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A B S T R A C T   

Weekly box office revenues for motion pictures show a pattern where peak revenues often appear in the first 
week, and then new revenues slowly die out. This paper proposes a simple model to describe such box office 
revenues. The new model assumes that there are two types of adopters, with the first being the moviegoers who 
are aroused to go to a movie based on intrinsic motivation, possibly aroused by trailers, advertising and social 
media content, and a second type of moviegoers who enjoy shared consumption. A second key feature of the 
simple model, which involves basic logistic diffusion patterns, is that the first type starts adopting already before 
the launch of a movie, but can only go a movie when it is launched, while the second type starts to adopt right 
from the launch onwards. The sum of the two S-shaped diffusion processes only gets observed from the launch of 
a movie onwards. Parameter estimation turns out to be easy as is illustrated for forty top lifetime grosses (as per 
2020) for the USA.   

1. Introduction and motivation 

This paper deals with modeling the diffusion in the motion picture 
industry, here in particular and as an illustration, the USA market with a 
focus on the weekly box office data for the forty top movies (as of May 
2020) .1 Typical cumulative revenues observations look like those as in 
Fig. 1, which depicts the cumulative revenues (in millions of USD) for 
Star Wars: Episode VII The Force Awakens. Clearly, there is no visible S 
shaped pattern.2 At the same time, if there would have been an inflection 

point, it would have occurred before the launch of the movie. This makes 
the application of a single standard Bass (1969) model infeasible.3 

The focus of the present paper is not on (pre-launch) forecasting4 nor 
on features of the movies that moderate the patterns,5 but instead it is on 
describing the data like in Fig. 1 using a model that allows for an 
interpretation concerning two types of adopters (consumers). The first 
type of adopters is assumed to adopt already before the launch, but these 
adopters can only go to a movie at or from the time of launch. The 
second type of adopters starts to adopt at the time of the launch. It is the 

✰The author is very grateful to the detailed comments made by three anonymous reviewers, which greatly helped to improve the paper. 
E-mail address: franses@ese.eur.nl.   

1 The model to be proposed in this study can also be used to predict the total number of adopters of a movie, at least when the first observation (the number of 
adopters at the launch) is available. In that sense the angle taken in the present paper differs from various recent studies which seek to predict the total number of 
adopters based on pre-launch information, see Walls and McKenzie (2020), Lee, Kc, and Joon (2020), Lu, Wang, and Bendle (2020), Bae and Kim (2019), and Song 
et al. (2019) to mention just a few.  

2 The literature has many studies on modeling services (watching a movie may be treated as a service) in the way the diffusion of durable products is modeled. 
Examples of diffusion processes assumed for services are the logistic function and the Bass model, see Danaher, Hardie, and Putsis (2001), Fildes and Kumar (2002), 
Jun and Park (1999), Kang and Park (2019), Scaglione, Giovannetti, and Hamoudia (2015), and Shin, Jung, and Koo (2020), among various others.  

3 The Bass model incorporates adopters who innovate and adopters who imitate. A drawback of this model, as summarized in van den Bulte and Stremersch (2004), 
is that is difficult to exactly separate these two types of adopters from each other using data on a single diffusion process. Also, estimation problems arise when the 
inflection point is not in the data.  

4 For forecasting purposes, one may decide to fit a simple Weibull model to the data, see for example Moe and Fader (2002) or a logarithmic function. These models 
however do not have an interpretation in terms of two types of adopters, which is pursued in the present paper. A logarithmic curve may follow from agent-based 
modeling and simulation, see Lee et al. (2013).  

5 Relevant academic studies are Delre et al. (2016) who study the effect of shared consumption on product life cycles, Anslie et al. (2005) who study the movie life 
cycles in the context of market share models, Basuroy et al. (2006) who examine the impact of signals as sequels and advertising in the movies industry, whereas 
Hennig-Thurau et al. (2006) also incorporate studio actions and movie quality, and where Libai et al. (2013) also address word of mouth. An often-considered 
forecasting model is proposed in Sawhney and Eliashberg (1996). 
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aim of the new model to elicit the adoption patterns of the two types of 
adopters, given that the data show patterns as in Fig. 1. Also, the size of 
the two clusters of adopters can be estimated and evaluated. Of course, 
many other functional forms can be matched with the data, like the 
Weibull function or a logarithmic function, but these do not allow for an 
interpretation in terms of two types of adopters. 

