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Abstract An empirical exploration of global film franchises provides insights for

managers of film franchises, investors in franchisable products, and scholars

interested in motion picture performance. Performance tends to deteriorate as

extensions are introduced: production budgets rise, advertising expenditures remain

similar, and the number of opening-weekend theaters experiences a jump with the

first sequel and then remains similar in subsequent installments. However, revenue,

return-on-investment (ROI) and audience and critical reviews fall, and foreign

performance becomes increasingly important. Offsetting deteriorating performance,

risk falls: revenue and ROI become more predictable. An early change in the lead

actor causes reduced performance, but changes in key product characteristics and

inputs in later installments help prolong the franchise. ROI of the current installment

is the most critical financial determinant of whether a further extension will occur,

but high-budget films and those with higher domestic share of revenue are also more

likely to yield further extensions.
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Over the past few decades, creating global film franchises (which we define as

consisting of at least two globally marketed films in a series of sequels, prequels

and/or spinoffs) has become a primary strategy for firms in the movie business, and

in recent years, franchises have dominated the global box office. For example, in

2013, 9 of the 12 top-grossing films in the U.S. and Canada were part of film

franchises, and the 9 accounted for almost 25% of domestic ticket sales (Richwine

2014).1 Figure 1 illustrates the transition that has occurred.2

We provide large-sample evidence on key franchise business decisions and

outcomes. First, we use panel-data models with fixed franchise effects and binary

indicators of each installment to describe how measures of economic performance

(costs, revenues, return-on-investment (ROI), and several others) evolve with the

order in the franchise. These estimates provide a baseline for what we should expect

to observe as a franchise evolves, conditional on the franchise being extended.3

Second, we examine how gaps between installments, changes in key inputs, and

changes in key product characteristics impact performance.

Third, we provide a novel way of examining how risk evolves as further

installments are introduced. The estimate of the franchise-specific fixed effect is

refined as additional installments are made, but the estimate at any stage can be used

along with the other regression coefficients to predict the performance of the next

installment. We measure the risk of an installment using the root-mean-square error

of these predictions. Thus, our measure of risk captures how predictability depends

on the installment, and it employs the standard metric for evaluating the quality of

forecasts. Analyzing risk in this way improves on the approach of Palia et al. (2008)

by employing conditional variances; Palia et al. (2008) show that sequels have a

lower unconditional standard deviation of ROI than non-PG-rated films.

Fourth, we consider the decision to make another installment. We estimate a

duration model of the time until the next installment and associate predictions of

long gaps with a higher probability that the franchise is terminated. Our examination

of the installment-by-installment decision to extend the franchise is consistent with

a real options framework (Amram 2002; Gong et al. 2011). The results contribute to

1 The domestic market includes the U.S., Canada, Puerto Rico and Guam (www.the-numbers.com/

glossary.php).
2 Sources and definitions are discussed in Sect. 1. The low number of starts in recent years reflects the

lack of time to observe sequels by the time of data collection (July 2014) and not the end of enthusiasm

for franchises.
3 Our fixed-effect panel-data estimators control for a rich set of variables that cannot be measured

directly but tend to remain relatively constant within the franchise: story lines, main cast and characters,

the nature of the special effects, etc. In standard cross-sectional analyses of performance, there is no way

to control for such factors. Standard cross-sectional analyses include a binary indicator for sequels;

studies that do this include Prag and Casavant (1994), De Vany and Walls (1999), Ravid (1999), Ravid

and Basuroy (2004), Ainslie et al. (2005), Basuroy et al. (2006), Brewer et al. (2009), Hennig-Thurau

et al. (2009), Walls (2009), Moon et al. (2010), Gong et al. (2011), Dhar et al. (2012), Joshi and Mao

(2012), Walls and McKenzie (2012), and Opitz and Hofmann (2014). Chisholm et al. (2015) review the

literature. Only a few studies examine installment effects, and none do so using our fixed-effects approach

with binary installment effects. Basuroy and Chatterjee (2008) include a count of the installment order in

a model of domestic revenue, but their data includes only 11 sequels. Heath et al. (2015) include a count

of the installment order in their models of revenue and ROI. Our analysis of changes in product

characteristics is related to Sood and Dreze (2006), Hennig-Thurau et al. (2009) and Heath et al. (2015).
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the empirical literature on product line decisions (for example, Putsis and Bayus

2001) and brand extensions in particular.4

1 Data and measures

Most of our data is from the-numbers.com; the-numbers.com/movies/franchises/

lists the top movie franchises. We collect movie-specific data on all franchises with

at least two movies released in theaters prior to 2014 (so the theatrical run is

complete by July 2014, the time of data collection). Each movie is assigned to only

one franchise, and we drop short/minor films. The first two movies combined must

earn a global box office of at least $100 M U.S. 2013 dollars, and the production

budget must be available. We focus on global franchises: every movie in the

franchise must earn at least 2% but no more than 98% of its global revenues

domestically (to ensure some domestic and some foreign revenue).5 There are 143

franchises and 433 movies in the resulting sample. James Bond is by far the oldest

franchise (beginning in 1963); the next global franchises begin in the late 1970s.

