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Abstract 

Estimating the life-cycle or duration of a product can be an important input into a firm's decision-making related to 
production and marketing. In the music industry, online Peer-to-Peer (P2P) networks have attracted millions of poten­
tial music consumers and have had substantial impact on the music business. In this paper, we investigate the possible 
use of P2P information in estimating product "shelf-life," in particular the duration of a music album on the Billboard 
100 chart. We identify and track the music albums that appear on the Top 100 of the Billboard Charts, spanning a 
period of six months. We show that P2P sharing activity can be used to help predict the subsequent market performance 
of a music album. 

1. Introduction with short life-cycles, such as music and movies. 
In standard analysis of such issues, researchers 

Estimating the life-cycle or duration of a prod­ have had little difficulty structuring the objective 
uct can be an ilnportant input into a finn's deci­ functions - businesses are profit Inaxilnizing and 
sion-making related to production and can Inanage their interaction with conswners. 
marketing. This is of special significance for enter­ And then along came free peer-to-peer (P2P) net­
tainment firms that deal with mulliple products works that provided distincl1y "non-commercial" 

means of exchange. In fact, recent studies have ob­
served high level of free-riding among users in 
these networks [10,14]. A recent article in Fortune 
highlighted the non-business approach of KaZaA 



and its originators, Janus Friis and Niklas Zenn­
strom, that has so greatly impacted entertainment 
companies. The KaZaA developers apparently 
proceeded without a business plan, taking a "just 
go and do it approach" with subsequent failed at­
tempts to work out licensing deals with major 
entertainment companies. KaZaA, despite being 
a virtual non-business, has become the "top search 
term on Yahoo" [Fortune, 2004] and, together 
with its P2P counterparts such as WinMx and 
Grokster, continues to vex the entertainlnent 
industry. But we suggest that businesses might 
actually leverage P2P networks as information 
sources to make beller production and marketing 
decisions. In the material that follows, we present 
our	 initial investigations into the gathering and 
potential industry use of P2P activity information. 

P2P application software such as KaZaA and 
WinMX are extremely popular and cOlmnonplace 
among potential music purchasers. As explained 
later, we developed a custom software application 
that directly observes and takes "snapshots" of 
P2P music file-sharing activity. Using this data, 
we are able to directly address whether measures 
of such sharing activity might be useful in business 
decision making. In the work presented here, we 
focus on estimating product "shelf-life," in partic­
ular the duration of a music albwn that appears on 
the Billboard 100 charl. Could entertainment firms 
utilize information on P2P file sharing to beller 
determine the success (measured in chart duration) 
of music albwns? 

Before discussing data collection or data analy­
sis, we think it prudent to consider characteristics 
of the P2P "data venue." In the P2P music sharing 
setting, incentives are rather different than the nor­
mal business/conswner markel. Without a profit­
maximizing (or similar) objective, what incentive 
is there for support or customer service tools such 
as enhanced search tools? In fact, as one would ex­
pect, the search options allowed on P2P networks 
are quite lilnited. In such enviromnents, searches 
for digital goods such as music are primarily direc­
ted searches. That is, a conswner gathers informa­
tion from offline as well as online sources about 
music items (albwn and artist names) and then 
searches for a particular item to sample. Certainly, 
some searches may be broader (e.g., based on mu­

sic genres), but information overload is likely to 
quickly occur since there is no support for search 
aids such as "ranked list of relevant results" in 
these networks since there are no incentive to pro­
vide such services. This deters a "browsing based" 
search behavior on a particular genre or artist, [or 
exmnple, since a randOln presentation of search re­
sults quickly increase the search cost for a con­
sumer. Hence, the directed nature of the search 
implies that conswners are more likely to sample 
those music items for which "information availa­
bility" is high (from offline and online sources). 
This indicates a generally higher sampling and 
sharing activity for well-known albwns that also 
likely have higher sales based on consumers' infor­
Ination awareness. 

