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We exploit the randomness of weather and the relationship between
weather and moviegoing to quantify social spillovers in movie con-
sumption. Instrumenting for early viewership with plausibly exogenous
weather shocks captured in LASSO-chosen instruments, we find that
shocks to opening weekend viewership are doubled over the following
five weekends. Our estimated momentum arises almost exclusively at
the local level, and we find no evidence that it varies with either ex post
movie quality or the precision of ex ante information about movie qual-
ity, suggesting that the observed momentum is driven in part by a pref-
erence for shared experience, and not only by social learning.
I. Introduction
Economists have long recognized that an individual’s demand for a good
may depend on the consumption of the good by others, either because
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of direct externalities in utility (Becker 1991) or because of learning from
the decisions or experiences of others (e.g., Bikhchandani, Hirshleifer,
and Welch 1992; Young 2009).1 However, despite a long tradition of the-
oretical research, because of the inherent difficulty in separating causal
fromnoncausal stories for correlation of behavior in social groups (Manski
1993), there remains little clean evidence of social spillovers in consumer
demand and even less evidence that separates different economic expla-
nations.2

We explore social spillovers in the consumption of a major entertain-
ment good, in-theater movies. The thought experiment is simple: with all
other characteristics of a movie held fixed, does an individual’s demand
for themovie dependonwhether others have seen it?Webegin by present-
ing a simple theoretical model of moviegoing in the presence of network
externalities, that is, a preference for shared experiences. In the model,
the utility of movie attendance at any point depends both onmovie quality
andon themovie’s prior viewership. Sales inoneweekend increase theutil-
ity of attendance, and thus viewership, in subsequentweekends.Themodel
also shows that momentum generated by network externalities can be in-
dependent of other movie characteristics, including both movie quality
and the precision of prior information about quality.
To test for and quantify network externalities in movie consumption,

our empirical strategy is to exploit the randomness of weather and the re-
lationship between weather andmoviegoing.3 In brief, we instrument for
opening weekend viewership with unanticipated and plausibly exoge-
nous weather shocks that weekend. We then estimate the effect of exog-
enous shocks to opening weekend viewership on viewership in later week-
ends. Our results show that a shock to opening weekend viewership is
doubled over the following five weekends.
By exploiting weather shocks in a movie’s opening weekend as a plau-

sibly exogenous source of variation in opening weekend viewership, our
empirical specifications avoid many possible confounds.4 In the first stage,
1 Other prominent works in the learning literature include Banerjee (1992), Ellison and
Fudenberg (1995), McFadden andTrain (1996), andBikhchandani, Hirshleifer, andWelch
(1998).

2 Notable exceptions include a range of observational and experimental studies that have
found evidence of information stories driving convergent, orherd, behavior (e.g., Scharfstein
and Stein 1990; Welch 1992; Çelen and Kariv 2004; Munshi and Myaux 2006). A large litera-
ture in industrial organization also studies the effects of network externalities inplatformmar-
kets, particularly with regard to the market power they can induce through consumer lock-
in (see Farrell and Klemperer [2007] for an overview); and at the firm level, Katz and Shapiro
(1986) analyze technology adoption in the presence of network externalities.

3 Dahl and DellaVigna (2009) document that weather shifts movie sales.
4 In much of the existing literature analyzing motion picture demand, researchers deal

with potentially confounding unobservables by conditioning on opening weekend audi-
ence size and then explore how things like reviews or awards shift the demand curve in later
weeks (see, e.g., Motiere and Mulligan 1994; Prag and Casavant 1994; Eliashberg and Sawhney
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we instrument for opening weekend viewership with weather shocks oc-
curring that weekend. Controlling for general seasonality, these unantici-
pated weather shocks are orthogonal to unobserved demand and supply
shocks and to movie quality. In the second stage, we estimate the effect
of instrumented opening weekend viewership on viewership in later week-
ends. To account for seasonality in movie demand and supply, we define
viewership throughout as audience size conditional on year, week of year,
day of week, and holiday fixed effects. To account for any autocorrelation
in weather, we also condition viewership in weekends subsequent to open-
ing on contemporaneous weather.
Using weather as an instrument is appealing in this setting both be-

cause weather is unpredictably variable and because it has real effects on
behavior. Instrumenting with weather effectively, however, is nontrivial in
part because the set of weather measures is large, particularly at the na-
tional level.5 The risk of either overfitting the first stage (e.g., by including
all potential instruments) or data mining (e.g., by hand-picking some in-
struments and excluding others without objective reason) makes careful
variable aggregation and selection methods crucial in this setting. Given
the large set of potential weather instruments, we implement least abso-
lute shrinkage and selection operator (LASSO) methods as developed
in Belloni, Chernozhukov, andHansen (2011) to estimate optimal instru-
ments in linear instrumental variable (IV)models withmany instruments.
Instrumenting foropeningweekendviewershipwithweather shocks that

weekend, we find strong evidence of large and persistent momentum due
to network externalities in consumption. For 100 weather-induced addi-
tional viewers opening weekend, we observe almost 50 additional viewers
in the second weekend and almost 30 in the third. The impact of opening
weekend viewership on viewership in subsequent weekends falls approx-
imately exponentially over time, yet the aggregate impact remains large:
by the sixth weekend, cumulative momentum has yielded more than one
subsequent viewer for each additional viewer during opening weekend.
Although our preferred estimates are generated using LASSO-chosen in-
struments, instrumenting with intuitive, hand-selected instruments yields
similar results. We additionally present evidence that our instrument is in-
deed exogenous and that the observed shift is a demand-side phenome-
non:prices arefixedandsupply responses (e.g., adjustments to thenumber
1996; Donihue et al. 2001; Moul 2007). In an insightful twist, Moretti (2011) uses the number of
opening theaters as a proxy for expected demand and shows differential momentum from pos-
itive and negative shocks to moviegoing as evidence of social learning about movie quality. Such
approaches cannot, however, speak to network externalities.

5 Consider a simple Google search of “02138 weather,” which yields a wealth of informa-
tion including Cambridge, MA’s hourly maximum temperature, probability of precipita-
tion, humidity, wind speed, and cloud cover. Moreover, such weather measures are avail-
able for each of thousands of weather stations.
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of screens onwhich themovie shows or changes in its duration in theaters)
can explain little, if any, of our estimated momentum.
Do these network externalities exist predominantly at the local level

(e.g., through conversations among friends) or at the national level (e.g.,
by way of national media coverage of box office sales)? We proxy for local
viewership with metropolitan statistical area (MSA) level Google search
volume data and show that the lion’s share of our estimated momentum
is bred within anMSA.
We also test for evidence of an important alternative explanation for

themomentum we observe: learning. The theoretical literature on learn-
ingmodels is large and varied in both its assumptions and its predictions.
To make progress, we focus on two intuitive predictions of prominent
learning models: (1) in the presence of social learning, shocks to view-
ership should induce stronger momentum for high-quality movies than
for low-quality movies; and (2) in the presence of observational learning,
shocks to viewership should induce stronger momentum for movies with
more diffuse ex ante priors. Importantly, these predictions need not arise
from a model of network externalities and indeed are not implied by our
network externalities model. We proxy for realized vertical quality with
critic reviews and for the precision of information about quality with pro-
duction budgets, and we find no evidence that our estimatedmomentum
varies along either dimension. Although our estimates do not rule out
some role for learning, taken together the results suggest that the observed
momentum is driven in part by a preference for shared experience, and
not only by learning.
Finally, we analyze the economic implications of our results. We first

ask from where the marginal viewers induced by network externalities are
coming. Looking across all movies available in theaters simultaneously,
we show that these viewers are predominantly substituting across movies
rather than across activities. Second, we leverage our framework to ask
whether certain groups are disproportionately affected. We find that our
estimated momentum is nearly 50 percent stronger among viewers of
child-friendlymovies (MotionPictureAssociation of America [MPAA] rat-
ing of G or PG) than among viewers of adult-oriented movies (PG-13 or
R). Third, we consider the aggregate magnitudes and show that opening
weekend weather shocks explain 9 percent of the variation in opening
weekend ticket sales and, because of social spillovers, a full 11 percent of
the variation in total ticket sales over the course of a movie’s 6-week run
in theaters. This is sizable relative to other demand shifters and repre-
sents an estimated one-fifth of the effect of advertising.
While theorists have longposited that network externalitiesmay contrib-

ute to convergent choices across individuals, empirical evidence on net-
work externalities is limited. Existing work in nonexperimental settings
focuses predominantly on the role of learning: Moretti (2011) analyzes so-
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cial learning in moviegoing, and Cabral and Natividad (2016) provide ev-
idence that top-selling movies in opening weekends tend to earn signifi-
cantlymore in subsequent weekends primarily because of increased aware-
ness.6 Analyzing social learning in othermedia, Chen (2008) finds evidence
of herd behavior in online book purchasing, and Sorensen (2007) simi-
larly tells an information story in the book market, identifying off of acci-
dental placement on the New York Times best seller list.
The work perhaps closest to our own is an experiment by Bursztyn

et al. (2014), which finds that investors’ stock choices are influenced by
network externalities: randomizing both whether an investor’s planned
stock purchase decision is shared with another investor and whether
that purchase is executed, they show that investors value actually owning
the same stocks as others (over and above the information contained in
others’planned stock purchases).We take a similar approach but identify
off of quasi-random variation in early adoption driven by exogenous
weather shocks, leveraging LASSO methods to facilitate optimal instru-
ment selection. While existing research using LASSO is predominantly
theory and simulation based, Chen and Yeh (2012) and Chen and Sethi
(2012) similarly implement LASSO techniques for IV selection in applied
settings.
The remainder of the paper proceeds as follows: We open in Section II

with a simple model of moviegoing in the presence of network external-
ities. We then describe ourmovie and weather data (Sec. III), followed by
our empirical approach and first-stage results (Sec. IV). In Section V, we
present our base case estimates of network externalities in moviegoing,
along with a series of robustness checks; proxying for local moviegoing
using MSA-level Google search data, we then show that the observed mo-
mentum is bred principally at the local level. Section VI considers learn-
ing as an alternative explanation for our results, Section VII explores the
economic implications, and Section VIII presents conclusions.
II. A Simple Model of Network Externalities
in Moviegoing
In this section, we present a simplemodel designed to illustrate themech-
anism through which network externalities can shape demand for movie
tickets. The model yields three predictions, which we return to in subse-
quent empirical sections. Our framework is highly stylized and does not
capture all features of the market; we discuss its limitations below.
6 Moretti’s (2011) empirical analysis actually tries to rule out network externalities in
moviegoing; however, as we show in online app. sec. F, his results are not robust to the in-
clusion of seasonal controls.
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A. Preliminaries
There is a unit mass of consumers who value both seeing a good movie
and sharing in the experience of moviegoing. In particular, the utility of
attending a given movie is increasing both in the movie’s quality and in
its cumulative local viewership. For simplicity, we focus here on demand
in a single locality.
The setup is as follows: Before a movie’s release, each consumer i ob-

serves its quality, a, and her idiosyncratic valuation of viewing, ei. The con-
sumer attends the movies on her own, but each weekend she learns how
many others in her locality attended in prior weekends. Demand for tick-
ets is increasing in themovie’s cumulative prior local viewership, denoted
CPVw. (Cumulative prior viewership on the opening weekend, CPV1, is zero
by definition.)
In any weekend a movie is showing, the consumer compares her util-

ity of attending that movie with the opportunity cost of viewership, c, and
attends if the difference is at least zero. Altogether, consumer i’s utility
from viewing the movie on weekend w is