Figure 1 shows how franchising begins to emerge as a primary strategy during the

4 Using existing brand names to help launch new products is one of the most common product line

expansion strategies; see Aaker and Keller (1990), Park et al. (1991), Keller and Aaker (1992), Reddy

et al. (1994), Keller and Lehmann (2006), and Volckner and Sattler (2006). In the literature on motion

picture economics, duration models have been used to analyze the length of the theatrical run, but not the

decision to make a movie; see De Vany and Walls (1997), Nelson et al. (2001), Deuchert et al. (2005),

Chisholm and Norman (2006) and McKenzie (2009).
5 We do not examine the decision of whether to market a franchise internationally (see Walls and

McKenzie 2012), but this decision appears to be determined primarily by fixed franchise characteristics:

in the cases we drop, the 2% cutoffs apply to the first movie most of the time and to one of the first two in

all but three cases.
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Fig. 1 Number of franchise films released and franchise starts by year
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mid-1990s: franchise starts begin to rise in a non-steady way up to a peak of 12 in

2001.

For each movie, we collect cumulative box office revenue in domestic and

foreign markets, the production budget, advertising expenditures (purchased from

Baseline), Rotten Tomatoes (RT) audience and critic scores, year and month of

release, the initial number of theaters (first weekend), MPAA rating and other

characteristics summarized in Tables 1 and 2.6 Advertising data is available for 395

movies in 139 franchises, and we use this subsample in our analysis of performance.

ROI is total revenue divided by the sum of the production budget and advertising

expenditures. We fill in gaps in the ratings, theaters and budgets using imdb.com,

boxofficemojo.com and Google searches. We fill in gaps in the RT scores using

rottentomatoes.com. We obtain the lead actor, director and the lead actor’s history

of appearances from imdb.com, the-numbers.com and Wikipedia, and we obtain

academy awards from Oscars.org. The ‘‘any award’’ indicator in Table 2 takes the

value 1 if the film has at least one participant who has received an Academy Award

for best actor, actress, or director (a measure of star power; see Ravid 1999). Only 8

franchises have 6 or more installments; we employ a 5-and-higher category in our

analysis.

There are well-known limitations of box office revenues and measured ROI that

panel-data methods alleviate. First, non-box-office streams such as DVD sales and

rentals, pay-per-view and merchandising are important but typically remain private

information. Second, box office revenues are shared with the theater owner, and the

shares are private information. Third, adjustments associated with paying leading

actors shares of the revenue are private information.7 Ravid (1999, p. 471) describes

the standard assumptions: non-ticket revenue is a multiple of ticket revenue, and any

further adjustments are either in proportion to ticket revenue or can be treated as

noise. In panels using natural logs, these multiples need not be constant across all

movies in the sample (the standard assumption in a cross-sectional analysis); we

only need to assume that they can be decomposed into franchise, year and month

effects. In this sense, our panel-data approach is more robust to measurement error.8

In cases where a franchise is based on books or comics, we attempted to measure

how the source material might constrain the franchise extension decision, but the

difficulty of doing so in an objective way deterred us: constraints do not appear to

bind. There are many cases where further installments are not introduced in a timely

6 We focus on cumulative performance. Some prior research uses higher frequency data (such as weekly)

to examine specific aspects of release strategies; key contributors include Krider and Weinberg (1998),

Elberse and Eliashberg (2003), Dhar et al. (2012) and Walls and McKenzie (2012). Also, we do not

examine performance within specific foreign countries; prior work that does so includes Neelamegham

and Chintagunta (1999), Elberse and Eliashberg (2003), Craig et al. (2005), and Akdeniz and Talay

(2013). We create the franchise-level genre and creative type variables in Table 2 using the genre and

type of the first movie in the franchise.
7 See Chisholm (1997), Weinstein (1998), Ravid (1999) and Filson et al. (2005) for discussions of

revenue-sharing.
8 Allowing multiples to vary by year is important; Moul (2016) summarizes how the box-office share of

total revenue falls and then rises in the aggregate during the 2000s as DVDs diffuse and then are replaced

by pay-per-view and streaming. Further, the domestic share of revenue has declined steadily in recent

decades.
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manner despite the availability of source material (the Hulk and John Carter

movies), cases where the number of installments ends up exceeding the number of

books (the Harry Potter and Twilight franchises), and cases where the franchise is

either only loosely based on the source material or expands beyond it (the James

Bond and Jason Bourne franchises and the Hobbit movies).9

2 Results

We use a simple conceptual framework to organize the empirical analysis: Studios

decide which films to make, when to make them, and make budgeting, production

and marketing decisions primarily by trading off expected ROI and risk of the films

being considered. In the case of franchise films, they also consider option value:

making the next installment maintains the option to make subsequent ones.

Decisions surrounding a film can be grouped as follows:

1. The studio decides to make an additional installment and when to make it.

2. The studio determines the budget and potentially makes changes to the cast and/

or director.

3. The studio chooses how much to advertise and how many theaters to launch the

film in.

9 Peter Jackson, director of the Lord of the Rings and Hobbit films, is informative about how flexible

studios are when converting source material to films: ‘‘Our idea then was to do The Hobbit as one movie

and Lord of the Rings as two movies…. It’s not been a grand plan; It’s been a sort of a staggering,

stumbling, lurching kind of a plan that we’ve ended up where we’ve ended up.’’ (Maclean’s, January 5,

2015). At the time of writing Jackson had directed three Lord of the Rings films and three Hobbit films.

