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1. Introduction

Movie studios typically run week-long or even month-long marketing campaigns of their movie
productions before releasing to theaters. Traditionally, these marketing practices include
advertising through such channels as TV, newspapers, cinemas, and public transit systems.
McKinsey & Company [43] reports that the global cinema advertising expenditure reached
roughly US$2.1 billion in 2014, and is expected to grow to US$2.8 billion in 2018. These
traditional marketing activities, however, are costly and sometimes not as effective as expected.
Elberse and Anand [18] estimate that, on average, every dollar increase in advertising increases
box office sales expectation by only up to $0.65, a bad news for the decision maker. Another
downside of traditional marketing is the limited coverage of audience. Because of the costly
nature, studios allocate a majority of the marketing budget to potentially more lucrative movie
productions (blockbusters) and to more mature markets. As Eliashberg et al. [19] indicates, it is

still unclear to what extent marketing affects box office performance.

The advent of social platforms, for instance, Facebook, Twitter, Google+ and LinkedIn,
has offered studios new marketing opportunities. Businesses have been employing social
platforms as a low-cost marketing venue to increase brand awareness [3, 40, 52], attract web
traffic [57], grow demand [8, 9, 10, 11, 62], discover product information [1, 23] and enhance
firm value [41, 61]. Among the many social marketing tools, the Facebook “like” button is
overwhelmingly popular in the business world [38, 57], evidenced by the ubiquitous “like”

campaigns both online and offline.

In the motion picture industry, the “like” button is also widely embedded in most movie-
related promotions and marketing campaigns long before movies are released, so that people

could tap on the “likes” and help spread the words. People’s prerelease “liking” of movies is



generally based on one’s preference, which is largely influence by external factors like
advertisements and marketing campaigns. Unlike traditional marketing efforts that have limited
coverage of audience, the clicks of “likes” create social impact that could become viral [26]. To
study the social impact, we borrow from Latané [36]’s Social Impact Theory (to introduce in
Section 2) in Psychology and examine the number of prerelease “likes”, which is also in line
with prior studies like Kuan et al. [34]. We develop our empirical analyses in three stages. We
first run cross-sectional regression to understand the basic relationship between prerelease
“likes” and box office performance. We examine the prerelease “likes” up to one month and box
office performance up to one month. Then we construct a panel data and apply the Fama-
MacBeth regression [22] to estimate the prerelease “like” impact over time. Lastly, to address the
potential endogeneity issues, we employ Two-Stage Least Squares (2SLS) method and

Instrument Variable — Generalized Method of Moments (IV-GMM) in the empirical test.

Our empirical results indicate that the prerelease “likes” exert a significantly positive
impact on box office performance. More specifically, 1% increase in the number of “likes” in the
one week prior to release is associated with an increase of the opening week box office by about
0.2%. As it approaches the release date, the prerelease “like” impact becomes stronger,

suggesting that the latest prerelease “likes” are more effective in driving box office performance.

It is our belief that scholarly outputs should benefit both the academic community and the
industry practitioners. Therefore, it is equally important to contribute to the academia effective
metrics/methodologies/theories, and to offer to the motion picture industry insightful marketing
strategies/plans. By studying the impact of prerelease “likes” on box office sales, we do not only
contribute to literature by offering a new social metric to evaluate the box office performance,

but also we are able to provide the industry practitioners with quantitative support for the



effectiveness of their social marketing activities. We demonstrate that the prerelease “like”
impact is significantly positive, encouraging practitioners to employ such social marketing tools
in campaigning endeavors. Compared to traditional marketing efforts whose outcomes are
difficult to observe and manage in a timely manner, Facebook “like” provides real time updates
that are instantly visible by both the moviegoers and the practitioners, so that the latter can take
immediate decision and actions. Our empirical results suggest that, to improve box office
performance, practitioners should invest more in Facebook “like” marketing as movies approach

the release dates since the “like” impact is stronger.

The remainder of the paper is organized as follows. In Section 2, we present a review of
related literature. In Section 3, we describe data collection and summary statistics. We then
demonstrate empirical results in Section 4, and conclude with discussions and limitations in

Section 5.