Uiw 5 a 1 ei 1 lCPVw , (1)

where the parameter l ≥ 0 captures the extent to which consumers value
shared experiences. That is, l parameterizes the strength of network ex-
ternalities: if l 5 0, then the value of shared experiences drops out of the
utility specification completely, while at larger l’s consumers receive ad-
ditional utility from moviegoing the more others have already attended.
To close themodel, we assume that the idiosyncratic valuations of view-

ing, ei, are uniformly distributed on [0, 1], that consumers receive posi-
tive utility only from their first viewing of a movie, and that consumers
are myopic.7 These assumptions make the analysis tractable, ensure that
demand for movies is decreasing in weekends since release, and rule out
the possibility that consumers choose to delay viewing until more of their
peers have already viewed. Finally, we assume that l< 1 anda 2 c ∈ ½0, 1�,
so cumulative viewership is always at least zero and never exceeds one.
Before turning to the analysis and predictions, we note that this model

is deliberately held simple. Importantly, the model assumes that movie
qualities are public and certain. Incorporating uncertainty inmovie qual-
ity, a, on its own does not change our results as long as we do not also al-
low consumers to have private information aboutmovie quality. However,
that consumers do not have heterogeneous beliefs about movie quality
7 Whereas existing learning models of innovation adoption have generally assumed either
that learning is social but consumers are myopic (e.g., Ellison and Fudenberg 1993; Young
2009) or that consumers are forward looking but that information arrives exogenously
(e.g., Jensen 1982), a new literature (e.g., Frick and Ishii 2016) explores forward-looking social
learners.
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explicitly rules out the potential for consumers to learn from one an-
other (e.g., as in Moretti [2011]). We return to learning models, and the
differences in their assumptions and predictions, in Section VI.
B. Analysis
Opening weekend viewership for the movie is simply given by the range
of consumers who receive positive utility from attendance without any
utility gain from prior viewership:

V1 5 1 2 ðc 2 aÞ: (2)

Working forward, cumulative prior viewership in subsequent weekends
w > 1 is then

CPVw 5 1 2 ðc 2 a 2 lCPVw21Þ, (3)

and solving the recursion yields

CPVw 5 ½1 2 ðc 2 aÞ�o
w21

t50

lt: (4)

Thus, viewership in weekend w is given by

Vw 5 lw21½1 2 ðc 2 aÞ�: (5)

This simple model yields three main predictions.
Prediction 1. The ratio of viewership in weekend w > 1 to viewer-

ship opening weekend decreases exponentially in weeks since opening:

Vw

V1

5 lw21: (6)

Viewership in a given weekend is a constant fraction l of viewership in
the weekend prior. We return to this prediction in Section V.
Prediction 2. Opening weekend viewership V1 is increasing inmovie

quality a, that is, ∂V1= ∂a > 0, but the ratio Vw=V1 between viewing in a
subsequent weekend and viewing in the opening weekend does not de-
pend on a, that is, ∂ðVw=V1Þ= ∂a 5 0.
We return to this prediction in Section VI, where we compare the pre-

dictions of our model to learning models.
Prediction 3. Stronger network externalities increase viewership in

subsequent weekends relative to the opening weekend:

∂
∂l

Vw

V1

� �
> 0 for w > 1: (7)

We return to this prediction in Section VII, where we explore hetero-
geneity in themagnitudes of momentum across audience demographics.
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III. Measuring Weather and Moviegoing

A. National Ticket Sales and Nationally Aggregated
Weather Measures
Our national box office data come from Box Office Mojo, a reporting
service owned by Internet Movie Database (IMDb), and include total US
daily ticket sales. In the weeks just following release (when a movie can
generally be viewed exclusively in theaters), box office data provide an
excellent measure of a movie’s total sales.8 Our ticket sales sample com-
prises all movies wide-released in US theaters between January 1, 2002,
and January 1, 2012.9 We track audience sizes during the 6 weeks fol-
lowing the date of wide release. To avoid truncation issues, the 19 percent
of movies that do not last at least 6 weeks in theaters are excluded from
our main analysis.10 We focus throughout on weekend (Friday, Saturday,
and Sunday) audiences since these are most responsive to weather shocks
and weekend audiences account for the vast majority (over 75 percent) of
ticket sales.11

Figure 1 shows average daily ticket sales and average daily ticket sales
per screen for each of the first six weekends in theaters. Panel A plots
averages across the 1,381 movies in our sample. Average daily ticket sales
exceed 1 million during opening weekend but fall off exponentially in
subsequent weeks. The modal number of new movies per weekend is
two, though some weeks have no new releases and others have as many
as five. Since our weather instruments are at the daily level, in our analyses
8 Though a few distributors have tried experimenting with simultaneous release in the-
aters and on home video, the vast majority do not release on home video until months
(usually 3–4) after the end of the theatrical release. Additionally, although we do not ob-
serve viewership of pirated movies, as long as an individual’s demand for the pirated ver-
sion does not fall the more others have seen the movie in theaters, then at worst our esti-
mated network externalities would be biased downward.

9 We follow Corts (2001) and Einav (2007) in defining as “wide released” any movie that
ever showed on 600 or more screens, and we omit from the sample the less than 1 percent
of movies that never reached wide release. For the 20 percent of movies in our sample that
start with a limited release before reaching wide release, we again follow Einav in defin-
ing the wide-release date as the first date on which the movie is shown on more than the
maximum of 400 screens and 30 percent of the eventual maximal number of screens for
that movie. (Excluding the limited-release movies from the sample does not substantively
change our results.) Although box office data are available for earlier years, we focus on
the post-2001 period because for earlier years most ticket sales data are reported only at
the movie by week level.

10 We return to them when examining supply responses in online app. sec. D and show
that our results are robust to their inclusion. Leveraging Box Office Mojo’s reports on the
number of screens on which the movie shows weekly, in online app. sec. D we also analyze
any supply shifts that might affect our observed quantity effects. Combined with total ticket
sales quantities, the number of screens (supply) facilitates an isolation of demand shifts since
ticket prices are generally fixed.

11 Restricting to weekend audiences is standard in this literature (see, e.g., Dahl and Della-
Vigna 2009).



FIG. 1.—Average audience sizes by week in theater. For our sample of 1,381 movies, in
panel A we plot average daily ticket sales (in millions) and average daily ticket sales per
screen for each of the first 6 weeks in theaters. In panel B, we sum across movies released
in the same weekend and report average daily ticket sales and average daily ticket sales per
screen for each of the first 6 weeks after release. Here, and throughout our analysis, we re-
strict to weekend (Friday, Saturday, Sunday) audiences.
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we group movies by the weekend on which they were released.12 Our unit
of observation for audiences, then, is at the opening weekend by date level.
In our 11-year sample we observe 557 opening weekends, or 1,671 opening
weekend days. Panel B of figure 1 plots the average of daily ticket sales (and
ticket sales per screen) at the release weekend level. The average audi-
ence flocking to new releases is 2.5 million viewers. The corresponding
number for movies in their second weekend is just over 1.3 million; this
falls to about 200,000 by the sixth weekend in theaters.
Our nationally aggregated weather measures reflect the percentage of

movie theaters in the country experiencing a particular type of weather.
The raw data are fromWeather Underground, a commercial provider of
real-time and historical weather information online, with most US data
coming from the National Weather Service. We observe daily weather mea-
sures for each of 1,941 US weather stations and focus on three weather
measures:maximumtemperature, precipitation, and the interactionof tem-
perature and precipitation.13 To reduce the effect of possibly spurious out-
liers, we winsorize our temperature and average hourly precipitation mea-
sures at 1 percent levels. Then, to facilitate national aggregation, we create
temperature dummies in 57 Fahrenheit bins and precipitation dummies
in 0.25 inch per hour bins, as well as indicators for any snow or any rain.14

Our nationally aggregated weather measures are simply, for each mea-
sure, the weighted average of that measure across weather stations. Weights
are assigned to weather stations annually on the basis of the percentage
of total movie theater establishments to which the weather station is
matched.15
12 Almost all movies are released on Fridays; a few are released on Wednesdays. For
Wednesday releases, we omit the first two daily observations, thereby treating the first Fri-
day after opening as the opening date. Grouping by opening weekend is thus equivalent to
grouping by opening date or by opening week.

13 We use maximum temperature (rather than minimum temperature) because we ex-
pect much of weather’s impact on moviegoing to be driven by its effect on alternative af-
ternoon (heat of the day) activities; evening substitutes for movies such as dinners and in-
door parties are not as heavily weather dependent as afternoon barbecues and pool time.

14 Our motivation for dummying out before aggregating is perhaps best shown by exam-
ple. Suppose that the population lived in equal numbers in two cities, Los Angeles and Bos-
ton. On a particular fall day, Los Angeles had a maximum temperature of 1057 while Bos-
ton had a maximum of 557. If we aggregated nationally by simply taking the weighted average
across cities, we might erroneously conclude that the country experienced a beautiful (807)
day when in fact half the country was cool and half was hot. Our weather measures are de-
signed to capture this variation in temperature.