Table 1 Summary statistics on financial and other performance measures dollar figures are millions of

2013 US$

Mean Median Std. dev. Min Max

Production budget 86.9 72.6 61.8 .5 337.1

Advertising expenditures (395 obs.) 48.9 45.5 24.2 3.1 145.6

Initial theaters (424 obs.) 2920 3098 909.0 9 4468

Domestic revenue 177.1 144.5 151.5 6.9 1772.2

Total revenue 413.5 324.7 342.5 13.4 3067.3

Foreign share of revenue .53 .53 .15 .060 .95

ROI (395 obs.) 3.0 2.4 2.3 .2 18.9

Simple ROI = total rev/production budget 8.7 4.1 30.0 .2 431.5

Rotten tomatoes audience scores 61.8 62 18.7 16 97

Rotten tomatoes critic scores 53.8 54 26.7 0 100

Gap between installments (months; 290 obs.) 44.7 35 35.4 4 236

433 observations except where noted
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Table 2 Summary Statistics (433 movies and 143 franchises)

Number

of films

Percentage

of films

Number of

franchises

Percentage

of franchises

Number of installments

2 83 58

3 27 19

4 17 12

5 8 6

6 1 \ 1

7 4 3

8 1 \ 1

12 1 \ 1

24 1 \ 1

MPAA rating

G 17 4

PG 117 27

PG-13 175 40

R 124 29

Genre

Action 269 62 75 52

Comedy 105 24 47 33

Drama 13 3 4 3

Horror 46 11 17 12

Creative type

Contemporary fiction 191 44 64 45

Dramatization 2 \ 1 1 \ 1

Factual 4 \ 1 1 \ 1

Fantasy 67 15 21 15

Historical fiction 14 3 6 4

Kids fiction 58 13 23 16

Science fiction 64 15 17 12

Super hero 33 8 10 7

Production method

Live action 403 93 132 92

Animation 30 7 11 8

Changes (leaving out the first

installment)

Rating changed 35 12 27 19

Lead actor changed 81 28 49 34

Director changed 168 58 98 69

Any award 62 14 35 24
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These three groups of decisions are often made in order, but in some instances,

one or more of the items in category 2 are determined before those in category 1 (for

example, when it is known that a lead actor has left the franchise). We begin by

examining how variables in categories 2 and 3 along with several market outcomes

depend on the installment order in the franchise; we leave an examination of 1 for

later in the paper. In the models, the outcome of installment i in franchise j (yij)

released in calendar month m of year t is given by:

yij ¼ aj þ ci þ kijm þ gijt þ b0xij þ eij ð1Þ

where aj is a franchise-specific fixed effect,10 ci is a binary installment effect

(constant across all franchises), kijm is a binary calendar-month effect (constant

across all films released in the same calendar month), gijt is a binary year effect

(constant across all films released in the same year), xij is a vector of control

variables, b is a parameter vector, and eij is a residual. Each installment of each

franchise is observed only once; we focus on cumulative performance and final

outcomes rather than weekly or monthly progress. Thus, the construction of the

panel treats the franchise as the panel identifier and the installment as the ‘‘pe-

riod.’’11 The panel is unbalanced because some franchises have only 2 installments,

some 3, some 4, etc.

Tables 3 and 4 present baseline models that impose b ¼ 0. The estimated

installment effects provide the typical trends in the outcomes of interest over the life

of the franchise conditional on the franchise continuing. Some variables show no

clear tendency to evolve as installments continue (for example, the propensities for

the lead actor or MPAA rating to change). However, most exhibit clear patterns. For

example, the budget tends to rise. The coefficient of .31 on installment 2 in the

budget equation implies that installment 2’s budget is typically ðexpð:31Þ � 1Þ �
100 ’ 36% higher than installment 1’s. The point estimates suggest that the budgets

in installments 3, 4, and 5-and-higher are 55, 75, and 99% higher than installment

1’s. Importantly, the inclusion of fixed franchise effects ensures that these are

within-franchise estimates. Further, the inclusion of year effects ensures that these

increases are not due to general inflation or a general tendency for production

budgets to rise over time; they represent real increases in the costs of making

subsequent installments that are distinct from such macro and industry-level effects.

The results suggest that higher production budgets are not offset by lower marketing

costs: advertising expenditures do not have statistically significant installment

effects, and the number of theaters jumps 27% from installment 1 to installment 2

and then does not rise or fall substantially in subsequent installments.

