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Abstract

How does advertising affect supply and demand in the entertainment industry? Different advertising and distribution mecha-
nisms and unique product characteristics limit the transferability of findings from other industries to the entertainment
industry. This meta-analysis focuses on 290 documented elasticities, drawn from 59 studies of movies and video games, and
establishes new findings and empirical generalizations. First, the average advertising elasticity in the entertainment industry
is .33 (method bias-corrected .20), approximately three times higher than the average identified for other industries. Second,
average advertising elasticities are higher for demand (e.g., revenue) than for supply (e.g., screens). Third, elasticities of
pre-launch advertising are higher than those of overall advertising budgets, but with respect to the success period, elasticities
are higher for later periods, and in total, compared to the launch period. Fourth, elasticities tend to be rather recession-proof
and consistent across geographic regions but decreased after the rise of social media platforms.

Keywords Meta-analysis - Advertising elasticity - Entertainment - Supply and demand

The entertainment industry famously invests in exceptionally ~ impact of advertising in the entertainment industry and revealed

high advertising expenditures (Elberse & Anand, 2007; Schon-
feld and Associates Inc, 2021). Marvel set a record (at the time)
by spending more than $200 million on advertising for Aveng-
ers: Endgame (Katz, 2019), which then went on to become one
of the most successful movies of all time ($2.8 billion global
box office). But would it have been equally successful with less
advertising (Kerby, 2019)? Such questions spark debates in the
entertainment industry, regarding the true impact of advertising
(McClintock, 2014). Mirroring these controversies among prac-
titioners, researchers in various disciplines have investigated the
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discrepancies, such that extant studies indicate a wide range of
advertising elasticities (e.g., 0.66, Basuroy et al., 2006; 0.05,
Xiong & Bharadwaj, 2014).

To provide a basis for practical recommendations and
explain inconsistencies in prior research, we need empirical
generalizations about advertising elasticities (i.e., percentage
change in a success variable given a 1% increase in adver-
tising) and their substantive drivers (Hanssens, 2015). In
this research, we therefore generalize previous findings from
entertainment science domains with an extensive meta-anal-
ysis. For marketing research, meta-analyses provide critical
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insights; for the purposes of the current study, this approach
can clarify the direction and effect sizes of the most rel-
evant, influential drivers of advertising elasticity (Farley
et al., 1995). With these findings, marketing scholars can
discern how model specifications might influence the identi-
fied advertising impacts. Therefore, they can better compare
multiple papers and establish empirical generalizations, as
well as test theoretical approaches across studies (e.g., the
impact of the life cycle on advertising elasticities). Research-
ers also might be interested in non-significant influences on
advertising elasticity. For marketing managers, a thorough
understanding of elasticities is important, because elastici-
ties serve as input factors for budget allocation decisions
(Fischer et al., 2011). Thus, managers who are considering
how to spend their large advertising budgets prior to the
launch of a new movie or video game seek specific insights
into advertising elasticities.

Despite the importance assigned to advertising by mar-
keting studies, recent research has not provided empiri-
cal generalizations to entertainment fields. Vakratsas and
Ambler (1999) review studies of advertising effects and
derive a taxonomy of advertising models and mental pro-
cesses to summarize the available empirical findings. Three
other meta-analyses address advertising elasticities across
various industries and product types. To start, Assmus et al.
(1984) find a mean advertising elasticity of 0.22. Updates
by Sethuraman et al. (2011) and Henningsen et al. (2011)
indicate lower elasticities of 0.12 and 0.09, respectively.
However, even these meta-analyses were published more
than a decade ago. Furthermore, they do not address the
entertainment industry specifically. For example, Sethura-
man et al. (2011) include 56 studies published between 1960
and 2008 that refer to pharmaceuticals, durables, food, non-
food, and services. However, only one working paper in their
data set pertains to the entertainment industry. Investigating
the global entertainment industry is relevant, considering
that it generated US$2.1 trillion in 2019 revenues alone
(PwC, 2020). Beyond monetary implications, entertain-
ment products (e.g., movies, video games, music, books)
have substantial cultural and economic impacts. Moreover,
entertainment products and their markets differ on multiple
dimensions relative to other products, such as fast moving
consumer goods (FMCG; Holbrook & Hirschman, 1982).
Our study establishes conceptually and empirically that the
results gathered from other industries might not transfer to
the entertainment industry, because of its specificities, nor
do past results necessarily hold, due to the radical shifts in
advertising imposed by digital channels (Shehu et al., 2021).
Sethuraman et al. (2011) and Henningsen et al. (2011) focus
on contextual influential factors in their analyses, but vari-
ables that reflect the specific advertising and distribution
mechanisms of the entertainment industry (e.g., advertising
period) likely affect advertising elasticities as well.

