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Abstract—The popularity of contents on the Inter net is often
said to follow a Zipf-lik e distrib ution. Differ ent measurement
studies showed, however, signi�cantly differ ent distrib utions de-
pending on the measurement methodology they followed. We
performed a large-scalemeasurement of the most popular peer-
to-peer (P2P)content distrib ution system,BitTorr ent, over eleven
months. We collected data on a daily to weekly basis fr om
500 to 800 trackers, with information about 40 to 60 million
peers that participated in the distrib ution of over 10 million
torr ents.Basedon thesemeasurementsweshow how fundamental
characteristics of the observed distrib ution of content popularity
change depending on the measurement methodology and the
length of the observation interval. We show that while short-term
or small-scalemeasurementscan concludethat the popularity of
contentsexhibits a power-law tail, the tail is lik ely exponentially
decreasing,especiallyover long time intervals.

I . INTRODUCTION

P2Pcontentpopularityhasreceived signi�cant researchin-
terest.Numerousworksmeasuredtheinstantaneouspopularity
andthepopularityof contentsover a time interval [1], [2], [3],
[4]. The instantaneouspopularity is de�ned as the number
of peers that simultaneouslyparticipate in the distribution
of the content.It in�uences the amountof control and data
traf�c in the overlay, and the ef�ciency of proximity-aware
protocols[5]. Measurementresultssuggestthat the instanta-
neouspopularityof P2Pcontentfollows a power-law with an
exponentialcutoff [4]. Thepopularityof contentsover time is
de�ned as the numberof times the contentsare downloaded
in a time interval. It re�ects the amountof dataand control
traf�c (e.g.,search)in theoverlay, andaffectstheef�ciency of
cachingfor P2Ptraf�c [2], [3]. Severalmeasurementsshowed
that the download popularity follows a Zipf-lik e distribution,
i.e., hasa power-law tail [1], [3].

Ideally, measurementsof contentpopularityshouldbebased
on probabilitysamplingmethods;i.e., theprobabilityat which
theunitsof thepopulationareselectedshouldbeknown. Prob-
ability samplingallows unbiasedestimatesof the population
statistics(e.g.,thedistribution of thecontentpopularity)to be
produced.Probabilitysamplingis, however, dif�cult to apply
to largescale,dynamicalsystems,likeP2Pcontentdistribution
systems.Instead,measurementsareoften limited in geograph-
ical coverage,in scopeandin time.Suchopportunitysampling
makes it dif�cult to assesswhat portion of the populationis
captured,and in generalit is not understoodhow the sample

statisticsrelateto the populationstatistics.
Thegoalof ourwork is twofold. First, to show that,contrary

to commonbelief, thepopularityof contentsin BitTorrentdoes
not obey the power-law over long periodsof time, andhence
the ef�ciency of cachingand locality-aware contentdistribu-
tion canactuallybebetterthanpreviously thought.Second,to
show how the distribution of contentpopularity dependson
the de�nition of popularityadopted,on the samplingmethod
usedandon themeasurementinterval. Webaseour �ndings on
a measurementof more than11 million contentsover eleven
monthsin BitTorrent.We observed 40 to 60 million peerson
a weekly basis,anda total of morethan8 billion downloads.

I I . BACKGROUND AND RELATED WORK

BitTorrentis thedominantpeer-to-peer�le sharingprotocol
on the Internet.BitTorrent relies on a set of trackers, which
maintain state information about all peerscurrently having
piecesof a particular�le. The setof thesepeersis referredto
asa torrent. Trackersrecordthenumberof peersdownloading
the content(called leechers), the numberof peersthat own
the whole content(calledseeds), andthe numberof timesthe
contentsweredownloaded.A client that wantsto downloada
contentcanlearnaboutleechersandseedsthatsharea content
by contactinga tracker at its announceURL. The addressof
the tracker andthe identi�er of the content(called info hash)
is known to the peerfrom the torrent �le, which it typically
obtains from a torrent searchengine, like mininova.org. A
tracker can also be contactedat its scrape URL, in which
caseit returnsthe numberof seeds,leechersand completed
downloadsfor a speci�c torrent,or for all torrentsit tracks.