10 Preliminary Hausman tests reject a restriction to random franchise effects. To implement the Hausman

tests, we use auxiliary regressions with cluster-robust standard errors as described by Cameron and

Trivedi (2010, p. 268) modified for an unbalanced panel.
11 Year effects are still important to include, because they capture any year-to-year macroeconomic,

international, or industry-level effects that influence outcomes (including inflation). However, the year

effects are just binary effects in the models; they are not the ‘‘period’’ in the panel. Calendar month effects

control for seasonality.
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Higher budgets, flat advertising expenditures, and the increase in the number of

theaters are not typically associated with superior market outcomes: domestic and

total revenue along with ROI all tend to fall in later installments. The RT scores also

tend to fall, although the point estimates for the 5-and-higher installments suggest

that the scores fall slightly less in long-lived franchises. RT scores are percentages

of positive reviews, so the coefficients indicate how the percentage changes with the

installment number. For example, the percentage of positive critical reviews is 18.8

points lower on installment 2 than on installment 1.12 The foreign share of revenue

rises. The foreign share is a fraction, so the coefficient provides the increase in the

foreign share relative to the first movie in the franchise. For example, the coefficient

of .058 on installment 3 means the foreign share is typically 5.8 percentage points

higher on installment 3 than on installment 1.13

12 Moon et al. (2010) find that sequels have lower critical assessments than original movies, but their

analysis is cross-sectional. Our results are within-franchise estimates.
13 Including year effects in the model ensures that this effect is distinct from macro-level trends that have

increased the foreign share of the box office over time. Domestic and foreign revenue were roughly equal

in 2000 but the gap has been growing since then (Walls and McKenzie 2012). The year effects also ensure

that the other effects we document (changes in initial theaters, for example) are not due to macro or

industry-level trends.

Table 3 Initial fixed-effects models: timing, budgeting, production and marketing decisions

Ln budget Lead actor

changes

Director

changes

Rating

changes

Ln

advertising

Ln

theaters

Installment 2 .31***

(.081)

.032 (.057) .24***

(.074)

Installment 3 .44***

(.13)

- .051 (.081) .20** (.084) .031 (.058) - .052

(.096)

.13 (.091)

Installment 4 .56***

(.20)

.051 (.17) .24* (.14) .047 (.11) - .046

(.15)

.23* (.14)

Installment 5-and-

higher

.69***

(.26)

- .19 (.22) - .10 (.19) .13 (.13) - .059

(.27)

.27* (.16)

R-squared .40 .37 .39 .34 .31 .37

Number of

observations

395 265 265 265 395 395

Dependent variables are the natural log of the inflation-adjusted production budget, binary indicators of

whether the lead actor, director, or MPAA rating has changed in the current installment compared to the

previous one, the natural log of inflation-adjusted advertising expenditures, and the natural log of the

initial number of theaters. The unit of observation is an installment of a franchise. Fixed franchise, year-

of-release and month-of-release effects are included. Cluster-robust standard errors (with each franchise

as a cluster) are in parentheses

*, **, and *** indicate statistical significance at the 10, 5, and 1% levels. The R-squareds are from the

deviation-from-means regressions (which remove the franchise fixed effects). Wald tests show the fol-

lowing statistically significant differences in each equation’s installment effects: 1) budget: 2 vs. each of

3, 4, and 5-and-higher (sig. at 10%); 2) actor: 4 vs. 5-and-higher (sig. at 10%); 3) director: 3 vs. 5-and-

higher (sig. at 10%) and 4 vs. 5-and-higher (sig. at 5%); 4) rating: none; 5) advertising: none; 6) theaters:

none
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Our conceptual framework assumes that the gap between installments, the

budget, and any changes in key inputs or product characteristics are determined

before marketing efforts and market outcomes are determined. Given this, it is

useful to assess whether controlling for these pre-determined variables impacts our

conclusions about installment effects.14 The results in Table 5 generally strengthen

the conclusions reached using Tables 3 and 4. Advertising and initial theaters lack

significant installment effects, which reinforces our prior conclusion that marketing

efforts do not diminish as additional installments are introduced. The tendency for

domestic and total revenue and ROI to fall in later installments is strengthened: in

each of these equations, all of the estimated installment effects are significantly

different from each other at the 5% level or better. The tendency for the foreign

share of revenue to rise remains present but is not as strong as in Table 4; the

estimated installment effects are not significantly different from each other. The

decline in the RT scores is stronger in Table 5 than in Table 4.

14 Of course, these pre-determined variables are still not necessarily causal because studios might revise

budgets, etc. in anticipation of impacts on outcomes. We lack useful instruments that would permit an

instrumental variables analysis of every endogenous variable (a standard problem in analyzing motion

picture performance). However, the controls are not our main focus; we are mainly assessing the

robustness of the installment effects.

Table 4 Initial fixed-effects models: market outcomes

Ln domestic

revenue

Ln total

revenue

Foreign

share

Ln ROI RT audience RT critic

Installment 2 - .38***

(.080)

- .30***

(.080)

.030***

(.0081)

- .42***

(.060)

- 12.73***

(2.03)

- 18.80***

(2.36)

Installment 3 - .54***

(.14)

- .39***

(.14)

.058***

(.019)

- .54***

(.11)

- 21.94***

(3.69)

- 25.49***

(4.24)

Installment 4 - .59** (.23) - .37*

(.21)

.088***

(.026)

- .53***

(.15)

- 27.07***

(4.80)

- 36.91***

(6.03)

Installment

5-and-higher

- .59** (.27) - .40

(.25)

.080**

(.033)

- .58***

(.17)

- 20.37***

(6.88)

- 25.78***

(7.50)