2. Literature review

There is a rich literature in the information systems and marketing areas that explores the various
factors associated with box office performance. We categorize them as social metrics and non-
social metrics. Non-social metrics are those that create little or no word-of-mouth over social
platforms. They include ads expenditure [18, 25, 63], prerelease piracy [12, 13, 42], reviews and
ratings [6, 7, 11, 15, 16, 20, 32, 39], prerelease search activities [35], the number of concurrent
movie showings [2], political views of the moviegoers [53], Wikipedia status [44], and
Hollywood Stock Exchange [18, 55]. Delen et al. [14] have devised a web-based decision
support system to make forecast on box office sales. The system incorporates many of the

measurements mentioned.



On the social metrics side, the mainstream research of social metrics and box office
performance has concentrated on extracting and evaluating Twitter sentiments [5, 28, 54, 59],
and blog reviews [25, 45, 48]. Hennig-Thurau et al. [28] test the “Twitter Effect”, which
generates word-of-mouth that potentially influences moviegoers, and find support for a
negativity bias. Rui et al. [54] also use public tweets to evaluate box office revenue. They find
that the effect of Twitter chatters is significant, however, the magnitude and direction of the
effect depend on the content and sources. Jansen et al. [31] show that Twitter is a good tool for
brand management. Although these studies all provide effective social metrics to evaluate or
predict the box office performance, three issues may arise concerning sample bias and the lack of
applications to the industry practitioners. First, there is potential sample bias with Twitter users.
Duggan and Brenner [17] report that “US-based Twitter users were disproportionately young,
urban or suburban, and black.” Therefore, the extracted Twitter sentiments are only a partial

representation of the public.

The second issue with the existing social metrics studies is the lack of practical use to the
movie producers whose objective is to maximize box office sales. Currently, scholars have made
a great effort to improve the algorithms, text mining, and methodologies. For examples, Pak and
Paroubek [49] focus on performing linguistic analysis to create a corpus which can be used to
build Twitter sentiment classifier. Khan et al. [33] adopt a hybrid approach to address sentiment
classification problems. Ghiassi et al. [24] utilize n-gram and statistical analysis techniques to
develop a Twitter sentiment lexicon. For a detailed summary of the opinion mining and
sentiment analysis, see Pang and Lee [50]. They make meaningful contribution to the academic

world but not as much to the industry.



The third issue is that the composing of the relevant tweets or reviews is fundamentally
opinion-oriented, in which it serves to express one’s post-consumption state of mind. Both
prerelease and post-release movie related tweets are mainly moviegoers’ opinions after movie
consumption, and they are hardly the results of a studio’s marketing endeavors. In addition, from
a more practical perspective, it is highly unlikely that a moviegoer scrutinizes the aggregate
Twitter data, as the scholars do, before going to a movie. Therefore, although such data analytics
produce effective metrics that contribute to the literature, they provide little actionable guidance

to producers, studios and filmmakers to improve the box office performance.

This study aims to not only provide an additional social metric, Facebook “like”, but
more importantly, to help the practitioners gain useful insights that can be operationalized for
their own benefits. To study the impact of Facebook “like”, we refer to the Social Impact Theory
from the field of Psychology. Latané [36] describes in his Social Impact Theory (SIT) that the
behaviors of people (the target) are impacted by other sources through three social forces. They
are: number, immediacy, and strength. Number refers to the number of sources, immediacy
refers to the distance between the target and the sources, and strength refers to the importance of
the sources. Studies have confirmed that the larger the social size [4, 47, 56], the more important
the sources [27, 30], and the more immediate to the source [4, 51], will lead to stronger social
impact. For instance, Jackson [29] argues that a large number of strangers will be somewhat
more effective than a small number of strangers in persuading a target to make a donation, given
that they are of equal importance and immediacy. Therefore, a stronger social impact on a target

may convert to more consumption.