With these two factors (most searches are likely 
to be directed searches and heavily inlluenced by 
information availability), we begin our discussion 
of data collection followed by presentation of ini­
tial P2P data analysis. It has been observed that 
while radio airplay measures the advertising effort 
for given music albums [11], airplay does not clo­
sely predict conswner interest in such albwns 
[5,12]. In fact, anecdotal evidence points to mis­
judgment of consumer interest and related promo­
tional activities of new artists and albwns by 
record companies (see, for example [16,18]. Given 
the increasing interest in research on products such 
as music [2,3,6-9,13], we posit that sharing infor­
mation on P2P networks may be used to predict 
conswner interest and subsequent sales [or Inusic 
albwns. Our proof of concept approach to investi­
gating the possible value of P2P information in 
business decision begins with consideration of the 
following three research questions related to al­
bums that appear on the Billboard charts: 

(i)	 Can sharing information on online networks 
during initial weeks on chart be a valid predic­
tor for survival duration on the charts? 

(ii) Does such early sharing information offer pre­
dictive ability beyond such factors as debut 
rank on the charts? 

(iii) Finally,	 is there any relationship between the 
predictive ability of early sharing information 
and albwn visibility or "album information 
availability"? 



We also provide a cursory "proof of concept" 
relating to whether continuing P2P sharing might 
be helpful to business in determining the life-cycle 
for albums that have already survived for some 
period of time on the Billboard charl. The iss ue 
is posed in the following question: 
iv) For albums continuing on the chart, can sub­

seq uent sharing activity levels help predict 
how much longer an album will remain on 
the charts? 

2. The data 

2.1. Weekly hillhoard charts 

Billboard magazine, an authority in the music 
business, publishes various charts of music albwns 
and singles in different genres. In the music busi­
ness, traditionally sales of certain singles preceded 
its album sales, creating a promotional effect. 
However, singles sales has been a loss-lnaking 
proposition for many albwns [1], and the propor­
tion of singles shipped (to albwns shipped) has de­
creased dramatically - 7"/<, (1999), 4'/\, (2000), to 
1% (2003). Hence we focus on albwn sales in this 
research, since 99% of albums debut without a cor­
responding authorized early pubic sales of some of 
their singles. 

To study the market impact of P2P activity on 
albwns, we use ordinal sales information from 
the Billboard Top 200 charts (www.bill­
board.com/bb/charts/bb200.jsp). Ranking on this 
chart is based on sales estimates as reported by 
Nielsen SoundScan using results from their na­
tional sampling of retail stores. The official Bill­
board web site (mentioned above) provides a list 
of the weekly Top 100 albums at no charge. Since 
this information was freely available to conswners 
on the web, we decided to focus on this set of al­
bums rather than the Billboard 200 list for which 
conswners would have to pay. That is, we focus 
on the set of ranked albums P2P users might easily 
and freely access on the web. 

This ranking information from the chart is also 
widely used in the music industry to identify the 

"winners" in the previous week's retail sales. Spe­
cifically, the Top 20 from the Billboard 200 is dis­
tributed to subscribers through an alert system 
before public release. Inclusion of an albwn in 
the Top 20 list has been traditionally viewed in 
the industry as a major marketing success for that 
albwn. 

We developed a Windows-based application to 
directly extract the Billboard 100 information each 
week and to create a list of keywords based on art­
ist and albwn names. As new albwns are released 
and begin to appear on the charts, the keyword list 
is updated. As explained next, this keyword list 
plays a vital role in obtaining the req uisite data 
on sharing activity for each item appearing on 
the Billboard charl. 

2.2. Sharing activity data 

In order to complete our analysis, we need data 
on file sharing behavior. To gather this data, we 
developed a Windows-based application program 
to automatically search for the relevant audio files 
available via WinMX. We chose WinMX over Ka­
ZaA because search results on KaZaA have a hard 
upper limit, while that is not the case for WinMX. 
Thus, using KaZaA might result in significant 
understatement of the level of sharing activity. 
Though appearing on the scene after KaZaA, 
WinMX is a fast-closing second in current popu­
larity [17]. 

