3.3.4. Difference-in-Differences Analysis

As discussed earlier, a potential threat to identification is that unobserved show attributes might
differ systematically across experimental conditions. The falsification check using data from the
untreated channels addresses this concern. Another solution, commonly used in the literature, is
difference-in-differences analysis. The idea is to track the difference in show viewing before vs.
after the experiment, and identify a treatment effect by comparing the difference in a treatment

condition with that in the control condition. We use this approach to corroborate our conclusions.

There is a challenge. All shows in our sample were broadcast on a channel only once and thus
have no pre-experiment viewing data. To circumvent this problem, for each show we need to find
a corresponding “benchmark” show aired before the experiment that is otherwise similar to the
focal show. To do so, we draw on the fact that the media company tends to schedule shows of
similar “types” on the same day of the week. (Conversation with company management
confirmed this practice.) We construct a pre-experiment panel spanning the 98 days immediately
before the experiment. Like the experiment panel, this pre-experiment panel consists of 14 weeks,
with 7 daily shows aired per week. For a show broadcast on the d" day of the w" week during
the experiment, we define its benchmark show as the one broadcast on the d™ day of the w week
of the pre-experiment panel. In this way, we exploit the day-of-the-week effect behind show
similarity, and maintain a constant time lag between shows in the experiment and their
benchmark shows. Each benchmark show is assigned to the same condition as its corresponding
show in the experiment. Even if the assignment of shows across conditions is not perfectly
random, as long as the difference between a show and its benchmark is uncorrelated with

condition assignment, the difference-in-differences approach continues to apply.

We pool the pre-experiment and experiment panels to run the difference-in-differences
estimation. We define a new dummy variable, After, which equals 1 for shows in the experiment
and 0 for benchmark shows in the pre-experiment panel. The coefficients of the interaction terms,

Tweet x After and Tweet & Retweet x After, provide the difference-in-differences estimators of

25



the treatment effects of company tweets and influential retweets on show viewing.”

Table 15 reports the estimation results using data from the five treated channels. Similar to Table
7, we add show control variables progressively. We focus on column (5), the counterpart of the
previous main model. Both condition dummies, Tweet and Tweet & Retweet, are largely
insignificant. This reassures us that benchmark shows in the treatment conditions are not
inherently more popular than those in the control condition. The coefficient of After is negative
and significant, which means that shows, absent the experimental treatments, are overall less
watched during the experiment period than before. One possible explanation is seasonality — the
pre-experiment panel includes the summer vacation in China when students have more time to
watch TV. Another explanation has to do with the “removal-design” nature of the experiment —
the company had been positing a show tweet per day prior to the experiment but ceased to do so
in the control condition of the experiment. This possibly caused a decline in viewing for shows
in the control group compared with their benchmark shows. Turning to the key variables of
interest, Tweet x After and Tweet & Retweet x After, are both positive and significant at the
p<.01 level. Moreover, the coefficient of Tweet & Retweet x After is significantly higher than
that of Tweet x After (p=.022 for the main specification). These findings lend further confidence

to the conclusion that company tweets and influential retweets both increase show viewing.
[Insert Table 15 about here.]
3.4. Effect Magnitude and Return on Tweeting

So far we have shown that (1) company tweets significantly increase show viewing, (2)
influential retweets significantly increase show viewing especially if broadcast information is
displayed, (3) influential retweets significantly increase the number of company followers, which
in turn amplifies the effect of company tweets on show viewing, and (4) influential retweets are

particularly effective if the influential is actively retweeted. We derive the magnitude of these

» A week dummy indicates the w" week of both the experiment period and the pre-experimental period. Therefore,
week dummies are separately identified from the After dummy.
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effects and assess the company’s return on its tweeting campaign.
3.4.1. Effect Magnitude

