top countries, relative to number of 
Internet users in each country 

6.5 distinct million IPs were found to be sharing 57 movies (with sales data). 

4.2. Representative individual movie statistics 
After torrent is released, its distributed content is simultaneously downloaded and shared by peers on P2P 
network. Typically, on torrent release day number of leechers go up, downloads spike, and decline 
afterwards, over following days and weeks. Only some users remain to seed the torrent; others stop 
sharing at some point, after they complete download.  

A typical torrent usage example is presented in Figure 1, for a very popular torrent for a movie 
‘Oblivion’. This particular torrent was released a week before movie release in theaters. Torrent 
distributed two files, ‘Oblivion.2013.HDCam.FOX.CD2.avi’ (735 MB) and 
‘Oblivion.2013.HDCam.FOX.CD1.avi file 1575995392’ (840 MB). File sizes and file extension 
correspond to a low-quality ‘screener’ version, likely filmed in a cinema, during movie preview. Torrent 
was announced on 14 trackers. 12 trackers returned announce statistics.  
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Figure 3. Sample selected torrent release dynamics.  

 

62% (26 out of 42) of films were released to BitTorrent network before U.S. theatrical releases, ranging 
from one day to up to 2.5 weeks before release. The quality of all pre-released movies is classified as 
“screener”, that is a low-quality copy, likely filmed in cinema. For example, ‘Iron Man 3’ was released to 
theaters May 3, 2013, and leaked to BitTorrent network 7 days before release, on April 26th, 2013. ‘Star 
Trek into Darkness’ was leaked on 26th March, 20 days before release. ‘Fast & Furious 6’ was leaked 6 
days before theatrical release, on May 24. Similar to previous example, downloads spiked on torrent 
release day, then declined, and then increased somewhat few days after film cinema release (Figure 4): 
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Figure 4. Sample selected torrent release dynamics.  

4.3. Models 
Linear regression was used to model relationships in general form: 

𝑌 = 𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 + ⋯ +𝑏𝑛𝑋𝑛 + 𝜀 

 

Y is dependent variable:  

• U.S. theatrical sales 

Independent variables 𝑋1, 𝑋2 ….𝑋𝑛: 

• Number of total downloads 
• Number of seeders 
• Number of leechers 
• Number of torrents downloaded during period 
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• Number of sample-reported distinct peer IPs, that participated in sharing, globally, and limited to 
U.S. territory 

Following periods were selected: 

• Daily 
• Weekly, starting from first week 
• Monthly, starting from first week 

4.3.1. Weekly models 
For each week that passed since movie release in a cinema, a model was constructed. Number of torrents, 
and number of downloads during a period, and average number of seeders are significant in a piracy-sales 
model for the 1st week of theatrical movie release (Table 11). For the second week’s model, only number 
of seeders is significant (Table 12), and for the 3rd week – only number of leechers (Table 13). 
Relationship between downloads and torrents is positive, while for seeders is negative (correlation 
between seeders and sales is positive) during 1st week, and positive for the 2nd week. 

 
                          Estimate Std. Error t value Pr(>|t|) 
(Intercept)              4274714.6  4690816.5    0.911  0.3677     
Downloads                   1235.3          271.2   4.554   5.06e-05 *** 
Leechers                       -994.6          383.1  -2.596   0.0132 *   
Number of torrents  417154.6      66843.4   6.241   2.40e-07 *** 
--- 
Signif. codes:  0 `***' 0.001 `**' 0.01 `*' 0.05 `.' 0.1 ` ' 1 
 
Multiple R-squared:  0.7569, Adjusted R-squared:  0.7382  
Table 11. Linear regression model of the 1st week after movie release.  

Figure 5 plots 1st week model’s additional properties.  Residuals vs Fitted, and Scale-Location plots show, 
that data distributions are not uniform. Also, there is some non-linearity (Normal Q-Q plot). 
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Figure 5. Diagnostic plots of linear regression model for the 1st week of movie release.  

