
This article was downloaded by: [134.126.135.226] On: 22 February 2016, At: 14:39
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Information Systems Research

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

IT-Enabled Broadcasting in Social Media: An Empirical
Study of Artists’ Activities and Music Sales
Hailiang Chen, Prabuddha De, Yu Jeffrey Hu

To cite this article:
Hailiang Chen, Prabuddha De, Yu Jeffrey Hu (2015) IT-Enabled Broadcasting in Social Media: An Empirical Study of Artists’
Activities and Music Sales. Information Systems Research 26(3):513-531. http://dx.doi.org/10.1287/isre.2015.0582

Full terms and conditions of use: http://pubsonline.informs.org/page/terms-and-conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2015, INFORMS

Please scroll down for article—it is on subsequent pages

INFORMS is the largest professional society in the world for professionals in the fields of operations research, management
science, and analytics.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
http://dx.doi.org/10.1287/isre.2015.0582
http://pubsonline.informs.org/page/terms-and-conditions
http://www.informs.org


Information Systems Research
Vol. 26, No. 3, September 2015, pp. 513–531
ISSN 1047-7047 (print) � ISSN 1526-5536 (online) http://dx.doi.org/10.1287/isre.2015.0582

© 2015 INFORMS

IT-Enabled Broadcasting in Social Media:
An Empirical Study of Artists’

Activities and Music Sales

Hailiang Chen
Department of Information Systems, College of Business, City University of Hong Kong, Kowloon, Hong Kong,

hailchen@cityu.edu.hk

Prabuddha De
Krannert School of Management, Purdue University, West Lafayette, Indiana 47907, pde@purdue.edu

Yu Jeffrey Hu
Scheller College of Business, Georgia Institute of Technology, Atlanta, Georgia 30308, yuhu@gatech.edu

With the emergence of social media and Web 2.0, broadcasting in the online environment has evolved into
a new form of marketing due to the much broader reach enabled by information technology. This paper

quantifies the effect of artists’ broadcasting activities on a well-known social media site for music, MySpace, on
music sales. We employ a panel vector autoregression model to investigate the interrelationship between broad-
casting promotions in social media and music sales, while controlling for influential factors such as advertising
in traditional media channels, album prices, new music releases, user-generated content, and artist popularity.
We characterize two types of broadcast messages in the MySpace context, personal and automated. We find that
broadcasting in social media has a significant effect on sales even after controlling for the aforementioned fac-
tors, and more important, the effect mainly comes from personal messages rather than automated messages. We
also show that the timing and content of personal messages play a role in affecting sales. Our findings point to
the importance of conducting captivating conversations with customers in social media marketing.
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MySpace has been one of the things that launched me
as an artist.

—Taylor Swift, CNN Spotlight1

1. Introduction
Television and radio programs have long been used
as the traditional channel to reach potential audi-
ences for marketing purposes. Since the mid-2000s,
social media websites such as Facebook, Twitter,
and LinkedIn have become an important compo-
nent of people’s daily lives. Information technol-
ogy (IT)-based broadcasting has been widely adopted
by companies to market their products on social
networking and microblogging sites. For instance,
a Wired article (Silver 2009, paragraph 13) notes,
“Twitter, at first a place to tell everyone what you ate
for breakfast is now a place to promote yourself, your
company or your product.” Companies can broadcast

1 http://edition.cnn.com/TRANSCRIPTS/1411/14/cspo.01.html.

information regarding their products to their Face-
book friends or embed marketing messages in tweets
to their Twitter followers. Because these social media
sites reach millions of users who often spend hours
on these sites every day, they can serve as a very pow-
erful marketing channel for companies. For instance,
according to a news report in InformationWeek, from
2007 to June 2009, Dell generated a total of $2 million
in direct sales of refurbished systems and $1 million
in indirect sales of new systems from their Twitter
presence, @DellOutlet (Gonsalves 2009). Twitter as a
microblogging service is becoming such an effective
marketing tool that advertising start-ups like Adly
and SponsoredTweets have signed up thousands of
Twitter users and paid them up to $10,000 per tweet
for sending advertising messages to their Twitter fol-
lowers (Learmonth 2010).

MySpace Music, a well-known social media site for
music, is a prominent example of how IT can enable
musicians to reach a huge audience at a relatively
low cost. Over eight million artists and bands set
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up their profiles on MySpace Music (Owyang 2008).
Fran Vincent (2006, paragraph 2), the author of the
book titled “MySpace for Musicians” (Vincent 2010),
puts it this way: “with so many potential pairs of eyes
and ears at your fingertips, it is becoming a neces-
sity for any musical artist—whether signed and sell-
ing or unsigned and hopeful—to have a profile on
MySpace.” MySpace Music offers many free tools,
such as bulletins and activity streams, and focuses
on building a community of artists and music fans.
Artists and bands can upload songs, show music
videos, communicate with fans, and even sell MP3
downloads through the website.

Despite the abundant anecdotal evidence indicating
that marketing on social media sites in the form of
broadcasting messages can be very effective in driv-
ing up product sales (e.g., Baker 2006, Gonsalves 2009,
Vincent 2010), there is a lack of academic research
that examines the dynamic relationship between com-
panies’ broadcasting activities in social media and
their product sales. Some of these broadcasting mes-
sages are autogenerated by social media applications,
whereas others are tailored to the taste of the audi-
ence. Do these promotional activities in social media
really have an effect on product sales, after control-
ling for other influential factors such as advertising
in traditional media channels? If they do, how long
does such an effect last, and how does it vary across
different broadcast messages in terms of types, tim-
ing, and content? These important questions remain
largely unanswered to date.

To answer the above questions, we construct a
data set from various sources to quantify the effect
of music artists’ broadcast messages on their Amazon
sales ranks. We identify two types of messages on
MySpace that differ in content and how the message
is generated. A text message that is sent in the name
of the music artist herself and often has a personal
touch is regarded as a personal message; a message
that is automatically generated by the social media site
following a certain message template to summarize
the music artist’s recent account activities is regarded
as an automated message. We employ a panel vector
autoregression (VAR) model (Holtz-Eakin et al. 1988)
estimated by the generalized method of moments
(GMM; Binder et al. 2005) to study the dynamic rela-
tionship among these two types of broadcast mes-
sages and artists’ Amazon sales ranks over time across
a large panel of artists. Without making restrictive
assumptions, the panel VAR model considers each of
the main time series variables to be endogenous and
interdependent.

To avoid potential bias in the estimation of the
effect of broadcasting activities on music sales or in-
ferring a spurious relationship, we also acquired an
advertising expenditure data set on all music artists’

promotions in traditional media channels, such as TV,
magazines, newspapers, and radio, from the ad intel-
ligence company Kantar Media. By controlling for
promotions in traditional media channels and other
factors such as price information and new music
releases (both collected from Amazon), we isolate the
effect of broadcasting activities in social media on
sales and attempt to identify a possible causal link
between social media marketing and sales.

Our results show that artists’ broadcasting activi-
ties on MySpace Music do have a significant effect
on their music sales, but the effect mainly comes
from personal messages rather than automated mes-
sages. We suspect the difference in the style and con-
tent of these two types of messages may explain this
result—in personal messages, artists often cover top-
ics that many people can relate to on a personal
level or ask fans to take certain actions. To further
understand how the timing and content of personal
messages play a role in affecting sales, we exam-
ine whether messages broadcasted around new music
releases and messages of different topics identified
by specific keywords could have different effects on
sales. We find that (1) the effect of personal messages
on sales around new music releases is about six times
as large as the effect during other times, and (2) per-
sonal messages that refer to photos, videos, and blogs
are ineffective in influencing sales; however, personal
messages that discuss artists’ activities taking place
outside of MySpace appear to be effective.

Considering artists’ broadcast messages as one
form of marketing communication by artists (artist-
generated content), we further compare the effect
we observe with the effect of user-generated content
(UGC), or consumer-to-consumer communication, on
sales, which is relatively well documented in the
information systems and marketing literatures. We
collect customer review data from Amazon and incor-
porate them into the panel VAR model to study the
effects of artist-generated content and UGC on sales
at the same time. We find that both types of con-
tent contribute to increases in music sales, but there
is a much weaker or no association between artist-
generated content and UGC, which indicates that
they represent two distinct types of information, both
influencing sales in our context.

We conduct two additional analyses. First, we in-
vestigate how the effects of different types of broad-
casting activities on MySpace could vary for artists
with and without a presence in traditional media
channels. We find that the effect of broadcasting in
social media is actually larger for artists who also
advertise in traditional media channels. We conjecture
that this might be due to the synergy between promo-
tions in multiple channels. Second, we use the con-
sumer search volume index from Google Trends as
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an indirect measure of artist popularity and account
for time-varying individual characteristics in dynamic
panel models; the results remain largely the same.

This paper makes a number of contributions to the
literature. First, to the best of our knowledge, this is
the first academic study that rigorously examines and
quantifies the effect of social media marketing in the
form of broadcasting activities on product sales. Our
results have several broad implications for the under-
standing of broadcasting in social media: (1) machine-
generated messages that simply record an account’s
activities in social media applications may not help
sales generation; (2) in contrast, broadcast messages
that have a personal touch could be effective in driv-
ing sales, and the content of the messages matters;
and (3) broadcasting activities around new product
launches are likely to yield more benefits. In light of
these findings, companies should pay special atten-
tion to the timing and content of their marketing com-
munications in social media and strive to develop
captivating conversations to engage customers at the
right time.

