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Abstract:

This article aims to examine how the size of filesng communities affects their functioning
and performance (i.e. their capacity to share capteOlson (1965) argued that small
communities are more able to provide collective dgooUsing an original database on
BitTorrent file-sharing communities, our articladis a positive relationship between the size
of a community and the amount of collective gooas/joled. But, the individual incentives to
contribute slightly decrease with community size3e results seem to indicate that Peer to
Peer file-sharing communities provide a pure (nealy public good. We also show that
specialized communities are more efficient thaneggincommunities to promote cooperative
behavior. Finally, the rules designed by the adstiators of these communities play an

active role to manage voluntary contributions angrove file-sharing performance.

Classification code: H41; L86; K42

Keywords: Olson’s paradox, collective goods, PeelP¢er, File-sharing, community.



Introduction

Olson (1965) developed a theory of collective actm explain why the existence of a
common interest among a group of persons is néitmuft to act cooperatively. The outcome
of collective action has the features of a publod) because it benefits all people of the
group regardless of their contribution (whetherythave contributed a lot or have been free-
rider). Olson argued that large groups are less &blpromote their common interest than
small ones because the individual incentives tdrimrie should diminish with group size.
Olson’s theory has influenced a large body of negean economics and politics. In
particular, the presumed negative relationship betwgroup size and the ability to provide
collective good has been debated. Chamberlin (18@d¥sidered that this depends on the
nature of collective goods produced by the comnyuriival goods are more likely to be
provided by small groups, whereas inclusive or neal goods are more efficiently produced
in large groups. In the presence of rivalry, thetipa of collective good appropriated by each
member decreases as the size of the group risexeHa large group reduces individual
incentives to contribute and is less likely to semt in providing collective goods. With
inclusive goods, each additional member does nduce the share of collective goods
consumed by existing members. They will slightlguee their contribution, but this will be
largely compensated by the additional contributiohiew members. This implies that the
amount of voluntary contributions to a non rivalogoshould increase with group size,
contrary to the Olson conjecture (Mc Guire, 1974).

More recently, Esteban and Ray (2001) revisited®@$s“group size paradox”. They
showed that with increasing marginal costs on ctbile action, large groups are more
efficient than small groups to provide collectiveogs, even in the case of rival goods. But,
Pecorino and Temimi (2008) found that the Olsonjexinre is satisfied when group
members bear a fixed cost of participation andcthleective good exhibits a high degree of
rivalry (see also Palfrey and Rosenthal, 1984; fecp1999; Bergstrom, Varian and Blume,
1986; Andreoni, 1988; Gaube, 2001).

The impact of group size on voluntary contributioasd free-riding has been
examined in several experimental studies. Excepttlie article of Isaac, Walker and
Williams (1994), most of them found a negative ictp@f group size on voluntary
contributions in the context of public good expesnts (Chamberlin, 1978; Isaac and Walker,
1988, Marvell and Ames, 1979). More recently, Zhagd Zhu (2010) examined the

relationship between group size and incentivesotttribute to Chinese Wikipedia. Using a



natural experience (the blocking of Wikipedia byir&se authorities that prevent mainland
Chinese to use and contribute to this open encgdiap, they found that the non-blocked
contributors decreased their contributions by 42jB8%eaction to the shrinking community
size.

In this article, we want to revisit Olson’s paradoxthe context of Peer to Peer (P2P
hereafter) communities. These virtual communiti@gehsome specific characteristics that are
particularly interesting to test Olson’s conjectufest, these communities are more exposed
to free-riding than physical communities becausey thather anonymous and distant users
(Adar and Huberman, 2000; DangNguyen and Penaf@¥,; 2Qishnan et al., 2007). Secondly,
these communities can be extremely volatile bec#useost of entry and exit is low. They
can attract thousands of new members in a few daygheir size can also rapidly decrease
(Krishnan et al., 2003). Thirdly, data from P2P coumities can be easily collected and it is
possible to permanently keep track of the daig-$haring activity in these communities.

Our article aims to empirically examine whether sime of P2P communities affects
the provision of collective goods (i.e. the fildmsed within community). In other terms, does
the size of a file-sharing community (measuredhgyriumber of active members) increase or
reduce the incentives to contribute? In P2P filarsly communities, voluntary contributions
can take two different forms. First, members cadféhe community with new content or
files; i.e. they can upload and share files thdt expand the catalog of content offered.
Secondly members can share content that they hawaloaded from other peers; i.e. after
having downloaded a file, they can let this fileadable or accessible to the rest of the
community (instead of removing it from the hardvdrof their computer). In this case, they
provide an additional source to download this fdad improve the speed and robustness of
file-sharing.

This article is related to Asvanund et al. (2004ovanalyzed how the size of music
file-sharing communities may affect the availailénd downloading quality of music files.
The authors collected data on several public P2Ranks (OpenNap) and found evidence of
both negative and positive network effects in filering communities. They estimated that
the marginal benefit from an additional member dases and the marginal cost increases
with the size of the community. They concluded tha optimal size for an OpenNap
community is bounded.

