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5 Simulating the Motion Picture Market: 
why do the hits take it all?10 

Why are shares of the motion picture market so unequally distributed? Do the different 

qualities of the movies account for such an enormous difference in the market shares? 

Are mass media campaigns so effective to convince almost all movie visitors to see the 

same movies? Or are there social processes that affect the movie visitors’ decision 

making and direct them to visit the same movies? In this chapter we propose an agent 

based model that formalizes the movie visitors’ decision-making as the sum of 

individual utility of seeing the movie and social influence. Our agent based model 

distinguishes between quality messages that are connected with movies’ characteristics 

and that determine the individual utility and advertising messages that create the buzz 

around the movie and that determine the social influence. In this way it is possible to 

study separately both the effect of quality and the effect of advertising on the gross 

revenues of movies. We use this model to generate time series of movie life cycles at 

the box office and then we compare these with time series of real movies. The results of 

several simulation experiments indicate that market shares become unequally 

distributed as observed in the real market only if the model takes into account strong 

social influences in the decision making of the movie goers. Moreover, only when 

advertising messages dominate quality messages, the life cycles of the simulated movies 

resemble those of real data. The success of movies depends more on the buzz generated 

around the movie than on the quality of the movie itself. 

 

 

����������������������������������
10 The work of this chapter is based on a paper authored by Delre SA, Jager W, Bijmolt THA and Janssen 
MA, submitted and accepted at the Marketing Science Conference, 28-30 June 2007, in Singapore. 
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5.1 Introduction 
During the last decade many studies have appeared in the marketing literature focusing 

on the motion picture market. Marketing scholars have recognized that the motion 

picture market is a very convenient environment where to conduct studies on marketing 

strategies. The price is fixed, the life cycle of the products terminates after a few weeks, 

and, most of all, data about the supply of the cinema market (i.e. production costs, 

marketing expenditures and revenues at the box office) are publicly available. Always 

more and more works have studied the antecedents of movie revenues such as 

advertising (Elberse and Anand, 2006; Prag and Casavant, 1994; Zufryden, 1996), 

reviews (Basuroy et al. 2003; Eliashberg and Shugan, 1997; Gemser et al. 2006), and 

movie stars (Albert, 1998; Basuroy et al. 2003; De Vany and Walls, 1999; Elberse, 

2005; Ravid, 1999; Wallace et al. 1993). For a complete review of the state of the art, 

the reader is remanded to Eliashberg et al. (2006). However, one of the most striking 

puzzle remains unsolved. Movies revenues are distributed very unequally. Big 

mainstream movies like Harry Potter, Spider Man, Star Trek, are the real leaders of the 

market. When considering the most successful 250 movies of the year at the box office, 

20% of the movies collected about 65% of the revenues. Figure 5.1 shows the 

distribution of movies’ revenues in the USA market averaged for 6 years (from 2000 

until 2005). They are ranked according to their revenue, from the first position until the 

250th position11. It is evident that big successful movies take it all and all the rest have to 

accept very low shares of the market (Elberse and Oberholzer-Gee, 2006; Frank and 

Cook, 1995). For example, in 2002, when the mean of the revenues was $37,000,000, 

Spider Man (1st in rank) earned more than $400,000,000 and The Piano Teacher (250th 

in rank) earned $1,012,000. The variance of the distribution is very high and the mean is 

almost meaningless because it heavily depends on the upper tail. The most successful 

movies are the mainstream Hollywood ones. Nowadays they dominate the market and 

so it was in the previous years. The GINI coefficient measures how unequal the market 

shares of the market are. Its evolution from the ’80s until the year 2006 shows that the 

market has always maintained this peculiar characteristic. After reaching picks of 0.65 

during the ’90s, in the last 5 years the GINI coefficient has stabilized around 0.6. 

����������������������������������
11 Movie data have been collected from http://www.variety.com, http://www.the-numbers.com, 
http://www.imdb.com and from the Motion Picture Association of America (MPAA), http://www.mpaa.org. 



Chapter 5: Simulating the motion picture market: … 

 89 

100000

1000000

10000000

100000000

1000000000

1 10 100 1000

rank

re
ve

nu
e 

($
)

0.4

0.5

0.6

0.7

0.8

1980 1985 1990 1995 2000 2005

year

G
IN

I

 
Figure 5.1. Left graph: distribution of movies’ revenues at the box office. Right graph: 

evolution of the GINI coefficient in the motion picture industry from 1981 until 2006. 

 

Many marketing scholars have immediately recognized this peculiarity of the market 

but they have hardly tried to tackle this issue. Especially the works that studied the 

supply part of the motion picture market and the efficacy of marketing strategies, have 

often avoided the issue. For example, when scholars aim at showing the effects of box 

office’s drivers like marketing expenditures and newspaper reviews, it has become 

common practice to regress the independent variables on the logs of box office revenues 

(Basuroy et al. 2003; Eliashberg and Shugan, 1997; Gemser and De Haas, 2006; 

Gemser et al. 2006; Zufryden, 1996). 