R-squared .40 .34 .56 .56 .43 .44

Dependent variables are natural logs of inflation-adjusted domestic and total revenue, the level of the

foreign share of revenue expressed as a fraction, the natural log of the ROI, and the levels of RT critic and

audience scores, which are percentages. The unit of observation is an installment of a franchise. Fixed

franchise, year-of-release and month-of-release effects are included. Cluster-robust standard errors (with

each franchise as a cluster) are in parentheses. 395 observations

*, **, and *** indicate statistical significance at the 10, 5, and 1% levels. The R-squareds are from the

deviation-from-means regressions (which remove the franchise fixed effects). Wald tests show the fol-

lowing statistically significant differences in each equation’s installment effects: (1) domestic revenue: 2

versus 3 (sig. at 10%); (2) total revenue: none; (3) foreign share: 2 versus 3 (sig. at 10%), 2 versus 4 (sig.

at 5%), 2 versus 5-and-higher (sig. at 10%), 3 versus 4 (sig. at 10%); (4) ROI: none (5) RT audience: 2

versus 3 and 2 versus 4 (sig. at 1%), 3 versus 4 (sig. at 10%); (6) RT critic: 2 versus 3 (sig. at 5%), 2

versus 4 (sig. at 1%), 3 versus 4 (sig. at 1%), 4 versus 5 (sig. at 10%)
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2.1 Effects of changes in product characteristics, inputs and the gap
between installments

The models in Table 5 control for within-franchise changes in key product

characteristics (the lead actor and MPAA rating) and a key input (the director).

Following Heath et al. (2015), we distinguish between changes that occur early in

the life of the franchise and those that occur later on, and we also consider the effect

of the gap between installments.15 The variables we include to capture changes have

impacts from the change onward; they shift the performance of the current film and

all future ones in the franchise.16 The gap variables are expressed as deviations-

from-mean within each installment. Using deviations-from-means does not impact

the coefficients on the gap variables, but it ensures a meaningful interpretation of the

installment effects: the estimated installment effects capture changes that occur if

there is no change in the production budget, marketing efforts, lead actor, MPAA

rating or director and if the gap between installments equals the mean gap between

those two installments. The effects of each gap also become permanent within the

franchise once they occur.

The results in Table 5 suggest that changing the lead actor in installment 2 is

associated with statistically significant and economically important reductions in

revenue and ROI. By comparison, ratings changes (another product characteristic)

and changes in the director (a key input) are not as important.17 The estimated gap

effects suggest that shorter gaps early in the life of the franchise are associated with

higher revenues, ROI and RT scores; the point estimates tend to diminish or change

sign as the installments progress.

Negative impacts might suggest that studios fail to optimize, but the results can

also be explained using our conceptual framework (in which studios trade off

expected ROI and risk and consider the option to extend the franchise further if the

next installment is successful) while considering constraints studios face along with

the potential endogeneity problems associated with OLS. Consider gaps. Movie

production involves coordinating many inputs at great expense. Thus, even if

shorter gaps are optimal, it might not always be possible or cost-effective to achieve

them. Producing multiple films in a franchise at once could avoid some delays, but

doing so is risky: if earlier installments do not perform well, the later ones will not

15 Heath et al. (2015) consider an aggregated measure of ‘‘innovation’’ that includes changes in actors,

ratings, directors, and other characteristics. We distinguish between a key input (the director) and two key

product characteristics (the lead actor and the rating). Basuroy and Chatterjee (2008) also consider the

gap between installments, but their sample size is not sufficient to interact gap effects with installment

effects as we do. The gap variables do not take on non-zero values until the referenced installment is

reached.
16 The variable for installments 3 and higher is a count of how many changes have occurred, so the

estimated coefficient applies to each change that occurs. Unreported analyses confirm that the most

important distinction is between changes in installment 2 and changes that occur in later installments;

estimating a separate coefficient for each installment does not yield additional significantly different

effects.
17 John et al. (2017) find that particular directors impact performance in a positive way. Our results

suggest that if these impacts are important in franchises, then directors tend to be replaced with others of

similar quality.
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either. Thus, studios might accept lower ROI on a film in preference to bearing the

risk of producing several flops in a short period of time. Endogeneity also helps

explain the results: studios likely pursue shorter gaps when they anticipate better

performance, which would result in a negative relationship between observed gaps

and performance.18

Similarly, the negative effect of changing the lead actor early on can be

interpreted using our framework. Managers in our framework voluntarily reduce

ROI only if doing so reduces risk or enhances the option to make further

installments. It is unlikely that changing the lead actor early on would reduce risk,

and it is also unclear how doing so could enhance the option to make further

installments. This leaves two possibilities. First, it is possible that managers

anticipate even worse performance if the lead actor is not replaced; perhaps the

franchise is worth continuing but requires a substantial reboot. Second, the change

might be beyond the manager’s control. Useful instruments allow us to explore this

possibility further: Lead actors who are stars and/or those who appeared in other

movies in the period immediately prior to the release of installment 1 likely have

higher opportunity costs than other actors, and thus they are more likely to leave

because of exogenous other opportunities.19

Table 6 provides 2SLS instrumental variables analyses. The second stage is the

first-difference of Eq. (1) using installments 1 and 2; yij ¼ ln ROIij. We focus on the

change in the lead actor (denoted x2j) as the sole endogenous variable of interest and

drop the other elements of xij from the model. The resulting system of equations

when installment 1 is released in month m of year t and installment 2 is released in

month m0 of year t0 is:

ln ROI2j � ln ROI1j ¼ k2jm0 � k1jm þ g2jt0 � g1jt þ b1x2j þ u2j ð2Þ

x2j ¼ v2jm0 � v1jm þ n2jt0 � n1jt þ uz2j þ v2j ð3Þ

where b1 is the coefficient of interest, u2j ¼ e2j � e1j, vijm is a binary calendar month

effect (analogous to kijm), nijt is a binary year effect (analogous to gijt), z2j is the

instrument, u is a parameter, and v2j is a residual. As an example of the results,