A. Relatedwork

Zipf 's law statesthat if objects are ranked in order of
their frequencies,the frequency for the object with rank r
follows a power-law, fZipf ( f1;q)(r) = f1r ¡ q, where q is the
Zipf exponent.A generalizationof Zipf 's law is the Zipf-
Mandelbrotlaw, for which fMZipf ( f1;l ;q)(r) = f1(l + r)¡ q. The
head of the distribution is �attened, i.e., the popularity of
the top ranked objects is low comparedto Zipf 's law, but
the tail follows a power-law. The origins of Zipf 's law are
in linguistics, but linguistics has for some time considered
modelsbeyond Zipf 's law. A recentlyproposedmodel is the



generalizedZipf law [6]:

fGZipf ( f1;l ;µ;q)(r) =
f1

[1¡ l =µ+ (l =µ)e(1=q)µr]q
; (1)

which often captures the head and the tail of the rank
frequency statisticsbetter than Zipf 's law [6]. Both Zipf 's
law and the Zipf-Mandelbrot law are limiting casesof this
distribution. In particular, when µ << l equation(1) reduces
to Zipf-Mandelbrot's law for small r. For large values of
r, however, it shows an exponentialcutoff. That is, the tail
of the distribution decreasesfaster than a power-law, hence
the numberof unpopularobjects is signi�cantly lower than
accordingto Zipf 's law or the Zipf-Mandelbrotlaw.

Zipf-lik e behavior wasobserved in thepopularityof objects
on the Web. Several studiescon�rmed that Web objectpopu-
larity can be modeledusing Zipf or relateddistributions [7],
[8]. The popularity distribution of user generatedcontents,
suchasYouTube�les, wasfound to follow Zipf 's law except
for the tail [9], to have a �attened head[10], as well as to
follow Zipf 's law [11]. The different results might be due
to the different measurementmethodologies:the �rst two
studieswere basedon crawling, the third study was based
on measurementsat a university campus.

Measurementstudiesof the Gnutellaand KazaaP2P �le-
sharingsystemswerebasedon deep-packet inspection[1], [2]
or on ultrapeersmonitoring searchrequests[12], [3]. They
agree that the rank popularity statistics of the number of
downloadsor queriesof P2Pcontentexhibits a �attened head
comparedto Zipf 's law [1], [2]. Some proposedthe Zipf-
Mandelbrot law as a suitable model [3], while others used
two Zipf curvesto �t the body andthe tail of the distribution,
respectively [12]. However, the instantaneouscontentpopular-
ity shown in [4] basedon a small sampleof BitTorrentseems
to follow Zipf 's law with a sharp exponetial cutoff. Other
BitTorrentmeasurementsfocuson a singletorrent(e.g.,[13]).

Our work is novel in threeaspects.First, to the bestof our
knowledge our measurementis the biggest in the literature
in termsof the numberof contentsand peersobserved, and
the geographicalandtemporalcoverage.Second,we show on
the samemeasurementdataset that contentpopularityshows
different characteristicsdependingon its de�nition, on the
measurementmethodologyandthe lengthof themeasurement
period.Third, we treatourdatasetasasampleof apopulation,
andtestthevalidity of severalhypothesisaboutthepopulation-
wide popularitydistribution.

I I I . MEASUREMENT METHODOLOGY AND DATA

A. Samplingmethodsof BitTorrent

MeasuringP2Pcontentpopularitycanbedonein a content-
centric or in a peer-centric way. A content-centricmeasure-
ment identi�es contents �rst and then the peers that are
interestedin the individual contents;e.g., in BitTorrent, one
obtainsthe info hashesof contentsand the URLs of trackers
that track the contents(e.g.,[4]). A peer-centricmeasurement
identi�es peers�rst and then the contentsthey are interested
in; e.g., via deep-packet inspectionat a router (e.g., [1], [2])

or by monitoring overlay traf�c (e.g.,[3]). In both cases,the
measuredcontentpopularity is a sampleof the population-
wide contentpopularity. In the following, we describethree
practicalopportunitysamplingmethodsto measureBitTorrent
popularity(Mininova, PirateBay, PropPeer), andtwo imprac-
tical probability samplingmethods(PropTor, UnifTor).

