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Questions

Why do we watch what we watch?

Do we base film consumption decisions on friend
recommendations (social information) ?

Do we watch movies simply because they are popular, and we
want to be a part of the conversation (social utility) ?
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Motivation

Main Question

Do film consumption decisions during a box office run depend on
social information or social utility?
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Motivation

Main Question

Do film consumption decisions during a box office run depend on
social information or social utility?

Main Question

How can I convince my friends to watch a movie with me?
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Why Study Film Consumption?

Global Entertainment Industry worth billions of dollars and
hours.

Box Office dynamics: Pareto distribution, winner take all.
Hype and word of mouth important.

Numerous different information signals from marketing prior
to Week 1, various information signals after.

Who doesn’t watch movies?
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Black Panther and Avengers
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Empirical Literature

Becker (1991) first hypothesizes that ”the pleasure from some
goods is greater when many people want to consume it.”

Gilchrist (2016) use weather shocks to identify early
viewership orthogonal to quality. Finds social utility effect.

Conley and Udry (2010) use Pineapple farmers in Ghana to
model social learning in networks using ”surprise.”

Einav, DellaVigna, etc. provide some empirical background for
regressions on movies.

Bursztyn et al. (2014) run a great experiment identifying
social learning versus social utility in finance assets.



Outline Introduction Literature and Theory Data Results Future Plans

Moretti (2011)

Moretti (2011) sets up a model of ”expected appeal” and
information from peers and tests using aggregate sale data.

Sign of realization over expected quality diverges sales.

Some notion of priors, some notion of type of shock.

Positive shocks are strong for those in large social networks.

Can estimate some social multiplier.

Overall an interesting model. We will borrow the idea of ”surprise”
and microfit the model. Not sure how reliable aggregate sales data
can ever be.
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Moretti Model

Uij = α∗j ∗+ CVj + εij

α∗j ∼ N(X ′j β,
1

mj
), CVj ∼ N(f (X ′j β),

1

dj
), εij ∼ N(0,

1

kj
)

P1 = Pr(E1[Uij1|X ′j β]) = Pr(ωjX
′
j β + (1− ωj)f (X ′j β) > qi1)

With Sijt quality signals from f peers in i ’s network k and RESjt shocks for each
film:

Pt = Pr(Et [Uijt |X ′j β]) = Pr(ωj1tX
′
j β + ωj2t f (X ′j β) +

∑
f ∈k

ωj3f Sijf + ωj4tRESjt > qit)

The idea is Bayesian priors prompt viewing during OW, self-selected crowd. The
only difference between OW and 2nd week is updated information from Friend
Reviews (social information) and Unanticipated Popularity (social utility).
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Empirical Predictions

1 In the presence of strong social utility, stronger (weaker) than
expected OW demand increases (decreases) probabilty of
watching.

2 In the presence of strong social learning, high (low) share of
OW above average reviews increases (decreases) probabilty of
watching.
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Social Model of Film Consumption

Pr(Watchij)t+1 = αi + β1 ∗ s(friend)k,t + β2 ∗ (residual)j ,t=1

+β3 ∗ useri + β4 ∗ Zj + εijt

j films, i individuals. Each i individual is in a network of k
’friends’. With user fixed effects and some film controls.

s(friend) ∈ [0, 1] is the share of friends in your private network that
liked the film above the film’s average. This is ”private
information” connected by taste, the social information.

(residual) ∈ [0, 1] is the residual from regression of number of
screen on opening gross. This is the week 1 ”surprise” defined in
Moretti. This is the aggregate shock, the unexpected difference in
attendance, the channel of unexpected social utility.
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Empirical Contributions

Using both box office returns and panel-level viewing
behavior instead of aggregates.

Using data from social media platform, the future of human
interaction.

Can decompose heterogenous user-network information and
aggregate demand shock.
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What Is Letterboxd.com?

Founded in 2011 as a ”social network for sharing your taste in
film.”

