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The Internet Movie Database (IMDb) is one of the mostvisited websites in the world and the premier source
for information on films. Similar to Wikipedia, much of
IMDb’s information is user contributed. IMDb also
allows users to voice their opinion on the quality of
films through voting. We investigate whether there is a
connection between user voting data and economic
film characteristics. We perform distribution and correlation analysis on a set of films chosen to mitigate
effects of bias due to the language and country of
origin of films. Production budget, box office gross,
and total number of user votes for films are consistent
with double-log normal distributions for certain time
periods. Both total gross and user votes are consistent
with a double-log normal distribution from the late
1980s onward while for budget it extends from 1935 to
1979. In addition, we find a strong correlation between
number of user votes and the economic statistics,
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particularly budget. Remarkably, we find no evidence
for a correlation between number of votes and average
user rating. Our results suggest that total user votes is
an indicator of a film’s prominence or notability, which
can be quantified by its promotional costs.

Introduction
In today’s world, we are seemingly in constant connection to the Internet. Most of our activities are stored in
electronic databases, and the aggregation of this information
represents a novel source for the study of human
behavior (Castellano, Fortunato, & Loreto, 2009). Indeed,
researchers have reported on the statistical properties of the
communication patterns of e-mail (Ebel, Mielsch, &
Bornholdt, 2002; Malmgren, Stouffer, Motter, & Amaral,
2008; Radicchi, 2009) and traditional “snail” mail
(Malmgren, Stouffer, Campanharo, & Amaral, 2009), on the
analysis of the macroscopic features of web surfing
(Gonçalves & Ramasco, 2008; Johansen, 2001), and so on.
Aggregate electronic information has not only been a boon
to scientific investigation but also has demonstrated utility in
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many practical applications. For instance, aggregate information is used by eBay (ebay.com) to quantify the reputation of sellers and buyers, and researchers have used data
from Twitter (twitter.com) to analyze collective moods
(Golder & Macy, 2011) and monitor the spread of ideas
(Aral, Muchnik, & Sundararajan, 2009).
The information present on the web is the result of
the aggregation of the work of many individuals as
well as the outcome of complex and self-organized
interactions between large numbers of agents. For example,
the vast amount of information contained on Wikipedia
(wikipedia.org) is the product of millions of user contributions. The collaborative and collective outcome is not
merely the sum of the knowledge of each individual contributor but also the result of continuous modifications and
refinements by users. The content generated through this
collaborative strategy is generally more complete than those
produced by individuals because the collaborative framework ensures more control of the quality of the provided
information (Woolley, Chabris, Pentland, Hashmi, &
Malone, 2010; Wuchty, Jones, & Uzzi, 2007).
The Internet Movie Database (IMDb; http://
www.imdb.com), one of the most frequently accessed
websites worldwide (Alexa, 2013c), is home to the largest
digital collection of metadata on films, television programs,
videos, and video games. Similar to Wikipedia, IMDb’s
content is updated exclusively by unpaid, registered users. In
addition to accepting user-contributed information, IMDb
also allows users to rate, on a scale of 1 (worst) to 10 (best),
the quality of any film or program. Adding new information
to the database is a mostly altruistic activity, as it requires
action on the part of the contributor to enhance the understanding of others. However, voting on the quality of a film
is a less altruistic action because the user is able to voice
his or her opinion through voting. Is there any useful
information to be drawn from online voting information?
IMDb is not a new subject for scientific analysis. It has
been used in the context of studying actor-collaboration
networks (Amaral, Scala, Barthelemy, & Stanley, 2000;
Herr, Ke, Hardy, & Börner, 2007; Watts & Strogatz, 1998)
and in developing recommendation systems (Grujić,
2008). More recently, IMDb’s extensive collection of keywords was used to create a metric of film novelty
(Sreenivasan, 2013). However, little work has been done on
the connections between the user contributions to IMDb’s
database of information and user contributions to a film’s
rating score.
In this article, we identify correlations between IMDb’s
user ratings of films and various other characteristics
reported in the database. To accomplish this, we use information available on IMDb to construct a directed network of
films. This network provides the data set for our analysis.
We proceed to filter the network to account for biases on the
part of users. Using metadata collected on our filtered data
set, we determine the distributions of various characteristics
in several time windows to identify temporal changes. In
addition, we perform linear regressions with the goal of