15 From the US Census Bureau’s annual Zip Code Business Patterns data, we observe for
each year from 2002 to 2011, inclusive, the number of theater establishments in each zip
code. Since the 2012 data were not available at the time of writing, we proxy for the 2012
establishment numbers with those from 2011. Though the “movie industry” spans across
multiple six-digit North American Industrial Classification System (NAICS) codes, we in-
clude only establishments with NAICS code 512131, i.e., motion picture theaters (ex-
cept drive-ins). We match each zip code (and all of its movie theater establishments) to the
weather station that is nearest in great-circle distance to the zip code’s center, conditional
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B. Proxying for Local Moviegoing with Google Search Data
We proxy for local moviegoing using search data from Google Trends,
which provides a measure of search activity on Google pertaining to spe-
cific keywords and topics.16 Google search data have been used by re-
searchers to proxy for behaviors ranging from turning up at the polls to
maltreating children, and even for sentiments such as racial animus (see,
e.g., Stephens-Davidowitz 2013a, 2013b, 2014). While search volumes do
not perfectly capture movie consumption, they should provide a strong
proxy since many people search online for showtimes before attending a
movie. We find national searches to be highly predictive of national sales:
the correlation between abnormal national searches and abnormal na-
tional moviegoing is .74.
We proxy for local moviegoing with Google Trends search data at the

MSA by day by topic level (themost granular level at which it is made pub-
licly available) and employ Google’s topic classification engine to classify
searches as pertaining to particular movies.17 Smith, Stephens-Davidowitz,
and Varian (2015) similarly use local searches for movies as a proxy for lo-
cal moviegoing (to study the impacts of Super Bowl advertising on movie
consumption). Appendix B details our data collection methods and var-
iable definitions. In brief, our MSA by day by movie level search measure
corresponds to the Z-score of search volume within that MSA. We focus
on the five MSAs with the most complete Google data: New York, Los An-
geles, Chicago, San Francisco, and Washington, DC.18
C. Proxying for Movie Quality and the Precision of
Ex Ante Information about Quality
In Section VI, we look for evidence of learning driving our estimatedmo-
mentum; there, we ask whether the observed momentum is stronger for
higher-quality movies or for movies for which there is less precise ex ante
information about quality.
We proxy for realized movie quality with ratings by expert reviewers.

The ratings come from IMDb’s top 1,000 voters, a group characterized
by IMDb as “the 1000 people who have voted for the most titles in [their]
on that distance being no greater than 160 kilometers. For the years in our sample, less than
1 percent of establishments fall outside a 160-kilometer radius of any weather station.

16 Google is the dominant player in the US search market, with approximately a 68 per-
cent market share at present.

17 We assume that weather shocks do not change how search behavior and ticket sales
relate. We probe this assumption in online app. fig. B.1, which shows how the residual from
a regression of abnormal national ticket sales on abnormal national searches is related to
national weather shocks in 57 increments from 507 to 957. All estimated coefficients are
close to zero, and none is statistically significant.

18 Since Google provides only unitless search figures, we are unable to directly compare
search volumes across MSAs and instead rely on MSA-level Z-score normalizations.
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ratings poll.”19 We cut movies into quality terciles on the basis of expert
ratings.20 This dimension captures an important feature of demand: on
average, top tercile movies sell nearly 8 million tickets over the course of
the first 6 weeks, while bottom tercile movies, on average, sell just 4.6 mil-
lion tickets over the same period.
We proxy for the precision of information available ex ante about a

movie with the movie’s production budget. Advertising budgets are gen-
erally set as a fixed percentage of production budgets (Einav 2007), and
as we describe below, we find that production budgets are positively cor-
related with the precision of prior knowledge.21

Adapting the methodology of Moretti (2011), we define a movie’s
“surprise” sales as the total ticket sales in weekends subsequent to open-
ing not predicted by the number of opening weekend theaters, that is,
the residual from a regression of the log of total sales in weekends sub-
sequent to opening on the log of opening weekend theaters. This reflects
the portion of ticket sales that was not predicted by what was known about
amovie prior to its release, where the ex ante prediction is captured by the
number of theaters that, operating as rational profit maximizers, chose to
screen the movie in its opening weekend.22

When we split production budgets by tercile, the standard deviations
of surprise for movies in the bottom (below $29million), middle (between
$29 million and $48 million), and top (in excess of $48 million) terciles
are 0.92, 0.83, and 0.75, respectively. Panel A of online appendix fig-
ure B.2 shows surprise plotted against production budget, and panel B
shows separate kernel densities of surprise for movies in the top and bottom
terciles of production budget. The distribution for movies in the bottom
tercile has less mass in the middle and more in the tails, and a two-sample
Kolmogorov-Smirnov test shows that the distributions of surprise for top
and bottom terciles are statistically significantly different at the 10 percent
level (p -value 5 .099), even though Kolmogorov-Smirnov tests are known
to be insensitive to differences in the tails (Conover 1999). We infer that
19 This is assuredly not the only dimension of quality that might matter, but it is readily
quantified. IMDb notes that they “don’t disclose the number of votes required for a person
tomake this list nor can [they] confirm or deny who is on the list.” All movies in our sample
have had at least a full year to accrue votes and on average have been rated by 483 of these
top 1,000 voters.

20 Movies with an average top 1,000 voter rating of 6.3 or above fall in the top tercile,
while movies with a rating of 5.6 or below fall in the bottom tercile.

21 From among the 1,381 movies in our main sample, we have production budgets from
IMDb for 88 percent.

22 We exclude opening weekend sales from the specification so as to focus only on those
ticket sales that occur after a movie’s quality has been publicly realized. Our main results
always focus on subsequent weekend sales relative to first-weekend sales; subsequent week-
end sales are those that, at least to some degree, incorporate realized quality and not merely
expected quality. However, we note that the results are similar if opening weekend sales are
included.
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production budgets do serve as a meaningful proxy for uncertainty about
quality prior to a movie’s release.
IV. Empirical Model

A. Instrumenting for Viewership with Weather Shocks
Given the indoor nature of moviegoing, it is perhaps not surprising that
a day’s weather is an excellent predictor of viewership. When it is beau-
tiful out, there are generally fewer moviegoers; when the weather is less
ideal, ticket sales tend to be higher. That is not to say, however, that the
observed relationship is causal. As Einav (2007) demonstrates, the sea-
sonality of viewership is driven by seasonality both in underlying demand
and, since the supply side takes into account expected demand in timing
releases, in the number and quality of movies available in theaters.
Because seasonality is an important component of both the demand

and supply, throughout we condition viewership on year, week of year,
day of week, and holiday fixed effects and refer to the resulting residuals
as “abnormal” viewership. We denote the viewership on date t of movies
that are in their jth week of showing by vtj. To compute abnormal view-
ership during opening weekend, we first regress viewership in opening
weekend, vt1, on a constant and a vector of indicators for day of week, week
of year, year, and holidays, which we denote Ft:23

vt1 5 b1 1 F 0
t F1 1 εt1: (8)

We call the resulting fitted valuescvt1 and define abnormal viewership open-
ing weekend as the difference between realized and predicted viewership:

v abnt1 5 vt1 2 cvt1: (9)

We want to instrument for this abnormal viewership opening week-
end with contemporaneous weather shocks. Given the natural (and an-
ticipated) seasonality of weather and our desire to capture the unantici-
pated component, throughout we condition each of our weather measures
on the same fixed effects as above. That is, for each weather measure wk,
k ∈ f1, : : : , pg, we estimate

wtk 5 dk 1 F 0
t Fk 1 εtk, (10)

where t again indexes the date, k indexes the particular weather mea-
sure, and the fixed effects, Ft, are as defined in equation (8). We call the re-
sulting fitted values cwtk and define the weather shock w_shocktk as the dif-
ference between the realized and predicted weather measures:
23 Appendix A presents the full set of holidays.
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w shocktk 5 wtk 2 cwtk: (11)

With our controls for seasonality and time trends in both weather and
viewership, these weather shocks are plausibly orthogonal to movie char-
acteristics as well as to other demand and supply shocks.
Figure 2 previews a simplified version of the relationship between

weather shocks and abnormal viewership during opening weekend. Each
coefficient is the result of a separate regression of abnormal viewership
on contemporaneous weather shocks in 57 bins. For exposition, we focus
on the common summer range of 607–957. Amid unexpectedly beauti-
ful weather (especially 757–807), opening weekend ticket sales are lower
than would be predicted by seasonality. In the presence of weather that is
unexpectedly a bit too cool or too warm, in contrast, audiences are larger.
Panel A shows the estimated magnitudes when weather is measured as
the percentage of movie theaters unexpectedly (for the time of year) in
the given temperature range and when viewership is measured in resid-
ualized ticket sales. Each plotted coefficient, then, represents estimated
abnormal viewership when all (vs. no) theaters are unexpectedly in that
temperature range. When 10 percent of theaters unexpectedly experi-
ence “ideal” temperatures (i.e., in the 757–807 range), for example, aggre-
gate viewership to movies opening that weekend is about 300,000 per day
lower than expected (one-tenth of 3 million). With daily aggregate view-
ership to opening movies averaging about 2.5 million, this corresponds
to more than a 10 percent reduction in viewership.
To facilitate comparison of effect sizes across temperature ranges,

panel B shows the corresponding results when each weather shock is
normalized to be mean zero with unit variance, and residual ticket sales
are similarly normalized. This panel also serves to illustrate the sizable
role a day’s weather can play in that day’s ticket sales. For a one standard
deviation increase in the percentage of movie theaters unexpectedly in
the 757–807 range, for example, we observe a 0.15 standard deviation de-
crease in daily viewership of opening movies. This corresponds to about
230,000 fewer tickets per day to opening movies, or about a 10 percent
reduction in average ticket sales per day to openingmovies (2.5 million).
Although weather shocks are important predictors of abnormal viewer-

ship, the large number of potential weather shock specifications makes
variable selection methods appealing. We provide further detail on our
methods for instrument selection in the following subsection; for now,
let us take as given the machine-chosen instrument set, which we denote
W LASSO. To obtain the first stage, we run ordinary least squares (OLS) on
the LASSO-selected instrument(s):24
24 This is often referred to as post-LASSO; coefficients estimated by post-LASSO differ
from those estimated via LASSO because of LASSO’s shrinkage bias.



