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Reconfiguring the “Hits”: The New Portrait of Television
Program Success in an Era of Big Data
Allie Kosterich

Rutgers University, USA

ABSTRACT
This article explores the impact of evolving conceptions of the
audience by analyzing television’s “hits” as portrayed by two
market information regimes: traditional Nielsen ratings and
social television analytics, a supplementary big data approach
to audience measurement. In doing so, this work provides
insight into the types of content that perform well under a
social television analytics regime based on audience engage-
ment relative to those that succeed under the traditional rat-
ings regime based on audience exposure. As such, this article
addresses the changes and challenges fostered by an era of
big data and contributes both to the management scholarship
on media industries, as well as to the audience behavior litera-
ture by expanding upon the relationship between television
ratings, media management, and the implications for cultural
production.

Changes in the ways that audiences use television (TV) and the ways such
use is measured led to a reconfiguration of the audience commodity in which
multiple measures of the audience (e.g., exposure and engagement) all hold
value (Kosterich & Napoli, 2016). Traditional measures of audience exposure
are increasingly inadequate as companies harness big data provided by social
media technologies to more deeply represent audience behavior in new ways,
specifically valuing “passion” in addition to “eyeballs” (Arvidsson & Bonini,
2015, p. 159). In the case of the TV marketplace, the very notion that
multiple criteria co-exist is representative of the uncertainty and flexibility
surrounding the relationship between audience measurement and value.

Historically, audience measurement firm Nielsen served as TV’s mono-
polistic (Buzzard, 2002) market information regime, the “socially con-
structed” instrument utilized by stakeholders to make sense of the
marketplace (Anand & Peterson, 2000, p. 270). Nielsen ratings act speci-
fically as a currency regime, producing information that forms the basis for
economic transactions between advertisers and content producers and
thus, are the source by which marketplace stakeholders assess performance
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and competition (Napoli, 2011). At this point, however, stakeholders are
beginning to utilize services that analyze the volume and valence of social
media conversation about TV programs (social TV analytics) as a big data
approach to audience measurement and supplementary market informa-
tion regime to traditional, sample-based Nielsen ratings (Kosterich &
Napoli, 2016).

These social TV analytics are used to assess audience behavior, measure
TV program success, and therefore, impact the allocation of advertising
dollars across programs (Shively, 2014). In this way, social TV analytics
serve as a distinct audience measurement system, producing a fundamen-
tally different portrait of which TV shows are succeeding and which are
failing (Hayes, 2014). Indeed, executives from CBS and SyFy cited an
analysis of Twitter activity when making decisions about TV show renewal
and cancelation (Shively, 2014). The CW network president went as far as
to justify the cancellation of one higher Nielsen rated show over another
with more social media engagement (Brown, 2014). While unlikely that
social TV analytics replace traditional ratings, stakeholders do appear to
embrace an additional source of audience value, supporting social TV
analytics in its supplementary position to the traditional market informa-
tion regime.

Shifts in market information regimes can affect content production, calling
attention to the ways media is shaped by institutions. As such, this article
seeks to explore the potential impact of such a shift by analyzing whether the
types of content that perform well under a social TV analytics regime are
different from those that succeed under the traditional ratings regime. The
first section of this article provides an overview of the theoretical foundations
of information regimes and how they function specifically as institutions
within the TV marketplace. Here, the article unpacks prior work on TV
audience measurement, expanding upon the literature by introducing social
TV analytics as a supplementary audience measurement system to traditional
Nielsen ratings, and proposing hypotheses regarding the potential differences
between the two regimes. Next, quantitative analyses are conducted on a
unique dataset constructed from both the primary market information
regime (traditional Nielsen ratings) and the supplementary market informa-
tion regime (social TV analytics) in an effort to understand how each depicts
TV program success. Following the analyses, further inferences are made
regarding the potential consequences on content development, audience
targeting, and general cultural production. In doing so, this article addresses
the changes and challenges fostered by an era of big data and contributes
both to the management scholarship on media market information regimes,
as well as to the audience behavior literature by expanding upon the relation-
ship between TV ratings, media management, and the implications for
cultural production.
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Theoretical framework