Column (2) shows that the probability that the lead actor changes in installment 2

rises by 23 percentage points if the initial lead actor appeared in a movie released

during the 365 days prior to the release of installment 1. The second-stage coeffi-

cient is � :99. The Staiger–Stock (1997) F-statistic is below 10, so the instrument is

weak, but the Anderson–Rubin (1949) AR test, which is robust to weak instruments

(implemented by Finlay and Magnusson (2009) in Stata), confirms that the lead-

18 It is also worth noting that the negative relationship might not hold when gaps are extremely short

(under 1 year, for example). We do not have many observations of extremely short gaps between

installments, so using the model to infer outcomes associated with such gaps is comparable to conducting

an out-of-sample forecast.
19 In contrast, appropriate instruments are not available to sort out exogenous versus endogenous effects

of all of the changes we consider in Table 5. For example, articles in Variety, Daily Variety and

Hollywood Reporter suggest that studios are capable of predicting which rating they will obtain, and in

some cases movies are modified post-production to ensure a particular rating. Thus, rating changes do not

appear to be driven by exogenous forces.
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actor effect is significant at the 5% level. The point estimates in the 2SLS models

are more negative than the OLS point estimate of - .25, although in every case

- .25 remains in the 95% confidence interval.20

2.2 Evolution of risk

The models in Table 5 allow us to assess how risk evolves as installments are

released. We predict the next installment’s outcome using the estimated coefficients

from the table but update the franchise fixed effects only as data becomes available.

Thus, we use aj ¼ 0 to predict the outcome of installment 1 (all models contain a

constant term, so 0 is the mean aj). For subsequent installments, we estimate aj by

setting the sum of the previous franchise-specific residuals equal to zero (estimates

20 Our results are also consistent with those of Han and Ravid (2016), who find important negative

impacts of exogenous departures of stars in Broadway theater shows. Of course, in the case of movies (in

contrast to Broadway shows), changes in the lead actor are typically accompanied by substantial changes

in the storyline and are often part of an effort to reboot the franchise (Bohnenkamp et al. 2015). Thus, our

estimates of lead-actor effects are unlikely to be attributable solely to the change in the actor; the effects

are also due to the substantial changes in product characteristics compared to previous installments.

Table 6 2SLS instrumental variables regressions

First stage: (1) (2) (3) (4)

None (OLS)

Lead actor of installment 1 was in at least one other

movie in the 365 days prior to the release of

Installment 1

.23**

(.097)

Lead actor of installment 1 was in at least one other

movie in the 365 days prior to the release of

Installment 1 and has been a lead actor prior to the

release of Installment 1

.18*

(.097)

Lead actor of installment 1 was one of the top 5 billed

actors in at least one movie in the 365 days prior to

the release of Installment 1

.18* (.10)

Second stage:

Lead actor changed in installment 2 - .25**

(.12)

- .99**

(.41)

- 1.41**

(.64)

- 1.66**

(.79)

R-squared .61 .46 .24 .056

Staiger–Stock F-statistic 7.43 4.47 3.90

AR statistic 5.84** 7.75*** 9.39***

The dependent variable in the second stage is the difference in Ln ROI from installment 1 to installment

2. The endogenous independent variable (the dependent variable in the first stage) is whether the lead

actor changed in installment 2. Instruments employed are described in the table. Both stages include

binary year and calendar month effects in difference form. Cluster-robust standard errors (with each

franchise as a cluster) are in parentheses, and the significance levels associated with these are indicated in

the table. In the case of the endogenous independent variable in the 2SLS models, the AR statistic is

appropriate for assessing significance. 129 observations

*, **, and *** indicate statistical significance at the 10, 5 and 1% levels
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of fixed effects set the sum of residuals equal to zero). This implies that to predict yij

when i[ 1, the franchise effect employed is

baj ¼
P

k\i ðykj � bykjÞ
i � 1

ð4Þ

where bykj is the prediction from the appropriate model in Table 5 when aj ¼ 0.

Using this approach, we predict yij for all movies. Then, we compute the root-mean-

square error (RMSE) of these predictions by installment to assess how predictability

evolves as installments are released. The RMSE measures risk: if it is larger, it is

more difficult to predict the outcome. We focus on the three main financial out-

comes: domestic revenue, total revenue and ROI (all in natural log form). Table 7

provides the results. In each case, the RMSE falls in later installments. Thus, our

results suggest a tradeoff: performance declines in later installments, but so does

risk.

