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Scott Stern Anil Rajnikant Doshi

Essays on Strategy and Management of Platforms

ABSTRACT

In this thesis, I research the management of platforms by participating organizations and study
the ensuing performance of both participating organizations and the platform.

In the first essay, titled “The Impact of High Performance Outliers on Two-Sided Platforms: Ev-
idence from Crowdfunding,” I study how one kind of observable on platforms affects both the sub-
sequent entry decision of organizations and the performance of the platform. I focus on the arrival
of high performing sellers and study how these “outliers” affect the subsequent growth and liquid-
ity of the platform. In the context of the two largest rewards-based crowdfunding platforms, I find
that outliers are followed by a relative increase in entry and transaction volume on the competing
platform. Moreover, this average effect is stronger for marginal, or low quality, sellers. Within the
platform hosting the outlier, transaction volume increases for sellers in the same product category
as the outlier, but this average effect reverses for outliers in certain product categories. The results
suggest that the impact of heterogeneous users depends on platform rules, and that in addition
to pricing, competing platforms may selectively focus on attracting users with high performance
potential to achieve the desired mix of buyers and sellers.

In the second essay, titled “Social Media, Loyalty, and Organizational Performance” (written
with Shiladitya Ray), we study how the interactions between users and organizations on social
media relate to organizational performance outcomes. Specifically, we explore the relationship
between expressions of loyalty on social media and performance. We relate the number of fol-
lowers on Twitter to television show ratings and find that change in the number of individuals
following an organization’s Twitter account prior to the realization of a repeated performance out-
come is positively associated with that outcome. We present evidence of the heterogeneity in the

effect, showing that the relationship is stronger for organizations that match the demographics
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of the social network and niche product categories. We also show that higher levels of a show’s
initial following mitigates the relationship between followers and performance for shows in niche
categories, and tentatively strengthens it for show’s in non-niche categories.

In addition to considering the theoretical relationship between social media and organizational
performance, we employ a parsimonious prediction model relating the two, showing that a model
with social media measures outperforms both a baseline autoregressive model and a model that
includes search data. In so doing, we extend recent literature that uses real-time data to predict
current economic indicators by using social media data to predict organizational performance out-
comes. Our results indicate that technological innovations can diminish the distance between the
organization’s boundaries and outside stakeholders. This reduction in distance underlines the im-
portance for firms to attend to their non-transaction interactions on social media.

In the final essay, titled “Organizational Management of Social Media,” I address how organi-
zations manage activities on social media, beginning with the decision to adopt social media and
its rate of diffusion within the organization. In the context of television show adoption of Twit-
ter, I show that larger organizations and organizations started more recently more readily adopted
social media. I also provide evidence highlighting the heterogeneity in organizational approaches
to social media. By looking at the heterogeneity in the rates of diffusion, I am able to distinguish
differences in approaches to social media management along three dimensions: the timing, the
speed, and the centrality of management within the organization. Finally, I show the changing
nature of diffusion of a technology in an industry over time. By applying theories of strategy and
innovation management, I underscore the importance of considering the impact of social media

on the organization and processes of the firm.
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The Impact of High Performance Outliers on Two-Sided

Platforms: Evidence from Crowdfunding

1.1 INTRODUCTION

WO-SIDED PLATFORMS that facilitate transactions among distinct sets of users are becoming
T increasingly pervasive, particularly in the digital economy. The types of users that join each
side may affect their subsequent growth and trajectory. User effects may also depend on the com-
petitive environment faced by the platform, and may exercise a particular impact in the growth
stage of platforms. Sellers may be heterogeneous in their product category, size, and performance,
among other dimensions.” This paper investigates the impact of high performing sellers, or out-
liers, on the subsequent entry and liquidity of a two-sided platform, in the context of platform
competition.

The impact of an outlier is illustrated by the performance of Ministry of Supply, a fashion com-

pany providing athletic business attire that began as a highly successful crowdfunding campaign.

'I call the users on one side of a platform sellers (or creators within the context of the empirical setting) and the users
on the other side buyers (or backers).
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Figure 1.1: Seller Entry Before and After the Ministry of Supply Crowdfunding Campaign. This graph presents weekly
entry on Kickstarter and Indiegogo for 20 weeks prior to the start and after the conclusion of the Ministry of Supply
Kickstarter campaign, which ran from June 8, 2012 to July 11, 2012.

During the summer of 2012, three MIT graduate students were considering the viability of de-
signing and selling business attire that functioned like athletic clothing. To estimate potential
demand, the founders launched a Kickstarter crowdfunding campaign with a $30,000 goal over
33 days. They reached their goal within four days, and by the end of the campaign, they raised
just under $430,000, or approximately 50% more than any prior crowdfunding project in the fash-
ion category. As the three students dropped out of school to launch their company, the question
remained as to how Ministry of Supply’s unprecedented success affected Kickstarter. Figure 1.1
presents visual evidence that seller entry on Kickstarter appears unaffected, but entry discontin-
uously increases for its largest competitor, Indiegogo.

The previous example is the basis of the research question for this paper: how do high perform-
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ing outlier sellers affect a two-sided platform, in the context of platform competition? I address
this question at two separate levels. First, at the platform level, how do outliers impact the relative
entry of subsequent sellers and the liquidity of competing platforms? Second, within the platform
that hosted the outlier, how do outliers impact seller entry of and liquidity for similar sellers?

[ answer these questions using crowdfunding data. Crowdfunding on online platforms has be-
come a viable means to raise capital for firms, projects, and other causes. Kickstarter, the largest
crowdfunding platform in terms of dollars pledged, recently announced it has raised a total of $1
billion on its platform since inception in 2009 (Kickstarter, 2014d). An ecosystem of crowdfunding
platforms has emerged to raise funding for anything from scientific research projects to charita-
ble causes and medical procedures. This paper utilizes data from the two largest rewards-based
crowdfunding sites, Kickstarter and Indiegogo. I design an empirical approach that aggregates to
the product category level over time, by platform, to arrive at estimates of relative entry and trans-
action volume prior to and after the outlier, for multiple outliers. The relative estimates control for
crowdfunding shocks, and provides results for the entire rewards-based crowdfunding industry.

In the crowdfunding context, I find that outliers on Kickstarter are followed by a relative in-
crease in entry and transaction volume (as measured by dollars pledged) on the competing plat-
form, Indiegogo. This average effect is stronger for marginal, or low quality, sellers. The result
suggests that the rules of the platforms are important factors in understanding the utility consid-
erations of prospective sellers. Within Kickstarter, transaction volume increases for sellers in the
same product category as the outlier, but this effect reverses for outliers in certain product cate-
gories. The differential responses by category possibly suggest that some outliers attract buyers
with a taste for specific kinds of consumption, while other outliers attract more general buyers.

The competitive impact of outliers is also of interest in other settings. For example, platforms
actively seek to host high performing goods to drive competitive differentiation from others. Video
game console manufacturers typically highlight ‘big name’ developers and game titles to be released
concurrently with the console to drive initial consumer adoption. Sometimes, the platform itself
will seed one side of the market with prospective high performers to drive adoption on the other
side. Media companies such as Netflix have started producing video content for their subscribers,
featuring famous actors (e.g. Kevin Spacey in House of Cards). iOS, the mobile operating system
platform, highlights featured developers that have created historically high performing apps for
the platform. The results in this paper will provide a framework to consider these other cases of

platforms, platform competition, and outliers.
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1.2 LITERATURE REVIEW

1.2.1 HETEROGENEITY IN PLATFORM PARTICIPANTS

Models from theoretical research on two-sided markets and platforms make different assumptions
about agent heterogeneity. Some assume users are homogeneous on both sides of the market (Cail-
laud & Jullien, 2003; Parker & Van Alstyne, 2005; Evans & Schmalensee, 2010). Others assume
agent heterogeneity in either preferences over “membership” (i.e. utility from participating in the
market) (Armstrong, 2006), over “interaction value” (i.e. number of users on the other side) (Ro-
chet & Tirole, 2003; Ambrus & Argenziano, 2009), or over both (Rochet & Tirole, 2006; Weyl,
2010). Given these agent preferences, participation, and the network effects of interest, many
models are solved for the optimal pricing and structure on both sides of the market.

Explicit consideration for the attractiveness of certain users is given by Rochet & Tirole (2003).
They argue that the existence of “marquee” buyers (sellers) increases the desirability of the plat-
form to sellers (buyers). Pricing for the same side as the marquee agent decreases, and increases for
the other side. Ambrus & Argenziano (2009) note that users may be heterogeneous on dimensions
that extend beyond preference over the size of the other side of the market. Specifically they may
be heterogeneous “with respect to the network externality they generate—their ‘attractiveness’ to
consumers on the other side.” Hagiu (2009) makes the case for pricing to increase for producers
when consumers demand product variety.

Empirical studies on two-sided markets have focused on pricing implications on changes in com-
petition (Jin & Rysman, 2013), measuring indirect network effects (Rysman, 2004), and platform
entry (Zhu & lansiti, 2012; Seamans & Zhu, 2014).”> Another stream of papers have focused on
non-pricing strategies on platforms (Boudreau & Hagiu, 2009). Work that is the most closely re-
lated to this paper considers the impact of outliers on the adoption of platforms by users on the
other side of the market (Binken & Stremersch, 2009; Lee, 2013). In the context of video games,
outlier titles cause an increase in console purchases by video game players, though the magnitude
of the change varies between papers.® Prior research considers neither follow on entry on the same
side as the outlier, nor consumer transaction behavior following the outlier arrival.

More broadly, heterogeneity among users has been empirically studied in the context of net-

work effects and platform competition. Boudreau (2012) showed that heterogeneity in sellers

*I refer the reader to Seamans & Zhu (2014) for a review of pricing studies in two-sided markets.

*The magnitude of the increase differs between the two papers. Binken & Stremersch (2009) estimates a 14% in-
crease in console adoption from a hit title, while Lee (2013) estimates that counterfactual loss in platform sales from
removing a hit game was a a maximum of 5.5%.
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declines over time. Platform adoption is affected by distribution channel (Bresnahan & Yin, 2005)
and by direct network effects i.e. number of users on the same side (Augereau et al., 2006). Under-
standing how differences in users drive the equilibria and tipping point of platform competition
has been the focus of other empirical studies. For example, obtaining exclusive agreements with
select users can help entrant platforms compete with incumbents (Lee, 2013). User character-
istics (Hendel et al., 2009) and platform differentiation (Cantillon & Yin, 2011) can also explain
agent adoption choices. In general, when network effects are present, the diffusion of adoption
depends on the characteristics of current users. Having “boundary spanners” adopt accelerates the

adoption decision of potential users (Tucker, 2008).

1.2.2 MARKET ENTRY

Research on entry has focused on entry by new firms or existing firms into new products (Gilbert
& Newbery, 1982; Reinganum, 1983), new geographies (Chung & Alcacer, 2002; Alcacer & Chung,
2007) , or new industries (Rumelt, 1982; Prahalad & Bettis, 1986; Silverman, 1999). New firms
considering entry typically have to make the decision, given incumbents employ policies of pre-
emptive entry (Lieberman & Montgomery, 1988), price competition, and other barriers to entry.
Resources (Helfat & Lieberman, 2002) and the development of capabilities (King & Tucci, 2002)
often direct the entry choice.

Entry in a two-sided platform possesses characteristics from multiple types of entry, and does
not readily fit into any one traditional type. The choice to enter a platform possibly requires
changes in product and internal processes or reallocations in corporate resources, typically to
match with the standards and requirements of the platform (Altman, 2015). Also, while both in-
cumbents and entrepreneurs may enter on a platform, just as in a ‘typical’ market, the existence of
the platform and its rules may result in a different competitive environment. Incumbent barriers
to entry may not be as effective, as entry is regulated by the platform. In fact, barriers to entry
may exist, but are typically imposed by the platform’s regulatory regimes, rather than competing
firms (and may not necessarily affect only entrepreneurial firms).

This paper contributes to the empirical literature on two-sided platforms and entry. First, in
addition to the indirect network effects typically considered, I explicitly consider the impact of
same side effects on the entry choice of sellers (Hagiu, 2009). Second, I consider the impact of
non-pricing shocks to platforms (i.e. the arrival of heterogeneous sellers, namely performance
outliers) in the context of platform competition. The paper also extends prior work that looked

at how outlier sellers impacted buyer adoption (Binken & Stremersch, 2009; Lee, 2013) by look-

www.manaraa.com



ing at subsequent seller entry and platform liquidity. Third, I extend the literature on entry by

considering platform entry as a different type of entry decision.

1.3 THEORY

To build the theory of outlier sellers on two-sided platforms, I begin with the implications of an
outlier on the utility of subsequent sellers. Then I argue that the presence of network effects will
result in seller entry and liquidity being impacted in the same direction. Finally, I turn to the
impact within the platform hosting the outlier, by considering how the outlier will impact similar

sellers.

1.3.1  OUTLIERS AND SUBSEQUENT SELLER ENTRY WITH PLATFORM COMPETITION

To provide a framework for the entry decision after the arrival of a performance outlier, I pro-
vide a stylized model of entry on two-sided platforms. I begin with the seller’s utility function on
platform, ¢ (Rochet & Tirole, 2006; Weyl, 2010):

U? = V¢ + (p? — c)Ng (1.1)

S S

Users are buyers, b € B or sellers, s € S. Ve is agent s’s net benefit of participating on the platform
and consists of a benefit, Pf, and cost of participation, C_?, or Vf = P? — C_? The terms pg’ and cf
are the benefit and cost of transacting, respectively. The term Ng represents the number of buyers
in the market.

In the case of a monopoly platform, a seller will enter if the utility from entering exceeds the
outside option, normalized to zero, or Ug) > o:

Ve + (p? — c‘b)Nfg5 >0 (1.2)

S S S

For sellers considering multiple platforms (assuming no multi-homing), the entry decision is also
a function of the utility from the competing platform. Assuming two platforms, ¢ and w, the
decision to enter platform ¢ is U? > max(UY, o), or:

V2 + (p? — ©)NG — max[V¥ + (p¥ — ¢¥)N%, 0] > o (1.3)

S

*Weyl (2010) does not allow for heterogeneity in cost, indicating that the cost is explicitly the price charged by the
platform conditional on the other side of the market. I consider a general cost term that varies by seller that includes,
but is not limited to, platform fees.
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Simply stated, a seller s will enter platform ¢ if her expected utility from entering that platform is
greater than the utility of entering platform w and not entering any platform.

The performance outlier signals the viability of the platform or transacting on it or it acts as
diffusing agent for prospective sellers who were not previously considering entry. For this set of
prospective entrants, it is possible to assess the impact on entry of a shock to platform ¢, namely
the arrival of a performance outlier using Equation 1.3. First, the arrival of an outlier increases
the desirability of the platform to buyers (Rochet & Tirole, 2003) and thus increases buyer partic-
ipation (Binken & Stremersch, 2009; Lee, 2013), Ng. The increase in the number of buyers on the
platform is an unambiguous improvement in seller utility (as long as pf — @ > 0). At the same
time, the outlier increases competitive aversion among subsequent sellers (Brown, 2011), which
in the model is reflected in an decrease in V<. This decrease may consist of a decrease in seller be-
liefs of participation benefit, P?, or an increase in actual costs, Cgb, the seller would incur to realize
the value from transacting on the platform. Importantly, not all prospective sellers experience the
same change in net benefit.

The outlier likely impacts the platform in other ways as well. First, the outlier will have received
a high volume of transactions, so buyers who transacted with the outlier would experience a reduc-
tion in capital available for subsequent transactions. Capital constraints could be included in the
utility function by considering expected number of transactions, rather than number of buyers,
which would depend on buyer budget constraints. Also, a subset of sellers who make the consid-
eration to enter may only consider participating on platform ¢ by considering the entry condition
in Equation 1.2, as part of a ‘parochial’ utility maximization (e.g. if there are high platform search
costs). This subset would only cause an increase in sellers on platform ¢, increasing competition
for the remaining prospective sellers. Multiple stages of response to an outlier would allow for the
parochial sellers to enter first and then the remaining sellers to make their entry decisions. These
additional channels by which an outlier can impact the platform are noted here but omitted from
the framework to simplify the analysis and arrive at predictions. Sellers who are most susceptible
to experiencing decreased net benefits of participation, V¢ from the outlier are likely to be most
sensitive to reduced buyer budgets and competition from more sellers, so the inclusion of these
additional mechanisms will drive the same predictive outcomes.

The question of entry for prospective sellers, then, involves comparing utility from platform ¢
with the outlier shock to the utility of joining the competing platform, w. Depending on the rela-
tive value of participating and transacting across the two platforms, a seller may enter the platform
hosting the outlier to capture the value of the relatively thicker market or the competing platform

because of the relatively higher net benefit of participating (assuming that min( ue, U¥) > o). In
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the latter case, the performance outlier effectively signaled the viability of joining a platform to
engage in transactions with buyers, but the structures of the two platforms prompted the seller
to choose the platform that did not experience the outlier shock. The countervailing impacts de-
scribed above indicate that entry on the platform hosting the outlier may increase or decrease,
relative to the competing platform. Thus, the average impact on subsequent seller entry on com-
peting platforms is ambiguous

Regardless of the average effect, the impact will be even stronger among sellers whose costs are
most likely to increase from arrival of the outlier. If, for the average seller, ug > Uy, then entry
on platform ¢ will increase, relative to platform w. However, sellers with largest decrease in %4
(from decreases in Pf or increases in C?) from the outlier will disproportionately choose to enter
platform w. Conversely, if on average, v? < UY and sellers disproportionately enter platform w,

then high ¢ sellers will select to enter on platform w at an even greater rate.

HYPOTHESIS 1 (H1) The impact of a performance outlier on the subsequent seller entry on a

platform is stronger for sellers whose net benefits decrease the most.

1.3.2 INDIRECT NETWORK EFFECTS AND LIQUIDITY

The average effect on seller entry will be positive for either platform ¢ or w. If platform ¢ expe-
riences a positive impact in seller entry, then there is an increase in both number of sellers and
number of buyers as a result of the outlier. If platform w experiences a positive impact in seller
entry, then there is a positive shock in arrival of number of sellers with no countervailing effect
on the buyer side of the platform. In both cases, the positive shock from the outlier-whether it is
to both sides or one side—affects participation without any changes to pricing to incentivize those
users to participate. In this way, the outlier produces “pure” indirect network effects on the plat-
form that experiences a relative increase in seller entry, whereas price changes create second order
effects that may partially or fully offset the participation effect of those pricing changes (Rochet
& Tirole, 2006). The relative increase of sellers results in an increase in buyer utility as a result
of indirect network effects (Armstrong, 2006; Parker & Van Alstyne, 2005), which act as a “self-
reinforcing feedback loop” (Gawer, 2014). The increase in buyer participation encourages entry by
sellers and an increase in seller participation increases entry and choice for buyers. More choice is
followed by better matches and more transactions, increasing liquidity, relative to the competing
platform.

As stated in Section 1.3.1, the average effect of an outlier on relative seller entry across platforms
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¢ and w is ambiguous due to the countervailing impact of the outlier on V¢ and Ng. Though the
average impact of an outlier seller on subsequent seller entry is unclear, whichever platform enjoys

the relative increase in sellers would also experience a relative increase in liquidity on the platform.

HYPOTHESIS 2 (H2) The arrival of a performance outlier on a platform will affect liquidity for

competing platforms in the same relative direction as subsequent seller entry.

1.3.3 IMPACT OF OUTLIER ON ENTRY OF SIMILAR SELLERS

Sellers that are similar to the outlier may be particularly susceptible to its effects. Platforms often
segment sellers based on characteristics to facilitate search and matches. To investigate the impact
of the outlier particularly on subsequent entry of similar sellers, I return to Equation 1.3. The
increase in buyers, Ng, may be particularly beneficial to similar projects if there is heterogeneity
in the new buyers and some have a preference for sellers similar to the outlier. Similar sellers may
also experience an increase in pf; if the outlier provides a particular signal to similar sellers of the
likelihood of transacting on the platform for that type of seller. If these effects are stronger, then
the outlier will be followed by a relative increase in similar sellers on the platform that hosted the

outlier.

HYPOTHESIS 3A (H3A) Following a performance outlier on a platform, subsequent entry of

similar sellers will increase, relative to different sellers.

Just as the positive impact of an outlier on similar sellers may be amplified, so would the neg-
ative impacts. Sellers may be particularly averse to a similar outlier, resulting in larger declines
in V. To the extent that the outlier receives a disproportionate amount of transactions, buyers
may have subsequent capital constraints, particularly for similar sellers. When increases in the
above costs are the stronger effect, firms select to defer entry or enter on the competing platform

to effectively differentiate from the outlier (Ellison & Fudenberg, 2003).

HYPOTHESIS 3B (H3B) Following a performance outlier on a platform, subsequent entry of sim-

ilar sellers will decrease, relative to different sellers.
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1.3.4 IMPACT OF OUTLIER ON LIQUIDITY OF SIMILAR SELLERS

The outlier’s increase in buyer participation might particularly benefit similar sellers if the in-
creased participation is from buyers who have a particular taste for transactions with sellers similar
to the outlier. In that case, the increase in buyers and buyer transaction activity would dispropor-

tionately increase for similar sellers.

HYPOTHESIS 4A (H4A) Following a performance outlier on a platform, subsequent transaction

liquidity of similar sellers will increase, relative to different sellers.

As previously stated, outliers may also deter seller entry because of increased competition, seller
decisions to differentiate, or budget constraints. These might be true especially of sellers that
are similar to the outlier. Competition and the need to differentiate is most salient for similar
sellers. The outlier may also crowd out future investment in similar sellers, as buyers may be budget
constrained for similar sellers. In this case, the arrival of an outlier would have a negative impact

on entry and liquidity for sellers that are similar to the outlier.

HYPOTHESIS 4B (H4B) Following a performance outlier on a platform, subsequent transaction

liquidity of similar sellers will decrease, relative to different sellers.

1.4 SETTING AND DATA

[ use crowdfunding platforms as the setting for this paper. The two sides of the market in crowd-
funding platforms are capital seekers, or creators, and capital contributors, or backers. In the cur-
rent iteration, crowdfunding is the process of raising capital from multiple contributors through
an online platform. The use or recipient of funds is diverse and includes creative projects, firms,
specific products, political and social causes, research, and personal circumstances. Backers can
receive a number of different commitments from project creators in exchange for capital, includ-
ing goodwill or recognition, equity, debt, and rewards that typically consist of promises of future
delivery of goods and services.

Typically, when a creator initiates a project on a platform, she will typically provide certain con-
tent and set the parameters associated with the project. The creator typically describes the the
project and its current progress using text and multimedia, and provides biographies and related
experience of project creators. She will also set the desired funding goal, expiration of the cam-

paign, and contribution tiers with different awards associated with different levels of pledges.
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Creators can provide updates on the fundraising campaign or the project and backers can typically
publicly comment on the project.