Market information regimes are taken-for-granted, socially constructed focal
points of attention utilized by field participants as the “prime source” for
making sense of marketplace activity (Anand & Peterson, 2000, p. 271). As
such, the dynamics surrounding them are vital to organizational decision-
making and strategy. The TV industry provides a unique setting for analysis
of information regimes in that it exists as a dual-product marketplace,
simultaneously selling content to the audience and the audience to adver-
tisers (Napoli, 2003). Success depends on the ability to produce content that
captures audience attention, and then effectively sell that attention to adver-
tisers. Attention, however, is not clearly or definitively measured like trans-
actions in most other industries (Napoli, 2003).

Audience measurement firm Nielsen traditionally fills that void as TV’s
market information regime, producing information fundamental to organi-
zational strategy while serving as the marketplace currency upon which
audiences are bought and sold by advertisers (Napoli, 2003). Given such
influence, Nielsen essentially functions as a TV marketplace institution, a
perspective that helps shed light on the complex dynamics and competing
interests surrounding the introduction of any new audience measurement
system (Kosterich & Napoli, 2016). While Nielsen traditionally served this
role as a monopoly within the U.S. TV market (Buzzard, 2002), there are
indeed specific contexts that call for multiple information regimes
(Schwarzkopf, 2014; Taneja, 2013). Often this occurs when the source of
value is contested—as is the current case of TV as stakeholders argue over
audience value (e.g., exposure, engagement, etc.). As Taneja (2013) demon-
strated with the study of competing audience measurement systems in the
Indian TV market, multiple information regimes may also co-exist when
there are multiple, distinct institutional interests.

The current U.S. TV market is also composed of distinct institutional
interests favoring each of the operating information regimes. Here it is useful
to utilize Anderson’s (2006) imagery of the “long tail” to delineate those
interests: content providers in the head, happy with the status quo represent
those institutional interests favoring the primary market information regime.
With its national sample of 20,000 homes, however, Nielsen fails to measure
a significant percentage of TV viewing (Wolff, 2015). As such, content
providers in the long tail want and need an alternative that accurately
measures these audiences, and thus represent those institutional interests
who favor an alternative regime.

Providers with niche audiences tend to favor alternative regimes based on
engagement as opposed to those based on exposure (Taneja & Mamoria,
2012). As such, certain stakeholders utilize social TV analytics to measure
audience engagement as a supplementary market information regime
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(Kosterich & Napoli, 2016). These social TV analytics represent the indus-
try’s steps toward “big data,” a term used to describe today’s era of “clamor-
ing for access to massive quantities of information produced by and about
people, things, and their interactions” (Boyd & Crawford, 2012, p. 663), and
away from the comparatively limited data pools of traditional Nielsen ratings
panels (Brandon, 2014).

As with many other sectors of the media, big data plays an increasingly
important role in TV marketplace activity. Whereas traditional TV audience
measurement relies on sampling techniques, social TV analytics utilize big data
to draw from the larger online population. Simply put, social TV analytic
services utilize algorithmic “web scraping” to aggregate and classify conversa-
tions posted on a variety of social media platforms (Kosterich & Napoli, 2016).
Nielsen Social, for example, gathered and aggregated over 995 million tweets
regarding 24,000 programs from over 250 U.S. content providers in order to
produce their social TV analytic reports.1 Other services aggregate conversa-
tions from multiple social platforms to provide a volume metric for TV shows
from over 80 programmers and content providers (Cooper, 2016). While one
critique of a big data approach to audience measurement is of course the lack
of representativeness of social media data (Boyd & Crawford, 2012), the fact
remains that this is also one of the defining characteristics of the way big data
are used across all sectors. As is evident with the rise of social TV analytics, the
volume of data results in diminished concerns about representativeness and
generalizability (Webster, 2014).