 

             Estimate Std. Error t value Pr(>|t|) 
(Intercept) 5.381e+06  2.108e+06    2.553  0.014 *   
Seeders     3.621e+02  3.492e+01  10.371   9.75e-14 *** 
--- 
Multiple R-squared:  0.6959, Adjusted R-squared:  0.6894  
Table 12. Linear regression model for the 2nd week of movie release.  

 

            Estimate Std. Error t value Pr(>|t|) 
(Intercept)  3.191e+06  1.248e+06    2.556    0.014 *   
Leechers    2.832e+02   3.675e+01   7.706     9.28e-10 *** 
--- 
Multiple R-squared:  0.5689, Adjusted R-squared:  0.5593 
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Table 13. Linear regression model for the 3rd week of movie release.  

For subsequent weeks, model is diminishingly weaker, and none of variables is significant. Number of 
distinct IPs, that belonged to peers located in U.S., were not significant. 

4.3.2. Monthly models 
Out of all monthly models, only for the first month number of downloads is significant (Table 14). 
Similar to weekly models, there is some nonlinearity in 1st months model (Figure 6). 

                          Estimate Std. Error t value Pr(>|t|) 
(Intercept)                 9163728.82  6381528.06   1.436   0.1574    
Downloaded                     480.70         149.45    3.216   0.0023 ** 
Seeders                              94.32         145.05     0.650   0.5186    
Leechers                         -106.72        260.99   -0.409    0.6844    
Number of torrents    106704.71    94910.40    1.124    0.2664    
--- 
 
Multiple R-squared:  0.7856, Adjusted R-squared:  0.7681 
 
Table 14. Linear regression model for the 1st month of movie release.  
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Figure 6. Diagnostic plots of linear regression model for the 1st week of movie release.  

 

For the second month, downloaded copies and number of seeders are significant (Table 15Table 1). Here, 
number of downloads is negatively related to, but this is explained by the unique torrents variable. 

                          Estimate Std. Error t value Pr(>|t|) 
(Intercept)                  -7911.55  953739.90   -0.008   0.9934   
Downloads                     -76.97         40.66   -1.893    0.0681 . 
Seeders                            68.22         26.30    2.594    0.0145 * 
Leechers                        -46.89         51.11   -0.918     0.3662   
Number of torrents     6788.55   10111.45    1.660     0.1073   
--- 
 
Multiple R-squared:  0.6057, Adjusted R-squared:  0.5531  
Table 15. Linear regression model for the 2nd month of movie release.  
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When there are no other torrent usage variables, relationship between number of downloads and box 
office sales is positive (Table 16). 

                 Estimate Std. Error t value Pr(>|t|) 
(Intercept)     1.645e+06  1.033e+06   1.592 0.120809     
Downloads   7.028e+01  1.610e+01   4.365 0.000118 *** 
--- 
Signif. codes:  0 `***' 0.001 `**' 0.01 `*' 0.05 `.' 0.1 ` ' 1 
 
Multiple R-squared:  0.3661, Adjusted R-squared:  0.3468 
Table 16. Linear regression model for the 2nd month of movie release, with one dependent variable.  

 

4.3.3. Daily models 
Linear regression models defined by the same, box office (dependent), and independent (torrent usage) 
variables were generated for each day after movie release in the theaters. Amount of relationship 
explained by models, Multiple R-squared, is highest for the first two weeks after film release. Models 
explain less relationship afterwards. Figure 7 displays multiple R-squared values for each generated 
model, by days since theatrical release. 
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Figure 7. Daily regression models Multiple R-squared by movie, since theatrical release day. 

Positive correlation between downloads and number of torrents to box office sales was present every 
daily regression model. Correlation strength between downloads and box office sales is about 0.5; for 
number of torrents correlation is about 0.7 for the first week, and is somewhat weaker afterwards. Figure 
8 displays daily correlations between downloads and torrents to box office sales. 
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Figure 8. Left: correlation between downloads and box office, by days since movie release. Right: 
correlation between number of torrents and box office, by days since movie release. 