3. Data Collection and Summary Statistics

3.1 Data Collection

Internet Movie Database (IMDDb) is an online database of movies, television programs, and video
games. It keeps records of a movie’s trailer, production particulars, casting information,
summary of plot, reviews, rankings, and more. Accessing IMDDb is a common practice for
potential moviegoers who would like to have a first glance at movies of interest. IMDDb has also
embedded the Facebook “like” button on each movie’s pages. We created a web crawler to
collect data from three sources: IMDb, Box Office Mojo and Facebook, throughout the 2013
calendar year. On IMDb, we obtained movie-specific characteristics, including the movie’s
name, genre, MPAA rating, production budget and release date. From Box Office Mojo, we
collected time series data on movies’ box offices and number of screens. We also linked to the
Facebook API (Application Programming Interface) to fetch the time series data of “likes”
activities on the movie’s IMDDb page. We then combined the three databases by matching a

movie title’s name and ID.

We construct the sample as follows: 1) we keep titles that have complete data from one
month prior to and one month after the release date; 2) for each title, we compute the gross box
office on the opening day, in the opening week, in the opening month and the final total revenue;
3) we record the total number of prerelease “likes”; 4) we calculate the corresponding
incremental number of “likes” on the opening day, in the opening week, and opening month; 5)
we synchronize the release dates of all titles as day 1. Table 1 shows the description of all the

variables in our sample.



Table 1. Definition of variables

t
REV,
REV,
REV,,
REV,,
REV;

like;
liker
prelike,

prelike,

Aprelike,
Alike,
Alike,
Alikey,
Alikey,

screen,
screen,
screeny,
screeny
budget
friday
MPAA

genre

Number of days after a title is released (¢t = 1 is the opening day)
Gross box office on the opening day

Gross box office on day t

Gross box office in the opening week

Gross box office in the opening month

Total box office

Cumulative number of “likes” on day ¢t
Total number of “likes”
Cumulative number of “likes” one day prior to release

Cumulative number of “likes” by the end of xth week prior to release, x = 1,2, 3,4

Incremental number of “likes” in the xth week prior to release
Incremental number of “likes” on day ¢t

Incremental number of “likes” on the open day

Incremental number of “likes” in the opening week

Incremental number of “likes” in the opening month

Number of screens on day t

Number of screens on the open day

Number of screens in the opening week
Number of screens in the opening month
Production budget of the movie

Dummy whether the movie opened on Friday
Movie’s MPAA rating

Movie’s genre

3.2 Summary Statistics

There are a total of 64 movie titles in our sample. As described before, the dataset includes

movie-specific characteristics, “like” activities and box office performance. Table 2 presents the

summary statistics of the variables.



Table 2. Summary statistics

Variables Mean Min p25 p50 p75 Max S.D.

REV; (in 1000) 8369.63 47.70 2896.42  6008.23 9881.30 70950.13  10475.62
REVy, (in 1000)  32189.77 214.49 11455.07 24198.52  38463.16 222116.10 34371.29
REV,, (in 1000)  66696.17  1299.00 2457831 51430.19 83139.26 362953.80 65231.11
REV; (in 1000)  77381.17  1703.13  26107.22 55608.21  96972.93 417970.00 81184.71

liker 9187.80 236.00 2216.00  6243.00  12737.50  45333.00 9175.23
prelike, 4798.86 124.00 1278.00  2417.00 6270.50 28942.00  5562.21
prelike, 4328.88 111.00 1104.50  2224.50 5814.50 28542.00  5133.29
prelike, 4073.17 99.00 981.50 2069.00 5503.00 28242.00  4976.91
prelikes; 3871.05 93.00 900.00 1883.50 5262.00 28142.00  4881.98
prelike, 3698.95 88.00 825.00 1712.50 4988.50 28042.00  4806.46

Aprelike, 725.69 25.00 245.50 439.00 799.50 5000.00 895.73
Aprelike, 469.98 13.00 135.00 260.00 508.50 3800.00 652.85
Alike, 185.06 0.00 40.00 92.00 181.50 1600.00 300.36
Alikey, 1100.69 59.00 244.00 510.00 1288.50 9699.00 1611.72
Alikey, 2712.48 105.00 576.50 1263.50 3176.50 25199.00  3859.90
screeny 2745.36 1.00 2483.00  3031.00 3404.50 4163.00 1085.89
screeny, 2811.89 5.00 2509.00  3042.50 3449.00 4163.00 1039.68
screeny, 2513.77 98.25 1880.05  2685.11 3138.82 4013.00 928.98
budget 65578.13  1500.00  20000.00 40000.00 102500.00 225000.00 58052.67