As an alternative market information regime, social TV analytics can
produce a radically different portrait of the type of content audiences con-
sume. As such, this research compares ratings of successful TV programs—
the “hits”—according to these two distinct market information regimes in an
effort to further insight into the relationship between audience measurement
and audience value. Specifically, this research follows earlier work on shifting
information regimes (Anand & Peterson, 2000) to examine variations in
marketplace characteristics including genre performance, source diversity,
and performance volatility.

Genre performance

TV ratings commoditize the audience through measurement shaped by
marketplace dynamics and institutional interests (Bermejo, 2009). One way
in which information regimes such as ratings systems are utilized throughout
the media industry is to provide an assessment of marketplace genre perfor-
mance. Media industries scholarship has long studied content genres (Geerts,
Cesar, & Bulterman, 2008), which serve as “taken-for-granted categories”

1http://www.nielsensocial.com/about/
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that help rationalize a context characterized by uncertainty (Bielby & Bielby,
1994, p. 1293) and are frequently used to make programming decisions
(Elllis, 2000). Audiences use genre as a way to decide where to focus their
attention, and so executives heed genre conventions as well (Taneja &
Mamoria, 2012; Webster, 2014). Thus, genres play an important role in
assessing the media content marketplace.

Genre performance can vary greatly depending on differences in informa-
tion regime methodology (Geerts et al., 2008). In an assessment of genre
performance in the music industry, sales of country music records differed
substantially when the ratings system changed (Anand & Peterson, 2000),
impacting future organizational strategy and promotion (Johnson, 2011).
Specifically within the TV marketplace, different program genres may lend
themselves more or less to the type of activity measured with social TV
analytics (Woodford, Goldsmith, & Bruns, 2015). For example, drama and
action programming tend to generate less social engagement than reality and
sports shows (Guo & Chan-Olmsted, 2015). There are also early indications
that the live event genre is more popular on social media (Woodford et al.,
2015) “where the shared sense of watching a show is especially heightened”
(Harrington, Highfield, & Bruns, 2013, p. 406).

Much of the criticism of TV’s primary market information regime is
grounded in the lack of coverage for particular genres and niche content.
For example, critiques of India’s dominant measurement system, Total
Audience Measurement (TAM), often highlight poor representativeness
(Chakrabarti, 2014). In the United States, whereas traditional Nielsen ratings
are constructed based on relatively small panels of users, social TV analytics
are grounded in big data, which is open to “pretty much anybody who is
tweeting” and thus not restricted “to infer only the demographics of popular
shows” (Hill, 2014, p. 5). Social TV analytics allow for a greater number and
diversity of participants in the measurement process. Thus, a difference in
information regimes, especially in the TV marketplace where one regime is
generated by traditional exposure counts and the other is generated by social
TV analytics, will impact genre performance. This is hypothesized as follows:

Hypothesis 1: The “hit” television programs portrayed by social TV ana-
lytics will include a greater variety of genres than the “hit” television pro-
grams portrayed by traditional ratings.

Source diversity

Not only do media information regimes depict marketplace performance
based on genre, but they also depict marketplace performance based on
content producer or network source. Stakeholders look to this information
to see how individual sources are performing, which helps determine future
business strategy. For example, in the analysis of the TV marketplace before
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and after a change in information regime, Adams (1994) found that Nielsen’s
introduction of People Meter technology in place of paper diaries did not
affect all networks equally. Specifically, this change had little effect on ABC’s
ratings; whereas, CBS and NBC ratings both showed major declines (Adams,
1994). Within the music industry, a shift in market information regimes also
led to variations in source diversity with a decrease in charting opportunities
for albums produced by independent labels (Anand & Peterson, 2000).

Today’s increasingly fragmented media landscape expands opportunities
for alternative audience measurement providers (Taneja, 2013). Nielsen only
provides traditional ratings numbers for a fraction of content providers;
without large enough audiences, most channels don’t have a chance of
registering under this system. Under social TV analytics, however, no chan-
nels are excluded in this way, as conversation around any and all networks is
measurable. Social TV analytics essentially lower barriers to entry in terms of
which channels are measured and thus the “hits” reflect more source diver-
sity. This is hypothesized as follows:

Hypothesis 2: The “hit” television programs portrayed by social TV ana-
lytics will include a greater diversity of network sources than the “hit”
television programs portrayed by traditional ratings.