The platform fee structure typically involves a fee charged by the platform on the total amount
of successful capital raised. Effectively, the creator is charged for a successful financing, similar to
many traditional capital raising intermediaries. Given the typical absence of explicit membership
fees, creators and especially backers likely experience a membership benefit for participating in
the community aspect of crowdfunding.

A feature that may not be be typical of other two-sided markets is the limited availability, and
thus turnover, of projects by creators. Typically, at the time of project creation, a duration is spec-
ified by the creator. At the expiration, the pledges will be transferred if the terms of the campaign
were met. The temporary nature of crowdfunding projects implies that the supply of projects is
time variant.®

An emerging stream of research around crowdfunding has investigated several aspects of
the phenomenon, including determinants of success (Lambert & Schwienbacher, 2010; Mollick,
2014), incentives (Agrawal et al., 2014), choice of financing (Belleflamme et al., 2010), geography
(Agrawal et al., 2011), legal aspects (Kappel, 2008), choices relative to experts (Mollick & Nanda,
2015), and backer behavior (Kuppuswamy & Bayus, 2014).°

1.4.1 KICKSTARTER AND INDIEGOGO

I use the two largest crowdfunding rewards-based platforms, Kickstarter and Indiegogo, as the
setting for this study. In the context of crowdfunding, I investigate how outlier projects impact
subsequent project entry and backer behavior. The impact of outliers is of great importance to
the platforms themselves, as Kickstarter has written about what it calls “blockbuster” projects on
multiple occasions (Kickstarter, 2012, 2013a,b).

Though the overall services of Kickstarter and Indiegogo are substantively similar, I highlight a

few important differences:

°*The implications of turnover in the participant seller projects may be generalizable outside of crowdfunding. Expe-
rience goods, such as music, typically undergo a decay in consumption over time. Additionally, perishable goods, are also
available for a limited time (Sweeting, 2012). This raises the question of whether backers consider their pledges to an
experience good (i.e. the experience of contributing to a campaign on a crowdfunding platform) or a limited availability
pre-purchase. This distinction may go towards understanding backer motivations for contributing and the appropriate
response of creators to backers after campaigns are complete and funding is transferred.

°For a detailed review of crowdfunding research, see Kuppuswamy & Bayus (2014).
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FUNDRAISING MECHANISMS. All projects on Kickstarter require the project to meet or exceed
its goal in order to receive the funds. If the goal is not achieved, backers are not committed to
transferring their pledges. On Indiegogo, project creators can choose the previously described
‘fixed’ fundraising mechanism, or they can opt for ‘flexible’ fundraising, where the creator receives
any pledged funds at the expiration of the project even if the goal is not met. If the project creator
chooses flexible funding and the goal is not met, then Indiegogo charges a higher fee on the funds.
Though both options are available, only 5,478 projects in my sample had fixed goals on Indiegogo,
which represents 5.4% of all Indiegogo projects in the sample.

FEE STRUCTURE. Kickstarter charges a 5% fee of successful projects (project creators must also
pay 3-5% in transaction fees to payment processors). Indiegogo charges a 4% fee if the goal is met,

regardless of funding mechanism. For flexible funding, the fee is 9% if the goal is not met.

CURATION AND CATEGORIES. While many classes of projects are consistent across the two plat-
forms, Kickstarter has historically been more restrictive in the types of projects that are allowed to
post on its platform. This difference is represented by the available project categories on Indiegogo
that are not on Kickstarter, primarily those related to causes (which includes community, political,
religious, and non-profit projects).”

Statistics for the two platforms during the sample period (described in Section 1.4.3) are shown

in Table 1.1.

1.4.2 OUTLIER PROJECTS IN CROWDFUNDING

Outliers exist at the tails of their respective distributions by definition—scientists produce prolific
research (Azoulay et al., 2010a), athletes post record statistical performances, and musicians sell
substantially more albums. To operationalize a performance-based definition of outliers, [ em-
ploy a ‘high water mark’ approach to identify outlier projects. Specifically, among projects that
received funding, I identify those that raised more in pledges than any prior project within the
same category, and thus changed the tail of the distribution. To exclude early projects that raised
low amounts of money but fulfill the above criteria (as is the case with early projects), I drop all
projects where the amount pledged was less than the median pledged amount of high-water mark

projects, which was $28,650.

"Kickstarter has recently loosened its rules (Kickstarter, 2014a) and amended its category structure (Kickstarter,
2014b,c), making the platform more open to the types of projects that are allowed.
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Table 1.1: Platform Summary Statistics

Mean S.D.  Median Min Max
Indiegogo
pledged 1,810.67 17,636.12 100.00 0.00  1,961,862.00
backers 23.71 218.93 3.00 0.00 33,253.00
goal 31,343.91 207,418.97 5,000.00 435.75  9,000,000.00
duration 51.13 33.46 45.00 0.00 916.00
fixed funding 0.05 0.23 0.00 0.00 1.00
updates 2.27 6.09 0.00 0.00 247.00
comments 9.34 91.95 2.00 0.00 17,675.00
received money 0.62 0.49 1.00 0.00 1.00
Kickstarter
pledged 8,110.36  68,103.43 1,404.00 0.00 10,266,846.00
backers 108.14 853.61 24.00 0.00 91,585.00
goal 16,286.75 95,987.52 5,000.00 101.00 8,961,000.00
duration 35.75 14.64 30.00 1.00 91.00
fixed funding 1.00 0.00 1.00 1.00 1.00
updates 4.76 7.94 2.00 0.00 301.00
comments 32.27 999.06 0.00 0.00 145,900.00
received money 0.48 0.50 0.00 0.00 1.00
Total
pledged 5,161.77 51,211.90 530.00 0.00 10,266,846.00
backers 68.62 641.72 10.00 0.00 91,585.00
goal 23,334.31 158,412.02 5,000.00 101.00  9,000,000.00
duration 42.95 26.40 35.00 0.00 916.00
fixed funding 0.56 0.50 1.00 0.00 1.00
updates 3.60 7.24 1.00 0.00 301.00
comments 21.54 731.46 1.00 0.00 145,900.00
received money 0.54 0.50 1.00 0.00 1.00

Note: Kickstarter n = 102,383. Indiegogo n = 116, 359. Total n = 218, 742. Summary statistics include the 70
outliers, which are summarized separately in Table 1.2. The variable updates is the number of updates posted by the
project creator and comments is the number of messages posted by backers about a project. The variable received
money equals one if pledged capital to the project was at least one dollar and the money was transferred from backers
to the creator.
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Table 1.2: Outlier Summary Statistics

Mean S.D. Median Min Max
pledged 760,129.20 1,752,733.82 165,248.50 31,028.00 10,266,846.00
backers 8,301.30 18,186.68 2,095.00 121.00 91,585.00
goal 138,938.00 298,179.94  45,000.00  2,000.00  2,000,000.00
duration 38.57 15.35 31.00 2.00 85.00
fixed funding 1.00 0.00 1.00 1.00 1.00
updates 28.14 18.31 25.00 0.00 112.00
comments 1,951.66 5,323.37 309.50 0.00 30,023.00

Note: n = 70. Summary statistics for 70 outlier projects identified on Kickstarter platform (listed in Table A.1).

Based on this definition, I arrive at a set of 70 ‘category outlier’ projects that appeared on Kick-
starter, summarized in Table 1.2 and listed in Table A.1.> Outlier projects received a median of
$165,248 in pledges from a median 2,095 backers. The 70 outliers account for 5.2% of all success-

ful capital raised during the sample period on both platforms.

1.4.3 DATA AND SAMPLE

My data consist of projects initiated on the Kickstarter and Indiegogo platforms from inception
through January 2014. The data was assembled through a combination of web scraping the two
websites and acquiring the data from third party providers. I include only completed projects that
were initiated between April 2009 and January 2014. Further, I include only projects in categories
that are shared across both platforms.

Additional projects were dropped to eliminate possible test or fake projects. First, projects enti-
tled “Untitled Draft Project” were dropped. Also, projects with duplicative names, locations, plat-
forms, and funding types (i.e. fixed or flexible) were considered trials and all but the most recently
started project were dropped. Projects where the goal was less than $100 (consistent with Mollick
(2014)) or greater than $10 million were also dropped from the sample.

The resulting number of projects in the sample for Kickstarter and Indiegogo is 102,383 and

116,359, respectively. Sample statistics for project related measures are presented in Table 1.1.

*Three projects on Indiegogo are characterized as outliers and are discussed separately in Section 1.6.1.
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Several facts emerge from the summary statistics. The median goal was $5,000 on both plat-
forms (though the mean goal of $31,344 on Indiegogo is almost double Kickstarter’s mean goal of
$16,287), but the median project duration of 45 days on Indiegogo was 15 days longer than Kick-
starter. On Indiegogo 61.7% of projects received some amount of capital® , compared to 47.7%
on Kickstarter. Though a higher proportion projects receive funding on Indiegogo, the average
amount pledged for a project on Kickstarter was $8,110, compared to $1,811 on Indiegogo. The
most successful project on Kickstarter during the sample period was the Pebble smartwatch, which
raised $10.3 million, or more than five times the most successful project on Indiegogo, the Canary
home security device, which raised $2.0 million. The Kickstarter community appears to be more
engaged with more mean updates made by project creators and more mean comments posted by
site members. Kickstarter also appears to have a more active community, with a mean number
of updates by creators and comments by users of 4.8 and 32.3, respectively. That compares with

Indiegogo, where mean updates are 2.3 and mean comments are 9.3.

CREATION OF SAMPLE

For each outlier, a weekly sample is constructed using 20 weeks of data prior to the start of the out-
lier’s project campaign and 20 weeks after its conclusion. For each week, measures are aggregated
(described in Section 1.4.4) at the platform-category level. Each 40 week period ‘outlier period’
is then stacked for all 70 outliers, creating a sample, where an observation is an outlier period-
platform-category-week that is centered around the campaign period of each respective outlier.
Summary statistics of the stacked sample are presented in Table 1.3 and correlations are presented

in Table 1.4.

1.4.4 MEASURES

To capture the trends of the platforms and categories over time, I derive a number of measures
related to performance, growth, timing, and project characteristics.

DEPENDENT VARIABLES

GROWTH To measure the impact on the same side of the platform as the outlier, I look at the

supply of crowdfunding projects prior to the arrival and after the conclusion of an outlier project.

°That includes flexible campaigns that raised at least one dollar and fixed campaigns that met their goal. For projects
that chose fixed funding, only 18.8% received funding i.e. met or exceeded their goal.
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Table 1.3: Sample Summary Statistics

Mean S.D. Median Min Max
entrants 39.60 52.11 20.00 1.00 360.00
pledged 179,888.71 475,954.52 33,997.00 0.00  10,929,538.00
outlier platform 0.52 0.50 1.00 0.00 1.00
outlier category 0.08 0.27 0.00 0.00 1.00
post 0.51 0.50 1.00 0.00 1.00
goal 746,899.78 2,213,497.55 168,042.00 0.00 107,177,346.00
mean duration 44.86 17.93 42.65 0.00 312.00
platform-category age 126.53 53.89 128.14 0.00 314.57
Google trend index 16.16 20.66 6.00 0.00 100.00

Note: n = 68, 122. An observation is an outlier period-platform-category-week.
Table 1.4: Correlation Table

(1) (2) (3) (4) (5)  (6) @ @ (9
(1) entrants 1.00
(2) pledged 0.35 1.00
(3) outlier platform 0.05 0.25 1.00
(4) outlier category 0.04 0.00 -0.00 1.00
(5) post 0.05 0.05 -0.02 -0.00 1.00
(6) goal 0.50 0.26 -0.08 0.03 0.05 1.00
(7) mean duration -0.06 -0.16 -0.42 ©0.01 -0.03 0.07 1.00
(8) platform-category age 0.55 0.34 0.12 0.01 0.19 0.34 -0.14 1.00
(9) Google trend index 0.23 0.43 0.59 -0.00 0.11 0.08 -0.41 0.62 1.00

Note: n = 68, 122. An observation is an outlier period-platform-category-week.
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[ create entrants, which is the number of weekly entrants. Median weekly seller entry per category

was 39.29 projects.

LiQuipIiTY Ilook atbuyer transactions by measuring amount of money pledged. Pledged dollars
are totaled weekly by platform and category to arrive at the pledged measure. Pledged money for
non-dollar denominated projects were converted to U.S. dollars using the exchange rate between
the local currency and dollars as of the final day of the project campaign. Median weekly dollars
pledged was $177,994. One substantive assumption made in the creation of these measures is
that all funding occurs on the concluding day of a campaign.*® This assumption was required due

to data limitations.

FocAL INDEPENDENT VARIABLES

TIMING RELATIVE TO OUTLIER For each of the 70 outliers, a sample 20 week window before the
start date and and 20 week window after the the end date of the outlier is compiled and stacked.
The variable post captures whether the focal week occurs after the conclusion of the outlier project
campaign. The variable equals one when the focal week is after the outlier end date and zero for
weeks prior to the outlier start date. The period the outlier project was live on the platform is

excluded from the sample period.

OUTLIER PLATFORM AND CATEGORY I develop two measures, outlier platform and outlier category
to capture two different dimensions of the outlier on the platforms. First, outlier platform equals
one if the focal platform is the same as the one that hosted the outlier, and zero otherwise (i.e. the
competing platform)."* This measure captures the across platform affect. Second, outlier category
equals one if the focal category is the same as the outlier’s project category, and zero otherwise,

which captures the within platform and across category impact.

1.4.5 TIME-VARYING CONTROLS

linclude several measures to control for time-varying factors at the platform, category, and project

level. To control for the general growth trend of each crowdfunding platform, I include Google trend

**To account for this assumption, I run a robustness test where I only consider pledges for projects where the money
was transferred (i.e. flexible projects on Indiegogo that raised at least $1 or fixed projects on both platforms that met
their goal). Because the transfer of money takes place on the final day of the project’s campaign, the assumption of all
pledges arriving on that day is more accurate when thinking of the money as ‘committed pledges.’ area consistent using
this alternative definition of pledged capital.

“*For the 70 outliers described in Section 1.4.2, outlier platform is equals 1 for Kickstarter and o for Indiegogo.
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index for the two platforms over the sample period. The Google trend index is a measure of the
relative search frequency of ‘kickstarter’ and ‘indiegogo’ on a weekly basis (and does not capture
absolute search volumes). During the chosen time period, the index normalizes the most popular
search term in the most popular week at 100 and presents the remaining weeks relative to that.
The index has been used to control for secular trends (Ghose et al., 2012) and has been shown to
forecast current business and economic activities (Choi & Varian, 2012; Wu & Brynjolfsson, 2013).

To control for the different trends in categories on each platform, I include a measure of the
category’s age. The measure platform category age was calculated as the number of weeks from the
first entrant observed in each category on each platform.

For the pledged regression, I also include certain mean duration and dollar goal—project-level
characteristics to control for differences in projects reaching the conclusion of their campaign each
week. mean duration is the average project duration and dollar goal is the total dollars set in goals

for all projects completing their campaigns during the focal week.

1.5 EMPIRICAL STRATEGY

To study how outliers arriving on a platform impact subsequent entry and capital pledged re-

sponses, I estimate the following general model*:
E(Yie|Xit) = fleit; B1(post;, X outlier platform;) + S,posty + B3Xir + 6; + V¢ (1.9)

where i indexes each outlier period-platform-category and t indexes time in weeks. The depen-
dent variable, Y;; represents entrants or pledged. outlier platform equals one for weeks when the
focal platform is the same as the outlier’s. To variable post equals one for weeks after the outlier
concludes its campaign, and equals zero for weeks prior to its start. The term 6; represents fixed
effects for each outlier period-platform-category. Included in 7, are year fixed effects and calen-
dar month fixed effects. Included in X;; are time-varying measures of the platforms, categories,
and projects. Specifically, Google trend index is a weekly measure of the relative search volumes for
the terms “kickstarter” and “indiegogo” on Google, with a maximum index value of 100. platform

category age controls for differences in secular trends experienced within each category. Included

**The empirical specification has the design of a difference in difference model. However, the model contains an
important distinction from the ‘standard’ difference-in-difference approach, in that the platforms operate in a compet-
itive environment and the arrival of an outlier on one platform is likely to have an impact on the other. As a result,
what is estimated is the differential impact of the arrival of an outlier on the hosting platform relative to the competing
platform, rather than a ‘treatment’ effect.
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in the pledged equation are dollar goal and mean duration.”® Each of the individual and interaction
terms between outlier platform and outlier category are fully absorbed by the fixed effects, §;, and
are thus excluded from the above model.

The coefficient of interest is 3,. The term 3, represents the differential impact on the platform
that hosts the outlier as compared to the competing platform, prior to the launch and after the
conclusion of the outlier. Thus, (3, reflects the platform competitive impact of the arrival of an
outlier.

To test the impact of outlier within the platform and across categories the following model is

estimated:

E(Yi|Xit) = flew; cu(outlier platform; X outlier category; X post;)
+ a,(post; X outlier platform;) 4 as(post; * outlier category;)

+ ayposty + Xy + 0; + ] (1.5)

In this specification, the variable outlier category equals one on weeks when the category is the same
as the outlier’s. The coefficient of interest is a;, which represents the differential impact on the
category of the outlier within the platform that hosts the outlier prior to the launch and after the
conclusion of the outlier, relative to the competing platform. In other words, o, indicates whether
the platform competitive impact is mitigated or strengthened in the same category as the outlier

project, and thus indicates the within-platform impact of the outlier.

1.5.1 IDENTIFICATION

The identification strategy relies on the idea that the arrival of the outlier projects is exogenous
to the platform. A concern is that the outliers are endogenous—the timing of the campaign and
its parameters are strategic choices set by the project creators that are eventually revealed to be
outliers. By that reasoning, the project creators may merely be ‘timing the market’ and earning
high performances because of increasing growth of the platform or a relative decrease in supply.

I address these concerns by providing anecdotal evidence of outlier exogeneity from informal
interviews with seven creators of outliers and by addressing the endogeneity concern into the em-
pirical specification. Informal interviews with outlier project creators provides some evidence that

outliers are exogenous. If outliers are endogenous, then creators would have high ex ante expec-

*Also included in models that contain dollar goal and mean duration is zero exits, a dummy variable set to 1 when the
number of exits during the week equals o. This term is included to account for the weeks during which there were no
exits and mean duration is set to zero, rather than undefined.
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tations about the amount of capital that will be raised and timing choices would be tied to the
platform. None of the creators communicated both sentiments.

Some project creators expressed concern over the success of their project, implying that there
was no prior expectation of success that changed the distribution of pledges for the category. One
creator indicated, “I didn’t think it would succeed, and [ wasn’t looking forward to the humiliation
of failure in such a public forum,” while another said, “We hope we’d reach our goal.” Creators also
indicated that alternative methods of financing were not an option: “There was no other way to
raise money. Regular routes of investment, loans, et cetera were closed.”

Regarding timing, duration for projects were typically set to 30 days, based on a general Kick-
starter recommendation (made to all projects), rather than a strategic choice to time the length
or conclusion of the project. Another creator indicated timing was dictated by outside factors,
namely actor schedules: “We had to raise the money by [the end date] or we’d lose our lead actor to
his second season of ‘True Blood’.” A music group set their start date on a significant anniversary:
“November 22nd [the project’s start date] is a fan celebrated day because it was the date of our last
show when we originally broke up.”

The empirical specification provides further consideration of secular trends and timing, by ac-
counting for the trends in the crowdfunding industry, each platform, categories within each plat-
form, and of the projects that complete each week. First, the difference-in-difference specification
with year and month fixed effects should partially account for the trends in the crowdfunding in-
dustry and trends over time. Second, the Google Trends Index for each separate platform acts as
a control for the periods during which each platform was more popular. Third, by including the
age of each platform-category, I account for the different timing of growth trends that occurred
among different product groups within each platform. Finally, weekly pledged capital may be a
function of the project that are completing in each week, so aggregate project characteristics (total

goal dollars and mean duration) control for different projects coming due each week.

1.6 EMPIRICAL RESULTS

The nonnegative and highly skewed distributions of both dependent variables motivate the choice
of using the Poisson model with quasi-maximum likelihood standard errors (Azoulay et al., 2010b)
to estimate Equations 1.4 and 1.5. Mean and median statistics for the dependent variables in
Table 1.3 illustrate the skew in the data. Further evidence is provided by the skewness measure
for each variable, which for entrants and pledged are 2.44 and 9.46, respectively. There was no entry

in 5.4% of weeks and no exits (hence no pledges) in 9.1% of weeks.
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Table 1.5: Outlier Impact On Entry

DV entrants (1) (2) (3) (4)
entrants type: All All All Low Quality
Outlier platform x Post -0.165™ -0.194™ -0.206™* -0.370™
(0.03) (0.02) (0.03) (0.05)
Post 0.286™ 0.098"* o0.112** 0.065
(0.03) (0.02) (0.02) (0.04)
Year FE No Yes Yes Yes
Month FE No Yes Yes Yes
Time-Varying Controls No No Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 72125 72125 68117 68105
Outlier period-platform-categories 1806 1806 1801 1796

(+p <0.1;*p < 0.05; **p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is count of project entrants in Columns 1 to 3 and count of projects
that raised no pledges in Column 4. Each outlier period constitutes a 20 week window prior to launch and a 20 week
window after the completion of each outlier. Outlier periods for 70 Kickstarter outliers are stacked to produce the
sample. An observation is an outlier period-platform-category-week.

1.6.1 RESULTS

Results for the impact of 70 Kickstarter outliers on entry and pledged dollars are reported in Ta-
bles 1.5 and 1.6, respectively. In each table, Column 1 excludes time fixed effects and controls and
Column 2 includes fixed effects. Both columns are included for reference.

SELLER ENTRY WITH PLATFORM COMPETITION

Following an outlier on Kickstarter, entry on that platform declined by 18.6% (Table 1.5, Column
3, exp(f) —1 = exp(—0.206) — 1 = —0.186,p < 0.001), relative to the competing platform,

Indiegogo. Given a mean of 33.5 weekly entrants during the pre-period, the result implies a net
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Table 1.6: Outlier Impact On Pledges

DV: pledged (2) (2) (3)

Outlier platform x Post -0.220™ -0.242™ -0.238™*

(0.04) (0.04) (0.04)

Post 0.515" 0.165" 0.187**
(0.03) (0.04) (0.04)
Year FE No Yes Yes
Month FE No Yes Yes
Time-Varying Controls No No Yes
Outlier period-platform-category FE Yes Yes Yes
Observations 70975 70975 67877
Outlier period-platform-categories 1776 1776 1769

(+p <0.1;"p <0.05 ™ p <0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is dollars pledged. Each outlier period constitutes a 20 week window
prior to launch and a 20 week window after the completion of each outlier. Outlier periods for 70 Kickstarter outliers
are stacked to produce the sample. An observation is an outlier period-platform-category-week.
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Table 1.7: Indiegogo outlier Impact

(2) (2) (3)
Low Quality

DV: entrants entrants pledged
Outlier platform x Post 0.113* 0.316 0.212*

(0.06) (0.25) (0.120)
Post -0.140™* -0.375+ -0.000

(0.02) (0.22) (0.05)
Year FE Yes Yes Yes
Month FE Yes Yes Yes
Time-Varying Controls Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes
Observations 3120 3120 3120
Outlier period-platform-categories 78 78 78

(+p <0.1;*p < 0.05; ** p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is count of project entrants in Column 1, dollars pledged in Column
2, and count of projects that raised no pledges in Column 3. Each outlier period constitutes a 20 week window prior
to launch and a 20 week window after the completion of each outlier. Outlier periods for three Indiegogo outliers are
stacked to produce the sample. An observation is an outlier period-platform-category-week.

difference of 6.2 (33.5 X —0.186 = —6.2) projects per week entering on the competing platform
(Indiegogo) after the arrival of an outlier.