Why is that? The cinema market has recently flourished because it offers 

publicly available data that attract marketing scholars on studying the supply of the 

market but unfortunately there is also the other side of the coin: just a few works have 

studied the demand of the cinema market, those that go to the cinema, the movie 

consumers (Wieringa, 2006). Only sporadic attempts have been done to study the 

drivers of the consumer decision making and, besides their interesting findings, those 

works have not significantly initiated a relevant stream of research (Austin, 1986; 

Cuadrado and Frasquet, 1998; Eliashberg and Sawhney, 1994; Eliashberg et al. 2000; 

Möller and Karppinen, 1983; Tesser et al. 1987). Moreover a few works have attempted 

to link the way consumers decide to attend the movies and their convergence towards 

the same movies. (Banerjee, 1992; Bikhchandany et al. 1992; De Sornette et al. 2004; 

De Vany and Lee, 2001). These works have remained mostly theoretical models with 

minimal support from empirical data. One of the most important difficulties relates to 

the fact that the decisions of movie goers are very socially susceptible. They are highly 
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affected both by the personal suggestions obtained by the friends that have already seen 

the movie and by the buzz that mass media create around the movie. It is not easy to 

track how social processes such as word-of-mouth (WOM) develop and to study how 

social influences such as imitation affect the final decision of movie goers. Only 

recently, thanks to the world-wide-web, these difficulties can be faced better. It 

becomes easier to create controlled settings where to track exchanges of information 

and opinions among a big number of consumers (Godes and Mayzlin, 2004; Salganik et 

al. 2006). Examples involving the movie market and in particular on how WOM affects 

the fruition of movies are Dellarocas et al. (2004); Liu (2006); Zhang et al. (2004). 

Moreover the recent flourishing literature of the motion picture industry has 

often neglected the peculiar social aspects of the demand of this market and their 

consequences. This literature has adopted the classical concept of WOM from the 

traditional marketing literature on innovation diffusion (Mahajan et al. 2000). Here the 

WOM is seen as the messages that customers exchange about a new product, usually it 

is identified as the valuable advice of an innovator that has adopted a new product and 

does or does not recommend the product to other potential customers (internal 

influence). This classical WOM has always been seen as strongly in contrast with the 

mass media advertising messages (external influence) (Bass, 1969). Usually the good 

advice of a friend is much more valuable and convincing than a mass media 

advertisement. We believe that the distinction between advertisement and WOM is 

much looser for the cinema market. Here, movie goers often exchange messages before 

the movie is released and these messages do not focus on the quality of the movie but 

about the rumours around the movie. These rumours usually are not the valuable advice 

of friends that have seen the movie but, on the contrary, they are ignited by the huge 

mass media campaigns that studios producers conduct before launching a new film. 

Finally, while the importance of the classical WOM resides both in its volume and in its 

valence, what matters for the buzz of a movie is mainly its volume and not its valence. 

It is not uncommon to see that also negative messages contribute to the spread of the 

buzz around a new product (Sorensen and Rasmussen, 2004). Also Liu (2006) has 

clearly showed this effect. This study finds support to the fact that the volume of the 

messages movie visitors exchange is strongly related to the box office but the valence of 

these messages (positive vs negative advice) is not. Moreover this work shows that the 
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most active exchange of messages among movie goers take place before and just when 

the movie is released. It seems that it is not important what customers say about the 

movie but how much they talk about it. 

In this chapter we propose a new model of the movie consumer decision 

making. This is a simulation model implemented in an agent based model (Lusch and 

Tay, 2004). The agents’ decisions of our model are affected both by the buzz that there 

is around the movie and by the quality of the movies. In this way the agent based model 

can generate movie life cycles. We conduct a sensitivity analysis which allows us to 

find the most realistic parameters’ values and then we speculate about the meaning of 

these values. In order to rigorously conduct the sensitivity analysis of our simulation 

model we make use of the BOXMOD model (Sawhney and Eliashberg, 1996). We first 

fit BOXMOD with real data of the movie life cycles and then we fit BOXMOD with the 

simulated data. In this way we are able to find the most realistic parameters’ values of 

our simulation model. This sensitivity analysis leads to the results of our work: (1) 

social influence is the most relevant cause of inequalities in the distribution of revenues 

at the box office, two times bigger than the buzz of the movies and seven times bigger 

than the quality perceived by the movie goers; (2) high successful movies display 

almost always the same typical life cycle: they obtain a very high revenues at the 

opening weekend and they decay rapidly in the following weeks. This is due to the 

strong pre-released mass media campaigns but, more importantly, to the fact that movie 

goers tend to exchange much more information about the buzz of the movies than about 

the movie characteristics; (3) given the total budgets for the movie and its fit with the 

movie goers’ preferences, for studios producers it is more convenient to invest in 

advertising than in producing costs. Such a result remains also for higher levels of 

competitions. Summarizing our results it emerges a picture of the cinema market that it 

is much more focused on the entertainment consumption than on the art consumption. 

This chapter is structured as follows: in section 5.2 we conduct an empirical 

analysis of the cinema market using the BOXMOD model. In section 5.3 we present our 

agent based model and in section 5.4 we perform the sensitivity analysis presenting our 

results. Finally, in section 5.5, we draw the implications of our findings and we discuss 

the limitations of our work. 
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5.2 The motion picture market 
We have collected data for 291 movies, i.e., all movies that appeared at least once in the 

top 50 weekly classification between June 1st 2001 and May 31st 2002. We obtained 

data about the budgets of the movies: production costs, marketing expenditures; and 

about the movie life cycle at the box office: weekly box office, best position in the 

rankings and number of weeks in the cinema theatres. 