The present paper proposes a simple model to describe box office 
revenues.6 A key feature of this new model is that it assumes two types of 
adopters, say the moviegoers who are aroused to go to a movie based on 
intrinsic motivations, possibly aroused by trailers and advertising (see 
Song et al., 2019), and a second type of moviegoers who enjoy shared 
consumption (see Delre et al., 2016). A second key feature of the model, 
which involves two basic but distinct logistic diffusion patterns, is that 
the first type of consumers starts adopting already before the launch of a 
movie, while the second type starts to adopt right from the launch on-
wards. The sum of the two diffusion processes mimics exactly the typical 
patterns in box office revenues, as will be demonstrated in Section 2. The 
parameters can be easily estimated using Nonlinear Least Squares. A 
related model for similar purposes is proposed in Beck (2007). In that 
study it is assumed that the adoption processes for both types of adopters 
are of the same shape.7 In the present paper this restriction is not 
imposed, and with empirical data it shall also be demonstrated that in 
practice the shapes can be different indeed. 

The outline of this paper is as follows. Section 2 proposes a simple 
model and shows that artificially generated data from such a model 
mimic exactly the observable patterns in weekly box office revenues. 
Section 3 illustrates the model for forty top movies (as observed until 
May 2020). Various relationships between the estimated variables and 
parameters are explored. One result is that the revenues from the two 
types of adopters are apparently of equal size, a finding that could be 
interesting to marketeers. Section 4 summarizes the conclusions, limi-
tations, and avenues for further research. 

2. A new and simple model 

Typical weekly box office revenues look like as depicted in Figs. 1 
and 2. Fig. 2 also concerns Star Wars: Episode VII, The Force Awakens, a 
movie from 2015, where the data now are the weekly revenues and not 

the cumulative revenues. The first week witnesses the most revenues, 
and after that, cumulative revenues slowly approach the final total 
amount of revenues. Obviously, the data in these two graphs do not seem 
to associate with the familiar S shaped pattern that is typical for new 
product diffusion. Note that the focus is on revenues as, typically, data 
on individual adoptions are not available. This also means that the un-
derlying assumptions are that people can go and see the movie more 
than once, also at different prices. And, it can also not be excluded that 
an individual belongs to each of the two types of adopters. 

The patterns in Figs. 1 and 2 are by no means exceptional, as can be 
learned from Fig. 3, which depicts the cumulative revenues for forty top 
movies in the USA. The forty movies are presented in Table 1, where the 
table also gives the first week revenues, the total revenues, the year of 
release, and the number of weeks the movie was shown in cinemas.8 

Clearly, Fig. 3 shows that the revenues of all movies have the same 
pattern as weeks proceed. At first sight it seems that the data concern a 
truncated diffusion process. That is, it seems that only data after or 
beginning with peak adoptions (new revenues) are available. 

This section now proposes a simple model that incorporates under-
lying S shaped diffusion processes with straightforward interpretation,9 

which can exactly describe the patterns in the data. The assumption is 
that there are two types of movie adopters, and these are called adopters 
(groups) 1 and 2, G1 and G2. The first type of moviegoers is supposed to 
be aroused to go to a movie, earlier than the actual launch of the movie, 
based on intrinsic motivations, possibly stimulated by trailers and 
advertising and all kinds of arousals via social media (see Song et al. 
2019). The second type of moviegoers could be of the type that enjoys 
shared consumption and is looking for an experience (see Delre et al., 
2016), and starts to adopt the movie from the launch moment (in the 
first week). Of course, no hard proof can be given to the two labels, but it 

Fig. 1. Cumulative revenues (in millions of USD) for Star Wars: Episode VII The 
Force Awakens. The horizontal axis gives the weeks and the vertical axis gives 
the amount in millions of USD. 

Fig. 2. Weekly revenues (in millions of USD) for Star Wars: Episode VII The 
Force Awakens. The horizontal axis gives the weeks and the vertical axis gives 
the amount in millions of USD. 

6 Geroski (2000) and De Vany and Walls (1996) propose models that aim to 
describe similar features, but these models are more difficult to analyze using 
actual data. The interpretation of the parameters in the model in the present 
paper is immediate and straightforward.  

7 Van den Bulte and Joshi (2007) propose a similar model as the one in Beck 
(2007). 

8 For some movies there were breaks of a few weeks, after which the movie 
returned. These intermediate weeks are discarded. Some movies had special 
editions in later years, but these are not included here. All data concern the 
original releases. The data used in this paper can be obtained from the author. 
All estimation is done using the Eviews (version 11) package.  