FIG. 2.—The effect of weather shocks on viewership.We plot the coefficients from the re-
gression of abnormal viewership on each listed weather shock, along with the correspond-
ing 95 percent confidence intervals. National weathermeasures are as described in the text.
Panel A shows the relationship in levels: weather shocks are measured as the percentage of
theaters unexpectedly in a given temperature bin, and abnormal viewership is measured in
number of tickets. Panel B shows the relationship in Z-scores: weather shocks are measured
as the Z-scores of the percentage of theaters unexpectedly in a given temperature bin, and
abnormal viewership is measured as the Z-scores of the number of (residual) tickets sold.
Each plotted coefficient is from a separate regression. Observations are at the date level
(1,671 observations).



v abnt1 5 h 1 ½W LASSO
t �0Q 1 εt1: (12)

We call the resulting fitted valuesdv abnt1.
In the second stage, we estimate the relationship between this weather-

induced abnormal viewership opening weekend and abnormal viewer-
ship in subsequent weekends. We define abnormal viewership in subse-
quent weekends as viewership conditional on year, week of year, day of
week, and holiday fixed effects; given the potential for autocorrelation
in weather shocks, we condition also on contemporaneous weather. That
is, separately for each week j > 1, we first regress viewership on the set of
fixed effects and contemporaneous weather:

vtj 5 bj 1 F 0
t Fj 1 X 0

t Gj 1 εtj: (13)

The fixed effects in Ft are as defined in equation (8), and Xt denotes the
vector of contemporaneous (date t) weather.25 We call the resulting fitted
valuesbvtj and define abnormal viewership in subsequent weekends as the
difference between realized and predicted:

v abntj 5 vtj 2 cvtj : (14)

Finally, to estimate the impact of abnormal viewership opening week-
end on abnormal viewership j weeks after opening, we run the second
stage separately for each j > 1:

v abntj 5 mt 1 vj
bv abnt27ð j21Þ,1 1 εtj : (15)

The estimated momentum in the jth week of showing is v̂j .
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B. LASSO Instrument Selection and First-Stage Results
Instrumenting with weather is nontrivial in part because the set of poten-
tial weather measures is large. Given the issues with either hand-picking
a small number of instruments or naively including a large number of in-
struments, we implement variable selection methods. In particular, we fol-
low Belloni et al. (2011) and implement LASSOmethods to estimate opti-
mal instruments in linear IV models with many instruments. The LASSO
procedure provides a principled method for instrument selection; in sim-
ulation experiments, it performs well relative to recently advocated many-
instrument robustness procedures (see Belloni et al. 2012). We follow Bel-
loni, Chernozhukov, and Hansen (2014) in using conventional standard
errors and also in adding a constraint on the maximum number of instru-
25 The vector Xt includes maximum temperature in 107 increments as well as rain, snow,
and average precipitation in quarter inches per hour.
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ments chosen.26 Here, we present the machine-chosen instrument sets
and the corresponding first stages, and we refer the interested reader to
online appendix section C for a brief overview of our LASSO method,
which draws heavily on Chernozhukov and Hansen (2013).
We provide LASSO a set of 52 potential weather instruments and denote

the final output of the LASSOmethodology (i.e., themachine-chosen in-
strumentset)byW LASSO.27Witha single-instrumentconstraint, theLASSO-
chosen instrument is the 757–807measure. Figure 3 shows a histogram of
thisweathermeasure; themass is fairly tightlydistributedbetween210per-
cent and 110 percent. Figure 4 shows the corresponding first-stage rela-
tionship in a binned scatter plot: themore theaters that are unexpectedly
in the 757–807 range, the lower abnormal viewership is.28 The first row of
panelAof table 1 shows the correspondingfirst-stage results.Here, 10per-
centage points more theaters unexpectedly in the 757–807 range corre-
sponds to about 300,000 lower daily viewership opening weekend (over
10 percent of average daily viewership for new releases).
For robustness, the remainder of panel A of table 1 shows the first-

stage results when we instead constrain to a maximum of two or three in-
struments or when we constrain to a maximum of one instrument from
among a choice set of 107 temperature bins; panel B shows the first-stage
results with hand-selected instrument sets. One hand-selected instrument
we use is motivated by the intuitive observation (visualized in fig. 2) that
the effect of weather onmoviegoing is roughly quadratic with a minimum
in the 757–807 range: the instrument is simply the squared difference in
temperature from 757 (with the difference set to zero at 557 and 957 to
avoid assigning excess weight to outliers).29 The second set of hand-selected
26 Conventional standard errors are appropriate as long as the number of selected in-
struments is not close to the sample size (see Belloni, Chernozhukov, and Hansen [2014]
and Cattaneo, Jansson, and Newey [2015] for more detail). We probe the instrument con-
straint specification choice below and show that our results are not sensitive to different
instrument counts.

27 The full set of potential instruments we provide to LASSO includes the temperature
variables in 57 bins for both Saturday and Sunday (18 for each day), indicators for snow and
rain (two for each day), and average precipitation in quarter inch per hour variables (six for
each day). These weather measures are as defined in Sec. III.A. In our baseline specifica-
tions, LASSO always chooses Sunday temperatures, which is consistent with a high volume
of daytime (weather-dependent) moviegoing on Sundays. In these specifications, the snow,
rain, or average precipitation variables are not chosen.

28 While the procedure we use assumes a homoscedastic error structure, in a recent pa-
per, Belloni et al. (2014) develop an extension of the LASSO-IV framework that adapts the
penalty parameter for the case of a clustered error structure with linear individual-specific
fixed effects. We implement their procedure in our setting and find that whether we clus-
ter either by date or by opening weekend (as we do in computing our second-stage stan-
dard errors), their new methods consistently yield the same 757–807measure as the instru-
ment of choice.

29 As with all our national instruments, we aggregate across weather stations using the
same establishment weighting discussed earlier and similarly condition on day of week,
week of year, year, and holiday fixed effects.
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instruments is just the set of all potential weather instruments we supply
to LASSO. By any conventional measure of instrument strength, the in-
struments remain strong in each of these cases, and as we show in the next
section, our second-stage results importantly remain largely unchanged
across these instrument sets.
V. Momentum from Exogenous Viewership Shocks

A. Base Case Results
The binned scatter plots in figure 5 show the reduced-form relationship
between opening weekend weather and ticket sales in subsequent week-
ends: when more theaters are unexpectedly in the 757–807 range during
a movie’s opening weekend, abnormal viewership of that movie is lower
not only in that weekend (fig. 4) but also in each subsequent weekend
(fig. 5). Implementing the second stage (eq. [15]), we find similarly sub-
stantial momentum from exogenous shocks to opening weekend viewer-
ship. The first row of table 2 presents our base case IV estimates. The first
five columns report the relationship between abnormal viewership open-
ing weekend and subsequent abnormal viewership, separately for each of
weekends 2–6. The final column reports the corresponding aggregate re-
lationship, where the outcome is summed across those weekends.
FIG. 3.—Histogram of the instrument. We plot a histogram of the abnormal percentage
of movie theaters with weather in the 757–807 range.
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In the first row, we instrument for abnormal viewership during the
opening weekend with contemporaneous weather shocks. One hundred
additional viewers on opening weekend yields an estimated 114 additional
viewers across the following five weekends. The observed momentum is
largest in the weekend immediately following the opening weekend, when
nearly half of the total effect is realized; an additional quarter is realized
in the third weekend. Although themagnitude of the effect falls off in sub-
sequent weeks, it remains statistically significantly above zero through each
of the five subsequent weekends.
The pattern presented in these estimates is consistent with prediction

1 of the model in Section II: viewership in any weekend w > 1 is simply a
fraction lw21 of viewership opening weekend. Indeed, a value of l 5 0.5
in the model predicts that each opening weekend viewer corresponds to
0.5 viewer in the second weekend, 0.25 viewer in the third, and 0.125
viewer in the fourth; by the end of the sixth weekend, this cumulatively pre-
dicts about one additional viewer for each viewer opening weekend. This
pattern is highly similar to that reported in table 2.
The corresponding OLS estimates, presented in panel B of table 2, are

(statistically insignificantly) below the IV estimates. This runs counter to
FIG. 4.—First-stage bin scatter. We plot the abnormal percentage of movie theaters with
weather in the 757–807 range against abnormal viewership. For exposition, the weather shock
measure is grouped into 100 equal-sized bins; each point corresponds to the mean weather
shock and abnormal viewership within a bin. The slope of the line of best fit and the corre-
sponding robust standard error clustered by date are included on the figure.
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the intuition that heterogeneity in movie quality could lead to upward-
biased OLS estimates of momentum. Since movie quality is certainly het-
erogeneous (e.g., movie budgets explain 43 percent of the variation in
opening weekend viewership), we suggest two possible interpretations.
The first is sampling variability: our confidence intervals admit OLS co-
efficients larger than the IV coefficients (e.g., up to 4 percent larger in the
TABLE 1
LASSO-Chosen and Hand-Selected First Stages

Set of Potential Instruments
Count

Constraint
LASSO-Chosen
Instrument(s) Coefficient F -Statistic

A. LASSO-Chosen Instruments

57 temperature increments Choose 1 757–807 23.041*** 38.80
(.488)

Choose 2 757–807 22.635*** 25.86
(.487)

507–557 3.419***

(.811)
Choose 3 757–807 22.686*** 20.95

(.488)
507–557 3.165***

(.837)
107–157 22.756**

(1.097)
107 temperature increments Choose 1 707–807 21.253*** 15.47

(.319)

B. Hand-Selected Instruments

(Temp 2 757)2 �
[abs(temp 2 757) ≤ 20] .00449*** 29.74

(.000824)
All instruments provided to
LASSO in base case . . . 3.804
Note.—Panel A presents first-stage results for a variety of LASSO specifications. In the
first three, the instrument choice set is as follows: national aggregates of maximum temper-
ature indicators in 57 increments (on the interval [107, 1007]), indicator for snow, indicator
for rain, and precipitation indicators in quarter inch per hour increments (on the interval
[0, 1.5]). All potential instruments are conditional on the full set of seasonal controls de-
scribed in the text. From this set, LASSO is set to choose a maximum of one, two, or three
instruments, respectively. In the fourth specification, a single instrument is again chosen,
but the instrument choice is altered to include the analogous temperature measures in
107 increments instead of in 57 increments. Panel B presents first-stage results for two sets
of hand-selected instruments. In the first, the instrument is specified to be the abnormal
squared difference between temperature and 757multiplied by a dummy to ensure that tem-
peratures arewithin 207of 757. In the second, all of thepotential instruments that areprovided to
LASSO in the first three specifications of panel A are included: national aggregates of maxi-
mum temperature indicators in 57 increments (on the interval [107, 1007]), indicator for snow,
indicator for rain, and precipitation indicators in quarter inch per hour increments (on the
interval [0, 1.5]), again conditional on the full set of seasonal controls described in the text.
Observations are at the opening weekend by date level (1,671 observations). Standard er-
rors, clustered at the date level, are in parentheses.