The top panel of Table 16 presents the effect magnitude by condition, where the bold values are
significant at the p<.10 level. Consider a show that is broadcast on one of the five treated
channels during the experiment. First, imagine that the company engages in no Weibo promotion
for this show. In this control condition, the show will achieve an average viewing percentage

of .0749 across the five channels, and the company will attract 259 new followers on that day.
Now, suppose the same show is tweeted by the company, and three channels are randomly
selected to display their broadcast information in the show tweet. The viewing percentage of this
show will increase to .1325, which represents a 77% increase compared with the level in the
control condition.”* Meanwhile, the company will gain 244 new followers on that day, which is
less than the control level although the difference is insignificant. In addition, the company could
also recruit an influential to retweet the original show tweet. Doing so will increase viewing
percentage to .1573, which is a 110% increase compared with the control level, or an additional
increase of 33% beyond what the company can achieve by tweeting the show itself. The effect of
influential retweeting is especially pronounced if the company tweet displays broadcast
information of the show. In that case, viewing percentage will rise to .1755, which is a 134%
increase over the control level, or an additional increase of 57% beyond the level with company
tweets alone. At the same time, if the company both tweets and recruits an influential to retweet,

it will attract 349 new followers, a 35% increase from the control level.
[Insert Table 16 about here.]

Recall that retweeting has carryover effects on show viewing, as the influx of new company

** To predict the viewing percentages in the treatment conditions, we use the parameter estimates of the main model
in column (5) of Table 7. This approach captures the effects of other control variables, which may not be perfectly
balanced out across conditions. In contrast, if we ignore other control variables and base the prediction on column (1)
of Table 7, the predicted viewing percentages in each condition will simply reflect the actual average viewing
percentage as reported in Table 4. The same idea applies to the rest of the effect magnitude analysis.
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followers amplifies the effect of company tweets on the next day. The bottom panel of Table 16
presents the magnitude of these carryover effects. Suppose the company tweeted a show and had
an influential retweet it on the previous day. Now, if the company tweets today’s show, the
viewing percentage will be .1497, among which .0172 is associated with the newly subscribed
company followers. If the company in addition recruits an influential to retweet today’s show, the

viewing percentage will reach .1745 on average and .1927 if broadcast information is shown.

For a further look into the effect of influential retweets, we report the effect magnitude by
influential attribute in Table 17. Influentials who are retweeted actively by their followers are the
most effective in both increasing show viewing directly and bringing new followers to the
company. Consider one of these actively retweeted influentials. Recall that, if the company
tweets alone, it will on average achieve a viewing percentage of .1325 and attract 244 new
followers each day. If the company in addition recruits this influential to retweet, it will increase
show viewing by .0796, or 60%. If the show tweet displays broadcast information, the increase
will be .1086, or 82%. Meanwhile, by having this influential retweet, the company will generate
another 140 new followers each day, which is 57% more than if the company tweets alone. These
results suggest that companies interested in influential retweeting may consider targeting
influentials who are retweeted actively by their followers. They should also make the company
tweet informative to help new customers navigate the purchase funnel — even a simple sentence

providing purchase instructions can make a difference.

[Insert Table 17 about here.]

3.4.2. Return on the Tweeting Campaign

The experiment results allow us to assess the media company’s return on this tweeting campaign.
To gauge the return, we first interviewed personnel at China Central Television regarding the
financial structure of the TV industry in China. Typically, to broadcast a certain TV program, a

TV channel pays the content producer a program license fee. The license fee depends on the
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viewing percentage of the program as agreed upon between both parties. Other things being
equal, license fees tend to increase with viewing percentage which, naturally, motivates the

content producer to grow the viewership of its programs.25

Without access to the media company’s private data on its license fees, we resort to the Research
Report on China’s Documentary TV Industry for 2012, the year of the experiment. We

approximate the media company’s license fee per show by multiplying the length of each show
with the average license fee per minute of documentary TV shows in China in 2012. This yields

a license fee of 2,625 CNY per show. For back-of-the-envelope calculation, we assume that the
license fee is proportional to viewing percentage. Given an average viewing percentage of .0966%
for shows in our study (Table 4), we obtain 27,174 CNY per percentage point of show viewing

for this sample. Based on estimation results of the main model, compared with the control
condition, the company gains a license fee increase of 1,565 CNY per show in the Tweet

condition, and 2,239 CNY per show in the Tweet & Retweet condition.