Performance volatility

Finally, market information regimes offer an assessment regarding ranking or
performance volatility. The TV industry operates with an inherent level of uncer-
tainty associated with unpredictable audience behavior (Goodchild & Sarma,
2013) and compounded by the ever-increasing number of content options and
platforms (Bughin, 2001). The success of one show is unpredictable and its overall
performance is volatile from one week to the next, a trend that seems only to be
increasing over time (Napoli, 2001).

In other words, the roster of “hit” TV programs can change quite a bit
from week to week. This is not surprising for an industry that depends on
perceptions of program quality (Chan-Olmsted, 1991) from an audience
composed of such a wide range of socio-demographic segments with wide-
ranging tastes (Bughin, 2001). There was early indication, however, that
compared to social TV analytics, Nielsen’s traditionally top-rated shows
tend to stay that way on a weekly basis as “what makes us watch something
is not the same thing as what makes us talk” (Humphrey, 2011, p. 2). This
tendency may reflect the fact audience engagement is an inherently more
complex phenomenon than audience exposure (Napoli, 2011) and perhaps,
inherently more volatile. Thus, market information regimes based on differ-
ent dimensions of audience behavior will likely produce variations in perfor-
mance volatility. This is hypothesized as follows:
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Hypothesis 3: There will be greater performance volatility within the “hit”
television programs portrayed by social TV analytics than within those
portrayed by traditional ratings.

Data and method

To investigate these hypotheses, data were collected from both Nielsen’s
traditional TV ratings as the primary market information regime and
Nielsen’s Twitter TV Ratings (NTTR), a social TV analytics rating system
introduced in 2014, as the supplementary market information regime. The
“hits” dataset was constructed from weekly ratings information on the top 10
ranked shows from both regimes over 52-weeks (September 22, 2014 through
September 20, 2015). In order to analyze comparable data, information from
Nielsen’s traditional ratings reports was compiled via multiple outlets to best
match the parameters provided by NTTR.

NTTR provide a weekly report of the top 10 episodes based on a measure of
social activity from 3 hours before, during, and 3 hours after broadcast of new
or live primetime episodes on broadcast or cable TV networks.2 Thus, tradi-
tional ratings data were collected based on the live plus same-day metric of
both broadcast and cable primetime TV episodes. Repeat episodes and sports
programming were discarded from traditional reports as NTTR ranks only
new episodes of primetime programming; the remaining top 10 episodes were
then retained for the dataset.3 In essence, the unit of analysis is the ranking
slot and n = 1,040 slotted shows, 520 slots from each market information
regime. It is also worth noting that the demographic skew of typical Twitter
users is under 50-years-old (Duggan, Ellison, Lampe, Lenhart, & Madden,
2015), so the constructed dataset utilizes the traditional ratings information for
adults age 18–49.

Variables

Genre
Genre performance of TV’s “hits” was analyzed by examining the genre
makeup of the top-ranked programming according to each regime. A genre
was assigned to each of the 1,040 slots in the dataset. Genres were copied
from the Tribune Company (operator of the zap2it.com online TV guide
website), a source utilized in previous scholarship as an institutionalized
provider of TV program information (Napoli & Yan, 2007).

2NTTR provide information on four metrics including unique audience, impressions, Tweets, and unique authors
(used to rank programs for this analysis). For more information, visit: http://en-us.nielsen.com/sitelets/cls/docu
ments/nntv/NNTV-NielsenTwitterTVRatings-FAQ.pdf

3This accounted for 103 discarded slots from traditional ratings—mostly over the summer when production of new
series is less common and sports playoff games are more prominent.
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There were 16 genre categories among the total programs ranked by both
regimes.4 Analysis includes both the total number of genre categories and the
total number of programs within each genre. Genre performance was first
measured with the Hirschmann-Herfindahl Index (HHI)5 to account for the
degree of concentration of programming into genre categories (see e.g., Li &
Chiang, 2001). For example, “hits” with a diverse number of genres would
produce programming evenly distributed across genre categories and an HHI
approaching zero. This data also allowed for calculations regarding the average
number of genres represented by TV’s “hits” according to each regime, as well
as the average number of “hits” representing each genre. t-Tests for differences
in means were also utilized to check for statistical significance.