quantifying correlations between user voting data and usercontributed information.
Data
We limit our analysis of IMDb data to films, including in
our study both feature-length and short films. We chose to
include short films because excluding them would ignore
almost all films made before 1920. We retrieved data from
IMDb on October 26, 2012, and therefore only include in
our analysis films released by 2011. Note that we do not
exclude documentary films.
The metadata on films included in IMDb consist of year of
release, country of production, primary language, user voting
statistics, and several types of financial information
(Figure 1). All metadata are user edited, apart from the voting
data, for which IMDb automatically tallies the total number
of user votes and reports an average rating using an “in-house
formula.” From among all types of financial information
reported for a film, we focus on production budget, box office
gross in the United States, and greatest amount grossed in a
single week during a film’s theatrical run. All of these values
are in unadjusted U.S. dollars and thus not corrected for
inflation or gross domestic product (GDP) growth.
Among the plethora of available and editable information
is a section titled “connections,” a list of references and links
between films and other media. All connections listed on
IMDb are classified as one of eight “types”: references,
spoofs, features, follows, spin-offs, remakes, versions, and
edits. We only consider the connections that are classified as
references, spoofs, or features. A reference is a connection
between films where one contains an homage to the other
in some form. For example, the famous flying bicycle scene
in E.T.: The Extra-Terrestrial (1982) is a reference to a
sequence in The Thief of Bagdad (1924) where characters
also fly in front of the moon. References also come in the
form of similar quotes, similar settings, or similar filming
techniques. A spoof is a connection between films where one
mocks the other. For example, the wagon circle scene from
Blazing Saddles (1974) is a spoof of the final scene from
Stagecoach (1939). A feature occurs when a film includes an
extract from another film. The scene in When Harry Met
Sally (1989) . . . where the title characters watch Casablanca
(1942) is an example of a feature connection. Our analysis is
limited to these connections because they pertain to parts of
films, such as scenes or quotes, and thus are conscious
choices on the part of creative people such as directors,
actors, and screenwriters.
Using the connections between films, we construct a
network where each film is a node and where each connection is an arc (Figure 2). An arc connecting Movie A to
Movie B indicates that Movie A contains a reference to
Movie B (or spoofs Movie B or features a clip from Movie
B). We admit a connection into the network only if the citing
film was released in a later calendar year than was the cited
film; that is, all links in our network are directed backward in
time, and the network contains no links between two films
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FIG. 1. Typical metadata on films included in IMDb. Examples of metadata collected for Raiders of the Lost Ark (top panel). A depiction of two directed
edges in the connections network. One edge represents a citation by Raiders of the Lost Ark to Yojimbo (The opening shot of the former honors the opening
shot of the latter.) The other edge represents a citation linking Home Alone to Raiders (Villains in both films suffer burns to the hand that leave an impression.)
(bottom panel). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

released in the same calendar year. This constraint ensures
that the network is acyclic. The network we construct from
the metadata on film connections consists of 32,636 films
and 77,193 connections.
We limit our analysis to the largest weakly connected
component of the network formed by film connections. This
giant component consists of 28,743 films (88% of all films
in the network) linked by 74,164 arcs (96% of all connections). For each film, we take note of its number of incoming
and outgoing arcs. In network theory, these values are
known, respectively, as the in-degree and out-degree. It is
desirable that “connections” is a relatively recondite
category in IMDb, as the presence of reported connections
functions as a minimum threshold for consideration in
our analysis. In addition, we assume that any film with a
nonempty connections section has sufficient information
in sections that are better known, such as box office
information.
860