On the cost side, the total operating cost of the media company’s Weibo account is about 5,000
CNY per week. Over the 14 weeks of the experiment, the company posted 358 tweets, including
42 show tweets in each of the treatment conditions and 274 noncommercial tweets. For a
conservative ROI estimate, we assume zero overhead, and compute the average cost per
company tweet as 5,000><14/358= 196 CNY. In addition, to recruit a Weibo influential to

retweet a show tweet, the company paid an average cost of 1,000 CNY.

Combining the gain and cost figures, our rough estimates of the company’s return on tweeting
are 698% in the Tweet condition and 87% in the Tweet & Retweet condition. The return rates

would be even higher if we consider the carryover effects of tweeting.

3.5. Additional Studies and Discussion

% In China’s TV industry, the norm is for each TV channel to determine its advertising schedule and advertising
fees without the involvement of the content producer.
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Our findings suggest that the media company’s use of tweeting to grow viewership is a

remarkable success. We reflect on the possible reasons and discuss the plausibility of this result.

The aggregate nature of the data limits our ability to form a detailed portrait of the behavioral
mechanism other than showing that company tweets contain an element of informative
advertising to new followers of the company. Therefore, we conducted two additional studies to

better understand the findings from the experiment.

One possible reason behind the large effect of tweeting on show viewing is that shows included
in the study are documentaries and there can be substantial information in the show title
regarding the content of a show. If this is the case, show tweets serve as informative advertising
beyond conveying broadcast information. To evaluate this possibility, we recruited five
independent evaluators to rate the informativeness of the title of each of the 98 shows in the
study. On a scale from 1 ("extremely uninformative") to 5 ("extremely informative"), these 98
shows’ average title informativeness scores across evaluators have a mean value of 3.34 and
standard deviation of .65. We further introduce each show’s average title informativeness score
into the main model. Both the main effect of this variable and its interaction terms with the two
treatment dummies are insignificant. Therefore, although there is some information value in the

show title, it does not seem to affect show viewing or moderate the effect of tweeting.

Another possible reason behind the large effect of tweeting on show viewing is social diffusion.
Not only do show tweets diffuse on Weibo, their influence may go beyond Weibo through
channels such as friend recommendations. To assess the extent of social diffusion, we conducted
a survey on TV viewing behaviors among Chinese consumers. The survey was distributed in
March, 2016 on www.sojump.com, a leading survey website in China similar to Qualtrics. A
total of 285 individuals across the nation responded to the survey, including 132 from the seven
provinces affected by the field experiment. We present the full questionnaire and responses in the

Web Appendix and highlight the key results below.

30



Across all respondents, watching TV shows is a regular activity. On a scale from 1 ("Never") to 5
("Very often"), average TV watching tendency is 3.428, significantly higher than the neutral level
of 3 (t=6.233, p<.001). Among sources of TV show information, social media such as Weibo
influence 62.46% of consumers, and friend recommendations influence 48.42%. In 2012, 70.88%
of respondents were registered Weibo users. On a scale from 1 ("Never") to 5 ("Very often"), the
average answer to the question, "how often do you watch TV shows recommended by your
friends," is 3.193, significantly higher than the neutral level (t=3.077, p<.01). The average
answer to "how often do you watch TV shows retweeted by your friends on Weibo" is 2.905, not
significantly different from the neutral level (t=1.520, p=.130). This means show viewing
choices are influenced by friends although the effect of friend retweets on Weibo is not as strong.
Hence we ask whether friend commendations go beyond the boundary of Weibo. The answer is
yes. On a scale from 1 ("Definitely not") to 5 ("Definitely yes"), the average responses are 3.728
to "if you learn about an interesting TV show on Weibo, would you recommend it to your friends
who are not Weibo users," and 3.602 to "if your friends learn about an interesting TV show on
Weibo, would they recommend it to you." Both average responses significantly exceed the
neutral value (t=10.368, p<.001, and t=5.426, p<.001, respectively). Survey responses from the
subsample of participants in the seven provinces influenced by the experiment exhibit similar
patterns. These results suggest that social diffusion may have existed to some extent to amplify

the effect of tweeting beyond Weibo.

