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Demonstrating compelling causal evidence of the existence and strength of peer-to-peer influence has become
the holy grail of modern research in online social networks. In these networks, it has been consistently

demonstrated that user characteristics and behavior tend to cluster both in space and in time. There are multiple
well-known rival mechanisms that compete to be the explanation for this observed clustering. These range
from peer influence to homophily to other unobservable external stimuli. These multiple mechanisms lead
to similar observational data, yet have vastly different policy implications. In this paper, we present a novel
randomized experiment that tests the existence of causal peer influence in the general population—one that
did not involve subject recruitment for experimentation—of a particular large-scale online social network. We
utilize a unique social feature to exogenously induce adoption of a paid service among a group of randomly
selected users, and in the process develop a clean exogenous randomization of treatment and control groups. A
variety of nonparametric, semiparametric, and parametric approaches, ranging from resampling-based inference
to ego-level random effects to logistic regression to survival models, yield close to identical, statistically and
economically significant estimates of peer influence in the general population of a freemium social network.
Our estimates show that peer influence causes more than a 60% increase in odds of buying the service due to
the influence coming from an adopting friend. In addition, we find that users with a smaller number of friends
experience stronger relative increase in the adoption likelihood due to influence from their peers as compared to
the users with a larger number of friends. Our nonparametric resampling procedure-based estimates are helpful
in situations of networked data that violate independence assumptions. We establish that peer influence is a
powerful force in getting users from free to premium levels, a known challenge in freemium communities.

Keywords : peer effects; randomized experiment; social contagion; nonparametric inference; freemium
communities; online social networks
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1. Introduction and Background
The general challenge of demonstrating causal infer-
ence from observational data has been immortalized in
Manski’s (1995) reference to the simultaneous move-
ments of a man and his image in the mirror. He asks,
“does the mirror cause the man’s movement or reflect
them?” (p. 1) and concludes that without understand-
ing optics and human behavior, we cannot really tell.
Interestingly, this quote from the pre-Facebook era is
extremely relevant to the causality questions that arise
in today’s digital age. The growth of online social net-
works and the wide availability of online data has
renewed interest in the identification of whether influ-
ence is “at play” in the general population of users of
such networks. Today, a billion plus global citizens are
socially connected by general networks such as Face-
book and Twitter, as well as by niche networks such as

Last.fm, Spotify, and LinkedIn among others.1 These
online social networks are credited with playing roles
that range from inspiring political action to driving
viral and word-of-mouth spread of products and ser-
vices (Aral and Walker 2011, Hill et al. 2006, Iyengar
et al. 2011, Manchanda et al. 2008, Mayzlin 2006), and
as such, represent a vast reservoir of social and eco-
nomic influence. Central to tapping into this reservoir
is the understanding of causal relationships that drive
the spread of products, services, and information over
these social networks—the central focus of this paper.

1 Online social networks such as Facebook, with a billion users, and
Twitter, with more than a billion users, are consuming an increas-
ingly significant portion of our time and attention. A recent CMO
study estimated that 2013 is the first year in which the amount of
time spent on social media exceeded that spent on TV, and that
Facebook gets one in eight minutes users spend on the desktop,
and one in five on the mobile (see Miners and CMO Staff 2013).
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It has been consistently demonstrated in the lit-
erature that in online social networks, user charac-
teristics and behavior tend to cluster both in space
and in time (Aral and Walker 2011). Interestingly,
there are several different underlying mechanisms
that can lead to this observed clustering with the
most frequently cited ones being peer influence and
homophily. Further, in addition to peer influence and
homophily, other unobserved external correlations
(Bakshy et al. 2012b), say a targeted marketing promo-
tion to friends or offline interactions, can also generate
similar observational data. Under the mechanism of
peer influence, an individual causes her online friends
to undertake a certain action, which in turn, leads
to the observed correlation of the behavior of online
friends. On the other hand, under the mechanism of
homophily, an individual tends to befriend peers that
are similar to her on observed and unobserved char-
acteristics and possibly the environment they face.
Under homophily, it is not surprising that behavior
of an individual is correlated with the behavior of
her friends. They may not influence each other at all,
but the observed correlation of their actions comes
from their intrinsic similarity. This underlying simi-
larity is what forces them to independently make sim-
ilar choices, leading to observed correlation between
actions of online friends.

The importance of disentangling peer influence from
homophily mechanisms and other confounders stems
from the fact that despite leading to very similar
observational data, the policy implications of each
of these mechanisms are vastly different. Under peer
influence, an effective policy may be to identify
the most influential people and induce the desired
behavior among them so that it would propagate
through the social contagion. If, however, the causal
mechanism at work is homophily or some other
unobserved external source of correlation, promotion
policies based on social contagion will have little
effect (Aral 2011). Instead, under homophily, a care-
ful segmentation-based targeting strategy might be
preferred. Moreover, the mechanisms of peer influ-
ence and homophily are not necessarily mutually
exclusive and may complement each other, implying
that social contagion processes in real online net-
works may contain a complex mixture of peer influ-
ence and homophily. Underestimating peer influence
is arguably even more deleterious. It may result in the
decision maker underutilizing strategies that lever-
age the fact that peer influence has the added bonus
of bringing with it the social multiplier effect. Manski
(1995) provides an intuitive example of the social mul-
tiplier at work, describing a potential positive feed-
back loop of peer influence in the context of academic
performance of high school students. Manski (1995)
posits that if an increase in an individual student’s

academic performance causes the increase in the per-
formance of the reference group of her peers, then this
reference group may in turn increase the performance
of that individual even further, and so on, leading to a
positive, self-reinforcing feedback loop with the social
multiplier effect. On the other hand, homophily-based
mechanisms that arise out of similarity of individual
characteristics or contextual information do not typi-
cally exhibit this multiplier effect, perhaps explaining
the importance among researchers and practitioners
about peer-influence-based approaches to diffusing
products, ideas, and information. These factors make
it critical, both for theory and for practice, to causally
identify the presence of peer influence in the context
of the general population of large-scale online social
networks, the focus of this paper.

Our work is inspired by Aral and Walker (2011),
who demonstrate, using an in vivo randomized
experiment, that significant social contagion can be
created by embedding viral features into product
design. It also builds on the later work of Aral and
Walker (2012), who identify characteristics of influen-
tial and susceptible people. Our work also links to
the emerging stream of work showcasing the value
of “social design” where products and services are
designed with social features that help with initial
adoption, sustained engagement, and user retention.
Dou et al. (2013) develop an analytical model of how
software firms can optimize the strength of networks
effects, a potential peer influence mechanism, by
adjusting the level of embedded social media features
in the product’s design. Hildebrand et al. (2013) pro-
vide evidence from the field (and from the laboratory)
on the efficacy of social features, such as comment-
ing on each others’ designs of self-designed unique
products, on the product quality. They find that social
features such as receiving feedback from other com-
munity members on initial self-designs leads to less
unique final self-designs, lower satisfaction with self-
designed products, lower product usage frequency,
and lower monetary product valuations. A related
stream of work (Bakshy et al. 2012a, b) showcases
the great potential of using randomized field experi-
ments to study peer effects in contexts such as infor-
mation diffusion and social cues in online social net-
works. Thus, we find that researchers are using the
full array of methodologies available, ranging from
analytical modeling to field studies to randomized
experiments in the laboratory and the field to develop
and sharpen our nascent understanding of the impact
of social design. The interested reader is referred to
Aral et al. (2013), who provide a nice taxonomy of
social media design research along the dimensions of
users and society, platforms and intermediaries, and
firms and industries. Our study fits squarely in this
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stream of literature. We deploy a controlled random-
ized experiment in a large online social network and
ask whether peer influence in the general population
of users exists in the context of an economic deci-
sion involving real dollars. The context of our study is
a freemium music-listening social network (Anderson
2008) called Last.fm.2 A singular problem for the long-
term viability of freemium communities is to con-
vert free users into premium subscribers, the latter
being far more profitable (Oestreicher-Singer and Zal-
manson 2013). Our work is closely related to that of
Oestreicher-Singer and Zalmanson (2013), who con-
ceptualize a ladder of social engagement that leads
users in freemium communities to climb from free to
fee (premium). We add to this stream of monetizing
freemium social communities by asking whether peer
influence can play a causal role in converting users
from free to premium levels of service. Note that in
the case of Last.fm, based on 2009 numbers, free users
yield approximately 12¢ per registered user in the
network per month, as opposed to paid subscribers
who are almost 24 times more valuable, paying $3 per
month.