Biases in Metadata Reporting
Because IMDb is user edited, we must investigate possible biases in reporting. Although user editing allows a
reference website such as IMDb to be up-to-date, it diffuses
the responsibility for fact-checking, leading to greater uncertainty about accuracy and objectivity of information. Biases
may be due to the makeup of the user base. For example,
Wikipedia recently reported that 91% of its user editors are
male (Wikimedia Foundation, 2011), which explains why
female-focused topics are less thoroughly covered. Therefore, we evaluate the basic properties of a database to
account for biases prior to performing a comprehensive
analysis.
Two characteristics of a film that could reveal biases of
the user editors are country of production and primary language. Thus, we assign films in the giant component to
one of three groups based on country and language. Films
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FIG. 2. Subgraph of the film-connections network. A subgraph containing 10 films of the 28,743 in the giant component of the film-connections network.
Films are ordered chronologically, based on year of release, from bottom to top. A connection between two films means that a sequence, a sentence, a
character, or another part of the referenced film has been adopted, utilized, or imitated in the referencing film. For example, there is a connection from Star
Wars (third from the top) to Metropolis (third from the bottom) because C-3PO is modeled on the robot from Fritz Lang’s 1927 film. [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]

produced in the United States, regardless of language, are
assigned to the “USA” group. Films made outside the
United States with English as the primary language are
assigned to the “English non-USA” group. Films produced
outside the United States and in a language other than
English are designated as the “non-English non-USA”
group. Note that the USA group comprises a majority of the
films in the connections network.
In Figure 3, we consider the time dependence of various
properties for each group. The number of new films
released annually increases over time for each of the three
groups, particularly rising during the last two decades

(Figure 3A). The decrease in new films from 2009 to 2011
was presumably caused by the recession of 2008 to 2010,
but it also may be due to a reporting delay for low-budget
films.
There is a stark difference in the number of votes films
receive depending on their year of release and grouping
(Figure 3B). USA films released after 1990 have a median of
more than 2,000 user votes, whereas those released before
1980 have a median below 500. In addition, there is a trendreversing dip in the median number of votes received by
films beginning around 1995. We attribute this reversal to a
sizable jump between 2003 and 2008 in the number of new
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FIG 3. Characteristics of movies in the giant component. We partitioned films in the giant component of the connections network into three groups: USA
films, English non-USA films, and non-English non-USA films. (A) Time dependence of number of films released annually. Time dependence over 5-year
windows of (B) median number of votes, (C) average user ratings, (D) average in-degree, and (E) average out-degree. We use 5-year windows to calculate
all statistics apart from number of films released because of data variability on a year-to-year basis. We show the median for (B) because the relatively few
films with large numbers of votes (i.e., ≥100,000) heavily skew the mean, making it less representative of a typical film. [Color figure can be viewed in the
online issue, which is available at wileyonlinelibrary.com.]

films released, which we presume were mostly independently produced, “obscure” pictures that likely receive few
votes on IMDb.
Films in the English non-USA group receive more votes
than do films from the non-English non-USA group, despite
non-English non-USA films outnumbering English nonUSA films by almost two to one (Figure 3B). Similarly, we
observe that the English non-USA group averages more
incoming and outgoing citations than does the non-English
non-USA group, despite the latter being more numerous in
the data set (Figure 3D,E). These findings suggest that there
is both a language bias and a temporal bias in the distribution of user votes in IMDb. These biases are not observed in
the average user ratings for films, as there is little change
over time and among the three groups (Figure 3C).
862

Surprisingly, the average in-degree declines for films
released after 1992 while the average out-degree increases
for films released after the mid-1980s (Figure 3D,E). The
latter is to be expected because connections between films
can only travel “backwards” in time (i.e., from a newer film
to an older film). Unexpectedly, the average out-degree
declines for films made after 1999, particularly for films in
the USA group.
The presence of a temporal bias toward recent films in the
IMDb connections network is not unexpected, as modern
technology allows films to be produced more quickly and
potentially less expensively than ever before. This trend in
costs makes the downward trend in average out-degree for
films beginning around 1999 stand out. It is unlikely that
films released in 1998 are more citation laden than are films