** Significant at the 5 percent level.
*** Significant at the 1 percent level.
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model analyzing viewership across all weekends).30 The second is hetero-
geneity in momentum effects: whereas the OLS estimates capture the av-
erage momentum effect across all abnormal viewers, the IV estimates per-
tain to the abnormal viewers whose choice was driven by a weather shock.
These marginal viewers may be more likely to have friends who are also
undecided moviegoers, suggesting that network externalities from their
viewership could be stronger than from the average viewership.
B. Instruments, Clustering Level, and Other
Robustness Checks
We try a number of variants of our base case specification and find that
the results are generally unchanged. The second and third rows of panel A
TABLE 2
Momentum from Viewership Shocks

Instrument Week 2 Week 3 Week 4 Week 5 Week 6 Weeks 2–6

A. Instrumental Variables

LASSO-chosen instrument .474*** .269*** .188*** .112*** .0960*** 1.139***

(.0474) (.0360) (.0287) (.0203) (.0162) (.131)
(Temp 2 75)2 �
[abs(temp 2 757) ≤ 20] .547*** .308*** .126*** .0794*** .0402** 1.101***

(.0509) (.0401) (.0290) (.0204) (.0171) (.128)
All instruments provided
to LASSO .475*** .269*** .164*** .121*** .0932*** 1.122***

(.0242) (.0223) (.0167) (.0132) (.0103) (.0739)

B. Ordinary Least Squares

NA .423*** .235*** .140*** .0888*** .0630*** .950***

(.0152) (.0111) (.00721) (.00498) (.00362) (.0388)
R 2 .653 .498 .357 .301 .264 .570
30 We compute this statist
ized method of moments fr
fidence interval of the diffe
estimate. We normalize this
ic by estim
amework
rence of t
bound in
ating the
and repo
he OLS m
to percen
OLS and
rt the upp
omentum
tage term
IV models
er bound o
estimate le
s by dividin
together in
f the 95 p
ss the IV m
g by the I
Note.—Panel A reports the results of IV regressions of daily abnormal audiences in each
later weekend on daily abnormal audiences opening weekend. In the first specification, na-
tional weather shock instruments are chosen using the LASSO approach described in the
text. The first-stage results are included in the first row of table 1. In the next two specifi-
cations, the instruments are not machine chosen: the second specification in panel A pre-
sents the results where the instrument is specified to be the abnormal squared difference be-
tween temperature and 757multiplied by a dummy to ensure that temperatures are within
207 of 757; the third specification presents results obtained by including in the first stage
all of the potential instruments that are normally provided to LASSO. The first-stage results
for these two specifications are included in panel B of table 1. Panel B reports the corre-
sponding OLS results. Observations are at the opening weekend by date level (1,671 observa-
tions). Standard errors, clustered at the date level, are in parentheses.

** Significant at the 5 percent level.
*** Significant at the 1 percent level.
a general-
ercent con-
omentum

V estimate.
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of table 2 show the corresponding results when instrumenting with the two
sets of hand-selected instruments discussed in Section IV.B (the squared
difference in temperature from 757 degrees and the set of all potential
instruments we provide to LASSO), and panel A of online appendix ta-
ble A.2 shows the corresponding results when LASSO is instructed to
choose two instruments or to choose three instruments, or when the po-
tential instrument set is altered to include temperature variables in broader,
107 increments. For parsimony and simplicity, in the remainder of the pa-
per we report results using only the first LASSO-selected instruments but
note that the results are essentially unchanged with these alternative in-
strument sets.
In online appendix table A.1, we show that our results are robust to clus-

tering at the weekend level (panel A), to a more coarse, opening weekend
by weekend, unit of observation (panel B), and to the inclusion of second-
stage contemporaneous weather controls in the first stage (panel C).31 In
each robustness check, the estimated coefficients closely resemble our base
case results, and estimated momentum from exogenous viewership shocks
remains highly statistically significant in each week.
C. Evidence on Exogeneity
To test the exogeneity of our weather shocks, we ask whether they are
correlated with expected demand. In table 3, we follow Moretti (2011)
in proxying for expected demand with the number of screens on which
the movie opened and control for this measure of expected demand in
our specification from before.32 As Moretti notes, the number of screens
is set by profit-maximizing theater owners who have strong incentives to
accurately predict opening weekend demand; it should thus summarize
well all the information the market has up to the release date about how
well the movie will do. For ease of comparison, we reproduce in the first
row the results of ourmain specification. The second row shows the results
when we add a control for the number of screens on which the movie
opened. Controlling for expected demand, the estimatedmomentum falls
only slightly (and insignificantly); the average change of the point estimates
is on the order of 2 percent, and each week’s estimated momentum re-
mains large and highly significant. In the third row, we define the outcome
variable as abnormal viewership per opening screen. For comparison with
our base case, in the fourth row we standardize the coefficients so that the
first weekend’s coefficient is one. Our estimates again fall only slightly (in-
31 For example, when the second-stage outcome variable is ticket sales in week 2, week 2
contemporaneous weather controls (as defined in fn. 25) are included also as controls in
the first stage.

32 First-stage results for this specification, as well as for other specifications that extend
our base case, are reported in online app. table A.3.
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significantly) relative to the base case and remain large and statistically sig-
nificant throughout. Our second stage indeed appears to be picking up
viewership shocks that are orthogonal to expected demand.
We also find no evidence that initial weather-induced shocks to viewer-

ship are related to our proxies for movie quality. Online appendix table A.4
reports the number of top 1,000 IMDb voters, and the likelihood of being
characterized as high rated and low rated, as a function of (instrumented)
opening weekend ticket sales. Weather-induced shocks to viewership do
not significantly affect the number of residual votes cast by expert review-
ers, nor is the level of expert ratings broadly affected.
Finally, in online appendix section D, we analyze an additional expla-

nation for the observed momentum: supply shifts. For example, it could
be the case that opening weekend viewership shocks lead theater owners
to increase screenings, which decreases the effective cost of attendance
TABLE 3
Momentum per Opening Screen from Exogenous Viewership Shocks

Week 1 Week 2 Week 3 Week 4 Week 5 Week 6
Weeks
2–6

Tickets (1) 1.000*** .474*** .269*** .188*** .112*** .0960*** 1.139***

(.000) (.0474) (.0360) (.0287) (.0203) (.0162) (.131)
Tickets, controlling
for opening
theaters (2) 1.000*** .457*** .257*** .186*** .110*** .0977*** 1.107***

(.000) (.0516) (.0398) (.0320) (.0227) (.0182) (.145)
Tickets per opening
theater 1.019*** .353*** .248*** .173*** .120*** .115*** 1.010***

(.240) (.115) (.0775) (.0535) (.0408) (.0296) (.289)
Standardized tickets
per opening
theater (3) 1.000*** .346*** .243*** .170*** .118*** .113*** .991***

(.238) (.114) (.0767) (.0529) (.0404) (.0293) (.286)
Differences:
(1) 2 (2) . . . .017 .012 .002 .002 2.002 .032

(.070) (.054) (.043) (.030) (.024) (.195)
(1) 2 (3) . . . .121 .021 .015 2.008 2.019 .129

(.123) (.084) (.059) (.045) (.033) (.315)
Note.—This table shows results from three different IV specifications. The first row re-
produces our base case results from table 2. In the second row, we control for the number
of opening theaters, a proxy for expected demand, in both the first and second stages. In
the third row, we define the outcome variable as abnormal viewership per opening screen.
Throughout, national weather shock instruments are chosen using the LASSO approach
described in the text. The first-stage results for the first and third rows are included in
the first row of table 1; the first-stage results for the second row are included in the first
row of online app. table A.3. For comparison with our base case, in the fourth row we stan-
dardize the coefficients so that the first weekend’s coefficient is one. Observations are
at the opening weekend by date level (1,671 observations). The final two rows report dif-
ferences in the coefficients across the specifications. Standard errors, clustered at the date
level, are in parentheses.

*** Significant at the 1 percent level.
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and (endogenously) increases viewership in subsequent weeks. Thus, in
that section of the online materials, we present a brief overview of the
supply side of the market and show that our estimated momentum is not
driven by supplier responses. Given that prices are almost always fixed for
in-theater movies, we conclude that demand shifts must be driving the ob-
served quantity effects.
D. Estimating Momentum Locally
Our methodology for estimating momentum locally is simply the local
analogue of our main methodology outlined in Section V.A. Since our
local data vary at the MSA level, we now condition our MSA-level weather
and MSA-level search data on MSA-level fixed effects for day of week,
week of year, year, and holiday. We use the same LASSO procedure for
selecting weather instruments.
One advantage of estimating momentum using local-level search data

is that we can more directly control for movie quality and latent demand
by controlling for (1)movie fixed effects and (2) local abnormal searches
in the weekend before opening weekend. The first of these controls is de-
signed to account for the effects of any national-level characteristics that
might affect demand (e.g., movie quality, advertising); the second is de-
signed to account for local demand in advance of movie opening.
The directionality of the local-level first- and second-stage relation-