The total box office of one title is 77.4 million USD on average with a large standard
deviation of 81.18 million USD. Among all the box office sales, the opening day box office
accounts for 12% of the total, that is, 8.37 million USD. The revenue from opening week makes
up 47% of the total revenue on average, with a dollar value of 3.22 million USD. Prior studies
(e.g., Liu [39]) primarily use the opening week revenue as a proxy for the box office
performance. The opening month box office more than doubles the opening week box office,
reaching 67.7 million USD. More than 87% of the total box office is achieved within the first
month of release. For each title, more than 9,187 “likes” have been clicked by the end of the year
2013. More than half of the “like” clicks occur before a title is released, and over 10% of the

total prerelease “likes” is contributed by the clicks in the one week prior to release. The total



number of “likes” increases by 185.06 on the opening day on average, which is more than double
the average number of “likes” in the week prior to release. The rapid surge in the number of
“likes” persists through the first week after release, which reaches more than 1,100 “likes”. After
the initial week, the rate of increase slows down and the next three weeks’ total number of

“likes” is slightly higher than that of the first week.

Table 3. Spearman/Pearson Correlation matrix

[1] [2] [3] [4] [3] [6] [7] 8]

[1] REV; 1

[2] REV, 0.644 1

[3] REV,, 0.799  0.903 1

[4] REV,, 0.997  0.691  0.825 1

[5] prelike, 0479 0411 0362  0.493 1

[6] prelike;, 0470 0403 0358  0.485  0.998 1

[7] screen, 0240  0.842  0.690 0302  0.065  0.066 1

[8] budget 0.653 0383 0540  0.652 0442 0439  0.158 1

Table 3 presents the correlation matrix across the above-mentioned variables in our
empirical analysis. The box office revenues across different time periods are highly correlated,
which implies that the revenues are persistent after the title is released. The number of “likes”
one day prior to release as well as one week prior to release have a strong correlation with the
box office performance. The number of screens on the opening day is highly correlated with the
opening day and opening week box office performances; however, it is weakly correlated with
the total box office and that after the first week. It provides evidence that the number of screens

on the opening day only influences the box office over a short period but has little effect in the



long run. The budget is positively correlated with the total box office as well as the number of

prerelease “likes”.

4. Empirical Analyses

Latané [36] suggests in Social Impact Theory that the social impact of other sources on a target
is based on three social forces: number, immediacy and strength. Under the context of this study,
the target is a potential moviegoer, and the other sources are people who have clicked Facebook
“like” before the release of movies. Given the huge number of sources and that the sources are
mainly anonymous on the Internet, we argue that the immediacy and strength of the sources are
considered the same to any target. Then, we focus on the number of sources, which is equivalent

to the number of prerelease “likes”.

4.1 Cumulative prerelease “likes” and the box office performance
In this section we employ the following cross-sectional regression model to study the

relationship between the prerelease “likes” and the box office performance.

In (REV) = In (prelike) + In (screen) + In (budget) + friday + genre + MPAA + €

The dependent variable REV is the box office on the opening day (REV;), in the opening week
(REVy,) or the opening month (REV),). The explanatory variable in interest, prelike is the
number of prerelease “likes”. We construct five different prelike variables to differentiate time
periods before release: prelike,, prelike,, prelike,, prelikes, and prelike,, which correspond
to the cumulative number of prerelease “likes” one day, one week, two weeks, three weeks, and

four weeks prior to release, respectively. We incorporate them separately into the regressions to

10



avoid multicollinearity and more importantly, to examine the changes of prerelease “like” impact

over time. We also include several control variables which are documented in the literature as

correlated with box office performance. For instance, number of screens, production budget,

Friday dummy (equals 1 if the releasing day is a Friday and 0 otherwise), genre and MPAA

ratings. Table 4 presents OLS regression results of the above empirical model. Following White

[58], we adjust standard errors for heteroskedasticity in all regressions. In general, the estimates

of prerelease “like” impact are all significantly positive. We obtain relatively high Adjusted R?

in all OLS regressions, suggesting that the empirical model has a strong explanatory power on

total box office performance.