Our article seeks to extend Asvanund ef(2004) analysis to P2P communities that
share any kind of content (not only music) and aiseipposedly more efficient protocol (the

BitTorrent protocol). Contrary to the Napster piab(studied in Asvanund et al., 2004), the



BitTorrent protocol prevents congestion by forcumgrs to share files during the time they
are downloading them. In this case, users are ibofittg in an involuntary way to the
community while downloading. But they can also vaérily contribute by uploading new
files or by letting accessible the files they hawempletely downloaded. How does
community size influence the incentives to contigband how does it impact the amount of
collective good (the number of unique files avdgain the community)? Moreover, the
administrators of BitTorrent communities have thesgbility to set some specific
organizational rules, aimed at screening new mespb@onitoring behavior, or filtering
content for instance. How does the design of filarsng communities affect the incentives to
contribute and community performance?

Our article uses data collected on 42 private Bi@imt communities during two
months (Dec. 2007-Feb. 2008). Our communities requembers to be registered and
sometimes to be co-opted by a member of the contynufor each community and twice a
day, we gathered information on the number of mes)libe number of files available, and
the number of seeders and leechers. A seeder égrawho lets an entire file available for
download and the leecher is a peer who is curratdlynloading a file. From the data, we
compute the ratio of seeders to leechers that atekicthe quality of downloading and is an
indirect means of measuring the incentives to Maldly contribute within a community. Our
findings show a positive relationship between ttaltamount of collective goods provided
and the size of a P2P community. But, the numben@&inbers has a negative impact on the
guality of access to these collective goods (i.¢henratio of seeders to leechers). According
to Chamberlin (1974), these results suggest trebtlicome of P2P communities is a pure
public good (inclusive or non rival).

The rules designed by the administrators of thesentunities have also a significant
impact on voluntary contributions. Our results higjht the fact that these communities are
very innovative to regulate and manage indireciadanteraction between anonymous and
distant peers. Moreover, communities that shareialmed content and filter their members
are more efficient in the provision of collectiveagls.

The article is organized as follows. In the nextiom, we describe the BitTorrent file
sharing protocol and the individual contributionahanisms. The dataset is described in the
section 3. Section 4 presents the econometric mael comments the results. Section 5

concludes.



2. BitTorrent file sharing system

BitTorrent is now the most popular P2P file-shangmgtocol in the world. Originally,

in 2001, Bram Cohen designed this protocol to inaprdile-sharing for large size files.

BitTorrent is a “non pure” peer-to-peer system imch a central server, called the “tracker”

collects information on the resources peers warghtre (meta-data on the size, name and

description of the shared files) and coordinatesttansfer of files among users.
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Figure 1: the BitTorrent environment
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To download a file, the user has first to instaBitl orrent client (Azureus, Bit comet,

ptorrent). Then, the user has to connect to a traitlet will send the address of the torrent

that contains the desired file. To optimize the dvaidth allocation, files are divided into

identically sized pieces called “schunk” and can reeonstituted only with “hashing

information” contained in the torrent file. Oncenoected to the tracker, the uploaders and

downloaders of a file are automatically in contadh each other via their BitTorrent client

and are exchanging pieces of files (figure 1). Bipimg users to find each other, the tracker

also gathers statistical information about downsoadd uploads. A user who is downloading

a file indexed in the tracker, is called a “leerad a user who lets the entire file accessible




to other users is called a “seeder”. The sum afers and seeders corresponds to the number
of “peers” (a peer refers to a user who owns atlagiece of this filé)

Opportunistic behavior and congestion were strasgig@s in the first generation of
P2P file sharing systems (Adar and Huberman, 2B@8hnan et al., 2007). The BitTorrent
protocol was designed by Bram Cohen to overcome igsue. It is based on tit-for-tat
mechanism of file-sharing that imposes a minimunsadperation (Cohen, 2003). Each peer
is modeled as an intelligent automaton that maesits own interest (i.e. the downloading
rate), rewarding peers who cooperate and punishioge who do not share. The more pieces
of files a leecher is uploading towards anotherr pipe more pieces of files he can download
from that peer.

For the user, the BitTorrent protocol is transpaeerd the process described in figure
1 is automated by the P2P client software. Unlikep#er or Gnutella, the user is
automatically sharing the pieces of files that sheurrently downloading. So she can never
be a pure free rider and this reduces the riskoofjestion (the higher the number of peers
downloading the same file, the larger the numbesonirces to download pieces of this file in
the meantime). However, forced sharing (while daading) is not sufficient to guarantee
the long-term viability of a community. Voluntargmtributions are also important to feed the
community with new content or files (by expandihg fjuantity and diversity of content) and
to preserve the existing contents (by replicating files). Voluntary sharing increases the
guantity of files available for downloading and tingality of downloading.

What are the costs and the benefits for a membeomdribute voluntarily (i.e. to
upload new files or to keep a downloaded file asibds to other members)? The benefit of
sharing is to increase one’s ratio of uploadingdtevnloading. A better ratio can provide
some privileges or priority in many BitTorrent comnities (possibility to download more
files and more rapidly). Interestingly this indivial benefit may increase with the number of
members in the community, because more members memae potential downloaders
(leechers) for the files that are shared by a se@@éwork effec)s A contributor can increase
more rapidly her individual ratio of uploading/doading in a large community than in a
small one, and can be more rapidly eligible to fhevileges reserved to the active
contributors. But with a larger community, a seead@y compete with more users who offer
the same filesqompetition effecjs Consequently, the benefits of sharing a fileld@ecrease
with community size if competition effects are larghan network effects.