Interestingly, observational data that we collected
from the Last.fm website revealed that (a) pre-
mium subscribers are extremely rare, accounting for
only a few percent of all users, and (b) these pre-
mium subscribers are significantly more likely to
be socially connected to other premium subscribers
even controlling for the number of friends and other
known covariates. However, as explained by Man-
ski (1995), inferring the presence of peer influence
from such observational data is not judicious. Specif-
ically, there are several sorts of bias identified in
making such an inference, including simultaneity
(Godes and Mayzlin 2004), unobserved heterogene-
ity (Van den Bulte and Lilien 2001), homophily (Aral
et al. 2009), and correlated effects (Manski 1995).
Although multiple attempts have been made to iden-
tify peer effects using instrument variables based on
network structure (Bramoullé et al. 2009, Oestreicher-
Singer and Sundararajan 2010), natural experiments
(Tucker 2008), and matched sample counterfactuals
(Aral et al. 2009, Susarla et al. 2012, Oestreicher-Singer
and Zalmanson 2013), each method has its limita-
tions (Aral 2011, Manski 1995). Prior research has
demonstrated that in real-life networks more than
50% of the perceived behavioral contagion can be
explained by homophily (Aral et al. 2009), suggest-
ing that homophily is a major force in social networks

2 Last.fm is a classical example of a freemium community featur-
ing a large number of free users and a small number of premium
subscribers. As is typical for a freemium community, the premium
users bring in a disproportionately large share of company profits
(Sweney 2010).

and must be carefully accounted for when estimating
peer influence.

To overcome the aforementioned limitations of
using observational data, we deploy the gold stan-
dard of randomized controlled trials to test our
hypotheses of the presence (or lack of) peer influence
(Aral and Walker 2011; Bakshy et al. 2012a, b). Man-
ski (1995) touches on the possible reasons behind the
lack of randomized trials involving general popula-
tions of different real-world networks. He reminds
the reader that it is harder to draw inferences about
the general population from a self-selected sample of
recruited subjects. In addition to self-selection bias,
Manski (1995) argues that generalizable analysis is
limited to the observations that are made without
undue intrusion, since people’s behavior may change
when they know they are being observed. At a high
level, our experimental design, the details of which
are presented in §3, contributes to the emerging lit-
erature on discerning peer effects in the online social
graph in the following ways: (a) by estimating the
average treatment effect on the nontreated (ATEN)
(close to 97% of the population in our context), we
complement the extant prior work that has focused on
estimating the average treatment effect on the treated
(ATET), completing the picture required to get to the
average treatment effect (ATE); and (b) by comput-
ing the net total effect of peer influence, we provide
a comprehensive picture of the scope of peer influ-
ence, which in and of itself is a complex multimecha-
nism phenomenon. These two ideas go hand in hand.
Prior literature is based on what are called blocking
designs that, by construction, work at a mechanism
level.

We present our findings by using a nonparametric
inference procedure to cater to networked data that
could violate independence assumptions required for
traditional parametric statistical inference. In doing
so, we are able to utilize our entire 1.2 million strong
social network as our control group. Furthermore,
we are able to empirically demonstrate that theoret-
ical independence violations can be handled practi-
cally using ego-level random effects that lend them-
selves to standard statistical inference machinery. Our
randomized experiment demonstrates that new adop-
tions were significantly higher in the treatment group
versus the control group. Moreover, our nonparamet-
ric resampling test, logistic regression, and numerous
robustness checks indicate that, on average, the odds
of a user adopting the paid subscription increase by
more than 60% due to peer influence when her friend
is gifted a subscription, indicating significant causal
peer effects in the monetization of social networks.
In addition, we find that peer influence is weaker for
users having a large number of friends. Finally, we
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compare, in a predictive sense, the strength of peer
influence versus homophily in our setting.

To appreciate the economic significance of a 60%
increase in adoption rates due to peer influence, con-
sider that although premium subscriptions are a rare
event in the context of Last.fm, in totality these 3%
of premium users are very valuable. They contribute
to more than 18% of the site’s total revenue (based
on the 2009 numbers to which we had access). With
modern social networks having over one billion users,
a 60% increase in this kind of a “rare” event consti-
tutes an absolute increase of several million people. Fur-
thermore, from a practical point of view, our entire
approach, motivated by the desire to test for peer
influence in the average user of a social network, is
conservative with respect to economic significance.
Our randomization (detailed in §3) is such that the
influencers in our study were just “average” users
who exert significant peer influence on their friends.
They are not especially influential users. A separate
question for subsequent studies is to discover how
much more influence we would get if we were to use
a targeted sample that goes after influential people
rather than an unbiased random sample of average
users.

Formally stated, the main research objective of this
study is the testing of the following hypotheses:

Hypothesis 1. In an online social network, peer influ-
ence exists such that an individual’s product adoption
causes the adoption by her online friends.

Hypothesis 2. Peers with a small number of friends
experience stronger relative increase in the adoption likeli-
hood due to influence from their peers as compared to the
peers with a large number of friends.

Although the first hypothesis is the focal point of
this paper and its rationale has been articulated at
length already, it is worth dwelling a bit on the basis
for the second hypothesis. Iyengar et al. (2011) make
a compelling case for looking at moderating factors
that may shape the nature and extent of social con-
tagion at work. Whereas the focus of many studies,
such as Godes and Mayzlin (2009), is on the influ-
encer side of the equation—whether better connected
adopters exert more influence than do less connected
ones—we position ourselves on the susceptibility to
influence side of that equation, since peer influence
also depends on the susceptibility of the individual
being influenced Aral and Walker (2012). A user who
has 1,000 friends on Last.fm may not even notice or
care that one of her peers purchased a premium sub-
scription. At the same time, a user who only has
two friends may be more selective in befriending oth-
ers and may pay closer attention to them. There-
fore, this user is more likely to notice and follow

the actions of just one manipulated friend. Similar
distinctions between selective and nonselective tie-
forming behaviors in the context of trust have been
observed in other online social networks such as Face-
book (Bapna et al. 2014).

To address our research objectives, we first need to
establish a causal link between person B’s decision to
subscribe and the influence from B’s friend, person A.
In this paper, our conceptualization of peer influ-
ence is based on Aral (2011). This conceptualization
is rooted in utility theory in that the actions of one’s
peers changes the utility one expects to receive from
engaging in a certain behavior and thus the likelihood
that one will engage in that behavior. Such a concep-
tualization is flexible and encompassing with respect
to the myriad influence mechanisms that could lead
to social contagion. In other words, to demonstrate
the presence of peer influence, we do not seek to
explain which influence mechanism from person A
causes person B to subscribe; it could be awareness
raising, explicit or tacit persuasion, observational or
social learning, imitation, or any other mechanism.
The only requirement is to demonstrate that person A
causes person B to subscribe. Therefore, in this study,
we do not raise the question of disentangling the
general peer influence into the exact types of peer
influence mechanisms as above. Our design (detailed
in §3) is a total effects design, which conceptually is
at the other end of the spectrum of mechanism-level
designs. We believe that mechanism-level disentan-
glement is a promising area for follow-up research.
That said, in §4.5 we use our rich data to rule out
several possible mechanisms.

Our work relates to and builds on the propensity
score matching-based approaches of Aral et al. (2009),
Susarla et al. (2012), and Oestreicher-Singer and Zal-
manson (2013). A key advancement of our work is
that although propensity score matching accounts for
observable user characteristics in crafting usable con-
trol groups, it is widely recognized (Aral et al. 2009,
Oestreicher-Singer and Zalmanson 2013) that other
unobservable user characteristics (say, the amount of
free-time an individual has, income level, sensitiv-
ity to commercials, etc.) or contextual effects such as
marketing promotions (Van den Bulte and Stremersch
2004) could also influence the propensity to be treated
and be linked to homophily.

The remaining sections are structured as follows.
Section 2 describes the institutional details of our
experimental context and describes our data. Section 3
describes the design of our experiment. Section 4
presents our analysis and the results of the random-
ized experiment. Section 5 tests the robustness of our
design and analysis. Section 6 presents the conclu-
sion drawn from our results and outlines prospective
future work.
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2. Institutional Details and Data
The music industry today serves as a canonical exam-
ple of how a long-established, growing, and prof-
itable industry can be disrupted and subsequently
reinvented by the social machinery of the Internet.
One of the important emerging models of today’s con-
tent consumption on the Internet is a freemium social
community (Anderson 2008), as exemplified by sites
such as Last.fm, Pandora, Spotify, and many others.
Freemium social communities typically operate based
on a two-tiered business model that offers free access
to the basic set of features and content while charg-
ing a fee for more advanced, premium features. For
example, free users of the Last.fm3 website can listen
to the online music radio interrupted by commer-
cials, whereas premium subscribers enjoy a continu-
ous, commercial-free music listening experience. Pre-
mium users also get a prestigious black “subscriber”
icon next to their profile photographs that is visible to
everyone on Last.fm as a sign of status, can listen to
the online radio on a mobile phone, as well as have
access to additional colorful statistical charts about
their usage patterns. Oestreicher-Singer and Zalman-
son (2013) provide a nice overview of the institutional
details of the Last.fm website as a freemium social
community.