By comparison, the three outliers on Indiegogo result in a relative increase in entry on In-
diegogo, relative to Kickstarter (Table 1.7, Column 1, 8 = 0.113,p < 0.048). Regardless of the
platform hosting the outlier, Indiegogo experienced the relative improvement in entry. These re-
sults suggest that after the arrival of an outlier, subsequent entrants on average faced high enough
costs on Kickstarter relative to Indiegogo, so as to offset the benefit from an increase in buyers.

To test the hypothesis that prospective sellers with relatively higher costs will experience a
stronger than average effect, I decompose entry into types to delineate project quality. Projects

of lower quality are more likely to face higher costs after an outlier, in terms of both incurring

23

www.manaraa.com



costs to improve quality to successfully transact with buyers and experiencing a greater degree of
competitive aversion. I consider entry only for projects that eventually do not raise any pledges
during their campaigns. [ then look at entry of these ‘lower quality’ projects to distinguish in
entry trends between them and all projects. Results are presented in Column 4 of Table 1.s.
Entry of low quality projects decrease on Kickstarter at a much greater rate than do all projects
(8 = —o0.370,p < 0.001). The increase in magnitude of negative relative entry for low quality

projects provides evidence in support of H1.

INDIRECT NETWORK EFFECTS

Looking at Column 3 of Tables 1.5 and 1.6 shows that the direction of seller entry and amount
pledged is the same (negative) across platforms (6 = —0.204,p < 0.001and f = —0.238,p <
0.001, respectively). The same result of consistent directions for the three outliers on Indiegogo
holds, where outlier impact on both seller entry and amount pledged is positive (Table 1.7, 5 =
0.113,p < 0.048 and 3 = 0.212,p < 0.032, respectively). The matched direction of effects on both

outcomes of interest provides evidence for Ha.

WITHIN PLATFORM

Results for outlier impact on similar sellers are reported in Table 1.8. The average effect on project
entry in the same category as the outlier is not significantly different from projects outside the
category (Column 1, § = 0.054,p < 0.159). There is no evidence in support of H3a or H3b. The
observed negative platform effect on transactions is mitigated for projects in the same product
category as the outlier within the platform that hosted it (Column 2, 8 = 0.195,p < 0.009). The
positive and statistically significant impact on dollars pledged indicates that there is a capital ‘spill
in’ effect for similar projects after the arrival of an outlier. The within platform results on pledged
dollars provide support for Hga.

Disaggregating results by the category of the outlier reveals interesting heterogeneity in the
outlier’s impact within the platform hosting the outlier. Tables 1.9 and 1.10 contain category by

category results for entry and pledged dollars, respectively.*

*Each table includes results for six categories, where there were statistically significant results for either entry or
pledged (or both): film and video, theater, music, dance, design, and technology. The remaining seven categories con-
tained no statistically significant results for either entry or pledged and are not reported. Those categories are art,
comics, fashion, food, games, photography, and publishing.
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Table 1.8: Outlier Impact Within Hosting Platform

(1) (2)
DV: entrants pledged
Outlier platform x Outlier category x Post 0.054 0.195™*

(0.04)  (0.07)
Outlier platform x Post -0.211™ -0.255™

(0.03)  (0.04)

Outlier category x Post -0.031 -0.122
(0.03) (0.08)
Post 0.115" 0.199™

(0.02) (0.04)

Year FE Yes Yes
Month FE Yes Yes
Time-Varying Controls Yes Yes
Outlier period-platform-category FE Yes Yes
Observations 68117 67877
Outlier period-platform-categories 1801 1769

(+p <0.1;*p < 0.05; * p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is count of project entrants in Column 1 and dollars pledged in Column
2. Each outlier period constitutes a 20 week window prior to launch and a 20 week window after the completion of
each outlier. Outlier periods for 70 Kickstarter outliers are stacked to produce the sample. An observation is an outlier
period-platform-category-week.

25

www.manharaa.com



‘pouad JesA om} yoes Joj pajebaibbe aiem s10aye paxiy Jeak ‘uolenbs ubisap ayj 1deoxe suoissaibal ||e ul 8ouabianuod ajeyjioe) o] “(Bulysi|

-gnd pue ‘Aydesbojoyd ‘seweb ‘poo} ‘UoIyse} ‘SOIWO0D ‘pYe) papodal Jou ale Juediiubis Ajjeonsiiels jou ale (0" 8|geL ul) s}oaye abps|d pue Ajjus wuoyield
UIYIM Y1og a1aym saliobaie) yeam-Aiobajes-wiojre|d-poliad Jsijino ue S| UoieAIasqo Uy "AjoAizoadsal ‘uwin|od yoes ul sjdwes ay} 8onpoid 03 payoels
aJe sJa1|INo JapeIsyoly ABojouyosy aal pue ‘ubisep oAl ‘@ouep saay} ‘Oisnw ybie Yayeay) Jnoy ‘0spIA puB Wil Sulu 40} spolad JaljInQ JS1jIN0 YOEeS JO uol}
-9|dWOd 3y} JOYB MOPUIM ¥99M Qg B puUB youne| 0} Joud MOPUIM ¥89M g B S81N1HISU0D pouad Jaljino yoe3 "sjuesius 109(oid JO Juno9 si |qeleA uspuadap
ay] ‘(sesayiuased ui) pouad JalINo Y} 1B paIsisn|d ‘siolie piepuels pooyIey| Wnwixew-isenb yym uoissaibal uossiod Buisn pajewlse s|spojN 810N
(00 >d.g00>d, 1o >d+)

gcT o€t gL 9ot ot o€c sarz08ajed-urrojre[d-porrad rRIPINQ
898V czogb ocTE 899/L gtob 6Stg SuoneAIasqQ
S9X S9x S9x S9x S9x S9x q:1 £10833€2-ur103e[d-potiad 1B1ANQ
S9x S9% S9x S9x S9% S9x s[oryuo)) Surdrep-awi],
S9X S9x S9x S9x S9x S9x g JIuoN
S9x S9% S9x S9x S9% S9x EEELDN
(Loo) (ot'o) (90°0) (go'0) (90°0) (90°0)
TTOo'0 glo'o oloo ,ilto  P9rO0o TTICTO 1s04
(90°0) (60'0) (go0) (Poo) (go0o) (voo)
¥60°0 ~9L€0 oloo ,9tT'0 O0LOO- ,,99TO- 1504 x £103273€2 I2I[INQ
(90°0) (9Tt'0) (60°0) (0oT'0) (80°0) (Loo)
wxESGTO- tceo- ,,09z0- 9STO- 06C0- , .QQT0- 1504 ¥ wrojreld 19INQ
(€t0) (60'0) (to0) (co0) (VoO) (90°0)
vito wlg€o- Llero-  GET0-, 9€T0- _EETO 1504 x £10333€2 12IINQ X wrojred BIINQ
9) ) ) (®) O ® supaua :\Q
A3ofourpa], udsa eduB(Q JISNJN  19]BIY], OIPIA PUB W] £10337€)

Aiug uQ Aioberen Ag 10edw sialInO :6°L dlqeL

26

www.manaraa.com



‘pouad JesA om} yoes Joj pajebaibbe aiem s10aye paxiy Jeak ‘uolenbs ubisap ayj 1deoxe suoissaibal ||e ul 8ouabianuod ajeyjioe) o] “(Bulysi|

-gnd pue ‘Aydesbojoyd ‘ssweb ‘pooy ‘uoiyse} ‘soIWoD ‘Ue) papodal Jou aie Juedlubis Aj[eodlsiels Jou ale s1oaye abpald pue (6| 8|gel ul) Ajuse wiope|d

UIyHm Yyioq ateym ssobeie) yeoem-Aiobe1es-wiojre|d-porad JsIiNo Ue Si UoIIeAIasqo Uy “AjoAlloadsal ‘uwinjod yoes ul ojdwes ay} 9onpoid 0] paxoels
9Je SJ9I|IN0 JopeysyoIy ABojouyosl oAl pue ‘ubisep oAl ‘@ouep sa.y} ‘Oisnw 1ybie Ys1esyl Jnoy ‘0epIA PUB Wil SulU Jo) spoliad JaijinQ 4o1jIno yoes Jo uoll
-9|dWOd 3y} JOYB MOPUIM ¥99M Qg B puUB youne| 0} Joud MOPUIM ¥89M g B S81N1HISU0D pouad Jaljino yoe3 "sjuesius 109(oid JO Juno9 si |qeleA uspuadap

8yl ‘(seseyjusied ui) poluad JoljiNo By} 1B PalsIsSn|o ‘SioLie pJepuels pooyeyi] WNWIXew-isenb yym uoissalbal uossiod Buisn pejeuwliss s|epoi 810N

(00 >d . s00>d,1'0>d+)

gecT leT gl toe vot Gce mwiommﬁmu-ﬁaoﬁmﬁ-woioa I[N
8ggb 9gL¥ oct€ 659/ gtob ochg SuoneAIasqQ
SEN S9x SEYS Sax S9x Sax q:1 £10833€2-ur103e[d-potiad 1B1ANQ
S9x SaX SOx S9x Sax S9x sforyuo) Surfrep-awry,
SENY S9x Sax Sax Sax Sax g JIuoN
S9x Sax S9x S9x Sax S9x g Teag
(60°0) (go'o) (€o0) (90'0) (cTO) (€T70)
wvevo Lgoo ,.GVE0 6900- ,2l9g0 | Egbo 1504
(¥t-0) (zTt'0) (0€0) (ot'0) (ETO) (zT°0)
0T6°0 4 FO0'T LE€t'0- 9go'0o- ,,6950- . g5V o- 1504 x £103273€2 I2I[INQ
(c170) (9o0'0) (90°0) (90'0) (cTO) (61°0)
VLV o- wlgro- .6g€o0- 6000 €S 0- . PoSo- 1504 ¥ wrojreld 19INQ
(t-0) (g€0) (9c0) (tr0) (TTO) (90°0)
w38V 0- +oclo- S90'0- +ggTo- ,99¢0  .SL€0O 1504 x £10333€2 12IINQ X wrojred BIINQ
9) (%) *) ©) Q) ™ pa3pajd :AQ
A3ofourpa], udsa eduB(Q JISNJN  19]BIY], OIPIA PUB W] £10337€)

pabpald unowy uQ Aobare) Ag 1oedw siaiinQ 0L°L @19eL

27

www.manaraa.com



Entry by category shows how sellers in different categories respond to outliers. Entry by film
and video sellers increase relative to other categories following an outlier in the category (Column
1, f = 0.133,p < 0.022). This contrasts with entry in a number of categories, including theater
(Column 2, f = —0.136,p < 0.002), music (Column 3, f = —0.135,p < 0.001), dance (Column
4, 8 = —o0.137,p < 0.001), and design (Column 5, 5 = —0.387,p < 0.001) where subsequent
similar entry decreases relative to other categories within Kickstarter.

The results by category for pledged dollars suggests interesting differences in the behavior of
buyers. Outliers in the film and video and theater categories produce a positive effect on similar
projects within Kickstarter (Column 1, § = 0.375,p < 0.001 and Column 2, § = 0.366,p <
0.003). The direction of these effects are consistent with the average results from Table 1.6. The
within category impact of outliers in the design and technology categories are reversed (column 5,
8 = —0.720,p < 0.057 and column 4, § = —0.485,p < 0.001).

Whereas outliers in technology and design resulted in a substantial spillover in pledges to
projects in other categories, outliers in the film and video and theater categories provided in-
creased pledges to other projects in the same categories. One possible explanation for these
results is that outliers in certain categories (i.e. the arts) attract pledges from backers who have a
taste for art, and that those backers go on to support other arts projects on the platform. Outliers
in other categories (i.e. hardware) attract pledges from backers who are essentially transacting
a pre-purchase. Those backers have no predisposition for transacting with other projects in that

category, and they go on to act as general Kickstarter or crowdfunding users.

1.6.2 ROBUSTNESS TESTS

I explore the sensitivity of the results to design decisions and assumptions, including definition of
outliers, specification, and definition of a transaction. First, I implemented an alternative method
for defining outliers, by identifying projects in the top five for dollars pledged by category each
year. The definition resulted in 244 outliers on Kickstarter and 14 on Indiegogo. Results from
Equations 1.4 and 1.5 with this alternative definition of outlier are reported in Table A.2 and are
directionally the same as the primary results. Triple interactions for entrants and pledged are pos-
itive, but not statistically significant.

Returning to the primary definition of outliers, I account for two concerns in its implemen-
tation. I rerun the results excluding any outlier samples if the outlier’s campaign was live on the
platform at the same time as another outlier in the same category. The reason is to prevent repeat-

ing what is effectively the same sample when two outliers campaigns overlap. Results are reported
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in Table A.3 and are consistent with the main results.

Second, in the main specification, I allow an outlier to appear in the entry and pledged measures
in the pre- and post-periods in other outlier samples. To test whether the results are dependent on
the presence of outliers in any sample, I run an alternative sample that excludes any of the outliers
from any weekly counts of entrants or dollars pledged. Results are reported in Table A.4 and are
consistent with the primary results.

To test the dependence of the results on the model specification, [ estimate the results using
OLS with fixed effects with In entrants and In pledged as the dependent variables.® Results are
reported in Table A.5 and are consistent, except the estimate of the triple interaction in the In
pledged pledged regression is positive, but not statistically significant.

The use of pledged as a measure of liquidity may raise to concerns. First is the assumption of
timing of pledges. Due to data constraints, all pledges were assumed to arrive on the final day of of a
project’s campaign, but in reality, pledges accrue over the duration of the project. Second, for fixed
funding model projects, pledges are not actually transferred to projects unless the project meets its
goal. Because liquidity is dependent on the actual flows of capital, rather than the promised flows,
including pledged dollars that were ultimately not transferred may not accurately reflect liquidity.
To test whether the results are sensitive to the timing and transfer of pledges, I estimate a model
where [ only include dollars that were transferred at the conclusion of the project (as measured by
transferred pledged). This measure accounts for both the timing problem, because transfers take
place on the final day of the campaign making the assumption more closely tied to actual behavior,
and the measurement problem. The results using this alternative definition of pledged capital are
reported in Table A.6 and are consistent with the primary results.

Finally, sensitivity to the dependent variables is also considered. One concern is the use of Pois-
son estimation for a dependent variable that measures money. To address this concern, I estimate
the results for an alternative measure of transactions, using backers, defined as the number of in-
dividuals that committed pledges for projects each week and the results (reported in Table A.7) are
consistent with the pledged regressions. I also estimate the results only for weeks when entrants
and pledged values are greater than zero to test whether the results are driven by periods when the

platforms were not active and the results (reported in Table A.8) are consistent.

**Both variables are logged after adding one to include weeks with no entry or pledges.
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1.7 DISCUSSION

This paper determines the impact of high performing outlier sellers on a platform’s growth and lig-
uidity when platform competition exists. After the arrival of an outlier, entry disproportionately
benefits the platform where sellers experience higher utility, after considering the outlier’s impact
on the host platform’s utility. The average effect is moderated by heterogeneity in the sellers’ cost
sensitivity to the outlier. Moreover, within the platform, outliers in certain product categories are
followed by a positive increase in entry and transactions for similar projects, whereas outliers in
other categories created spillovers outside of that category.

In the strategy literature, market entry and the relationship between existing sellers and the
subsequent entry strategies are well-studied phenomena (Fudenberg & Tirole, 1984; Lieberman
& Montgomery, 1988). Certainly, high performance outliers are likely to affect market entry. The
success of a product in a new product category, for example, might spur follow-on entry. Would-be
entrants consider the prospective value of entering, given a growing market and competition with
an incumbent firm, and compared to the outside option of not entering.

Entry in two-sided markets adds an additional dimension to the entry decision, because often
times there are competing platforms to choose among. The entry choice of users impacts the equi-
librium arrived at by the two platforms. Entry is not only a function of the market environment,
but also of the platform’s structure and rules. This paper extends the entry literature into two-
sided markets.

The important role of platform rules is implicit in the impact of outliers on platforms. The rules
of the platforms significantly impact their respective paths towards equilibrium, especially for plat-
forms in a growth stage. Given there are likely multiple equilibria among competing platforms
(Ellison & Fudenberg, 2003), outliers (and other events on the platforms that affect the growth)
influence the path on which both platforms compete, and thus, which equilibrium is ultimately

reached. That influence, in turn, is dependent upon the regulatory regimes of both platforms.

1.7.1  MANAGERIAL IMPLICATIONS

How should a platform manager incorporate outliers into developing a growth strategy? The re-
sults suggest that understanding the user mix within the platform would contribute to discerning
when outliers would benefit the platform overall, or some subset of users. By considering the likely
differences in kinds of prospective outliers, a manager could seek out sellers that are potential high
performers to facilitate the appropriate spillovers within the platform.

Managers may also consider the rules of their platforms, and those of competitors, with respect
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to the types of users arriving on the platform. To the extent that existing and prospective users on
both sides of the platform respond to outliers and other types of heterogeneity, and the response is
shaped by the rules of the platform, the rules of the platform help guide the path it takes during the
growth phase. In general, considering user heterogeneity and the interacting dynamics within one
side of a platform, across sides of a platform, and across platforms provides insight into potential
success.

Given the rules of the platforms and the composition of sellers and buyers, outlier users may
create temporary surpluses for the platform, in which case there may be incentives to deviate from
equilibrium pricing to capture rents (Armstrong, 2006). Moreover, if the second order effect of an
outlier seller is to drive subsequent sellers to a competing platform, managers may also consider

pricing deviations to drive sellers to their platform immediately following the outlier.*®

1.7.2 IMPLICATIONS FOR CROWDFUNDING

It is worth considering the implications of the findings for the crowdfunding setting, given its
increasing prominence as a phenomenon and area of academic study. For the two largest rewards-
based crowdfunding platforms, Kickstarter and Indiegogo, the arrival an outlier on either platform
was followed by a disproportionate increase in entry of subsequent sellers on Indiegogo. That entry
was driven by marginal sellers.

One explanation for the relatively higher entry on Indiegogo relates to the regulatory differ-
ences on the two platforms. Kickstarter was historically more closed in terms of types of projects
which could could raise funding and its fixed funding requirement calls for projects to reach its
goal prior to receiving any funds. Project entry was more restricted due to the available categories
of projects that were accepted and the minimum requirements project creators needed to meet.
The fixed funding structure creates a collective investment decision among backers and allows for
initial backers to pledge capital with the knowledge that pledges are committed once the goal is
reached. To the extent that pledges later in the project are dependent upon early pledges, the
fixed structure allows for this momentum investing to occur. It also allows for the goal to convey a
more meaningful signal to prospective backers—goals set too low relative to the aims of the project
could be considered unrealistic, and goals set too high would not be met thus freeing backers from
committing to overly ambitious projects. Alternatively, the selection into a fixed funding regime

may signal creator quality, where those users might have private information about their quality or

**One might imagine promotional pricing where the platform is ‘celebrating’ the success of the outlier by offering
discounted prices to subsequent sellers.
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confidence in raising funding, or are users who are better able to estimate the costs associated with
their project. Indiegogo, by contrast, has been a more open platform for types of projects allowed
on the site, as well as the choice of fixed or flexible funding. With flexible funding, the goal no
longer conveys the same meaningful information to the backers, because creators could set higher
goals (to appear realistic) without incurring any substantial costs, namely the risk of not acquiring
the funds. In this regime, initial backers might be more hesitant to pledge to a project because
their funding might go towards a project that experiences a shortfall when its goal is not reached.
This precludes the possibility of deriving momentum from later backers.

These differences could be interpreted as the regulations for Kickstarter being ‘buyer friendly’
and those for Indiegogo being ‘seller friendly. While not the focus of this paper, Kickstarter ar-
guably hosted almost all outliers due to its buyer friendly rules of capital raising. Initial investors
could submit pledges with the confidence that their pledges would not be binding if the project did
not receive its goal. Thus, more projects would thus receive those initial pledges, giving projects
on Kickstarter a higher chance of exceeding or greatly exceeding their goals. Indiegogo’s project
friendly rules, then, allowed it to capture the subsequent entrants attempting to use crowdfunding

to raise capital.

1.7.3 CONCLUSION

How platforms grow and compete partly depends on the effect that heterogeneous users have on
subsequent activities of the platform. The mix of users that arrive on the platform and their impact
are dependent upon the rules of the platform. The choice of a more open or closed regime by a
platform will impact its growth and competitive positioning. Under certain regulatory regimes,
a positive shock on one platform may be mitigated by the response of subsequent users adopting
or transacting on the competing platform. Awareness of relationship between platform growth,

rules, and user mix and behavior are important features in the management of a platform.
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Social Media, Loyalty, and Organizational Performance

2.1 INTRODUCTION

OCIAL MEDIA AS A PHENOMENON is having a substantial impact on both management research
(Aral et al., 2013) and managers. Questions such as understanding how firms manage social
media (discussed further in Chapter 3) and its impact on performance (Rishika et al., 2013) are
increasingly important as organizations interact more with consumers and other stakeholders on
the medium. We explore the relationship between social media and organizational performance
and ask how loyalty expressed on social media is associated with performance outcomes.

From the perspective of managers, organizations have access to increasing levels of data that
is created both within and outside the organization’s boundaries. For organizations with fewer
resources (Wernerfelt, 1984) or a lack of capability to incorporate and process external information
(Cohen & Levinthal, 1990), the lacking of appropriate human and technology capital may act as
a barrier to incorporating the high levels of data. How can organizations derive value from data,
such as social media, with minimal investment?

We look at the relationship between Twitter activity for shows in their initial season and their

performance. Inrecent years, the idea of ‘social TV’ has emerged, which involves viewing television
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content and concurrently posting to social media services about the television content. Twitter is
one of the leading platforms in the social TV space, as the television industry and Twitter have
become increasingly institutionally interdependent.