The most common movie life cycle in our data set consists of the following 

pattern: high revenue at the first week followed by an exponential decay in the 

following weeks. This is usually associated to the so-called wide release strategy 

(Sawhney and Eliashberg, 1996). Distributors heavily promote the movie before its 

release and cinema theatres offer a high level of exhibition intensity (number of screens) 

at the beginning of the movie life cycle. During the following weeks the promotion 

decreases drastically and the exhibition intensity usually drops down following the 

demand. This particular pattern at the box office is due to the fact that many moviegoers 

visit the movie right when it is released at the opening week. Typical examples are 

Spider Man, Artificial Intelligence, Jurassic Park and many other mainstream movies 

that enter the top classification right at the first place and then they decay exponentially 

(Jedidi et al. 1998). Our data set contains also a number of sleeper movies. These 

movies usually use the so-called platform release strategy. This strategy suggests to 

open with relatively low advertisement and low exhibition intensity and, in case of 

positive response of the consumers, after one or more weeks, to increase the exhibition 

riding the positive WOM. Finally, the exhibition drops down following the demand. 

Sawhney and Eliashberg (1996) introduce a simple model that is able to 

reproduce both these two different classes of movies: BOXMOD. BOXMOD is based 

on the individual decision making of movie goers and it has only three free parameters: 

individual time-to-decide parameter �, individual time-to-act parameter � and potential 

number of adopters n. The model formalizes the cumulative distribution function (CDF) 

of adopters. This is given by the product of two different CDF: the CDF of movie goers 

deciding to go to the movie and the CDF of those that actually go to the movie. In (5.1) 
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and (5.2) we report the specification of BOXMOD; the former formalizes the expected 

cumulative number of visitors and the latter formalizes the expected rate of adoption. 
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As also Sawhney and Eliashberg (1996) pointed out, it is important to notice 

that when the time-to-decide parameter � becomes extremely large (i.e., the average 

time-to-decide 1/� decreases) the expected rate of adoption and the expected cumulative 

number of visitors become relatively fast approaching an exponential decay. This is 

why, the higher the value of �, the faster the exponential decay. The model needs only 3 

observations in order to make a prediction and it catches a fundamental distinction in 

the consumer decision making: after people have become aware of the movie, they first 

decide whether to go and then they take some time before actually going. 

We fit BOXMOD with each one of the movie time series at the box office of 

our data set obtaining estimated values of n, � and � for each movie. Table 5.1 presents 

the results. Column 1 indicates the title of the movie, columns 2, 3 and 4 contain the 

estimates of BOXMOD, column 5 contains the degree of freedom (# weeks - 3), column 

6 and 7 contain the real box office and the predicted box office (in millions of dollars) 

respectively, column 8 indicates the Mean Square Error (MSE) of BOXMOD and 

finally column 9 indicates the absolute error of the model ((predBO-actBO)/actBO) 

(Sawhney and Eliashberg, 1996). Then we conduct a meta-analysis on the estimated 

parameters and we present the results in Table 5.2. 

Table 5.1 

BOXMOD: Estimated parameters 

Title n gamma lambda df act BO pred BO MSE Abs err 

O 21.45 0.72 13.45 7 16.03 15.47 0.05 3.45% 

13 ghosts 55.07 0.64 11.52 6 41.87 41.45 0.05 1.01% 

40 days and 40 nights 43.61 0.58 2.61 9 37.95 38.79 0.12 2.20% 

a beautiful mind 175.39 0.27 0.29 20 170.74 172.49 3.22 1.03% 

a night's tale 62.54 0.56 2.03 9 56.13 57.05 0.49 1.63% 

a walk to remember 44.85 0.54 1.76 11 41.24 41.51 0.10 0.66% 
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about a boy 42.71 0.56 1.25 6 40.68 39.95 0.39 1.80% 

Ali 56.28 0.88 11.00 4 38.18 38.09 0.11 0.24% 

all about the benjamins 34.89 0.70 19.15 8 25.51 24.98 0.01 2.09% 

Along come a spider 87.71 0.36 19.79 16 74.08 74.22 0.11 0.19% 

 

Table 5.2 

Meta analysis: correlations among the BOXMOD estimates and the movies’ variables 

 n gamma lambda ln_lambda prod_budget adv_budget # weeks best_pos 

gamma 0.026        

 (0.679)        

lambda 0.349** -0.079       

 (<0.01) (0.211)       

ln_lambda 0.417** 0.071 .842**      

 (<0.01) 0.260 (<0.01)      

prod_budget 0.719** 0.032 0.287** 0.372**     

 (<0.01) (0.660) (<0.01) (<0.01)     

adv_budget 0.728** 0.072 0.054 0.256 0.804**    

 (<0.01) (0.714) (0.784) 0.189 (<0.01)    

# weeks 0.217** -0.254** 0.054 -0.247** 0.213 0.403*   

 (0.01) (0.001) (0.39) (<0.01) (0.03) (0.034)   

best_pos 0.522** -0.384** -0.266** -0.434** -0.494** -0.598** 0.18**  

 (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (0.001) (0.004)  

act_BO 0.994** -0.037 0.299** 0.376** 0.702** 0.709** 0.245** -0.510** 

 (<0.01) (0.562) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) (<0.01) 

Note. * Significant at the 0.1 level; ** Significant at the 0.05 level. 