Freemium communities often employ numerous
social computing features (Parameswaran and Whin-
ston 2007). Of particular interest to us is the friend-
ship social network feature that allows users to become
online friends with other users. On Last.fm, for
instance, online friends can affect each other’s music
choices while sharing their own music listening expe-
riences, they can listen to friend’s “recommended
radio,” can review friend’s “loved songs,” and so on.
These interactions and information sharing mecha-
nisms between friends can translate into certain peer
influence on each other. For instance, Oestreicher-
Singer and Zalmanson (2013) establish that the music
listening on Last.fm is socially driven, which means
it is based on what your friends are listening to, and
that a paid subscription appears as a distinct (ostensi-
bly status) symbol visible to your friends. Also, as dis-
cussed earlier, a singular challenge for freemium com-
munities is discerning pathways and strategies for
moving users from-free-to-fee, that is converting users
from the large pool of free users to the elite set of pre-
mium paid subscribers (Oestreicher-Singer and Zal-
manson 2013, Pauwels and Weiss 2008).

In this paper, we present a randomized field exper-
iment providing the evidence that making an indi-
vidual user a premium subscriber can cause her
online friends to pay for a subscription and become

3 Van Etten (2011) indicates that Last.fm, with reportedly 30 million
subscribers, received 9.8 million hits per month in 2010.

premium subscribers as well. We chose Last.fm as
a domain for conducting our experiment not only
because it provides a typical example of a freemium
community, a new and growing model of delivery
of online services, but also because Last.fm makes
for a unique experimental platform thanks to a social
feature that allows gifting any random user in the
Last.fm social network with a premium subscription
(paid by us). Although this feature of the Last.fm
website has not yet been studied extensively in the
social networks literature, it offers a great opportu-
nity to create a “gold standard” randomized trial
in an online social network. From an experimental
design perspective, anyone in the Last.fm social net-
work has an equal chance of receiving a gift from us.
Last.fm users cannot decline the gift or hide their sub-
scription status from others. They cannot transfer the
gift to anyone else, or postpone using it, or share it
with someone else, or refund it. This makes the unre-
stricted gifting social feature particularly valuable for
online social networks in an experimental context, a
fact this research is the first to bring forth.

2.1. Snapshot Data
Our panel data set is based on publicly available
information about 3.8 million users that make up
the largest connected component4 of the Last.fm net-
work forming over 23 million friendship pairs. In
addition to this information, we tracked self-reported
demographic information and website-reported social
activity information.

For every snapshot at time t, we have collected the
following data for each user:

• Agei1 t : Self-reported age of user i. Age distribu-
tion was truncated to the interval between eight and
79 to eliminate outlier data points that are likely fake.

• Genderi1 t : Self-reported gender of user i. Dummy
variable.

• FriendCnti1 t : Total count of number of friends of
user i at time t.

• SubscriberFriendCnti1 t : Total count of number of
friends of user i who are paid subscribers.

• SongsListenedi1 t : Total count of all songs ever lis-
tened and reported to Last.fm by user i. If a user
listened to the same song twice, the song would be
counted twice as well.

• Playlistsi1 t : Total count of playlists ever made by
user i on Last.fm.

4 We employed multiple checks to ensure that we indeed collected
the largest connected component of the network and not some
smaller closed clique of users. Our checks ranged from looking for
additional users in forums to crawling the lists of recommended
music “neighbors” of each user. The total number of extra users
we checked outside of our connected component amounts to the
additional 0.5 million unique users. We have not discovered any
other large connected component.
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Table 1 Summary Statistics of Historical Data for Active Users

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

0 112141303 Age 23021 6018 3851200 22 8 79
Gender (male= 1) 0066 0048 2341278 1 0 1
FriendCnt 24018 70065 0 10 1 111780
SubscriberFriendCnt 0065 2085 0 0 0 541
SongsListened 241913030 321365072 1 151022 0 110001472
Playlists 0053 3032 0 0 0 21291
Posts 7067 141070 0 0 0 641108
Shouts 42019 271002 271717 5 0 1311765
LovedTracks 128015 406044 0 35 0 991109
RegDate 171838023 636071 584 171902 151642 181877
LastfmCountry 0030 0046 0 0 0 1

1 371161 Age 30026 9025 141165 28 8 78
Gender (male= 1) 0076 0043 81449 1 0 1
FriendCnt 33073 116062 0 10 1 91788
SubscriberFriendCnt 2085 10035 0 1 0 709
SongsListened 311996064 431938095 0 181139 0 110001070
Playlists 1044 5038 0 1 0 496
Posts 27074 465016 0 0 0 501740
Shouts 85031 531056 11275 5 0 361508
LovedTracks 370005 11104095 0 149 0 631595
RegDate 171678054 628082 1 171735 151642 181868
LastfmCountry 0028 0045 0 0 0 1

• Postsi1 t : Total count of forum posts ever made by
user i.

• Shoutsi1 t : Total count of shouts (that is, wall
posts) ever received by user i.

• LovedTracksi1 t : Total count of all tracks that were
“loved” by user i.

• RegDatei: User i original registration date on the
website measured as the number of days since Jan-
uary 1, 1960 (standard date representation of SAS sta-
tistical package).

• LastfmCountryi1 t : Dummy variable. If user i’s self-
reported country is the United States, Germany or
the United Kingdom, then LastfmCountry = 1 for this
user, otherwise 0. This variable is important because
Last.fm subscription rules are slightly different5 in the
official Last.fm countries (the United States, Germany,
the United Kingdom) versus the rest of the world.

• Subscriberi1 t : Dummy variable indicating whether
user i is a premium subscriber at time t.

The descriptive summary statistics for approxi-
mately 1.2 million active6 Last.fm users are displayed
in Table 1. This table provides a breakdown of statis-
tics for active subscribers and active nonsubscribers
for one particular snapshot of data collected around

5 Even though the premium subscription costs the same for every
country, the subscription is more valuable for people outside the
United States, Germany, and the United Kingdom. Several Last.fm
services that are normally free for the United States, Germany, and
the United Kingdom users require a premium subscription for the
rest of the world because of music licensing contracts.
6 An active user is a user who listened to at least one song within
30 days prior to the collection of that particular snapshot of data.

September 8, 2011, before our manipulation was done.
From this data, we find that active subscribers are
consistently different from active nonsubscribers in a
variety of metrics: they are older, tend to have more
friends (approximately, a 40% increase as compared
to nonsubscribers) and disproportionally more sub-
scriber friends (over 300% increase), more playlists,
loved tracks, and registered earlier than nonsub-
scribers. These empirical observations confirm the
observed clustering of subscription behavior indicat-
ing that the underlying forces of homophily, external
correlations, or peer influence are at work in this data.
Our summary data are in line with the 2009 Last.fm
data reported by Oestreicher-Singer and Zalmanson
(2013), suggesting a stable long-term pattern.

2.2. Dynamic Data
The collection of snapshots over time allows us to
look into the dynamics of user characteristics in the
social network as well as the dynamics of the social
network itself. The following network dynamic vari-
able is the variable of particular interest in this study:

• Adopteri1 6t1 t+17: Dummy variable indicating
whether user i who had not been a paid subscriber
before time t adopted subscription and became a paid
subscriber in the interval of time [t1 t + 1]. Since the
minimum possible unit of a premium subscription
is one month and we collected our data with the
intervals of two to three weeks, our data collection
process did not miss any single subscription event
for any user in the network beginning in May 2011
over the period of more than two years. Therefore,
Adopteri1 6t1 t+17 variable is an objective and guaranteed
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Table 2 Summary Statistics of Data for Recent Adopters over Two to Three Weeks

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

0 112111366 Age 23020 6018 3841294 22 8 79
Gender (male= 1) 0066 0048 2331726 1 0 1
FriendCnt 24016 70043 0 10 1 111780
SubscriberFriendCnt 0065 2080 0 0 0 465
SongsListened 241912004 321363037 1 151024 0 110001472
Playlists 0053 3032 0 0 0 21291
Posts 7067 141083 0 0 0 641108
Shouts 42014 271001 271602 5 0 1311765
LovedTracks 127097 406032 0 35 0 991109
RegDate 171838013 636065 584 171902 151642 181877
LastfmCountry 0030 0046 0 0 0 1

1 11099 Age 26031 7013 346 25 11 74
Gender (male= 1) 0070 0046 204 1 0 1
FriendCnt 42070 196079 0 14 1 41730
SubscriberFriendCnt 2076 17058 0 1 0 541
SongsListened 311984012 381619043 0 181991 0 4231529
Playlists 1005 1098 0 1 0 27
Posts 13008 96025 0 0 0 21266
Shouts 93017 381014 43 7 0 61247
LovedTracks 310065 542001 0 133 0 61143
RegDate 171712048 651039 0 171734 151642 181877
LastfmCountry 0024 0043 0 0 0 1

indicator of adoption or absence of adoption in time
period [t1 t + 1] for every user among 3.8 million
users.

Similar to Table 1, Table 2 displays the summary
statistics for the dynamic data of recent adopters ver-
sus recent nonadopters. Note that there is a subtle,
but important difference between the types of infor-
mation displayed by Tables 1 and 2:

• Table 1 compares the current subscribers versus
current free active users. This is the information about
the current state that the network has achieved over
the years.

• Table 2 displays the information on the recent
adopters. This is the information about the change in
the current state: a change in the network over a two
to three week period.