Table 4. Cumulative prerelease “likes” and the box office performance

Panel A: opening day box office

(1 (2) 3) 4 ©)

VARIABLES In (REV,)  In(REV;) In (REV,) In (REV,)  In (REV))
In (prelike,) 0.452%%*

(0.000)
In (prelike,) 0.432%**

(0.000)
In (prelike,) 0.418%**
(0.000)
In (prelikes) 0.409%**
(0.000)
In (prelike,) 0.398%**
(0.000)

In (screen,) 0.799*** 0.799*** 0.798*** 0.797%** 0.800%**

(0.000) (0.000) (0.000) (0.000) (0.000)
In (budget) 0.235%* 0.244%* 0.250%* 0.250%* 0.256%*

(0.021) (0.018) (0.016) (0.016) (0.013)
friday 0.709%** 0.727%** 0.732%** 0.736%** 0.748%**

(0.002) (0.002) (0.002) (0.001) (0.001)
genre Controlled Controlled Controlled Controlled Controlled
MPAA Controlled Controlled Controlled Controlled Controlled
Constant 1.061 1.111 1.178 1.278 1.268

(0.478) (0.468) (0.446) (0.412) (0.416)
Observations 64 64 64 64 64

11



Adjusted R 0.869 0.865 0.864 0.863 0.862
Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.
Panel B: opening week box office
(6) (7) (®) ) (10)
VARIABLES In (REV,,) In (REV,,) In (REV,,) In (REV,,) In (REV,,)
In (prelike,) 0.297***
(0.001)
In (prelike,) 0.279%***
(0.001)
In (prelike,) 0.268***
(0.002)
In (prelikes) 0.261***
(0.002)
In (prelike,) 0.253%***
(0.002)
In (screen,) 0.801%** 0.799%** 0.797%** 0.796%*** 0.797***
(0.000) (0.000) (0.000) (0.000) (0.000)
In (budget) 0.311%** 0.319%** 0.324%** 0.325%** 0.3209%**
(0.000) (0.000) (0.000) (0.000) (0.000)
friday 0.205 0.217 0.220 0.223 0.230
(0.339) (0.309) (0.302) (0.296) (0.280)
genre Controlled Controlled Controlled Controlled Controlled
MPAA Controlled Controlled Controlled Controlled Controlled
Constant 2.826** 2.865%* 2.910%** 2.975%%* 2.973%%*
(0.043) (0.043) (0.041) (0.037) (0.038)
Observations 64 64 64 64 64
Adjusted R 0.844 0.841 0.840 0.839 0.838
Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.
Panel C: opening month box office
(11) (12) (13) (14) (15)
VARIABLES In (REVy) In (REVy) In (REVy) In (REVy) In (REVy)
In (prelike,) 0.199%**
(0.007)
In (prelike,) 0.187***
(0.010)
In (prelike,) 0.181**
(0.011)
In (prelikes) 0.176**

(0.012)

12



In (prelike,)
In (screen,)
In (budget)
friday
genre

MPAA
Constant

Observations
Adjusted R*

1.205%**
(0.000)
0.258%**
(0.002)
0.147
(0.373)
Controlled
Controlled
2.197
(0.128)

64
0.825

1.207*%*
(0.000)
0.262%**
(0.002)
0.154
(0.351)
Controlled
Controlled
2.248%
(0.099)

64
0.823

1.208***
(0.000)
0.264%**
(0.002)
0.156
(0.345)
Controlled
Controlled
2.271%
(0.095)

64
0.823

1.211%**
(0.000)
0.264%**
(0.002)
0.156
(0.342)
Controlled
Controlled
2.248
(0.123)

64
0.822

0.171%*
(0.012)
1.215%%*
(0.000)
0.265%***
(0.001)
0.160
(0.329)
Controlled
Controlled
2.240
(0.124)

64
0.822

Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.