Using the keywords obtained from our Bill­
board data collection outlined above, our WinMX 
search program conducts a Boolean search for 
copies of songs on each music albwn available 
on the network. A data snapshot is recorded and 
then automatically stored for processing and entry 
into a relational database. The data gathering 
process is fully automated. Using a set of dedi­
cated PC's, search start times/key word pairs are 
randomly generated for each new search. The data 
utilized here was collected from searches con­
ducted daily over the period October 25, 2002­
April 12, 2003 for each of the Top 100 albwns 
for the applicable weekly Billboard charl. Each 
new Billboard chart signifies a new week of data 
collection. Our activities involved observing and 
recording activities that individuals placed into 



Table I 
Correlation between dependent and independent variables 

Chart life 

Chart life I 
Debut rank -0.5680 
Sharing activity during debut week 0.3980 

Ihe public domain. We caplured only Ihe file infor­
malion described above and did nol perform any 
downloading of any copyrighled conlenl from 
any compuler on a WinMX nelwork. 

3. The analysis 

Our data collection provided information on 
210 albwns that debuted on the Billboard Top 
100 chart during the October 25, 2002-April 12, 
2003 period. While the data collection snapshots 
included a variety of technical information (file 
size, bit rate, etc.), our data req uirelnents focused 
on Ineasures of chart rankings, sharing activity, 
and "information availability." The first two are 
provided direclly by the data gathering processes 
detailed in the previous section. "Sharing activity" 
is measured as the nwnber of copies of an album 
that are available on the network in any given per­
iod. If more copies of songs from albwn A is 
shared in a given period than from album B, we as­
sume that album A has higher sharing activity in 
that period. For the third, "information availabil­
ity," we use categories or groupings based on the 
level at which an album debuts on the charI. For 
example, albwns debuting at a ranking in the 
Top 20 are rated as having higher information 
availability than albums debuting in say rankings 
21-30 or 31-40. Our measure of information avail­
ability can also be construed as product visibility 
similar to many other rankings such as business 
schools or sports teams. While we all might be 
familiar with the top ones, our recollections be­
come much less firm as we move down the rank­
ing. The higher information availability of Top 
20 albums is also borne out by the Top 20 album 
alert system and related marketing efforts men­
tioned earlier (Section 2.1). 

Debut rank Sharing activity during debut week 

I 
-0.3605 

Our "proof of concept" investigation is directed 
at asking whether P2P sharing activity might prove 
helpful for firms trying to estimate an albwn's life­
cycle measured in chart duration. 1 Firms already 
know an albwn's debut ranking [4]. Our analysis 
deals with whether P2P sharing activity provides 
significant additional information. Table I pro­
vides a simple correlation table for the dependent 
(chart life) and two non-categorical independent 
variables (debut rank and P2P sharing activity). 
We use the third variable discussed above, "infor­
mation availability," only to group observations 
for comparison. The values in Table I suggest 
the expected direction of relationship (remember 
that high initial rankings are indicated by or low 
initial nwnerical ranking) between each of the 
two independent variables and the dependent var­
iable. That is, low nwnerical values for an album 
debut and greater sharing activity tend to be asso­
ciated with longer life-cycle. However, the correla­
tion between the two independent variables is at a 
level suggesting mulli-collinearity should not pose 
a problem. 

In our analysis, we estimate the following 
regression Inodel: 

Chart life ~f(rank in weekI, sharing activity in weekl) 

We begin by considering groupings representing 
"high information availability" and "low informa­
tion availability". Separate regressions were run 
for albwns grouped by debut ranking. Table 2 
provides the regression resulls for albwns that de­
but in spots 1-20 and 21-100, respectively. 

j While it is possible for an album to drop off the chart and 
then reappear, this is actually quite rare. Of the total of 210 
albums appearing on the Top lOa chart during our sampling 
period, only nine returned to the chart after falling off. 



Table 2 
Rank and sharing impact in debut week on chart 

Model: chart lUi! ~f (rank in weekI, sharing activity in weekI j 
Debut rank 1-20 (Adj. If::: 0.217, N::: 86) Coefficient 

t value 
Debut rank 21-100 Adj. R2 

::: 0.178, N::: 124 Coefficient 
t value 

Coefficient difference (z value) 

* fJ < 0.05, ** fJ < 0.01, **** fJ < 0.0001. 