The difference between Table 1 and Table 2 can be
explained better if we mention that many current sub-
scribers have been premium subscribers for a very
long time. Clearly, these “mature subscribers” are not
considered as either recent adopters or recent non-
adopters and are not counted in Table 2, but they
are still subscribers and, therefore, are counted in
Table 1.7

Despite the differences, we observe that there is a
similarity between Table 1 and Table 2 suggesting a
remarkable consistency in the data generation pro-
cess over the years: recent adopters resemble the large
mass of existing premium subscribers based on the
observed characteristics. More specifically, both tables

7 For this reason, the total number of users in Tables 1 and 2 is not
the same.

demonstrate that subscribers and recent adopters tend
to have a disproportionately large count of subscriber
friends: over 300% more as compared to nonsub-
scribers and nonadopters while the total number of
friends is only 40%–70% larger.

We used this dynamic data to simulate and cali-
brate our experiment before actually running it. In
particular, because new adoption is a rare event in
our network, a key experimental challenge for us was
to decide on the sample size for the manipulation so
as to be able to pick up statistically any peer effect
that may be there. Details of our quasi-experiment
to determine the optimal sample size are provided
in Online Appendix C. (Online appendices are avail-
able as supplemental material at http://dx.doi.org/
10.1287/mnsc.2014.2081.)

3. Experimental Design
For the experiment, we randomly selected a group
of 1,000 Last.fm users, hereafter called the manipu-
lated group M , who were chosen to receive premium
subscription gifts. These users could not deny the
gift or hide its status, ruling out any subject self-
selection, impact of individual characteristics, or con-
textual (observed or unobserved) homophily based
decisions that confound the analysis of observational
data. We also randomly selected another group of
1,000 random Last.fm users, hereafter called the non-
manipulated group NM , who did not receive anything
from us and act as a source of a symmetrical control
group to establish the causal effect.

We define our treatment group T as all immediate
friends of M who are not themselves in M or NM
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Figure 1 (Color online) Venn Diagram of Experimental Design

M group

C group

NM group

excluded
 

Intersection

and who are not friends of someone in NM . Symmet-
rically, we define our control group C as all immedi-
ate friends of NM who are not themselves in M or
NM and are not friends of someone in M . Figure 1
presents an intuitive Venn diagram for these sets of
users. Given the real-world nature of our data, a small
number of users will likely turn out to be friends of
both M and NM groups simultaneously. These users
cannot be unequivocally put either into the treatment
or control group and hence were excluded from the
experiment. As a robustness check, we repeated our
analysis while keeping the intersection included in
both T and C instead of excluding it. Our results
remain strongly significant and almost identical to the
“exclusion” case. This is not very surprising, consider-
ing how small the intersection is compared to groups
T and C. We analyze this issue in more detail later in
this section, as well as demonstrate the rather mini-
mal effect of our strategy of excluding the intersection
in §5.3.2 on robustness.

Looking at Figure 1 it is easy to see why our ran-
domization assigns users into treatment and control
groups independently of observed and unobserved
characteristics of a user. To see this consider group G
of 2,000 initial users before they were randomly split
into M and NM . Also consider a particular person A
who is in G and his online friend B.

Before our gifts are assigned, person A has abso-
lutely equal chances of becoming a member of M or
NM and the assignment outcome is completely inde-
pendent of characteristics of person A or person B.
However, if person A is assigned to M , person B
becomes a friend of M . Alternatively, if person A were
assigned to NM , then person B would be a friend of
NM . Just as person A has no way to predict whether
he will end up in M or NM , his friend B has no way
to predict whether B will end up as a friend of M or
a friend of NM .

Therefore, person B has absolutely equal chances
of becoming a friend of M or a friend of NM and
these chances are independent of any characteristic of

person A or person B.8 This implies that assignment
of person B into group T versus C is independent of
observed or unobserved characteristics of person B.

Based on the experimental design explained above,
our experimental procedure is composed of four
stages. In the first stage we randomly assigned users
to groups M and NM , observe their current friend
network, and thus calculate groups T and C. In the
second stage, we deployed a pretreatment check and
observe the current status of the M , NM , T , and
C groups immediately before treatment. In the third
stage, we deployed our manipulation by giving 1,000
gifts to group M using our PayPal script.9 Finally,
we observed the current status of the M and NM
groups immediately after manipulation to make sure
our manipulation worked. Given Manski’s (1995) con-
cern about subjects’ behavior changing when they
know they are being observed, we directed users
to our Last.fm page, where we took great care in
explaining to the users that these were expiring left-
over funds from another project that we were simply
giving away (see Online Appendix A). We explicitly
mentioned that we expected nothing in return and
no action was needed from the user. The messaging
worked, as can be gleaned from the comments gifted
users left on our wall.

Although our experimental design relies on ran-
domization, we need to emphasize that there are cer-
tain differences between our experimental design and
traditional partial population treatment experiments
(Moffit 2001). As mentioned earlier, our goal is to esti-
mate the average treatment effect on the nontreated
(ATEN) (Xie et al. 2012). In our case, treatment means
having an extra premium adopter friend. Therefore, to
be precise, ATEN is the potential effect, on a peer, of
exogenously making a previously nonadopting friend
an adopter (whereas ATET would be the effect, on a
peer, of an adopter friend who chose to adopt).

It is worth noting at this stage that researchers
working on network experiments have to be careful
in dealing with possible biases that can arise because
of the presence of network structure among the peers
of manipulated users. For instance, in our scenario
the friends of the manipulated group and nonmanip-
ulated group are likely to have at least some intersec-
tion as discussed earlier in this section and as illus-
trated in Figure 1. Also, the users who end up in the
intersection are not random since high-degree indi-
viduals are more likely to be friends of both groups.

8 This result is general and holds if person B happened to have n
different friends in group G: persons A11A21 0 0 0 1An. It is easy to
show that in this case, person B is as likely to end up in T as in C
exactly the same way as it was shown in the example on Figure 1.
9 It only takes a couple of hours to distribute all 1,000 gifts using
our script.
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The failure to appropriately account for this intersec-
tion problem could introduce various kinds of biases
threatening either internal or external validity of the
experiment. How one deals with this issue depends
on the particular methodology and design choices
deployed by the researchers.

In this paper, we utilize a nonparametric resam-
pling-based approach that is detailed in §4, and
our inference procedure relies on symmetry between
the treatment and control groups to achieve internal
validity. This requires that in our design, groups M
and NM be of equal sizes, and that we deal with the
intersection in a symmetric way: either excluding it
from both the treatment and control groups or includ-
ing it in both.

Similar to alternative, say model-based approaches,
our approach balances certain trade-offs. For instance,
symmetric design allows us to achieve internal valid-
ity of our experimental results by construction. Sym-
metry ensures that everything observable and unob-
servable that happens to the treatment group, over
and above the manipulation, is also mirrored in the
control group. It does so without introducing any
strong assumptions about the functional form, the
shape of degree distribution, and clustering in the
network. However, the price that we pay for this is
that we systematically exclude the high-degree users
in the intersection from our analysis (due to symme-
try requirements) and thus we cannot generalize our
results to these high-degree users.

In §5.3.2 we provide empirical evidence that, in
our particular context, excluding the intersection is
not a significant threat to external validity since the
estimates do not change significantly depending on
whether we include or exclude the intersection from
treatment and control groups, and because the size
of the intersection itself is small, less than 5% of our
sample.

We would also like to be very explicit and state
that there are other valid ways of conducting network
experiments that may introduce different assumptions
and not require the symmetry and/or removing the
intersection. For instance, researchers could introduce
a particular functional form that explicitly models the
shape of how the treatment effect changes with user’s
degree (Aral and Walker 2014). This would allow to
gain the better external validity at the expense of
the introduced assumptions of the relevant statisti-
cal model. This may be preferable, for example, in
cases when the intersection is large and thus, exclud-
ing it would constitute a significant generalizability
problem.

In addition to that, if a network in question is
large enough, stratification by degree analysis (Aral
and Walker 2011) would allow to define the con-
trol group C without first defining any reference

group NM . This approach proceeds to perform the
analysis stratified by the degree of the treated and con-
trol users provided that users of a given degree are
sufficiently represented in both treatment and control
groups. Unfortunately, this appears to be a problem-
atic assumption in our setting given that the treat-
ment ultimately impacts a nonnegligible subset of
our finite network. In our scenario, very high-degree
strata are systematically missing control users and
thus, stratification by degree cannot be performed in
its purest form for these strata. This would once again
require either excluding these strata or introducing
extra assumptions.

The availability of these techniques offers numer-
ous ways for designing network experiments and for
tailoring the trade-offs for the particular needs of the
researchers suitable to their given context. For our
analysis, we decided to choose a symmetric design for
reasons outlined above as well as for its robustness to
assumption violations and simplicity.