In particular, Panel A presents the opening day box office regression results. In Model

(1), the coefficient of prelike, is significantly positive at 1% level. The magnitude is 0.452,

which implies that other things equal, 1% more “like” clicks, that is, 480 more “likes” than

average, before the opening day is related to a 0.452% increase in the opening day box office.

Such prerelease “like” impact is monotonically increasing as it approaches the release day, which

is evidenced by Models (2) to (5). Coefficients of additional control variables are consistent with

our expectation. The number of screens on the opening day, total production budget and Friday

dummy are all positively related with opening day box office in all models. Panels B and C

suggest similar prerelease “like” impact when examining the opening week and opening month

box office. The monotonic pattern still exists for more recent prerelease “likes”. In other words,

the latest prerelease “likes” exert a stronger effect on box office performance after controlling

additional explanatory variables. However, the Friday effect disappears in the opening week and

opening month regressions. Overall, our empirical model fits the data well. We find a significant

and positive relationship between prerelease “likes” and box office performance. The positive

13



prerelease “like” impact extends to even 4 weeks prior to release, although the impact becomes

stronger as it approaches the releasing day.

4.2 Incremental prerelease “likes” and the box office performance
In this section, we study the relationship between the incremental number of prerelease “likes”
(Aprelike,) and the box office performance. We employ the following cross-sectional

regression model to estimate the coefficients.

In (REV) = In (Aprelike) + In (screen) + In (budget) + friday + genre + MPAA + €

Both the dependent variables and control variables are the same as in the last subsection. The
explanatory variable is In (Aprelike,), which is natural logarithm of incremental number of
“likes” in the one week prior to release. The choice of one week is the result from our previous
analyses that more recent prerelease “likes” have a stronger effect on the box office performance.
Table 5 presents our empirical results. After controlling other explanatory variables, we find
significantly positive relationships between the incremental number of “likes” one week prior to

release and the opening day/week/month box office.

Table 5. Incremental prerelease “likes” and the box office performance

(1) (2) 3)

VARIABLES In (REV,) In (REV,,) In (REVy,)
In (Aprelike;) 0.517*%x* 0.386%*** 0.24 7%

(0.000) (0.000) (0.003)
In (screen,) 0.781%**

(0.000)
In (screeny,) 0.838%**

(0.000)
In (screeny) 1.252%%*
(0.000)

In (budget) 0.241%* 0.265%** 0.212%**

(0.018) (0.002) (0.020)

14



friday 0.497** 0.043 0.034
(0.045) (0.848) (0.833)
genre Controlled Controlled Controlled
MPAA Controlled Controlled Controlled
Constant 2.027 3.546%** 2.797**
(0.189) (0.008) (0.033)
Observations 64 64 64
Adjusted R* 0.879 0.862 0.835

Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.

In Table 5, the coefficients of In (Aprelike;) are 0.517, 0.386 and 0.247 for the opening
day, opening week and opening month box offices, respectively, all significant at 1% level. The
results provide empirical evidence that the incremental number of “likes” in the one week prior
to release has persistent impact on opening day, opening week and opening month box office

performances. The impact is also diminishing over time.

4.3 Prerelease “likes” and box office performance: a panel data approach

We have so far conducted empirical analysis on the cross-sectional level, which means that all
the differences are made across different movies. We are also interested in understanding how
the prerelease “likes” affect an average movie’s box office over time. In this subsection, we
construct a panel and apply the Fama-MacBeth [22] regression method, which is widely used in
the finance literature to estimate the premium rewarded to a risk factor. For a panel dataset, the
Fama-MacBeth regression method generally considers two steps. The first step is to run a cross-
sectional regression to obtain time-series coefficients. The second step is to calculate the
coefficients’ time series averages, and adjust the standard errors by serial autocorrelation, which
provides an estimate of the average effect across time. Compared with panel regression with
fixed effect, the Fama-MacBeth regression would not drop any independent variable that is

determined. Another advantage is that we can correct for the dynamics of post-release “likes” by

15



including time-series variations, which is not addressed in the preceding regressions. Though the

Fama-MacBeth regression does not address the serial correlation issue which results in the
biased ¢ statistics, we further follow Newey and West [46], and compute the robust standard
errors to adjust for the serial correlation. Table 6 presents the Fama-MacBeth regression results

and the robust Newey-West standard errors are reported in brackets.