Growing community of film-fanatics ranging from CEO of
Indiewire to Professional Bloggers to college students

Typically used as a movie diary, but social aspects are heavily
incorporated.

Amazing panel-data to scrape, almost every action is recorded.
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What Data I Have

9,000 users scraped from letterboxd.com with ≥ 50 diary
entries. 1080 films from 2011-2018.

User time-stamped diary entries, user information, etc.
Average film rating, number watched, etc.

Box Office data scraped from BoxOfficeMojo.com, industry
standard.

Daily gross, cumulative gross, days in run, number of theaters
showing, etc.
String matching between sites, end up with 212 films with
”Opening Weekend” behavior.
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Social Model of Film Consumption

Pr(Watchij)t+1 = αi + β1 ∗ s(friend)k,t + β2 ∗ (residual)j ,t=1

+β3 ∗ useri + β4 ∗ Zj + εijt

j films, i individuals. Each i individual is in a network of k
’friends’. With user fixed effects and some film controls.

s(friend) ∈ [0, 1] is the share of friends in your private network that
liked the film above the film’s average. This is ”private
information” connected by taste, the social information.

(residual) ∈ [0, 1] is the residual from regression of number of
screen on opening gross. This is the week 1 ”surprise” defined in
Moretti. This is the aggregate shock, the unexpected difference in
attendance, the channel of unexpected social utility.
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Aggregate Film ”Surprise” Residuals

Table: RES term calculation from OW

Moretti Res Regression:

OW Total Gross

Theaters Opening 1.278∗∗∗

(0.039)

Observations 956
R2 0.841
Adjusted R2 0.816
Residual Std. Error 0.654 (df = 824)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Network Formation on Taste Correlation

Table: Model of Network Formation based on Taste

Is Friend Binary :

linked

Cosine Similarity of Taste Vector 0.541 ∗∗∗

(0.0058)

Observations 159913
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Regression Results

Table: Social Model of Film Consumption

Probit Model:

Probability of Watching After OW

(1) (2) (3) (4)

share of friends above average 0.0138∗∗∗ 0.0146∗∗∗ 0.0073∗∗∗

(0.0011) (0.0011) (0.0004)

residual box office surprise 0.1240 ∗∗∗ 0.1243 ∗∗∗ 0.1143 ∗∗∗

(0.0024) (0.0024) (0.0024)

movie quality 0.0368 ∗∗∗

(0.0004)

Fixed effcts? User User User User
Observations 359983 359983 359983 359983
R2 0.1516 0.1575 0.1579 0.1721
Residual Std. Error 0.270 (df = 352071) 0.272 (df = 352071) 0.272 (df = 352070) 0.2705 (df = 352069)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Motivation

Main Question

Do film consumption decisions during a box office run depend on
social information or social utility?

Main Question

How can I convince my friends to watch a movie with me?
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Future Plans

1 Identity the models using exogenous shocks or IV strategy.
2 Test user level heterogeneity and its effect on importance of

the social channels.

Include ”favorites” and watchlist constraint.
Do more ”snotty” film people react negatively to popularity?

3 Examine (theoretically or empirically) the effect of an
information shock.

4 Get a better understanding of friend network formation using
network analysis of polarization.

5 Build a stronger collaborative filter using user-film-social
information.
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Regression Results

Table:

Favorites on Rating:

ratings vec

fav1 d 0.987∗∗∗

(0.062)

fav2 d 0.856∗∗∗

(0.063)

fav3 d 0.731∗∗∗

(0.065)

fav4 d 0.906∗∗∗

(0.061)

Observations 42,628
R2 0.421
Adjusted R2 0.412
Residual Std. Error 1.199 (df = 41976)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Regression Results

Table:

Favorites on Rating, Scrambled:

ratings vec

fav1 d −0.054∗∗

(0.028)

fav2 d −0.002
(0.027)

fav3 d −0.039
(0.027)

fav4 d −0.043
(0.028)

Observations 348,980
R2 0.389
Adjusted R2 0.382
Residual Std. Error 1.342 (df = 345089)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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