JOURNAL OF THE ASSOCIATION FOR INFORMATION SCIENCE AND TECHNOLOGY—April 2015
DOI: 10.1002/asi

FIG. 4. Actual and expected fractions of connections by country/language grouping. Fractions of both incoming and outgoing connections in the giant
component of the film-connections network for USA films (left plot), English non-USA films (center), and non-English non-USA films (right). Numbers in
parentheses represent the percentages of nodes in the network that belong to each group. Dark blue and dark red bars represent the fractions of connections
in the giant component. Light blue and light red bars represent the average fraction of connections in the giant component following a Monte Carlo simulation
where the films were randomly reassigned to one of the three country/language groupings. Error bars represent 1 SD of the mean following 10,000
simulations. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

TABLE 1. Bias due to country of production and primary language. Note how USA films mostly reference other USA films (i.e., 84.5% of connections point
to 57.7% of the nodes) while mostly ignoring non-English non-USA films (i.e., 6.7% of the connections point to 28.8% of the nodes).
%Links from
Group
USA
English non-USA
Non-English non-USA
Total

% of nodes

USA

English non-USA

Non-English non-USA

57.7
13.5
28.8
100.0

84.5
8.8
6.7
100.0

64.8
21.8
13.4
100.0

45.1
8.4
46.5
100.0

released in 2005. Instead, we presume that this decrease
indicates a different sort of temporal bias wherein IMDb
does not yet have full information for films made in the
2000s, whereas information for films made in the 1990s is
more complete. Thus, the data suggest that there is a latency
period for the reporting of film connections, a fact that must
be taken into consideration in interpreting any analysis.
To better quantify biases in enumeration of connections,
we consider the observed proportions of incoming and outgoing connections for each group. We perform a series
of Monte Carlo simulations wherein films are randomly
assigned to one of the three groups while each total group
size remains constant. In this way, we are able to calculate
the expected proportions of incoming and outgoing connections of each group if countries and languages of films were
unimportant. If the randomized proportions are significantly
different from the actual proportions, we must conclude that
there are country and language biases.
Our analysis reveals that USA films have a disproportionate fraction of incoming and outgoing connections
(Figure 4). This is a strong indicator of the USA and
English-language biases present in the data set. The USA
bias is further evident when we perform second-order

analysis on the fractions of connections. We find that USA
films receive percentages of the outgoing connections from
other USA films and English non-USA films that are
greater than the percentage of USA nodes in the network
(Table 1). In addition, non-English non-USA films cite
USA films nearly as often as they cite other non-English
films (Table 1). Although this is clear evidence of bias
for American films, it is not necessarily indicative of an
American bias in IMDb’s user base. IMDb is not an
American-centric website, as it was originally founded in
the United Kingdom (Needham, 2010). Moreover, the
United States only accounts for 31% of IMDb’s total traffic
(Alexa, 2013c). (For comparison, the USA comprises 30%
of Google’s traffic and 30% of Apple’s traffic; Alexa
[2013a, 2013b].) More likely, the overrepresentation of
USA films in the network reflects the pervasiveness of the
American film industry around the world. For example,
between 2007 and 2009, 23 of the 27 most-viewed films
worldwide originated from the United States, and the other
4 were coproduced by U.S. companies (Acland, 2012). As
such, more users are likely to identify citations to and from
American films because they are the most-viewed films
worldwide.
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TABLE 2. Characteristics of film-connection networks. Number of films
and connections in the entire network, the giant component of the entire
network, and the giant component of the network of films in the USA group
only. Numbers in parentheses indicate the percentage of nodes or edges in
the entire network.