9 The inspiration for this model originates from the model in Norton and Bass 
(1987), where successive generations of product diffusions are modeled. The 
idea in the present paper is not to model successive generations, but to model 
the sum of the generations at the same time. It can also be that there are more 
than two generations, but this is not pursued here. Also, what are viewed as 
generations, is here taken as two types of adopters. 
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seems to be a sensible proposition. 
It is assumed in this paper that each generation can be described by 

an S shaped logistic curve,10 like 

Gi,t =
mi

1 + exp( − γi(t − τi))

with the steepness parameters γi > 0 and the inflection points τi > 0, for i 
= 1,2, and where m1 and m2 are the final maturity levels of each of the 
two types of adopters1112. The sum of the two diffusion processes is 

G1,t + G2,t =
m1

1 + exp( − γ1(t − τ1))
+

m2

1 + exp( − γ2(t − τ2))

The parameters m1, γ1 and τ1 are associated with the moviegoers 
who adopt prior to launch, where the parameters m2, γ2 and τ2 are 
associated with adopters who adopt from the launch. Fig. 4 presents two 
such diffusion processes, where m1 = 100, τ1 = 25, γ1 = 0.2 and m2 =

200, τ2 = 15, γ1 = 0.2, and t = 1, 2, 3,…, 50. Fig. 5 presents the sum 
of the diffusion series with the assumption that the launch is at t = 15, 
which is the inflection point for the second type of adopters, and this 
explains the starting point t = 15 on the horizontal axis. Clearly, the 

hypothetical observations in Fig. 5 look very much like the data pre-
sented in Fig. 3. 

Adding an error term, one obtains the simple model13 

Cumulative weekly revenuest =
m1

1 + exp( − γ1(t − τ1))

+
m2

1 + exp( − γ2(t − τ2))
+ εt (1) 

When analyzing actual cumulative revenues data, one can impose 
two restrictions on the parameters in (1).14 The first is that, in the end, 
total revenues are known, hence m1 + m2 is known, that is, the final total 
amount of revenues. This shows again that the model in (1) is not 
intended to provide forecasts for m1 + m2, but instead to provide esti-
mates of m1 and m2, and thus all observations are included. A second 
useful parameter restriction is that the inflection point for the second 
generation occurs in the first week, so τ2 = 1. Quite conveniently, 
imposing these restrictions allows the straightforward use of Non-Linear 
Squares (NLS), which also gives estimated standard errors. To summa-
rize, NLS will provide estimates for m2, γ1, τ1, and γ2. An estimate of m1 

can be retrieved from subtracting m2 from the final total revenues. 
For actual data, the data counter would look like t = − T1, …., − 2,

− 1, 0, 1,2,…, T2, where − T1 marks the moment of the first attention 
to the movie, perhaps due to advertising, trailers or social media news 
on actors and directors, and where T2 is the final week of screening. The 

Fig. 3. Cumulative revenues (in millions of USD) for top 40 lifetime grosses (source: www.boxofficemojo.com, data retrieved May 2020). The horizontal axis gives 
the weeks and the vertical axis gives the amount in millions of USD. 

10 There are plenty of alternative functional expressions that can match S 
shaped patterns, see for reviews for example Mahajan, Muller and Wind (2000), 
Meade and Islam (2006), and Peres, Muller and Mahajan (2010), but here I 
choose for the logistic form because of its ease of interpretation and its ease of 
parameter estimation.  
11 In the notation of Beck (2007) equation (4), m1 = θM and m2 = (1 − θ)M, 

and hence m1 + m2 = M. Furthermore, Beck (2007) adopts a Bass type diffusion 
curve with for both types of adopters the same parameters, p and q, the inno-
vation and imitation parameters.  
12 A model that bears similarities with the present model is the double Weibull 

model in Moe and Feder (2002). However, in their case, they have actual data 
on advanced purchases, and these are not available for movies. 

13 This model bears similarities with frequently used specifications of so-called 
artificial neural networks, see Chapter 5 of Franses and van Dijk (2000). An 
advantage of this functional form is that it can fit almost any pattern in the data, 
see Hornik, Stinchcombe and White (1989,1990). The fit of the model, as will 
become clear below, is indeed very good.  
14 One may also decide the rewrite (1) such that the dependent variable 

become weekly revenues instead of cumulative revenues, as is recommended in 
Srinivasan and Mason (1986). To save space, this is not pursued here. 
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various numbers of T2 for the forty movies are given in the last column of 
Table 1. 