Table 6. Prerelease “likes” and the box office performance (Fama-MacBeth regression)

(1) () 3)

VARIABLES In (REV,) In (REV,) In (REV,)
In (prelike,) 0.240%***

(0.054)
In (prelike,) 0.241*%*

(0.066)
In (Aprelike,) 0.174*
(0.098)

In (Alike;_;) 0.294%** 0.289%** 0.271%**

(0.061) (0.060) (0.062)
In (screen;) 1.037%*** 1.041%*** 1.074%**

(0.129) (0.130) (0.139)
friday -0.395 -0.407 -0.486

(0.307) (0.309) (0.320)
In (budget) 0.311%** 0.313** 0.360%*

(0.148) (0.151) (0.161)
genre Controlled Controlled Controlled
MPAA Controlled Controlled Controlled
Constant -2.032 -1.954 -1.879

(2.622) (2.615) (2.702)
Observations 1,779 1,779 1,779
Avg R? 0.607 0.607 0.610
Number of groups 28 28 28

Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.

The coefficient of prerelease “likes” (one week prior) is 0.240, significant at 1% level,
indicating that the effect of prerelease “likes” on daily box office revenue is consistently strong
in the opening month. We also report the average coefficient on incremental number of

prerelease “likes”, which is 0.174 and significant at 10% level. We further conduct several
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robustness analyses in our empirical tests. We control the changes in post-release “likes”, and the
significant positive relationship between prerelease “likes” and the box office performance still
holds. Therefore, the results from the Fama-MacBeth regression complement our earlier findings

and further support the strong prerelease “like” impact.

4.4 Addressing endogeneity concerns
Two of the main endogeneity concerns in this study are reverse causality and omitted variables.
In the previous section, we have controlled fixed effects to partially alleviate the omitted
variables concerns. We further apply the generated instrument method to address the
endogeneity issues. Lewbel [37] recently points out that testing the endogeneity in [V-GMM
method is equivalent to testing whether a simultaneous equation system is triangular.
Specifically, consider the structural model of the form in our study:

{ln(REWW) = v, In(prelike, ) + X'B; + €,

In(prelike; ) = v, In(REW,,) + X'B, + €,

where X is the vector of the other exogenous variables. The system is triangular (identified)
when y, = 0, otherwise the system is simultaneous and the previous results are endogenous.

Lewbel [37]’s approach achieves the identification by restricting correlation of between €; and

X, where j = 1,2 and suggests the generated instruments, which are defined as
Zi=(X—-X)-€

where € is the residual vector from first stage regression based on the exogenous variables. The

generated instrument Z; will fulfill the identification requirement, that is, cov(X , ejz) #0,j =

1,2 and Cov(Z 2 6162) = 0. For more details, see Lewbel [37] and Emran and Hou [21].
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Following Wooldridge [60] and Lewbel [37], we construct a generated instrument variable and
apply two-stage least square (2SLS) regression as well as instrument variable-generalized

methods of moment (IV-GMM) to address the issues raised. Table 7 presents the regressions

results.

Table 7. Controlling for Endogeneity: IV regression

(1) (2)
GMM estimation 2SLS estimation
VARIABLES In (REVy,) In (REVy,)
In (prelike;) 0.256* 0.272%
(0.066) (0.068)
In (screeny,) 0.782%** 0.808%**
(0.000) (0.000)
friday 0.107 0.229
(0.541) (0.239)
In (budget) 0.333%** 0.326***
(0.008) (0.007)
genre Controlled Controlled
MPAA Controlled Controlled
Constant 14.799%*** 14.570%%*
(0.000) (0.000)
Observations 64 64
Centered R* (RMSE) 0.861 0.865
Uncentered R* 0.999 0.999
Hansen J statistic 0.285 0.285

(overidentification test)

Notes: z- or t-statistics are in parentheses. *** p <0.01; ** p <0.05; * p <0.1.