Films
Connections

Entire
network

Giant
component

Giant component
of USA group

32,636
77,193

28,743 (88%)
74,164 (96%)

15,425 (47%)
42,794 (55%)

Some IMDb entries also do not report a film’s average
user rating or number of user votes received. This reflects
part of IMDb’s method for calculating average user rating
because the website does not post voting figures until a film
has received a minimum of five user votes. Recent films are
the most likely to lack voting data (Figure 5), which may be
explained by users waiting to rate films until after viewing
them.
Results

FIG. 5. Prevalence of reported data for USA films. [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]

Due to the American-centric nature of both the financial
information and the connections network as a whole, we
chose to restrict our focus to films produced in the United
States. This choice removes confounders caused by country
of production from our analysis. Our new data set is the
giant component of the connections network for USA films,
which consists of 15,425 films and 42,794 connections
(Table 2).
Missing Information
Not all IMDb entries report budget, total gross, or weekly
gross information. The amount of missing data increases for
older films, with “greatest weekly gross” being the most
affected category of data (Figure 5). It appears that the
weekly box office take may not have been a regularly
reported statistic until the 1980s, when a sizable increase
occurs in the reporting of greatest weekly gross. In fact, the
weekly gross data found on Box Office Mojo—a website
affiliated with IMDb—cover only the period after 1980 (Box
Office Mojo, 2013). Due to the lack of reported weekly
gross data prior to 1975, we choose to omit greatest weekly
gross from our subsequent analysis.
864

We proceed to examine the distributions of the values for
three film statistics: production budget, total gross, and total
number of user votes. We study the logarithm of these quantities because their values span several orders of magnitude.
To minimize the effects of temporal bias, we look at the
distributions for sets of films within 23 time windows spanning the period 1920 to 2011. We vary the length of the time
windows to ensure that the number of films in each window
is approximately constant. In addition, looking at financial
values within narrow time windows mitigates the effects of
GDP growth.
For each time window, we find the best-fitting Gaussian
and double-Gaussian distribution parameters for the relevant
data values. We then use bootstrapping to determine the
statistical significance of the fits.
Because the double-Gaussian model is defined as a linear
combination of two “single-” Gaussian models—thus
having five parameters instead of two—the double-Gaussian
model provides a better fit for the data under most
circumstances. Therefore, to accept the double-Gaussian
model as the true distribution, we must reject the Gaussian
model as a possible fit and fail to reject the doubleGaussian model. If we fail to reject the Gaussian model, we
assume that it is the correct description for the data. Using
the Bonferroni correction, the threshold for rejecting a
model is pB = 0.00217 (Shaffer, 1995).
Among the statistics, the logarithm of total U.S. gross has
the strongest evidence for the double-Gaussian distribution
(Figure 6). We take the Gaussian model as its best representation prior to 1980. From 1980 on, we consider the doubleGaussian distribution as the most plausible model (Figure 7).
The double-log normal distribution of total U.S. gross
was previously reported in 2010 by Pan and Sinha for films
released between 1999 and 2008 (Pan & Sinha, 2010). In a
2013 paper, Chakrabarti and Sinha demonstrated that such
bimodality can arise in a stochastic model where theaters
independently decide which films to show (Chakrabarti &
Sinha, 2013). We believe that the lower peak in the log total
gross distribution includes big-budget films that flopped as
well as “independent” films and “art” films that do not have
the circulation afforded major studio releases. The appearance of the lower mode in the period 1980 to 1984 (Figure 7)
corresponds to a time of rapid growth in the size and number
of movie theaters in the United States, including small,
independent film theaters. Between 1980 and 2000, the
number of movie screens more than doubled as multiplexes
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FIG. 6. Examples of distributions of log total gross. Distribution of the log of total U.S. gross in different time windows. The lines represent the best fits of
a single-Gaussian distribution (solid line) and a mixture of two Gaussian distributions (dashed line) to the data. The color of the curve signifies whether we
reject (red) or fail to reject (black) the distribution as a possible fit for the data. The number in the upper left corner is the total number of data points in the
sample. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