Once the parameters are estimated using NLS, it may be interesting 

to examine, across multiple cases, a few relations amongst parameters 
and relations amongst parameters and variables. First, one may wonder 
whether 

m1 < m2  

or not. In words, is the total amount of moviegoers who adopt a movie 
before its launch smaller than the total amount of the second type of 
adopters? Also, given the different motivations to go to the movies, it 
may be that 

γ2 > γ1 

If these latter two parameters are indeed different, this would pro-
vide empirical evidence that the new model in this paper improves on 
the model in Beck (2007). The success of trailers and commercial ac-
tivities may be observed from a positive relationship between the frac-
tion of adopters in the first generation T1 weeks before launch and the 
final total revenues of the number of weeks a movie is screened. The first 
type of adopters is not necessarily in a hurry to watch the movie in the 
first week. This fraction of first type adopters is measured by 

m1

1 + exp( − γ1(− T1 − τ1))

Similarly, one may expect that a later inflection point τ1 for the first 
type of adopters may make the number of weeks T2 to increase too. 

3. Forty top movies in the USA 

This section considers the two types of adopters’ model for the cu-
mulative revenues in (1) for forty top movies in the USA. The movies are 
listed in Table 1. All parameters are estimated using NLS. As an illus-
tration, the estimation results for Avengers: Endgame (2019) are 

m2 = 256 (17.9)

γ1 = 1.40 (0.06)

τ1 = 0.78 (0.02)

γ2 = 0.33 (0.02)

where the estimated standard errors are in parentheses. Clearly, the 
estimates of γ1 and γ2 are different, given the estimated standard errors. 
The R2 = 0.999, and such a high value is obtained for about all movies. 
As a second example, the estimation results for Toy Story 3 from 2010 
are 

m2 = 293 (92.9)

Table 1 
Top 40 movies (as in May 2020). Source: www.boxofficemojo.com, with the 
week 1 and total revenues, year of release, and the number of weeks in cinemas.   

Millions 
USD 

Year Weeks 

Week1 
Total 

1. Star Wars Episode VII – The Force Awakens 390 936 2015 24 
2. Avengers: Endgame 473 858 2019 20 
3. Avatar 137 749 2009 24 
4. Black Panther 291 700 2018 25 
5. Avengers: Infinity War 338 680 2018 20 
6. Titanic 52 600 1997 42 
7. Jurassic World 296 652 2015 24 
8. The Avengers 270 623 2012 22 
9. Star Wars: Episode VIII – The Last Jedi 296 620 2017 18 
10. Incredibles 2 269 608 2018 26 
11. The Lion King 275 543 2019 20 
12. The Dark Knight 238 533 2008 33 
13. Rogue One: A Star Wars Story 221 532 2016 20 
14. Star Wars Episode IX – The Rise of Skywalker 289 515 2019 13 
15. Beauty and the Beast 228 504 2017 17 
16. Finding Dory 213 486 2016 25 
17. Frozen II 202 477 2019 17 
18. Star Wars Episode I – The Phantom Menace 40 431 1999 32 
19. Star Wars Episode IV – A New Hope 0.49 216 1977 30 
20. Avengers: Age of Ultron 235 459 2015 23 
21. The Dark Knight Rises 225 448 2012 21 
22. Shrek 2 20 441 2004 19 
23. E.T. the Extra-Terrestrial 21 359 1982 53 
24. Toy Story 4 178 434 2019 24 
25. Captain Marvel 196 427 2019 17 
26. The Hunger Games: Catching Fire 222 425 2013 19 
27. Pirates of the Caribbean: Dead Man’s Chest 196 423 2006 22 
28. The Lion King 0.60 313 1994 28 
29. Jurassic World: Fallen Kingdom 204 417 2018 15 
30. Toy Story 3 167 415 2010 24 
31. Wonder Woman 147 413 2017 23 
32. Iron Man 3 212 409 2013 19 
33. Captain America: Civil War 223 408 2016 20 
34. The Hunger Games 189 408 2012 24 
35. Spider-Man 151 404 2002 15 
36. Jumanji: Welcome to the Jungle 16 405 2017 24 
37. Jurassic Park 81 357 1993 56 
38. Transformers: Revenge of the Fallen 91 402 2009 17 
39. Frozen 26 401 2013 33 
40. Spider-Man: Far from Home 92 401 2019 17  

Fig. 4. Two types (groups) of adopters for movies (G1 and G2). The horizontal 
axis gives the weeks and the vertical axis gives the hypothetical amount in 
millions of USD. 

Fig. 5. The sum of the two types of adopters (G1 + G2), at and after launch in 
week 15. The horizontal axis gives the weeks and the vertical axis gives the 
hypothetical amount in millions of USD. 
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γ1 = 0.47 (0.07)

τ1 = 3.84 (2.51)

γ2 = 1.19 (0.25)

with an R2 = 0.998. These two sets of estimation results show that a 
variety of outcomes is possible. 