Mininova: This content-centricsampleis limited to the tor-
rentsthat canbe found on mininova.org, which wasthe most
populartorrentsearchengineaccordingto www.alexa.comon
1 Aug. 2008(Alexa-rankof 75).

PirateBay: This content-centricsamplingis limited to the
torrents that are tracked by the tracker with most torrents
throughoutour measurement,PirateBay.

PropPeer: This peer-centricsamplingconsistsof observing
nP samples.Thesamplesbelongto a torrentwith a probability
proportional to the popularity of the torrent. We count the
samplesobserved in every torrent. PropPeer sampling can
resembleuniform samplingor a local sampling(deep-packet
inspection)of thepeers,andit capturesan(unknown) fraction
of all P2Ptraf�c.

PropTor: This content-centricsamplingconsistsof observ-
ing nT torrentsat randomwith probabilitiesproportional to
the popularitiesof the torrents.If we observe a torrent then
we canmeasurethe total popularityof the torrent.

UnifTor: This content-centricsamplingconsistsof observ-
ing nT torrentsat randomwith uniform probabilities.If we
observe a torrent we can measurethe total popularity of the
torrent.We usethe last two samplingmethodsto understand
what samplingmethodour measurementcorrespondsto.

B. Measurementdata set

On 31 Aug. 2008, 15 Oct. 2008 and 31 Aug. 2009 we
performed screen-scrapesof mininova.org, which was the
most popular torrent searchengineat the beginning of our
measurementperiod. From the screen-scrapeswe obtained
the announceURLs of 1690 trackers and the info hash of
1:24 million contents.We constructedthe scrapeURLs of the
1690 trackers and scrapedthe trackers. We did not specify
any info hash,so the trackersreturnedthe scrapeinformation
for all torrents that they were tracking. This allowed us to
ef�ciently obtainthenumberof leechers,seeds,andcompleted
downloadsasseenby the trackersthat we determinedvia the
screen-scrapeof mininova. We performedthe tracker-scrapes
weekly between15 Sept.2008 and 17 Aug. 2009,and daily
from 18 Sept.2008 to 18 Oct. 2008.

We removed redundanttracker information for trackers
that shareinformation about the sameswarmsof peers,and
identi�ed 721 unique, responsive trackers. All scrapeswere
performedat 8pm GMT. The scrapesof all trackers were
done simultaneously;obtaining the biggestscrapetook less
thanhalf an hour. Due to the shortscrapedurationour datais
a sequenceof 31 daily and49 weeklysimultaneoussnapshots
of the informationstoredon 721 trackersworld-wide.

IV. INSTANTANEOUS AND DOWNLOAD POPULARITY

In thissectionwepresenttherankpopularitystatisticsof the
instantaneousand the downloadpopularity. We startwith the
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Fig. 1. Rankpopularitystatisticsof the number
of peers,observed on four differentdates.
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Zipf(1.6e+05, 0.60)
Zipf(1e+06, 0.86)
GZipf(1.00, 0.08, 1e-06, 0.86)

Fig. 2. Numberof leechers,seedsandpeerson
15 Sept.2008.Numberof peersis �tted with two
Zipf curves,anda generalizedZipf curve.
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Fig. 3. Rankpopularitystatisticsof the number
of downloadsover four intervals starting on 15
Sept.2008.

instantaneouspopularity; i.e., the concurrentnumberof peers
participatingin thedistribution of thecontents.This de�nition
of popularity was usedin [4], [5]. Figure 1 shows the rank
popularity plots of the numberof peerson four datesduring
our measurement.Thecurvesshow similar characteristics,and
at a �rst look they follow Zipf 's law. A closer inspection
reveals,however, that eachcurve consistsof a head,a trunk
anda tail with differentproperties.Thedifferencebetweenthe
threeregions is mostobvious for the curve of 17 Aug. 2009.
While the headandthe trunk seemto follow Zipf 's law with
different exponents,the tail seemsto decreaseexponentially
insteadof accordingto a power-law.