Second, this study also adds to the literature on
the effect of online content on product sales. Prior
research on word of mouth (WOM) and UGC has
focused on consumers’ activities on the Internet (e.g.,
customer reviews, ratings, and blogs) and the impact
of consumer-to-consumer communication on product
sales (see, for example, Dellarocas 2003, Chevalier and
Mayzlin 2006, Chen et al. 2007, Forman et al. 2008,
Dewan and Ramaprasad 2009, Zhu and Zhang 2010);
a smaller number of studies (e.g., Dellarocas 2006,
Godes et al. 2005, Godes and Mayzlin 2009) have
examined how firms’ participation in consumer-to-
consumer conversations in an anonymous way (i.e.,
consumers consider this firm-generated content as
WOM) could play a role in influencing sales. Our
study provides empirical evidence that online content
directly generated by firms on social media sites as a
form of marketing communication could have a sig-
nificant effect on product sales.

Third, this study applies an advanced economet-
ric methodology—the panel VAR model, estimated
using a GMM estimator—to investigate the dynamic
relationships among multiple time series variables, in
addition to controlling for a variety of factors that can
affect sales. VAR models have been widely adopted
in fields such as macroeconomics and finance. Panel
VAR models add a cross-sectional dimension to the
standard VAR models and can serve as a powerful
econometric tool for empirical studies on individual-
level or firm-level data that exploit the benefits of
having many cross sections and time series. The
GMM estimation method employs valid instruments
within the model, such as lagged dependent variables,
and thus can be particularly useful in mitigating

endogeneity concerns and identifying the relation-
ships between main variables in both directions when
exogenous instruments are not available.

The remainder of this paper is organized as fol-
lows. In §2, we review the literature on the effects of
advertising and online content on sales and introduce
the panel VAR model. Section 3 first discusses how
MySpace Music helps artists promote their music, and
then describes the details of our data. We present the
empirical analyses to quantify the effect of broadcast-
ing activities in §4. Section 5 is devoted to investigat-
ing the timing and content of personal messages. We
control for UGC and time-varying individual charac-
teristics in §§6 and 7. Section 8 concludes this paper
and suggests some directions for future research.

2. Literature Review
2.1. Effect of Advertising on Sales
This paper draws on the marketing literature that
studies the effect of traditional advertising (or market-
ing communication) on sales. According to Dekimpe
and Hanssens (1995), a marketing action can affect the
sales performance of a brand or a firm in six ways:
contemporaneous effects, carry-over effects, purchase
reinforcement, feedback effects, firm-specific decision
rules, and competitive reactions. In general, advertis-
ing often has an immediate effect on sales. A more
subtle question to marketing managers is how long
the cumulative effect of advertising persists. Early
studies (e.g., Givon and Horsky 1990) in marketing
have documented that the effect of advertising in
one time period may be carried over, at least par-
tially, into future periods. It can be argued that con-
sumers remember past advertising messages, but this
“goodwill” toward the advertised brand gradually
decays because of forgetting and competitive advertis-
ing. Givon and Horsky (1990) and Horsky and Simon
(1983) propose that advertising can also indirectly
affect sales through purchase reinforcement. Advertis-
ing can encourage consumers to try a new product or
a product they have not purchased for a long time;
then, if they like their experience, they may purchase
it again in the future. In addition, Simester et al.
(2009) show that current advertising affects future
sales through the two competing effects of brand
switching and intertemporal substitution.

These previous findings suggest that it is impor-
tant to use appropriate models to capture the lagged
effects when the effects of marketing activities on
sales are studied. Prior studies (see, for example, Bass
1969, Hanssens 1980) also conclude that advertising
efforts should not be treated as exogenous since they
may be influenced by the current and past perfor-
mance of sales. This phenomenon essentially calls for
a research method that can treat both advertising and
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sales as endogenous variables; failure to do so may
result in a biased estimation. In addition, competitive
reactions could have an impact on the effectiveness of
advertising; in the short run, marketing actions may
prompt a positive sales response, but the long-run
effect could be negligible depending on the nature of
competitive reactions (Hanssens 1980).

2.2. Effect of Online Content on Sales
Our study is also related to the existing literature
that studies how online content can influence product
sales. Many papers have examined whether online
WOM or UGC, such as consumers’ reviews, ratings,
and blogs, have an impact on sales. The earlier stud-
ies (see, for example, Dellarocas 2003, Chevalier and
Mayzlin 2006) have found a significant relationship
between online consumer reviews and product sales—
for example, more positive reviews lead to better
sales, and the impact of one-star reviews (most neg-
ative) is greater than the impact of five-star reviews
(most positive). The more recent studies have taken
more nuanced approaches toward examining such a
relationship. For instance, Chen et al. (2007) study
how the number of helpful votes on reviews and
the reputation of reviewers influence the relation-
ship between book ratings and book sales. Notably,
the reviews with more helpful votes have a stronger
impact on sales than the others. Forman et al. (2008)
investigate the role of reviewer identity disclosure in
affecting the relationship between consumer reviews
and sales. Consumers tend to rate reviews with
identity information of the reviewers more favor-
ably, and prevalent disclosure of reviewer identity
is associated with higher subsequent product sales.
Li and Hitt (2008) study the time series of con-
sumer reviews and find that early reviews are sub-
ject to self-selection biases and can have an influence
on long-term consumer behavior. Zhu and Zhang
(2010) consider how product and consumer charac-
teristics moderate the relationship between consumer
reviews and product sales. They find that the impact
of reviews is stronger for less popular video games
and games whose players have more Internet expe-
rience. In addition, researchers have started to pay
attention to how consumer blogs can drive product
sales. For instance, Dewan and Ramaprasad (2009)
use the Granger (1969) causality tests and two-stage
least squares to study the causal relationship between
blog buzz and music sales. All of these existing stud-
ies utilize data on UGC and address the impact of
consumer behaviors on product sales.

Among the nonexperimental empirical studies on
UGC, some have attempted to establish a causal link
between UGC and sales based on the difference in dif-
ferences approach (e.g., Chevalier and Mayzlin 2006,
Forman et al. 2008) and the instrumental variable ap-

proach (e.g., Chintagunta et al. 2010). Instead of di-
rectly measuring the difference between the treatment
and control groups after the treatment, the differ-
ence in differences approach eliminates the inherent
unobserved differences between these two groups by
first calculating the after and before treatment differ-
ences for both groups and then measuring the dif-
ference across groups. The validity of this approach
is, however, based on the assumption that the unob-
served differences between the control and treatment
groups remain the same over time. The instrumental
variable approach is generally effective in establishing
causality, but it is often difficult to find a relevant and
truly exogenous instrument. Our study adopts a panel
data approach and utilizes valid instruments within
the model, which could be an alternative approach
when exogenous instruments outside the model are
not available (to be further discussed in §2.3).

In addition, a few studies, such as Dellarocas (2006),
Godes and Mayzlin (2009), and Godes et al. (2005),
examine how firms can play a role in manipulating or
controlling UGC and online WOM. Dellarocas (2006)
develops an analytical model to study the economic
impact of firms’ posting anonymous messages to
Internet opinion forums in disguise as customers.
Godes and Mayzlin (2009) study how firm-created
WOM could drive sales through a field test and a
controlled experiment. Godes et al. (2005) summarize
four roles that firms can play in managing the social
interactions among consumers: observer, moderator,
mediator, and participant. Although firms’ activities
are examined in these studies, these activities are still
conducted anonymously for the purpose of creating
UGC. By contrast, in our study, we explicitly look
at the online content created by artists as a means
of marketing communication and aim to provide evi-
dence on the business value and impact of social
media as a marketing channel.

2.3. Panel VAR Model
Social media has increasingly been considered as
an important marketing channel for firms. However,
studies that document or quantify the effect of social
media marketing after controlling for other influen-
tial factors, such as traditional channel marketing, are
scant. We apply the insights from the literature on
advertising and online content to the social media
context and employ a panel data model that allows us
to investigate the effects of social media marketing on
sales over time across a large panel of artists. This is in
contrast to a few recent studies (e.g., Aral and Walker
2011, Kumar et al. 2013, Rishika et al. 2013) that exam-
ined social media marketing in the context of only one
firm or one product. The model we use is a variant
of the VAR model developed in the seminal work by
Sims (1980). The VAR model has been widely used to
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analyze macrolevel data (e.g., country and market lev-
els) in macroeconomics and finance (see, for example,
Bessler 1984, Sims 1992, McCarty and Schmidt 1997).
In principle, VAR models can also be applied to study
microlevel data (e.g., firm or individual level). For
example, Holtz-Eakin et al. (1988) was the first paper
to estimate a panel VAR model, revealing the dynamic
relationship between individuals’ hours of work and
their wages. In the information systems and market-
ing literatures, we have recently seen a growing num-
ber of empirical studies that apply VAR models (e.g.,
Pauwels et al. 2004, Trusov et al. 2009, Adomavicius
et al. 2012, Tirunillai and Tellis 2012, Zhang et al. 2012,
Dewan and Ramaprasad 2014, Luo et al. 2013).