Source
In an effort to analyze source diversity among the “hits” produced by each
regime, network sources were identified for each slot. There were a total of 35
distinct sources responsible for the 1,040 slots. Both the total number of
distinct sources and the total number of ranked shows appearing from each
source were accounted for in order to test for diversity differences. HHI
scores and statistical significance tests were computed.

Volatility
Performance volatility was investigated by modeling the approach of Anand
and Peterson (2000). The number one ranked program each week was
collected from each regime and the total number of weeks each of those
shows ranked as number one was then recorded, which allowed for calcula-
tions regarding variability and tenure at the number one position. t-Tests for
differences in means were again utilized to check for statistical significance.

Results

The “hits” produced by traditional Nielsen ratings are substantially different
from the “hits” produced by social TV analytics. Hypothesis one predicted
that the “hits” portrayed by social TV analytics would reflect a greater variety
of genres than those portrayed by traditional ratings. Table 1 shows the
distribution of top programming from each rating system across 16 genres.
The top programs (i.e., the 520 slots as totaled by the top 10 lists over 52
weeks) portrayed by traditional ratings fall across 13 genre categories and
have 2,661.83 HHI. According to social TV analytics, the top programs fall
across 15 genre categories and have 2145.41 HHI.

4The 16 genre categories represented include: comedy, crime drama, documentary, drama, historical drama, horror,
musical comedy, news, newsmagazine, pro wrestling, reality, sitcom, special event, suspense, talk, and TV movie.

5It is worth noting that while HHI is the quantitative metric of choice for representing media market diversity, there
are indeed other normative and ideological models (see Freedman, 2014 for a thorough review of the various
perspectives).
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The average number of different genres represented by TV’s “hits” each week
according to traditional ratings is 3.46 as compared to social TV analytics’
average of 4.48. As Table 2 shows, this difference in aggregate means is
statistically significant (t = 4.78, p < 0.01). Each rating system offers a different
picture of the genre performance of TV’s “hits;” those produced by the supple-
mentary market information regime (social TV analytics) represent a signifi-
cantly greater variety of genres. Therefore, Hypothesis 1 is supported.

This analysis can be further unpacked to understand differences in chart-
ing frequency for specific genres as reflected by each regime. For example, an
average of 1.88 sitcoms placed in the weekly “hits” portrayed by traditional
ratings. With social TV analytics, that average decreases to 0.15 sitcoms per
week. A t-test for difference in means was significant (t = 7.28, p < 0.01),
indicating that the sitcom genre is significantly more prominent within the
“hits” portrayed by the market’s primary information regime.

The prominence of reality genre programs was also significantly greater
within the “hits” portrayed by traditional ratings where there was an average
of 4.38 reality episodes/week as compared to the 3.25 reality episodes/week
represented by social TV analytics (t = 2.56, p < 0.01). Conversely, the special
event genre of programming was significantly more prominent within the hits
portrayed by social TV analytics (t = 5.76, p < 0.01). Differences in average
weekly charting frequency were also statistically significant for six other genres
including wrestling, drama,6 newsmagazine, talk, comedy, and documentary.

Table 1. Genres represented by TV’s “hits” according to each regime (n = 520/regime).
Traditional Ratings Social TV Analytics Percent Difference