3.1. Strengths of the Experiment in Mitigating
Threats to Validity

Our design has several intuitive benefits that help us
overcome the myriad of challenges (Van den Bulte
and Stremersch 2004, Aral 2011) in making causal
detection of social contagion from observational data,
separating out peer influence from homophily and
other external sources of confounds. As mentioned
above, one of the ways in which homophily manifests
itself in observational data is through self-selection
bias, when manipulations are not randomly assigned,
which is not the case in our study. Also, since it is
not possible to withdraw or refund a gift, we have
no subject attrition or mortality bias. This is because
users are selected randomly and they cannot escape,
decline, or remove themselves from the manipulation.
It is also important to mention that each person’s net-
work was collected immediately before the manipula-
tion, immediately after the manipulation and with dif-
ferent levels of delay after the manipulation. Impor-
tantly, the treatment group T and control group C
were determined using the friend network imme-
diately before the manipulation. Clearly, if a per-
son started self-selecting subscriber friends after the
manipulation had occurred, it would not have any
effect on our experiment. Further, because the sub-
scriptions themselves are not transferable and not
refundable, we can rule out any direct treatment
diffusion effect, suggesting that any effect that is
observed must be through some kind of peer influ-
ence other than simple direct transfer of our gift. It
is possible, given the real-life social network setting,
that our manipulation may “leak” from manipulated
group M into control group C through second-degree
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Table 3 Groups T and C Have Similar Observed Statistical Properties

Variable Friend of Mean Std. err. Min Median Max t-value Pr> �t�

Age NM 22072 00261 8 21 79 −1018 002387
M 22011 00260 8 21 77

Gender (male= 1) NM 0062 00013 0 1 1 −1016 002475
M 0059 00013 0 1 1

FriendCnt NM 100023 80829 1 40 71800 0052 006022
M 109035 80754 1 41 41700

SubscriberFriendCnt NM 2076 00146 0 1 337 0024 008129
M 2083 00144 0 1 352

LovedTracks NM 238076 90208 0 61 321387 −1024 002152
M 216004 90252 0 59 231466

Playlists NM 0067 00037 0 0 204 −0002 009853
M 0067 00035 0 0 465

RegDate NM 171747004 180607 151742 171803 181844 0009 009257
M 171750051 180688 151746 171807 181762

Shouts NM 141058 140683 0 27 171699 0067 005008
M 161032 140730 0 27 251343

SongsListened NM 311970058 6960408 0 191480 9281318 0020 008440
M 321243068 6950810 0 191873 110001000

friendship connections (i.e., there may be a possibil-
ity of an indirect treatment diffusion effect). How-
ever, this would likely lead to an underestimation of
the observed difference, not overestimation. Since the
second-degree effect is probably slower and weaker
than the first-degree effect caused by the immediate
friend, it can be mitigated by postexperimental obser-
vations on the shortest distances between the actual
adopters in control group C and treatment group T .
As we explore in §5, the evidence suggests that this
treatment leak is not a concern since it turns out that
the observed new adopters in the treatment group are
almost universally not connected to the observed new
adopters in the control group. Finally, we can rule out
any compensatory rivalry, resentful demoralization,
or experimenter bias, since neither treatment group T
nor control group C know that they are being treated
and watched.

It is important to highlight that only manipulated
group M received a gift from us and there were
no other “disturbances” introduced into the network.
Group M was told that the gift was given out of the
expiring leftover funds from a prior survey and that
a gift receiver was not required to do anything, thus
group M itself was not aware of being manipulated.
Moreover, group M , the “disturbed” group, was itself
not being tracked for the purposes of our experiment,
and we were interested in their friends.

Based on the discussion above, we conducted our
randomized field experiment by sampling symmetri-
cal groups M and NM containing 1,000 users each
and computing their friends T and C, respectively,
as summarized in Table 3. Each person in group M
subsequently received a one month subscription gift
from us, with the 1,000 gifts being distributed over

the period of several hours by a PayPal script. The
users from group NM did not receive any gift or any
other communication from us.10

A manipulation check was done immediately after
distributing the gifts using a customized Web crawler.
This check demonstrated that all 1,000 users in
group M received the gift and became premium sub-
scribers immediately. In one month after the manip-
ulation was done, we collected a new snapshot of
the social network and compared adoption behavior
among all friends of group M versus all friends of
group NM as described in the experiment design.

4. Results and Analysis
4.1. Testing for Causal Peer Influence
Given exogenous and independent randomization
of our manipulation, the assignment of user i into
group T or C is independent of her observed or unob-
served characteristics as explained in §3 and con-
firmed in Table 3. As a result of the experiment, the
treatment group has 66 new adopters, whereas the

10 Although clinical trials frequently use a placebo pill for the con-
trol group instead of giving nothing at all, in our study it is not
necessary. Clinical trials deal with special circumstances of mind-
body connection: it is well known (Ariely 2010) that a placebo pill
itself can demonstrate significant improvements in patient health
as compared to no treatment at all. Therefore, clinical trials have
to demonstrate not that the pill works in general, but that the pill
works stronger than the placebo. Therefore, clinical trials typically
are a comparison of two alternative treatments both of which work
to some degree. In our case, we do not intend to show that our
manipulation works stronger than some other alternative manip-
ulation. Instead, we plan to demonstrate that our manipulation
works stronger than having no manipulation and simply “going
with the flow.”
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control group has 41 new adopters, indicating a dif-
ference of 61% between the groups. However, one has
to be cautious in assessing the statistical significance
of this difference. Given the network nature of the
data, there is a dependency structure within the alter-
adoption models that has to be accounted for. Each
seed user in M (or NM) has one or more friends in
group T (or C, respectively), and thus adoption out-
comes for this population of alters (friends of seed
users) may be correlated. Therefore, we begin our
analysis by presenting a nonparametric resampling
test that accounts for the correlation among the adop-
tion outcomes of alters by establishing the histogram
of a typical number of adopters to which a random
1,000 users are connected. Later in this section, we
discuss a random-effects approach that is also appro-
priate in this scenario in addition to the resampling
test. We utilize the random-effects approach to run a
logistic regression as well as a robust t-test method.

4.2. Nonparametric Resampling Test
Assume our manipulation did not cause any effect,
so any difference we see is just a chance. Recall,
group NM is just an arbitrary random sample
of 1,000 users that was sampled from the popu-
lation of 1.2 million eligible ones. Therefore, we
may easily generate many other random samples
NM11 0 0 0 1NMk, each with 1,000 users, from 1.2 million
eligible users and compare the friends of each NMi

against the friends of our true group M . This resam-
pling procedure is detailed in Algorithm 1 in Online
Appendix B.11

If our manipulation causes no difference in adop-
tions, we would see that it is rather common to see
66 adopter friends by sampling a random group NMi

of 1,000 users. However, as we see in Figure 2,
which is plotted based on Algorithm 2 in Online
Appendix B, the friends of M demonstrate a very high
level of adoptions that is rarely seen among friends
of a random sample of 1,000 users.

It is important to note the following:
• This technique statistically utilizes the entire

102 million sample of eligible users to compare against
1,000 manipulated users, while at the same time
keeping intact the perfect intrinsic symmetry of our
experiment.

11 It should be pointed out that resampling here is different from
bootstrapping. The latter uses sampling with replacement as a
key feature to approximate the true distribution; see https://en
.wikipedia.org/wiki/Bootstrapping_(statistics) (accessed March 19,
2015). Unlike traditional bootstrapping scenarios where population
level inferences are desired from samples of the population, we are
fortunate to have access to the full Last.fm network population.
Therefore, we do not need to rely on approximation techniques
such as bootstrapping, jack-knife etc. to approximate the true dis-
tribution, given that we already have the true distribution.

Figure 2 (Color online) Resampling Test Reveals How Unlikely It Is
to See 66 Adopters Just by Chance

Count of adopter friends of a randomly
chosen NM
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• This technique allows us to include users from
the intersection back into sample so that no user is
permanently excluded. For example, if a particular
friend of M happened to be in the intersection at iter-
ation i = 1 and thus was excluded, she will not nec-
essarily be excluded at iteration i = 2 once different
NMi is sampled.

After running 700 iterations of this simulation, we
plot the distribution of typical counts of adopter
friends of each NMi and contrast it with the observed
count of adopter friends of group M that received a
gift from us. As is evident from Figure 2, the num-
ber of adopter friends of group M really stands out
in a histogram of what is typically observed among
friends of the random 1,000 users. Only 1.7% of ran-
dom NMs had 66 adopter friends or more.

We would like to highlight that although it is true
that our resampling procedure allows for the inclu-
sion of users in the intersection that previously would
have been excluded from analysis, the approach is
not intended to solve the generalizability concerns
regarding high-degree users: the chance that a user
belongs to many “friends of NM” subsets, each from a
new sampled set NM , increases with the degree of the
user and hence high-degree users will be excluded via
intersection much more often than their lower degree
counterparts. Although this remains a methodologi-
cal limitation of our approach, the empirical evidence
presented in §5 suggests that excluding the intersec-
tion is largely benign for the context of our study.