FIG. 7. P values of distribution fits over time. P values from bootstrapping analysis representing the goodness of fit of single-Gaussian and double-Gaussian
distributions in specific time windows for the four considered statistics: the log of total gross (left), the log of film budget (center), and the log of number
of user votes (right). The gold line represents the threshold P value—calculated according to the Bonferroni correction—below which we reject the
distribution. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

replaced single-auditorium theaters (Noam, 2009). In addition, during the early 1980s, art theaters began to arise
in smaller urban and suburban areas, whereas prior to
that period, art theaters were only located in a select few
major cities (McLane, 2002). This expansion of movie theaters enabled more low-budget films to be viewed by the
general public and to have the opportunity for financial
success.
For most of the considered time windows, the log of
budget data exhibits a double-Gaussian distribution
(Figure 8). This is the case for all time windows between
1935 and 1979 (Figure 7). After 1979, we reject both the
single- and double-Gaussian distributions as potential fits
(Figure 7). We suspect that the rejection of the unimodal and
bimodal fits may be caused by the appearance of additional

modes in the data beginning in 1980. This would place the
emergence of new modes around the time of a reduction in
cost of film-production equipment such as stereo-sound
recorders (Enticknap, 2005). These new modes persist
through the 1990s, as filmmaking switched from analog to
digital.
The distributions for the log of total number of votes
behave in a similar fashion. The data are initially (1920–
1964) best represented by a Gaussian distribution followed
by a period (1965–2001) where a mixture of two Gaussian
distributions works well. After 2000, neither of the two
proposed models is a good fit (Figure 7). The rejection of
both proposed distributions after 2002 aligns with a marked
rise in Internet usage and a large traffic increase for
IMDb.
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FIG. 8. Examples of distributions of log budget and log number of user votes. Distribution of the log of budget (upper row) and the log of number of votes
(lower row) in different time windows. The lines represent the best fits of a single-Gaussian distribution (solid line) and a mixture of two Gaussian
distributions (dashed line) to the data. The color of the curve signifies whether we reject (red) or fail to reject (black) the distribution as a possible fit for the
data. The number in the upper left corner is the total number of data points in the sample. [Color figure can be viewed in the online issue, which is available
at wileyonlinelibrary.com.]

Discussion
The number of votes received by a film is plausibly
related to its quality and its financial characteristics. Thus,
we next investigate a linear regression model for the log of
number of votes.

v ( k ) = a0 + a1bˆ ( k ) + a2 gˆT ( k ) + a3r ( k ) ,

(1)

where v(k) is the log number of user votes received by a film
k, b̂ ( k ) is the year-normalized log budget, ĝT ( k ) is the
year-normalized log total box office gross, and r(k) is the
average user rating. We normalize the monetary statistics by
year to account for inflation, increases in ticket prices, and
population growth. The procedure for calculating yearnormalized log budget consists of subtracting a film’s log
budget value by the median of log budgets for all films
released in the same calendar year,

b̂ ( k ) = b ( k ) − by(k )
866

(2)

where b(k) is the actual log budget of film k, by is the median
of log budgets for films released in year y, and y(k) is the
year of release. Normalized total gross is computed in the
same fashion as in Equation 2.
To properly estimate the parameter values for the model,
we must account for the high prevalence of missing metadata. To do this, we use the Heckman correction method
(Heckman, 1976, 1979) to adjust for selection bias caused
by the absence of financial or voting data in approximately
two thirds of films in the data set. For this method, we utilize
a linear probit selection model to estimate the probability
that a film in the data set reported the necessary information,