Genre

Raw number Percentage Raw number Percentage

Sitcom 98.00 18.85 8.00 1.54 17.31
Reality 228.00 43.85 169.00 32.50 11.35
Event 22.00 4.23 79.00 15.19 −10.96
Wrestling 4.00 0.77 55.00 10.58 −9.81
Drama 90.00 17.31 139.00 26.73 −9.42
Crime 32.00 6.15 13.00 2.50 3.65
Horror 2.00 0.38 13.00 2.50 −2.12
Newsmagazine 13.00 2.50 5.00 0.96 1.54
Talk 24.00 4.62 18.00 3.46 1.15
Documentary 0.00 0.00 6.00 1.15 −1.15
Comedy 2.00 0.38 7.00 1.35 −0.96
TV movie 3.00 0.58 5.00 0.96 −0.38
Suspense 0.00 0.00 1.00 0.19 −0.19
Historical 0.00 0.00 1.00 0.19 −0.19
Musical 1.00 0.19 1.00 0.19 0.00
News 1.00 0.19 0.00 0.00 0.19
HHI 2,661.83 2,145.41

6Chart placement for the drama genre includes suspense, horror, crime, and historical dramas.
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There was no significant difference for the three remaining genres: news, TV
movie, and musical comedy.

Hypothesis two predicted that the “hits” portrayed by social TV analytics
would reflect a greater diversity of network sources than the “hits” portrayed
by traditional ratings. Table 3 shows the distribution of networks responsible
for the top programming according to each regime. The “hits” portrayed by
traditional ratings are produced by 16 network sources (2,174.47 HHI). The
hits portrayed by social TV analytics are produced by 35 network sources
(1,015.68 HHI), indicating a more even distribution across more network
sources and thus, a more competitive marketplace under the social TV
analytics-based information regime.

Furthermore, the hits portrayed by traditional ratings are produced by an
average of four sources each week; whereas the hits portrayed by social TV
analytics are produced by an average of seven sources each week. The
difference in means was significant here as well (t = 13.12, p < 0.01). Thus,
Hypothesis 2 is supported.

Table 2. Weekly charting placement for each genre.
Traditional Ratings Social TV Analytics Difference

Genre

Sitcom 1.88 0.15 1.73***
(s.d. = 1.66) (s.d. = 0.41) (t = 7.28)

Reality 4.38 3.25 1.13***
(s.d. = 2.85) (s.d. = 1.44) (t = 2.56)

Event 0.44 1.52 −1.08***
(s.d. = 0.70) (s.d. = 1.18) (t = 5.67)

Wrestling 0.08 1.06 −0.98***
(s.d. = 0.33) (s.d. = 0.57) (t = 10.64)

Drama 2.63 3.21 −0.58**
(s.d. = 1.75) (s.d. = 1.56) (t = 1.77)

Newsmag. 0.25 0.08 0.17**
(s.d. = 0.48) (s.d. = 0.27) (t = 2.27)

Talk 0.21 0.37 −0.15*
(s.d. = 0.41) (s.d. = 0.15) (t = 1.31)

Comedy 0.02 0.15 −0.13***
(s.d. = 0.14) (s.d. = 0.36) (t = 2.49)

Documentary 0 3.21 −0.12**
(s.d. = 0) (s.d. = 1.56) (t = 2.20)

News 0.02 0 0.02
(s.d. = 0.14) (s.d. = 0) (t = 1)

TV movie 0.06 0.08 −0.02
(s.d. = 0.31) (s.d. = 0.27) (t = 0.34)

Musical 0.02 0.02 0
(s.d = 0.14) (s.d. = 0.14) (t = 0)

Different genres 3.46 4.48 −1.00*
(s.d. = 1.13) (s.d. = 1.00) (t = 4.78)

Note. All figures are mean shows/week; standard deviation indicated as s.d.
***Significant at p < 0.01, **Significant at p < 0.05, *Significant at p < 0.10.
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Finally, Table 4 shows the results of a comparative analysis of performance
volatility according to each information regime. Specifically, Hypothesis 3
predicted that volatility within the “hit” TV programs portrayed by social TV
analytics would be greater than the volatility within the “hits” portrayed by
traditional ratings. Twenty different shows held the top-rated position for an

Table 3. Sources represented by TV’s “hits” according to each regime (n = 520/regime).
Traditional Ratings Social TV Analytics Percent Difference