2.3 Franchise extensions

We do not observe explicit franchise terminations; we only observe that no further

installment has been released by the time the data is collected. Given this, we

estimate duration models to obtain insight into terminations. We assume that a

prediction of a long gap until the next installment is associated with a higher

likelihood of franchise termination. Our data suggests this assumption is reasonable:

as Table 1 shows, the median gap between installments is approximately 3 years,

and the distribution is skewed to the right (80% of observed gaps are 5 years or

less).

There are several varieties of duration models, but preliminary tests indicated that

a log-logistic model is appropriate.21 A log-logistic duration model is essentially a

linear regression model with censoring. Starting from installment i in franchise j, the

natural log of the time until the next installment (tij, measured in months) is a linear

function of variables wij:

21 Due to space constraints and the availability of thorough textbook treatments (see Cameron and

Trivedi (2005) and the Stata v14 manual), we do not provide more details on duration models; Eq. (5)

(the accelerated failure time form of our model) is sufficient for the discussion that follows in the text. A

log-logistic model allows for the empirical durations we observe (installments are most likely to be

observed with a gap of 2–3 years; lower or higher gaps are less likely). Our main conclusions are robust

to reasonable alternative specifications.

Table 7 RMSE of revenue and

ROI forecasts by installment

Table entries are the RMSEs

computed as described in the

text

Installment Ln domestic revenue Ln total revenue Ln ROI

1 .67 .66 .66

2 .45 .43 .42

3 .38 .38 .39

4 .41 .43 .42

5-and-higher .36 .37 .36
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ln tij ¼ w
0

ijdþ xj þ mij ð5Þ

where d is a parameter vector, xj is a random franchise effect (normally distributed

with mean 0 and variance h) and mij follows a logistic distribution. Each film is an

observation, and the dependent variable is either the time until the next installment

or the time until the end of the sample period (in which case the observation is

censored). The random franchise effects allow for the possibility that some fran-

chises tend to have longer gaps than others. Estimation is more complicated than in

a typical random effects model because of censoring but straightforward in Stata.

In preliminary analyses, we found that advertising expenditures and the initial

number of theaters have insignificant effects on durations. Given this, in order to

avoid losing observations due to missing data on advertising expenditures and

theaters, we exclude these variables from the model, and we use a simple measure

of ROI: total revenue divided by the production budget. The natural log of this

‘‘simple ROI’’ is very highly correlated with ln(ROI) (.89), so this substitution has

essentially no impact on the estimated effect of ROI. In the results we report, we

drop the first installment in each franchise from the estimation sample. Including

first installments potentially biases results toward predicting short gaps (a lower

likelihood of termination) because each franchise has at least two films. Dropping

the first installments also allows us to consider whether lagged values of

independent variables impact durations. However, the main conclusions we reach

are robust to including the first installment or dropping the first two installments.

Table 8 provides the results. Column (1) includes only the natural log of the

simple measure of ROI and its lag. Column (2) adds the effects of the budget and the

foreign share of revenue. Column (3) includes RT Audience, early and late changes

in the lead actor, director and rating, binary installment effects and a time trend.

Column (4) includes all of the effects in Column (3) along with several additional

control variables: we include binary effects for creative type, genre, MPAA rating,

animated movies and any award (see Table 2).

In all of the columns, the current film’s ROI is a critical determinant of the time

until the next installment, and the ROI of the preceding film has a statistically

insignificant and economically small effect. Thus, the financial performance of the

most recent installment matters more for guiding extensions than the prior history of

the franchise.22 Interpreted using Eq. (5), the coefficient on ln ROI is an elasticity: a

coefficient of - .80, for example (Column (1)), indicates that doubling the ROI

causes the time until the next installment to fall by 80%. Thus, the effects are clearly

economically important. Under our assumption that long gaps are associated with a

higher likelihood of franchise, termination, the results suggest that franchises with

high ROI in the current installment are more likely to be extended. Columns (2)–(4)

show that the effects of the budget and foreign share of revenue are also statistically

significant and economically important. We conclude that higher-budget films and

those with a lower foreign share of revenue are more likely to be extended.

22 Considering the lags of other variables does not overturn this conclusion, so for brevity we have

eliminated all other lags from the models we present.
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Adding additional controls (Columns (3) and (4)) does not change our

conclusions about the effects of ROI, the budget, or the foreign share of revenue,

and we obtain additional insights. While early changes in the key inputs and product

characteristics lack statistically significant effects, late changes in these variables

result in statistically significant shorter gaps in at least one of the models. In our

interpretation, such changes increase the likelihood that the franchise continues. As

an example, the results in Column (3) indicate that changing the lead actor in

Table 8 Duration models of time until the next installment

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

Ln simple ROI - .80***

(.16)

- .96***

(.15)

- .92***

(.14)

- 1.07***

(.17)

Lag Ln simple ROI .16 (.11) .11 (.11) - .032

(.13)

.092 (.13)

Ln budget - .40***

(.12)

- .45***

(.14)

- .55***

(.15)

Foreign share of revenue 1.41***

(.50)

1.56***

(.53)

2.06***

(.48)

RT audience - .0020

(.0056)

- .0013

(.0054)

Lead actor changed and the current installment is

installment 2

- .11

(.29)

.0093 (.30)

Lead actor changed and the current installment is

installment 3 or higher

- .37**

(.17)

- .26 (.16)