4.3. Robust t-Test with Ego-Level Random Effects
Consider users j and k from group T who are friends
of user i from group M . As is described in the liter-
ature (Kuiper and Sklar 2012), a regular two-sample
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t-test is equivalent to a t-test of � coefficient of an
ordinary linear regression model:

Adopterj = �+� · Treatmentj +�j1

Adopterk = �+� · Treatmentk +�k0
(1)

A regular t-test approach would assume that �j

and �k are uncorrelated. However, in our scenario,
we know that the adoption outcomes of friends of
the same user i can be correlated, so that if user j
and user k are both friends of user i then �j and �k

could contain a common ego-specific component �i

and thus be correlated:

Adopterj = �+� · Treatmentj +

�j

︷ ︸︸ ︷

�i + �j1

Adopterk = �+� · Treatmentk +�i + �k
︸ ︷︷ ︸

�k

0

However, we should note that since the treat-
ment status of users j and k is automatically derived
from manipulation assignment of user i, we have
Treatmentj = Treatmentk = Manipulationi, and therefore,
we can rewrite this model as

Adopterj = �+� · Manipulationi +�i + �j1

Adopterk = �+� · Manipulationi +�i + �k0
(2)

As per the design of our experiment, the random-
ization of groups M and NM is purely exogenous
with the eligible seed users i being independently
assigned into groups M and NM in a perfectly ran-
dom fashion. Therefore, ego-level heterogeneity �i is,
by design, completely independent of the assigned
ego-level manipulation status Manipulationi suggest-
ing that Equation (2) represents a regular random-
effects model12 rather than a fixed-effects model.

Considering that a regular two-sample t-test is
equivalent to a t-test of � coefficient in (1), our model
in Equation (2) is essentially nothing more than a
two-sample t-test that is robust to correlation among
alters of the same ego. Therefore, we refer to this
method as a robust t-test. We utilize this random-
effects approach later in Tables 8 and 9 (see §5.3.2),
and we see that it essentially produces the same
results as the resampling method, the reshuffling test,
and other robustness tests. We also utilize the same
idea in the next subsection where we explore hetero-
geneous treatments effects by number of friends.

12 Although Adopterj is a binary variable that only takes values 0
and 1, it is demonstrated in the literature that a regular ordinary
least squares (OLS) estimator �̂ is an unbiased and consistent esti-
mator of the average treatment effect even in the scenario of a
binary dependent variable (Aldrich and Nelson 1984, Angrist and
Pischke 2008). This model is known in the literature as the linear
probability model (Long 1997). Even though applying a regular non-
heteroscedasticity-consistent OLS estimator may produce biased
standard errors, heteroscedasticity-robust standard errors are a very
straightforward way to account for that (Aldrich and Nelson 1984).

4.4. Heterogeneity by the Number of Friends
In addition to testing for causal peer effects, we are
also interested in examining whether the number of
friends that a user has is associated with more or
less susceptibility to influence by their peers, as artic-
ulated in research Hypothesis 2. We begin by pre-
senting a nonparametric test (rather than relying on
any specific model or functional form to begin with)
that showcases heterogeneity in the data as a result
of our treatment. We do this based on Algorithm 2 in
Online Appendix B. According to this procedure, we
first only look at the bottom 50% of users in groups
T as measured by the number of friends and com-
pare them to the bottom 50% of users in group C. In
doing so, we determine the effect size as applied to
the bottom 50% of users by the number of friends.
In other words, we measure the effect size for users
who have few friends. At the next step, we increase
the subsample and look at the bottom 60% of users
in group T and compare them to the bottom 60% of
users in group C. We repeat this procedure by com-
paring bottom 70% of users in group T to bottom
70% of users in group C and so on; introducing more
and more high-degree people with every iteration of
that algorithm, until we compare the full sample of
users in group T versus the full sample of users in
group C.

As is evident from Figure 3, there is no change
observed in the absolute effect size (p > 0081) as more
and more of high-degree users are included into the
sample. Yet, the right panel reveals that the baseline
natural adoption levels are very different for users
in different cohorts (p < 0003). Users with few friends
have as low as one half the natural rate of adop-
tion of the full sample. Therefore, whereas the effect
size is flat in terms of absolute increase in adop-
tion rates, we hypothesize that the effect size mea-
sured as percent increase would naturally be sig-
nificantly stronger for users with low FriendCnt as
these users tend to have a lower baseline level of
adoptions and, therefore, the same absolute increase
would constitute a higher percentage change. To esti-
mate the percent effect rather than the change in the
absolute value, we deploy a random-effects logistic
regression model that accounts for the fact that adop-
tion outcomes of peers of the same seeded user i
may be correlated. We report the details of the logis-
tic regression model and its diagnostics in Online
Appendix F. As is evident from the model, the Treat-
ment variable is statistically significant even after con-
trolling for observed individual user characteristics.
Moreover, since Treatment is assigned independently
of characteristics of user i, this coefficient has causal
interpretation: Treatment causes the adoption of sub-
scription, thus providing additional evidence for the
presence of peer influence. It is important to note that
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Figure 3 Baseline Levels and Manipulation Effect in Absolute Terms by FriendCnt
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the estimated coefficient of log(SubscriberFriendCnt) is
also statistically significant and positively associated
with the likelihood of adoption of subscription: the
effect that is likely to be observed if peer influence is
at work.

We once again demonstrate heterogeneity using
Algorithm 2 (this approach splits the original sample
into bins by degree and runs the main effects mod-
els multiple times) to make the absolute increase from
the previous section and the relative increase reported
by the logistic model comparable. As we can observe
in Figure 4, we obtain a decreasing slope (p < 0003)
implying that the larger the FriendCnt is, the weaker

Figure 4 Heterogeneity Results from Logistic Regression: Effect Size
by FriendCnt
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the percent response to Treatment, other things being
equal, thus supporting our Hypothesis 2. This reveals
the expected decreasing pattern in the relative effect
size as the number of friends increases. However, we
should note that, as we demonstrated earlier in Fig-
ure 3, the heterogeneity of the treatment effect comes
from the same absolute increase constituting a dif-
ferent effect size based on differences in the base-
line adoption levels for different cohorts of users. For
sake of completeness, it should be mentioned that
one potential limitation with the above heterogeneity
analysis is that it may not, for aforementioned rea-
sons of dealing with the intersection via exclusion,
fairly depict the impact for high-degree users. How-
ever, given that the evidence in Figure 3 displays a
relatively flat trend with degree, this is not a signifi-
cant concern.

4.5. Potential Mechanisms of Peer Influence
Having established the average treatment effect on
nontreated in the general population as well as het-
erogeneity of the effect by the number of friends in
the prior sections, it is a natural question to consider
the exact mechanisms at play that can explain the peer
influence we observe. As suggested by prior literature
(Aral 2011), peer influence may be driven by a com-
bination of different kinds of possible mechanisms
such as awareness raising, explicit or tacit persuasion,
observational or social learning, or imitation among
others. Complicating the issue further, it is possible
that some mechanisms act in the opposite direction of
other mechanisms. Therefore, the observed social con-
tagion can potentially be the result of a “tug of war”
between multiple mechanisms acting in all possible
directions.
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Table 4 After-Treatment Website Use Characteristics

Group Variable Mean Std. err. Min Max t-value p-value

NM DeltaFriendCnt 10268 005215 −25 441 0083 004073
M DeltaFriendCnt 00828 000996 −9 55
NM DeltaLovedTracks 40983 008189 0 569 0078 004357
M DeltaLovedTracks 40245 004739 0 249
NM DeltaShouts 10017 001990 0 115 −0002 009836
M DeltaShouts 10022 001586 0 91
NM DeltaSongsListened 8760999 4300050 0 141397 0014 008899
M DeltaSongsListened 8690078 3707299 0 131258

The virtue of our experimental design is its abil-
ity to estimate the ultimate net effect as aggregated
across all possible causal paths and mechanisms.
For example, if some social contagion goes through
offline channels (say, with gifted Last.fm users meet-
ing offline on a music concert and convincing their
friends to buy subscription), our experimental esti-
mates would account for this effect as well. Unfortu-
nately, the very virtue of our manipulation that allows
us to identify the full net effect across numerous pos-
sible channels of peer influence, makes it harder to
single out rigorously a particular mechanism of social
contagion from the rest of the mechanisms (by means
of that same manipulation).13 Although we cannot
naturally confirm the exact mechanism at play in
our setting, the design constraint notwithstanding, we
can use the richness of our data to rule out certain
potential mechanisms. We leave it for future research
to isolate the mechanisms at work in a positivist
manner.

4.5.1. Increased Usage and Related Exposure. We
begin by examining whether gifted users start using
the website and its social features more often and
more intensely, thus causing their peers to engage
with the website more and ultimately leading to the
peer’s premium subscription. As it turns out, a signif-
icant set of peer influence mechanisms that deal with
the increased use of the Last.fm website by the origi-
nally seeded users can be ruled out with our data.