Some final comments on the plausibility of the estimated tweeting effects are in order. First, TV
viewing is a relatively low-stake and quick decision, making it potentially susceptible to tweeting
and marketing activities in general. In fact, through a mobile ad campaign, HBO was also able to
increase the viewership of the season-three premiere of "True Blood" by 38% over the previous
season (Butcher 2010). The effect of tweeting on demand in bigger-ticket categories, such as cars,
is likely smaller. Second, as mentioned earlier, the media company did not pursue other
marketing activities besides tweeting during the experiment. The marginal effect of tweeting

may be smaller when it coexists with other marketing campaigns. For example, in the movie
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industry known for heavy pre-launch advertising, tweeting may not generate as strong effects on
viewing. Third, the media company was one of the first to adopt tweeting as a marketing tool in
its industry. The return to tweeting may be diluted when competitors join the race to tweet.
Nevertheless, the findings of the paper suggest that, at least as an existence proof, tweeting can

effectively grow demand, and that the effect of tweeting is worth exploring in other contexts.

4. CONCLUDING REMARKS

Tweeting is now commonly used as a marketing tool. We ask whether tweeting indeed tangibly
improves business performance. The good news is that, at least in the market of TV shows,
company tweets about its own product increase demand. At the same time, involving influential
users, especially those retweeted actively by their own followers, to retweet company tweets can
further boost product demand. A caveat is that the retweeted content should be informative to the
expanded audience who may not be familiar with the product. Finally, influential retweets help
bring new followers to the company, and these newly subscribed company followers partly
contribute to the increase in product demand. This last result is also encouraging news to
businesses because many of today’s social media marketing campaigns focus on cultivating

follower communities, an effort that we show to be constructive to the bottom line.

There are several directions for future research. A natural follow-up is to study the design of
tweet content. We find that even simple tweets are effective, but companies may be able to do
better. It will also be interesting to analyze the market of influentials. For example, as this market
evolves, what would be the price for influentials to engage in social media promotions? How
does this price affect the influence of influentials? Similar to advertising expenditure, the price to
recruit influentials may signal product quality (Milgrom and Roberts 1986) or moderate
consumers’ attribution of market performance to product quality (Miklos-Thal and Zhang 2013).
Finally, data permitting, it will be informative to study the impact of tweeting on TV viewership

(and more generally, the impact of social media activities on demand) at an individual level.*®

%% To our best knowledge, there is currently no database that reliably connects TV viewership to internet usage. In
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Table1 Summary of Experimental Conditions

Condition Description Number of
TV Shows
Control Each show is neither tweeted by the company nor 14
retweeted by an influential
Tweet Each show is tweeted by the company 42
Tweet & Retweet Each show is tweeted by the company and retweeted by an 42

influential

Notes. The company tweets at 11:00 am of the day of the show. Influentials retweet company tweets at noon.

Table 2 Summary Statistics of Weibo Influentials Recruited to Retweet

Mean S.D. Min Median Max
Number of followers 2,111,873 1,798,811 321,644 1,403,684 9,574,535
Number of tweets per day 45 38 1 44 179
Average number of follower retweets 729 528 60 642 3,049

Notes. The sample includes 42 influentials. For each influential, the average number of follower retweets measures,

on average, how many times each of his/her tweets is retweeted by his/her followers.

Table 3 Summary of Experimental Design at the TV Channel Level

TV Channel Broadcast Time Weeks 1-7 Weeks 8-14
Shanghai After Treatment Display Display
Tianjin After Treatment Display Not display
Wuhan After Treatment Display Not display
Guangzhou After Treatment Not display Display
Hangzhou After Treatment Not display Display
Chongqing Before Treatment Not display Not display
Fuzhou Before Treatment Not display Not display

Notes. Display means the broadcast information of the channel is displayed in the company tweet.
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Table 4 Summary Statistics of Show Viewing Percentage by Experimental Condition

#Observations Mean S.D. Min Median Max

Entire sample

Control 98 .0599 .0748 0 .04 43

Tweet 294 .0971 1158 0 .05 .65

Tweet & Retweet 294 .1083 1284 0 .06 73

All 686 .0966 1176 0 .05 73
Shows on treated channels (i.e., channels that broadcast the shows after the treatments)

Control 70 .0749 .0811 0 .05 43

Tweet 210 .1249 1234 0 .09 .65

Tweet & Retweet 210 .1443 1345 0 A1 73

All 490 1261 1252 0 .09 73
Shows on untreated channels (i.e., channels that broadcast the shows before the treatments)