We investigate thesethree regions of the rank popularity
plot in Figure 2, which shows the rank popularity statistics
of the numberof peers,leechersand seedsobserved on 15
Sept.2008.Out of 5:23£ 106 torrents2:93£ 106 wereactive,
i.e., had at least one peer. The total number of peerswas
4:2 £ 107. The rank popularity statisticsof the number of
leechersandthenumberof seedsis similar in shapeto thatof
the numberof peers.We usethe numberof peersto analyze
the differencebetweenthe behavior of the head, the trunk
and the tail of the distributions.We �tted a Zipf distribution
to the headand the trunk of the measureddistribution. The
differencebetweenthe two �tted curves is signi�cant, both
in terms of the Zipf exponents,the domainsthey spanand
the maximumnumberof peersthey predict.We also �tted a
generalizedZipf distribution to themeasureddistribution. The
generalizedZipf distribution doesnot capturethe power-law
of the headof the measureddistribution, but it capturesthe
trunk andthe tail behavior. Consequently, the tail of the rank
popularity statisticsdecreasesexponentially. The tail of the
distribution (above rank5£ 105) represents2:43£ 106 torrents
and8:2£ 106 peers,which is about20 % of all peers.

We continuetheanalysiswith thedownloadpopularity, i.e.,
the numberof timesthe individual contentsweredownloaded
in a time interval. This was the de�nition of popularity
consideredin [1], [2], [12]. Figure3 shows therankpopularity
plots of the number of downloads for four time intervals
starting on 15 Sept. 2008. The total number of downloads
were 2:23£ 108, 1:31£ 109, 5:86£ 109 and 8:34£ 109 over
1, 4, 26 and48 weeks,respectively.

The curves for different intervals show similar characteris-
tics. Comparingthe curveswe seethat the trunks' slopesare

almost the same.Surprisingly, the heads's slopesincreaseas
the interval getslonger. Onewould expectthat the numberof
contentswith approximatelyequally many downloadswould
increaseover time, and hencethe head of the distribution
would become�atter as the time interval increases.Even
more interestingis that the exponentialcutoff of the tail is
barelyvisible for the 1 weekinterval, but is very pronounced
for longer intervals, e.g., for 48 weeks.We �tted two Zipf
curvesto the headandthe trunk of the numberof downloads
over 48 weeks.The differencebetweenthe Zipf exponents
for the two regions is almost a factor of two. The tail of
thedistribution shows anexponentialcutoff, but still accounts
for a signi�cant part of the distribution: for 48 weeksthere
are 5:95£ 106 torrents above rank 5£ 105 with a total of
9:62£ 108 downloads,i.e., 11 % of all downloads.

The rank popularitydatapresentedabove raisetwo impor-
tant questions.First, are the characteristicsof the rank popu-
larity statisticsan artifact of our measurementmethodology?
Second,would we observesimilar characteristicsif we had
followedanothermeasurementmethodology?

V. POWER-LAW OR EXPONENTIAL-CUTOFF?

We addressthe �rst questionin the following.
Instantaneouspopularity: We usethe datafrom 15 Sept.

2008shown in Figure2 to test two hypotheses.
Power-Law Trunk Hypothesis(PLTH): The population-wide
rank popularity statisticsfollow the Zipf curve �tted to the
trunkof thedistribution,but our measurementfailedto capture
the distribution's headandtail. If PLTH is true thenthe most
popular torrent would have about 106 peers,the numberof
active torrentswould be 9:5£ 106 and the total numberof
peerswould be 6:1£ 107. Basedon the hypotheticalnumber
of peersand torrentswe cannotrejectPLTH.
Exponential Cutoff Hypothesis (EXCH): The population-
wide rank popularity statisticsexhibits an exponential cut-
off (i.e., no power-law tail). To see if the exponen-
tial cutoff observed on our data is due to our sampling
method,we sampleda hypotheticaldouble-Zipf distribution
(min( fZipf (1:6e+ 5;0:6)(r); fZipf (1e6;0:86)(r)) ) �tted to the mea-
sured data. We took nT = 2:93 £ 106 samples (i.e., the
measurednumber of active torrents) from the double-Zipf
distributionaccordingto thePropTor andtheUnifTor sampling
methods,andrecordedthediscoveredtorrents.Figure4 shows
the double-Zipf distribution, the measuredstatistics,and the
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Fig. 4. Samplingfrom thehypotheticalDouble-
Zipf distributed rank popularity statisticsfor 15
Sept.2008
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Fig. 5. Number of downloads over 4 weeks
starting on 15 Sept.2008. Fitted with two Zipf
curves,anda generalizedZipf curve.
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Fig. 6. Samplingfrom the hypotheticaldouble-
Zipf distribution of the numberof downloadsin
4 weeksstartingon 15 Sept.2008.