We make two contributions in this paper. First, we theorize about the relationship between
loyalty expressed on social media and organizational performance. We find that there is a positive
relationship between social media loyalty and organizational performance. That relationship is
even stronger for niche organizations or those delivering niche products. We also find that higher
levels of initial following mitigates the relationship between new followers and performance for
niche products. Our results suggest that social media effectively diminishes the distance between
the organization’s boundary and its customers and other stakeholders, by allowing for these non-
transaction interactions. Managing interactions with these outside parties is then a question of
strategic importance as consumer behavior is not limited to purchases, but also communication
and alignment with the organization and other stakeholders. This networked following represents
a strategic asset, or resource, of the firm (Shankar & Bayus, 2003) that influences organizational
performance.

Second, we provide evidence of how social media can be employed by resource and attention
constrained organizations (Ocasio, 1997) in a straightforward manner to better understand fu-
ture performance. Moreover, we show that in most instances, social media data performs better
than general search data at predicting outcomes. We extend the growing nowcasting literature by
utilizing social media data produced by both organizations and consumers to predict organization-
level outcomes. The ability to use publicly available social media data to predict organization-level
outcomes has important competitive implications. Organizations with fewer resources can im-
prove the assessment of their goods and services. They can also observe the social media activity

of their competitors and respond in both their organization and social media strategies.

2.2 LITERATURE REVIEW

The impact of digitized “social interactions” (Godes et al., 2005) on organizations and organiza-
tional outcomes has been studied in various aspects in the management literature. Online so-
cial interactions—or user generated content or digitized word of mouth (Dellarocas, 2003)—have

been related to different organizational outcomes. The relationship between online reviews and

'Twitter’s efforts to promote social TV include providing networks with guides on integrating Twitter into show
content, acquisitions of television social media analytics firms, and its partnership with Nielsen to provide Twitter
television ratings.
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sales outcomes have been studied for books (Chevalier & Mayzlin, 2006), movies (Duan et al,,
2008; Chintagunta et al., 2010), and video games (Zhu & Zhang, 2010). Less structured commen-
tary and discussion, as occurs in message boards and forums, have been studied as well (Bickart &
Schindler, 2001; Godes & Mayzlin, 2004; Sonnier et al., 2011).

More recently, social interactions online are taking place on social media, a phenomenon that
has drawn recent academic attention (Aral et al., 2013). Certain types of social media are distinct
from prior incarnations of social interactions in two main ways.” First, organizations themselves,
and individuals within the organization, systematically participate on social media platforms. Con-
sequently, customer interaction with firm social media efforts has been shown to positively impact
the intensity of in-person interactions (Rishika et al., 2013) and consumption (Goh et al., 2013).

Second, the nature of the production of social media as real-time and streaming causes this
kind of communication to fall within the general term of ‘big data’ from both the researcher’s
and the manager’s point of view. Big data, including social media and other aggregated digital
data, has been widely used in prediction papers, and in a particular subset of those papers called
nowcasting. Giannone et al. (2008) is one of the earliest papers to use the term ‘nowcasting’ to
mean applying intra-period data to improve forecasts of periodically released economic indicators.
Much of the work since has investigated the predictive power of search data online in a variety of
settings, including public health (Ginsberg et al., 2009), macroeconomic indicators and industry
performance (Choi & Varian, 2012; Wu & Brynjolfsson, 2013), and product sales (Goel et al., 2010).

Social media as a source of data has been used to predict the stock market (Bollen et al., 2011;
Nagle, 2015), electoral outcomes (Tumasjan et al., 2010), natural phenomena (Achrekar et al.,
2011; Lampos & Cristianini, 2012), and firm sales (Asur & Huberman, 2010). For a survey of how
social media has been used to predict various outcomes (some of which are nowcasting models),
see Kalampokis et al. (2013).

Our paper continues the line of research about the relationship between digitized social inter-
actions and organizational outcomes. We focus on the declared loyalty of users to organizations
and their service offerings, a construct that is complementary to, but different from, most types
of engagement studied in the literature. We theorize the relationship between loyalty and perfor-
mance and use that as the basis for creating a parsimonious nowcasting model. Thus, we extend
the nowcasting literature to social media and organizational outcomes, by demonstrating the value
of nowcasting in providing insight into micro-level future performance. Moreover, we show how

social media data compares to search in predicting organizational level outcomes.

*See Section 3.2 for more information on the typology of social media.
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2.3 HYPOTHESES

We first hypothesize about the relationship between loyalty on social media and organizational
performance. Then, we discuss moderators of that relationship based on characteristics of the

organization, its products, and its prior social media activity.

2.3.1  SOCIAL MEDIA LOYALTY

We base our theory about the relationship between social media and organizational on Hirschman
(1970). He argued that loyalty to an organization mitigates the likelihood of consumers choosing
to cease consumption (‘exit’) amid concerns of declining quality. Rather, they would dispropor-
tionately attempt to communicate their grievances with the organization (‘voice’).

On social media, consumers can directly and publicly declare their loyalty to an organization, so
we start with the above premise and adapt given the new medium of interaction that social media
represents. We highlight four characteristics about social media that would further strengthen the
relationship between loyalty and organizational performance. First, the core function of social me-
dia is a platform for the production and sharing of information and communication. Expressions
of loyalty on a platform that is designed for communication further reinforces the tendency that
loyalty promotes voice. Second, voice on social media does not necessarily have to be limited to
occasions where there are decreases in quality. Rather, consumers can express positive and neu-
tral sentiments, and thus influence others. Third, social media is a forum where the organizations
themselves are often participants, so expressions of voice have a positive likelihood of being re-
sponded to by the organizations. Finally, expressions of loyalty are observed by other members of
social media, thus allowing for the creation of persistent communities around an organization or
its product.

Expression of loyalty on social media engenders a community around an organization or prod-
uct, increasing engagement among social media users and between users and the organization.
Increased engagement results in stronger relationships (Rishika et al., 2013) and increased per-
formance (Goh et al., 2013). Taken together, the interaction between loyalty, community and en-
gagement implies that increases in loyalty would be associated with increases in the organization’s

performance.

HYPOTHESIS 1 (H1): LOYALTY Increases in loyalty to an organization on social media are asso-

ciated with increased organizational performance outcomes.
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2.3.2 MATCHED ORGANIZATIONS AND NICHE PRODUCTS

Political science theory of interest groups contends that lobbying efforts are likely to coalesce
around interests that are held by a concentrated minority (Mitchell & Munger, 1991). Given a
plurality of interests across individuals, those with the most concentrated economic interest in
any issue are the most likely to be active and responsive to that interest. We hypothesize the same
mechanism holds in the impact of communities around organizations and products on social me-
dia.

In most industries, organizations are differentiated along many customer dimensions, includ-
ing geography, socioeconomic status, and taste. As a result, the impact of social media on organi-
zations is likely most salient when consumers of the organizations goods are matched with users
of social media. Given the heterogeneity in firms, social media is most likely to be impactful and

related to outcomes of those organizations that are most similar to the users of social media

HYPOTHESIS 2 (H2): MATCHED ORGANIZATIONS Increases in loyalty to an organization on
social media are associated with increased organizational performance outcomes, particularly for

organizations whose customers match more closely with users of social media.

Product categories that target concentrated sets of individuals are more likely to be impactful
than those that target the general population. Those users have a more concentrated interest,
facilitating community formation and strengthening the community. Moreover, those users are
more likely to have an interest in the outcome and performance of the product-they know their
voice counts most heavily in those instances, so they are more likely to express loyalty, and interact
with the organization along the dimensions described above than in the case of a product that
targets the general population.

Thus, loyalty matters more for products that target niche populations when considering orga-

nizational outcomes.

HYPOTHESIS 3 (H3): NICHE CATEGORIES Increases inloyalty to an organization on social media
are associated with increased organizational performance outcomes particularly for niche prod-

ucts.

37

www.manaraa.com



2.3.3 INITIAL LEVELS OF LOYALTY

Next, we consider the importance of the initial levels, or ‘stock,” of loyalty (rather than the ongo-
ing ‘flows’) on organizational performance. Two countervailing effects that we call the ‘implanted
network effect’ and the ‘lead consumer effect, impact how initial levels of loyalty affect the rela-
tionship between subsequent changes in loyalty and performance. We disentangle these effects
by hypothesizing conditions in which one effect would dominate the other, based on whether the
product is a niche good.

Users on social media experience network effects—their utility of participating is positively in-
creasing in the number of other users, with whom they can produce content for, interact with, and
consume more and varied content (Katz & Shapiro, 1985) . To the extent that there is a subset
of users that coalesce around an organization or product, the same network effects will apply lo-
cally to that subset of users (Sundararajan, 2007). For example, if there is a set of individuals that
enjoys discussing Stata on social media that those users utility will increase with each additional
social media user that enjoys that topic of interaction. Social media effectively strengthens a prod-
uct’s network effects (Dou et al., 2013) or implants network effects on an organization or product
that does not inherently possess such characteristics. Thus, any organization or product can po-
tentially capture the benefits of network effects from social media by harnessing latent interest in
that organization or product.

Social media acts as a complementary offering for any organization or product, providing ad-
ditional value to consumers, as they can consume the product and engage with the network of
users that does the same. As more people declare loyalty to the organization over social media,
those users derive benefit from engagement with one another and with the organization itself.
The utility of subsequent consumers is benefited by the existence of the local network relating to
the organization or product on social media (Shankar & Bayus, 2003). In this case, then the larger
the initial indication of loyalty, the larger the social media network effects and the better it would
be for the organization.

This contrasts with the high marginal impact of early consumers for certain goods. In the inno-
vation literature, lead users are early adopters of an innovative good that derive high utility from
the good’s consumption to solve a problem that most users generally have (Von Hippel, 1986).
I apply the idea of differentiating among timing of consumption more broadly to identify lead
consumers that are the most passionate consumers of a product. For many goods, early, or lead,
consumers typically derive the highest utility from its consumption, and thus are the most likely

to be interested in the product and its success. These users are also most likely to be engaged with
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other users, future users, and the organization about the organization or product. These users act
as the seed users to generate the above described network effects. Through these many functions,
lead users can act as bellwethers of a product’s success.

On social media, lead consumers can be observed because of the early timing of their declara-
tions of loyalty to an organization. Those consumers, then would have the highest marginal impact
on the organization and the community. So incremental followers when the initial level of follow-
ing is low are lead consumers and thus have the most marginal value to the organization. In this
case, the smaller the initial indication of loyalty, the larger the value of the lead consumers and the
better it would be for the organization.

Under which conditions would the positive effect of a larger and smaller initial following dom-
inate? We posit that in conditions where there is a small community, the marginal value of the
next follower is much higher. Based partly on our discussion of niche categories above, those nar-
rowly focused communities are more likely to form around niche product categories. For these
categories, where social media users are more likely to coalesce, the earliest users are its most ar-
dent supporters. Thus, marginal declarations of loyalty when the initial level of loyalty is low are
likely to be the most impactful on the network, for the organization, and for performance. For
those niche product categories, then, the relationship between increases in levels of loyalty and
performance is likely to be stronger when the initial following is smaller.

For non-niche products, the value to expressing loyalty and community participation would be
larger, if the initial community were larger. The value of marginal users in the case of non-niche
products is to strengthen the network effects, rather than the passion of their voice. Thus, for
non-niche products, the relationship between increases in loyalty and organizational performance

would be more pronounced when the initial level of loyalty is larger.

HYPOTHESIS 4 (H4): IMPLANTED NETWORK EFFECTS AND LEAD CONSUMERS The moderating
effect of initial loyalty levels on the relationship between increases in loyalty to an organization
on social media and organizational performance is negative (stronger at lower levels) for niche

organizations and positive (stronger at higher levels) for non-niche organizations.

2.4 DATA AND EMPIRICAL APPROACH

Our dataset is a weekly panel of 28 primetime shows premiering in the Fall 2013 television season
across six networks. We collect weekly performance and daily social media data for each show.

Table A.9g provides a listing of all shows in the dataset and Tables 2.1 and 2.2 provide summary
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statistics and correlations of our sample, respectively. We match the television episode data with
social media data (described below) and our resulting dataset spans from the earliest premiere on

September 16 to December 16.°

2.4.1 TWITTER AND TELEVISION

We acquire our social media data from Twitter, a “microblogging” service launched in 2006. Twitter
effectively acts as a newswire for all users (individuals or organizations), who can publicly broad-
cast 140 character messages, called tweets.* Users can select which accounts they wish to follow,
effectively creating a personal feed of tweets from those selected accounts. Twitter ranks amongst
the top 10 of most visited websites in the United States, with 284 million monthly visitors (Twit-
ter, 2015) and a billion tweets produced every two to four days (Tsukayama, 2013).

Users post nearly anything including thoughts and opinions, references to online links, and
replications of other posts (called retweets). Users also post tweets directly to other users, result-
ing in a publicly observable ‘conversation.” Tweets also typically include hashtags (‘4’) on specific
words or phrases, effectively creating a publicly observable conversation topic that other users can
then include in their tweets.

The institutional setting in which we study social media performance is television. We collect
tweets from and about each show for the six days prior to the episode’s airing on an hourly basis
using the Twitter application programming interface (API). As an illustrative example, for the show
“The Millers” we collect number of tweets and replies by the show account, ‘themillerscbs.” To
capture the discussion on Twitter of the show, we compile all tweets and replies that include the
show’s account in the text (i.e. ‘themillerscbs’), the primary hashtag associated with the show (i.e.
‘#themillers’), or the show’s exact name (i.e. ‘the millers’).

We also collect data about the show’s Twitter account profile. Included in the profile information
is the number of accounts the show follows (called friends) and the number of accounts that follow

the show (called followers).

*Many shows continued running the season into 2015, but we limit our analysis to 2014 due to constraints in our
collection of social media data.
“Users have the option to make their tweet history private, viewable only by approved users.
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Table 2.1: Sample Summary Statistics

Mean S.D. Median Min Max
Logged measures
rating 0.34 0.55 0.35 -1.20 1.55
viewers 1.51 0.63 1.52 -0.07 2.83
followers 6.40 1.42 6.37 2.48 10.13
community replies 3.01 2.00 3.11 0.00 6.12
community tweets 4.46 2.34 4.97 0.00 8.56
community hashtags 4.41 2.48 5.07  0.00 8.99
community account mentions 4.90 2.66 5.48 0.00 8.28
friends 0.73 1.09 0.00  0.00 5.57
show replies 1.29 1.58 0.00  0.00 4.61
show tweets 3.18 0.87 3.33 0.00 4.80
show hashtags 3.28 1.16 3.45  0.00 5.09
show account mentions 3.25 1.25 3.57 0.00 5.32
google trend 2.04 1.00 1.95 0.00 4.61
Raw measures
rating 1.61 0.81 1.43 0.30 4.70
viewers 5.41 3.15 4.55 0.93 17.01
followers 1,605.98 2,858.34 581.50 12.00 25,008.00
community replies 78.45 107.68 21.50 0.00 454.00
community tweets 387.53 630.76  143.00 0.00 5,193.00
community hashtags 467.19 931.05 157.50 0.00 8,060.00
community accounts 738.07 950.26  240.00 0.00 3,952.00
friends 5.39 21.71 0.00 -1.00 262.00
show replies 12.61 23.16 0.00 0.00 99.00
show tweets 31.38 22.46 27.00 0.00 121.00
show hashtags 40.99 33.59 30.50  0.00 162.00
show accounts 42.76 38.57 34.50 0.00 203.00
google trend 12.85 14.64 7.00  1.00 100.00

Note: n = 242. An observation is a show-week.
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Table 2.2: Correlation Table

(1) (2 ) (4) (5)  (6) 7 @ (9

(1) rating 1.00

(2) viewers 0.92  1.00

(3) followers 0.00 -0.08 1.00

(4) community replies -0.05 -0.00 0.36 1.00

(5) community tweets -0.05 0.00 0.36 0.92  1.00

(6) friends 0.13 0.06 0.25 -0.01 -0.03 1.00

(7) show replies 0.09 -0.00 0.13 -0.02 -0.04 0.50 1.00

(8) show tweets -0.10 -0.11 0.32 0.47 0.46 0.20 0.34 1.00

(9) google trend 0.08 0.03 0.78 0.24 0.22 0.05 -0.16 0.06 1.00
Note: n = 242. An observation is a show-week.

2.4.2 DESCRIPTION OF MEASURES

ORGANIZATIONAL PERFORMANCE

Our television performance data is tabulated and released by Nielsen, a company that provides

market data primarily for the television industry. To assess television episode performance,

Nielsen calculates its rating score as the percentage of total television households watching a

given episode. The firm also collects total viewership data for each episode.

Our data consists of Nielsen ratings and viewers for each television episode collected from the

website TV by the Numbers® Our primary measure of organizational performance is the Nielsen

television ratings, which we log to arrive at ratings. As a robustness test, we also look at the total

number of viewers to compare absolute viewership to the market penetration measure that ratings

represents. We take the log of number of viewers in millions to arrive at the viewers measure.

*The website for TV by the Numbers is www. tvbythenumbers . com.
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INDEPENDENT VARIABLES OF INTEREST

LoYALTY On Twitter, users have the choice to select other accounts they choose to ‘follow.” Fol-
lowing another account is a one-sided interaction (it does not need to be reciprocated, nor does it
need to be confirmed) that places the feed of tweets from that account onto the focal user’s feed of
tweets.® As such, it is an indication of interest in the content produced by that account. Moreover,
the action of following another account is not costless, as it does consume real estate on the user’s
personalized feed. In the limit, if a user chose to follow every other Twitter account, that user’s
feed would become congested and ineffective. As a result, we define this feature on Twitter as be-
ing a measure of loyalty—-it demonstrates the user’s interest in the information being provided by
the account being followed. Thus, we define followers as the log number of new followers of the
show’s Twitter account during the six days prior to the focal show-episode air date. A median 624

new followers (unlogged) accrued to accounts during a show-week.

ORGANIZATIONAL Focus We identify matched organizations as the television networks whose
demographics largely mirror Twitter’s. Among the networks represented in our dataset, we iden-
tify one network, the CW, as being skewed towards a younger audience, similar to Twitter (Duggan
et al., 2015). We thus define matched network as a binary variable that equals one when the show
airs on the CW network, and zero otherwise. Based on this definition, there are three shows that

air on a matched network.

ProDUCT FocUus Product category type is based on the genre of the television show in this set-
ting. Genre data for the shows is obtained from Wikipedia. In our data, we observe nine genres
and we identify five as being directed to more niche audiences. Specifically, we define niche genre
as a binary variable that equals one when the genre of the show is fantasy, game, horror, period,
or scifi. The variable equals zero when the genre is action, crime, sitcom, or drama. We have a total

of seven shows that are in niche genres.

INITIAL LOYALTY To assess the initial loyalty of a television show, we look at the total number
of followers acquired one day prior to the airing of the premiere episode. The median number of
followers prior to the premiere was 3,235 and ranges from 418 to 112,860. We then divide the

number of initial followers into quartiles to arrive at our initial followers categorical measure.

®Another aspect of following an account is that it allows that account to send direct, private messages to the user.
While we do not have any data on this, anecdotal evidence would suggest that this is not the primary means of commu-
nication by the television show accounts in our study.
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Table 2.3: Description of Social Media Variables

Action
Variable Count of Performed by Directed to
followers New followers Community ~ Show
community engagement Retweets Community Community
(Hashtags, Account mentions)
community tweets Tweets Community  Publicly broadcast
friends New friends Show Community
show engagement Retweets Show Community
(Hashtags, Account mentions)
show tweets Tweets Show Publicly broadcast

SociAL MEDIA

Using the above data sources and data collection strategies, we derive five additional measures for
the activity of both the focal television and for the Twitter community activity with respect to the
focal show for the six days prior to the show’s airing. All variables are calculated as the natural log

of the raw measures (after adding one) and are summarized in Table 2.3.”

COMMUNITY ACTIVITY In addition to assessing number of accounts that follow the show ac-
count, we capture other measures of the communities broadcasting and engagement behaviors.
First, community tweets is the count of all non-reply tweets that include the show account in the
tweet. The variable community replies is the total number of replies made by all users that include

the television show in the text.

"In addition to the variables described in this section, we derive additional measures of show and community engage-
ment based on the content of the tweets. All four measures are logged after adding one. First, we count the number of
other accounts included within a tweet as a measure of the number of other users engaged by messages from the show,
in show account mentions, and from the community, in community account mentions. Second, we count the number of
hashtags included within a tweet as a measure of the number of conversations engaged by messages from the show, in
show hashtags, and from the community, in community hashtags. These additional measures of engagement are included
in a robustness test in Table A.13.
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SHOW ACTIVITY We track the change in accounts the focal television show account chooses to
follow during the six days prior to the episode air date, as measured by friends. We next aggregate
all of the shows engagement with the community in show replies, which is the sum of its replies.
Finally, total number of original non-reply tweets composed by the account is captured in show

tweets.

SHOW SPECIFIC SECULAR TRENDS

One concern of our independent variable of interest, followers, is that the measure is merely captur-
ing the secular popularity of a show over time, rather than a deliberate expression of commitment.
We control for this by including the one period lag of the performance dependent variable.

We also include a time-varying measure of search popularity of each show over time. We include
the show’s Google Trend index each week, a score from 1 to 100 of the relative search frequency of
one or more search terms or categories over a set period. The index is set such that the most popular
search term-week is 100, thus providing relative search for all terms over the search period. The
most popular search term-week was for “Agents of S.H.I.E.L.D.” during the week of September 22,
its premiere week. Each search term is assigned a Google search category to allow for variations
on specific search terms to be attributed to the appropriate show (e.g. searching “brooklyn 99”
or “brooklyn nine nine”).* We log the weekly Google Trend index values to arrive at our measure
google trend. Because the data is aggregated to the week level, we include a one week lag of google

trend, so as not to include search data for days after a show aired in the regression.

2.4.3 EMPIRICAL APPROACH

Our data consists of weekly panel data of the performance and social media activity related to
television shows. Both visual inspection of performance over time (as presented in Figure A.1
to A.5 for each show) and statistical testing® indicate the presence of first-order autocorrelation in
the data. That is not surprising, given that outcomes are realized relatively frequently and that,
intuitively, the performance outcome of a television show one week is a function of who watched

the prior week.

®The only exception to the category search was for the television show “Dracula.” No search category was identified
by Google, so we include the index values for the search term “dracula nbc.”

*We show the results from estimating a fixed effects OLS model in Table A.10 with show, calendar week, and age (in
weeks) fixed effects. For each model, a test of first-order autocorrelation indicates the presence of autocorrelation.
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As a result, we estimate the following model of organizational performance:
Yie = BoYit—1 + BoXie + Vi + e + € (2.1)

where Y;; is our organizational performance outcome of interest and Xj; is a set of covariates, v; is
an organizational fixed effect, +; is a time fixed effect, and ¢;; is an idiosyncratic error term.

In our regressions, Yj; is the performance outcome of interest, rating.'® Included in X;; is our
variable of interest, followers, which measures the log number of new followers of the show’s ac-
count during the six days prior to the show’s airing, and five additional social media measures.
There are three to capture actions by the focal show, friends, show replies, and show tweets, and two
measures in addition to followers to capture community actions, community replies and community
tweets.