 

Table 5.2 shows that � strongly correlates with n, the best position, the number of weeks 

in the theatres and the real box office. Because the increases of the � estimates 

exponentially decrease their effect on the decay of the revenues, we also checked the 

correlations between n and ln(�). We can notice that the coefficient for this correlation 

is lightly stronger than the correlation between n and �. Reminding the reader to the fact 

that a higher � means lower time-to-decide and faster decay of the box office, we 

observe that a positive correlation between ln(�) and n means that the more successful 

movies usually show a faster decay at the box office. This is in line with many empirical 

works that have shown how big hit movies, usually mainstream Hollywood movies, 

almost always enter the market at the first place of the classification and then they decay 
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quickly (Ainslie et al. 2005; Elberse and Anand, 2006; Jedidi et al. 1998; Sawhney and 

Eliashberg, 1996). However this evidence is in contrast with another line of research 

that views the market as extremely uncertain and that suggests that usually only when 

movies are able to build they own legs (i.e., positive WOM) and only when they can 

stay longer in the theatres, they manage to obtain high revenues at the box office (De 

Vany and Lee, 2001). Finally it is interesting to notice that � correlates only with best 

position and the number of weeks in the theatres but quite surprisingly it does not 

correlate either with n or with the real box office. This indicates that movies that are 

easily available to movie goers (e.g., they have a high number of screens) tend to be 

higher in the classification, to remain less in the theatres but they do not obtain higher 

revenues. 

 

 

5.3 The simulated motion picture market 
Here below we present the complete simulation model of the motion picture market. It 

is an agent based model and the core of the model is the individual decision-making of 

movie goers. After agent i is informed about movies according to (5.3) or (5.4), it 

evaluates the expected utilities of these movies according to (5.5). Then it visits the 

movie that has the highest expected utility and finally, seeing the movie, it experiences 

a level of satisfaction as formalized in (5.8). 

j

1

M
0j eBUZZ

ω
−

=         (5.3) 

( )1t,j1t,j11t,jjt BUZZNBoxBUZZBUZZ −−− −⋅+= δ     (5.4) 

 

BUZZjt is the buzz of movie j at time t. It can be interpreted as the sum of all promotion 

messages and rumours about the movie j at time t and it formalizes the probability that 

agent i is informed about movie j at time t. As specified in (5.3), at time 0, just when the 

movie is released into the cinema theatres, BUZZj0 depends on the advertisement 

budget of movie j Mj, and on 1ω  which is a free parameter of the model and it indicates 

how strong the informative effect of the advertising budget is on the agents. The shape 
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of the function is in line with findings that showed diminishing returns between 

advertisement expenses and its effects on consumer’s behaviours (Hanssens et al. 2001; 

Leeflang et al. 2000; Lilien and Rangaswamy, 2003). Moreover the initial low increase 

of BUZZj0 for very low values of Mj fully represents the fact that an insufficient amount 

of money spent in advertising may result in an almost inconclusive campaign. After the 

movie is released, BUZZjt evolves as specified in (5.4). Boxj,t-1 is the box office movie 

j has obtained at the previous time step, N is the total number of agents and 1δ  is a free 

parameter. This formulation assumes that BUZZjt evolves according to the success that 

the movie j has at the box office: the more the success a movie gains after its release, 

the higher its buzz becomes. Here 1δ  formalizes the retention rate of advertisement 

messages and it determines how fast the evolution toward the actual box office of the 

movie is. On the one hand, if 1δ  is very low then agents retain the effects of 

advertisement budget longer and they are less affected by the results that the movie has 

at the box office; on the other hand, if 1δ  is very high then agents forget sooner the 

effects of the initial campaign and they are more affected by the results that the movie 

has at the box office. For similar examples of formalizations and estimations of 

advertisement retention rates, the reader can refer to Hanssens et al. (2001) and to 

Leeflang et al. (1992). 

[ ] ( ) jtiijtiijt xyUE ⋅−+⋅= ββ 1       (5.5) 
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( )1t,j1t,j21t,jjt WPQSatWPQWPQ −−− −><⋅+= δ     (5.10) 

 

After agent i has been informed about movie j, it evaluates it according to 

(5.5). The expected utility E[Uijt] is given by two components: an individual expected 
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utility and a social expected utility. The two components are weighted by iβ  which 

indicates how much agent i decides according to its own preferences or how much it is 

affected by other agents’ decisions. The expected individual utility (5.6) is driven by 

movie characteristics mj, agents’ preferences pi and the wording perceived quality 

WPQjt. Both movie characteristics mj and agents’ preferences pi are assumed to vary 

from 0 to 1. Then 1-|mj -pi| represents how much the movie features match the agent’s 

preferences. The WPQjt formalizes the evolution of the movie quality, as perceived by 

the audience, from its exordium in the cinema theatres until the end of its life cycle. At 

the moment of the launch, WPQj0 is a simple function of the production budget Cj in a 

similar way that BUZZj0 is function of the advertising budget Mj (5.9). After the movie 

arrives into the theatres, its quality discloses and it converges towards the satisfaction of 

the public (5.10). Here <Satj,t-1> is the average satisfaction obtained by those agents 

that have already seen movie j and 2δ  is a free parameter that determines how fast the 

WPQjt converges towards it. It is evident how 1δ  and 2δ  play similar roles in different 

contexts: while 1δ  tells how fast the buzz spreads into the population, 2δ  tells how fast 

the information about the quality of the movie reaches the public. 