2 In the terminology of bitTorrent protocol, peeremshare the same torrent constitute a swarm.



The cost of contributing in a file-sharing commyniétepends on the nature of the
voluntary contribution. The cost of sharing an &R file (after having downloaded it) is
mainly the opportunity cost of the resources thatused (the hard disk space used for the
storage of the shared files and the bandwidth dghanth downloaders). The cost also
increases with the perceived risk of being caugiadt fIned for illegal file-sharing increases.
These costs tend to be independent of the sizeeafdmmunity. A second way to contribute
more actively is to feed the community with new temt. This form of contribution is more
costly that sharing existing files. Uploading a nél in a P2P community is a long and
complex process that requires some skills. Theesemdist check that the file is not already
available and that the quality fits well with thearsdards of the community. After having
converted the file in the appropriate format antbaged it on the server, the submission has
to be approved by the community moderators befenmegbavailable for download. The costs
of feeding the community are also size-independadtcomprise both cognitive and material
Ccosts.

Consequently, the individual incentives to conttéshould increaselécreasg with
community size only if the individual benefits dfaging increasedgcreasgwith the number
of active members within the community (as the é®giresumed to be size-independent). In
other words, if network effects dominate competitedfects, contributors will be more incite
to share files as new members enter into the coritynun

The following table summarizes the forms of conttibns and the related costs and

benefits depending on the role played within thecwnity.

% This is obvious for the hard disk space useddresdiles. For the shared bandwidth, one can obfettthis
cost could increase with the size of the commuastyhe number of potential downloaders rises. Betlers can
always control the bandwidth that they want to shay setting an upper limit to the shared banthwithey
make sharing costs less sensitive to community size



Table 1 - Characteristics of contribution behaviorin a BitTorrent community

Contribution  Nature of sharing Costs Benefits

Leecher Involuntary Pieces of the
downloaded file during

the downloading process

Seeder Voluntary 100% of a downloaded Opportunity cost An increase of the
file of used resources individual upload
(Hard disk and ratio with the
bandwidth) associated
rivileges
+ the risk of P g

being caught and

fined for illegal

file-sharing
Feeder and Voluntary 100% of a new file Opportunity cost An increase of the
d of used resources individual upload
r
Seede and time (Hard ratio with the
disk and associated
bandwidth) privileges
+ the risk of

being caught and
fined for illegal

file-sharing

+ Learning costs

The different forms of contribution in BitTorredommunities (involuntary or
voluntary) are of particular interest to study te&tionship between incentives to contribute
and group size. How does community size affectifegdnd sharing behavior? How does it
impact the size of the catalog (i.e. the numbarrafiue files uploaded in the community). By
measuring the ratio seeder over leecher we haveod groxy for the share of voluntary
contribution in P2P communities. In the next settiwe present data and the methodology

used to test the Olson conjecture.

3. Data
Summary statistics
Our sample is composed of 42 P2P file-sharing conites that can be either general

or specialized in a type of content (music, movigmrt, adult, video games, and e-learring)

* A description of the 42 trackers is given in Anrieflocation, category).



All of them are “private” and “semi-private” traaleewhich contrary to “public trackers” (or
open P2P communities) require every user to besteygid. These communities were
randomly selected on the directory TorrentKing tlisted several hundred communities at
this time. Between December 17, 2007, and FebrLiar2008, and twice per day (at 10 am
and 10 pm GMTY), we collected the number of unique files ava#ibthe number of users
registered as well as the number of seeders auhdes for each community. The panel
gathers 5,097 observations (42 communities obsedueithg 125 periods with 153 missing
values).

We computed the ratio of seeders to leechers @irobtmeasure of the propensity of
members to contribute voluntarily. The higher theividual incentives to contribute, the
larger the ratio of seeders to leechers. This ratid the number of unique files are two
complementary measures of the provision of collecgood in file-sharing communities: the
latter indicate the quantity of collective goodsiahe former the quality of access to these
goods (a higher ratio ensures better download tyhali

Table 2 shows that the mean of community size 50df 721 members, and the mean
of seeders and leechers (at a given time) is r@spBc28,600 and 12,967. Significant size
differences in terms of seeders, leechers andteggisusers exist among the 42 Peer-to-Peer
communities (from 556 registered members for thallest community to more than 1.8
millions of members for the largest, with a med@nl10,496 members). Free-riding (i.e.
being only a leecher without contributing as a seedeems to be limited in these 42 private
communities. The ratio of seeders to leechers i& dA average with a median of 6.41, a
maximum of 242 and a minimum of 0.46. Finally, thean number of unique files is 6,229
with a median of 1,652 files.

® We collected data at 11 am and 11 pm in Franddgtme hour ahead of Greenwich Mean Time.
® Files are called the “torrents” in the BitTorréatminology.
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Table 2: Summary statistics

Observation Mean Standard Minimum Maximum Quartiles
Deviation

25% 50% 75%
Seeders 5097 28600 72967 20 406838 1587 4933 19092
Leechers 5097 12967 42621 1 337372 121 673 3535
Ratio seeders to 5097 14.1 27.4 0.46 282 3.73 6.41 10.7
leechers
Unique files 5097 6299 13310 33 74635 562 1652 4626
Registered members 5097 101721 343722 556 1804581 635 4 10496 31789

The heterogeneity in our sample of P2P communsgesns to be related to the nature
of shared content. Some communities are “general’ovide various contents, like movies,
TV series, music, video games or software. Otherspecialized in a category of content and
only accept the sharing of files belonging to ttasegory.