CBS 28.04 4.94 23.10
USA 0.78 9.67 −8.89
NBC 21.76 14.20 7.57
FOX 10.59 5.56 5.03
ABC 27.45 23.05 4.41
MTV 0.00 4.32 −4.32
VH1 2.35 5.35 −3.00
FX 0.59 3.50 −2.91
E! 0.00 2.88 −2.88
ESPN 0.00 2.26 −2.26
NFLNet 0.00 1.85 −1.85
Comedy Central 0.20 1.85 −1.66
AMC 6.47 5.14 1.33
CW 0.00 1.03 −1.03
Syfy 0.00 1.03 −1.03
BET 0.20 1.03 −0.83
Discovery 0.39 1.03 −0.64
Lifetime 0.20 0.82 −0.63
Univision 0.00 0.62 −0.62
FNC 0.20 0.62 −0.42
A&E 0.00 0.41 −0.41
CMT 0.00 0.41 −0.41
Nick 0.00 0.41 −0.41
OWN 0.00 0.41 −0.41
Oxygen 0.00 0.41 −0.41
Telemundo 0.00 0.41 −0.41
CNN 0.39 0.62 −0.23
Bravo 0.20 0.41 −0.22
BBC 0.00 0.21 −0.21
CNBC 0.00 0.21 −0.21
HLN 0.00 0.21 −0.21
PBS 0.00 0.21 −0.21
Pop 0.00 0.21 −0.21
TVOne 0.00 0.21 −0.21

HHI 2,174.47 1,015.68

Sources/week 4 (s.d. = 1) 7 −3***

Table 4. Volatility in the number one position.
Traditional Ratings Social TV Analytics Difference

Tenure in the number one position 2.74 weeks 1.37 weeks 1.37 weeks**
(s.d. = 3.53) (s.d. = 0.80) (t = 2.43)

Note. All figures are means; standard deviation indicated as s.d.
**Significant at p < 0.05.
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average of 2.74 weeks according to traditional ratings; 39 held the top
position for an average of 1.37 weeks according to social TV analytics.
Here too, a t-test for a difference in means was significant (t = 2.43,
p < 0.05) and thus, Hypothesis 3 is supported.

Discussion

The differences between the two market information regimes in their repre-
sentations of “hit” TV programs raise questions regarding the potential impact
of social TV analytics as a big data approach to audience measurement on the
very nature of media content production and distribution, specifically as
stakeholders make sense of—and internalize—new portraits of success. As a
supplementary market information regime, social TV analytics has the poten-
tial to impact cultural production by reshaping the genre composition of TV’s
most popular programs. Overall, the ratings reports produced by social TV
analytics show TV’s “hits” to be representative of a significantly greater variety
of program genres. This indicates to decision-makers that a greater range of
genres is successful, which could alter cultural production with future content
spanning genres and offering more novelty (Webster, 2014). Ultimately, this
could lead to a greater diversity of audience preferences being served, which
could indeed lead to greater audience fragmentation by making the targeting
of niche audiences more economically viable (Napoli, 2011).

At a more granular level, variability in the performance of specific categories
can also trigger the reconstitution of category boundaries (Lounsbury & Rao,
2004). The change in the relative strength of the special event genre, for
example, provides evidence for such a scenario. Special events have signifi-
cantly greater chart presence according to the social TV analytics information
regime than they do according to traditional ratings. This distinction in
audience preference is already impacting organizational strategy as executive
efforts increasingly promote and brand content as an “event” (Elliott, 2014),
further exemplifying the way information regimes reconfigure the market.

The comparative analysis of market information regimes also indicates
that social TV analytics’ “hits” are produced by a greater diversity of net-
works—more than double those producing tradition rating’s “hits.” As such,
organizational decision-making based on social TV analytics may very well
increase opportunities for more diverse creators and dislodges the traditional
network sources from “hits” reports. A greater distribution of ad dollars
would be allocated across a greater number of network programmers,
increasing diversity in content and support for niche programmers. Indeed,
social TV analytics as information regime has the capacity to sustain a more
competitive TV marketplace.