The expected social utility depends on the social influence that other agents 

have on agent i. This is driven both by those that have already seen the movie (TotBoxjt 

/ N), where TotBoxjt is the total number of agents that have already seen the movie, and 

by those that may want to see it but they have not seen it yet (BUZZjt (1-TotBoxjt / N)). 

In other words, the social influence exerted on agent i is given by the probability that an 

agent has already seen movie j times the probability that an agent that has not seen 

movie j is informed about it. For a similar formalization of social influence, see Hidalgo 

et al. (2006). Finally σ  indicates how the total budget of each movie is split in 

advertising budget Mj and production budget Cj. Figure 5.2 summarizes the entire 

model. 
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Figure 5.2. The formalization of the agent based model 

 

The simulation model described above is implemented in a realistic USA 

cinema market context. Each time step of the simulation corresponds to a week and at 

each time step new movies are introduced into the market. The model generates 480 

movies per year, for 3 years. We select only the 480 movies that enter the market during 

the second year and we record their complete life cycle at the box office. In this way we 

avoid initial and final simulation distortions: both we include the competition of movies 

that are introduced in the first year and last in the second year, and we complete life 

cycles of movies that are introduced in the second year and last until the third year. 

Moreover, the famous season effect (Ainslie et al. 2005; Elberse and Eliashberg, 2003; 

Vogel, 1998) is taken into account: the number of agents that are involved into the 

decision making process at each time step is proportional to the attendance observed in 

the real market and the number of movies released each week is also proportional to the 

attendance. Finally we draw the total budget of each movie from our data set (see 

section 5.2) and we obtained the values of Mj and Cj setting σ =35% as it is common 

practice by big studios that usually both produce and distribute the movies (Motion 

Picture American Association -MPAA- U.S. Theatrical Marketing Statistics, 2006). 

A very important feature of this model is the distinction between the buzz and 

the wording perceived quality of movies. We adopt this distinction in order to separate 

two different concepts: the buzz formalizes all rumours about the movie and the 
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wording perceived quality formalizes the quality of the movie as perceived by the 

audience. While the former is mainly ignited by promotion messages and it evolves 

according to the box office, the latter is based on movie characteristics and it evolves 

according to the satisfaction of the customers that see the movie. In our model we adopt 

this distinction in order to study separately the effects of the buzz and of the movie 

characteristics. 

 

 

5.4 Findings 
Our simulation model is able to generate movie life cycles as in the real cinema market 

and consequently a distribution of revenues at the box office. But how do these life 

cycles change for different values of the free parameters? And what is their effect on the 

final revenues of the movies? Given our model, what are the true parameters that are 

able to generate a simulation market that is the most realistic one? We first confine 

plausible parameter values according to theoretical foundations and then we conduct a 

sensitivity analysis of our model. In order to conduct a rigorous analysis we fit the 

obtained simulated data in BOXMOD as we did in section 5.2 with the real data. Our 

first simulation runs investigate 5 free parameters of the model. These values are 

combined into a factorial experimental design that generates 108 simulation markets 

(Table 5.3). We do not make strict assumptions about social influence and we let iβ  to 

vary quite extensively (low, medium and high social influence) because we find that 

social influence exerted by others’ behaviours can largely vary (Austin, 1986; Möller 

and Karppinen, 1983). About the advertising effects we assume that the advertising 

budgets mainly affects the awareness of the agents (Elberse and Anand, 2006) and that 

the relation between advertising budget and awareness is s-shaped and log-reciprocal 

(Lilien and Rangaswamy, 2003). The strength of the advertising budget on BUZZj0 is 

determined by 1ω . Because we draw real advertising values from our data set and we 

plug them in Mj, it is plausible to use values around the average advertising 

expenditure. Because the average advertising expenditure reported by MPAA in 2000 

and 2001 is around $27 millions, we decide to investigate the cases of low advertising 
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effect ( 1ω =50 millions) and high advertising effect ( 1ω =10 millions). We adopt an 

analogous formalization for WPQj0 which depends on Cj and on 2ω . In this case the 

average production budget is around $50 millions and we study the cases of weak effect 

( 2ω =100 millions) and strong effect ( 2ω =10 millions) on the wording perceived 

quality WPQj0. Finally, concerning the retention rates, 1δ  and 2δ , we assume that the 

maximum impact of advertising is when the movie is just released and that it declines to 

zero according to a constant fraction (Hanssen et al. 2001, p. 145-146; Palda, 1964). 

While the average advertising retention rate for frequently purchased goods and 

monthly data is about 0.5 (Assmus et al. 1984), it is not easy to figure out the retention 

rate for movies. On the one hand the retention rate can be higher (customers forget soon 

the advertising) because the competition is usually high and the typical movie life 

cycles is extremely fast. On the other hand the retention rate can be lower (customer 

forget later the advertising) because costumers are usually more involved in movies 

than in other product. Thus we decide to investigate the parameter space around the 

medium and most common value: 0.3 stays for a high retention of the advertising, 0.5 

stays for a medium retention and 0.7 stays for a low retention. We adopt a similar 

formalization also for the evolution of WPQjt where 2δ  determines the speed of the 

evolution from the initial wording perceived quality WPQj0 until the actual satisfaction 

of the agents. Although we have not found previous similar formalizations for the 

WPQjt, we maintain that this formalization is plausible and it is also convenient because 

it permits a comparison between the retention rate of advertising and the retention rate 

of quality messages. Consequently for 2δ  we decide to investigate the same parameter 

space: 0.3 stays for a strong retention of initial quality message, 0.5 stays for a medium 

retention and 0.7 stays for a low retention. 