Table 3 displays the features of P2P communitiestygee of content shared. Seven
categories of communities have been consideredgi@hkst, Music, Adult, Movies, Video
Game, E-learning, Sport). The Kruskal-Wallis tdsbws that these groups of communities
are significantly different in terms of size anchbeior. The comparison of ratio suggests that
free-riding is more widespread in our adult contemnmunities than in music or e-learning
communities. The sample of adult content commusitge also characterized by a larger

number of registered users.

Table 3: Descriptive statistics (mean) by categorgf communities

Generalist Music Adult Cinema Video E-learning  Sport Kruskal-
Game Wallis
test
Number of 18 8 4 3 3 1 5
communities
Seeders 18646.5 12063 164712 12105.5 8464.5 3491.8 6169 wxk
Leechers 16118.7 1622 55970 2536 1291.6 42.46 154.8 wxk
Ratio seeders to 8.37 30.81 2.37 5.59 8.61 103.75 6.51 il
leechers
Unique files 5178.2 5985 21488 7337 2076.8 2089.72 1282.96 xxx
available
Registered 21698.5 31919.5 833116 19739.9 17876.8 11643.1 14310.4 ok
members

Note:*** ** * mean significant at the level of 1%, 5%&nd 10% respectively

Some evidence on the relationship between thesaeommunity and the amount of
voluntary contributions
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Olson’s conjecture presumes a negative causalaeddtip between group size and the
provision of collective goods. In the case of P#dP-gharing communities, we have two
dimensions: a quantitative dimension (the numbaemidue files) and a qualitative dimension
(the ratio of seeders to leechers).

Figure 2 illustrates the correlation between thesedimensions. This figure was built
with the mean number of unique files and the mesio 0f seeders to leechers within each
community over the 125 periods. Moreover, eachleciis proportional to the mean size of
each community. We observe that the largest cialesoncentrated in the upper left quarter.
The biggest communities tend to provide a lardeahy of files , but exhibit a smaller ratio of

seeders to leechers.

Figure 2: Relationship between the number of uniquéiles and the ratio seeders to leechers
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Some evidence on the relationship between therde§ig2P communities and the amount of
voluntary contributions

Our sample is composed of non-public BitTorrent oamities. These communities
require their users to be registered before hawegess to the catalog of content. Tracker
administrators can also set other rules to comstaicontrol members’ behavior. Our 42
communities present some differences in terms gdirazational rules. These distinct features

are taken into consideration through several vaagab

12



First, we distinguish private and semi-private caimities. A community iSprivate”
when new users must be invited by a member ofcbimsmunity. This filtering device should
encourage cooperative behavior and reciprocity @nuoropted members. Consequently, the
amount of voluntary contributions should be higherprivate communities than in semi-
private communities. We can also presume that figammunities gather individuals that
have more similar tastes and preferences, whichans enhancing-cooperation factor
(homophily effect).

We also have a dummy variable call&mbntrol” when the administrators of the
tracker enforce a “sharing ratio” rule. It meanattmembers that do not achieve a given ratio
of uploading to downloading, cannot download ang &r can be excluded temporarily or
definitely from the community. The enforced sharmgjo varies across communities, but is
usually around 1 (the members must share at |sastugh as they download). This coercive
rule should prevent individual voluntary contrilmris from shrinking whatever the size of the
community, enhancing the stability of large comntesi But by providing external
incentives this rule could crowd-out intrinsic nwatiions to contribute (Benabou and Tirole,
2003) and undermine the quality of content shangdhle peers. If the impact is clearly
positive on the ratio of seeders to leechers, this has more ambiguous effects on the
number of files. It depends whether the dominsattesgy to increase one’s sharing ratio is to
upload new files or to replicate existing files.eTéecond strategy doesn’'t expand the amount
of collective goods, but only improve the accesth&pool of common resources.

We also control for the nature of content exchandé@ community is Specialized
(versus generalist) when file sharing is restricteda specific category of content (for
example, video games, music or adult video). A igtieed community should generate more
reciprocal attention and more cooperation thanneigdist community.

Finally, we measure the visibility of our sample @admmunities in the BitTorrent
universe by searching each tracker’'s name on miaioog. If the search engine replies by
listing several files that belong to this trackee consider that this tracker iadvertised'.

For the administrators of a community, the intecdgiromoting their tracker on public search
engine like mininova is explained by Curly Frieg flounder ofTorrentFrie$; “Dump sites
are great promotional methods. Sites such as MivéNand Demonoid allow you to upload

torrents tracked elsewhere, so configure your mewkier to accept unregistered IP addresses

" Mininova had been the largest torrent search engith more than 3 billions of visitors per day.dén the
pressure of legal authorities, it was closed attia: of 2009.
® Torrent Fries is one of a rare site dedicatedh¢ortinning of a tracker.
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(temporarily if you intend to go private) and uptbgour torrents to a bunch of dump sites
like that. In the torrents' descriptions, includecamment such as "find more great torrents
like this at www.example.com”. You can even thraexafile inside the torrent to the same
effect. You'd be amazed by how well it worBy enhancing the visibility of their community
in BitTorrent meta-search engines, the administsatan attract new members that will help
disseminate and replicate the catalog of contemhinvithe community. This advertising
strategy aims to stimulate network effects and bewcincrease the individual benefits of
contributing. But that can also lead to more hafengity in members’ preferences and tastes
within community and the new members attracted ldylip search engines can behave more
opportunistically (i.e. being more leechers thaadees). Advertising can be an interesting
strategy to launch a community, but it is more yigdr a mature community if it decreases
the ratio seeders to leechers.