Similar to Zhu & Zhang (2010), we interact followers with a fixed characteristic of the show,
matched network, niche genre, and quartiles of initial followers. For those models, we separately in-
clude each interaction. Note that because the characteristics do not vary over time, those variables
are considered part of the organizational fixed effect and not separately included in the model. We

also include a one period lag of google trend as a control.

2.5 RESULTS

In this section we consider the empirical support for the hypotheses described above. We also

develop a prediction model and consider the nowcasting implications of the model.

2.5.1 PRIMARY RESULTS

In the dynamic panel model described in Equation 2.1, we mechanically introduced endogeneity
between the lagged dependent variable, Y;;_, and the organizational fixed effect, v; (Nickell, 1981).
Thus, we employ Arellano & Bond (1991)’'s GMM estimation approach with instrument variables

to address the endogeneity.'* Each of our regressions includes skipped week, an indicator variable

**We run a robustness test looking at logged number of viewers in millions as the dependent variable, viewers. The
results are discussed in more detail in Section 2.5.3.

*Arellano & Bond (1991) specify a first-difference model (to address organizational fixed effects) instrumenting the
first difference lagged dependent variable with prior levels of the dependent variable, Y, ..., Y;_,. Similarly, where
Xi: might be weakly exogenous to the lagged error, it — 1, instruments for the differenced independent variable are
used, Xi, . .., Xir—1. Where X is strictly exogenous, the variable instruments itself. In practice, the Arellano & Bond
(1991) estimator is included in popular statistical packages. For example, in Stata, the procedure is implemented in the
xtabond or xtdpd commands.
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set to one for weeks where the episode air time was not consecutive. Standard errors are clustered
at the show level. Table 2.4 presents our results testing the hypotheses. Column 1 includes only

the control variables and fixed effects and is included for reference.

Table 2.4: Relationship Between Social Media and Ratings

DV: rating (1) (2) (3) (4) (5) (6)
Genre Subsample: Niche Not Niche
Community actions
Hai. followers 0.055% o0.052% o0.045% 0.384™* 0.041*
(0.02) (0.02) (0.02) (0.07) (0.02)
Ha. followers x matched network 0.125™*
(0.03)
H3. followers x niche genre 0.069*
(0.03)
Hg4. followers x initial followers
second quartile -0.322** -0.006
(0.12) (0.02)
third quartile -0.280* -0.035
(0.13) (0.03)
top quartile -0.392*** 0.042
(0.10) (0.03)
community replies -0.012 -0.013 -0.019 -0.016 -0.094 0.000
(0.01) (0.01) (0.01) (0.01) (o.05) (0.01)
community tweets 0.002  0.002  0.005 0.003  0.067 -0.004
(0.01) (0.01) (0.01) (0.01) (0.04) (0.01)
Show actions
friends -0.005 -0.004 -0.005 -0.006  0.006 -0.016™*
(0.01) (0.01) (o0.01) (0.01) (0.02) (0.01)
show replies -0.002 0.003 0.005 -0.001 -0.010 -0.003
(0.01) (0.01) (o0.01) (0.01) (0.02) (0.01)
show tweets 0.031* 0.018 o0.017 0.022 -0.060™ 0.025
(0.01) (0.02) (0.02) (0.02) (0.02) (0.02)

Continued on next page
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Table 2.4 — Continued from previous page

DV: rating (1) (2) (3) (4) (5) (6)
Genre Subsample: Niche Not Niche
google trend(t-1) 0.156™* 0.110™ 0.113™ 0.123"* 0.127 o.111**
(0.03) (0.04) (0.04) (0.04) (0.17) (0.04)
rating(t-1) 0.141*% o0.106 0.123* 0.097 0.338" 0.072
(0.07) (0.06) (0.05) (0.05) (o.15) (0.04)
Constant -0.129 -0.316 -0.466* -0.512* -1.128* -0.137
(0.14) (0.20) (0.22) (0.23) (o.51) (0.14)
Calendar Week FE Yes Yes Yes Yes Yes Yes
Show-weeks 186 186 186 186 47 139
Shows 26 26 26 26 7 19
Instruments 176 181 185 185 48 140
Wald Chi-Square 948.0 2871.1 9609.7 6131.7 36.24 5255.9
Arellano Bond Z, -3.809 -3.580 -3.568 -3.508 -2.154 -3.112
Arellano Bond Z, 0.482 -0.183 0.0269 -0.0860 0.599 -1.024

*p < 0.05; " p < 0.01; " p < 0.001.

Note: Models estimated using Arellano & Bond (1991) generalized method of moments (GMM) with standard errors clus-
tered at the show level (in parentheses). The lagged dependent variable is instrumented by all prior levels until period

t — 2. Each social media measure is differenced and is instrumented by all prior levels of the covariate until period t — 1.
Presented are the Arellano & Bond (1991) test for autocorrelation, where the null hypothesis is no autocorrelation (model
specification is supported when the first order test is statistically significant, while the second order is not). The depen-
dent variable is the log of Nielsen’s rating. Each regression includes a dummy variable, skipped week, that equals one
for weeks when the show’s air date was not consecutive.

ORGANIZATIONS, COMMUNITIES, AND ENGAGEMENT

To assess the relationship between loyalty and organizational performance, we look at the coeffi-
cient on followers in Column 2 and find a positive and statistically relationship between changes
in new followers on Twitter and television show ratings (5 = 0.055,p < 0.013), providing sup-
port for H1i. As an indication of the magnitude of the effect, a doubling in the number of new
followers during the six days prior to the show’s airing is associated with a ratings increase of 5.5%

(B * 100 = 5.4). Given the median rating of 1.61, a 5.5% increase represents a ratings improve-
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ment of 0.089, which translates into just over an additional 100,000 television households (given
approximately 115.6 million television households, calculated as change in rating / 100 * 115.6

million).

HETEROGENEITY IN NETWORKS, GENRES, AND INITIAL FOLLOWERS

We now explore heterogeneity in ratings responsiveness to changes in levels of loyalty, based on
the type of organization or product being offered and the initial followership of the show. Results
for these interacted models are presented in Columns 3 to 6 of Table 2.4. We find that the positive
association between increases in followers and increased ratings is stronger for shows aired on
the matched network, the CW, and shows in niche genres (fantasy, game, horror, period, science
fiction).

The interaction of followers with matched network is positive, and statistically significant (Col-
umn 3, § = 0.125,p < 0.001), providing support for H2. Similarly, the interaction of followers
with niche genre is positive and statistically significant (Column 4, 5 = 0.069, p < 0.033), provid-
ing support for H3. We graphically present the results for the above interactions with matched net-
work and niche genre in Figures 2.1 and 2.2, respectively. The graphs visually present the stronger
relationship between followers and ratings experienced by the matched network and niche genres,
as compared to the appropriate other category.

To test H4, we divide the sample into two groups based on whether a shows is in a niche genre,
and present the interaction between each quartile of initial followers (omitting the bottom quar-
tile) and followers in two separate regressions, shown in Columns 5 and 6. Among shows in niche
genres, we find evidence that levels of initial followers in the top three quartiles mitigate the rela-
tionship between followers and ratings (Column 5, second quartile 3 = —0.322,p < 0.009, third
quartile § = —0.280,p < 0.037, top quartile 8 = —0.392,p < 0.001). Conversely, among shows
that are not in niche genres, levels of initial followers in the top quartile strengthen the relation-
ship between followers and ratings, though the increase relative to the bottom quartile is weakly
statistically significant (Column 6, 8 = 0.042,p < 0.095). Taken together, we see that lower ini-
tial following levels strengthen the relationship between followers and ratings in niche genres, and
higher initial following levels tentatively strengthen the relationship in non-niche genres, provid-
ing support for Hg.

We present a graph summarizing these results in Figure 2.3. Each panel shows the differential

trends between ratings and followers for shows in the bottom and top quartile of initial followers.
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Figure 2.1: Differential Results Based on matched network. The above graph depicts the results from the interaction
term presented in Column 3 of Table 2.4.
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Figure 2.2: Differential Results Based on niche genre. The above graph depicts the results from the interaction term
presented in Column 4 of Table 2.4.

51

www.manharaa.com




Niche Genres Other Genres

4.5 45

15

rating
rating

05

-0.5

-1.5

2.5 5 7.5 10 2.5 5 75 10
followers followers

emminitial followers Top Quartile initial followers Bottom Quartile e initial followers Top Quartile initial followers Bottom Quartile

Figure 2.3: Differential Results Based on initial followers. The above graph depicts the results from the interaction term
presented in Columns 5 and 6 of Table 2.4.

The panel on the left depicts the relatively stronger positive relationship between followers and
rating for bottom quartile of initial followers compared to the top quartile in niche genres, while

the panel on the right depicts the reversal of that relationship among shows in non-niche genres.

2.5.2 CONSTRUCTING AND INTERPRETING A NOWCASTING MODEL

Thus far, in this section, we have looked at the theoretical relationship between expressions of loy-
alty on social media and subsequent organizational performance. We now take another approach
based on the idea that social media activity in the periods between the realization of firm outcomes
may provide additional insight during these “between periods.” Thus, we take on an exercise in
nowecasting firm performance outcomes to see whether activity on social media can provide more
information to managers about the performance of their organization.

To do this, we build a parsimonious model using prior work in prediction contexts (Choi & Var-

ian, 2012; Wu & Brynjolfsson, 2013) as a foundation for our organizational setting. To begin, we
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employ one period autoregressive model to provide a baseline as follows:
Yie = ao + a1 Yie—1 + e + Vi + €i (2.2)

The above specification includes a one period lag for the performance dependent variable of inter-
est, rating.

We extend the above model to include social media data, Xj;, as follows:
Yie = bo + b, Yie—y + boXie + Ve + v; + €it (2.3)

Using the above specifications allow us to also compare various social media models employing
Equation 2.3 to the baseline autoregressive model described in Equation 2.2.

Again, due to the first-order autoregressive structure with organizational fixed effects, our es-
timation of all prediction models follows Arellano & Bond (1991). We present the results of the

prediction models in Table 2.5.

Table 2.5: Social Media Prediction Models of Show Ratings

DV: rating (1) (2) (3) (4) (5)

Community actions
followers 0.076™* 0.083***

(0.02) (0.02)
community replies -0.013 -0.013 -0.016*

(0.01) (0.01) (o.01)

community tweets -0.007
(0.01)

community hashtags 0.010
(0.01)

community account mentions -0.002
(0.01)

Show actions

friends -0.004
(0.01)

show replies 0.001

Continued on next page
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Table 2.5 — Continued from previous page

DV: rating (1) (2) (3) (4) (5)
(0.01)
show tweets 0.007 -0.013

(0.03) (0.03)
show hashtags 0.034 0.023 0.019"

(0.03) (0.02) (o.01)

show account mentions -0.023
(0.02)
google trend(t-1) 0.121**
(0.05)
rating(t-1) 0.248" 0.162 0.220™* 0.196™* 0.323™**

(0.08) (o0.10) (0.04) (0.04) (0.07)

Constant 0.355™ 0.063 -0.249 -0.272 0.272**
(0.12) (0.13) (0.18) (0.19) (0.09)
Calendar Week FE Yes Yes Yes Yes Yes
Show-weeks 186 186 186 186 186
Shows 26 26 26 26 26
Instruments 61 62 187 167 134
Wald Chi-Square 137.0 407.9 15307.7 498.9 305.6
Arellano Bond Z, -3.290 -3.283 -3.570 -3.508 -3.659
Arellano Bond Z, 0.827 0.431 -0.0211 0.0572 1.052
MAE 0.321 0.364 0.341 0.351 0.290
MSE 0.158 0.208 0.182 0.193 0.130
RMSE 0.397 0.456 0.426 0.440 0.361

*p < 0.05; ™ p < 0.01; "™ p < 0.001.

Note: Models estimated using Arellano & Bond (1991) generalized method of moments (GMM) with standard errors clus-
tered at the show level (in parentheses). The lagged dependent variable is instrumented by all prior levels until period

t — 2. Each social media measure is differenced and is instrumented by all prior levels of the covariate until period t — 1.
Presented are Arellano & Bond (1991) test for autocorrelation, where the null hypothesis is no autocorrelation (model
specification is supported when the first order test is statistically significant, while the second order is not). The depen-
dent variable is the log of Nielsen’s rating. Each regression includes a dummy variable, skipped week, that equals one
for weeks when the show’s air date was not consecutive.
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Column 1 presents the baseline model with lagged rating only. Our method for selecting a predic-
tion model followed two steps, given the relative few number of covariates.'” First, we assessed
each variable separately in a univariate regression (presented in Table A.11) and identified four
variables that were statistically significant at a p-value less than o.200, followers, community replies,
show tweets, and show hashtags.

In Column 4, we present a model that includes those four variables in a predictive model. Then,
we identified the model with the lowest Mean Absolute Error (MAE) among all combinations of
the four covariates.

That model is presented in Column 5 and includes two variables, community replies and show
hashtags. The MAE of 0.290 represents a 9.7% improvement over the baseline model in Column 1.
The MAE improves for 22 of the 28 shows in our model. We present this evidence in Figure 2.4,
which shows the difference in MAE of the social media model in Column 5 and the baseline model
in Column 1, by show. In Figures A.1 to A.5, we show the actual performance of the show and
compare it to the baseline and social media predictions, on a show by show basis.*?

We conduct an out of sample analysis by looking at a series of one step ahead predictions (Choi
& Varian, 2012), beginning with predictions of week 5 ratings. We find that the MAE for all pre-
dictions from the social media model is 11.3% higher (i.e. worse) than the baseline. The lower
relative performance is driven by early predictions in episode numbers 5 to 7, where the baseline
model was superior. In the next five weeks (episode numbers 8 to 12), the social media model
outperformed the baseline model four out of five times, indicating better performance later in the

time series.

COMPARING SOURCES OF NOWCASTING DATA

Prior papers in nowcasting utilize the Google Trends Index as a source of real-time data to improve
economic indicators of interest (Choi & Varian, 2012; Wu & Brynjolfsson, 2013). To provide a
second comparison with our social media model, we used lagged values of the Google trend index to
predict television show ratings in the subsequent period. Results for the Google Trends model are

reported in Column 2 of Table 2.5. In aggregate, the model performs 14.0% worse than the baseline

**For models with many covariates a stepwise procedure would need to be implemented. We present a model with
all ten covariates included in Column 3, for reference.

*Note that due to the use of first-differences, two shows, “Lucky 7” and “We Are Men,” only have one predicted week
and are thus not included in the individual show graphs.
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Figure 2.4: Comparative Performance of Social Media and Baseline Prediction Models by Television Show. Each line
represents one television show and indicates the performance of the social media prediction model relative to the base-
line autoregressive prediction model. Each point is calculated as the difference of the baseline model Mean Absolute
Error (MAE) from the social media and Google Trend model, respectively MAE (Wu & Brynjolfsson, 2013). Values greater
than zero indicate that the model performs better than the baseline at predicting rating for that television show.
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model. Interestingly, when looking on a show by show basis, the Google trends prediction model
demonstrates a substantially larger variance than the social media model, as shown in Figure 2.5.
For nine shows, the Google trends model out performs the social media model, but for 17 shows,
it performs worse than both the baseline and social media models (the performance of the social

media and Google trends models are almost equivalent in two cases).

2.5.3 ROBUSTNESS TESTS

We check the robustness of our results to the choice of dependent variable as well as the empirical

specification.

VIEWERS AS ALTERNATE DEPENDENT VARIABLE

A show’s television ratings are based on a calculation made by a private firm, Nielsen. We utilized
the measure, as it is the primary variable of importance to television shows in making renewal
decisions and to attract advertising revenue. However, we wanted to test the sensitivity of our
results to the construction of the ratings measure, by looking at a direct measure of consumption,
viewership. We construct the measure viewers by taking the natural log of the number of viewers,
in millions.

Table A.12 reproduces the primary results in Table 2.4 using viewers as the dependent variable.
Overall, the results corroborate the direction we observed in our outcomes of interest from our
primary findings. Specifically, we find support for H2 (Column 2, § = .131,p < 0.020) and H3
(Column 3, § = 0.093,p < 0.006).

For H1, we find a positive relationship, but one that is not statistically significant (Column 1,
B = 0.030,p < 0.357)). For Hg, there are some inconsistencies across the quartiles of initial
followers. Among niche genres, shows in the third quartile of initial followers in niche genres
show a positive, though not statistically significant effect, counter to our main findings (Column 4,
B = 0.015,p < 0.878). Innon-niche genres, shows in the top quartile show a positive relationship,

as with the main results, but not statistically significant (Column 5, 8 = 0.013,p < 0.729)

2.5.4 ALTERNATIVE MEASURES OF SOCIAL MEDIA INTERACTIONS

In our primary specification, we use community replies and show replies to measure the level of in-

teraction both Twitter users and television shows have with the wider Twitter community. We
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Figure 2.5: Comparative Performance of Social Media and Google Trend Prediction Models by Television Show. Each
line represents one television show and indicates the performance of the social media and Google Trends prediction
models relative to the baseline autoregressive prediction model. Each point is calculated as the difference of the base-
line model Mean Absolute Error (MAE) from the social media and Google Trend model, respectively MAE (Wu & Brynjolf-
sson, 2013). Values greater than zero indicate that the model performs better than the baseline at predicting rating for
that television show.
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also have alternative measures of interaction, not based on the number of messages (or replies),
but rather the content of the messages.

Specifically, we count the number of hashtags used in messages by both Twitter users and the
television show as an estimate of the number of conversations messages in a given six day period
were directed at. We create community hashtags and show hashtags as the log number of hashtags
included in tweets posted by the community and the television show, respectively, during the six
days prior to the next episode’s airing. Similarly, we count the number of accounts mentioned in
messages as an estimate of the number of people messages were directed to. We create community
accounts mentioned and show accounts mentioned as the log number of accounts mentioned by the
community and television show, respectively. Both of these measures are imperfect measures of
interaction. These measures are proxies for the intensity in intent to interact with the community.

Given these additional measures, we reproduce our results from Table 2.4 using all these ad-
ditional measures of community and show activity. The results are presented in Table A.13 and
they are largely consistent with our primary findings, except for the results testing H4. In niche
genres, the third quartile shows a negative effect like our main results, but just outside the bounds
of statistical significance (Column 4, 8 = —0.254,p < 0.069). In non-niche genres, the top quar-
tile shows positive effect like the main results, but it is not statistically significant (Column 5,

£ = 0.038,p < 0.116).

2.6 DISCUSSION

We investigate how social media activity is related to organizational performance and find a pos-
itive relationship between increased indications of loyalty on social media and subsequent orga-
nizational performance. We also find that relationship is stronger for niche organizations and for
niche products. Finally, we show that having a higher endowment of followers mitigates the re-
lationship between loyalty and performance for niche products, but strengthens it for non-niche
products.

We also consider social media as a source of data for a nowcasting model to predict organiza-
tional level outcomes. The improvement in the predictive power of the nowcasting model, relative
to the baseline, implies that social media data provides important information that predicts sub-
sequent organizational outcomes. Resource constrained organizations can utilize social media to
have a better understanding of subsequent performance of their service offerings.

We highlight three implications of our findings. First, whereas much of the open innovation

literature has focused on the erosion of organization boundaries due to technological innovations
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(von Hippel, 2005), we observe an apparent erosion of the distance between the organization’s
boundaries and outside stakeholders. The behavior of individuals on social media and interactions
between organizations and social media communities are both associated with and predictive of
increased performance outcomes. Thus, organizations are well served by considering their social
media strategy and by understanding the value contained in social media information. Because
of the importance of social media as a communication and broadcast platform amongst many
consumers and stakeholders, organizations must pay special attention to these non-transaction
interactions with consumers and other stakeholders.

Second, social media introduces characteristics of ‘lead users’ for any organization. For certain
organizations, increases in following were more strongly associated with higher performance when
initial following was low. This points to the idea that early users are of high value to organizations
for their increased attention value derived by these lead users.

Finally, we demonstrate the application of nowcasting techniques to organization level out-
comes and provide evidence that social media contains consequential information to those out-
comes. Interestingly, our hypothesized variable, followers, did not contribute additional prediction
power and was not included in our social media prediction model. This highlights the distinction
between hypothesizing relationships and finding predictive power.

Though our findings and implications are likely easily generalized outside of our television set-
ting, our study is limited by not providing a definitive causal pathway between loyalty on social
media and organizational performance. Future work might investigate the causal effect of loyalty
and other social media behavior on organizational performance. With respect to the nowcasting
model, we can make claims about the applicability of our model to neither shows beyond their
initial season, nor other organizational and product settings. Here, generalizability is a greater
challenge. However, we point out that in the case of television ratings and social media, we are
able to provide more prediction power using certain social media measures than merely histori-
cal performance alone. This indicates the value of social media towards understanding real-time
performance changes over time. The models predicting other organizational level outcomes would
likely need to be specified in accordance to differing contexts.

The mass adoption of social media by so many individuals and organizations carries with it in-
teresting theoretical and managerial implications. How we think of networked goods, interactions
with constituencies outside the boundaries of the organization, and the importance of real-time
communications in our assessment of performance are all affected. Continued research on the

management of social media will further distill its impact on the management landscape.
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Organizational Management of Social Media

3.1 INTRODUCTION

OCIAL MEDIA IS AN EMERGENT PHENOMENON that is increasingly central to a number of man-
S agerial and academic activities. Social media is a broadly defined phenomenon, typically en-
compassing forums, blogs, ratings and reviews, social networks, and content sharing. Considering
the subset of social media related to content sharing alone, it has impacted almost all content cre-
ation markets, from news to entertainment, as models of producing and distributing content shift
toward platforms where single users, often individuals, produce content for their local networks,
and in some cases, for a wider audience.

In academic research, social media’s roots lie in user generated content and word of mouth
(Godes & Mayzlin, 2004), or more generally “social interactions” (Godes et al., 2005), facilitated
by technology and digitization (Dellarocas, 2003). Many aspects of social media research have
been investigated including motivations and incentives for social production of media (Zeng &
Wei, 2013), impact of social media on consumer behavior and organizational performance (Rishika
etal, 2013), and impact of changes in engagement (Claussen et al., 2013).

With respect to how firms manage social media, the focus has been on how firms implement so-
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cial media activities (Aral & Walker, 2011), seed and grow networks (Dou et al., 2013), or how firms
communicate on social media (Miller & Tucker, 2013). These types of activities can be thought of as
external management of social media. What has been less studied is how social media is internally
managed within the firm, including how the firm organizes around social media, the evolution of
business processes that result from social media, and strategic decisions related to social media,
including the initial decision to participate on social media.