@ Springer

Noting the unique characteristics of entertainment
products, the limited transferability of findings from prior
research, and the need to acknowledge variables specific to
the entertainment industry, we offer a meta-analysis that can
establish new empirical generalizations (Farley et al., 1995).
Our study also complements the meta-analyses by Kremer
et al. (2008) and Capella et al. (2011), which examine adver-
tising effectiveness in specific market settings (pharmaceuti-
cal products and cigarettes, respectively).

We gather findings from 59 studies published between
1994 and 2021, which report 290 effects of advertising on
the success of movies and video games.! The results affirm
our arguments for a dedicated meta-analysis of this sector
in three ways: First, the average advertising elasticity for
entertainment goods is 0.33 (with a variance of 0.26). This
is approximately three times greater than the average adver-
tising elasticity for other industries. Second, we find that
advertising elasticities vary systematically with regard to
three new variables, namely, success type, success period,
and advertising period. These variables reflect the unique
advertising and distribution mechanisms of the entertain-
ment industry and have not been considered in prior meta-
analyses, so we establish the following new important gener-
alizations. Advertising exhibits a stronger effect on demand
factors, such as revenue or sales (0.34), than on supply fac-
tors,” such as screens (0.21). This implies that advertising
has a substantial direct effect on demand and an indirect one
through supply on demand due to an increase in the distribu-
tion share—an issue raised by Reibstein and Farris (1995,
p- G190) who conclude that “marketers should monitor dis-
tribution carefully.” With regard to the unique advertising
and distribution patterns of the entertainment industry, we
find that pre-launch advertising has a higher elasticity com-
pared to elasticities based on the total advertising budget
covering both, the pre- and post-launch periods. However,
with respect to success period, the advertising elasticities
are higher for later periods, and in total, compared to the
launch period. Revealing such new influential factors is a
key contribution of meta-analyses as it sharpens the existing

! It was not possible to include other entertainment products such as
music, books, or theater plays, because they have been investigated
very rarely, due to difficulties associated with obtaining advertis-
ing budgets for these products. However, movies and video games
account for a major part of the entertainment industry (Hennig-
Thurau & Houston, 2019), and we expect the results to be transfer-
rable.

2 Supply refers to the entire distribution process of the entertainment
product and reflects the availability of the product to the consumer.
For movies, supply can be understood as the number of allocated
screens; for video games, music, and books, supply reflects the num-
ber of platforms on which the product is offered (e.g., consoles such
as Xbox, streaming services such as Spotify) or shelf space in retail
stores.
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knowledge on empirical generalizations and determines con-
ditions under which advertising elasticities are significantly
higher or lower than the average (Hanssens, 2018).

Third, we study the impact of contextual characteris-
tics (e.g., geographic region) on advertising elasticities,
which prior meta-analyses have focused on. The results
indicate that advertising elasticities are not only higher in
the entertainment industry but also more stable regarding
these contextual characteristics. Sethuraman et al. (2011)
and Henningsen et al. (2011) find four significant contextual
factors that determine advertising effectiveness (time trend,
geographic region, product type, and product lifecycle). Dif-
ferent from these prior meta-analyses, we find that elastici-
ties did not decrease linearly in the entertainment industry.
Instead, there seems to be a structural break after the rise
of social media. Moreover, unlike in other industries, elas-
ticities do not significantly vary across geographic regions
and seem rather recession-proof. We also find no significant
difference between different entertainment products (movies
versus video games).