We perform Mann-Whitney tests to identify some $inketween the activity of a
community (measured by the number of seeders, éegchegistered members, and unique
files) and its governance form (private, contralyertised, specialized). Table 3 suggests that
communities with stricter rules for admission (ptti®) and for downloading (control) have
less registered members and a smaller catalogexhibit a higher degree of voluntary
contribution (i.e. higher ratio seeders to leecheks expected, communities who advertise
their content on public search engine have a loa#o of seeders to leechers. They are also
smaller in terms of catalog and members than noreréided ones suggesting that these
communities use advertisement in their early stafy@levelopment. Finally, specialized
communities tend to have more voluntary contrigigmore unique files and a higher ratio
of seeders to leechers) than generalized commsinitee summarize the individual incentives
to contribute seem to be higher in private and igfized communities that regulate

downloading behavior.

14



Table 4. Mann-Whitney test for the features of P2RRommunities

# Ratios seedersto  Unique files Registered
. Leechers ;
communities Seeders leechers available members
Private 4 8973 1029 31.9 2780 9581
Semi private 38 30552 14154 23.94 6650 110883
M ann _Wh |tney *kkk n S *kk *kk *kk
test (-4.64) (1.59) (-3.88) (-4.6) (7.57)
control 8 21225 11117 15.74 5147 67356
No control 34 59234 20651 7.27 11088 560994
M an n _Wh |tney *kk *kk *kk *kk *kk
test (16.2) (19.5) (-12.7) (9.9) (7.3)
Specialized 24 35775 10695 18.22 7108 159401
Generalist 18 18646 16118 8.37 5178 21698
M an n _Wh |tney *kk *kk *% *kk *kk
test (-14.7) (-4.6) (-2.5) (-14.3) (-19.9)
Advertised 19 8112 1803 9.31 3237 17399
Non advertised 23 46435 22684 18.26 8966 175120
M an n _Wh |tney *kk *kk *kk *kk *kk
test (25.2) (21.2) (-12.8) (15.8) (21.5)

Note:*** ** * mean significant at the level of 1%, 5%&nd 10% respectively

4. Econometric models and results

In this section, we present the specifications thedresults of the econometric models

used to analyze the impact of community size onrthentives to contribute and the amount

of collective goods.

Econometric models

We estimate two complementary models using bothrdtie of seeders to leechers

(model M1) and the number of unique files (model)\M2 dependent variable. For each

model, we adopt a log-log specification using thg of registered uséfs The two models

enable us to examine how the size and the desiga 2P community influence its

° The statistical “mean for the ratio seeders tohiees” is obtained by calculating the mean ratisasfders to
leechers in each community and then deriving tlegage of mean ratios in each category of communitibis
is a better measure than the ratio of mean seeder mean leechers in each category of commanitie

19 We have also estimated the two models using liardrquadratic specifications (for registered masjb©ur
results remain robust to these alternative spetifins. But, the log specification gives the begi@odness of fit.
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performance, measured by the amount of collectoadg provided (M2) and the quality of

access to these collective goods (M1). The estomaiedels can be formulated as follows:

log(ratio, ) = S, + B, log(registeredq ) + B, (control) + 5, (private)
+ B, (advertised) + S, (specializd,) + &, (M1)

log(uniquefiles,) = B, + B, log(registered ) + B, (control ) + 5, (private)
+ B, (advertised) + S, (specializé,) + &, (M2)

Except for the number of registered members, th@aeatory variables that control
for the features of each community are time invardummies. As we have to deal with
time-series cross-sectional (TSCS) data with a munob periods superior to the number of
communities, potential problems in the error sutethave to be addressed. First, the Breush-
Pagan/Cook-Weisberg test for constant variancewéhin the confidence interval of 10
percent for (M1) and (M2). Secondly, the strongehegeneity in the size of our 42
communities is likely to cause a problem of grougenieteroscedasticity. The modified Wald
test for groupwise heteroscedasticity confirms thatvariance of error process differs across
units for (M1) and (M2). Because our data exhikitsarge temporal dimension and that
observations at 10 am are correlated with obsemsitat 10 pm, we suspect the presence of
residuals serial correlation. This is confirmed dytest for autocorrelation in panel-data
(Woodridge, 2002}, but only for equation (M2). For all these reasdahs feasible general
least square (FGLS) is the most appropriate estimah presence of panel-level
heteroscedasticity and autocorrelation. The FGLSinsilar to generalized least squares
except that it uses an estimated variance-covariaratrix since the true matrix is not known
directly. The covariance matrix is estimated byat®n, using the OLS estimators in the first
steg?.

We also conduct fixed effects regressions to coritno unobserved time-invariant
characteristics of the 42 communities. Fixed effenbdels allow us to focus on the impact of
within-community size variations on the provisioh collective goods. However, the
drawback of using fixed effect estimator is thatdtinvariant variables cannot be estimated.

Plumper and Troeger (2007) propose to use the feféstt vector decomposition (FEVD)

M Drukker (2003) provides a simple program to perfthis test in Stata.