In this paper, [ focus on how social media is managed by the organization, by focusing on the de-
cision to adopt and the pattern of diffusion of social media within an organization. First, I briefly
outline dimensions on social media formats differ to better categorize the wide scope of the phe-
nomenon. Second, I interpret the management of social media as it relates to the organization’s
internal processes, learning, and adaptability by looking at organizational adoption, diffusion, and
subsequent behavior on social media.

To study this aspect of social media, I look at how television networks and shows integrated
Twitter into their respective organizations. First, I look at the adoption decision by individual
shows and find that larger organizations with more existing resources more readily adopted so-
cial media. Moreover, television shows that started more recently—as social media increasingly
proliferated and its relationship with television in particular strengthened—adopted social media
more quickly. I also distinguish among network strategies of social media management by identi-
fying three dimensions of the strategy: timing of adoption (i.e. early or late), rate of adoption, and
centrality of management within the organization. Finally, I look at differential diffusion patterns

of social media, based on cohorts of shows premiering in the same year.

3.2 TOWARDS A TYPOLOGY OF SOCIAL MEDIA

Research on social media covers a wide array of settings® including product reviews (Chevalier &
Mayzlin, 2006; Archak et al., 2011), message boards (Das & Chen, 2007), social networks (Miller &
Tucker, 2013), photo sharing sites (Zeng & Wei, 2013), and others. Many settings that fall under
the rubric of social media have very different dynamics of platform, organizational, and consumer
behavior. To better distinguish among types of social media, I present a basic typology of the phe-
nomenon, providing some dimensions along which these settings might differ. Differences have
theoretical and practical implications for researchers and organizations. I discuss three dimen-

sions in this typology, namely the hosting service, types of participants, and the timing of the

*A few recent papers have provided a fairly thorough catalog of work done in social media. I refer readers to Aral
et al. (2013), Kalampokis et al. (2013), and Wu et al. (2013) for an overview of research on the phenomenon.
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content delivery.

Social media can be physically hosted by a centralized source (such as a corporate or individual
blog) or by third party providers, including service providers and platforms.”? When hosted by a
platform, a participating organization must conform to the rules of that platform (Altman, 2015)
and thus cede some control over its interactions with users. This contrasts with an organization
hosting its own social media activities, for example, where it would maintain control over every
aspect of their interaction with users and user interactions with one another. Moreover, oper-
ating social media on a platform implies that many principals of two-sided platforms or markets
(Rochet & Tirole, 2006; Hagiu, 2009; Rysman, 2009)—with producers of content on one side and
consumers on the other—would govern the operation of the service and the behavior of partici-
pants on the service.

Another distinction between the two hosting alternatives is that users would have to choose to
engage with a social media offering provided directly by an organization, but on a platform, users
participate on the platform (likely for reasons that are not related to the organization) and then
engage with organizations that maintain a presence on the platform. Thus, on a social media plat-
form a heterogeneity of user tastes, preferences, and types are present, whereas on social media
hosted by the firm firm, users would have a specialized interest in interacting with that organiza-
tion. The heterogeneity in users partly mitigates a selection effect that may arise from users who
choose to engage on social media with a firm on its site versus users who are engaging with social
media, some activity of which is with the organization.

A second characteristic that differentiates social media services is the types of participants that
engage. On most services, individuals are the primary, and sometimes only, type of user, while in
others, organizations participate at effectively the same level as individuals.® At the extreme, an
organizational account is no different than any individual account.

Organizational participation on social media implies that expectations of responses from orga-
nizations by individuals discussing the organization, its brands, or its performance are more likely
to be observed or responded to by the organization. Knowing that organizations are participating

on a given social media platform might increase expectations of firm responsiveness, given the

*Many examples of platforms hosting social media are readily available and include include Twitter, YouTube, and
Yelp. Examples of centralized hosting include the Lego Creator site, where users can create, share and discuss user
designs and product reviews at a corporate store. An example that captures some elements of both types is a corporate
page on a social media site, such as Facebook, where the corporation manages the content and interactions with users,
but the content is ultimately controlled by the platform.

*Message boards are an example, where organizations typically do not participate, whereas on some product review
sites the organization will participate to respond to reviews.
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lower barriers to interact with users.

Organizational presence on platforms also exists on the same footing as individual user ac-
counts. This means that the production of content originates from many users and is consumed
by many users, rather than it being a more traditional model where the content is produced largely
by a single entity and generally consumed (as it is with blogs, for example). Another characteristic
of organizations participating on platforms is that communication between individuals and the
organization are typically publicly observable by all users.

Finally, social media services differ in how they produced and interacted with with some being
more real-time and others being more archival. Some social media sites act as real-time newswires,
where historical releases can be located, but the primary mode of consumption is the live feed.
This contrasts with archival types of services, where some interactions may occur in real-time,
but a primary way of interacting with the content is in an asynchronous manner with search and
traditional page visits being the interaction model. The tradeoff between the two content delivery
are that real-time broadcast feeds provide a better sense of current information, whereas archival

pages provide better historical access and search.*

3.3 APPLYING THEORIES OF STRATEGY AND INNOVATION TO SOCIAL MEDIA

3.3.1 ADOPTION

For individual users, social media is a prototypical network good. Users produce and consume con-
tent and utility is a function of the number of users (Katz & Shapiro, 1985; Liebowitz & Margolis,
1994). An individual’s decision to adopt is a function of factors such as social ties (Fang et al.,
2013), user heterogeneity (Sundararajan, 2007), current and future expectations (Katz & Shapiro,
1986) and others. When considered to be a question of innovation or technology diffusion, factors
like network structure (Abrahamson & Rosenkopf, 1997), timing (Gort & Klepper, 1982), or the
characteristics of the innovation (Rogers, 1995) have been considered. In all these cases, though
users may be heterogeneous in terms of their network centrality, location, or influence, they are
of the same type (i.e. individuals).

Organizations may differ from individual users by considering social media primarily as a means

“For example, a doctoral student looking for an answer to a question about Stata would go about it in different ways
on Twitter and Stack Exchange, as examples of real-time and archival formats, respectively. On Twitter, she might pose
her question with the #stata topic indicator and get a response by someone who follows that topic. That compares to
StackExchange, where she might search the boards for keywords relating to her problem and find someone else who had
a similar issue and the solution that was provided at that time and post a question if the search did not yield helpful
results.
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to produce and distribute news and content, and not to consume it For those users of social me-
dia, the adoption choice would be dependent upon different factors. For organizations acting as
producers, social media is effectively a two-sided platform, with content producers, including or-
ganizations, on one side, and social media consumers on the other.

Utility is the sum of benefit from participating and transacting, less the sum of costs of partic-
ipating and transacting (Rochet & Tirole, 2006). The benefit of transacting would increase with
the number of social media consumers, because of the presence of indirect network effects (Arm-
strong, 2006; Parker & Van Alstyne, 2005). The costs of participation are the resources required to
manage social media. As is the case in innovation environments, firms engage in varying levels of
experimentation with different complementary services to promote their main goods to differing
extents (March, 1991). Prior to social media being a ‘dominant design’ (Tushman & Anderson,
1986) for organizational interactions with outside stakeholders, firms must first have the capabil-
ity to identify it as a prospective viable alternative to adopt and implement (Rivkin & Siggelkow,
2003). Upon adoption, the organization must have the resources to allocate to the implementa-
tion and develop the capabilities to properly integrate new efforts (Wernerfelt, 1995; Teece et al.,

1997; Eisenhardt & Martin, 2000).

ORGANIZATIONAL SIZE

One characteristic that is related to the utility of adoption is the size of the organization. Whereas
small firms might derive more value from participating, larger firms would be more likely to adopt
based on costs. Smaller firms derive a disproportionately greater benefit from participation on
social media, particularly if there is a match between the social media audience and the service
offering of the organization (see Chapter 2). Larger firms with more resources can more readily
identify, adopt, and deploy them in new experimental ways, while small firms with fewer resources

would likely need to focus on the execution of their current activities.

ORGANIZATIONAL INCEPTION

As social media matures, organizational adoption rates are likely to change as well. The context
in which organizations originate impact its subsequent behavior and trajectory (Meyer & Rowan,
1977). Organizations that are established when social media is more salient among competitors
and among the general public are more likely to organize its resources to integrate social media

as part of its core activities. The increased salience may also be attributable to the actions of the
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social media platform. Doing so partly ensures that the organization will better fit with the envi-
ronmental landscape that exists at that time (Levinthal, 1997).

Further substantiating the argument that recently initiated organizations will adopt social me-
dia at an accelerated rate is that older organizations may be less likely to do so. Older firms demon-
strate inertia in their innovative processes (Henderson & Clark, 1990; Henderson, 1993) and are
less likely to be technologically innovative (Balasubramanian & Lee, 2008). This anti-innovative
bias on the part of older firms may carry into their adoption of innovations as well. From both

perspectives, recent organizations would more readily adopt social media.

3.3.2 DIFFUSION

For organizations, participation in social media can occur at multiple levels. First, the organiza-
tion itself can establish and maintain an account. Second, within the organization, departments
or divisions may also have a social media presence. In addition, organizations may establish social
media identities for separate brands or individual products. Third, individuals, including execu-
tives, managers, and employees may have accounts (that may have different levels of relevance
to the organization). Organizing, coordinating, and managing across these levels is something
organizations coordinate and execute upon differently.

Given the decision to adopt social media at sub-organizational levels, we can study how social
media diffuses (Bass, 1969; Rogers, 1995) within an organization and infer its social media strategy
from differences in diffusion patterns. An organization’s timing, speed, and centrality of social
media management can be distinguished by looking at differences in the rate of diffusion of social
media within an organization. First, organizations where the various stages of implementation
takes place sooner are early adopters. Second, the speed with which the diffusion takes place relates
to the level of coordination and resources dedicated to the adoption and implementation of the
organization’s social media presence. Third, the level of centrality relates to the extent to which
social media is managed at sub-organizational levels as opposed to the corporate level.

Similarly, diffusion of social media can be studied over time, as it grew among general users.
While diffusion theory covers instances where successive iterations of a technology diffuse
through the population (Norton & Bass, 1987; Bresnahan & Yin, 2005), I look at the diffusion of

a technology through subsequent sets of susceptible populations.
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3.4 SETTING AND DATA

The social media setting for this paper is Twitter, which is typically described as a “microblogging”
or “social networking” service within the larger context of social media. Twitter is a service that
allows users to publicly broadcast 140 character messages, called tweets. Users have the option to
select other accounts to include as part of a personal newswire of content being published by those
specific accounts. Given the categories to distinguish between types of social media in Section 3.2,
Twitter is a social media platform, where individuals and organizations participate in real-time
broadcasts and communication.

Inrecent years, Twitter and the television industry have become increasingly interdependent, as
evinced by a number of behaviors by each institution. First, Twitter has taken a number of actions
to develop interdependencies with the television and other industries. The company operates con-
tent sites geared towards managers of television Twitter accounts, including Twitter for Business,
Twitter Media, and The Twitter Media Blog. The latter two are aimed specifically towards media
companies using Twitter as part of their content production portfolio. For television shows in par-
ticular, representatives from the firm meet with actors and other individuals associated with new
shows to educate and reinforce the importance to the show and their personal brands to actively
maintain a presence on Twitter. Second, to bolster the relationship between viewers, television
shows, and social media, Twitter has made a number of personnel and firm acquisitions related to
the television industry and analytics.

Concurrent with the efforts of Twitter, television shows also frequently include hashtags during
the airing of their show to generate conversation on Twitter. Also, actors and other individuals
associated with the show may send messages and communicate with viewers live during the show.
Finally, Nielsen, the provider of television ratings data, announced in 2012 that would begin to
collect Twitter conversation metrics about television shows.

The set of television show comes from the online database, The Futon Critic.’ I narrow the total
set of shows to include only those shows that aired after 2006, the year Twitter launched.® Given
the list of television shows, I then matched those shows to Twitter accounts if one was available as
of the time of data collection. Matching Twitter accounts to television shows was a labor intensive
process, as there does not exist (to the best of my knowledge) any data sources that collect Twit-

ter accounts for television shows. I utilized Amazon Turk’s service to obtain a preliminary list of

*The website for The Futon Critic is www. thefutoncritic. com.
®This includes shows that premiered prior to the the start of Twitter, but were on the air for at least a portion of the
time after and shows that premiered after the start date.
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accounts, by soliciting three laborers on Amazon Turk to find the Twitter account associated with
the show. If their choice was unanimous, I did not perform a secondary check. For each show that
did not have a unanimous account identified by the Turk laborers, and for shows that returned
no results, I did a search for the account to reconcile the difference or to confirm the lack of an
account.

After collecting the account names, [ used the Twitter Application Programming Interface (API)
to acquire information for all the profiles. Data for each show included date of account creation,
number of tweets and date of most recent tweet, number of followers (other accounts that add
the focal show’s tweets to their timeline), number of friends (accounts the focal show includes
on its timeline), number of times the account was added to a list (a way for users to organize
accounts into categories), number of favorited tweets (messages the focal show account wanted
to acknowledge or keep a record of), location (if provided), and whether the account was verified.
The data is censored as of the date of the API request in January 2014."

Crucially, the set of television shows in this study represents a well-defined and complete popu-
lation of at-risk or target members. By using the full population in each study, no systematic bias
can arise from the identification of members of the population based on the adoption decision.
Thus, for both the adoption (Table 3.2) and diffusion Models (Table 3.3 and 3.5), identifying
the appropriate population allows for a precise, unbiased estimate of hazard rates and adoption

shares, respectively.

[ separately address adoption, diffusion, and behavior using three different empirical ap-
proaches. For adoption, I utilize a hazard model to measure time to adopting Twitter by television
shows. I then employ a logistic function to assess the diffusion of Twitter within each network
over time. Finally, I provide simple reduced form regressions to assess the relationships among
various Twitter activities by and related to the television show accounts. For each method, I

outline the approach and describe the results below.

"For a subset of shows, the Twitter API was accessed in March 2015 to acquire the profile data. This difference in
time of data collection may affect the descriptive regressions presented in Table 3.9. For those regressions, I include an
indicator variable, acquired2014 that equals one if the profile data was collected in 2014 and zero if 2015. The variable
is not statistically significant at a 5% level of confidence for any of the regressions.
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3.5 RESULTS

3.5.1 ADOPTION

I employ a Weibull proportional hazard model to assess the duration from the premiere of the show
to the social media adoption decision, as measured by the date on which an account was created
for the show.® Shows are considered to be ‘at risk’ on the later of Twitter’s launch in July 2006
(for shows that premiered prior to Twitter’s launch) or the premiere of the show’s first episode.
The hazard model accounts for various characteristics of the data, including the different times at
which shows become at risk and the right censoring that occurs if a show has not adopted social
media by the date of data collection (January 2014).

The ‘at-risk’ population is the 4,057 television shows that aired after the launch of Twitter in
July 2006. Of those shows, I identify 1,209 shows that obtain a Twitter account as of the time
of data collection (in January 2014).” A show was no longer at risk at the earlier of the show
cancellation or the data collection date.

The model is:

h(t,Xit, B,p) = (p + 1)t" exp (Xit In 5) (3.1)

In Equation 3.1, X; includes characteristics about the network, premiere year, and genre of the
television show. First, big 4 network is a binary variable that equals one of the show aired on one of
the big 4 networks, ABC, CBS, FOX, or NBC. Second, premiere year is included in the hazard model
non-parametrically and captures the year the show first aired. Finally, genre of the show can be
either reality, animated comedy, serial, news/talk, or other. Categories include shows that aired
prior to 2001, between 2001 and 2005, or annually from 2006 to 2013. The term p represents the
ancillary parameter of the Weibull distribution and can be interpreted as the elasticity of time in
the hazard model.

An important assumption had to be made for a subset of shows where an account was estab-
lished prior to the episode’s first airing. In those instances, the shows are never at risk and have

an undefined duration to event time. In order to include these “fast adopter” shows in the analy-

*Though a semiparametric hazard model, such as the Cox proportionate hazard model, would not make any assump-
tion on the baseline hazard, social media adoption rates are likely a function of time. The Schoenfeld (1982) test of
proportionality of hazard shows a statistically significant difference between time and the residuals (p < 0.001).

°T identify a show account as an account that was created specifically for that particular show. In certain instances,
accounts that were not created specifically for the show would be the focal point on Twitter for that show’s activity.
For example, hosts or personalities on shows may have managed the Twitter conversation about the show from those
individual accounts. I did not include these types of accounts in the analysis, as that account was associated with an
individual (or other institution) and the choice to join was not the organization’s.
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sis, I made the simplifying assumption that the show became at risk one day prior to the account
creation date .

Because each of the explanatory variables is categorical, I present summary data as tabulations
in Table 3.1. The table presents adopters and non-adopters, by network, premiere year, and genre.
Numbers of adopters is broken up by whether the account was created after the show premiere
(“Adopted”) or after (“Fast Adopter”). The tabulations of fast adopters provide an indication of the
distinctions among members different types of shows. With respect to network, 74.2% of adopters
were fast adopters on the big 4 networks, compared to 65.4% for shows on other networks. Based
on the year in which a show premieres, fast adopters represent an increasing share of all adopters
over time, increasing from 15.9% in 2008 to 94.9% in 2013. Descriptive data indicating that the
propensity to adopt is faster for shows on the big 4 networks and over time is supported by the
hazard model.

Results from estimation of the hazard model model is presented in Table 3.2. In all models,
standard errors are clustered at the network level. Reference categories are “reality” for the genre
variable and July 2006 to 2007 for premiere year, the period in 2006 after Twitter’s launch (July
15, 2006) and the full year 2007. Columns 1 through 3 report the univariate results for network,
genre and date, respectively. Column 4 shows results for all variables in the model, and is the focus
of the discussion below.

First, looking at the rate of adoption by network, I note that the rate of adoption among shows
on the Big 4 networks was seven times higher than shows on other networks (HR =exp (8) — 1 =
exp2.078 —1 = 6.988,p < 0.001)."° Looking at the impact of premiere year on the rate of Twitter
adoption, there is a strong relationship between increased rates of social media adoption and the
year the show premiered on television. Moreover, the year over year difference in the effect from
2007 on is statistically significant, indicating that newer shows are ever more rapidly adopting
social media. Overall, shows that begin during periods when social media has become increasingly
more pervasive are more likely to rapidly incorporate social media into the show’s marketing and

development plan.

*Interviews corroborated this finding, with one executive indicated that the big 4 networks “understand that you
can market to the Twitter audience. The Twitter audience is more loyal and engaged. And has a higher intent to view
and will watch longer. It is a valuable audience to market to.”
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Table 3.1: Tabulation of Twitter Adoption by Show Characteristics

Network Did Not Adopt Adopted Fast Adopters Total
Network

Big 4 220 74 213 507
Other 2,628 319 603 3,550

Premiere Year

Pre-Twitter 238 120 o 358
2006-2007 373 46 1 420
2008 308 37 7 352
2009 341 49 52 442
2010 367 43 106 516
2011 393 44 187 624
2012 420 41 220 681
2013 408 13 243 664
Genre

reality 2,077 173 375 2,625
serial 486 149 339 974
animated comedy 121 18 31 170
news/talk 79 31 48 158
other 85 22 23 130
Total 2,848 393 816 4,057

Note: Tabulation of shows in sample by characteristic of show (network, premiere year, and genre) and adoption status.
Adoption is divided into two types—shows that adopted after the premiere of the show and shows that adopted prior
to the premiere (“Fast Adopters”).
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Table 3.2: Hazard Model of Twitter Account Adoption

(1) (2) (3) (@)

big 4 network 1.502** 2.073™*
(0.20) (0.43)
Premiere Year
Pre-Twitter 0.069 0.020
(0.21) (0.25)
2008 0.663™** 1.150™*
(0.17) (0.26)
2009 1.504™** 2.105™*
(0.17) (0.35)
2010 1.790™* 2.815™**
(0.20) (0.51)
2011 2.509™** 3.588**
(0.21) (0.50)
2012 2.694™* 3.976™*
(0.19) (0.59)
2013 3.241™** 4.592**
(0.19) (0.58)
Genre
serial 1.253"* 1.291™*
(0.19) (0.19)
animated comedy -0.124  0.094
(0.28) (0.29)
news/talk 0.726™* 1,312
(0.15)  (0.29)
other 0.193  0.880™*
(0.26) (o.25)
Constant -3.356™% -1.763" -3.388™* -3.631™**
(0.36) (0.20) (0.19) (0.63)

KKk

In(p) 0.643™* -0.562™* 0.603™* -0.449™**

(0.09) (0.12) (0.05) (0.12)

Shows 4057 4057 4057 4057
Twitter signups 1209 1209 1209 1209
Networks (clusters) 111 111 111 111

*p < 0.05;* p < 0.01; ** p < 0.001.

Note: Models estimated using Weibull proportionate hazard model. The term In(p) is time elasticity parameter. Columns 1
to 3 are univariate regressions. Columnn 4 includes all variables. Reported standard errors are clustered at the network
level. The hazard rate for any factor, HR, is derived by the following formula: HR = exp (ﬂ) The omitted category
for genre is “reality” and for premiere year is Jul 2006-2007, the period in 2006 after Twitter’s launch (July 15, 2006)

and 2007.
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3.5.2 DIFFUSION

To estimate the television show adoption rates of Twitter by networks and over time, I begin with
the logistic function, a standard approach in the diffusion literature (Griliches, 1957; Geroski,

2000). For a given network or premiere year cohort, i, at time, ¢:

S
1+ exp [—(Bo + B:Xt)]

where s;; is the share of shows in cohort i that have adopted Twitter at time ¢, S; is the maximum

(3.2)

Sit =

Twitter adoption rate for cohort i, and X; indicates time (measured in calendar quarters). The
parameters (3, and 3, reflect the shifting and the steepness of the curve, respectively.
To account for differences in adoption timing and rates across cohorts, I estimate the following

linear model:

N
In (S . ) — B+ BaXe + 5+ 4o + (3.3)
i~ o0t

In the above specification, 6; is a cohort level fixed-effect that accounts for differences in the start-

ing period of adoption for each cohort, and +; accounts for cohort-level differences in the average

rate of adoption, f3;.

RESULTS FOR NETWORK COHORTS

Figures 3.1 and 3.2 show the diffusion of Twitter for the big four networks (ABC, CBS, FOX and
NBC) and select cable networks, respectively. Together, the graphs show the heterogeneity in tim-
ing, rate, and total adoption across networks.

Estimates from the mixed linear model described in Equation 3.3 are reported in Table 3.3, Col-
umn 2 (Column 1 presents a fixed effects model and is included for reference). Errors are clustered
at the network level and no structure was imposed on the covariance matrix of the random ef-
fects. Networks with fewer than two shows airing during the study period were excluded from the
analysis, as were syndicated television shows.