 

There is a substantial variability between daily models. 
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5. ANALYSIS AND DISCUSSION 

5.1. Variables and causality 
File sharing was defined as a number of shared torrents, content downloads, number of seeders and 
leechers, and number of distinct IPs, globally and by country, on selected public BitTorrent trackers. No 
evidence was found that file sharing on global BitTorrent networks is negatively correlated to U.S. 
cinema ticket sales. It was found, that number of torrents shared and downloads are positively correlated 
to cinema ticket sales in first two weeks after movie release. No piracy effects were found after first two 
weeks of movie release.  

Causal claims between pirated movie sharing and sales cannot be made, because correlation does not 
imply causality. Relationship between pirate file sharing and box office probably goes both directions. 
Piracy might have a direct effect on box office. At the same time, many other things affect box office. 
Variables outside model might have stronger effect on box office, than piracy variables. For example, one 
such variable, number of cinemas where movie was shown, was found to be much stronger than any 
piracy variable, except number of torrent releases (Table 17). Such these external to piracy - box office 
model variables might have affected simultaneously piracy itself. 

                                                  Estimate Std. Error t value Pr(>|t|) 
(Intercept)                        -4519832.4  5455475.3  -0.828  0.41270     
Number of downloads               825.1          350.9   2.351  0.02415 *   
Leechers                                   -900.4          367.6  -2.450  0.01915 *   
Seeders                                      253.1          300.0   0.844  0.40417     
Torrents                               332758.9      68775.0   4.838 2.32e-05 *** 
Number of cinemas per day    7359.0        2615.8   2.813  0.00781 **  
 
Multiple R-squared:        0.8019, Adjusted R-squared:  0.7751 
Table 17. Linear regression model with piracy variables and non-piracy variable, number of cinemas per 
day movie. 

Examples of uncaptured and unaccounted in the models model independent variable are: advertising 
budget, number, frequency, type of trailers shown, and size of audience that watched trailers. At the same 
time, these independent variables might be dependent on other variables, including dependent (sales), in a 
recursive loop. For example, big budget movies are likely to have bigger advertisement budgets, and be 
more promoted. As movie attendance is keeping up, studio might further promote movie. Big budget 
movies are likely to have more attractive trailers, that are pushed to potential cinemagoers through a 
greater number of channels. Big budget movies tend to get more media attention in the news and reviews. 
Therefore, film viewers might be more likely to choose to download a movie or go to the cinema to watch 
a movie that has big budget, is wider media coverage, that is, that is more likely to have larger box office 
sales. These unobserved variables are likely to affect both sales, and piracy. P2P users then could choose 
a movie to download based on unobserved criteria, e.g. awareness of the movie, ratings, reviews, trailers 
seen, similarly to moviegoers, who choose a movie to go to see in a cinema. 

A different category of independent variables, not captured in the model, are film features, that influence 
cinemagoers decision to go a movie in advance or download a film. For example, a famous actor or 
actress in a starring role, or director, genre, or relation to a bestseller novel, will likely influence both 
downloading, and cinema going behavior. 
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Positive correlation between movie torrents downloads and torrents to box office sales could be explained 
in a few ways.  

First, unobserved variables, that have a positive impact to box office, might have positive effect on piracy 
variables too. Media coverage, word of mouth advertisement, awareness of the movie are possible 
examples of such variables. 

Second, piracy itself might have positive effect on box office. For example, some active movie 
downloaders might download a poor quality ‘screener’, watch it casually, and then go to a cinema to 
watch a movie they think they might like, for a proper movie watching experience. In such case, watching 
a screener is informative, and similar to watching a trailer: screener informs watcher whether it is worth to 
go to a movie, and does not substitute experience of going to a cinema. Although screener is a full-version 
movie, video and audio are quality of most screeners are poor. Watching poor quality screeners, perhaps 
on relatively small computer monitor, does not provide a qualitatively similar experience to watching a 
movie in a movie theater. This is especially true especially for movies rich with special effects, nice 
cinematography, or shown in 3D.  

Third, some of downloaded could have told about downloaded movies with their friends, who, in their 
turn, could go to a cinema to watch a movie, based on such word-of-mouth peer feedback. 