12Using the Panel Corrected Standard Errors (PCSE)atsrs proposed by Beck and Katz (1995) wouldehav
been a possibility. However this is less efficitmtpanel data when temporal dimension exceedsiohatl
dimension (Chen et al. 2006).
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method to deal with time invariant (or slow movingriables and fixed effect estimation.
The three stage procedure proceeds as followsfirgtestage performs a unit fixed effect
estimation, the second stage regresses the uaittedh the time invariant variables (which
allows to distinguish between the explained andxplagned part of the unit effect) and the
third stage performs a pooled-OLS regression om-trariant, time-invariant variables and
the unexplained part of the unit effect. AccordiogPlumper and Troeger (2007), the most
important condition to ensure the reliability oBtREVD estimator is that between-variation
have to be larger than within-variation which isteong property of our dataset.

Table 5 and Table 6 display the estimates of the tvodels (M1) and (M2). The
columns (1a) and (1b) report respectively the ObRlifary Least Square) estimates (the
robust standard errors in brackets are calculatedguthe Hubber and White sandwich
estimator) and the FGLS estimates, (controlling foeteroscedasticity and serial
autocorrelation with a first order auto regressigefficient) using community size as the only
explanatory variable. Columns (2a) and (2b) disphtey OLS and FGLS estimates when we
control for the governance rules within communi@®nally, the fixed effect (FE) and the

fixed effect vector decomposition (FEVD) estimades reported in column (3a) and (3b). .

Table 5: Estimations of the impact of community sie on the incentives to contribute

Dep. Var= log( ratio seeders to leechers)
OLS FGLS OLS FGLS FE FEVD
(1a) (1b) (2a) (2b) (3a) (3b)
Log(registered| -0.26 -0.18 -0.29 -0.14 -0.05 -0.05
(27.10)***  (18.07)*** | (27.62)*** (9.76)*** | (2.27)** (19.77)x**
Control 0.36297 0.05656 0.49072
(6.16)***  (0.76) (36.27)x**
Private 0.59 0.46 0.67
(13.43)***  (7.39)*** (67.78)***
Advertised 0.06 0.36 0.25
(1.98)** (7.73)*** (30.29)***
Specialized 0.70 0.48 0.56
(22.67)***  (9.84)*** (66.17)***
Ul 1.00
(259.27)***
Constant 4.37101 3.44990 3.67 2.14 2.35803 1.33
(44.10)***  (34.40)*** | (28.60)*** (12.26)*** | (10.37)*** (45.15)***
Observations 5097 5097 5097 5097 5097 5097
Communities 42 42 42
R2 0.13 0.24
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Table 6: Estimations of the impact of community sie on the amount of unique files shared within the

community
Dep. Var= log(unique files)
oLSs FGLS OoLS FGLS FE FEVD
(1a) (1b) (2a) (2b) (3a) (3b)
Log(registered| 0.66 0.07 0.67 0.05 0.12 0.12
(89.37)*** (12.55)*** | (73.51)*** (8.66)*** | (8.62)***  (70.16)***
Control 0.72489 0.62205 0.42289
(22.97)*x**  (11.62)*** (61.22)***
Private -0.37 -0.56 -0.56
(7.13)***  (11.46)*** (110.13)***
Advertised -0.13 -0.28 -0.58
(3.44)***  (6.50)*** (133.87)***
Specialized -0.25 0.27 0.09
(6.97)***  (6.51)*** (20.77)***
i} 1.00
(549.18)***
Constant 1.13613 6.90405 1.47 7.59 6.38834 7.02
(15.19)*** (118.19)*** | (13.22)*** (93.15)*** | (49.50)*** (401.72)***
Observations 5097 5097 | 5097 5097 5097 5097
Communities 42 42 42
R2 0.49 0.51 0.6

The impact of community size

We find a negative impact of community size on 1&g of seeders to leechers. The
results suggest that the individual incentives ¢mtgbute voluntarily decrease with the
number of members within a community, but at a easing rate (the coefficient of
log(registered) is negative but between -1 and\d)en the size of a community increases by
100%, the ratio of seeders to leechers decreasdd%yon average (FGLS model in Table
5).This finding supports the idea that the incesgito contribute would never shrink to zero
even in large communities. People tend to be lespearative in larger community, but there
is always a core of contributors who preserve tiadisty and quality of the file-sharing
community (Krishnan et al., 2004; DangNguyen anchdPe, 2007). If we control for
unobserved community fixed effects, the negativeaot of group size is lower, but still
significant: a 100% increase in community size wétluce the ratio seeders to leechers by
only 5%. This result suggests that the incentivesdntribute are quite robust to within-
community variation in registered members.

The results of table 6 show that community size dassitive impact on the amount

of collective good provided by the file-sharing coomity. The important difference between
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the estimated effect with the FGLS method and th& @pproach legitimate our choices to
control for serial correlation. The estimates ssgjghat the quantity of unique files tend to
increase with the number of members, but at a deurg rate (the coefficient of
log(registered) is positive but significantly belosne). When the size of a community
increases by 10%, the size of the catalog increbge8.5% (by 1.2% if we control for
community fixed effects). This weak effect is pably explained by the fact that original
contents are hardly provided by recent members.cBi@og of content is mostly expanded
by core members who are generally more experienfed. community integrates new
members, the effect on the amount of unique fildsb& observed with a lag because it takes
time for a new member to move from the peripherythi® core of the community. This
mechanism is observed in other Internet-mediat@dhtonities who provide collective goods
like open source software communities (Masmoudi,e2009).