Table 3.4 utilizes the parameters from Table 3.3 to arrive at network-specific estimates for the
diffusion of social media. Three parameters characterize the diffusion curve. First, maximum

adoption, S;, is the highest share of shows for network i that adopted Twitter during the study
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Figure 3.1: Twitter Diffusion within Big 4 Networks. Each line depicts s;; for the given network, which is calculated as
the cumulative number of shows that adopted Twitter at time t divided by the total shows on the network during the

sample period.
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Figure 3.2: Twitter Diffusion within Select Cable Networks. Each line depicts s;; for the given network, which is calcu-
lated as the cumulative number of shows that adopted Twitter at time t divided by the total shows on the network during

the sample period.
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Table 3.3: Twitter Diffusion by Network

(v (&)

Time 0.298"** 0.312™*
(0.008) (0.010)

Constant -60.643"*  -63.553™*
(1.580) (2.099)

var(Time) 0.008***
(0.004)

var(Constant) 343.304™*
(176.309)

cov(Time,Constant) -1.665™**
(0.826)

var(Residual) 1.278*

(0.123)
Model FE MLM
Network-Quarters 2410 2410
Networks (clusters) 93 93

*p < 0.05;* p < 0.01; ™ p < 0.001.

Note: Column 1 is a fixed effects (FE) model estimated using OLS and column 2 is a mixed linear model (MLM) estimated
using maximum likelihood. The dependent variable is a function of the share of shows that adopted Twitter on network
i at time t (measured in calendar quarters) and the maximum share for that network, In(s;:/(S; —si) ). Standard errors,
reported in parentheses, are clustered at the network level. For the mixed linear model in Column 2, no structure is
imposed on the covariance matrix for the random effects.
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period. Higher levels of maximum adoption imply lower levels of centralization. Second, the mid-
point is the point of inflection on the logistic curve where the curve shifts from monotonically

increasing to monotonically decreasing. For network i, the midpoint is calculated as:

/80+0i
B1+’Vi

Midpoint; = (3.4)

and is interpreted as the number of quarters after the launch of Twitter in Q3 2006 the midpoint of
diffusion was achieved.” Third, the steepness of the diffusion curve is a parameter that measures

how fast the diffusion took place within network, i and is calculated as:

Steepness; = 3, + ¥ (3.5)

Higher values of steepness are associated with a more rapid rate of diffusion of Twitter within the

network.
Table 3.4: Best Linear Unbiased Predictors by Network
First Twitter = Total Maximum
Network Adoption Accounts Shows Adoption Midpoint Steepness
a&e 20091 16 72 0.222 17.282 0.279
abc 200843 101 173 0.584 17.577 0.330
abc family 200742 25 33 0.758 16.063 0.292
adult swim 200843 5 26 0.192 15.054 0.300
amazon 2013q2 2 3 0.667 21.106 0.284
amc 2009q1 17 17 1.000 18.943 0.349
animal planet  2009q3 14 100 0.140 19.871 0.239
bbc america 2008493 23 96 0.240 16.127 0.314
bet 2009q1 20 43 0.465 17.148 0.353
bio 2010q4 5 44 0.114 22.233 0.211
bounce tv 2012qQ2 3 7 0.429 15.507 0.360
bravo 200894 12 85 0.141 18.734 0.226
cartoon 2009q1 8 47 0.170 16.654 0.332

Continued on next page

"To arrive at an easily interpreted value for the midpoint, the calculation in Equation 3.4 is adjusted by 186, which
represents the system value for Q3 2006.

77

www.manaraa.com



Table 3.4 — Continued from previous page

First Twitter  Total Maximum
Network Adoption Accounts Shows Adoption Midpoint Steepness
cbs 2007494 56 92 0.609 17.398 0.326
centric na o 3 0.000 na na
cinemax 201243 2 3 0.667 23.261 0.640
cmt 2009q1 3 55 0.055 12.115 0.227
cnbc 201343 1 7 0.143 36.647 0.135
comedy central 2008q4 12 53 0.226 16.510 0.296
cooking 201092 7 29 0.241 19.328 0.377
current tv 2011q1 2 3 0.667 1.419 0.209
cw 2007q1 34 63 0.540 18.473 0.271
da 2009494 3 20 0.150 18.752 0.328
directv 2009q2 7 16 0.438 16.630 0.359
discovery 2008q2 29 155 0.187 21.276 0.221
disney 201043 10 22 0.455 18.775 0.370
disney xd 2009q1 10 26 0.385 20.704 0.317
diy 201144 1 30 0.033 20.037 0.288
e 200941 32 57 0.561 19.131 0.307
espn 2009q2 2 5 0.400 12.171 0.402
esquire 2013q3 8 8 1.000 15.470 0.368
food 2010q1 6 57 0.105 17.937 0.253
fox 2009q2 60 100 0.600 17.953 0.348
fox reality na o 15 0.000 na na
fx 2010q2 9 20 0.450 20.540 0.323
fxx 200994 5 5 1.000 17.666 0.437
g4 2009q2 9 23 0.391 15.134 0.413
golf 201194 2 6 0.333 20.924 0.545
gsn 200944 5 11 0.455 19.379 0.316
h2 201042 1 11 0.091 15.088 0.316
hallmark 201391 1 8 0.125 28.476 0.164
hbo 2009q1 14 51 0.275 18.483 0.268
health 201092 1 24 0.042 14.588 0.218

Continued on next page
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Table 3.4 — Continued from previous page

First Twitter  Total Maximum
Network Adoption Accounts Shows Adoption Midpoint Steepness
hgtv 2009q1 16 85 0.188 17.674 0.283
history 2009q2 18 82 0.220 21.556 0.242
hub 201044 11 29 0.379 16.513 0.360
id 2010q1 4 98 0.041 18.765 0.179
ifc 2009q1 15 29 0.517 17.927 0.320
ion 2010q1 3 5 0.600 18.386 0.472
lifetime 200941 26 71 0.366 18.974 0.287
logo 2009q2 11 26 0.423 15.123 0.387
military 201294 2 26 0.077 28.415 0.140
mtv 2007q2 44 122 0.361 17.292 0.284
mtv2 200992 5 18 0.278 18.831 0.268
mynetworktv na o 21 0.000 na na
nat geo wild 2008q4 8 77 0.104 19.556 0.218
nbc 2008q1 100 142 0.704 17.687 0.337
nbcsn 201243 2 3 0.667 13.307 0.349
netflix 2011q3 6 9 0.667 25.494 0.275
ngc 200992 18 98 0.184 20.001 0.252
nickelodeon 2008q4 27 50 0.540 18.245 0.327
nickmom 201244 2 5 0.400 14.875 0.343
nicktoons 2009q2 3 13 0.231 14.900 0.354
ovation 201143 3 7 0.429 22.718 0.355
own 2009q1 16 60 0.267 18.620 0.304
oxygen 2009q1 26 44 0.591 18.273 0.350
pbs 200744 12 29 0.414 14.117 0.304
pivot 201343 4 5 0.800 15.699 0.362
planet green 2010q1 2 36 0.056 16.371 0.249
reelz 2011q2 6 10 0.600 22.396 0.506
science 200941 4 45 0.089 13.335 0.274
showtime 200893 28 54 0.519 16.890 0.319
soapnet 200943 1 9 0.111 12.766 0.303

Continued on next page
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Table 3.4 — Continued from previous page

First Twitter  Total Maximum
Network Adoption Accounts Shows Adoption Midpoint Steepness
speed 2009q1 2 6 0.333 15.626 0.361
spike tv 2009q2 15 61 0.246 16.048 0.321
starz 2009q2 13 13 1.000 18.618 0.385
style 2009q2 9 38 0.237 17.510 0.312
sundance 200892 34 0.147 15.882 0.254
syfy 200743 30 73 0.411 17.632 0.283
tbs 200893 14 20 0.700 18.046 0.354
teen nick 2009q2 5 10 0.500 17.564 0.366
tlc 2009q1 24 164 0.146 19.219 0.243
tnt 2008q4 21 28 0.750 18.848 0.342
travel 200892 10 78 0.128 15.415 0.219
trutv 2009q2 7 50 0.140 18.651 0.244
tv guide 2012q3 1 9 0.111 22.749 0.248
tvland 2011q2 5 21 0.238 22.567 0.259
tv one 2011494 4 22 0.182 24.204 0.262
usa 2007493 17 24 0.708 15.687 0.321
velocity 2009q1 3 15 0.200 11.639 0.333
versus 201044 1 4 0.250 15.955 0.378
vhi 2009q1 27 127 0.213 19.225 0.268
vhi classic 200941 1 4 0.250 -6.005 0.136
we 2009q2 12 66 0.182 17.907 0.278
weather 2011494 4 28 0.143 18.778 0.360
wgn 2011q1 1 3 0.333 18.029 0.553

Note: Best linear unbiased predictors (BLUPSs) provided by network and based on estimates of Equation 3.3 presented
in Column 2 of Table 3.3. Network diffusion curves are characterized by Maximum Adoption, Midpoint, and Steepness.
Maximum adoption, S; is the highest share of shows for network i that adopted Twitter. Midpoint represents the number
of quarters after the launch of Twitter (Q3 2006) that diffusion curve reaches the inflection point and begins monotoni-
cally decreasing. It is calculated as Midpoint; = ((8o + 6:)/(B: + i) — 186 (the value 186 is the stored value
of Twitter’s launch quarter). Steepness is calculated as Steepness; = B. + ;. Quarter of first adoption, total shows,
and total adoptions are provided for reference. Three networks (centric, fox reality, and mynetworktv) did not have any

adoptions and were excluded from the regression, but are included in this table for reference.
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Noting the variance in the three parameters shows the diverse strategies adopted by different
networks. The midpoint (and date of initial adoption), steepness, and maximum adoption provide
a meaningful assessment of a network’s timing, speed, and centrality of its social media strategy,
respectively. For example, the big four networks were early adopters where social media diffused
rapidly through the organization as part of a more decentralized strategy. Some cable networks
implemented a similar strategy, such as Showtime and the USA Network, whereas others differed
on one or more dimensions. Networks such as Bravo and the Discovery Network adopted later
at a slower rate and with a greater level of centralization.'” Interviews with at least one network
confirms that the low maximum adoption rate is consistent with a centralized approach to social

media management.

RESULTS FOR PREMIERE YEAR COHORTS

Similar to results by network cohorts in Section 3.5.2, I show the raw data as a graph, present the
results from the diffusion model and then present and discuss estimates of parameters for each
premiere year.

Figure 3.3 presents diffusion of Twitter by a television show’s premiere year. A number of inter-
esting results emerge from inspection of the diffusion curves. First, shows that premiered prior to
the launch of Twitter demonstrate a prototypical “S-curve”, starting by design at a share of adop-
tion of zero. This compares to shows that premiered after 2009 where the rate of adoption does
not show any visual evidence of the initial accelerated increase in adoption over time (i.e. the first
‘half’ of the logistic curve, where both the first and second derivatives of the curve are greater than
zero) Moreover, beginning in 2009 the initial rate of adoption increases, indicating a general in-
crease in the baseline level of adoption each year. Finally, shows that premiered during the recent
years (2011 to 2013) reach equilibrium adoption rates that are markedly similar to shows that
premiered prior to the launch of Twitter.

Results from estimating Equation 3.3 by premiere year are presented in Table 3.5.** The results

from the mixed linear model are then used to arrive at best linear unbiased predictors for each

**The decentralized and centralized approaches to social media management are not inconsistent with the theory put
forth in Section 3.3.1. Firms that opt for a centralized strategy may do so partly due to resource constraints, and the
converse would be true for firms adopting a decentralized strategy.

*Though, the logistic curve may not be the best model for estimating diffusion by premiere year cohorts, particularly
in recent years (based on the raw data presented in Figure 3.3), I show the results here to be consistent with results in
Table 3.3.
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Figure 3.3: Twitter Diffusion by Premiere Year of Show. Each line depicts s;; for a given cohort of shows that premiered
that year, which is calculated as the cumulative number of shows that adopted Twitter at time t divided by the total
shows in each respective cohort during the entire sample period. “Pre-Twitter” includes shows that premiered before
and continued airing, in part, after the launch of Twitter (July 15, 2006). “Jul 2006-2007” cohort includes 2006 shows

that premiered after Twitter’s July launch and all shows premiering in 2007.
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Table 3.5: Twitter Diffusion by Premiere Year

(€3] (2
Time 0.290™** 0.376™*
(0.012) (0.066)
Constant -58.060™* -76.663***
(2.460) (14.169)
var(Time) 0.028
(0.080)
var(Constant) 1279.032%
(3704.004)
cov(Time,Constant) -5.935™*
(17.233)
var(Residual) 0.267***
(0.057)
Model FE MLM
Start Year-Quarters 138 138
Start Years (clusters) 8 8

*p < 0.05;* p < 0.01; ** p < 0.001.

Note: Column 1 is a fixed effects (FE) model estimated using OLS and column 2 is a mixed linear model (MLM) estimated
using maximum likelihood. The dependent variable is a function of the share of shows that adopted Twitter on network
i at time ¢ (measured in calendar quarters) and the maximum share for that network, In(s;; /(S; —si) ). Standard errors,
reported in parentheses, are clustered at the network level. For the mixed linear model in Column 2, no structure is
imposed on the covariance matrix for the random effects.

premiere year (presented in Table 3.6) Premiere year cohorts include shows that premiered prior
to the launch of Twitter on July 15, 2006, shows that premiered after Twitter’s launch in 2006 and
2007, and annually thereafter.

Estimates for premiere year cohorts demonstrate similar trends observed in the raw data. Be-
ginning in 2009, both midpoint and steepness increase each year, indicating the higher levels of
initial adoption, the more rapid rates of diffusion. Maximum adoption levels are similar for shows
premiering prior to Twitter’s launch and from 2011 to 2013. The evidence from the raw data in
Figure 3.3 and annual estimates in Table 3.6 reveal the changing nature of diffusion of Twitter as

a communication technology over time within the television industry.
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Table 3.6: Best Linear Unbiased Predictors by Year

Twitter Total Maximum
Network Accounts Shows Adoption Midpoint Steepness
Pre-Twitter 134 358 0.374 13.957 0.304
Jul 2006-2007 57 420 0.136 14.211 0.283
2008 51 353 0.144 13.641 0.272
2009 108 442 0.244 12.273 0.260
2010 155 516 0.300 14.582 0.287
2011 233 624 0.373 16.200 0.346
2012 262 681 0.385 20.684 0.509
2013 257 664 0.387 23.739 0.750

Note: Best linear unbiased predictors (BLUPSs) provided by premiere year of show and based on estimates of Equation 3.3
presented in Column 2 of Table 3.5. Premiere year cohort diffusion curves are characterized by Maximum Adoption,
Midpoint, and Steepness. Maximum adoption, S; is the highest share of shows of premiere year cohort i that adopted
Twitter. Midpoint represents the number of quarters after the launch of Twitter (Q3 2006) that diffusion curve reaches the
inflection point and begins monotonically decreasing. It is calculated as Midpoint; = ((8, + 6;)/(8: + i) — 186
(the value 186 is the stored value of Twitter’s launch quarter). Steepness is calculated as Steepness; = By + Vi

The Pre-Twitter cohort includes shows that premiered before and continued airing, in part, after the launch of Twitter
(July 15, 2006). The Jul 2006-2007 cohort includes 2006 shows that premiered after Twitter’s July launch and all shows
premiering in 2007. Total shows and total adoptions are provided for reference.

3.5.3 ACTIVITY ON SOCIAL MEDIA

Part of the data acquired in the profile data collection process was the social media activity associ-

ated with the account up to the date of data collection. Social media data include actions performed

by the account itself including number of tweets number of friends (other accounts the focal show

account chooses to monitor), and number of favorites (noted messages) as well as actions by other

users with respect to the focal show account including number of followers (users who choose to

monitor the show’s tweets in their timeline) and number of times listed (how many times an ac-

count placed the focal show account in an organizational list e.g. “TV shows” or “Shows that I

watch”). Using this cross-sectional data, I created logged daily average measures to adjust for the

different spans of time each account has been active.

Summary statistics and correlations for these average daily Twitter behavioral measures are
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Table 3.7: Summary Statistics of Average Daily Twitter Behavior

Mean S.D. Median Min Max
Logged measures
tweets -0.95 2.04 -0.63 -7.59 3.35
friends -2.39 2.15 -2.36 -7.95 4.48
favorites -4.58 2.71 -5.36 -7.95 2.89
followers 1.58 2.39 1.62 -5.59 9.23
listed -3.07 2.05 -3.04 -7.67 3.69
Raw measures
tweets 1.54 2.78 0.53 0.00 28.59
friends 0.97 4.62 0.09  0.00 87.97
favorites 0.23 0.87 0.00  0.00 17.92
followers 61.92 349.65 5.06 0.00 10,174.31
listed 0.32 1.47 0.05 0.00 39.91

Note: n = 1,209. An observation is a television show. Summary statistics above shown for all television shows that
adopted Twitter during study period. Each raw variable is a daily average of each social media activity, and each logged
variable is a log of that daily average.

presented in Tables 3.7 and 3.8, respectively. The average number of daily tweets by a television
show account was approximately 1.5 and the television show added about 1 new friend each day.
Approximately 62 Twitter users followed each television show account daily.

The data allows for descriptive regressions showing the associations between those various Twit-
ter activities and characteristics of shows. Those results are presented in Table 3.9. All regressions
are estimated using OLS with standard errors clustered at the network level. Columns 1 and 3 only

include show characteristics, while columns 2 and 4 include other Twitter behaviors.
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Table 3.8: Correlation Table for Average Daily Twitter Behavior Variables

1 @ 6 @ (5)

(1) tweets 1.00

(2) friends 0.58 1.00
(3) favorites 0.64 0.42 1.00
(4) followers o0.71 0.40 o0.51 1.00

(5) listed 0.65 0.36 0.41 0.91 1.00

Note: n = 1,209. Correlation shown for logged average daily measures of each variable for all shows that adopted
Twitter during the study period.
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Table 3.9: Twitter Actions by Show and Community

(1) (2) (3) (4)
DV: Tweets Tweets Followers Followers
Twitter Activity / Characteristics
Tweets 0.111**
(0.03)
Friends 0.241™** -0.033
(0.03) (0.02)
Favorites 0.228™** 0.046™**
(0.02) (0.01)
Followers 0.228™**
(0.06)
Listed 0.167* 0.977™*
(0.08) (0.03)
account age 0.209™* 0.132™* 0.150* -0.248"**
(0.04) (0.04) (0.06) (0.03)
verified 2.127"* 0.200* 3.152™*  0.499™*
(0.14) (0.10) (0.12) (0.08)
big 4 network -0.929™* -0.372™  -0.416™  -0.288**
(0.14) (0.12) (0.14) (0.07)
Premiere Year
Pre-Twitter 0.544% 0.006 0.556* -0.024
(0.27)  (0.20) (0.26) (0.12)
2008 -0.421 -0.504 -0.221 -0.245
(0.38)  (0.29) (0.36) (0.15)
2009 -0.215 -0.224 -0.631* -0.409**
(0.27)  (0.19) (0.31) (0.14)
2010 0.051  0.139 -0.790™  -0.487***
(0.28) (0.20) (0.25) (0.13)
2011 0.525  0.396 -0.297 -0.248*

Continued on next page
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Table 3.9 — Continued from previous page

(1) (2) (3) (4)
DV: Tweets Tweets Followers Followers
(0.30) (0.21) (0.26) (0.12)
2012 0.667* 0.600"™  -0.626* -0.374™*
(0.27)  (0.22) (0.28) (0.13)
2013 0.969™ o0.591*  -0.595* -0.536™*
(0.30) (0.22) (0.30) (0.15)
Constant -3.039™* 0.072 0.066 6.112***
(0.39)  (0.46) (0.40) (0.23)
Genre dummies Yes Yes Yes Yes
Shows 1209 1209 1209 1209
Networks (clusters) 97 97 97 97
F-test 41.0 126.1 108.3 354.9
Adj R-squared 0.33 0.69 0.51 0.89

*p < 0.05; "™ p <0.01; ™ < 0.001.

Note: All models are estimated using OLS with standard errors (displayed in parentheses) clustered at the network level.
Included in all regressions is a binary variable, acquired 20714 that equals one if the activity data for the show was col-
lected in 2014 and zero if the data was collected at a later time in 2015. The variable is not statistically significant at a
5% level of significance in any regression, indicating that averages did not significantly differ between shows whose

data was collected at a later time.

Some interesting facts emerge from the regressions. First, while shows on the big 4 networks

adopt Twitter at a faster rate than other shows, they are associated with fewer log daily tweets

(Column 2, f = —0.368,p < 0.003) and fewer log daily followers (Column 4, f = —0.289,p <

0.001). This result is corroborated by an interview with an executive who indicated that the big 4

networks were likely to be more prepared to market to viewers on Twitter, but that niche shows

better align with Twitter’s demographic and are likely to see higher levels of engagement.

Also, compared to shows that premiered just after the launch of Twitter, shows premiering in

2012 (Column 2, § = 0.600,p < 0.008) and 2013 (5 = 0.591,p < 0.008) utilize the service more.

Surprisingly, shows premiering from 2009 to 2013 experience lower average daily new followers
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(Column 4).

The activity regressions also highlight the importance of some of Twitter’s actions to improve
safety for organizations operating on the platform.In June 2009, the company introduced a fea-
ture for accounts called “Verified Accounts.” Popular individuals and institutions frequently had
fake accounts set up by non-affiliated individuals in those names, thus creating an environment
where it was difficult for the actual individuals and institutions to interact. A verified account
contains a logo besides the name, indicating the user behind the account is, in fact, real and not
fraudulent, increasing the confidence for other users that the owner was not being impersonated
and tweets are from that actual person described by the account. This action improved the safety
of the platform, from a market design perspective.

In my dataset of television shows, of the 1,209 shows that adopted Twitter, 575 shows were
verified as of the time of data collection. The importance of verified accounts is underscored by
Column 4 of Table 3.9. This regression shows that there is a positive and statistically significant
relationship between whether a show is verified and the average daily change of number of fol-
lowers of the show (8 = 0.501,p < 0.001), a behavior by users that is associated with improved

organizational performance (see Chapter 2).

3.6 DISCUSSION

In this paper, I provide evidence about how organizations adopt social media. First, larger and
newer organizations adopt at a faster rate than other organizations. Second, I show that orga-
nizational heterogeneity in diffusion reveals differences in the management of social media with
respect to the timing, speed and centrality of its management. The case of social media in the
television industry show how as a new innovation or technology matures and is widely adopted, it
evolved from being a dynamic capability to a ‘minimally required capability.’

Organizational adoption of social media emerged largely out of a need to broadcast to users.
However, given that organizations interact on social media through multiple levels (i.e. organi-
zations, subunits, and individuals), there are many points through which they can develop the
capabilities (Tripsas & Gavetti, 2000) to incorporate and process the information that is present
on social media (Cohen & Levinthal, 1990). By holding many points of contact with social media,
information, sentiment, and popular zeitgeist can be absorbed by multiple areas of the organiza-
tion, thus facilitating its utility within the organization. As the utilization of information on social
media increases, organizations shift from solely focusing on producing content for users to con-

suming and processing available information within the organization (O’'Reilly & Tushman, 2008).
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Due to the path dependent origin of social media management, as organizations increasingly ab-
sorb the information from social media, learn how to interact with social media, and develop the
capabilities around its management, they adjust internal processes (Huber, 1991; Levinthal, 1991;
Nelson, 1995).