Absence of negative impact of piracy on box office could be explained by an absence of relationship 
between pirated movie consumption and cinema attendance: some of viewers who watch low-quality 
copies, might not go to cinema anyway, regardless whether they watch or not a copy. Such pirated content 
consumption would not be a substitute of going to a cinema. 

Box office could have an indirect effect to piracy. For example, by box office could have a positive effect 
on torrent downloads. Potential movie downloader could be aware of a popular movie shown nearby. 
They then could look for a torrent of particular popular movie. Another example would be a movie 
uploader, who chooses what next movie to capture on his phone in a cinema, by movie popularity. Such 
cinema movie shooter would then create a torrent, and distribute it over BitTorrent network. Under such 
model, box office would have an effect on ‘independent’ variables, torrent downloads and number of 
torrents distributed. In the first example, an effect on torrent downloads is expected. In the second 
example, effect on number of torrents and downloads is expected. 

Piracy impact on box office might be weak, relative to input. Piracy impact might fade in comparison to 
media coverage, advertising, cast, budget, studio policy. This could explain relatively short-term piracy 
effect is having on box office, and lack of longer than few weeks’ impact on box office. 

5.2. Context 
Downloads statistic in the study is not limited to the audience that that constructs box office, that is, 
moviegoers living in the USA. This study generally disregarded P2P user’s geolocation. Geographical 
data was available only some who participated in sharing. No correlation was found for geographical 
data. 

Study modeled an impact of global piracy to U.S. box office sales. Input variables, torrent usage, are 
global, while U.S. Box office sales are local. Pirated movies outside U.S. territory has no direct effect on 
U.S. box office, because P2P user has to be located physically near cinemas. Only part of global P2P 
piracy users, users that a located near U.S cinemas, can possibly have an effect on U.S. box office. 
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Pirated content consumption is widespread, almost global. 57 movies, that had sales and torrent data, 
were shared by 7.3 million users from at least 233 countries. Number of pirated content users and 
downloads depends on a number of users that have access to Internet, speed of access, available 
hardware, and other technical criteria. It is thus expected, that global piracy, defined here as number of 
downloads and number of available torrents, should be correlated to number of downloads in USA. 
Indeed, most distinct IPs were from U.S. (12.5%). First, user behavior in U.S.A. is perhaps similar to 
global behavior; second, Internet users in U.S. compose a large share of global Internet population; third, 
Internet technologies, ITC is well developed, and widely accessible. Incomplete, sampled geographical 
downloads data was available only; therefore global download data was used. Geographically different 
data context might have introduced some noise, and perhaps hide some relations between sharing and 
sales. Geographically different data context might introduce some noise, and perhaps hide some relations 
between sharing and sales. Relationship between global and local piracy should exist, but is unknown. 
For geographical data samples, number of distinct peers in U.S. that seeded or leeched shared movies at 
some point, was not significant. 

5.3. Data quality 
As observational study, this study is affected by potential data quality issues. File sharing behavior was 
not observed directly. Statistics were constructed by regularly querying tracker servers over time interval, 
using standard communications protocol. Trackers reported announce data: number of downloads, 
number of seeders and leechers. Reported tracker data allowed peeking into sharing behaviors.  

BitTorrent protocol defines information meaning and exchange procedure, but actual meaning and 
reliability of tracker-returned data depends on tracker implementation and policies. Trackers that reported 
clearly erratic data were excluded, but in general, tracker reliability and implementation of reporting is 
not known. Thus true data correctness is unknown. 

Adding to a problem of data correctness, some torrent metadata was false. Some torrent metadata is false. 
In general, torrent correctness cannot be established just by examining metadata, without examining 
contents. 

Some tracker reported data was false too. Usually in such cases number of downloads, seeders and 
leechers are inflated. Perhaps numbers were distorted by torrent creators/users on purpose, with an 
intention to increase (fake or genuine) content sharing. Such torrents, when identified, were removed. 