To summarize, even if the individual incentives dontribute voluntary tend to
decrease as community size rises, the aggregdextogd contributions slightly increase. In
other words, even if each member is sharing lessvenage, the size of the catalog increases
with the number of members within community. Threems to indicate that the provision of a

file-sharing community is an inclusive or non rigalod according to Chamberlin (1974).

Robustness checks

We are concerned with several potential problentgteg to the dataset and the
specification of our models. We can suspect caysptoblem as the relationship between
group size and the ratio or the number of uniqles fcan be reversed. Indeed, users can
decide to register in a community only if the numobkgfiles and the level of cooperation are
sufficiently high. Columns (1a) and (1b) in tableand 8 estimate the model using FGLS and
FEVD estimators with the lagged community size (thg corresponds to two periods,
meaning one day) to tackle with causality probleifise estimates with lagged members
show similar impact of community size on the indival incentives to contribute and the
aggregate amount of contribution.

As suggested by table 2 and figure 2, our 42 coniesnare very heterogeneous.
Taking a closer look at the dataset reveals thatd@mmunities specialized in adult content
have more than 1.5 millions of users, while thedtHargest community only has 100,000
subscribers. The weight of these two large commamian produce heteroscedasticity in the

variance of the error term. Columns (2a) and (2bjable 7 and 8 estimate the two models
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(M1) and (M2) without these two largest communiti@®nce again we obtain similar results

for the effects of community size.

Table 7 Robustness tests for the estimations of tirapact of community size on the incentives to

contribute
Dep. Var= log(ratio seeders to leecher)s
with lagged variables without the two largest
communities
FGLS FEVD FGLS FEVD
(1a) (1b) (2a) (2b)
Log(registered) -0.38 -0.06
(18.79)***  (15.09)***
Log(registered) T-2| -0.12 -0.04
(8.54)*** (12.93)***
Control 0.06667 0.50740 -0.08497 0.47168
(0.89) (37.24)*** (1.22) (34.08)***
Private 0.46 0.68 0.78 0.73
(7.38)*** (67.95)*** (12.30)***  (68.67)***
Advertised 0.37 0.27 0.35 0.24
(7.89)*** (31.70)*** (8.55)*** (28.32)***
Specialized 0.48 0.55 0.49 0.57
(9.52)*** (64.51)*** (11.07)***  (66.43)***
n 1.00 1.00
(257.70)*** (244.71)***
Constant 1.94 1.15 4.14 1.30
(11.20)***  (38.54)*** (19.42)***  (35.42)***
Observations 5011 5011 4847 4847
Communities 42 40
R2
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files shared within the community

Table 8: Robustness tests for the estimations ofalimpact of community size on the amount of unique

Dep. Var= log( unique files)
with lagged Without the two largest
variables communities
FGLS FEVD FGLS FEVD
(1a) (1b) (2a) (2b)
Log(registered) 0.11 0.11
(66.78)*** (57.17)***
Log(registered) T-2| 0.04 0.02
(8.02)*** (4.99)***
Control 0.61458 0.41700 0.73602 0.51582
(12.72)***  (60.59)*** | (11.97)***  (73.18)***
Private -0.55 -0.56 -0.24 -0.40
(12.28)***  (111.53)*** | (5.91)*** (74.10)***
Advertised -0.30 -0.59 -0.20 -0.41
(6.87)***  (135.51)*** | (4.36)*** (93.67)***
Specialized 0.28 0.09 0.11 -0.04
(6.75)***  (21.32)*** | (2.42)** (7.99)***
] 1.00 1.00
(550.58)*** (537.66)***
Constant 7.61 7.08 7.47 6.77
(92.96)***  (405.31)*** | (109.39)*** (339.67)***
Observations 5011 5011 4847 4847
Communities 42 40
R2

The role played by the rules designed by commghadministrators

Olson (1965) stated that large groups could oveectree-riding by providing private
incentives or exclusive services to the active menmibSome of the dummies used to control
for the features of our P2P communities can beyaedl as private incentives (hgravate
andcontrol).

Tables 5 and 6 show that private communities pe\adhigher ratio of seeders to
leechers but a lower quantity of collective goodlkis can be explained by the fact that
private communities are more selective and caniakdheir members based on their ability
to contribute to the collective good. Entry reguatenables not only to prevent opportunistic
behavior, but also to better segment users’ need snéerests.

Enforcing a minimum ratio of uploading to downloagliis expected to rule out
opportunistic behavior (free-riding). Table 5 confs that monitoring behavior increases the
incentives to contribute leading to a higher ratiGceeders to leechers. Our results also show

that communities that enforce a minimum ratio ofoaging to downloading also provide a
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larger catalog. Strategic behavior can explain fihiding. It is known that the easiest way to
reach the required sharing ratio is to share pogilés (that are frequently requested). But if
too many people share the same files, they willegepce difficulties to increase their
“sharing ratio” (few leechers for many seeders). alernative (and more effective) strategy
for restoring your sharing ratio is to upload néesfand thus become the only seeder of these
files.

Specialized communities seem to encourage voluntagtribution. Probably,
members of specialized communities are more styangblved and incited to cooperate with
each other (Asvanuret al, 2006). Table 5 confirms the idea that the projpens contribute
is higher in a topic-oriented community. Moreove catalog of content tends to be larger in
specialized communities.