In Ihe Top 20 case (Table 2), Ihe P2P sharing 
aClivily variable appears 10 add 10 any explanalory 
power provided by Ihe debul rank. In lerms of 
slalislical significance, sharing aClivily was slighily 
less significanl Ihan debul ranking (p-value of 
0.017 versus 0.217). 

There were a lolal of 124 albwns Ihal debuled 
on Ihe Billboard chari al rankings from 21 10 

100 (Table 2). In Ihis case, sharing aClivily in week 
1 was nol significanl for any common level of sig­
nificance (p-value of 0.425) while Ihe debul week 
rank was slill very significanl for Ihis group. Thus, 
for albwns wilh low informalion availabilily, Ihe 
P2P sharing aClivily does nol appear 10 provide 
explanalory power for delermining albwn chari 
life. We also note that an analysis of the coefficient 
eslimales belween rank 1-20 and 21-100 show Ihal 
bolh "Rank in week 1" and "Sharing in week 1" 
have significantly different values, along with the 
difference in the intercept term. This shows that 
although rank and sharing significantly affect the 
chart life, the effects are starkly different for the 
two groups. 

Taken logelher, Ihese resulis provide al leas I 
inilial supporl for posilive response 10 our firsl 
Ihree proof-of-concepl q ueslions:(i) Can sharing 
informalion on online nelworks during inilial 
weeks on chari be a valid prediclor for survival 
duralion on Ihe charls? (ii) Does such early sharing 
information offer predictive ability beyond such 
faclors as debul rank on Ihe charls? (iii) Finally, 
is Ihere any relalionship belween Ihe prediclive 
abilily of early sharing informalion and albwn vis­
ibilily or "album informalion availabilily"? 

Our inilial analysis suggesls Ihal Ihe answer 10 

Ihe firsllwo queslions depends on where an album 
debuls on Ihe charI. For highly raled albwns (Top 

Constant Rank in week 1 Sharing in week 1 

12.68 
7.16.... 

7.80 
8.73 .... 

23.5r" 

-0.38 
-2.72" 
-0.007 
-5.097 .. 
20.37 .. 

0.0012 
2.44' 
0.0003 
0.80 
8.10.... 

20), our preliminary resulis indicaIe a "yes" re­
sponse for Ihe firsllwo queslions. For lower raled 
albwn debuls (i.e., posilions 21-100), Ihe prelimi­
nary resulis indicaIe a "no" response 10 Ihe same 
Iwo queslions. Taken logelher, Ihese oulcomes 
suggesl a "yes" response 10 Ihe Ihird queslion. 
Asswning Ihal high debul ranking provides a 
measure of albwn visibilily or "informalion avail­
abilily," Ihe preliminary resulis supporl a "yes" re­
sponse 10 our Ihird research q ueslion. 

Our fourlh research q ueslion focused on 
whelher subsequenl sharing aClivily for albwns 
surviving on Ihe charls mighl help predici how 
much longer an albwn will remain on Ihe charI. 
We eslimaled Ihe following model: 

Chari life = I(rank rank,+ I , rank,+" rank,+3 ,
" 

rankl+4~ sharingl~ sharing l + J ~ sharingl+2~ 

sharing,+3 , sharing'+l)' where 

1= weeki (debul week), 

I + 1 = week2, elc. 

Our analysis of Ihis queslion employed a slep­
wise regression analysis for albwns Ihal have ap­
peared on Ihe chari for al leasI five weeks. 
Tables 3 and 4 provide Ihe resulis for albwns deb­
uling in Ihe Top 20 and 21-100, respeclively. 

We noIe Ihe following, all relaling 10 albwns 
Ihal survived on Ihe chari for alleasl five weeks: 

(i)	 for albwns debuling in Ihe Top 20, Sharing 
AClivily in week 5 enlers firs I, bul rank in 
week 5 also adds explanalory power; and, 

(ii)	 for albwns debuling al ranks belween 21 and 
100, Rank in week 5 enlers firsl wilh Sharing 
AClivily in week 3 also providing explanalory 
power. 