Direct observation of piracy is hardly possible without tampering with communications and sharing 
infrastructure. Such invasive observation, if possible, likely would be limited in scope, due to technical 
setup challenges and limited scalability. Observation method used in this study allowed to observe file 
sharing globally, across all platforms (within BitTorrent network scope). A side effect of such wide-
scope, noninvasive observation is varying quality of data, and noise.  

Piracy’s impact on a movie might vary depending on film attributes, such as genre, cast. A model did not 
capture these attributes, and they could have contributed to a noise in a model. 

5.4. Usefulness 
5.4.1. For studies 

This study collected observational data from Internet. Big amounts of data is transferred through Internet 
connections, and this gives opportunity for researchers to collect large data volumes. However, big data 
raises certain challenges: what data to collect, how to collect data, and process it. Solutions, that collect 
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data, should work continuously, with very little downtime, in order to avoid gaps in collection. Data itself 
is inherently noisy, therefore substantial effort have to be dedicated to cleanse it. 

This study faced technical and data quality issues. Knowledge gained could potentially benefit future 
studies, by informing of potentials obstacles, and suggesting solutions in advance. 

As number of users using Internet increases, data transfer rates improve, and amount of content constantly 
increases, pirated content supply and consumption will likely increase a swell. If more data is being 
exchanged, more data can be collected. Driven by advances in computing and communication 
technologies, large amounts of data, named by IT industry as Big Data, can be collected and researched. 

Systematic Big Data collection poses certain challenges. Usually data quality, for data that is collected 
from third-party sources of unknown reliability, is unknown. Data can be inconsistent, it’s meaning might 
change or be unclear, it can be noisy, incomplete and faulty. Before data can be used in models, its quality 
have to be checked and fixed. False, unreliable data has to be removed. In cases when data meaning 
changes, data should be restored, and improved. Failure to address data quality would risk quality of a 
study. 

Data quality issue is relevant for piracy research. This study faced data quality issues during data 
collection, and afterwards. 

Data quality issues during collection were technical. Internet connection occasionally went down. 
Applications that were collecting and processing data had defects, and did not function as expected. Some 
data was missed because of these technical issues. During observation, data was not collected on several 
occasions, for intervals lasting from a few hours to a day, due to technical failures. This resulted in 
missing data. Missing data was interpolated taking a midpoint between two closest known points around 
missing point.  

These problems were identified by monitoring application logs. Problems were solved by restarting 
Internet connection equipment, server, and fixing defects and restarting data collection. 

Data quality issues, revealed after data was collected, were due to a nature of collected data. Such data 
quality issues were revealed during data processing, aggregation and modelling stage, after data collection 
has ended. Study collected data from a number of sources of unknown reliability. Various data quality 
issues were identified. Some data sources, namely trackers, appeared to be unreliable: some data was 
incomplete, missing, or incorrect. Data filtering, cleaning and reconstruction were applied. False and 
unreliable data was removed. Because torrents were registered on more than one tracker, it was possible 
to compare tracker data between trackers, and identify unreliable trackers. For example, data from 
inconsistent sources (trackers that were found to report inconsistent downloads data) was removed. 

Data verification and analysis should start as soon as data collection starts, so that data quality issues that 
cannot be addressed during processing, could be corrected during collection level. Applications should be 
monitored with a purpose to minimize downtime. Alerts for applications misbehavior, deviations in 
collected data should promptly trigger corrective actions. In this study, monitoring was based on log 
examination: problems were identified after log were reviewed, that is, after some delay. Therefore, 
corrective action took longer, and resulted in some data loss. 

This study collected relatively large amount of data (50 GB) over a time of a few months. 4,000 trackers 
were systematically queried over the time interval. From 235,000 torrents collected, only less than 1% 
(2,087) were used for research. From 50 GB of data collected, only 25 MB scrape data, and about 430 
MB of announce data that belonged to genuine torrents was used in the study. 
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All data was collected by a single physical machine, connected to internet over a consumer-grade 
communications line, and used a consumer grade equipment. Technical computation and communication 
costs to perform relatively intensive data collection and analysis on Internet is thus achievable within very 
constrained budgets. 

5.4.2. For industry 
This study contributes to a knowledge of piracy phenomena, by examining a piracy effects over peer-to-
peer network on box office, for selected movies. 