We follow the example of Henningsen et al. (2011) and
provide the full advertising elasticity database (available
online https://osf.io/hmnz9/?view_only=be97a8b21{83459
0979c7aaac6e36de9) as a starting point for further research
along with guidance for continued research endeavors.

In the next section, we elaborate on theoretical differ-
ences between advertising in the entertainment industry
compared to other industries. Then, we describe the vari-
ables we include in our meta-analytic model and outline the
corresponding hypotheses and expectations. Subsequently,
we describe the data collection, coding procedure, and ana-
lytical method, then present the resulting empirical findings,
along with several robustness checks. We conclude with a
discussion of the study’s implications and limitations, as
well as suggestions for further research.

Advertising mechanisms
in the entertainment industry

Advertising influences product success through direct effects
on (1) demand, (2) supply, and (3) through an indirect effect on
demand through supply (Elberse & Eliashberg, 2003). Thereby,
advertising functions in two ways: It creates awareness and
it reduces uncertainty for consumers as well as for suppliers
(Vakratsas & Ambler, 1999; Zufryden, 1996). Both functions of
advertising are especially relevant to the entertainment industry
due to its unique characteristics which affect both supply and
demand (Elberse & Anand, 2007). Moreover, advertising itself
differs within the entertainment industry (Hennig-Thurau &
Houston, 2019) as it enables product trial and has an entertain-
ing nature, and these unique characteristics should also make it
more effective in reducing uncertainty and creating awareness

than advertisements in other industries. Even if other industries
might share some characteristics with the entertainment indus-
try, it is the combination of these differences that sets the indus-
try apart (Fig. 1).

First, advertising has a direct effect on demand. It is highly
difficult for customers to evaluate the quality of entertain-
ment products prior to consumption because they are hedonic
experience goods (Basuroy et al., 2006). Moreover, entertain-
ment products evoke high social risk because each consump-
tion decision provides a signal to others that the customer
belongs to a certain social group (Hennig-Thurau & Hou-
ston, 2019). Thus, compared to other industries, customers
rely relatively more on advertising as a signal to reduce the
heightened level of uncertainty in the entertainment industry
(Elberse & Eliashberg, 2003). Advertising can help customers
reduce uncertainty in two ways. On the one hand, entertain-
ment advertising provides consumers an opportunity to ¢ry the
product prior to purchase. Trailers and video clips used across
digital marketing channels are central advertising tools in the
entertainment industry and are even relevant for entertain-
ment products that rely less on visual elements, such as books
(Arons, 2013; Karray & Debernitz, 2017; Liu et al., 2018). By
watching these trailers, customers can experience a sample
of the emotions that will be evoked when they consume the
entire product (Liu et al., 2018), which should be effective in
reducing their uncertainty. On the other hand, high advertising
pressure, fostered by exceptionally high advertising budgets,
provides a signal for the quality of the product (Basuroy et al.,
2006; Vakratsas & Ambler, 1999).

Furthermore, the short lifecycle of entertainment prod-
ucts also heightens pressure to create high levels of ini-
tial awareness and to quickly convince customers through
advertising. Products that are not sufficiently successful in
the launch period might disappear from the cinema mar-
ket almost immediately. A critical distinction of entertain-
ment advertising is that advertisements themselves are
more entertaining because they incorporate drama, story,
and demonstrations (Bruce et al., 2012). Due to this enter-
taining nature, advertisements should be more likely to
get shared among customers and to go viral (Akpinar &
Berger, 2017), which makes them especially suitable for
creating high levels of initial awareness. Compared to other
industries, in which advertising seems to wear out with each
repetition, advertising should also be more likely to have
wear-in effects in the entertainment industry due to this
entertaining nature (Chen et al., 2016; Pechmann & Stewart,
1988). Finally, both characteristics of advertising—its enter-
taining nature and the possibility to try the product—should
lower customers’ reactance to advertising and thus increase
demand (Olney et al., 1991).