Finally, a community that relies on public searclyine to promote its catalog (an
advertisedcommunity) has a higher proportion of contributdmgt a more limited catalog of
content.

These findings highlight the fact that a communityust design efficient
organizational rules using a mix of incentive armkrcive tools, to prevent free riding
behavior and provide a high quantity and qualitycoliective goods that match members’
preferences. The decrease of searching cost as asethe enhancement of individual

capabilities to share is not a sufficient conditiorensure a sustainable model of file sharing.

5. Conclusion

This paper has investigated the relationship betwdee size of file-sharing
communities and their ability to provide collectigpods (measured by the quantity and
availability of content in the community). Duringgd months between December 2007 and
February 2008, we collected data on the activity@ddfprivate and semi-private bitTorrent
communities. Our results suggest that the collecgixovision in these communities can be
analyzed as a pure public good. The amount of ol good increases with the number of
registered users whereas the individual propernsitgontribute decreases with community
enlargement. We also show that the rules desigpédebadministrators of these communities
have a significant impact on their performance @&t sustainable size. We find that stricter
monitoring schemes have a positive impact on tleentives to contribute. However, the

amount of unique files shared is lower in a priva@enmunity. In other words, the provision
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of a large catalog (or a long tail) of contentsttheatch individual preferences cannot be
disconnected from the design and management o thesal communities. This challenging
issue deserves further investigation. It woulddteresting to compare the centralized model
of online merchants and the decentralized mod&2®# community to manage and promote
the long tail. Which model is the more efficientdasustainable to connect the supply and
demand of rare content? How do you articulate maake non market incentives, external
and intrinsic motivations to provide and distribniehe and popular content?

A limitation of this study is the absence of indival data to analyze members’
behavior within community. A future avenue of resbais to collect individual-level data in
several communities in order to examine the dynarofandividual contributions. This will
enable us to compare behavior of new members ahdreambers, and to analyze how they
react to a change in community size. It would Is® a&hteresting to understand how members
move from the periphery to the core of a communitgr time and to identify the different

strategies of voluntary contributions within a coamity.
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Annex 1

Site of the tracker N° content private| speciali cont | adverti
tracker zed rol sed
http://www.captain- 1| general 0 0 1 0
tracker.fr/index.php
http://www.sharing-torrents.com/ 2 | general 0 0 1 1
http://leparrain.mine.nu/torrents.php 3| general 0 0 0 0
http://www.unlimited-tracker.net/ 4 | general 0 0 1 1
http://www.nhltorrents.co.uk/ 5| sport 0 1 1 1
http://xtremewrestlingtorrents.net/stati 6 | sport 0 1 1 0
c.php
http://www.dimeadozen.org/index.php 7 | music 0 1 0 1
http://www.indietorrents.com/index.g 8 | music 1 1 1 0
h
ﬁtptp://shnflac.net/index.php 9 | music 0 1 0 0
http://jamtothis.com/ 10 | music 0 1 1 0
http://www.browntracker.net/browse 11 | music 0 1 0 0
php
http://anvilofsound.com/ 12 | music 0 1 0 1
http://mixes.dfx.at/index.php 13 | music 0 1 1 0
http://asiandvdclub.org/ 14 | cinéma 0 1 1 0
http://alt.bitworld.to/browse.php 15| general 0 0 1 1
http://www.araditracker.com/ 16 | general 0 0 1 0
http://www.titaniumtorrents.net/ 17| general 1 0 1 1
http://dididave.com/ 18 | general 0 0 1 0
http://www.gquebectorrent.com/ 19| general 0 0 1 1
http://cinemageddon.org/ 20 | cinéma 0 1 1 1
http://www.blades- 21 | general 0 0 1 1
heaven.com/index.php
http://www.puretna.com/ 22 | adult 0 1 0 0
http://www.kingdomxxx.com/ 23 | adult 0 1 0 0
http://www.empornium.us/ 24 | adult 0 1 1 0
http://www.pornevo.com/ 25 | adult 0 1 1 0
http://www.underground-gamer.com 27 | vidéo 0 1 1 1
game
http://www.pleasuredome.org.uk/ 28 | vidéo 0 1 1 1
game
http://my-gamebox.com/ 29 | vidéo 0 1 1 1
game
http://thepeerhub.com/ 30| general 0 0 1 1
http://bitnation.com/index.php 31 | general 1 0 1 1
http://p2pworld.ulmb.com/ 32 | general 0 0 1 1
http://torrent-hackers.co.uk/ 33| general 0 0 1 1
http://www.sport-scene.net/ 35| sport 0 1 1 0
http://www.sportbit.org/ 36 | sport 0 1 1 0
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http://www.prosporttorrents.net 37 | sport 0 1 1 1
http://www.mamietracker.com/index 38 | general 0 0 0 1
php

http://zombtracker.the-zomb.com/ 39 | music 0 1 1 0
http://cinematik.net/ 40 | cinéma 1 1 1 0
http://www.zinebytes.org/ 41 | e-learning 0 1 1 0
http://www.mytracker.ru/index.php 42 | general 0 0 1 0
http://linuxmafia.net/ 43| general 0 0 1 1
http://zerotracker.com/index.php 44 | general 0 0 1 0
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