Insights into piracy behavior could help studios to take a more optimal action towards preventing pirated 
material sharing and usage.  

Downloads spike after torrent is released, therefore a prompt action to remove torrents from indexer site 
might would reduce number of downloads 

Leak prevention and early detection and removal could reduce number of torrents leaks before movie 
release. Movie leaks are released in a few or few tens of torrent distributions, about a week before movie 
release. Leaks should be monitored a week or so before movie release. 

Film piracy’s positive correlation with cinema attendance could help movie studies to exploit their movies 
more effectively.  

Varying degrees of file sharing in different countries reflect country-specific torrent usage patterns. 
Interest to movies is widely spread, and probably could indicate that more movies should have wider 
theatrical releases. 

Positive correlation between piracy variables and box office sales might indicate that extra information of 
a movie might prompt some potential moviegoers to go to a cinema to watch a movie. Low quality copy, 
screener viewing, usually over a relatively small computer monitor, does not substitute experience of 
movie watching in a cinema. Therefore screener viewing might have a positive, promotional effect. 
Software industry and computer game industry addressed issue of giving a try before purchase, by making 
available a ‘demo’, a piece of software that is given free, to try the product before purchase. Demo might 
be limited in features, or might be limited in time it ‘works’. In publishing industry, some books offer 
sample chapters to read. 

Film industry provides a ‘trailer’ to preview a story in a movie, show some visual effects, preview cast, in 
order to persuade potential moviegoers to go to a cinema. However, trailer is very limited, comparing to 
what a game ‘demo’ is for a full version of a game. Instead of a limited and poorly representative trailer, a 
better movie preview could be offered instead. Perhaps first full 5 or 10 minutes of movie, to a point 
when viewer would immerse and become interested and even impatient to find out what follows next, to a 
point that would prompt him to continue experience in a cinema. 

Lack of negative relationship between piracy and box office might indicate that for some users there is a 
weak relationship between pirated content consumption and cinema going. Preventing such piracy would 
therefore not have a positive impact on box office. Instead, such users perhaps should be addressed 
differently, perhaps by providing them more with a convenient, or less costly options to watch a movie. In 
order to reach and serve pirated content audience, that is less likely to go cinema to view a legitimate 
content, studios could come up with effective pricing and marketing. Low priced, lower-quality 
streaming, heavily discounted tickets are few potential alternatives.  
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Cinemagoers do not go to every movie in town, but perhaps would agree and prefer to watch a lower-
quality legitimate stream that costs less, and is convenient to watch at home, over low-quality pirate copy, 
a screener filmed in a theater. 

It is not obvious how to define and execute marketing strategy that could substitute pirated content usage, 
add additional revenue to movie studios, and not cannibalize existing revenue streams. 

However, it is not realistic to prevent pirated film copies release to BitTorrent network. Therefore it is in 
the best interest of studios, distributors, and ultimately of consumers, to come up with a solutions to shift 
pirated material usage to legitimate one, and return content creation/distribution control and benefits to 
creators and distributors, and ultimately, to users. 

5.5. Limitations 
Study collected data from the data sources that were available relatively easy to query from. Phenomena 
of sharing infringing content over Internet by other technical means, such as direct file downloads, Usenet 
network, other than BitTorrent peer-to-peer networks, video streaming sites, were not examined. Thus, 
online piracy over other than BitTorrent network was not investigated. Titles were limited to one creative 
industry, film industry. A limited number of titles, over a limited interval of time was chosen. 
Applicability of findings to all movie titles, or over long periods, is not clear. Piracy impact on other 
creative industries is not known. 

Torrents were searched on selected public indexers, and limited to five indexer trackers. Obtained data is 
a skewed, probably not well representative of population of indexers and tracker servers. Most indexers 
and trackers were left out. The whole population consists of variety of trackers: all other public trackers, 
all private (that is, nonpublic) trackers, trackers that specialize by genres, by geographical location. Some 
torrent releases are limited to one tracker or few trackers only, usually private ones, and therefore are not 
available on selected public trackers. Private trackers, local trackers users might have quite different 
behaviors from users on public, generic trackers. 