Second, advertising has a direct effect on supply. Sup-
pliers, such as theater owners and retailers, have to antici-
pate highly uncertain demand because they face relatively

@ Springer
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Fig. 1 Specifics of the enter-
tainment industry

Short lifecycles

Exponentially declining sales
Peak sales during the first week
Low repurchase rates

Advertising

Creation of awareness

Reduction of uncertainty

* Entertaining nature
* Enable product trial

* Focus on pre-release phase
* Exceptionally high budgets

* Hedonic, experience goods
* Cultural character
* High social risk

short lifecycles and exponentially declining sales patterns
with peak sales during the first week (Henningsen et al.,
2011; Hofmann-Stolting et al., 2017). Additionally, enter-
tainment products differ from FMCG or services in that
they evoke low repurchase rates. Advertising can help
suppliers reduce this uncertainty because, unlike in other
industries, studios spend most of the advertising budget
prior to the product launch. Thus, suppliers can inter-
pret the size of the studio’s budget as a credible sign for
the expected success and consequently plan their offer
accordingly as intensive promotion of a low-quality prod-
uct could backfire for the studio (Basuroy et al., 2006;
Elberse & Anand, 2007; Hennig-Thurau & Houston,
2019).

Third, advertising has an indirect effect on demand
through supply. Following our prior rationale, higher
advertising budgets might increase supply (i.e., availabil-
ity) of entertainment products, which makes them even
more visible and appealing to consumers and then deter-
mines ultimate demand through an increase in awareness
(Akdeniz & Talay, 2013).

Overall, based on these differences in advertising and
distribution mechanisms, advertising elasticities in the
entertainment industry should differ and be higher com-
pared to other industries.

@ Springer

Conceptualization

The dependent variable in our model is advertising elasticity,
which indicates the percentage change in a success variable
given a 1% increase in advertising. Following the studies
included in our meta-analysis, we focus on advertising that
is conducted by the studio or video game manufacturer—not
by retailers or exhibitors (Elberse & Anand, 2007). Both
demand and supply outcomes are important success indica-
tors, because a product’s sales performance (demand) and
availability (supply) are closely interrelated in the entertain-
ment industry, due to the indirect effect of advertising on
demand through supply. For movies, supply can be defined
as the number of allocated screens; for video games, music,
and books, supply reflects the number of platforms on which
the product is offered (e.g., consoles such as Xbox, stream-
ing services such as Spotify) or shelf space in retail stores.
We decided to use elasticities as our dependent vari-
able for several reasons. First, unlike correlation coef-
ficients, elasticities have the benefit that they refer to a
directional effect (Hanssens, 2015, pp. 5-6). Thus, we are
able to say that advertising drives the success of entertain-
ment products instead of just stating that there is a (linear)
relationship. For advertising, a positive effect is generally
accepted, so the effect strength is of primary interest and
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Fig.2 Conceptual framework Substantive Drivers
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Henningsen et al. (2011)

can only be determined through regression-based meas-
ures. Unlike marginal effects (which are also regression-
based), dimensionless elasticities are preferable given
the different operationalizations of the independent and
dependent variables (Bijmolt et al., 2005; Tellis, 1988).

Second, elasticities enable comparisons with all prior, major
advertising meta-analyses (Assmus et al., 1984; Henningsen et al.,
2011; Sethuraman et al., 2011) and with other marketing instru-
ments and strategies (Auer & Papies, 2020; Bijmolt et al., 2005;
Hanssens & Pauwels, 2016; Kohler et al., 2017; You et al., 2015).
Hence, our study adds to the list of elasticity benchmarks and
allows comparisons within and outside advertising research.