Table 3 
Albums that debuted at ranks 1-20 on Billboard chart 

Constant 

Dependent variahle: chart lUi! or numher I?I" weeks on chart 
Coefficient 14.241 
t value 8.979**** 

(Adj. R' = 0.243, N = 63) 

* p < 0.05, ** P < 0.01, *** p < 0.001, **** p < 0.0001. 

Table 4 
Albums that debuted at ranks 21-100 on Billboard chart 

Constant 

Dependent variahle: chart lUi! or numher I?I" weeks on chart 
Coefficient 11.472 
t value 5.417**** 

(Adj. R' = 0.2, N = 34) 

* p < 0.05, ** P < 0.01, *** p < 0.001, **** p < 0.0001. 

Comparing result (i) with the results detailed 
earlier (Table 2) provides the suggestion that, in 
explaining chart life, sharing activity appears to 
be an important indicator as an albwn demon­
strates survival on the chart (at least our example 
of five week survivors). Result (ii) suggests a lesser, 
but still helpful, explanatory role for sharing activ­
ity (this time Sharing Activity in week 3 enters the 
stepwise estimation model) for albums debuting in 
the Bollom 80 category. We must note, however, 
that albums debuting in the Bottom 80 drop off 
the chart relatively quickly so the number of obser­
vations here is only 34 compared to 124 in the Ta­
ble 3 above. 

4. Summary and concluding remarks 

We began by suggesting that the ability to pre­
dict product life-cycle has significant value to the 
firm. The earlier a firm can estimate product life­
cycle, the beller since the firm can either avoid 
continuing costs for short-cycle products or make 
strategic decisions in support of longer cycle prod­
ucts. The difficulty, however, is that there often is 
scant early information on which firms can build 
reasonable estimates. 

Rank in week 5 Sharing in week 5 

-0.0552 0.0013 
-2.186' 2.894** 

Rank in week 5 Sharing in week 3 

-0.05 0.0017
 
-2.701 ' 2.726'
 

While the digital good industry does not typi­
cally have the same lead time issues as traditional 
manufactured products, early knowledge on the 
likelihood of product success and product life­
cycle remain important elements in the profit 
equation. Here, we have provided an initial anal­
ysis of new information - P2P sharing activity ­
which we suggest may be helpful to estimation 
of product life-cycle of digital goods such as mu­
sic. We demonstrated the importance of this new 
information relative to the previously existing 
information - rankings on the Billboard Top 
100 charI. 

II is important to stress the preliminary nature 
of our analysis and results. We did develop a de­
tailed data set on music sharing activity for music 
appearing on the Billboard Top 100 charts. We did 
find indications of the relevance of P2P sharing 
activity. We did provide tentative positive re­
sponses to our research questions. But we would 
argue that our analysis should be viewed as a 
"proof of concept" demonstration. The results 
are suggestive, not definitive. The current research 
is an aid in helping us shape a rigorous and com­
prehensive research study. This would include a 
detailed investigation through rigorous estimation 
of sophisticated models (e.g., hazard models) of 
the impact of sharing activity on the lifecycle of 



albwns. This also leads to the development of ad­
vanced forecasting tools to predict lifecycle 
from actual conswner activity. These stochastic 
predictive models can be designed and focused 
for other digital goods such as digitized movies, 
books and video games. 

Our results also provide tantalizing insights on 
how the design of P2P networks can be enhanced, 
to the benefit of both conswners and music compa­
nies. The fact that sharing acti vity is a good predic­
tor only for albwns with high information 
availability speaks directly to the poor design of 
current P2P systems. As such, these applications 
function well only as repositories of music; reposi­
tories that are useful to conswners only if they know 
what they are looking for. Finally, we note that new 
and unknown artists and record cOlnpanies can ac­
tively enter the P2P arena and develop enhanced 
"search and find" functionalities (e.g. ranked lists 
based on sharing characteristics) that help conswn­
ers explore and experience new Inusic products ­
possibly through emerging fee-based P2P services. 
Design of such Inechanislns relnain an active and 
fruitful area of research in P2P systems. 
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