In this study, we apply and estimate a panel VAR
model with exogenous variables and unobserved fixed
individual effects. Because VAR models assume that
each dependent variable is a function of its own past
values and the past values of all other dependent
variables, panel VAR models are one type of dyna-
mic panel models. Prior studies (e.g., Nickell 1981,
Arellano 2003) have shown that the within-group esti-
mator (i.e., the least-squares estimator after subtract-
ing the individual means of the observations) for the
fixed effects model is biased when applied to esti-
mate a dynamic panel model. The GMM (for a detailed
review of this method, see Hansen 1982, Hamilton
1994, Hayashi 2000) that uses lagged dependent vari-
ables and lagged differences of dependent variables
as instruments has been developed in the economet-
rics literature. Estimation methods for single equations
in dynamic panel models are discussed in a series of
papers such as those by Arellano and Bond (1991),
Ahn and Schmidt (1995, 1997), Arellano and Bover
(1995), and Blundell and Bond (1998). Binder et al.
(2005) describe the standard and extended GMM esti-
mation procedures for estimating panel VAR models
with only one lag. The difference between these two
procedures is that the extended GMM estimator uti-
lizes more instruments than the standard GMM esti-
mator by imposing the additional assumption that
changes in the instrument variables are uncorrelated
with the fixed effects. The standard GMM estimation
method, on the other hand, requires only one assump-
tion, namely, that there is a lack of serial correlation
in the error terms. Binder et al. (2005) also show that
the standard GMM estimator can break down if the
model contains unit roots (i.e., the time series are
nonstationary). We provide all of the technical details
involved in specifying and estimating a panel VAR
model in this paper’s online supplement (available as
supplemental material at http://dx.doi.org/10.1287/
isre.2015.0582.)

The strengths of panel VAR models come from the
benefits of the VAR models and availability of panel
data. In a VAR model, main variables are assumed to

be endogenous, so no a priori information is required.
It also allows the inference of bidirectional relation-
ships between endogenous variables (e.g., Granger
causality tests). The dynamics between endogenous
variables over time can also be assessed through tech-
niques such as impulse response functions (to be dis-
cussed in §4.2). The availability of panel data allows
one to control for unobserved individual heterogene-
ity and utilize instruments within the model such
as lagged dependent variables in the GMM estima-
tion to obtain consistent estimates. However, panel
VAR models also have limitations. First, as the num-
ber of endogenous variables or the number of lags
increases, the number of parameters increases rapidly,
leading to inefficiencies in the estimation approach.
Second, the advantage of utilizing instruments within
the model for the GMM estimator could also be a
disadvantage compared with the “traditional” instru-
mental variable approach that utilizes truly exoge-
nous instruments; one should, therefore, proceed with
caution when making any causal inference.

3. Data
3.1. How Do Artists Promote Themselves on

MySpace Music?
As a social networking site focusing on entertain-
ment, MySpace allows bands and artists to set up
profile pages that are different from the ones for nor-
mal users. The goal is to provide a professional plat-
form for artists to connect with their fans besides
building their personal networks. On a typical artist
profile page, aside from the basic profile information
about the artist, there is usually a music player that
allows visitors to play the songs in a playlist specified
by the artist. The artists can also list the schedules
of their upcoming shows or concert performances.
Many artists also leave space for some recent blog
entries and upload a few videos. Finally, a list of top
friends and some recent comments by friends appear
at the end of the profile page.

The information provided on the profile page
serves only as a starting point of online music pro-
motion. MySpace Music also provides other tools to
exploit the benefits of social networks. One of these
tools is the bulletin board. Bulletins are posts that
everyone in the friend list can see. Artists can post
bulletins on a timely basis to tell their friends what
they are doing right now, ask them to listen to their
new songs, and invite them to post comments. Once
a user becomes an artist’s friend, then that user will
automatically receive the artist’s bulletins and be able
to see them until they expire in 10 days. A second
major promotional tool is the friend updates that
automatically broadcast artists’ latest MySpace activ-
ities to their fans (MySpace recently renamed “friend
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updates” as “activity stream”). The benefit of the
friend updates lies in the fact that any activities by
the artists are automatically communicated to their
friends. After they log in, by default, MySpace users
see the updates in the past month for the artists they
are friends with. MySpace, like other social networks,
also periodically sends emails to users to notify them
of the recent friend updates.

To summarize, both bulletins and friend updates
are broadcasting tools on MySpace Music that enable
artists to easily reach music fans on a real-time basis.
From a technical standpoint, one major difference
between these two is that bulletins are text messages
sent in the name of the music artist herself and often
have a personal touch, whereas friend updates are
logs of artists’ activities automatically generated by
the social media application and shared with their
fans. Ex ante, it is unclear whether either of them
would have a significant effect on sales; we explore
this issue in §4.

3.2. Data Description
We use three main data sources in this research,
namely, MySpace activity stream data, Amazon sales
rank and album price/release data, and traditional
media advertising expenditure data from an ad intel-
ligence company called Kantar Media. MySpace is in
partnership with Amazon, allowing users to directly
buy MP3 albums and songs from Amazon by fol-
lowing the links on MySpace pages. Amazon tracks
the sales ranks of artists that sell music (either CDs
or digital albums/songs) on Amazon.com.2 Album
prices and release dates are also available on music
artists’ Amazon profile pages. The activity stream on
MySpace Music records all of the broadcasting activ-
ities by artists, which are then broadcasted to their
friends. To collect this information, we subscribed
to a selected sample of artists as their friends and
retrieved the daily updates of their MySpace activ-
ities. Kantar Media keeps track of all music artists’
weekly advertising expenditure on promotions car-
ried out in traditional media channels, including TV,
magazines, newspapers, and radio.

In this study, we use MySpace over other social net-
working or microblogging sites primarily for the fol-
lowing reasons. MySpace operates an entire division
(MySpace Music) dedicated to serving music artists
and fans, which cannot be found elsewhere. Millions
of artists are attracted to this website for the reason
that MySpace is the most popular website to promote
their music. In this regard, marketing on MySpace for
artists has become a large-scale phenomenon (Vincent

2 The rank data we collected are at the artist level, not the album or
song level. Artist sales rank is the rank of Amazon.com sales from
an artist’s physical CDs and digital albums/songs.

2006, 2010). In addition, to better compete with other
sites, MySpace aims to become an online community
around entertainment and focuses on areas such as
music, video, and games (Steel 2009). Given these
observations, we believe that MySpace Music is an
ideal choice to study how social media marketing can
influence sales in the music industry.

Our sales rank data come from the second largest
music retailer, Amazon.3 Unlike other top players
such as iTunes and Walmart, Amazon pursues a bal-
anced strategy of selling both physical and digital
music. We assess whether the Amazon sales ranks
are correlated with the overall music market sales by
comparing the Amazon music charts with the well-
known Billboard charts. We retrieved the Billboard
Hot 100 Songs and Amazon Top MP3 Songs on the
same day and calculated the correlation between the
sales ranks of the songs that appeared on both lists.
These two sales ranks turned out to be highly corre-
lated, with a coefficient of 0.758. Thus, we conclude
that artists’ Amazon sales ranks are representative of
their overall music sales ranks.

To capture the influence of price on sales, we also
utilize album price data available on music artists’
Amazon profile pages to calculate a weekly price
index for each artist.4 On an artist’s Amazon profile
page, a list of up to 25 albums (including single-song
albums) released by this artist, with album price infor-
mation, is shown by default. We first use the album
prices to calculate a daily price index and then take
the average of these daily numbers across a week to
generate the weekly price index. In our sample, over
90% of artists released no more than 25 albums by the
end of our study period. Our results do not change
whether we focus on a subset of the sample artists
with no more than 25 albums or the entire sample.

Considering that music artists’ sales will increase
when they have a new album/song release, we also
collect information on new album releases by each
artist during our sample period from the Amazon
MP3 store. Single-song releases are included in this
list as single-song albums. It is possible that an artist
releases multiple MP3 albums in the same week, as
one album can have different versions, such as explicit

3 According to a press release from the NPD Group (2010), Amazon
had 12% of the overall music market (including both CD and digital
formats) in the first quarter of 2010.
4 Since our analyses are conducted at the artist level, one may use
either album prices or song prices or both to create a price index
for each artist. Because the number of albums is much smaller
than the number of songs for most artists and single-song albums
are also included in the album list on Amazon, we use the list of
album prices to generate our price index. Album price information
is available for almost all artists; very few artists do not have album
prices on their Amazon profile pages.
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or deluxe versions, and they can be released on dif-
ferent days. During our study period of 32 weeks,
258 out of 616 artists had at least one album release.

An important problem we need to deal with is how
to match artist profiles between MySpace and Ama-
zon and, at the same time, select a representative sam-
ple of artists. Because there are over eight million
artist profiles on MySpace Music and the list of all
artists was not available to us, we selected the sam-
ple of artists through the lists of Amazon’s daily Top
MP3 Songs for all genres and 22 different individ-
ual genres (23 lists per day; 450 artists per list).5 We
used the top song list instead of the top artist list
to avoid selecting only the most popular artists.6 We
selected three days (August 30, September 10, and
September 20) in 2008 and downloaded 23 lists per
day. Originally, 5,146 distinct artists appeared on these
lists, and both major labels and indie (i.e., indepen-
dent or unsigned) artists were included. A program
was written to search for these artists’ information
on MySpace Music and find their corresponding pro-
file pages automatically. To ensure accuracy, the artist
name and the titles of uploaded songs on the pro-
file page were used to match with the information
on Amazon. There could be multiple MySpace pro-
files for the same artist name, but we took a con-
servative approach and selected the artists that had
only one match on MySpace. Overall, 1,604 artists’
profile pages were exactly matched. Next, we tried to
send a friend request to each of these 1,604 artists,
and until October 18, 2008, successfully subscribed
to 631 artist profiles.7 In addition, to make sure that
all of these profile pages were created and managed
by music artists instead of fans,8 we recruited three
undergraduate students in a business school to man-
ually check the content of each profile page and iden-
tify the pages that were created by music fans. Eight
profile pages were found to be fan pages among the
631 artists. Considering the availability of price data,
the final sample contained 616 artists. The actual data
collection started on October 19, 2008, and ended on
May 30, 2009; thus, we have data for 32 weeks in
total. In the online supplement, we address the issue
of potential selection bias that might have occurred

5 The list of these 22 genres is available at http://www.amazon
.com/gp/bestsellers/dmusic/digital-music-track.
6 The top artist list is based on the total sales of all digital music;
usually it is very difficult for obscure artists to get into this list, but
it is much easier for them to show up in the top song list. In light
of this, we decided to use the top song list.
7 If the friend request is accepted by the artist, then the user be-
comes a friend of that artist and is able to observe his or her pro-
motional activities.
8 We thank one reviewer for suggesting to check whether a profile
page is indeed created and managed by a music artist.