Table 5.3 

Experimental design 

Parameter Value Interpretation 

0.25 Low social influence 

0.5 Medium social influence iβ  

0.75 High social influence 

1ω  

10 millions Strong informative effects of advertising budget on movie goers 
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50 millions Weak informative effects of advertising budget on movie goers 

10 millions 

Strong effects of production budget on the quality perceived by movie 

goers 

2ω  100 millions 

Weak effects of production budget on the quality perceived by movie 

goers  

0.3 High retention rate of advertising messages 

0.5 Medium retention rate of advertising messages 
1δ  0.7 Low retention rate of advertising messages 

0.3 High retention rate of quality messages 

0.5 Medium retention rate of quality messages 
2δ  0.7 Low retention rate of quality messages 

 

For each simulation run we collect the first 200 movies at the box office (out of 

the 480 movies of the second simulated year) and we study how their revenues changes 

for the different parameters’ setting of the experimental design. In particular, we focus 

our attention on the GINI coefficient g. Table 5.4 clearly indicates that g highly depends 

on the level of social influence consumers decide with. As we mentioned before, the 

real GINI coefficient of the cinema market is about 0.6. In our simulation markets, we 

obtain that for β =0.25 the average g is 0.535, for β =0.5 the average g is 0.617 and for 

β =0.75 the average g is 0.663. In Table 5.4 we also investigate how g varies according 

to other parameters’ values. Besides the social influence, that is the most influential 

determinant of market inequalities, we find also that g varies with 1δ , 2δ , 1ω  and 2ω . 

In order to compare these effects, we regress the Gini coefficient g on β , 1ω , 2ω  and 

12 δδ −  and we present the results in Table 5.5 and Figure 5.3. When the retention rates 

of BUZZjt is stronger than the retention rate of WPQjt (i.e. 12 δδ <  and consequently 

12 δδ − >0), agents need more time to discover the movies’ qualities, it is more difficult 

to find the movies that match their preferences and their behaviours converge towards 

movies that are visited by the other agents. Also 1ω  and 2ω  contribute to the 

inequalities at the box offices. In these cases, the stronger the informative effect of 

advertisement and the stronger the effect of production budget on the initial wording 

perceived quality are (lower values of 1ω  and 2ω ), the lower g becomes. The former 

effect is due to the fact that when 1ω  is low, agents are informed about more movies 
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and they can decide among a more variegate set of movie characteristics. In this way 

they can find movies that most adhere to their preference and this contrasts the social 

influence effect. The latter effect is due to the fact that when 2ω  is low, there are more 

movies that are considered of higher quality and this again contrasts the social influence 

effect. 

Table 5.4 

The variations of market inequalities 

Parameter Value 

GINI coefficient 

(average) 

GINI coefficient (stand. 

dev.) 

0.25 0.535 0.047 

0.5 0.617 0.042 β  

0.75 0.663 0.041 

10 millions 0.598 0.089 
1ω  50 millions 0.612 0.036 

10 millions 0.588 0.065 
2ω  100 millions 0.622 0.067 

0.3 0.635 0.069 

0.5 0.597 0.066 
1δ  0.7 0.583 0.061 

0.3 0.615 0.065 

0.5 0.604 0.069 
2δ  0.7 0.597 0.072 

 

Table 5.5 

Regression analysis. The drivers of market inequalities 

Parameter Coefficient t value Sig. 

Constant  30.116 <.001 

β  .766 16.010 <.001 

1ω  .104 1.863 .065 

2ω  .250 4.491 <.001 

12 δδ −  .143 2.565 .012 

Note. R Square=.680 
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Figure 5.3. How the market inequalities depend on β , 1ω , 2ω  and ( 12 δδ − ). 

 

Our agent based model allows us to generate complete movie life cycles at the 

box office. We can control for which parameters’ setting the simulated movies life 

cycles adhere to the real ones. In order to do so, we fit BOXMOD with the simulated 

movies and then, as we did with the real market, we conduct a meta-analysis for each 

parameters’ setting. We exclude from the analysis the simulated movies that did not 

converge to estimates of n, � and �, the movies whose life cycles last less than 4 weeks 

and the movies whose absolute error in the estimation is higher than 15%. BOXMOD is 

highly robust to the changes in the parameters’ setting. In fact, more than 80% of the 

movies remain after the exclusions. More precisely, for β =0.25, 88%of the movies 

remain; for β =0.5, 84% remain and for β =0.75, 73% remain. These differences are 

mainly due to the length of the movies’ life cycles. For β =0.25 the average life cycle 

lasts 16 weeks, for β =0.5 it lasts 13 weeks, and for β =0.75 it lasts 11 weeks. This last 

simulation results indicate that, although a certain degree of social influence is 

necessary in order to explain the high inequalities of the revenues, an excessive degree 

of social influence would create unrealistically short movies’ life cycles. 