Control 28 .0225 .0362 0 0 13

Tweet 84 .0275 .0462 0 .01 .26

Tweet & Retweet 84 .0185 .0331 0 0 17

All 196 .0229 .0396 0 0 .26

Notes. An observation is a show-channel combination.
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Table 5 Summary Statistics of Tweet Diffusion by Experimental Condition

#Obs. Mean S.D. Min Median Max
Control condition
Number of retweets 14 0 0 0 0 0
Influential retweets 14 0 0 0 0 0
Retweets of influential retweets 14 0 0 0 0 0
Organic retweets 14 0 0 0 0 0
Number of impressions 14 0 0 0 0 0
Diffusion depth 14 0 0 0 0 0
Tweet condition
Number of retweets 42 27 25 2 20 149
Influential retweets 42 0 0 0 0 0
Retweets of influential retweets 42 0 0 0 0 0
Organic retweets 42 27 25 2 20 149
Number of impressions 42 160,522 37,765 130,848 151,073 344,549
Diffusion depth 42 2 .99 1 2 5
Tweet & Retweet condition
Number of retweets 42 127 117 10 86 512
Influential retweets 42 1 0 1 1 1
Retweets of influential retweets 42 92 87 4 58 388
Organic retweets 42 34 34 2 25 134
Number of impressions 42 3,238,494 6,610,906 470,074 1,618,676 43,461,666
Diffusion depth 42 3 1.07 2 3 7

Notes. An observation is a show. The number of retweets measures the total number of times a show tweet is

retweeted. Organic retweets refer to user retweets without involvement of recruited influentials. The number of

impressions measures the number of users exposed to a show tweet either directly or indirectly through retweeting.

Diffusion depth measures the maximum number of layers of follower networks a show tweet reaches.
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Table 6 Summary Statistics of the Daily Change in Company Followers by Experimental Condition

#Observations Mean S.D. Min Median Max
Control 14 259 85 110 242 392
Tweet 42 237 188 73 201 1046
Tweet & Retweet 42 335 199 87 288 1240

Notes. An observation is a day. The variable is the daily change in the number of company followers during the

experiment.
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Table 7 Main Results — Effect of Tweeting on Show Viewing (Treated Channels)

M 2 3 4) (6))
“Main Model”
Tweet (a;) .0500 .0514 .0514 .0492 .0576
(.0133)**x* (.0138)*** (.0138)*** (.0145)%*x* (.0161)***
Tweet & Retweet (0) .0694 .0698 .0698 .0707 .0824
(.0144)*** (.0148)*** (.0149)**x* (.0156)**x* (.0169)***
#Noncommercial tweets .0035 .0035 .0007 -.0022
(.0030) (.0031) (.0050) (.0056)
Channel dummies No No Yes Yes Yes
Week dummies No No No Yes Yes
Day-of-week dummies No No No Yes Yes
Series dummies No No No No Yes
Episode dummies No No No No Yes
Genre dummies No No No No Yes
a — 0 .0194 .0184 .0184 .0215 .0248
p-value of o, — 0 .069 .080 .081 .052 .039
#Observations 490 490 490 490 490
R-squared .033 .035 .347 372 .389

Notes. An observation is a show-channel combination. The dependent variable is the percentage of a channel’s

audience viewing a show. The sample consists of all 98 shows on the five treated channels (i.e., channels that

broadcast the shows after the time of company tweets and influential retweets). The p-values for the difference

between 0, and 0, are based on one-tailed tests. OLS estimates with robust standard errors clustered at the show

level. * p<.10, ** p<.05, *** p<.01.
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Table 8 Falsification Check — Effect of Tweeting on Show Viewing (Untreated Channels)

(1 2 A3) “ &)
Tweet (a;) .0050 .0058 .0058 .0052 .0075
(.0086) (.0089) (.0090) (.0087) (.0088)
Tweet & Retweet (0) -.0040 -.0038 -.0038 -.0039 -.0044
(.0079) (.0082) (.0082) (.0082) (.0078)
#Noncommercial tweets .0021 .0021 .0008 .0022
(.0013) (.0013) (.0026) (.00206)
Channel dummies No No Yes Yes Yes
Week dummies No No No Yes Yes
Day-of-week dummies No No No Yes Yes
Series dummies No No No No Yes
Episode dummies No No No No Yes
Genre dummies No No No No Yes
a — 0 -.0090 -.0096 -.0096 -.0091 -.0119
p-value of o, — 0 .930 .940 .940 .924 .944
#Observations 196 196 196 196 196
R-squared .011 .020 .030 132 177