To illustrate the results visually, consider Fig. 6 with the estimated 
cumulative revenues for the two types of adopters for Star Wars: Episode 
VII The Force Awakens, and Fig. 7 the estimated revenues for the same 
movie. Clearly, the underlying two adopter types can be retrieved from 
the data, and we see that these diffusion patterns are different. Note that 
the exact values for G1,t and G2,t in week 1 are not identified, although 
some extrapolation methods may now be helpful, if one would have an 
interest in these values. 

Table 2 provides various summary statistics of the forty estimated 
sets of parameters. The mean and median of the estimated maturity 
levels m1 and m2 are about equal. A regression of m2 − m1 on a constant 
gives a t-test value of − 0.607. So, indeed it can be concluded that m1 =

m2, which is an interesting result. A social change aspect of this result is 
that apparently the clusters of the two adopter types have a similar size. 
This means that social and other media play a very important role in 
arousing preferences for movies even though the movies have not yet 
been launched. Similar conclusions are drawn in Song et al. (2019). Pre- 
launch marketing activities have become very important and influential. 
It is likely the case that this becomes even more so in the future. 

The statistics for γ1 and γ2 in Table 2 suggest that the mean and 
median of the latter are about twice as large as for the first. A similar 
regression as before gives γ2 − γ1 = 0.54 (0.19), so indeed, γ2 > γ1. 
Hence, for these data the related model in Beck (2007) would have been 
too restrictive. 

The average of the forty τ1 estimates suggests a mean peak revenue 
after 3 weeks for the first type of adopters. The standard deviation is 
large, relative to this average, which suggests a substantial variation 
across the movies. 

Setting T1 = 9, which corresponds with 10 weeks before launch, and 
running a regression like 

Total final revenues = α + β
(

1
1 + exp( − γ1(− 9 − τ1))

)

+ ε  

results in 

α = 502 (35.4)

β = − 136 (619)

with estimated standard errors in parentheses. Hence, earlier adoption 
by the first generation, here 10 weeks before launch, does not associate 
with a larger total amount of revenues. When the same regression is 
considered for the number of weeks, one obtains 

α = 19.8 (1.32)

β = 606 (108)

Hence, more trailers and advertising can associate with more weeks. 
In other words, more marketing efforts prior to launch make movies to 

Fig. 6. Cumulative revenues for the two types of adopters for Star Wars: 
Episode VII The Force Awakens. The horizontal axis gives the weeks and the 
vertical axis gives the amount in millions of USD. 

Fig. 7. Revenues for the two types of adopters for Star Wars: Episode VII The 
Force Awakens. The horizontal axis gives the weeks and the vertical axis gives 
the amount in millions of USD. 

Table 2 
Summary statistics of estimated parameters for forty movies.   

Mean Median Maximum Minimum Standard deviation 

m1  258 253 602 74 124 
m2  237 230 504 0 142 
γ1  0.66 0.50 2.03 0.11 0.47 
γ2  1.20 1.18 4.81 0.02 0.91 
τ1  3.43 2.78 17.50 0.16 3.40  

Fig. 8. Total box office revenues versus box office revenues in the first week.  
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last longer in cinemas. 
Finally, Fig. 8 shows that a good predictor for total final revenues is 

the amount of revenues in the first week. The regression result is 

Total final revenues = 318 + 0.96 Revenues in the first week  

with the associated standard errors being 30.8 and 0.14, respectively, 
and R2 = 0.54. This result can be used as a simple forecasting scheme, to 
be used already in the first week of launch. 

4. Conclusion 

This paper has proposed a simple model to describe weekly box office 
revenues. It consisted of the sum of the revenues of two types of 
adopters, one of which started to adopt before the launch data, whereas 
the second type of adopters starts adopting right in the first week. Pa-
rameters can be estimated quite easily, and inference across movies can 
be drawn. 

One of the conclusions is that the maturity levels associated with the 
two types of adopters are about equal in size. This is of course a statis-
tical result and cannot be verified using actual data. In fact, this a one of 
the limitations of the model, that is, one cannot observe the two types of 
adopters and one can only retrieve their observations from the esti-
mates.15 Yet, at the same time, the model can reproduce the main fea-
tures of the data, and the estimation results showed an excellent fit with 
R2 values very close to unity. 

Another conclusion seems to be that marketing efforts before launch 
do not have much predictive value for the total amount of revenues in 
the end. On the other hand, these efforts do have a positive effect on how 
long a movie can be viewed in cinemas. 

An avenue for further research is to see whether similar patterns for 
movies appear in other countries, also for less popular movies. One may 
also consider the model for other hedonic products like music, theater, 
musical, TV programs and the like. 
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