Pr (data reported ) = d0 + d1 y ( k ) + d2 [i ( k )] + d3 [ o ( k )] ,
(3)
13

13

where i(k) is the in-degree of film k, and o(k) is its outdegree. This conditional probability is then applied as a
correction term to Equation 1.
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TABLE 3. Correlations among year-normalized financial data, user rating, and user votes. Results of correlation analyses comparing the log of number of
user votes to the log of normalized budget, the log of normalized total gross, and the average user rating, using the Heckman correction method to account
for missing data. Each column represents a different implementation of the linear model in Equation 1. Due to limited space, we do not display results for
two of the possible models: The model using budget and total gross as independent variables, and the model using total gross and user rating as independent
variables. We omit the budget and gross model because it is outperformed by the model using only budget (adjusted R2 of 66.59 vs. 73.97%) because budget
and gross are highly correlated. We omit the gross and rating model because it is outperformed by the model using budget and user rating (68.31 vs. 75.50%).
Except for the coefficient for year and the intercept in the user rating-only model, all coefficient values are significant with p < 0.001. These results suggest
that budget alone explains much of the variation in number of votes.

ĝT only

ronly
Model
Log of user votes
Intercept
Log norm. budget b̂
Log norm. total gross ĝT
User rating r
Probit selection
Intercept
Year y
Cube root in-degree i1/3
Cube root out-degree o1/3
Inverse mills ratio
Total no. of films
Films with observed data
Films with censored data
Adjusted R2 %

Coeff.

SE.

3.16
—
—
0.080

0.05
—
—
0.005

0.348
1.5
8 × 10−4
−5 × 10−5
1.19
0.07
0.915
0.06
−6.47
0.2
15,425
14,577
848
26.02

Coeff.

4.67
—
0.354
—

b̂ only
SE.

0.02
—
0.006
—

−80
2
0.040
8 × 10−4
0.916
0.02
0.354
0.02
−0.81
0.02
15,425
5,307
10,118
63.74

From the correction analysis, we find that both yearnormalized financial statistics correlate strongly with total
number of user votes (Table 3). The stronger correlation
exists between the log of number of user votes and the log of
normalized film budgets. When both business statistics are
used in a linear model for number of votes, the correlation is
not as strong as when the log of budget is used alone. The
strongest correlation, however, exists for the use of log of
normalized budget in conjunction with average user rating
(Table 3). Interestingly, when we replace log of user votes
with user rating as the dependent variable, we find no correlation with either financial quantity.
Our result suggests that the number of user votes is an
indicator of a film’s prominence. After all, a person is more
likely to enter a rating for a film if he or she has viewed it,
regardless of whether he or she found the film to be good or
bad. However, prominence is not necessarily tied to box
office success, as many films become notable for other
reasons such as major award nominations. Films also can
become notable for especially poor performances at the box
office (e.g., 1995’s Cutthroat Island, which cost $98 million
to produce and only grossed $10 million). In addition, the
production budget for a film—also known as the “negative
cost”—has been found to be strongly correlated with a
film’s advertising cost (Prag & Casavant, 1994). Hence, it is
understandable that the total number of user votes correlates
more strongly with budget than with box office gross, as the
former is directly related to the amount spent on a film’s
promotion, which increases its prominence. Moreover, we
find that film quality—in the form of average user rating—
does not appreciably account for prominence when applied

Coeff.

4.85
0.602
—
—

b̂ and r
SE.

0.03
0.006
—
—

−46
1
0.023
6 × 10−4
0.713
0.02
0.250
0.02
−1.16
0.02
15,425
5,331
10,094
73.97

Coeff.

4.19
0.586
—
0.102

All
SE.

0.04
0.006
—
0.006

−46
1
0.023
6 × 10−4
0.713
0.02
0.250
0.02
−1.12
0.02
15,425
5,331
10,094
75.50

Coeff.

3.80
0.268
0.191
0.156

SE

0.04
0.01
0.008
0.006

−76
2
0.037
9 × 10−4
0.884
0.02
0.317
0.02
−0.61
0.01
15,425
3,430
11,995
72.83

in conjunction with budget in the linear model. Therefore,
budget is overwhelmingly the most relevant factor in determining a film’s ultimate prominence. To make a film more
notable, Hollywood does not need to spend more money on
making it better; Hollywood just needs to spend more
money.
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