The comparison of the simulated movies life cycles with the real ones leads to 

further results. In the real data we have noticed the surprising positive correlation 

between n and ln(�). Fitting BOXMOD with our simulation data allows us to look for 

the parameters’ setting that generates such a correlation. As we have done in section 5.2 
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with the real data, here we fit BOXMOD with our simulated data, we transform the 

correlations using the Fisher Transformation and in Table 5.6 and in Figure 5.4 we 

show how the average correlation between n and ln(�) varies depending on 12 δδ − , 1ω  

and 2ω  for different levels of β . On the left graph of Figure 5.4 we show how the 

correlation between n and ln(�) varies according to the difference between 2δ  and 1δ . 

When 12 δδ <<  ( 12 δδ − =-0.40), agents mainly exchange information about WPQjt and 

they are only marginally affected by BUZZjt. On the opposite extreme, when 12 δδ >>  

( 12 δδ − =0.40), the agents are more affected by BUZZjt than WPQjt. When the 

simulated cinema market is mainly dominated by quality information ( 12 δδ − =-0.40) 

we do not find any positive correlation between n and ln(�). In this case, the life cycles 

of the most successful movies still display a typical exponentially decay but the decay is 

not positively correlated with the box office. On the other hand, such a correlation arises 

and it grows up when agents are increasingly more affected by BUZZjt than WPQjt. In 

these cases, the most successful movies are those that manage to bring as many 

potential visitors as possible at the opening weekend. Those movies ignite a higher buzz 

before their release, they recoup their costs faster and after that they also decay faster. 

Stated differently, only when the effect of BUZZjt is superior to the effect of WPQjt, we 

obtain a simulated realistic market. The central graph and the right graph of Figure 5.4 

confirm this result. The correlation between n and ln(�) increases when the effects of the 

advertising budget are strong (low values of 1ω ) and when the effects of the production 

budget are weak (high values of 2ω ). 

Table 5.6 

Regression analysis. How the correlation between N and ln(�) is affects by β , 1ω , 

2ω  and 12 δδ −  

Parameter Coefficient t value Sig. 

Constant  12.276 <.001 

β  -.445 -7.043 <.001 

1ω  -.541 -8.554 <.001 



Chapter 5: Simulating the motion picture market: … 

 105 

2ω  .118 1.874 .064 

12 δδ −  .289 4.568 <.001 

Note. R Square=.588 
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Figure 5.4. How the correlation between N and ln(�) varies according to β , 1ω , 2ω  

and 12 δδ − . 

 

The previous simulation runs have mainly focused on the demand of the 

motion picture market. We have investigated the movie goers characteristics that can 

cause the observed market outcomes, namely the unequal distribution of revenues and 

the typical exponential decay of the most successful movies. However we can also use 

our agent based model in order to focus on the other side of the market: the supply. In 

particular, we can test for different marketing strategies of the movie producers. In the 

previous simulation runs, we have taken the supply of the market as given and we have 

assumed that the studios that produce the movies divide the movie budgets with a 

simple split as commonly observed in reality. There we have set σ =35% such that 65% 

of the total budget is used for production costs and 35% of the total budget is used for 

advertising costs. Here we reverse our analysis: we take the demand of the market as 

given and we study the efficiency of the supply: in particular, we investigate how 

different studios may use different strategies in dividing the total budget into production 

costs and advertising costs. How studios should split their budget? Is it better to invest 

in advertising that increments the awareness and the buzz around the movie or in 



Effects of Social Networks on Innovation Diffusion and Market Dynamics 

 106 

production costs that guarantee a high level of quality? Stated differently, given the 

behaviour of the movie goers and an extra dollar in the total budget, is it more 

convenient to use it for advertising or production costs? First we set the model with 

realistic parameters’ values according to the results of the previous simulations ( β = 

0.5; 1δ  = 0.7; 2δ = 0.5; 1ω  = 10 millions and 2ω  = 100 millions) and then we simulate 

the supply of the market with movies whose budgets are differently split. We assume 

that movies can uniformly vary from a 90-10 split (production costs and advertising 

costs, respectively) to a 50-50 split ( jσ  = [10%, 50%]). Then we observe the 

performances of the different strategies checking how the movies’ box offices depend 

on the divisions of the budget. We conduct this analysis simulating different levels of 

competition (i.e. more or less movies introduced into the cinema market at each year). 

Table 5.7 shows the regression results when simulating different marketing 

strategies: Cj+Mj indicates the total budget of movie j; jσ  indicates the division of the 

total budget in advertising and production budgets for movie j and finally 1-|1/2- mj| 

indicates the matching between the characteristics of movie j and the agents’ 

preferences. As expected, the main driver of the box office is the total budget with 

which the movie is produced. Movies with low budgets have extremely low chances to 

become hits of the market. However, the division of the budget and also the matching 

between agents’ preferences and movie characteristics do affect box offices. Movies 

with low budgets do equally bad at the box office but when movies are produced and 

advertised with high budgets, both the marketing strategy and the customer satisfaction 

matter. At any level of competition, the hits of the market are the movies that match 

agents’ preferences and spend in advertisement more than in production costs. Table 5.7 

shows the same analysis at higher competition levels. Maintaining the parameters’ 

setting as before, we simulate lower or higher competitions by decreasing or increasing 

the number of movies released per year. We notice that the total budget remains the 

most important driver of box office and that the effects of both marketing strategy and 

customer satisfaction become more relevant, especially the latter. At a higher level of 

competition, it becomes more important to meet the preferences of the agents and to 

invest the budget more towards advertising that to production costs. 
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Table 5.7 