Figure 1 Traditional Media Advertising Expenditure Over the Study
Period (USD Million)
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when artists chose not to have a MySpace profile or
not to accept our friend request.

The advertising expenditure data on traditional
media advertising was purchased from Kantar Media.
This company records all advertising expenses (in
dollar amount) in various traditional media channels,
such as TV, magazines, newspapers, and radio, by
different music artists on albums or songs in each
week. The benefits of incorporating this data set are
twofold: to control for artists’ promotions in tradi-
tional media channels to isolate the effect of broad-
casting in social media on music sales, and to make
comparisons between artists with and without tradi-
tional media channel promotions. Figure 1 shows the
distributions of monthly advertising expenses for all
music artists and the artists in our sample over the
study period. In less than eight months, the artists in
our sample spent $12.4 million on traditional media
advertising, whereas all artists together spent $113.7
million.

In summary, the main time series variables con-
structed for our analyses are weekly average sales
ranks (SalesRanki� t), number of bulletins (Bulletinsi� t),
number of friend updates (FriendUpdatesi� t), weekly
price index (Pricei� t), whether there is any new album
release or not (Releasei� t), and advertising expense
in traditional media channels (Tradi� t) for artist i
in week t. Table 1 shows the descriptive statis-
tics of these variables over the study period. The

Table 1 Descriptive Statistics

Variable No. of obs. Mean Std. dev. Median Min Max

SalesRanki� t 19�712 5,087 9,075 2,062 2 111,093
Bulletinsi� t 19�712 0�68 1�96 0 0 48
FriendUpdatesi� t 19�712 0�57 1�06 0 0 12
Pricei� t 19�712 7�68 2�06 7.99 0.99 20.03
Releasei� t 19�712 0�02 0�14 0 0 1
Tradi� t 19�712 0�63 11�66 0 0 694.90
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number of observations for all of these variables is
19,712 (= 616 × 32), and the panel data set is strongly
balanced. The sales ranks for the artists range from
2 to 111,093, indicating that both popular and unpop-
ular artists are included in the sample. We also find
that a wide range of genres are represented in the
sample. The average number of bulletins each week
is only 0.68, but the maximum number could reach 48
(i.e., in the extreme case, artists post almost seven
bulletins per day). Similarly, the average number of
friend updates each week is also small (0.57), but
the maximum could reach 12. The average weekly
price index is 7.68, which is close to the price of an
ordinary album with 8 to 12 songs. The minimum
price index is only 0.99, whereas the maximum could
reach more than 20. The average value of Releasei1 t is
only 0.02, because not many artists have new releases
each week. The Tradi1 t variable is in thousands of dol-
lars; the average value is 0.63, meaning $630 on a
weekly basis. This average value seems small, but this
is because there are many observations with zero val-
ues in a period of 32 weeks (the median is also zero).
The maximum value is, however, very large, 694.9,
which means $694,900.

4. Quantifying the Effects of
Broadcasting Activities

We estimate a panel VAR model that examines the
dynamic interactions among artists’ sales ranks and
promotional actions. To avoid making any assump-
tions that may be unreasonable, we adopt the reduced
form of VAR models in which each dependent vari-
able is endogenous and is a linear function of its
own past values, the past values of all other depen-
dent variables, a set of exogenous or predetermined
variables, and an error term.9 The panel structure of
the data allows us to control for unobserved indi-
vidual heterogeneity. Toward that end, we introduce
individual-specific effects to the model. Thus, we
specify the following baseline model:

yi1 t =





SalesRanki1 t
Bulletinsi1 t

FriendUpdatesi1 t





=

p
∑

s=1

ês ·





SalesRanki1 t−s
Bulletinsi1 t−s

FriendUpdatesi1 t−s





+Â ·Pricei1 t−1 +

q
∑

s=1

�s ·Releasei1 t−s

+

r
∑

s=1

�s ·Tradi1 t−s +Ät + fi + Øi1 t1 (1)

9 Recursive or structural forms are possible, but they require one to
impose restrictions on causality or contemporaneous relationships
between variables (Stock and Watson 2001).

where yi1t = 4SalesRanki1t1Bulletinsi1t1FriendUpdatesi1t5
′

is a three-element column vector for artist i at time t,
containing the log transformation of the dependent
variables;10 ê’s are 3×3 matrices of slope coefficients
for endogenous variables; p is the number of lags;
Pricei1t−1 is the weekly price index for artist i at
time t−1; Releasei1t−s is a dummy variable denoting
whether there is any album/song release by artist i
at time t−s; Tradi1t−s is the log transformation of
the weekly expenditure on traditional channel pro-
motions by artist i at time t−s;11 Ät = 4�11t , �21t , �31t5

′

is a column vector of time dummies that control
for any time effects such as seasonality; fi = 4f11i1
f21i1f31i5

′ is a column vector of unobserved individual
effects, characterizing artists’ time-invariant attributes;
and Øi1t = 4�11i1t1 �21i1t1 �31i1t5

′ is a three-element vec-
tor of errors, satisfying the assumption that E4�m1i1t5=
E4�m1i1t�m1i1s5=0 for m=1, 2, 3, and t 6=s, i.e., error
terms are serially uncorrelated when a sufficient num-
ber of lags p is used.

In our model, we consider the three control vari-
ables, Tradi1 t , Pricei1 t , and Releasei1 t , as predetermined
variables. Because of space limitation, promotions in
traditional media channels such as TV, magazines,
and radio stations often require a long lead time for
planning. TV commercial slots, for instance, especially
those during prime time, need to be prescheduled
well in advance because such slots are quite limited.
As to album prices and new music releases, they were
often determined prior to the current week, so we
model both of them as predetermined variables, too.
One may, however, argue that price should theoreti-
cally be considered as an endogenous variable in the
system with the presence of sales and advertising.
To check the robustness of our results, we also esti-
mate a different model in which price is treated as
the fourth endogenous variable, and we obtain very
similar results (available on request).

4.1. Model Identification and Estimation
As discussed in §2, since the lagged dependent vari-
ables yi1 t−11yi1 t−21 0 0 0 1yi1 t−p in Equation (1) are corre-
lated with the average error term Ø̄i in the within-group
estimator (i.e., the least-squares estimator after sub-
tracting the individual means of the observations),
the within-group estimator for the fixed effects
model will be biased for this type of dynamic panel
model (Nickell 1981, Arellano 2003). We estimate the

10 Because these three variables have very different means and stan-
dard deviations, log transformation is used to improve model fit.
Since Bulletins and FriendUpdates have zero observations, we add 1
to them before the log transformation. We have also tested dif-
ferent numbers such as 0.5 and 0.1, and the results remain the
same.
11 We add 0.1 to the Trad variable before the log transformation;
the choice of different numbers does not influence the results.
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proposed panel VAR model using the standard GMM
estimator following Binder et al. (2005). To examine
the stationarity of our panel data set, we employ both
the Levin et al. (2002) and Harris and Tzavalis (1999)
tests and find that there is no unit root and all of
the endogenous variables are stationary. The results
of these unit root tests are presented in the online
supplement.

To apply the standard GMM estimator, we first
specify the model with a reasonably long length of
lags and conduct an initial specification check using
the Sargan test (Sargan 1958, 1959). After finding an
acceptable specification, we carry out the lag selection
procedure through the Sargan difference test to select
a lag length that provides the best balance of accu-
racy and efficiency. To address the concern that too
many instruments may be used, one can again use the
Sargan difference test to test the validity of subsets of
instruments for a chosen lag. The details of this entire
process and the derivation of the standard GMM esti-
mator for panel VAR models with multiple lags are
provided in the online supplement.12 As shown in the
online supplement, we find that one lag of the depen-
dent variables is sufficient for all three equations in
the panel VAR model. We also estimate the model
by assigning different values (1, 2, and 3) to q and
r to capture different carryover effects of new music
releases and artists’ promotions in traditional chan-
nels; we find that our results are not influenced by the
choice of q or r . Therefore, we only report the estima-
tion results for the q = 1 and r = 1 case in this paper;
the results for the other specifications are available on
request.

Table 2 shows the estimation results for the baseline
model. Our main goal is to examine whether MySpace
promotions have a significant effect on artists’ music
sales after controlling for other factors such as indi-
vidual and time effects, album prices and releases,
and traditional media promotions. We should point
out that the interpretation of the coefficient estimates
on one-period lagged dependent variables would allow
us to assess the short-term effects of these variables on
the dependent variable. Quantifying the effect of the
change in dependent variables lagged more than one
period (when p is larger than 1), however, is not so
straightforward because this effect depends not only
on the coefficient estimate on that variable but also
the coefficient estimates on other lagged dependent
variables. For this reason, impulse response func-
tions (IRFs) are often used to visually interpret the
coefficient estimates generated for VAR models (to be

12 To the best of our knowledge, there are no commercial statistical
or econometric software packages that implement the estimation
functions for this type of model. We therefore wrote a MATLAB
program to estimate our model.