Notes. An observation is a show-channel combination. The dependent variable is the percentage of a channel’s
audience viewing a show. The sample consists of all 98 shows on the five untreated channels (i.e., channels that
broadcast the shows before the time of company tweets and influential retweets). The p-values for the difference
between 0, and 0, are based on one-tailed tests. OLS estimates with robust standard errors clustered at the show
level. * p<.10, ** p<.05, *** p<.01.
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Table 9 Effect of Displaying Broadcast Information on Show Viewing

(1) (2) 3) “4)
All All Display Not Display
Tweet (0;) .0576 .0462 .0691 .0402

(.0161)*** (.0161)*** (.0213)%** (.0182)%**
Tweet & Retweet (a,) .0824 .0551 .1007 .0550

(O169)***  (0169)***  (0177)***  (0184)***

Display .0052 -.0224

(.0078) (.0154)
Tweet >< Display .0189

(.0210)
Tweet & Retweet >< Display .0455
(.0194)**

#Noncommercial tweets -.0022 -.0022 -.0004 -.0048

(.0056) (.0056) (.0070) (.0073)
Channel dummies Yes Yes Yes Yes
Week dummies Yes Yes Yes Yes
Day-of-week dummies Yes Yes Yes Yes
Series dummies Yes Yes Yes Yes
Episode dummies Yes Yes Yes Yes
Genre dummies Yes Yes Yes Yes
a — 0 .0248 .0089 .0316 .0148
p-value of o, — 0 .039 291 .043 .189
#Observations 490 490 294 196
R-squared .390 .394 442 236

Notes. An observation is a show-channel combination. The dependent variable is the percentage of a channel’s
audience viewing a show. Columns (1) and (2) include all 98 shows on the five treated channels. Columns (3) and (4)
split this sample based on whether the show tweet displays broadcast information for a channel. The p-values for the
difference between a, and @, are based on one-tailed tests. OLS estimates with robust standard errors clustered at the
show level. * p<.10, ** p<.05, *** p<.01.
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Table 10 Effect of Company Followers on Show Viewing

(1 2) A3) “ (©)) (6) (7
All All Display Not All Display Not
Display Display
Company tweet .0576 -.2280 -.1578 -3331 .0387 .0422 .0334
(.0161)*** (:2297) (.3225) (.2286) (.0181)** (.0250)* (.0233)
Company tweet><Lag Followers .0020 .0016 .0027
(.0016) (.0023) (.0016)
Company tweet > Lag AFollowers .0493 .0747 0112
(.0290)* (.0381)* (.0473)
Influential retweet .0248 .0289 .0362 .0180 0312 .0398 .0183
(.0139)* (.0137)** (.0183)* (.0165) (.0132)**  (.0180)** (.0166)
#Noncommercial tweets -.0022 -.0048 -.0033 -.0071 -.0022 .0003 -.0061
(.0056) (.0059) (.0074) (.0074) (.0062) (.0076) (.0076)
Channel dummies Yes Yes Yes Yes Yes Yes Yes
Week dummies Yes Yes Yes Yes Yes Yes Yes
Day-of-week dummies Yes Yes Yes Yes Yes Yes Yes
Series dummies Yes Yes Yes Yes Yes Yes Yes
Episode dummies Yes Yes Yes Yes Yes Yes Yes
Genre dummies Yes Yes Yes Yes Yes Yes Yes
#Observations 485 485 291 194 485 291 194
R-squared 389 400 454 .246 402 460 242

Notes. An observation is a show-channel combination. The dependent variable is the percentage of a channel’s

audience viewing a show. Columns (1), (2) and (5) include the 97 shows aired from day 2 through day 98 of the

experiment on the five treated channels. Columns (3)-(4) and (6)-(7) split this sample based on whether the show

tweet displays broadcast information for a channel. Lag Followers and Lag Followers are in thousands. OLS

estimates with robust standard errors clustered at the show level. * p<.10, ** p<.05, *** p<.01.
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Table 11 Effect of Tweeting on Company Followers