To rule out the effect of increased usage, we mea-
sure the social activity of the originally manipulated
users in group M on the Last.fm website by observ-
ing a set of website-reported variables. We define the
variable DeltaFriendCnt in Table 4 as a change in the
number of friends that a user made over the one

13 A mechanism-level experiment that manipulates just one partic-
ular channel of peer influence leaving other channels intact would
be more useful in this scenario. Such a mechanism-level experi-
ment, however, would have a symmetrical problem attempting to
estimate the total net effect of peer influence aggregated across mul-
tiple different mechanisms since only one channel is manipulated
by such an experiment.

and a half month period14 after the gifts were given
to group M . Other variables in Table 4 are defined
similarly.

As demonstrated in Table 4, users in group M did
not significantly increase their use of the website dur-
ing the time of our manipulation as measured by all
the social engagement variables.

4.5.2. General Awareness. Another potential peer
influence mechanism that we can rule out in our con-
text and with our data is general awareness spread-
ing. The argument in favor of awareness as the mech-
anism would be constructed as follows: assume that
we study peer influence by giving the gifts of some
unknown and very obscure product to group M while
giving nothing to group NM . Since the product is
so unknown and obscure to the general population,
friends of NM have almost no chance of adopting it
spontaneously. Therefore, friends of M are the only
ones who can possibly adopt the product since they
are the only ones who can possibly be aware of it.

In our context we can render this mechanism
unlikely for the following reasons:

• The premium subscription is widely and openly
advertised on the Last.fm website to the general
population.

• The actual observed adopters in group T are
mature users of the website as demonstrated by the
observed values for website tenure (in days) and the
SongsListened variable in Table 5. It is evident that
all of the observed adopters in groups T and C had
at minimum four months experience on the website
before manipulation (with an average tenure of more
than three years) and had listened at minimum to
several thousands songs before buying into premium
subscription.15 Also, as is evident from Table 5, new

14 The premium subscription gift was only active for one month
after which it expired and the user returned to the “free” state.
15 One adopter in group C had SongsListened = 0 only because he
erased all his songs immediately before manipulation. However, he
clearly is a mature user since he registered more than three years
before our experiment and had 55 friends at the time of the exper-
iment. All adopters in group T had listened to at least 2,000 songs
on Last.fm before buying the premium subscription.

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

13
4.

12
6.

24
1.

18
5]

 o
n 

17
 M

ar
ch

 2
01

6,
 a

t 1
0:

29
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



Bapna and Umyarov: Do Your Online Friends Make You Pay?
1916 Management Science 61(8), pp. 1902–1920, © 2015 INFORMS

Table 5 Characteristics of Observed Adopters in Groups T and C

Group Variable Mean Std. dev. Min Max t-value p-value

C Tenure 11183068 6340352 173 31015 107665 000807
T Tenure 11392045 5260079 145 21957
C SongsListened 381947049 331671005 0 1541748 103940 001667
T SongsListened 501638082 531083001 21128 3421662

adopters in group T actually tend to be marginally
significantly more experienced than new adopters in
group C in terms of the tenure on the website. Based
on this observation, we deem it unlikely that these
mature users are generally unaware of the existence
and basic features of the premium subscription, which
is the only paid feature on the Last.fm website.

4.5.3. Network Effects. If the hypothesized mech-
anism of peer influence is a simple network effect—
such as, the more friends of the focal user use the
product the more valuable the product becomes for
the focal user—then we can test this by examining
whether dropout rates behave differently from adop-
tion rates in groups T and C. We find that unlike
the number of new adopters, the number of sub-
scription dropouts is statistically indistinguishable in
groups T and C as demonstrated in Table 6. This
observation suggests that peer influence does not sig-
nificantly affect the decision to drop the subscription
among existing premium users, but instead increases
the number of new adopters.

We conjecture that the reason for this effect is that
since an existing subscriber had personal firsthand
experience with the feature, the decision to unsub-
scribe is more of an independent personal decision.
This is in contrast to new adoption when an indi-
vidual, by definition, has no prior experience with
the product and thus has to rely on some external
information that (as we show in this paper) includes
peer influence. From the utility theory perspective,
this result demonstrates that whereas the utility of
a potential new adopter changes significantly if one
extra friend adopts, the utility of an existing sub-
scriber who is about to drop the premium subscrip-
tion does not change significantly if one extra friend
adopts.

Thus, network effects as a mechanism are not sup-
ported by the evidence, given that, in the presence of

Table 6 Dropout Rates in Groups T and C Are
Indistinguishable

Group Dropout t-value p-value

C 94 0047 006407
T 100

peer influence due to network effects, an extra adop-
tion would be expected to reduce the dropout rates
as well. In the next section we describe a variety of
robustness tests for our main results.

5. Robustness Tests
5.1. Reshuffling Test
Assume our manipulation did not cause any effect, so
any difference we see is just by chance. This means we
can randomly reshuffle users between groups M and
NM , repeat our complete analysis with those reshuf-
fled Mi and NMi, and still see the same magnitude of
difference in adoptions fairly often. As we will see, it
is actually quite rare to see this magnitude of differ-
ence if we were to reshuffle M and NM randomly. For
our test, we used Algorithm 3 in Online Appendix B
to construct reshuffled Mi and NMi at iteration i and
explore the typical differences between the reshuffled
groups. After running 800 iterations of this simula-
tion, we find that only in 3.2% of random reshufflings
does group Ti beat group Ci with the difference as
large as we see in our data. If we are to believe that
the difference we observe is just a chance occurring,
it means we need to believe we encountered a 3.2%
probability event.

5.2. Survival Model Analysis
In addition to logistic regression model presented in
§4, we tried a number of different models including
survival models. Survival models offer an alternative

Table 7 Results of a Survival Model

Exp. Std.
Variable Coef. (coef.) err. z-value Pr> z

Treatment 005187 106799 002471 20099 000358
Gender −004670 006269 002277 −20051 000402
Age 000262 100265 000154 10699 000893
RegDate −000004 009996 000002 −10574 001156
log(SubscriberFriendCnt) 005946 108123 001914 30107 000019
log(FriendCnt) −003960 006730 001696 −20335 000196
LastfmCountry −007390 004776 002954 −20502 000124
log(SongsListened) 002806 103239 001101 20548 000109
log(Posts) −000027 009973 000660 −0004 009679
log(Playlists) 004646 105913 001770 20624 000087
log(Shouts) 000127 100127 000806 00157 0087511
log(LovedTracks) 002259 102535 000720 30138 000017
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approach that can take advantage of the longitudi-
nal nature of our data. As is displayed in Table 7,
the results of running a Cox model with clustered
standard errors16 are very close to the results obtained
by logistic regression in Table 3 of Online Appendix F,
as expected in our scenario (Annesi et al. 1989).

5.3. Generalizability Issues with Experimentation
in Social Networks

Our study makes causal claims due to purely exoge-
nous randomization of the initially seeded users.
However, being a network experiment, there are cer-
tain potential limitations to the generalizability of
our claims due to the complicated network struc-
ture of social networks. We discuss these challenges
below and provide certain results that demonstrate
that these limitations are not likely to be a serious
obstacle to the generalization of our results.

5.3.1. Leakage of Treatment into Control Group.
Since treatment and control groups are not isolated
from each other, but rather a part of the same social
network, it is possible for the treatment to “leak”
from the treatment group into the control group. To
mitigate this potential concern, we can provide both
empirical and theoretical evidence suggesting that
this is likely not a significant obstacle. In particular,
in our study, we find the following:

• Empirically, only one adopter in group C is a
friend of an adopter in group T who could have
influenced him. So adopters in group C are gener-
ally not connected to adopters in group T (with one
exception).

• Theoretically, even if the treatment leak does
occur from the treatment into the control group, the
leak would make groups T and C more similar, mak-
ing it harder to demonstrate the significant differences
between T and C rather than easier.

We do acknowledge, however, that removing all
potential SUTVA (stable unit treatment value assump-
tion) violations is a difficult and not yet solved prob-
lem in network experiments.

5.3.2. Intersection of Treatment and Control
Groups. Per our experimental design, the users who
end up in the intersection are excluded from the anal-
ysis. These users, however, are not random, but rather
extremely high-degree users. Therefore, our results
may not generalize to this small set of extremely high-
degree users. As it stands, this limitation is not a
threat to internal validity of the experiment because
group T and group C are statistical counterfactuals of
each other due to symmetrical experimental design.

16 The clustered standard errors approach is appropriate as dis-
cussed in §4.2 above because of exogenous randomization of
groups M and NM .

Table 8 T vs. C: Robust Estimation with Ego Level Random Effects

Group Adopter t-value p-value

C 0.001903966 2.269976 0.0233
T 0.002972973

Table 9 T+ vs. C+: Robust Estimation with Ego Level Random
Effects

Group Adopter t-value p-value

C+ 0.0019609515 2.168841 0.0301
T+ 0.0029431272

This limitation only applies to external validity since,
because of the exclusion, our results may not gener-
alize to the extremely high-degree people found in
the intersection. Tables 8 and 9 compare the results
obtained by excluding the intersection and including
the intersection. As is evident, the results are very
similar in our data. Tables 8 and 9 take into account
the possible correlation among adoption decision of
peers of the same user in M or NM using ego-level
random effects.

In this study, the following circumstances mitigate
this intersection bias:

• The intersection constitutes less than 5% of our
sample.