Furthermore, although the measurement approach employed here was only
able to capture the notion of volatility in a fairly superficial way (i.e., variation in
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the weekly top slot), potential implications of this difference between the two
market information regimes are still worth considering. Of specific importance
is the relationship between volatility and uncertainty. The predicted audience is
central to the economics of the TVmarketplace; in fact, TV “advertising depends
on the stability of linear audiences to predict the future” (Webster, 2014, p. 70).
Given the importance of predictability to TV stakeholders, it is crucial to
understand the increase in volatility and thus, uncertainty introduced with a
market information regime based on social TV analytics.

On the other hand, a big data approach to audience measurement such as
the one reflected by social TV analytics also provides opportunity for a greater
number of shows to reach the number one position and the “hits” lists in
general. Again, perhaps indicating that a greater variety of content types and
producers are economically viable in today’s TV marketplace. It is too soon to
tell whether this proves to be a cost or benefit of social TV analytics to
marketplace stakeholders. On that note, however, future research should
develop and employ a more comprehensive approach to assessing volatility.

Conclusion

In sum, this article analyzes the implications of big data on the audience
measurement aspect of media management by specifically highlighting social
TV analytics as a new market information regime and comparing it to
traditional Nielsen ratings. This comparative analysis sheds light on the
dynamics among audiences, measurement systems, and the economic func-
tioning of the TV marketplace. As illustrated, social TV analytics paint a very
different picture of TV’s “hits,” especially as related to genre performance,
source diversity, and performance volatility. This supplementary market
information regime does not simply offer an alternative metric (i.e., audience
engagement as opposed to audience exposure); rather it provides a signifi-
cantly different portrait of the types of programs that succeed and the sources
from which these successes originate. If the current trend persists, in which
advertisers and programmers increasingly rely on the results of social TV
analytics in decision-making, the competitive dynamics and content output
of the TV industry could be dramatically reconfigured.

Indeed, an information regime based on social TV analytics seems to
enhance diversity within the marketplace as a whole, facilitating the production
and success of a greater variety of program types and sources. As the market
continues to evolve, however, the reasoning for this cannot yet fully be deter-
mined. Is it simply because the barriers for entry into social TV analytic “hits”
are lower than into those produced by traditional ratings—that the ability to
generate large volumes of tweets is more widely distributed than large volumes
of viewers? Or, perhaps, production and marketing budgets and overall house-
hold reach are the key determinants of audience exposure, and as such relate to
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traditional ratings success but are not as vital for audience engagement. If this
proves to be the case, much of the accepted wisdom about what creates “hits”
needs to be rethought, as does the academic literature on audience behavior
that relies on exposure as the dependent variable.

It should be noted that this research is based on a dataset composed of top
10 lists, which have inherent limitations. Such performance rankings, for
example, provide insight into the nature of TV’s “hits,” but not necessarily
into the broader marketplace. Still, the characteristics of the “hits” are of
particular significance as they historically garner industry attention and
inspire imitation as evidenced by the propensity for production of spin-offs
and franchises (Webster, 2014). As an integral component of the TV market-
place, the organizational dynamics and institutional consequences of shifts in
such lists necessitate scholarly attention.

Clearly, this analysis takes place during a time of ongoing transition. Thus, as
the audience marketplace continues to evolve, there is ample room for future
research. Such investigation could occur along multiple lines of inquiry. First, as
there are clear differences in the “hits” portrayed by each of these regimes,
research should attend to a deeper investigation of the underlying reasons
behind these differences. It would be interesting to understandwhy, for example,
social TV analytic’s “hits” are more volatile and represent more genres.

In addition, scholars should formally examine the extent to which social
TV analytics are indeed being integrated into content production, develop-
ment, and distribution routines. This work would be complemented by an
analysis of the genres and sources of content picked up to air during
upcoming TV seasons and the prices advertising executives pay for such
content. This would provide greater understanding regarding if and how
these institutional processes are reflective of a market information regime
and currency based on social TV analytics. Furthermore, a longitudinal
analysis of social TV analytics as a new market information regime would
offer insight into the direct impact on the types of shows produced and thus,
cultural production. Overall, this research would provide a more definitive
understanding of the organizational and cultural consequences of social TV
analytics as a big data approach to media audience measurement.
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