ships is very similar to that at the national level. Figure 6 (the local ana-
logue of fig. 2) previews a simplified version of the opening weekend re-
lationship between local weather shocks and abnormal local searches
(our proxy for abnormal local moviegoing), controlling for abnormal lo-
cal searches in the weekend prior to opening and for movie fixed effects.
Each coefficient comes from a separate regression of abnormal viewer-
ship on contemporaneous weather shocks in 57 bins. For exposition, pan-
els A and B show the two largest cities (New York and Los Angeles, respec-
tively), and panel C shows all included MSAs. As at the national level,
when the local weather is unexpectedly beautiful, opening weekend ticket
sales tend to be lower than would be predicted by seasonality; and when
local weather is unexpectedly cool or warm, local audiences tend to be
higher.33
33 As a robustness check, we also analyze whether local searches are affected by weather
shocks in distantMSAs, defined asMSAs at least 1,000 kilometers away. Since weather shocks
at that distance are negatively correlated (e.g., a day that falls between 907 and 957 in New
York City is associated with a cooler day in Los Angeles), in addition to the standard controls
(abnormal local searches in the weekend prior and movie fixed effects), we also condition
on local weather controls (107 temperature dummies, quarter-inch precipitation dummies,
and snow and rain dummies, as in our national regressions). The results, presented in
online app. fig. B.3, show no notable relationship between local opening weekend viewer-
ship and weather shocks occurring in MSAs more than 1,000 kilometers away.
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With our MSA-level data, the LASSO-chosen instrument is a residual-
ized indicator for the 857–907 temperature range.34 Figure 7 shows the cor-
responding first-stage relationship in a binned scatter plot: when unex-
pectedly in this “good” temperature range locally, abnormal viewership
locally is lower. The binned scatter plots in figure 8 show the correspond-
ing reduced-form relationship between opening weekend weather and
ticket sales in subsequent weekends: when local weather is unexpectedly
good on the opening weekend, abnormal local viewership is lower in each
subsequent weekend.
Table 4 reports the magnitudes of network externalities observed lo-

cally from instrumented moviegoing shocks at the local level. Here, the
dependent variable is local movie searches in week w and the indepen-
dent variable is local movie searches in the opening weekend, instru-
mented with local weather.35 The first row includes no additional con-
trols; the second row includes controls for movie fixed effects; and the
third row, which corresponds to the figures, includes controls for movie
fixed effects and for local searches in the weekend just prior to opening.
The addition of movie fixed effects and prior local searches reduces the
point estimates slightly (insignificantly), but in all cases the results are
highly comparable to our overall estimates (table 2), suggesting that the
observed momentum is driven by social spillovers arising predominantly
at the local level.36
VI. A Role for Learning?
We have demonstrated a strong relationship between abnormal viewer-
ship of a movie in the opening weekend and abnormal viewership of that
movie in subsequent weekends, even when the former was driven by ex-
ogenous shocks orthogonal tomovie quality. We have also shown that the
estimated momentum is not driven by supply shifts and that it is largely
local in nature. The particular nature of the local demand shifts, how-
ever, remains an open question. In this section, we look for evidence that
a straightforward social or observational learning story is driving our re-
sults.
34 This is different from our main LASSO-chosen national weather instrument, likely be-
cause the impact of the weather is different across different locations; we would not expect
the populations, weather preferences, and relative alternatives to moviegoing in the five
largest metropolitan areas to be nationally representative.

35 See online app. table A.5 for the corresponding first-stage results.
36 If consumers are forward looking and weather forecasts are sufficiently accurate,

searches in the weekend prior to opening might actually constitute a direct measure of
opening weekend demand that takes weather shocks into account. However, controlling in-
stead for searches 2 weeks prior does not change the results; for brevity those results are ex-
cluded here but are available on request.
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At the most basic level, a model in which momentum is generated by
some type of learning differs from a model in which momentum is gener-
ated by network externalities via the role of private information. Momen-
tum originating from network externalities need not require consumers
to have private information. In our model, for example, all consumers
hold the same (unchanging) views about quality, and there is nothing
for consumers to learn. All information is public, and momentum is gen-
erated by the combination of heterogeneity in preferences and network
externalities: some consumers find it worthwhile to view a movie irrespec-
tive of its viewership, and these consumers view the movie as soon as it
opens; meanwhile, others view the movie only when prior viewership is suf-
ficiently high that they find it worthwhile to view the movie themselves.
Much of the existing theoretical research on crowd following, in con-

trast, focuses on the role of information and, in particular, on models
of social learning and observational learning (see, e.g., Banerjee 1992;
Bikhchandani et al. 1992, 1998; Ellison and Fudenberg 1995; McFadden
and Train 1996; Çelen and Kariv 2004; Young 2009). The precise mech-
anisms and contexts vary, but in brief, the individual is generally assumed
TABLE 4
Local Momentum from Network Externalities

Week 2 Week 3 Week 4 Week 5 Week 6 Weeks 2–6

Local searches .518*** .320*** .227*** .0969*** .192*** 1.354***

(.0801) (.0639) (.0459) (.0296) (.0348) (.215)
Controls:
Movie fixed effects No No No No No No
Weekend preopening No No No No No No

Local searches .347*** .181** .226*** .0269 .159** .939***

(.108) (.0922) (.0750) (.0512) (.0644) (.245)
Controls:
Movie fixed effects Yes Yes Yes Yes Yes Yes
Weekend preopening No No No No No No

Local searches .297** .156 .229*** .00369 .157** .843***

(.126) (.109) (.0877) (.0613) (.0744) (.283)
Controls:
Movie fixed effects Yes Yes Yes Yes Yes Yes
Weekend preopening Yes Yes Yes Yes Yes Yes
Note.—This table shows how local searches in subsequent weekends are affected by lo-
cal searches on opening weekend. The table replicates the IV results from table 2 using lo-
cal Google searches as a proxy for ticket sales. The results in the first row include no addi-
tional controls; the results in the second row include controls for movie fixed effects; the
results in the third row include controls for movie fixed effects and for local searches in the
weekend prior to opening. The first-stage results are included in online app. table A.5. Ob-
servations are at the movie by date by MSA level (2,064 observations). Standard errors, clus-
tered at the date level, are in parentheses. The corresponding OLS estimates are presented
in online app. table A.6.

** Significant at the 5 percent level.
*** Significant at the 1 percent level.
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to have imperfect information about the quality of a good or experience
and so takes into account the observed choices and/or reports of others
in making her own decision. Because the existence of private information
that can somehow be passed from one consumer to another creates an
opportunity for learning, our strategy for distinguishing momentum due
to network externalities from momentum due to learning is to focus on
the role of information. Before proceeding, we note that the learning lit-
erature distinguishes between models in which information about payoffs
is communicated directly—typically called “social learning”—from mod-
els in which consumers simply observe whether or not others are con-
suming the good and thus interpret such consumption as a signal of qual-
ity—typically called “observational learning.” We focus first on a test of
social learning before turning to a test of observational learning.
A. Social Learning
By instrumenting with shocks that are orthogonal to movie quality, we
have isolated shocks to opening weekend viewership that are plausibly
independent of quality. These viewership shocks should, in and of them-
selves, thus provide no quality signal and need not induce quality updat-
ing among individuals considering attending the movie in later weeks.
Nevertheless, we might wonder whether larger early viewership boosts later
sales in part because it influences the availability of information about the
movie.
Disentangling a network externalities story from a social learning story

is not easy. For one, a sufficiently complex model of moviegoing in the
presence of network externalities could predict behavior patterns that are
similar to those predicted by a learning story. Moreover, as Young (2009)
notes, the theoretical literature on product adoption through learning is
characterized by substantial diversity in behavioral and informational as-
sumptions; taken together, learning models can generate a large and var-
ied set of empirical predictions, making it hard to completely rule out a
learning story.
To make progress, we focus first on an intuitive prediction of behav-

ior in the presence of social learning (and address a separate prediction
of behavior in the presence of observational learning in Sec. VI.B): in the
presence of social learning, shocks to viewership should induce stronger
momentum for high-quality movies than for low-quality movies. This learn-
ing prediction arises out of a canonical normal-normal model of social
learning, such as that elegantly exposited by Young (2009), in which agents
are risk neutral and hold private (conjugate) priors about the normally
distributed value of viewing. In this model, the net utility of viewership has
both a private and a public component, and social learning occurs over
time as agents view movies and share their payoffs with their peers. Since
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weather-induced shocks to viewership on opening weekend are orthogo-
nal to movie characteristics, such shocks simply change the amount of in-
formation available after opening weekend.
In online appendix E.1, we show formally how the effect on subsequent

viewership of an exogenous shock to prior viewership varies according
to movie quality. For intuition, suppose that there are two movies that are
identical aside from their expected (ex ante) and realized (ex post) mean
utilities of viewing; that is, viewers correctly expect that one movie is of
higher quality than the other. On opening weekend, potential viewers
have only their noisy priors with which to make attendance decisions; in
subsequent weekends, new potential viewers form expectations by updat-
ing their priors using the additional information from those who have
already viewed. As Young (2009) shows, potential viewers can be charac-
terized by their information thresholds, or the amount of prior viewership
required in expectation to convince a potential viewer to attend. Higher-
quality movies have lower information thresholds (would-be viewers need
less convincing), so all else equal, a shock to prior viewership is more likely
to push a potential viewer who has not yet found it optimal to attend either
movie over her information threshold for the high-quality movie than for
the low-quality movie. In other words, the effect of the shock is greater for
the high-quality movie than for the low-quality movie. This is a useful dis-
tinction because, as we demonstrated in Section II, momentum generated
from network externalities need not depend on movie quality.37

As a test for social learning, then, we ask whether the momentum gen-
erated from an exogenous shock to opening weekend viewership is stron-
ger for higher-quality movies than for lower-quality movies. We proxy for
realized movie quality with ratings by expert reviewers as described in
Section III. Panel A of table 5 shows estimated momentum separately
by high-quality (in the top tercile) and low-quality (in the bottom tercile)
movies. The results do not present compelling evidence that our esti-
mated momentum varies with quality: relative to movies with low expert
ratings, movies with high expert ratings experience about the same lev-
els of momentum in early weeks and only slightly (insignificantly) more
momentum in later weeks. However, we note that the confidence interval
on the difference admits differences in momentum as large as 0.69, which
is economically significant.38
37 That quality influences adoption paths in a learning framework has been used in the
literature in other contexts to distinguish social learning stories from other adoption mod-
els. For example, Young’s (2009) analysis focuses on the features that distinguish social
learning stories from social influence and contagion models, and he shows that adoption
curves in learning frameworks are unusually reliant on the payoffs of adoption. Our exten-
sion of his model in online app. E.1 shows that social learning leads adoption paths of higher-
payoff goods to respond more to a shock to initial adoption than lower-payoff goods.