Regression analysis. Different levels of competition 

 

Low 

(360 movies) 

Normal 

(480 movies) 

High 

(600 movies) 

Very high 

(720 movies) 

R Square .724 .698 .689 .665 

Total budget 

(Mj+Cj) 

.849 (<.001) .865 (<.001) .879 (<.001) .876 (<.001) 

Division 

budget 

( jσ ) 

.340 (<.001) .320 (<.001) .349 (<.001) .341 (<.001) 

Matching 

preferences 

(1-|1/2- mj|) 

.224(<.001) .244 (<.001) .278 (<.001) .284 (<.001) 

 

 

 

5.5 Conclusions, implications and limitations 
This chapter, with its proposed simulation model and its analysis, contributes to the 

literature of entertainment industries in general and of the motion picture industry in 

particular with three main results. First, the unequal distribution of revenues at the box 

office is mainly due to the social influence in the decision making of the movie goers. 

The social influence lets their decisions to converge towards the movies with high 

advertising budget and high production budget. 

Second, our agent based model explains the surprising correlation between the 

fast decay of the revenues at the cinema theatres and their total box office. Such a 

correlation is due to the fact that movie goers are more sensitive to the buzz of the 

movie than to the real quality of the movie. In fact, in our simulation experiments we 

find that such correlation arises only when the retention of buzz messages is stronger 

than the retention of quality messages. Big studio producers behave accordingly: they 

understand that, once an acceptable level of quality is reached, what matters is the buzz 
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that they create around the movie. They strongly advertise their movies before releasing 

them, they attract as many movie goers as possible at the opening weekend and they do 

not do much in order to avoid the fast decay after the releases. This result goes against 

the idea that the best movies are able to build their own legs (De Vany, 2004). This may 

be true for a few real great movies that, guided by positive WOM, are able to stretch 

their life cycles for many weeks. Although there exists cases like this (examples are 

Titanic, Shrek and What a Beautiful Mind), we believe that these are usually rare 

exceptions. The most common case is that studios prefer to take less risk by producing 

movies of average qualities and by starting strong advertising campaigns in order to 

ignite the pre-release buzz. In this way they bring many people at the cinema theatres 

right when the movie is released, they enter the top classification at the first places and 

then they decay fast. Stated simply, the higher the buzz produced by the studio 

producer, the higher the movie enters the box office at the opening weekend, the faster 

it decays in the following weeks and the higher its total box office at the end of its life 

cycle. 

Third, our agent based model of the cinema market allows us to study the 

drivers of box office. Due to the restriction at the number of free parameters, that is 

necessary for a rigorous analysis, we confine the analyzed effects on total budget, 

division of the budget between advertising and production costs and matching between 

customers’ preferences and movies’ characteristics. As expected, we find that box 

offices are higher when the total budgets are higher, when the movies’ characteristics 

match more movie goers’ preferences and when the movies spend more on advertising 

than on production. This result suggests that in the top classification cases like 

Spiderman and Lord of the Ring (big budgets and big revenues) are the most typical 

ones and cases like The Blair Witch Project and My Big Fat Greek Weeding (low 

budgets and high revenues) are extremely rare exceptions. Finally, because our 

simulation model permits to build different scenarios, we investigate different levels of 

competition in the market. When the motion picture industry is characterized by an 

increasing competition, the main driver of box office still remains the total budget of the 

movies. Moreover, the matching of customers’ preferences becomes more important 

and the division of the budget towards stronger adverting costs maintains its positive 

effect. 
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This work is not able to completely exclude any limitation. As any medal has 

its reverse, we believe that the main limitations of our work are strongly linked to its 

best aspects. A first example is that our simulation model allows us to rigorously 

analyze the effects of the variables under investigation (i.e. consumers’ preferences, 

social influence, retention of buzz messages, retention of quality messages, movies’ 

characteristics) but, in order to do so, it has to include different interesting effects like 

star power, genres, etc. in a unique variable: movie characteristics. This allows us to 

show the effects of advertising and of production budgets but it forces us to not 

distinguish different facets of the movie-goer decision making. 

A second example is the strict distinction between buzz and wording perceived 

quality. Our model separates these two streams of messages hypothesizing that they do 

not affect each other. This artificial separation allows us to show that the correlation 

between box offices and fast decay of revenues is only possible when the retention of 

the buzz is stronger than the retention of the wording perceived quality. However, such 

a separation is obviously somehow artificial. There could be many movies for which the 

buzz around the movie can be enhanced by the quality of the movie itself and possibly 

also the reverse can happen. 

Besides these limitations we believe that when simulation models like our 

agent based model are theoretically grounded and when their analysis is rigorous and 

controllable, they offer high chances to enhance classical marketing studies. They can 

build detailed scenarios where to test different marketing strategies. In the case of this 

work, we replicate the USA cinema market with a highly schematic model and we test it 

with real data. This helps us to show how the demand of real motion picture industry is 

highly socially susceptible and how in this industry the buzz has become much more 

important than the real quality of the product. 

 