Table 2 Panel VAR Coefficient Estimates 4N = 6161 T = 325

Dependent variable

Independent variable SalesRanki1 t Bulletinsi1 t FriendUpdatesi1 t

SalesRanki1 t−1 00543∗∗ −00013 00013
4000115 4000125 4000125

Bulletinsi1 t−1 −00044∗∗ 00229∗∗ 00042∗∗

4000085 4000095 4000105
FriendUpdatesi1 t−1 −00008 −00001 00098∗∗

4000085 4000095 4000095
Pricei1 t−1 00044∗∗ −00006 −00026

4000145 4000145 4000145
Releasei1 t−1 −00201∗∗ 00044∗ 00029

4000195 4000225 4000225
Tradi1 t−1 −00040∗∗ 00019∗∗ 00023∗∗

4000065 4000065 4000065

Notes. Numbers in parentheses are standard errors. Time fixed effects are
included in the estimation, but the coefficient estimates are not shown to
conserve space. This also applies to Tables 4–6 and 9.

∗Significant at 5%; ∗∗significant at 1%.

discussed in §4.2). In this paper, since the number of
lags p is 1 in the analyses, we mainly rely on the coef-
ficient estimates to directly interpret the short-term
effect of each independent variable on the dependent
variable.

To explain the main results from the estimation
of the baseline model, we first look at the short-
term effects of two types of broadcasting activities on
sales. In the SalesRank equation, the coefficient esti-
mate on Bulletins at lag 1 is negative (−00044) and
statistically significant at the 1% level, indicating that
the dependent variable, sales rank, will decrease (i.e.,
sales will go up) next week when the number of bul-
letins in this week increases. On the contrary, the coef-
ficient estimate on FriendUpdates is negative (−00010)
and insignificant at the 5% level. The different result
between bulletins and friend updates is an impor-
tant finding of this study and can be explained by
the difference in the nature and content of these two
broadcasting activities (to be further examined in §5).
Advancement in IT, especially the exploding devel-
opment of social media tools, has enabled organiza-
tions and individuals to easily publish and consume
online content, which, to some extent, is also threat-
ening the institutional control of traditional media.
However, social media technology still has its lim-
its and cannot be used blindly. In our context, friend
updates are automated messages generated based on
predefined templates; bulletins, on the other hand, are
personal messages written in the name of the music
artists themselves, providing a personal touch. Both
types of messages are broadcasted to music artists’
fans, but their effects on sales are quite different. This
suggests that interactions with customers can be facil-
itated by social media tools, but marketers still need
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Table 3 Rough Estimate of the Short-Term Effect of Bulletins on
Weekly Digital Track Sales

Sales rank 1 10 100 1,000 10,000 100,000

Weekly digital 296,559 54,176 9,897 1,808 330 60
track sales

Effect of bulletins 1,933.0 353.1 64.5 11.8 2.2 0.4
on sales

to pay attention to the varying effects of the differ-
ent kinds of communications they can have with cus-
tomers in social media.

The interpretation of the economic value of the
coefficient estimate of −00044 on Bulletinsi1 t−1 is the
following: a 20% increase in the number of bulletins
(more accurately, the number of bulletins plus one) in
one week is associated with a 0.88% decrease in the
sales rank in the following week. To put it in perspec-
tive, we follow Brynjolfsson et al. (2003) and provide
a rough estimate of the short-term effect of bulletins
on the sales volume since our dependent variable is
sales rank. Brynjolfsson et al. (2003) fit sales and sales
rank to the following regression relationship:

ln4Sales5= �+� ln4Rank5+ �1 (2)

where � determines the location of the sales curve,
and � determines the shape of the curve. To illus-
trate the idea, we focus only on the weekly digital
track sales of an artist. We assume the � coefficient
to be −007383, the same as the shape parameter esti-
mated by Chellappa and Chen (2008) using the Bill-
board Hot Digital Tracks chart, and then obtain an
estimate of 12.6 for � according to the sales data pub-
lished by the Nielsen Company (2010). These esti-
mates indicate that the topmost artist has digital track
sales of 296,559 units per week and that an artist with
a rank of 1,000 has digital track sales of 1,808 units
per week.13 Based on these estimates, we show in
Table 3 how the effect of posting additional bulletins
on digital track sales varies across different artists.
Depending on the sales rank of an artist, the increase
in sales can range from a few to a couple of thousand
each week.

Next, we turn our attention to the coefficient esti-
mates on other control variables in the SalesRank
equation. First, the coefficient estimate on Pricei1 t−1
is positive (0.043) and statistically significant at the
1% level, which is consistent with the general belief
that when price increases, the sales should decrease

13 We want to point out that the estimates of � and � are based on
sales data for popular artists, which may lead to biased estimates
of weekly track sales for artists across different ranks. Our main
purpose of this analysis is to demonstrate a way to quantify the
effect of broadcasting activities on sales if only sales rank data are
available.

(i.e., sales rank increases). Second, the coefficient esti-
mate on Releasei1 t−1 is −00201 and statistically sig-
nificant at the 1% level, suggesting that an artist’s
sales rank would jump higher after releasing a
new album/song. Third, the coefficient estimate on
Tradi1 t−1 is −00045 and statistically significant at the
1% level, which also reflects the standard relationship
between advertising and sales. Interestingly, the coef-
ficient estimate of −0.045 is very close to the coeffi-
cient estimate on Bulletinsi1 t−1 (−00044), which enables
us to attach a dollar amount to the value of broad-
casting in social media (regardless of the actual cost
incurred to conduct such broadcasting promotions);
that is, the effect of the change in the variable 1 +

number of bulletins on music sales is almost the same
as that of the change in the variable 001+weekly expen-
diture on traditional media promotions, which is a dollar
amount in thousands.

In addition, the panel VAR model estimates also
reveal how music sales and other control variables
affect artists’ broadcasting activities on MySpace Music,
which helps us examine the potential simultaneity
problem between advertising and sales discussed in
the literature (e.g., Bass 1969), i.e., advertising in-
creases sales, but sales in turn could also increase ad-
vertising. The coefficient estimate on SalesRanki1 t−1
in both the Bulletins and FriendUpdates equations
in Table 2 are statistically insignificant at the 5%
level, implying that artists’ broadcasting activities on
MySpace in the current week are not affected by their
sales ranks in the past week. Moreover, the coeffi-
cient estimates on Tradi1 t−1 in both the Bulletins and
FriendUpdates equations are positive and statistically
significant at the 1% level, implying that both types
of broadcasting activities on MySpace are, on aver-
age, positively correlated with the promotions in tra-
ditional media channels.

4.2. Examining the Long-Term Effects of
Broadcasting Activities

As mentioned earlier, to examine the long-term be-
havior of the panel VAR model, IRFs are often
employed to describe the effect of one unit increase in
one variable on the future values of all variables in the
system. The assumption here is that this error returns
to zero in subsequent periods, and all other errors are
equal to zero (Stock and Watson 2001). By this set-
ting we can learn whether a shock to one variable will
have a permanent or transitory effect on any of the
three dependent variables, and if the effect is transi-
tory, how long it will take to dissipate. To illustrate
how the impulse responses are calculated, we rewrite
Equation (1) as its vector moving average representa-
tion after dropping the subscript i (Hamilton 1994):

yt = c +Çt +ë1Çt−1 +ë2Çt−2 + · · · 1 (3)
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Figure 2 Impulse Response Functions

Note. Dotted lines are the 5th and 95th percentiles.

where c is a three-element vector of constants, the ë ’s
are 3 × 3 matrices that can be recursively determined
given the matrices ê’s, and Ç is a vector white noise
process with Çt = 4�11 t1�21 t1�31 t5

′ such that E4Çt5= 0,
E4ÇtÇ

′
t5 = �2I, and E4ÇtÇ

′
s5 = 0 for t 6= s. Then the

4j1 k5th element, �s
j1 k, of the matrix ës represents the

impulse response of yj with respect to the sth lagged
innovation �k

¡yj1 t+s

¡�k1 t

=
¡yj1 t

¡�k1 t−s

= �s
j1 k1 j1 k = 112130 (4)

Figure 2 presents the impulse response functions
along with the 90% confidence intervals generated
from Monte Carlo simulations.14 We are particularly
interested in how the sales rank responds to a shock to
the broadcasting activities (Figures 2(a) and 2(b)) and
how the broadcasting activities respond to a shock to
the sales rank (Figures 2(c) and 2(d)). Figures 2(a) and
2(b) illustrate that an unexpected one-unit increase in
the variable Bulletins (or FriendUpdates) is associated
with a 4.4% decrease (or 0.8% decrease) in the loga-
rithm of sales rank at t = 1 (i.e., increase in sales). The

14 We generate a random draw of the coefficient matrices ê’s in
Equation (1) using the coefficient estimates and their variance-
covariance matrix and calculate the impulse responses in Equa-
tion (4). We repeat this procedure 10,000 times and obtain the 5th
and 95th percentiles to construct the confidence interval.

effect of bulletins on sales rank is significantly differ-
ent from zero as we go from week 1 to week 12; how-
ever, the effect of friend updates is not significantly
different from zero. Both effects gradually reduce to
zero as the carryover effect eventually dies out. Fig-
ures 2(c) and 2(d) show the different responses of
broadcasting activities to a positive sales rank shock.
We observe a decrease in bulletins and an increase
in friend updates going from week 1 to week 7, but
neither change is significantly different from zero. In
sum, IRFs provide a graphical representation of how
the system evolves over time, and their short-term
results at t = 1 are consistent with the interpretation
of the coefficient estimates in Table 2.