38 Online app. table A.7 shows the corresponding OLS results.
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B. Observational Learning
In a standard observational learning model (e.g., that set forth in Ban-
erjee [1992] or in Bikhchandani et al. [1992]), an individual holding pri-
vate beliefs about the utility of consuming a good updates her priors by
looking at the previous choices made by others. In our context, observa-
tional learning predicts that the viewership decisions of others inform
new potential viewers about where their priors are situated relative to
those of others.
Observational learning could take place in a variety of ways. Perhaps

the most plausible observational learning mechanism in moviegoing is
one in which potential viewers interpret past box office success as a sig-
nal of quality. However, the results presented in Section V suggest that this
mechanism is unlikely to be driving our results given that our estimated
momentum is largely local in nature and box office sales are predomi-
nantly reported at the national level. Alternatively, observational learn-
ing could occur locally, for example, if individuals see the attendance de-
cisions of their local peers (e.g., in person or through social media).
TABLE 5
Momentum by Movie Quality and Information about Movie Quality

Week 2 Week 3 Week 4 Week 5 Week 6 Weeks 2–6

A. By Movie Quality

High quality (N 5 705) .484*** .292*** .208*** .140*** .119*** 1.243***

(.0842) (.0650) (.0501) (.0361) (.0308) (.243)
Low quality (N 5 825) .587*** .317*** .169*** .0878*** .0568*** 1.217***

(.0871) (.0651) (.0460) (.0281) (.0182) (.214)
Difference: high 2 low 2.103 2.025 .039 .060* .043* .026

(.120) (.091) (.067) (.045) (.034) (.323)

B. By Information about Movie Quality

High information
(N 5 744) .366*** .180*** .136*** .0748*** .0543*** .812***

(.0641) (.0435) (.0323) (.0226) (.0179) (.167)
Low information
(N 5 705) .368*** .285*** .140*** .0563** .0323** .881***

(.0606) (.0460) (.0283) (.0251) (.0164) (.151)
Difference: high 2 low 2.002 2.105* 2.004 .018 .022 2.069

(.087) (.062) (.042) (.033) (.023) (.225)
Note.—Panel A replicates the IV results from table 2 separately for high- and low-quality
movies, defined as the top third and bottom third in ratings by top1,000 voters, respectively.
Top 1,000 voters are the 1,000 people who have voted for themost titles in IMDb ratings polls;
high rated corresponds to6.3andabove; low rated is 5.6andbelow.Thefinal columnofpanelA
reports the differences in the point estimates. Panel B does the same separately formovies in
the top and bottom thirds by production budget, respectively, and the final column again
reports the differences in the point estimates. The first-stage results are included in on-
line app. table A.3. The correspondingOLS estimates are presented in online app. table A.7.

* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.
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In observational learning, the precision of priors determines the ex-
tent to which prior viewership informs new potential viewers’ beliefs about
quality.39 In online appendix E.2, we incorporate an exogenous shock to
early adoption in the model of observational learning set forth in Bikh-
chandani et al. (1992) and show that a shock to early adoption generates
less momentum themore precise priors about quality are (i.e., the less un-
certainty there is about quality). For intuition, consider the adoption paths
of two movies that have identical expected and realized qualities, but con-
sumers have private beliefs that are precise for one movie and diffuse for
the other. With observational learning, a shock to opening weekend view-
ership is more meaningful for the movie for which priors are diffuse be-
cause for this movie each incremental ticket sale provides a relatively stron-
ger signal of quality. In the limit, ticket sales for a movie for which priors
are perfectly precise would be unaffected by an opening weekend viewer-
ship shock.
Panel B of table 5 analyzes the role of uncertainty in our estimated mo-

mentum. As described in Section III.C, we proxy for uncertainty with
production budget and report momentum estimates separately for mov-
ies that fall in the top tercile and the bottom tercile. The final row reports
the differences between the point estimates. The results do not present
compelling evidence that movies are differentially affected according
to the level of ex ante uncertainty about quality: although low-budget
movies exhibit slightly higher momentum in week 2, they actually have
slightly lower momentum in all other weeks, and in no week is the differ-
ence in estimated momentum between high- and low-budget movies sta-
tistically significant.40

In sum, although we do not find compelling evidence that a simple
model of social or observational learning is driving our estimated mo-
mentum, we cannot rule out some role for learning.Other learningmod-
els are certainly possible, and learning stories may of course coexist with
network externalities (e.g., Choi 1997). Nonetheless, the close alignment
between the estimates presented in this section split across both quality
and the precision of information about quality suggests that the observed
momentum is driven in part by a preference for shared experience, and
not only by learning. In related work, Moretti (2011) analyzes learning
in moviegoing and attempts to rule out the possibility that there is mo-
mentum from network externalities by instrumenting for opening week-
end viewership with weather. In online appendix F, however, we show that
Moretti’s rejection of network externalities is not robust to the inclusion
of seasonal controls in his specification.
39 See, e.g., Bikhchandani et al. (1992) for a general formalization.
40 Online app. table A.7 shows the corresponding OLS results.
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VII. Economic Implications
We have demonstrated that the observed momentum is a demand-side
phenomenon, that it is local in origin, and that it is driven at least in part
by a preference for shared experience. In this section, we explore what
decisions these social spillovers drive and for what types of audiences the
momentum is strongest. We then discuss the broader economic implica-
tions of the observed momentum.
A. Substitution
From where are these marginal viewers in subsequent weeks coming? In
table 6, we analyze to what extent the marginal viewers are substituting
across movies versus across activities. In the first row, the endogenous re-
gressor is abnormal viewership of new releases in week w and the out-
comes are abnormal viewership in w 1 1 of (1) those same movies (i.e.,
our base case results), (2) all movies showing in both w and w 1 1, (3)
newmovies opening in w1 1, and (4) all movies showing in w1 1, respec-
tively.41 Each reported coefficient is from a separate regression. The first
column simply reproduces our base case results. The second shows that
(unsurprisingly) shocks to opening weekend viewership are correlated with
higher viewership in w 1 1 of all movies that played both weekends.
The first and third columns taken together provide suggestive evi-

dence of some substitution across movies: for 100more viewers of movies
opening last weekend, we see 47 more viewers of those movies this week-
end and 35 fewer viewers of new movies just opening. This is consistent
with social spillovers increasing the utility of seeing movies that did par-
ticularly well last weekend, which in turn leads to an increase in overall
demand for these movies and a corresponding reduction in demand for
this weekend’s newmovies (which experienced no such shock). The pos-
itive yet statistically imprecise point estimate in the final column leaves
us unable to identify conclusively whether this produces momentum in
aggregate moviegoing or whether the effect is entirely inframarginal.
Since weather shocks may well engender momentum for any movie

showing both this weekend and the next (not just movies that opened
this weekend), the second row of table 6 shows the corresponding results
when the endogenous regressor is defined as ticket sales in week w for
all movies that showed in both w and w 1 1.42 With this specification, we
again find strong momentum and some evidence of substitution away
from new movies released the following weekend. For 100 additional
41 The first stage is the same as in our base case (see table 1).
42 The instrument is the same as in our base case specifications; the first stage is reported

in online app. table A.3.
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viewers in weekend w to movies showing in both w and w 1 1, we observe
about 46 more viewers of those same movies in w1 1; an estimated 80 per-
cent of these would otherwise have seen one of the new releases in w1 1.
In sum, a positive, weather-induced shock this week leads next week’s
viewers to substitute away from next week’s new releases and toward mov-
ies that are randomly popular in theaters this week.
B. Social Multipliers by Age
Recall that themodel in Section II predicts that themore viewers value the
viewership of others—that is, the stronger network externalities are—the
larger viewership is in all subsequent weekends relative to viewership in
the opening weekend. In this section, we explore the empirical implica-
tions of this prediction by splitting movies according to the age of their
target audience; to the extent that different age groups place different val-
ues on peer viewership, our model predicts that we should see divergence
in estimated momentum.43

To examine momentum by audience age, we classify each movie into
one of two categories based on its age appropriateness according to the
MPAA: (1) “child-friendly” and (2) “adult-oriented.” Child-friendly includes
all movies with a G (general audiences; all ages admitted) or PG (parental
TABLE 6
Substitution across Movies and Activities

Outcome Variable: Audiences Next Week

Endogenous Regressor:
Audiences This Week

Movies in
Second Week

Movies in Second
to Sixth Weeks

Movies in
First Week

Movies in First
to Sixth Weeks

Movies in first week .474*** .417*** 2.352* .0482
(.0474) (.0820) (.197) (.182)

Movies in first to fifth weeks .460*** 2.388* .0531
(.0680) (.213) (.201)
43 We might observe diverg
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dogenous regressor is abnormal daily ticket sales weekend w for movies that opened in
weekend w; the outcome variables are abnormal daily ticket sales in weekend w 1 1 for
movies that (1) opened in week w, (2) played in both w and w 1 1, (3) opened in week
w 1 1, and (4) played in week w1 1, respectively. The corresponding first stage is in the first
row of table 1. In the second row, the endogenous regressor is abnormal daily ticket sales in
weekend w for movies that played in bothw and w 1 1; the corresponding first-stage results
are reported in online app. table A.3.
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*** Significant at the 1 percent level.
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guidance suggested; some material may not be suitable for children) MPAA
rating; adult-orientedmovies are those rated PG-13 (parents strongly cau-
tioned; some material parents might consider inappropriate for children
under 13 years) or R (restricted; people under 17 years may be admitted
only if accompanied by a parent or guardian).
Table 7 shows estimated momentum separately by age suitability, and