Empirical evidence shows that the number of “likes” one week prior to release has a

positive effect on the opening week box office after controlling for endogeneity. The coefficient

of the In (prelike;) (fitted natural logarithm of the number of “likes” one week prior to release)

is 0.256 in the IV-GMM model and 0.272 in the 2SLS regression, both significant at 10% level.

The coefficients of other controlled variables are consistent with previous regression results. The

centered R? is as high as 0.86 and the identification test (Hansen J statistic) of the generated
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instrument variable shows that the generated instrument variable is valid and appropriate.

Therefore, our earlier results do not appear to be driven by reverse causality or omitted variables.

S. Conclusion

Although box office performance has been investigated from different perspectives related to
social media, for instance, blog reviews and Twitter sentiment, such investigations usually
concentrate on post-consumption opinion mining and sentiment analysis that are difficult to
operationalize to the benefits of the industry practitioners, as their objective is to maximize box

office sales.

In this study, we propose the Facebook “like” as an effective social marketing tool before
the release of movies for several reasons. Firstly, people’s prerelease “liking” of movies is
generally based on one’s preference, which is largely driven by external factors like
advertisements and marketing campaigns. Secondly, the clicks of “likes” create social impact, as
suggested by the Social Impact Theory, on moviegoers’ consumption behaviors. And thirdly,
Facebook “like” provides real time updates that are instantly visible by the practitioners and

decision makers, so that they can take immediate actions.

In our empirical tests, we borrow from the Social Impact Theory to examine the social
impact of prerelease “likes”. We measure the number of prerelease “likes” up to one month and
box office performance up to one month. Our results indicate that the prerelease “likes” exert a
significantly positive impact on the box office performance. More specifically, 1% increase in
the number of “likes” in the one week prior to release is associated with an increase of the

opening week box office by about 0.2%. In addition, the prerelease “like” impact becomes
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stronger as it approaches the release date, which suggests that the latest prerelease “likes” are
more effective in driving box office performance. These results strengthen marketers’ confidence
in utilizing the “like” marketing in their prerelease movie promotions. Compared to traditional
marketing efforts whose outcomes are difficult to observe and manage in a timely manner,
Facebook “like” provides real time updates that are instantly visible by the practitioners. Our
empirical results suggest that, to improve box office performance, practitioners should invest
more in Facebook “like” marketing as movies approach the release dates since the “like” impact
is stronger. Examples of such practices could be Facebook “like” sweepstake events, friends’
“like” referrals and free giveaways with “like” clicks. Although this research examines the
motion picture industry, we believe the positive social impact can also be extended to a variety

of e-businesses such as online crowdfunding and sharing economies.

Admittedly, box office performance can be a result of many unforeseen factors. For
instance, celebrity effect where a famous director or actor/actress could make a movie title a big
hit, social/political/economics environment, policies and regulations, and many others. The
challenge of estimating box office has been tackled from a variety of viewpoints. Researchers
have never stopped at discovering new ways to meet the end. The proposed prerelease “likes” in
this study serve as a social metric of box office performance. We conduct both cross-sectional
and panel data regressions to understand the relationship between prerelease “likes” and box
office performance. We also generate instrument variables and employ 2SLS method and I'V-
GMM to address the potential reverse causality and omitted variables issues. We have
concentrated on the social impact while controlling a number of relevant variables. Nevertheless,
we are not able to incorporate all the necessary variables in the empirical model given limited

availability of data sources and other uncontrollable factors. Although we have applied Social
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Impact Theory to study the social impact of prerelease Facebook “like”, we only look at the
number factor while assuming away differences in immediacy and strength. While we believe
this is a reasonable assumption given the context of this study, it would be a good research
direction to control all three factors. A possible solution would be to conduct a controlled

experiment where the flow of social impact can be observed and traced.
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