5. Analyzing the Timing and Content
of Bulletins

To shed light on how broadcasting activities influ-
ence sales, we take a step further and conduct a
few exploratory analyses to examine how the timing
and content of bulletins play a role. First, we investi-
gate whether the effect of bulletins on sales becomes
stronger when there are new album releases. Second,
we perform textual analyses to categorize bulletins
into different kinds of content and assess whether
they have different effects on sales.
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5.1. Differential Effect of Bulletins Around
New Releases

We add an interaction term between Bulletins and
Release to each equation and reestimate the panel VAR
model. The results are reported in Table 4. The coef-
ficient estimate on this interaction term is −00198 and
statistically significant at the 1% level, and its mag-
nitude is about five times as large as the coefficient
estimate on Bulletinsi1 t−1 (−00038). This suggests that
the effect of bulletins on sales is much larger around
music releases than during other times. It is thus
important for artists to communicate with music fans
through personalized messages when new music is
released, which would likely encourage more fans to
make purchases and increase sales.

5.2. Content of Bulletins
To explore what kind of content is available in bul-
letins, we use a list of pre-selected keywords to iden-
tify the subset of bulletins that is related with the
topics defined by the keywords. The underlying ratio-
nale is that when a certain keyword appears in a bul-
letin, we can use that keyword to classify the topic
discussed in the bulletin. We conduct two sets of anal-
yses to better understand what topics are covered by
artists in bulletins and how effective these bulletins
are in affecting sales.

First, we notice that MySpace classifies friend up-
dates into different categories, among which posting
new photos, posting new videos, and posting new
blogs are the most popular ones. In our data set,
the majority of friend updates (86.0%) are these three
types of activities. To find out whether artists talk
about photos, videos, and blogs in bulletins, too, and,
if so, whether the effect of bulletins mainly comes from

Table 4 Panel VAR Coefficient Estimates with the Interaction of
Bulletins and Releases 4N = 6161 T = 325

Dependent variable

Independent variable SalesRanki1 t Bulletinsi1 t FriendUpdatesi1 t

SalesRanki1 t−1 00548∗∗ −00009 00012
4000115 4000125 4000125

Bulletinsi1 t−1 −00038∗∗ 00227∗∗ 00042∗∗

4000085 4000095 4000105
Bulletinsi1 t−1 ×Releasei1 t−1 −00198∗∗ 00021 −00003

4000245 4000285 4000305
FriendUpdatesi1 t−1 −00006 00001 00097∗∗

4000085 4000095 4000095
Pricei1 t−1 00042∗∗ −00019 −00031∗

4000135 4000135 4000135
Releasei1 t−1 −00104∗∗ 00034 00033

4000225 4000265 4000275
Tradi1 t−1 −00037∗∗ 00018∗∗ 00023∗∗

4000065 4000065 4000065

∗Significant at 5%; ∗∗significant at 1%.

Table 5 Different Content of Bulletins 4N = 6161 T = 325

Photo/Video/Blog Artist activity
Baseline (PVB) (ACT)

(1) (2) (3)

SalesRanki1 t−1 00543∗∗ 00555∗∗ 00548∗∗

4000115 4000115 4000115
Bulletinsi1 t−1 −00044∗∗

4000085
Bulletins_PVBi1 t−1 −00019

4000175
Bulletins_NoPVBi1 t−1 −00046∗∗

4000085
Bulletins_ACTi1 t−1 −00037∗∗

4000115
Bulletins_NoACTi1 t−1 −00035∗∗

4000095
FriendUpdatesi1 t−1 −00008 −00010 −00010

4000085 4000085 4000085
Pricei1 t−1 00044∗∗ 00040∗∗ 00048∗∗

4000145 4000135 4000135
Releasei1 t−1 −00201∗∗ −00209∗∗ −00201∗∗

4000195 4000195 4000195
Tradi1 t−1 −00040∗∗ −00040∗∗ −00042∗∗

4000065 4000065 4000065

∗∗Significant at 1%.

them, we assign all bulletins into two categories: Bul-
letins_PVB is the subset of bulletins (9.2%) that con-
tain any of the three word stems (photo, video, and
blog), and Bulletins_NoPVB is the subset of remain-
ing bulletins (90.8%). To examine the effects of dif-
ferent bulletins, we split the count variable Bulletins
into two (Bulletins_PVB and Bulletins_NoPVB) in each
week and treat both as endogenous variables in the
estimation.15 The results for the SalesRank equation
are presented in Column (2) of Table 5. For compar-
ison, we also present the estimation results from the
baseline model in Column (1), which are the same
as the results in the SalesRanki1 t column in Table 2.
The estimation results for other equations are quite
similar to those in Table 2 and thus are omitted here
to save space. We can see from Table 5 that the
coefficient estimate on Bulletins_PVBi1 t−1 is negative
but statistically insignificant at the 5% level, whereas
the magnitude and significance level of the coeffi-
cient estimate on Bulletins_NoPVBi1 t−1 are very close
to those of Bulletinsi1 t−1 in Column (1) from the base-
line model. This implies that the effect of bulletins on
sales rank does not come from those that discuss the
photos, videos, or blogs posted by artists.

15 Our results are robust when we estimate the panel VAR
model with three main variables (SalesRank, Bulletins, and Friend-
Updates) but replacing the Bulletins variable with any one of the
four variables (Bulletins_PVB, Bulletins_NoPVB, Bulletins_ACT, and
Bulletins_NoACT) in the regression.
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Second, artists may use bulletins as a tool to notify
music fans of their upcoming activities that take place
outside of MySpace. Although we control for pro-
motions in traditional channels, it is possible that
artists engage in other activities that may also con-
tribute to the increase of sales. To this end, we spec-
ify a list of 10 word stems (tour, show, concert,
event, interview, trip, TV, radio, live, and feature) that
characterize the main activities by artists outside of
MySpace and classify all bulletins into two categories:
Bulletins_ACT is the subset of bulletins (19.4%) that
contain any of the aforementioned 10 word stems, and
Bulletins_NoACT is the subset containing the remain-
ing bulletins (80.6%). We then estimate a panel VAR
model with the count variable Bulletins split into two
(Bulletins_ACT and Bulletins_NoACT), and the results
for the SalesRank equation are presented in Column (3)
of Table 5. We find that coefficient estimates on both
Bulletins_ACTi1 t−1 and Bulletins_NoACTi1 t−1 are nega-
tive (−00037 and −00035) and statistically significant at
the 1% level. This indicates that bulletins that specif-
ically discuss artists’ activities and bulletins that dis-
cuss other things can both have an effect on sales.

6. Controlling for the Effect of
User-Generated Content

As extensively documented in the literature, UGC
is considered to have a significant effect on prod-
uct sales. Although artist-generated content and
UGC share some common characteristics, there are
several fundamental differences between them. First,
artist-generated content is one form of marketing
communication by artists themselves, whereas UGC
represents consumer-to-consumer communication. Se-
cond, artists can make decisions on what kind of con-
tent to be generated and how. UGC is, in general,
less likely to be directly influenced by artists or com-
panies who sell the product. Third, the mechanisms
through which each makes an impact are different.
Artist-generated content represents the “official” mes-
sage sent to music fans by artists. Given the artist’s fan
base (or the friend network on MySpace in our con-
text), a posting (bulletin) or an action (friend update)
by her is broadcasted to potentially all of her friends in
the network at the same time, which can be regarded
as a phenomenon with a “global” effect. However,
UGC, such as a user posting or customer review, tends
to have a “local” effect, which only renders an impact
on a subgroup of music fans that follow an artist, the
size of which depends on the influencing power of
the posting (for instance, some consumer reviews are
read by many people, whereas some receive almost no
attention).

It would be interesting to study artist-generated
content and UGC together and see how each influ-
ences sales and whether there is an association be-
tween them. To do this, we collect the customer review
data from Amazon, which is arguably the most widely
used data source for customer reviews. For each artist,
we identify all of the digital albums (including single-
song albums) that are released by them on Amazon.
Because Amazon aggregates all customer reviews on
different formats (e.g., physical CD and digital album)
for the same album title, the data set we collect also
includes customer reviews on physical CDs. Amazon
also allows users to post customer reviews on songs
(which belong to a certain album). However, the num-
ber of songs belonging to an artist is too large for
us to handle, so we focus only on customer reviews
on albums (including single-song albums). For this
analysis, we exclude artists that did not receive any
reviews on their albums; this leaves us with 588 artists.
We create two new variables to measure UGC: the
number of new customer reviews on any album of an
artist, Reviews (i.e., volume), and the average rating of
new reviews, Rating (i.e., valence), in each week.16 The
average values of Reviews and Rating are 0.64 and 4.38,
respectively.