Because majority of torrent indexers were excluded, some movie torrents were excluded. Thus torrent 
releases, and accordingly movie downloads, are undercounted. 

Some torrents are controlled and distributed without going through trcakers, by Distributed Hash Tables 
(DHT), also known as Magnet links. Indexers do not report statistic for Magnet links, because DHT is a 
distribution method without a central node. This resulted in missing statistics for torrents downloads, 
seeds and leeches through DHT. Although many trackers, especially private ones, discourage DHT 
protocol, some public trackers do encourage DTH, and a lot of traffic is generated using this method. 
BitTorrent downloads, number of leechers and seeders thus were undercounted. 

Torrent names, or file names distributed by torrents, that were translated to a foreign-language, were 
ignored.  

It is possible, that some proper torrents were not located on torrent indexers, and were missed by searches. 
For example, translated film names in foreign languages could have been missed, if original title was not 
provided. Thus torrent and torrent usage statistics might have been underreported. Alternatively, some 
torrents might have been identified incorrectly, leading to an increase of torrent and downloads statistic. 

In summary, reported number of downloads, and number of torrent releases are undercounted because of 
following reasons: 
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• Undiscovered torrents (releases on unobserved torrent indexers, nonpublic indexers, unidentified 
language-specific releases, translated movie names); 

• Torrent trackers likely underreported usage statistics; 
• Unobserved torrent usage over DHT network; 

For the study, torrent content was not downloaded. Torrents were classified as particular movies by 
examining metadata. Such classification could have resulted in matching or discarding some content 
incorrectly, that is, in some false positives (incorrectly identifying torrent’s content) and false negatives 
(missing torrent content).  

Higher matching precision could be obtained by verifying content manually. Classification by manually 
reviewing each torrent content has a number of drawbacks. Content would have to be downloaded, and 
downloading large files would increase network usage and would require more resources, like disk space. 
Legal aspects of obtaining likely unauthorized contents are not clear. Manual content viewing would also 
require spending more efforts of viewing parts of content. 

There are Internet sites that allow users to classify torrent hashes as real of fake. One such site was used 
to verify some torrent hashes. It could be beneficial to employ more such torrent classification verification 
sites to identify torrents, with a purpose to increase accuracy and coverage. 

Variables, defined as independent, number of torrents, downloads, seeders and leechers, might not be 
truly independent from a dependent variable, box office sales. 

Independent variables in the model, trackers usage data, was collected globally. Dependent model 
variable, box office sales, is local.  

Intraday statistics were not used for analysis, as data was aggregated into daily points. For modelling, data 
was aggregated to daily, weekly and monthly data points, therefore intraday statistics were not used. 

For calculating daily downloads data was aggregated over all trackers. If disjoint trackers tracked some 
hashes, aggregation over trackers would cause to undercount some downloads. 

This study is limited to a simple linear regression model. Errors were controlled using standard linear 
regression model approach, and model was not validated against test data. 
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6. CONCLUSIONS 
Study examined movie piracy over the most popular P2P network, BitTorrent. Study observed online 
piracy by collecting file sharing data from BitTorrent tracker and indexer servers. Understanding of 
online piracy was obtained examining collected data, and by generating models to explain observations  

Number of downloads, number of seeders and leechers, torrent content distributions, and samples of IP 
addresses of users that participated in file sharing were observed on selected public BitTorrent trackers, 
over 3 months interval. 

Study monitored torrent releases of 240 movies that were either released, or shown in cinemas during 
three months’ observation period. 73% of movies were distributed of BitTorrent network. Majority of 
movie copies were downloaded in a few days after torrent release. Most of copies were low quality, 
probably recorded in cinema theaters. On average, globally, film copy was downloaded about 1,650 times 
per day over public BitTorrent network. Such download rate compares to 1.3% of U.S. cinema tickets 
sold. 62% of tracked pirated films were released on BitTorrent network before theatrical release.  