resultsof the sampling.The curve for UnifTor samplinglies
well below the hypotheticalpopularity and doesnot exhibit
theexponentialcutoff. Thecurve for PropTor samplingshows,
however, a very goodmatchwith our measurementdata,with
a Pearsonproduct-momentcorrelationcoef�cient of 0:99. The
observed numberof peersmatchesaswell; 4:23£ 107 for our
measurementand4:02£ 107 usingPropTor sampling.Hence,
we concludethat either(i) EXCH holds,or (ii) our sampleof
the trackers closely resemblesPropTor sampling.Note that
if EXCH does not hold, the number of active torrents is
9:5=2:93 ¼ 3 times higher, and the number of active peers
is 5:5=4:23¼ 1:3 timeshigher thanwhat we measured.

Download popularity: For the download popularity we
considertwo time intervals startingon 15 Sept.2008: the 48
weeksinterval shown in Figure 3, and the 4 weeksinterval
shown in Figure 5. The total numberof downloadsover 4
weeks was 1:31£ 109, the number of active torrents was
2:29£ 106. We �tted Zipf curvesto the headandthe trunk of
thedistribution,and�tted ageneralizedZipf curve to theentire
distribution. ThegeneralizedZipf curve shows anexcellent�t
with the entiredistribution. We test two hypotheses.
DoublePower-Law Hypothesis(DPLH): Thepopulation-wide
rank popularity statisticsfollow the Zipf curves �tted to the
head and the trunk of the measureddistribution, but our
measurementfailed to capturethe distribution's tail. If DPLH
holds then there should be 1:77£ 107 active torrentsbased
on the 4 weeksinterval, and 1:43£ 109 active torrentsbased
on the 48 weeks interval. If we comparethesenumbersto
the hypotheticalnumberof active torrentspredictedby the
PLTH for 15 Sept.2008(9:5£ 106), we seethatDPLH for the
numberof downloadswould requiretoo many torrentsto have
nonzerodownloadsover 48 weeks.Hence,for thedistribution
of thenumberof downloadswe rejecttheDPLH for 48 weeks
but cannotreject it for 4 weeks.
ExponentialCutoff Hypothesis(EXCH): The goodmatchbe-
tweenour dataandthetail of thegeneralizedZipf distribution
in Figure5 suggestsan exponentialcutoff for the 4 weeksin-
terval. To seewhetherthe exponentialcutoff could eventually
beanartifactof our measurementmethodology, we performed
the sameexperimentas for the instantaneouspopularity. We
took nT = 2:29£ 106 samplesfrom the DPLH hypothetical
distribution accordingto PropTor andUnifTor sampling.

Figure6 shows the results.Thecurve for UnifTor sampling

lieswell below thehypotheticalpopularityanddoesnotexhibit
the exponential cutoff. Surprisingly, the curve for PropTor
samplingshows a good match with our measurementdata.
The Pearsonproduct-momentcorrelationcoef�cient is 0:99,
and the observed numberof downloadsis 1:31£ 109 for our
measurementand1:21£ 109 usingPropTor sampling.Hence,
for the 4 weeksinterval either EXCH holds or DPLH holds
and our samplingresemblesPropTor sampling.Note that if
EXCH doesnot hold, thereare 17:7=2:29 ¼ 7:8 times more
active torrentsworld-wide thanwhatwe measured.For the48
weeksinterval werejectedDPLH, henceeitherEXCH holdsor
the tail of the population-widedistribution follows Zipf 's law
but with a higherexponentthanthat of the trunk. In the latter
caseour samplingresemblesPropTor sampling.In bothcases,
the numberof non-cacheable(1 download only) contentsis
orders of magnitudelessthanunderthe DPLH hypothesis.