Director changed and the current installment is

Installment 2

.17 (.20) .18 (.20)

Director changed and the current installment is

installment 3 or higher

- .26*

(.16)

- .24*

(.14)

Rating changed and the current installment is

installment 2

.59 (.52) .44 (.58)

Rating changed and the current installment is

installment 3 or higher

- .28

(.20)

- .51***

(.19)

Installment 2 - .32

(.24)

- .44*

(.25)

Installment 3 .32* (.18) .25 (.18)

Installment 4 .22 (.15) .17 (.14)

Year (trend) - .0077

(.0089)

- .018**

(.0079)

h .39***

(.14)

.46***

(.13)

.48** (.20) .31** (.15)

Binary franchise characteristics included No No No Yes

Table entries are coefficients from Eq. (5) (the accelerated failure time form of the duration model) along

with the variance of the franchise-specific random effects. The estimation subsample drops the first

installment from each franchise. Cluster-robust standard errors (with each franchise as a cluster) are in

parentheses. 290 observations

*, **, *** indicate statistical significance at the 10, 5 and 1% levels
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installment 3 or higher reduces the expected time until the next installment by 31%

ððexpð�:37Þ � 1Þ; the impacts of other binary effects can be computed the same

way). The estimated installment effects suggest that, in comparison with install-

ments 5-and-higher (the base installment effect), installment 2 is more likely to

result in an extension and installment 3 is less likely to result in an extension. The

latter result suggests that installments beyond the third are unlikely, but that if a

franchise can last, eventually future installments become more likely. There is also

some evidence in favor of a time trend that contributes to shorter durations—this is

consistent with the franchising strategy becoming more popular in recent years.23

3 Conclusion

The results suggest several insights for managers of film franchises, investors in

franchisable products, and scholars interested in motion picture performance.

Stakeholders should expect performance to deteriorate as extensions are introduced:

cumulative box office revenues, ROI and audience and critical reviews tend to fall

in later installments while inflation-adjusted production budgets tend to rise,

advertising budgets remain roughly unchanged, and distribution efforts do not

diminish. Interestingly, the fraction of box office revenue attributable to foreign

markets rises in later installments. Industry practitioners and commentators in the

business press have asserted that later installments in film franchises tend to appeal

more to foreign audiences (see Moreshead 2012; Obst 2013), but we are the first to

provide large-sample evidence that addresses this claim.24 Offsetting deteriorating

performance, risk falls as installments progress: revenue and ROI become more

predictable.

Early changes in the lead actor are associated with reduced ROI in OLS and

2SLS analyses. Thus, early in the life of the franchise, satiation effects that might

reduce performance (Sood and Dreze 2006) must be balanced against benefits

associated with continuity of key characteristics that audiences associate with the

franchise. This result is similar to those of Heath et al. (2015), who show that early

substantial ‘‘innovations’’ within a brand are associated with worse performance

while later ones are not. Our results suggest that changing the lead actor is

associated with larger impacts than changing other product characteristics (the

MPAA rating) or a key input (the director).

23 The remaining effect we report—RT Audience—has an insignificant and economically small effect.

Replacing RT Audience with RT Critic does not change this conclusion. The high correlation between the

two RT scores (.73) makes distinguishing their effects challenging (see Basuroy et al. 2014), so we

include only one of the two scores in the model.
24 There are many possible explanations for this finding. Domestic consumers might be more willing to

watch first installments because of higher incomes or different tastes, and the greater availability of

alternative entertainment options might make them less likely to consume sequels. Franchises might take

more time to build an audience in foreign markets, and extensions may be more attractive to foreign

consumers for cultural reasons (Monga and John 2007). Akdeniz and Talay (2013) find that the positive

relationship between sequels and performance is weaker in countries with individualistic cultures. Their

results are consistent with ours: U.S. consumers are among the most individualistic and move on to other

entertainment products more readily.
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The likelihood of a further extension depends critically on the financial

performance of the most recent installment. The results of our duration analysis

show that a high ROI on the most recent installment makes the next installment

occur sooner. Under our assumption that predictions of long durations are associated

with a higher likelihood of franchise termination, the model suggests that an

extension is more likely to occur if the ROI of the current film is higher. Other

financial variables also matter: a high budget on the most recent installment and a

low foreign share of revenue make continuation more likely. Durations have an

inverted-U relationship with the installment number: a fourth installment takes

longer to materialize (which suggests that franchise terminations are more likely

after the third installment), but if the franchise can make it past the fourth

installment, further extensions become more likely (James Bond and Star Trek are

extreme examples of this). Changes in key product characteristics and inputs in later

installments also help prolong the life of the franchise.

An interesting issue we leave for future work is attrition bias: we have not

controlled for the endogeneity of the existence of the installment in the models of

performance. In the cases of revenue and ROI, controlling for attrition bias would

only strengthen our results: studios only make movies they expect to perform well,

so if anything, installment effects in those models are biased upward. However, the

impact of attrition bias on the other models is less clear. Testing for attrition bias is

challenging in our context, because we do not observe an explicit franchise

termination decision, and as a result, we cannot employ standard approaches that

rely on a binary indicator of whether attrition has occurred. Developing and

employing appropriate tests in this context is an interesting area for further research.
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