• The intersection constitutes very high-degree
users that are very rare in the general population and,
thus, the loss of generalizability for these users is not
critical. Specifically, the median friend count among
the users found in the intersection is 440. Contrast this
with the general population of the Last.fm network:
99.8% of Last.fm users have less than 440 friends.
Therefore, drawing a median user from the intersec-
tion is an extremely rare occurrence in the general
population.

To the best of our knowledge, the existing litera-
ture has not yet solved the problem of a potential bias
introduced by either excluding or right censoring the
users who end up in the intersection of multiple treat-
ments because these excluded users may be different
in a systematic way. We believe this to be a promising
area for future research.

6. Conclusions and Future Research
In this paper, we present a novel randomized experi-
ment that allows us to make a causal inference about
the presence of economic social contagion and peer
effects in the general population of an online social
network without any subject recruitment procedures.
Specifically, we conduct the experiment in the context
of purchasing premium subscriptions of a freemium
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social network. We deploy a unique website feature
that allows us to buy a premium subscription gift for
any user in the network, thus creating a perfect “seed-
ing tool.” This unique feature induces the proverbial
“helicopter drop,” an exogenous random assignment
of a treatment to a subset of the population, which can
be compared against a statistically identical control
group. We believe that this research is at the frontier
of what information systems can do—an “economic
experiment in the wild” with real subjects but with-
out a subject recruitment procedure based on self-
selection.

Using a variety of nonparametric, semiparametric,
and parametric approaches, ranging from resampling-
based inference to ego-level random effects to logistic
regression to survival models, we get close to iden-
tical, consistent, statistically and economically signif-
icant estimates of peer influence in the general pop-
ulation of a freemium social network. In addition,
we discover that the relative strength of peer influ-
ence decreases with the size of the friendship circle
of the influenced user. We also note that the gifted
users were selected as a random sample from the gen-
eral population and not from the subpopulation of
very influential people. Thus, we establish that even
average social network users exert significant peer
influence on their friends. Future research aimed at
maximizing social contagion will explore how much
stronger the influence could have been if a sample
of highly influential people (however defined), rather
than average users, are manipulated. In addition to
that, it is important to point out that we only look
at the effect on immediate friends of the gifted users
in this paper. Peer influence is subject to social mul-
tiplier effect such that once influenced, the immedi-
ate friends of the gifted users may themselves start
influencing their own friends, possibly increasing eco-
nomic significance of the original first-degree effect
dramatically.

Our study advances the vast literature on peer
influence in social networks in a variety of important
directions. This study reinforces and backs up the evi-
dence from prior studies of self-selected experimental
subjects and free products, supporting the idea that
online peer influence constitutes a fundamental phe-
nomenon that extends beyond a special set of self-
selected experimental participants and their friends.

Our specific contributions include the following:
1. Novel identification strategy that establishes peer

influence for the general population.
• We avoid any voluntary recruitment procedures

by utilizing a unique “gifting” feature and select-
ing subjects completely at random from the full gen-
eral population. Therefore, we eliminate the notori-
ous subject self-selection bias where individuals who
tend to respond to subject recruitment ads may be

systematically different17 from the target population
(Camerer and Lovallo 1999, Harrison et al. 2009).

• Our manipulation is nonintrusive; that is, sub-
jects are completely unaware of being a part of the
experiment at all, avoiding any observer bias.

• In our study, subjects cannot withdraw from
the experiment and cannot escape our manipulation,
avoiding any possible subject mortality bias.

2. Average treatment effect on the nontreated is exper-
imentally estimated in our study as opposed to the
average treatment effect on the treated from the prior
literature. Specifically, our paper computes how much
influence a typical nonadopter could achieve if she is
promoted, whereas prior experimental literature has
experimentally estimated the ATET (Aral and Walker
2012, Bakshy et al. 2012a). In other words, the existing
literature has shown how much influence the exist-
ing adopters had on their peers, but has not talked
about the possible influence of nonadopters (if they
were promoted).

The difference of peer influence of existing adopters
versus nonadopters is important based on the evi-
dence from Table 2.

• Adopters and nonadopters have very differ-
ent observed characteristics. Therefore, the results
obtained for the peer influence of existing adopters
may not generalize to the possible influence that can
potentially be exerted by nonadopters.

• Nonadopters vastly outnumber adopters with at
least a 30-to-1 ratio. Therefore, in a sense, an aver-
age existing adopter is a very special network user,
whereas an average nonadopter is a good representa-
tion of an average network user.

Therefore, if one were to estimate the potential peer
influence that can be achieved in the social network
by promoting nonadopters into adopters, the key idea
of viral marketing, estimating ATEN is at least as
important as estimating ATET.

3. Outcome is a real purchase decision with real money.
In our study, peer influence is established for eco-
nomic transactions involving real money, because
each observed outcome is a monetary transaction for
$3 and subjects must actually pay their own money
to buy the subscription. It is well established that cus-
tomers approach free products in a very different way
than even the cheapest $0.01 products, basically act-
ing under two different regimes: social norms versus
market norms (Ariely 2010, Shampanier et al. 2007).

In addition to the causal analysis of our data, our
experimental data allows us to compare the strength
of peer influence and homophily in a predictive sense.

17 Although the observed characteristics of these individuals can be
accounted for by poststratification, it is hard to account for unob-
served characteristics that may be systematically biased and thus
confound the study.
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In Online Appendix D, we discuss how comparing
the strength of peer influence and homophily in a
social network would naturally request a predictive
modeling framework rather than a causal framework
due to the difficulty of defining what “manipulating
homophily” means. By adopting a predictive mod-
eling framework, we study the change in predictive
adoption scores that are assigned by a predictive
model to all users as new information is observed. In
other words, if focal user A has a network friend B
and friend B suddenly adopts a premium subscription
by herself, the predictive model will revise A’s adop-
tion score (i.e., the predictive model’s belief about
probability of adoption) upward since B’s adoption
is a predictive signal. Similarly, if focal user A has a
network friend C and friend C was gifted by us, the
predictive model will also revise A’s adoption score
upward since the model learns that C may have peer
influence on A as established in this paper. Interest-
ingly, it turns out that the predictive model learns to
update the score in both of these cases by a similar
amount. In other words, the predictive model does
not see friend B’s signal as much more predictive
than friend C’s signal, suggesting that peer influence
is the dominant predictive force in the network, at
least for short-term adoption decisions. We also sep-
arately compare the results of observational quasi-
experiment (Online Appendix E) with the random-
ized experiment on the same data and conclude that
quasi-experiments tend to overestimate the strength
of peer influence for users with a large number of
friends, while underestimating it for users with a
small number of friends.

Whereas a predictive framework provides a natural
way of quantifying the strength of homophily versus
peer influence in a social network, this study suggests
looking at peer influence and homophily as forces of
nature acting over different time horizons and sug-
gests that a separate study is needed to identify the
longitudinal effects of both of these forces.

Our work makes significant contributions to
our nascent understanding of the monetization of
freemium social communities. Online social networks
span way beyond the specific context of Last.fm.
They are digitizing long-standing social processes
of our everyday lives, and this digitization allows
us to access not just demographic characteristics of
users, i.e., who they are, but also their network loca-
tion, i.e., where (in the network space) they lie, and
their behaviors, i.e., what they do. Leveraging these
three different types of data require (a) determining
the mix of their causal impact in changing desirable
behaviors, and (b) designing appropriate policy and
marketing interventions to inducing such behaviors.
Using an experimental design, such as ours, managers
can determine whether the network variables such

as actions of peers are causal in impacting desirable
outcomes.

Our work is not designed to unearth the exact peer
influence mechanisms that are at work in the ongoing
social contagion process. In our study, we combine all
of them under the umbrella of peer influence. In the
same breath, our postanalysis suggests that we can
rule out the mechanisms of increased usage, general
awareness, and network effects as possible mecha-
nisms leading to the observed peer influence. Per our
experimental design, we are limited in that we only
study the local effect on first-degree friends and do
not account for the second-degree effects involving
friends of friends of groups M and NM . We expect
future research to distinguish between the relative
efficacy of tactics like persuading a friend to subscribe
versus imitation of a friend, as well as go beyond
influence in the first degree.

In this paper, we also do not study whether the
influence comes from a few high-influence users or
a large number of low-influence users. Our goal for
this paper is to demonstrate that significant economic
social contagion is at work on average in the gen-
eral population of a freemium social network such
as Last.fm. In addition to that, we limit our atten-
tion to the influence on first-degree friends and do
not look at second-degree effects or at the importance
of strength of ties (Centola 2010). Both of these issues
are fertile areas for future research.

Finally, we believe our experimental design can be
practically carried out by both researchers and prac-
titioners. Practitioners may build a similar gift arti-
fact into their products and use it as a measure to
examine the nature and strength of social contagion
in their setting. We expect to see more such random
acts of kindness to solve interesting problems facing
businesses and society.

Supplemental Material
Supplemental material to this paper is available at http://dx
.doi.org/10.1287/mnsc.2014.2081.
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