To incorporate UGC into the system, we add the
two variables Reviews (with log transformation after 1
is added) and Rating as endogenous variables and
estimate a panel VAR model with five endogenous
variables. Table 6 presents the estimation results. Pre-
vious results about the relationship between broad-
casting activities and sales rank still hold. As to
the impact of UGC on sales, the coefficient estimate
on Reviewsi1 t−1 in the SalesRank equation is negative
(−00078) and statistically significant at the 1% level,
whereas the coefficient estimate on Ratingi1 t−1 in the
SalesRank equation is negative (−00008) but statisti-
cally insignificant at the 5% level. In addition, the
coefficient estimate on SalesRanki1 t−1 in the Reviews
equation is negative (−00100) and statistically signif-
icant at the 1% level, but the coefficient estimate on
SalesRanki1 t−1 in the Rating equation is not statisti-
cally significant. Overall, these results imply that the
number of new reviews (volume) seems to be more
strongly associated with the sales rank than the rating

16 When there is no new review for an artist in a certain week, we
set the value of Rating to the most recent rating received by the
same artist in previous weeks. When there is no new review in the
first week of our study period, we replace Rating with the average
rating of all prior reviews received by the artist. We note that our
main results remain the same if we replace all missing values of
Rating with the average rating of all prior reviews received by
an artist.
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Table 6 Panel VAR Coefficient Estimates with Amazon Review Data 4N = 5881 T = 325

Dependent variable

Independent variable SalesRanki1 t Bulletinsi1 t FriendUpdatesi1 t Reviewsi1 t Ratingi1 t

SalesRanki1 t−1 00544∗∗ −00016 00009 −00100∗∗ 00024
4000115 4000125 4000125 4000125 4000185

Bulletinsi1 t−1 −00049∗∗ 00222∗∗ 00045∗∗ 00019 00016
4000085 4000095 4000105 4000105 4000155

FriendUpdatesi1 t−1 −00010 00000 00097∗∗ 00019∗ −00001
4000085 4000095 4000095 4000095 4000145

Reviewsi1 t−1 −00075∗∗ 00002 00002 00131∗∗ 00006
4000075 4000085 4000085 4000095 4000125

Ratingi1 t−1 −00008 −00001 −00008 00002 00581∗∗

4000055 4000055 4000055 4000065 4000095

Pricei1 t−1 00042∗∗ −00002 −00023 −00006 00009
4000145 4000145 4000145 4000145 4000215

Releasei1 t−1 −00190∗∗ 00048∗ 00030 00129∗∗ −00029
4000185 4000215 4000235 4000235 4000345

Tradi1 t−1 −00038∗∗ 00019∗∗ 00023∗∗ 00056∗∗ 00000
4000065 4000065 4000065 4000065 4000095

∗Significant at 5%; ∗∗significant at 1%.

(valence) in terms of both the magnitude and signifi-
cance level. Our result of the significant effects of both
artist-generated content and UGC on sales is also con-
sistent with an earlier study, Manchanda et al. (2008),
which documents the simultaneous effect of market-
ing communication and interpersonal communication
on physicians’ adoption decisions in the pharmaceu-
tical industry.

However, we observe a much weaker or no associ-
ation between artist-generated content and UGC. The
coefficient estimates on Reviewsi1 t−1 and Ratingi1 t−1 in
the Bulletins and FriendUpdates equations in Table 9
are both statistically insignificant at the 5% level;
the same applies to the coefficient estimates on
Bulletinsi1 t−1 and FriendUpdatesi1 t−1 in the Reviews and
Rating equations too, except the coefficient estimate
on FriendUpdatesi1 t−1 in the Reviews equation. This
suggests that artists’ broadcasting activities are not
influenced by customer reviews, but artists’ friend
updates weakly predict the number of new reviews
written by customers. Both artist-generated content
and UGC seem to provide information that could
have a significant effect on sales.

7. Additional Analyses
In this section, we conduct two additional analyses
to gain further insights. First, we compare the subset
of artists who have a presence in traditional media
channels during our study period with the remaining
artists who promote only through the MySpace chan-
nel. Second, we try to control for time-varying indi-
vidual characteristics in our model by incorporating
a data set about consumer interest.

7.1. Traditional Media Promotions vs.
Social Media Broadcasting

In the past, music artists relied heavily on traditional
media channels such as TV, magazines, newspapers,
and radio to reach fans. Because of the limited access
and high cost of these traditional channels, it was
very important for music artists to get signed by a
major record label and gain access to its resources so
that their music could be broadly promoted. With the
development of the Internet and especially the recent
social media phenomenon, now music artists can
also rely on online or social media channels to con-
duct marketing campaigns; as a matter of fact, many
artists, especially independent artists, rely exclusively
on these new channels. In our sample of 616 artists,
we find that only 108 artists advertised in traditional
media channels within our study period, whereas the
remaining 508 artists did not have any presence in
traditional channels and seemed to rely on online or
social media channels only.

Table 7 presents the descriptive statistics on these
two groups of artists (raw values are used here
without log transformations). Focusing on the mean
values, one can quickly notice that artists who adver-
tise in traditional media channels (Panel A) on average
have lower sales ranks (i.e., more sales), broadcast
more intensively on MySpace Music in terms of both
bulletins and friend updates, and have a slightly
smaller price index. However, considering the extreme
values, we find that artists without a presence in tra-
ditional media channels (Panel B) can reach a lower
sales rank (2) and broadcast more intensively in terms
of both bulletins (48) and friend updates (12).
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Table 7 Descriptive Statistics on Artists With and Without a Presence in Traditional Media Channels

No. of Artists Variable Mean Std. dev. Median Min Max

Panel A: Artists with a presence in traditional media channels
108 SalesRanki1 t 1,831 4,173 510 3 38,661

Bulletinsi1 t 1007 2024 0 0 35
FriendUpdatesi1 t 0091 1030 0 0 10
Pricei1 t 7006 2022 7.09 0.99 11.75
Releasei1 t 0003 0017 0 0 1
Tradi1 t 3060 27065 0 0 694.90

Panel B: Artists without a presence in traditional media channels
508 SalesRanki1 t 5,779 9,666 2,583 2 111,093

Bulletinsi1 t 0060 1089 0 0 48
FriendUpdatesi1 t 0050 0098 0 0 12
Pricei1 t 7081 2000 8.21 0.99 20.03
Releasei1 t 0002 0013 0 0 1
Tradi1 t — — — — —

To examine whether the effects of broadcasting
activities on music sales could be different for these
two types of artists, we estimate the baseline model
on the two subsets of artists and present the coef-
ficient estimates for the SalesRank equation only in
Table 8. The results for the other two equations are
largely similar and thus omitted for space consid-
eration. The coefficient estimates for the full sam-
ple are also presented in Column (1) for reference,
which is the same as the results in the SalesRanki1 t
column in Table 2. A comparison between the results
in Columns (2) and (3) reveals two major differences.
First, the magnitude of coefficient estimates on both
Bulletinsi1 t−1 and FriendUpdatesi1 t−1 for the artists with
a presence in traditional media channels is larger than
that for those artists without a presence in traditional
media channels. Most notably, the coefficient estimate

Table 8 Traditional Media Promotions vs. Social Media Broadcasting

Presence in No presence in
All traditional media traditional media
(1) (2) (3)

SalesRanki1 t−1 00543∗∗ 00681∗∗ 00504∗∗

4000115 4000185 4000135
Bulletinsi1 t−1 −00044∗∗ −00059∗∗ −00052∗∗

4000085 4000155 4000105
FriendUpdatesi1 t−1 −00008 −00032∗ −00000

4000085 4000165 4000095
Pricei1 t−1 00044∗∗ 00003 00058∗∗

4000145 4000225 4000165
Releasei1 t−1 −00201∗∗ −00442∗∗ −00142∗∗

4000195 4000585 4000215
Tradi1 t−1 −00040∗∗ −00046∗∗

4000065 4000085

No. of artists 616 108 508

Notes. The dependent variable is SalesRanki1 t . Numbers in parentheses are
standard errors. Time fixed effects are included in the estimation, but the
coefficient estimates are not shown to conserve space. Column (1) is the
same as the SalesRanki1 t column in Table 2.

∗Significant at 5%; ∗∗significant at 1%.

on FriendUpdatesi1 t−1 in Column (2) is −00032 and sta-
tistically significant at the 5% level, which implies that
the artists who advertise in traditional media chan-
nels may be able to enjoy a positive benefit of auto-
mated messages (friend updates) on sales, although
the effect is still much smaller than that of personal
messages (bulletins). This different effect of broad-
casting activities on music sales may be explained by
the potential synergy between traditional media chan-
nel promotions and social media channel promotions.
Alternatively, this could also be due to the fact that
the artists with a presence in traditional media chan-
nels might intend to broadcast more intensively on
MySpace than the other artists. Second, the coefficient
estimate on Pricei1 t−1 in Column (2) is positive (0.003)
but statistically insignificant at the 5% level. This is in
sharp contrast to the coefficient estimate of 0.058 in
Column (3), which is statistically significant at the 1%
level, for the artists who do not have a presence in
traditional media channels. Our conjecture is that the
artists with a presence in traditional media channels
are also more likely to be more popular artists in gen-
eral, so the demand for their music could be relatively
inelastic.

7.2. Controlling for Time-Varying Individual
Characteristics

Fixed effects models enable us to control only for
time-invariant individual characteristics. If there are
some time-varying individual characteristics that
could influence both the sales rank and different types
of promotions, then we may infer a relationship that
is nonexistent in reality. For example, one important
factor that usually is not directly observable but could
play a major role in determining an artist’s music
sales is his or her popularity among consumers over
time. Because there is no direct measure of artist pop-
ularity, we resort to the Google Trends data, which
measure the volume of consumer searches on specific
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Figure 3 (Color online) Google Search Interests on Lady Gaga and Beyoncé Over Time
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Interest over time
News headlines
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Data source. Google Trends (http://www.google.com/trends).

artists. This data source represents the level of con-
sumer interest in different artists over time, so it could
be a good indirect measure of artist popularity.

The importance and benefit of incorporating con-
sumer interests reflected by Google Trends data in
our model can perhaps be better understood through
the example of comparing the number of searches
on two best-selling digital artists, Lady Gaga and
Beyoncé. Figure 3 is a screenshot of the comparison
result by Google Trends over the period from 2004 to
2012.17 On the left of the figure, the average search
volumes on these two female artists over time are 21
for Lady Gaga and 20 for Beyoncé, implying that the
consumer interest in Lady Gaga is, on average, compa-
rable to that of Beyoncé from 2004 to 2012. However,
from the two curves in this figure, one would notice
that the consumer interest in Beyoncé is spread out
over time (perhaps because Beyoncé has been active
since 1997), but the consumer interest in Lady Gaga
is concentrated in the years after mid-2008. The fact
that Lady Gaga has been active since 2005 but only
became widely popular starting in mid-2008, with her
popularity reaching its peak in March 2010, when the
search interest in her was more than three times the
search interest in the well-established artist Beyoncé,
is a good demonstration of how an artist’s popular-
ity can change dramatically over time. This fluctuation
in popularity may be correlated with factors such as
promotions in either traditional or social media chan-
nels and news media coverage, but unlike all these
other factors, artist popularity also represents the time-
varying individual characteristic of an artist.