(1) 2 3
Company tweet -21.95 -13.48 -20.74
(56.36) (55.44) (58.11)
Influential retweet 97.21 90.86 88.26
(39.85)** (39.21)** (39.83)**
#Noncommercial tweets 22.24 21.75
(10.29)** (10.39)**
Average show viewing percentage 141.28
(323.99)
#Observations 98 98 98
R-squared .061 .106 .108

Notes. An observation is a day. The dependent variable is the change in the number of company followers on a day.

The sample consists of all 98 shows on the five treated channels. OLS estimates. * p<.10, ** p<.05, *** p<.01.
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Table 12 Heterogeneous Effects of Influential Retweets on Company Followers

(1) 2) €) Q)
Company tweet -2.04 -14.18 -12.21 -7.19
(57.07) (57.32) (57.52) (57.28)
Influential retweet 78.17 35.62 146.33 29.07
(59.12) (47.36) (49.99)#:xx* (47.40)
Influential retweet > Has many followers 52.44 111.52
(77.61) (24.06)**
Influential retweet > Tweets actively -94.13 -108.23
(57.35) (57.58)*
Influential retweet >< Retweeted actively 79.34 131.00
(82.95) (59.50)**
#Noncommercial tweets 18.32 20.40 20.24 19.30
(10.20)* (10.25)** (10.28)* (10.24)*
Average show viewing percentage -258.40 .07 -40.49 -147.98
(351.62) (326.806) (333.97) (343.60)
#Observations 98 98 98 98
R-squared 181 .144 141 152

Notes. An observation is a day. The dependent variable is the change in the number of company followers on a day.

The sample consists of all 98 shows on the five treated channels. OLS estimates. * p<.10, ** p<.05, *** p<.01.
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Table 13 Robustness Checks — Alternative Dependent Variables

) 2 3)
Truncated DV Number of Viewers as DV Number of Viewers as DV
Tobit Model OLS Fixed Effects Poisson
Tweet (a;) .0609 6,306.41 .5449
(.0165)*** (1,761.70)*** (.1642)%**
Tweet & Retweet (0y) .0847 8,977.80 L7180
(.0172)%** (1,867.22)%** (.1658)***
#Noncommercial tweets -.0029 -75.72 -.0074
(.0057) (613.73) (.0410)
Channel dummies Yes Yes Yes
Week dummies Yes Yes Yes
Day-of-week dummies Yes Yes Yes
Series dummies Yes Yes Yes
Episode dummies Yes Yes Yes
Genre dummies Yes Yes Yes
a — 0 .0238 2,671.39 1731
p-value of o, — .091 .084 .064
#Observations 490 490 490
(Pseudo) R-squared 460 .600 .628

Notes. An observation is a show-channel combination. For column (1), the dependent variable is the percentage of a

channel’s audience viewing a show. For columns (2) and (3), the dependent variable is the number of individuals in

a channel’s audience viewing a show. The sample consists of all 98 shows on the five treated channels. The p-values

for the difference between 0, and o, are based on one-tailed tests. Column (3) reports the marginal effects. Robust

standard errors clustered at the show level. * p<.10, ** p<.05, *** p<.01.
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Table 14 Robustness Checks — Controlling for Prior Viewership

(1) (2) (3) 4)
Tweet (0,) .0452 .0436 .0838 .0874
(.0132)*** (.0145)*** (.0192)*** (.0198)***
Tweet & Retweet (a,) .0650 .0704 1251 1265
(.0128)*** (.0137)*** (.0199)*** (.0206)***
Viewing pct. of the show the day before -.1108
(.0443)**
Viewing pct. of the show a week before 0203
(.0457)
Viewing pct. of last show in series -.1055
(.0547)*
Avg. viewing pct. of prior shows in series 0686
(.0692)
#Noncommercial tweets -.0043 -.0082 -0134 -.0105
(.0049) (.0052) (.0071)* (.0073)
Channel dummies Yes Yes Yes Yes
Week dummies Yes Yes Yes Yes
Day-of-week dummies Yes Yes Yes Yes
Series dummies Yes Yes No No
Episode dummies Yes Yes Yes Yes
Genre dummies Yes Yes Yes Yes
o, — 0 .0198 .0268 .0414 .0392
p-value of 0, — .023 .007 .000 .001
#Observations 485 455 275 275
R-squared 403 404 510 499