Movie sharing on BitTorrent network is global: at least 7 million users from 233 countries and territories 
shared 57 movies that were shown in cinema theaters. 

Relationship between piracy and U.S. box office sales was investigated by building linear regression 
models. Independent piracy variables, and dependent variable, U.S. box office sales, were built for daily, 
weekly and monthly data. Data for modelling was available for 57 movies. 

It was found, that number of downloads and a number of torrent distributions for the first two weeks had 
positive correlation with box office sales. Number of downloads during the first month after movie 
release, and a number of users, who shared content in the second month after release, were also found to 
have positive effect on box office sales. 

Majority of shared movies were low quality. Low quality copy viewing could have had a positive effect 
on box office, because such viewing might have rather informed potential viewers about the movie, and 
resulted in some cinema attendance. Viewing a low quality movie copy might not substitute a rich movie 
viewing experience in the theater. 

Positive correlation between downloads, number of sharing users and number of torrents are thought to be 
partially explained by the effect of unobserved variables, that affect both piracy and sales, and a lack of 
significant negative effect of sharing on sales. The same underlying causal variables, like movie 
awareness and personal preferences, could affect both piracy and sales. Other unobserved factors could 
have had stronger effect on box office sales that online sharing. 

Although online movie piracy was not found to affect negatively ticket sales, distribution control is taken 
form authors. Film studios, distributors, and ultimately consumers, should understand piracy phenomena 
ant ITC changes that challenges and disrupts existing business and content consumption models. Based 
on better understanding of online piracy and online content consumption patterns, solutions should be 
created that would return control to content distribution control to authors, benefit all movie market 
participants, authors, owners, distributors and consumers. There is a need of broader and deeper online 
piracy investigations to obtain further insights of the online piracy phenomena. ITC rapidly evolves and 
changes, disrupts, and challenges existing business models. With improved understanding, content 
owners, creators, should be able to improve existing and create new business models that would benefit 
them, and their audiences. Opportunities brought by ITC evolution should benefits all market participants. 
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7. FUTURE WORK 
Future studies of movie piracy on P2P networks could bring improvements in a number of areas. 

Observational studies could observe and collect additional data features that would enable to build richer 
models. Additional kinds of data discover relationship between piracy variables and effects. Improvement 
could come from extending analysis of announce data, returned by torrent trackers. Announce data 
contain client IPs. Geographical location can be resolved to region. This would allow including only 
geographically relevant data in models, when geographical sale data is available. And although reliability 
of geographical region identification is not very high (because of impreciseness of IP resolution to 
geographical area, partially returned client lists due to protocol constraints, and location incorrectness if 
client connect through proxy or VPN), geo-sensitive filtering could reduce noisy data. Geo-data, coupled 
with movie data could also potentially indicate potential of distributing movies in international markets.  

More frequent tracker monitoring would give more data points (number of current seeders and leechers, 
client IP’s) for the time interval. This would enable to capture torrent usage behaviors at higher time 
resolution. 

Additional dependent variables could be identified to explore online piracy effects. Among candidates: 
media sales, rentals, digital downloads, number of video streams. 

Alternative models of relationship between piracy variables and effects (e.g. sales) could better explain 
file sharing phenomena, and bring additional insights to online piracy. Regression trees would 
communicate model more clearly that linear regression. Models that are more sophisticated, nonlinear 
models, tree models, classification models, and non-parametric could be applied to fit data better. More 
advanced techniques to build models, like resampling, bootstrapping, k-folds validation could also allow 
to fit models better. 

Observing more torrent indexers and trackers, especially private indexers, would increase observation 
scope. Observations over longer period of time would allow to observe full torrent lifetime. Improved 
torrent matching to particular content (including manual content verification of each suspected copy) 
would increase classification precision. 

Observational study could observe BitTorrent network usage information at peer level, bypassing central 
nodes (trackers). Data collection from peers would provide additional, peer-level, visibility into sharing. 
Data collection from peers requires different data collection strategy. Models based on peer data could 
help to understand peer behavior. 

Observing piracy for more movie titles would yield additional data. Other distribution channels than 
BitTorrent networks could also be observed. 
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