17 Because of the presence of a special character in the name Beyoncé,
most users often use the keyword “Beyonce” instead of “Beyoncé”
to search for this artist. That is why we also use “Beyonce” in
this comparison example. If “Lady Gaga” and “Beyoncé” are com-
pared on Google Trends, one will find that the search volume on
“Beyoncé” is almost flat at 1.

Google Trends provides data starting in January
2004, and these data are publicly available. We use
the name of the artist as the search term and down-
load the weekly search volume index for each artist
in our sample. To be conservative, we exclude the
artists whose names are too general, such as Bond,
CSS, Ivy, Panda, etc., because such general names may
be confused with other terms, making the search vol-
ume index inaccurate (i.e., we cannot be sure if the
user is searching for these artists or other unrelated
things). Moreover, there is no absolute count of con-
sumer searches on a specific artist name because the
data are scaled based on the average search traffic
of the term entered. However, Google Trends allows
one to compare the popularity of two or more search
terms over time. Hence, given the same benchmark,
it will not matter if we only have the data on scaled
search traffic. To collect the search volume indices on
all of the artists in our sample, we therefore need
to choose a benchmark artist so that the data for all
artists are scaled based on the same search traffic and,
hence, comparable.

One potential hazard with this data source is that it
is censored. The minimal value available for display
is 0.01 (note that Google scales the search volumes
over time so that the average search traffic for the cho-
sen benchmark is 1.0); so, any value smaller than 0.01
but still larger than zero may be displayed as zero.
This creates a censorship problem because the data
for obscure artists may be inaccurate because we can-
not distinguish observed zero values from true zero
values. To address this problem, we first select Nickel
Creek, an obscure music group with a unique name,
as our benchmark and collect the search volume index
data using this benchmark. The average search vol-
ume index is set at 1 for Nickel Creek by default, and
the average index over our study period is 198.38 for
Beyoncé, who is also the artist that enjoys the most
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search interest in our sample. In this case, a search
index value less than 0.01 represents a search volume
that is smaller than about 1/20,000 of the average
search volume on Beyoncé. Based on this considera-
tion, we run the analysis on the full sample, with 597
out of the original 616 artists included (19 artists are
excluded because their names are too general).

To incorporate the search volume index into the
baseline model, we treat this new variable, SearchIndex
(with log transformation after 1 is added to treat zero
observations), as endogenous and estimate a panel
VAR model with four equations; i.e., the dependent var-
iable vector in Equation (1) becomes yi1 t = 4SalesRanki1 t1
Bulletinsi1 t1 FriendUpdatesi1 t1 SearchIndexi1 t5′. To illus-
trate all of the relationships between different vari-
ables, we report the GMM coefficient estimates for
all four equations in Table 9. We have the following
findings: First, in the SalesRank equation, the coeffi-
cient estimate on Bulletinsi1 t−1 is −00043 and remains
statistically significant at the 1% level, whereas the
coefficient estimate on FriendUpdatesi1 t−1 is −00006 and
remains statistically insignificant at the 5% level. This
means that even after controlling for consumer inter-
ests on artists, the effects of the two types of broad-
casting activities on sales ranks are the same as before.
Second, the coefficient estimate on SearchIndexi1 t−1
in the SalesRank equation is also negative (−00251)
and statistically significant at the 1% level, indicat-
ing that more consumer searches are associated with
larger music sales. Third, the coefficient estimates on
SalesRanki1 t−1 in both the Bulletins and FriendUpdates
equations remain statistically insignificant at the 5%
level and consistent with the previous result that the
sales rank does not have an influence on either the
number of bulletins or the number of friend updates.
Fourth, in the SearchIndex equation, the coefficient

Table 9 Panel VAR Coefficient Estimates with SearchIndex
4N = 5971 T = 325

Dependent variable
Independent
variable SalesRanki1 t Bulletinsi1 t FriendUpdatesi1 t SearchIndexi1 t

SalesRanki1 t−1 00537∗∗ 00003 00022 −00012∗∗

4000105 4000115 4000125 4000045
Bulletinsi1 t−1 −00043∗∗ 00210∗∗ 00041∗∗ 00008∗

4000085 4000095 4000105 4000035
FriendUpdatesi1 t−1 −00006 00006 00096∗∗ 00005

4000075 4000095 4000095 4000035
SearchIndexi1 t−1 −00251∗∗ 00118∗∗ 00101∗∗ 00600∗∗

4000275 4000295 4000295 4000115
Pricei1 t−1 00041∗∗ −00016 −00025 −00011∗

4000125 4000135 4000135 4000055
Releasei1 t−1 −00196∗∗ 00036 00018 00017∗

4000195 4000225 4000235 4000085
Tradi1 t−1 −00035∗∗ 00017∗∗ 00021∗∗ 00011∗∗

4000055 4000065 4000065 4000025

∗Significant at 5%; ∗∗significant at 1%.

estimate on SalesRanki1 t−1 is negative (−00012) and sta-
tistically significant at the 1% level, suggesting that an
increase in the sales rank of the artist (i.e., a decrease
in sales) this week is associated with a decrease in
the volume of consumer searches next week. Relat-
ing to the coefficient on the search volume index in
the SalesRank equation, we conclude that music sales
and consumer searches influence each other. Finally,
the coefficient estimate on Tradi1 t−1 in the SearchIndex
equation implies that an artist’s advertising expen-
diture on traditional media promotions is also posi-
tively associated with the Google search volume.

As a robustness check, we use the popular artist
Beyoncé as a benchmark to collect the Google Trends
data and conduct the same analysis. We can also limit
the sample to only those artists who always have a
positive search volume index compared to the bench-
mark over the study period. This ensures that the
search volume data are accurate for each artist; how-
ever, it leads to a much smaller sample size. Overall,
the results of these robustness checks remain largely
consistent with those presented in Table 9 and, thus,
are omitted.

8. Conclusion and Discussion
Because of its fast speed and low cost, broadcasting
in social media has recently evolved into a new form
of Internet marketing. On MySpace Music, artists reg-
ularly update their profile pages to keep music fans
interested in their music. Their activities are automati-
cally broadcasted to their friends by the bulletin board
and friend update features. Using the broadcasting
activity data from MySpace Music, the sales rank
data from Amazon, and the advertising expenditure
data on traditional media promotions, we employ a
panel VAR model to quantify the effect of broadcast-
ing activities in social media on music sales. The pro-
posed panel VAR model utilizes time series data and
accounts for the dynamic relationships among differ-
ent marketing activities, sales ranks, and other fac-
tors such as price, new music release, UGC, and artist
popularity. We find that there is a significant effect
of broadcasting activities in social media on music
sales, but the effect mainly comes from broadcast mes-
sages with a personal touch rather than automated
messages.

This study provides important managerial implica-
tions. First, our results demonstrate that the broad-
casting phenomenon in social media has marketing
implications for companies wanting to adopt the
social media channel to reach their customers.
Although we have only studied MySpace and the
music industry, the methodology we propose can be
easily applied to studying other social media sites
and industries. Second, social media tools may reduce
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marketing expenses and improve efficiency; however,
they cannot replace real engagement with customers.
We have shown that messages that are automatically
generated by social media applications and lack a per-
sonal touch are unlikely to produce positive effects in
general. Companies should, therefore, think carefully
about how they can add a personal touch to their
social media marketing and communications. Third,
we find that the effect of broadcast messages on sales
is immediate and gradually tapers off to zero in a few
weeks. Fourth, the timing of broadcasting activities
also plays a significant role in determining the effec-
tiveness of marketing campaigns on social media. Pro-
motions around new product releases or other major
events are particularly important and create a much
larger impact. Finally, the content of broadcasting
messages also needs to be carefully chosen. Simply
referring to photos, videos, or blogs posted elsewhere
may not be intriguing enough to attract people’s
attention and lead to more sales. Social media mar-
keters should look for topics that are most interest-
ing and relevant to their audience and keep them
informed of what is happening.

We would also like to acknowledge a few limita-
tions of this study. First, since MySpace was once the
most popular social media site for artists to market
their music, we chose it to be our data source. How-
ever, it is likely that artists have a significant presence
on other social media sites, such as Last.fm, Facebook,
and Twitter as well. Activities on these sites could
also affect artists’ sales ranks on Amazon. Because of
data limitations, we are not able to study the interac-
tions between music sales and the overall marketing
intensity across different social media sites. Second,
although we have considered the effect of customer
reviews in our model, we do not observe users’ direct
responses to artists’ broadcasting activities within the
social media site. Studying the dynamics of social
media interactions between firms and customers and
assessing their effects on sales could provide addi-
tional insights into the role of social media marketing.
Third, we only compare traditional media promotions
with social media broadcasting in our additional anal-
yses. Future research is warranted in this area to thor-
oughly investigate how to allocate limited advertising
budgets and effectively manage marketing activities
across different channels. Particularly, it would be
interesting to study how marketing activities in tra-
ditional channels and those in social media outlets
should be coordinated. Such results would provide
more insights to firms on how to manage the trade-
offs between different marketing channels.

Supplemental Material
Supplemental material to this paper is available at http://dx
.doi.org/10.1287/isre.2015.0582.
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