Interviews with managers in the television industry at least provide some anecdotal evidence
of this shift. Discussions with television managers revealed that social media influences various
activities of the organization, including writers using it to inspire ideas, executives using Twit-
ter feedback to bring a canceled show back on a different network, and producers and executives
receiving social media reports to help assess the success of a show or parts of a show. In one in-
stance, an organization reoriented its management of social media around the multiple functions
it serves within the organization. The group was separated from the marketing department and
has responsibilities coordinating with all other departments to ensure social media is properly uti-
lized for those various functions, including research, marketing, production, and management.

This paper provides a framework for thinking about how social media is currently handled by the
firm at the organizational, and brand or divisional levels. As social media business models develop,
organizations increase their presence on social media, and organization-individual interactions
become more pervasive, management of social media is likely to evolve from content production

to learning and influencing organizational decisions.
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Table A.2: Robustness Test: Alternative Definition Of Outliers

(2) (2) (3) (4)
DV: entrants pledged entrants pledged
Outlier platform x Outlier category x Post 0.001 0.035
(0.02) (0.05)
Outlier platform x Post -0.101* -0.123™ -0.101™ -0.126™
(0.01) (0.02) (0.01) (0.02)
Outlier category x Post -0.012  -0.006
(0.02) (0.05)
Post 0.040™  0.094™  0.041™ o0.095**
(0.01) (0.02) (0.01) (0.02)
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Time-Varying Controls Yes Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 238067 237528 238067 237528
Outlier period-platform-categories 6292 6208 6292 6208

Note: (+ p < 0.1; * p < 0.05; * p < 0.01) Models estimated using Poisson regression with quasi-maximum likelihood
standard errors, clustered at the outlier period (in parentheses). The dependent variable is count of project entrants

in Columns 1 and 3 and dollars pledged in Columns 2 and 4. Each outlier period constitutes a 20 week window prior
to launch and a 20 week window after the completion of each outlier. Outlier periods for 244 Kickstarter outliers are
stacked to produce the sample. Outliers are defined as the top 5 pledged projects within each category each year. An

observation is an outlier period-platform-category-week.
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Table A.3: Robustness Test: No Overlapping Outlier Periods

(1) (2) (3) (4)
DV: entrants pledged entrants pledged
Outlier platform x Outlier category x Post 0.068 0.185*

(0.04) (0.09)
Outlier platform x Post -0.198"  -0.208" -0.203™ -0.221*

(0.03) (0.04) (0.03) (0.04)
Outlier category x Post -0.019 -0.063

(0.04) (0.10)
Post 0.109™  0.160"™ o0.110" o0.165*

(0.02) (0.04) (0.03) (0.04)

Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Time-Varying Controls Yes Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 61835 61696 61835 61696
Outlier period-platform-categories 1625 1604 1625 1604

(+p <0.1;*p < 0.05; * p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is count of project entrants in Columns 1 and 3 and dollars pledged
in Columns 2 and 4. Each outlier period constitutes a 20 week window prior to launch and a 20 week window after the
completion of each outlier. Outlier periods for 64 Kickstarter outliers are stacked to produce the sample. The sample
excludes any outlier periods whose campaigns overlapped with another outlier in the same category. An observation
is an outlier period-platform-category-week.
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Table A.4: Robustness Test: Excluding Outliers from All Samples

(2) (2) (3) (4)
DV: entrants pledged entrants pledged
Outlier platform x Outlier category x Post 0.055 0.148*

(0.04) (0.07)

Outlier platform x Post -0.206™  -0.219™ -0.211™ -0.232*

(0.03) (0.04) (0.03) (0.04)

Outlier category x Post -0.031 -0.129
(0.03) (0.08)
Post 0.112™  o0.175"™ o0.115"* 0.187*

(0.02) (0.03) (0.02) (0.04)

Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Time-Varying Controls Yes Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 68117 67877 68117 67877
Outlier period-platform-categories 1801 1769 1801 1769

(+p <0.1;*p < 0.05; * p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is count of project entrants in Columns 1 and 3 and dollars pledged
in Columns 2 and 4. Each outlier period constitutes a 20 week window prior to launch and a 20 week window after
the completion of each outlier. Outlier periods for 70 Kickstarter outliers are stacked to produce the sample. In all
outlier periods, entry and pledged data from the 70 outliers are excluded. An observation is an outlier period-platform-
category-week.
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Table A.5: Robustness Test: OLS Results

(1) (2) (3) (4)
DV: In entrants Inpledged Inentrants In pledged
Outlier platform x Outlier category x Post 0.009 0.012
(0.02) (0.11)
Outlier platform x Post -0.183** -0.223™* -0.184** -0.223™
(0.03) (0.06) (0.03) (0.06)
Outlier category x Post 0.047 0.027
(0.03) (0.11)
Post 0.088** o0.101™* 0.084™* 0.099™*
(0.02) (0.04) (0.02) (0.04)
Constant 0.481** -1.551** 0.483** -1.550™*
(0.08) (0.25) (0.08) (0.25)
Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Time-Varying Controls Yes Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 68122 68122 68122 68122
R-squared 0.317 0.434 0.318 0.434

(+p <0.1;*p <0.05; ™ p < 0.01)

Note: Models estimated using OLS regression with standard errors clustered at the outlier period (in parentheses). The
dependent variable is the log of entrants (plus 1) in Columns 1 and 3 and log of pledged (plus one) in Columns 2 and
4. Each outlier period constitutes a 20 week window prior to launch and a 20 week window after the completion of
each outlier. Outlier periods for 70 Kickstarter outliers are stacked to produce the sample. An observation is an outlier
period-platform-category-week.

99

www.manharaa.com




Table A.6: Robustness Test: Including Transferred Pledges Only

DV: transferred pledged (1) (2)

Outlier platform x Outlier category x Post 0.198*
(0.08)

Outlier platform x Post -0.241* -0.258**

(0.04) (0.05)

Outlier category x Post -0.123
(0.08)
Post 0.190™ 0.202**

(0.04) (0.04)

Year FE Yes Yes
Month FE Yes Yes
Time-Varying Controls Yes Yes
Outlier period-platform-category FE Yes Yes
Observations 67877 67877
Outlier period-platform-categories 1769 1769

(+p <0.1;*p < 0.05; *p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is committed dollars pledged, which are pledges that were transferred
to the project creator at the conclusion of the campaign (i.e. pledges for projects that met or exceeded the goal in
fixed campaigns and any positive pledges in flexible campaigns). Each outlier period constitutes a 20 week window
prior to launch and a 20 week window after the completion of each outlier. Outlier periods for 70 Kickstarter outliers
are stacked to produce the sample. An observation is an outlier period-platform-category-week.
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Table A.7: Robustness Test: Backers as a Measure of Liquidity

DV: backers (1) (2)
Outlier platform x Outlier category x Post 0.185*
(0.09)
Outlier platform x Post -0.248* -0.263**
(0.05) (0.05)
Outlier category x Post -0.101
(0.09)
Post 0.204™ 0.213**

(0.05) (0.05)

Year FE Yes Yes
Month FE Yes Yes
Time-Varying Controls Yes Yes
Outlier period-platform-category FE Yes Yes
Observations 67877 67877
Outlier period-platform-categories 1769 1769

(+p <0.1;"p <0.05 ™ p <0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variable is number of backers. Each outlier period constitutes a 20 week
window prior to launch and a 20 week window after the completion of each outlier. Outlier periods for 70 Kickstarter
outliers are stacked to produce the sample. An observation is an outlier period-platform-category-week.
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Table A.8: Robustness Test: entry and pledged Greater Than Zero

(2) (2) (3) (4)
DV: entrants pledged entrants pledged
Outlier platform x Outlier category x Post 0.054 0.195™*

(0.04) (0.07)
Outlier platform x Post -0.206™  -0.235™ -0.211* -0.252**

(0.03) (0.04) (0.03) (0.04)
Outlier category x Post -0.031 -0.122

(0.03) (0.08)

k%

Post 0.112™  0.184 0.115"  0.196™

(0.02) (0.04) (0.02) (0.04)

Year FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Time-Varying Controls Yes Yes Yes Yes
Outlier period-platform-category FE Yes Yes Yes Yes
Observations 68117 63698 68117 63698
Outlier period-platform-categories 1801 1756 1801 1756

(+p <0.1;*p < 0.05; * p < 0.01)

Note: Models estimated using Poisson regression with quasi-maximum likelihood standard errors, clustered at the outlier
period (in parentheses). The dependent variables are number of project entrants in Columns 1 and 3 and dollars pledged
in Columns 2 and 4. The sample is limited to weeks when the dependent variable is greater than zero. Each outlier
period constitutes a 20 week window prior to launch and a 20 week window after the completion of each outlier. Outlier
periods for 70 Kickstarter outliers are stacked to produce the sample. An observation is an outlier period-platform-
category-week.
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Table A.10: Results from the Fixed Effects OLS Model

DV: rating (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
Community actions
Hai. followers 0.041 0.043%* 0.036 0.351% 0.034
(0.02) (0.02) (0.02) (0.13) (0.02)
Ha. followers x matched network 0.140™**
(0.04)
H3. followers x niche genre 0.078
(0.05)
Hg. followers x initial followers
second quartile -0.454" -0.010
(0.13) (0.03)
third quartile -0.167 -0.049
(0.26) (0.05)
top quartile -0.340 0.031
(0.24) (0.03)
community replies -0.011 -0.018 -0.014 -0.104 -0.002
(0.01) (0.01) (0.01) (0.06) (0.02)
community tweets 0.000 0.004 0.002 0.059 -0.003
(0.01) (0.01) (0.01) (0.05) (0.01)

Show actions

friends -0.011 -0.012 -0.012 -0.007 -0.020™*
(0.01) (0.01) (0.01) (0.03) (0.01)
show replies 0.006 0.007 0.001 -0.037 -0.006
(0.01) (0.01) (0.01) (0.03) (0.02)
show tweets 0.018 0.019 0.022 -0.074 0.018
(0.02) (0.02) (0.02) (0.03) (0.02)
google trend(t-1) 0.159™* 0.163™* 0.166™* 0.118 o0.151**
(0.03) (0.03) (0.03) (0.28) (0.09)
Constant -0.240 -0.379* -0.494* -0.867 -0.016

Continued on next page
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Table A.10 - Continued from previous page

DV: rating (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
(0.15) (0.14) (0.18) (0.46) (0.11)
Episode Number FE Yes Yes Yes Yes Yes
Calendar Week FE Yes Yes Yes Yes Yes
Show FE Yes Yes Yes Yes Yes
Show-weeks 214 214 214 54 160
Shows 28 28 28 7 21
F-stat 64.7 68.8 61.5 15.2 158.4
R-squared 0.59 0.60 0.60 0.85 0.67
Autocorrelation F-stat 3.47 3.18 3.07 12.0 5.56

*p < 0.05; " p < 0.01; ™ p < 0.001.

Note: Models estimated using OLS with standard errors clustered at the show level (in parentheses). F-test represents
joint test of significance for all covariates, excluding any time fixed effects. The dependent variable is the log of Nielsen’s
rating. Each regression includes a dummy variable, skipped week, that equals one for weeks when the show’s air date
was not consecutive. Autocorrelation F-test is a test for first-order autocorrelation in panel data devised by Woolridge
(2002) and implemented by Drukker (2003).

106

www.manharaa.com




a8vd 3xau uo panu1uo)

(6o'0) (600) (ot0) (60'0) (90'0) (LoO) (Loo) (Loo) (Loo) (90°0) (g0'0)

Lbrco  olco ,teeo _ t9zo _6gco ,ogco ,zgco L Sgzo 1620 G910 | gbeco (t-1)8unyex

S
S}
(&)
o
o
®
c
)
€

(zo'0)
1100 SUOIJUQW JUNOIDE MOYS
(To'0)
+¥too s3ejysey moys
(To'0)

+4820°0 $399M) MOYS

(T0°0)
Soo'o- sarjdaz moys

(T00)

Yoo-o- SpusLiJ

107

(00°0)
Yooo- SUOTJULW JUNO0IDE AJTUNWUIOD
(T00)
1000 s3ejysey Arunwurod
(T0°0)
Yooro- s399M3 AJTUNUWIUIOd
(T0°0)
++VToo- sarpdaz Ayrunururod
(co'0)

L0Lo0 SI9MOT[OF

(trt) (D) ©) (® 4 9 ) ™) © @ Q) Sunwa :pqQ

sBuirey moyg Bunoipaid S|epoN eAIssalbaloiny 81eLeAluN (1LY dlqeL




"9AIINDdSU0D

10U SBM 9]Ep JIB S,MOUS 8y} Usym S}oem Joj auo sienbae jeyl ‘yeem paddpys ‘e|qenen Awwnp e sepnjoul uoissaibal yoe3 "Buijed s,ussjaIN Jo 60| sy} si a|qe
-1eA Juspuadap ay] ‘(jou SI JopJo puoISs By} AlIYM ‘ueoIUbIS AjjBO11SIIE]S S| 1S91 JOPIO 1SI1} Y} Usym papoddns S| uoleol0ads [9powl) uoiie|a110001Ne

Ou s sIsayiodAy ||nu 8y} a1aym ‘uoile|a1i0d0Ine oy 1S9l (166 1) puog @ Oue|jaly 8y} aJe pajuasald 'T — 3 pouad [jun a1eleA0d ay} Jo S|aAd| Joud |e Agq

pajuUsWINJISUl S| pUB PaoUBIayIp S| 8INsesl BlpsW [e100s yoe] ‘¢ — 3 pouad [13un sjaAs] Joud ||e Ag pejuswiniisul si ajgelen Juspusdsp pebbe| sy ‘(seseu
-Ualed Ul) [oA8] MOUS BU} 18 Paialsn|o Si0Lie PIEPUBLS YUM (IND) Stuswiow Jo poylaw pazijelsusb (166 L) puog g oue|jesy Buisn pajewiss s[opoj\ :ejoN

‘600 >d, Lo >d++igo>d+

ctbo Lg€o etbo 1T6EO glEo TQEOo TQEO 6LE0 SLEo TSPhoO L6€0 ASINY
69t'o0 6Vr0o olto €St0 EPrO0 SbrOo SPhro EPbro 1brTO Pozo g8S1°0 ISIN
€€€o €r€o PEEoO o9r€0 90€0 Lo€o gofto Sofo 1O€O P9to TcEo AVIN
te6'o toOT o06g0o 9tot VYSot bebo L660 cE60  Lobo tgloO Lego ¢z puog oue[[a1y
gbe e~ LEVE- 6€E€- €g%e- 659°€- €¢€SE- TTIGE- PEGE- TEeSE- PEgE- obeE- Tz puog oue[[piy
o'gte o0g6T S/LbTr 6°'goT €€tz tPloz 99oz €66 LPSe E91c oLt arenbg-1y) prem
cot €ot cot €ot €ot €ot €ot €ot €ot €ot 9 SJULWINIISU]
9t 9t 9t 9t 9t 9t 9t 9t 9t 9t 9t smoysg
98T 98T 98t 98T 98T 98T 98t 98T 98T 98T 98t SY29M-MOYS
S9x S9x Sox EEYY S9x S9x Sox S9x S9K S9x SO 4 29 M Iepuse)
(€t0) (ecr0) (PTO) (TTO) (TT'O) (6O'O) (OT'O) (OT'O) (OT'O) (6T0) (CT'O)
Lrt€o 6Sc0 ++SPco  ob€o  ogco ,o0€€o0 ,r1€0 _PEEO _GG€0 obTO- _GGE€0 juejsuo)
(tt)y (o9 () (8 4 9 (%) *) © ) ) Sunws:pQ

a8vd snoinaid woif panunuo) — TT'Y [qe,

108

www.manaraa.com



Table A.12: Robustness Test: viewers as DV

DV: viewers (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
Community actions
Hai. followers 0.030 0.027 0.016  0.240™* 0.004
(0.03) (0.03) (0.03) (0.03) (0.04)
H2. followers x matched network 0.131*
(0.06)
H3. followers x niche genre 0.093™*
(0.03)
Hg. followers x initial followers
second quartile -0.296™* -0.006
(0.09) (0.02)
third quartile 0.015 0.000
(0.10) (0.03)
top quartile -0.111 0.013
(0.06) (0.04)
community replies -0.017 -0.022 -0.019 -0.067 -0.018
(0.01) (0.01) (0.01) (0.04) (0.02)
community tweets 0.002 0.005 0.003 0.057" 0.000
(0.01) (0.01) (0.01) (0.03) (0.01)

Show actions

friends -0.035 -0.036 -0.037 -0.005 -0.049
(0.02) (0.02) (0.02) (o.01) (0.03)
show replies 0.012 0.013  0.004 -0.022 0.005
(0.01) (0.01) (0.01) (o.01) (0.02)
show tweets 0.026 0.026  0.032 -0.070™* 0.043
(0.03) (0.03) (0.03) (0.02) (0.04)
google trend(t-1) 0.192™*  0.195™* 0.201™* 0.062 0.176™*
(0.05) (0.06) (0.06) (0.10) (0.06)
viewers(t-1) -0.113™  -0.109™ -0.118" o0.052 -0.124*

Continued on next page
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Table A.12 - Continued from previous page

DV: viewers (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
(0.04) (0.04) (0.04) (0.10) (0.05)
Constant 1.052™*  0.942™* 0.840™ -0.529 1.381***
(0.28) (0.29) (0.26) (0.43) (0.21)
Calendar Week FE Yes Yes Yes Yes Yes
Show-weeks 186 186 186 47 139
Shows 26 26 26 7 19
Instruments 181 185 185 48 140
Wald Chi-Square 1012.7 15832.3 5899.5 288.5 474.3
Arellano Bond Z, -1.295 -1.318 -1.306 -2.209 -1.272
Arellano Bond Z, -1.254 -1.179 -1.178 -2.111 -1.189

*p < 0.05; " p <0.01; ™ p < 0.001.

Note: Models estimated using OLS with standard errors clustered at the show level (in parentheses). The dependent
variable is the log of number of viewers, in millions. F-test represents joint test of significance for all covariates, exclud-
ing any time fixed effects. Each regression includes a dummy variable, skipped week, that equals one for weeks when
the show’s air date was not consecutive.

Table A.13: Robustness Test: Additional Social Media Independent Variables

DV: rating (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
Community actions
Hai. followers 0.050" 0.050"* 0.040  0.449™* 0.039*

(0.02) (0.02) (0.02) (0.07) (0.02)
H2. followers x matched network 0.122™**

(0.03)
H3. followers x niche genre 0.079™*
(0.03)

Hg. followers x initial followers

Continued on next page
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Table A.13 - Continued from previous page

DV: rating (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
second quartile -0.491™*  -0.004
(0.10) (0.02)
third quartile -0.254 -0.036
(0.14) (0.03)
top quartile -0.425™* 0.038
(0.15) (0.02)
community replies -0.010 -0.017 -0.015 -0.141™*  -0.003
(0.01) (0.01) (0.01) (0.04) (0.02)
community tweets -0.007 -0.003 -0.003  0.085™* -0.064
(0.01) (0.01) (0.01) (0.03) (0.04)
community hashtags 0.006 0.005 0.004 -0.084** 0.038*
(0.01) (0.01) (0.01) (0.03) (0.02)
community account mentions 0.000 0.001 0.001  0.094™* 0.020
(0.01) (0.01) (0.01) (0.03) (0.03)
Show actions
friends -0.006 -0.007 -0.008 -0.009 -0.019™**
(0.01) (0.01) (0.01) (0.02) (0.01)
show replies -0.000 0.001 -0.003  0.024 -0.002
(0.01) (0.01) (0.01) (0.03) (0.02)
show tweets 0.018 0.020 0.041 0.095 0.056
(0.03) (0.03) (0.03) (0.10) (0.04)
show hashtags 0.031 0.029 0.024 -0.111 0.009
(0.03) (0.03) (0.02) (0.10) (0.03)
show account mentions -0.026 -0.026 -0.036* -0.074™* -0.036*
(0.02) (0.02) (0.02) (0.02) (0.02)
google trend(t-1) 0.104™  0.106™* 0.120™ 0.103 0.118***
(0.04) (0.04) (0.04) (o0.21) (0.03)
rating(t-1) 0.148"  o0.145" 0.117* 0.340™ 0.066
(0.05) (0.05) (0.05) (0.13) (0.04)

Continued on next page

111

www.manaraa.com



Table A.13 - Continued from previous page

DV: rating (1) (2) (3) (4) (5)
Genre Subsample: Niche Not Niche
Constant -0.347 -0.452* -0.519* -1.412** -0.141
(0.19) (0.22) (0.23) (o.53) (0.12)
Calendar Week FE Yes Yes Yes Yes Yes
Show-weeks 186 186 186 47 139
Shows 26 26 26 7 19
Instruments 187 187 187 48 140
Wald Chi-Square 29851.6 12193.1 4752085.2 180.7 1912.2
Arellano Bond Z, -3.365 -3.381 -3.359 -2.210 -2.940
Arellano Bond Z, -0.247 -0.111 -0.342 1.384 -1.433

*p < 0.05; * p < 0.01; ** p < 0.001.

Note: Models estimated using OLS with standard errors clustered at the show level (in parentheses). The dependent
variable is the log of Nielsen’s rating. F-test represents joint test of significance for all covariates, excluding any time
fixed effects. Each regression includes a dummy variable, skipped week, that equals one for weeks when the show’s air
date was not consecutive.
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Figure A.1 (following page): Predicted Values from Social Media and Baseline Prediction Models (ABC Shows). Each
panel shows how both the baseline prediction model and the social media prediction models compare to actual ratings
for one show. The solid line represents actual ratings. The short dashed line is the baseline model. The long dashed line
is the social media model.
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Figure A.1: (continued)
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Figure A.2: Predicted Values from Social Media and Baseline Prediction Models (CBS Shows). Each panel shows how

both the baseline prediction model and the social media prediction models compare to actual ratings for one show. The
solid line represents actual ratings. The short dashed line is the baseline model. The long dashed line is the social media
model.
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Figure A.3: Predicted Values from Social Media and Baseline Prediction Models (NBC Shows). Each panel shows how
both the baseline prediction model and the social media prediction models compare to actual ratings for one show. The
solid line represents actual ratings. The short dashed line is the baseline model. The long dashed line is the social media
model.
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Figure A.4: Predicted Values from Social Media and Baseline Prediction Models (FOX Shows). Each panel shows how
both the baseline prediction model and the social media prediction models compare to actual ratings for one show. The
solid line represents actual ratings. The short dashed line is the baseline model. The long dashed line is the social media
model.
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