online appendix figure B.4 plots these estimated network externality ef-
fects by week in theater. Child-friendly movies exhibit significantly stron-
ger momentum from network externalities in early weeks: for 100 addi-
tional viewers opening weekend, child-friendly movies bring in just over
70 additional viewers the second weekend, compared with just 46 addi-
tional viewers for adult-oriented movies. Although the momentum among
children falls in later weeks (and by the fourth week marginal momen-
tum in child-friendly movies is about on par with adult-oriented movies),
cumulative momentum for child-friendly movies is roughly 50 percent
higher than that for adult-oriented movies.
C. Aggregate Magnitudes
Altogether, our work presents two basic sets of facts: the first is that the
weather has a significant influence on contemporaneous ticket sales; the
second is that initial viewership shocks, such as those due to the weather,
have multiplicative effects on subsequent viewership through social spill-
overs. In what follows, we discuss the economic implications of these ef-
fects.
1. Moviegoing and Opening Weekend Weather
We estimate that weather shocks explain an important fraction of the
variation in both opening weekend ticket sales and total ticket sales.
Our main measure capturing the percentage of theaters unexpectedly
in the 757–807 range opening weekend explains 1.8 percent of opening
weekend ticket sales, and all of the opening weekend weather measures
we provide to LASSO together explain 8.5 percent of opening weekend
sales.44 Through social spillovers, the effects of these opening weekend
weather shocks continue to be realized in subsequent weeks. Defining
aggregate ticket sales as all sales during the first six weekends in theaters,
we find that the percentage of theaters unexpectedly in the 757–807 range
44 The corresponding numbers in terms of abnormal (i.e., residualized) opening week-
end ticket sales are quite similar: the percentage of theaters unexpectedly in the 757–807
range opening weekend explains 1.8 percent of opening weekend abnormal ticket sales,
and all of the opening weekend weather measures we provide to LASSO together explain
9.6 percent.
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opening weekend explains 1.7 percent of aggregate sales, and all of the
opening weekend weather measures we provide to LASSO together ex-
plain 10.9 percent.45 This is sizable relative to other demand shifters. For
example, Moretti (2011) finds that TV advertising explains 48 percent
of aggregate ticket sales, suggesting that the effect of opening weekend
weather shocks on aggregate sales (and thus aggregate revenue) is more
than 20 percent that of advertising.
2. Network Externalities and Firm Incentives
The multiplier effect we estimate is consistent with the movie industry’s
strong focus on opening weekend viewership. This focus can be seen in
the intense competition for release dates timed onmajor holidays and in
the estimated 90 percent of advertising outlays that occur in advance of
opening (Elberse and Anand 2007). Prior research has proffered expla-
nations for the industry’s focus on opening weekend outcomes that do
not take into account the social multiplier we estimate. For example, Caves
(2001) argues that opening weekend viewership is cheaper to acquire in
expectation because it does not rely as much on movie quality. Our find-
ings build on this literature by demonstrating that network externalities dou-
ble the marginal benefit of an opening weekend viewer: if there is some
reason to believe that viewership on opening weekend is cost-effective to
TABLE 7
Network Externalities by Age Suitability

Week 2 Week 3 Week 4 Week 5 Week 6 Weeks 2–6

Child-friendly movies
(N 5 802) .691*** .402*** .150*** .0610* .0490** 1.354***

(.116) (.0727) (.0468) (.0353) (.0243) (.213)
Adults-only movies
(N 5 1,629) .440*** .201*** .122*** .0989*** .0791*** .941***

(.0493) (.0361) (.0269) (.0202) (.0158) (.132)
Differences: child 2 adult .251** .201*** .028 2.037 2.03 .413*

(.126) (.081) (.054) (.041) (.029) (.251)
45 The corresponding nu
the percentage of theaters
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Note.—This table replicates the IV results from table 2 separately by movie MPAA rat-
ing category. Child-friendly movies are those rated G or PG and adult-oriented movies
are rated PG-13 or R. The final column reports the differences in the point estimates. The
first-stage results are included in online app. table A.3.

* Significant at the 10 percent level.
** Significant at the 5 percent level.
*** Significant at the 1 percent level.
ite similar:
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acquire relative to viewership in other weekends, then taking the multi-
plier into account makes it twice as cost-effective.46
VIII. Conclusion
In this paper, we exploit the randomness of weather, and the relation-
ship between weather and moviegoing, to test for and quantify network
externalities in movie consumption. In the first stage, we instrument for
opening weekend viewership with unanticipated and plausibly exoge-
nous weather shocks that weekend. We implement LASSO variable selec-
tionmethods to select from among the large number of potential weather
instruments in order to generate a strong and econometrically sound first
stage. We expect that this approach will prove similarly useful in other set-
tings in which weather is a powerful and exogenous determinant of be-
havior, but specifying the appropriate first stage is otherwise nonobvious.
Using our LASSO-chosen instruments, we estimate the effect of exog-

enous shocks to opening weekend viewership on viewership in later week-
ends. Consistent with our simplemodel of moviegoing in the presence of
network externalities, our results show that a shock to opening weekend
viewership is doubled over the following five weekends. Almost all of this
effect is observed at the local (MSA) level. Although we cannot reject the
hypothesis that our results are at least in part generated by a learning story,
the fact that our estimated momentum is largely local and that it varies with
proxies for neither quality nor the precision of prior information about
quality suggests that the role of learning is limited.
While this paper has focused on in-theater movies, our findings may

extend to other settings in which herd behavior is observed. DellaVigna
et al. (2014) note that research examining why people vote has focused
on two potential explanations: (1) that individuals vote because they seek
to affect the outcome of the election or (2) that individuals vote because
they believe it is the right thing to do. Our work may suggest a third: that
individuals vote because they know others are voting, and they value shar-
ing in that experience. If so, policies designed to accentuate or enhance
the shared experience of voting could be particularly effective in increas-
ing voter turnout.
Network externalities could also be an implement in the toolbox of

the “economist as engineer” (Roth 2003) to enhance otherwise largely in-
dependent experiences. With the rise of relatively solitary activities such
as gaming, remote work, and online learning, we expect that further re-
search into where and how platforms might leverage the positive effects
46 Although our estimates do not speak to whether the social multiplier is largest when it
arises out of viewership on the opening weekend vs. out of viewership on subsequent week-
ends, our work shows that there is a large (opening weekend) social multiplier, so that the
aggregate contribution of any givendemand shifter is larger than its contemporaneous effect.
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of network externalities to deepen participation and engagement would
prove fruitful.

Appendix A

Holiday Controls

Our holiday indicators are exactly those of Dahl and DellaVigna (2009) and are
similarly motivated by the fact that (1) holidays have an impact on movie audi-
ence sizes (usually positively), (2) the effect varies across holidays, and (3) audi-
ence sizes are often also affected in the days just around each holiday. We include
indicators for Martin Luther King Day, Presidents’ Day, Memorial Day, Labor
Day, Columbus Day, Independence Day, Veterans Day, Easter, Thanksgiving Day,
Christmas Eve, Christmas, New Year’s Eve, New Year’s Day, Saint Patrick’s Day, Val-
entine’s Day, Halloween, Cinco de Mayo, and Mother’s Day. We also include sep-
arate indicators for the Friday, Saturday, and Sunday before each of MLK Day,
Presidents’ Day, Memorial Day, Labor Day, and Columbus Day; for the Friday and
Saturday before Easter; for the Wednesday before Thanksgiving and for the week-
end after; for the four days before Christmas Eve (December 20–23) and the five
days after Christmas (December 26–30); and for the two days after New Year’s ( Jan-
uary 2–3). Finally, for Independence Day, Veterans Day, Christmas, New Year’s, and
Valentine’s Day, we include an indicator for whether each falls on a Saturday or
Sunday. Several of these indicators drop out when we restrict our sample to movie
weekends (Friday, Saturday, Sunday) only.

Appendix B

Google Trends Search Data as a Proxy for Viewership

We use the Google Trends search data at the day by MSA by topic level, the most
granular level at which it is made publicly available. Although Google Trends data
are available for specific queries, we use the topic classification engine, which clas-
sifies searches as pertaining to particular movies.47

The raw data consist of integral figures ranging from 0 to 100, where 0 and 100
are the lowest and highest points, respectively, in any single data export. Daily
data can be exported only in 3-month windows; and if volumes are sufficiently
low for the entire period of intended export, then daily data are not available. In
this case, Google provides weekly data or, if volumes still remain too low, monthly
data; but even weekly data are insufficient for our analysis because the weeks are
measured from Sunday to Saturday, which does not allow us to distinguish between
weekends since release.
47 Without a topic classification system, it can be difficult to determine which queries re-
late to specific movies. For example, a simple search for “Superman” could pertain to one
of the many Superman movies, comic books, or other Superman merchandise. Thus, we
use Google’s topic classification service to classify searches as pertaining to specific movies,
such as the 2006 film Superman Returns.
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Since Google censors to 0 any observation for which the total search volume
falls below some (undisclosed) threshold, we are restricted in the number of movies
and cities for which we can undertake the local analysis of network externalities.48

We begin with the top 500 movies by US gross ticket sales that were released May–
September 2004–13.49

For each movie, we collect local search volumes in each of the 10 largest MSAs
(as well as national search volumes) on each day in a 3-month period beginning
2 weeks before the movie’s release. Of the 5,000 MSA by movie combinations,
nearly 4,000 are censored, leaving 1,000 MSA by movie combinations that come
disproportionately from the largest MSAs.50 Our analysis is conditional on a rich
set of fixed effects, so it is important that we observe search volumes for the same
weekend in the same city over multiple years; given this, we restrict our data set to
the five MSAs with the most observations: New York, Los Angeles, Chicago, Wash-
ington, DC, and San Francisco. This corresponds to 67 percent of the original
MSA by movie sample.

Since the data are normalized so that the highest point in any given data ex-
port is 100 and data exports are limited to four topics for a 90-day period, we sep-
arately export search volume for each movie in combination with the “Harvard
University” topic. We then use the trend in Harvard searches to standardize movie
search data across time.51 Finally, we convert our search measure to the Z -score
of search volume within each MSA. Note that because Google provides only unit-
less search figures, we are unable to directly compare search volumes across MSAs.
48 While Stephens-Davidowitz (2014) develops an algorithm to circumvent some of
Google’s censoring, the algorithm relies on the fact that his study is focused on search vol-
umes relating to specific queries. Our data exports, meanwhile, rely on Google’s topic clas-
sification system, which renders the algorithm ineffectual.

49 We restrict to the top 500 movies because Google does not provide an application pro-
gram interface for data access, so collection of large amounts of data from Google Trends
is cumbersome. We focus on May through September because the summer release season
is associated with significant variance in the instrument of choice in our main analysis (the
percentage of establishments with maximum temperature unexpectedly between 757 and
807); we do not include 2014 because at the time of writing Google’s topic classification
of searches pertaining to movies released in 2014 was largely incomplete.

50 The extent of the censoring and the selection it might induce appear to be largely re-
lated to idiosyncratic factors affecting the extent to which Google’s topic classification system
is able to successfully classify searches. For example, Ironman, which grossed over $300 million
in the United States, is censored throughout, while Ironman 2, which grossed nearly as much,
is not.

51 We use Harvard-related searches as an aggregator because searches for Harvard always
show substantial volume, while individual movies tend to have nonzero volume only in the
weeks surrounding release.
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