VI . THE IMPACT OF SAMPLING

In the following we addressthe secondquestion,i.e., we
investigatehow themeasureddistributionof contentpopularity
dependson the measurementmethodology.
Instantaneous popularity: We applied the � ve sampling
methodsdescribedin SectionIII-A to themeasuredpopularity
distribution of 15 Sept.2008.The resultsareshown in Figure
7. Thenumberof torrentsin theMininova sampleis 9:7£ 105,
out of which 4:95£ 105 were active. The numberof torrents
in thePirateBaysampleis 6:64£ 105, out of which 6:55£ 105

wereactive. For PropPeer we usednP = 4:23£ 105; i.e., 1 %
of the total numberof peersin our measureddata set. For
PropTor andUnifTor weusednT = 6:55£ 105; i.e., thenumber
of active torrentsin the PirateBaysample.

The Mininova, UnifTor andPropTor samplesoverrepresent
the most popular torrents.The PirateBaysampleresembles
the shapeof the original distribution muchcloser. Onewould
expect the PropPeer sampleto have the sameshapeas the
completedistribution, but it doesnot exhibit the exponential
cutoff. The exponentialcutoff disappearsas the samplesize
decreases,which is in accordancewith observations on the
word frequency in the corpora of natural languages[14].
Hence, PropPeer gives the impression that the power-law
holds for the tail of the distribution, even if the population-
wide distribution hasanexponentialcutoff (i.e.,EXCH holds).

Download popularity: We appliedthe same� ve sampling
methodsto the numberof downloadsover 4 weeksstarting
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on 15 Sept.2008.Figure8 shows the results.The numberof
torrentsin the Mininova sampleis 6:30£ 105, out of which
3:53£ 105 were active (at leastone download). The number
of torrentsin thePirateBaysampleis 1:69£ 106, out of which
8:29£ 105 wereactive.For PropPeerwe usednP = 1:31£ 106,
i.e., 0:1 % of the total numberof downloads.For PropTor and
UnifTor we usednT = 8:29£ 105, i.e., the numberof active
torrentsin the PirateBaysample.

The Mininova, UnifTor andPropTor samplesoverrepresent
the torrents with most downloads,similar to when used to
sample the number of peers. Surprisingly, unlike for the
instantaneouspopularity, the PirateBay sample differs sig-
ni�cantly from the original popularity distribution; one can
hardly identify the trunk of the distribution. The PropPeer
samplecapturestheheadandthe trunk of thedistribution, but
it again fails to capturethe exponentialcutoff, hencegiving
the impressionthat the tail follows a power-law. As PropPeer
is closely relatedto deep-packet inspection,our resultsshow
that local measurementsshould be used with care to infer
the characteristicsof global popularity. Similarly, small scale
uniform samplingof the peerpopulationdoesnot reveal all
characteristicsof contentpopularity.

Local �le popularity: Finally, we consider the sample
that would be observed from a local organization.For this
experiment we capturedevery HTTP-tracker requestat the
University of Calgary campuswith roughly 33;000 students
andstaff (duringthesamemeasurementperiodasour primary
dataset).Figure9 shows thenumberof downloadcompletions
as reportedby local university clients.Curves are shown for
the sametime-durationsas in Figure3. Comparingthesetwo
�gures, we notethat the popularityshows similar characteris-
tics (but at a smallerscale)asobservedin our dataset.Clearly,
thesamplingmethodologyis importantwhentrying to capture
the wide-areapopularitycharacteristics.

VI I . CONCLUSION

Basedon a large scalemeasurementof BitTorrent content
popularity performed over eleven months we showed that
previous beliefsaboutP2Pcontentpopularitydo not hold on
a global scale.We found that Zipf 's law might describethe
instantaneouspopularity. The download popularity over long
time intervals doesnot follow a power-law, but neithersmall
scalenor short term measurementswould be able to capture

the exponentialcutoff. We showed how methodsof sampling
the sameglobal popularity distribution affect the observed
contentpopularity, andprovided insightsaboutthe limitations
andbiasesof the differentmethodologies.
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