Notes. The samples for the columns are: (1) shows on days 2-98 of the experiment, (2) shows on days 8-98, (3)-(4)

serial shows except the first one in the observation window. FGLS estimates. Otherwise, see Table 7 notes.
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Table 15 Robustness Checks — Difference-in-Differences Analysis

(1) (2) (3) (4) (5)
Tweet -.0067 -.0076 -0076 -.0085 -.0088
(.0211) (.0210) (.0210) (.0184) (.0175)
Tweet & Retweet -.0266 -.0266 -0266 -0257 -.0277
(.0201) (.0199) (.0149) (.0170) (.0163)*
After -.0987 -.1005 -1004 -1004 -1058

(0204)%*%%  ((0203)%**  (0203)%**  (0207)F*  (0217)***
Tweet x After (o)) 0567 0594 0594 0595 0645

(.0237)** (.0236)** (.0236)** (0242)%*%  (.0242)%**
Tweet & Retweet x After (01,) .0960 .0965 0965 0965 0978

(0238)%*%  (0236)%*F*  (0236)F*F*F  (0238)FFE  (,0238)***

#Noncommercial tweets .0047 .0048 .0048 .0050
(.0024)* (.0024)* (-0037) (.0036)
Channel dummies No No Yes Yes Yes
Week dummies No No No Yes Yes
Day-of-week dummies No No No Yes Yes
Series dummies No No No No Yes
Episode dummies No No No No Yes
Genre dummies No No No No Yes
a — 0 .0393 .0371 .0371 .0370 .0334
p-value of o, — 0 .012 .016 .016 .019 .022
#Observations 980 980 980 980 980
R-squared .034 .037 .348 360 369

Notes. An observation is a show-channel combination. The dependent variable is the percentage of a channel’s
audience viewing a show. The sample consists of all 98 shows in the experiment and their 98 benchmark shows
before the start of the experiment on the five treated channels. The p-values for the difference between 0, and a, are
based on one-tailed tests. OLS estimates with robust standard errors clustered at the show level. * p<.10, ** p<.05,
**% p<.01.
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Table 16 Effect Magnitude by Experimental Condition

Show Viewing Percentage Daily Growth in Company followers
Mean Change Mean Change

Current effects
Control .0749 0% 259 0%
Tweet 1325 77% 244 -6%
Tweet & Retweet 1573 110% 349 35%

Display 1755 134% N/A N/A

Not display .1300 74% N/A N/A

Current + carryover effects (assuming Tweet & Retweet on the previous day)

Control .0749 0%

Tweet 1497 100%

Tweet & Retweet 1745 133%
Display 1927 157%
Not display 1472 97%

Notes. The sample consists of all 98 shows on the five treated channels for the “Show Viewing Percentage” columns,
and all 98 days/shows for the “Daily Growth in Company Follower” columns. Changes are calculated using the

value in the control condition as the common benchmark. Bold indicates significance at the p<.10 level.

Table 17 Effect Magnitude of Influential Retweets by Influential Type

Show Viewing Percentage Daily Growth in
(Relative to Company Tweeting Alone) Company Followers
All Disol Not Displ (Relative to Company
t

isplay oLy Tweeting Alone)
Has many followers -.0208 -.0364 -.0036 132
Tweets actively -.0249 -.0397 -.0253 -10
Retweeted actively 0796 .1086 -.0212 140
Local .0018 .0386 -.0212 N/A

Notes. The sample consists of all 98 shows on the five treated channels for the “Show Viewing Percentage” columns,
and all 98 days/shows for the “Daily Growth in Company Follower” columns. Changes are calculated using the

value in the Tweet condition as the benchmark. Bold indicates significance at the p<.10 level.
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Figure W9 Distribution of the Number of Viewers per Show

Frequency

Number of Viewers per Show across All Channels
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