Third, elasticities are easily interpretable for managers in that
they refer directly to the relationship between marketing activities
and desired outcomes (Albers, 2012). According to the Dorfman-
Steiner theorem (Dorfman & Steiner, 1954), profit maximization
requires that the advertising intensity (ratio of advertising budget
and revenue) must be equal to the ratio of advertising and (abso-
lute) price elasticities. Thus, elasticities are an important effect size
to determine optimal advertising budgets. Most (72%) of the stud-
ies that we include in the sample use log—log models. Therefore,
we can include their coefficients directly as elasticities. In other
cases, we obtained the statistics required to calculate elasticities
from the manuscripts (Web Appendix A) or requested them from
the authors; accordingly, missing values were not a major issue for
our elasticity calculations.

our study and were not considered by Sethuraman et al. (2011) or

We include 28 independent variables in the model that
might influence advertising elasticities (Fig. 2). We dif-
ferentiate between substantive drivers that are the focus of
our analysis and research design characteristics. To struc-
ture the included independent variables, we categorized
them into five major groups: advertising mechanism char-
acteristics (main focus), contextual characteristics, omitted
variables, data and model characteristics, and publication
characteristics. Our variables cover the ones used in prior
meta-analyses by Sethuraman et al. (2011) and Henning-
sen et al. (2011).% In addition, we consider 13 variables
(46%) that are unique to our study and the entertainment
industry (highlighted in Fig. 2). Out of those unique vari-
ables, five are among the substantive drivers. While prior
meta-analyses focus on contextual characteristics as sub-
stantive drivers, we add a new group of three variables
(advertising mechanism characteristics) that reflect the
unique distribution and advertising mechanisms of the
entertainment industry. We add the variable success type
because advertising does not only have a direct effect on

3 We excluded the following variables because they are not applica-
ble to the entertainment industry or our database: product lifecycle
(growth vs. mature), dependent measure (absolute vs. relative), tem-
poral interval (weekly and yearly vs. quarterly), lag dependent vari-
able, lag price, price and promotion.

@ Springer
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demand for entertainment products but also a strong indi-
rect effect through supply and thus has two targets. To
capture the unique consumption and advertising patterns
in the entertainment industry, we add success period and
advertising period as independent variables. These vari-
ables indicate whether success is measured in the launch
period, in later periods, or in total in the primary study.
For advertising, the period refers to whether only pre-
launch, only post-launch, or advertising in both periods
is included.

Within the contextual characteristics, we add the new
binary time variable social media because the entertainment
industry has been strongly affected by the rise of alternative
media outlets and online word of mouth (WOM) and this
development might not be fully reflected by the linear time
trend investigated in prior meta-analyses. We also add the
contextual variable entertainment product type, to differenti-
ate between specific entertainment products.

In addition, seven new variables are added to the group
“omitted variables.” In order to obtain unbiased elasticity
estimates, it is essential to control for other variables that
have been part of the respective model within the primary
studies. We therefore investigated all control variables in the
primary studies of our database and included those that were
applied for at least 5% of all observations. The only excep-
tions which we did not include are the variables genre and
age restriction. Both variables are represented by a varying
amount of multiple dummy variables and while some stud-
ies only assign one type of genre for each movie or game,
others allow membership to multiple genres (e.g., Kupfer
et al., 2018). Thus, it is not possible to derive a direction
for the effect and the number of dummy variables would
lead to an overburdened model. Our final choice of omitted
variables reflects the most frequently used control variables
in entertainment research that are applicable to a variety
of entertainment products (e.g., Hofmann-Stolting et al.,
2017; Marchand et al., 2017). We further add the variable
sample selection to research and design characteristics,
because some entertainment studies limit samples to best-
selling entertainment products or specific genres, which is
not accounted for in prior meta-analyses.

In general, all variables in our model must account for at
least 5% of all observations (Farley et al., 1995) and should
be included in at least two studies from our database. Table 1
provides an overview of all variables, their operationaliza-
tion, expected effects, and comparisons with findings from
the recent meta-analyses by Sethuraman et al. (2011) and
Henningsen et al. (2011).

In the following sections, we derive hypotheses for
our substantive drivers and formulate expectations for
the research design and publication characteristics. The
effect of our substantive drivers on advertising elasticities
can be generally explained through their influence on the

@ Springer

two underlying mechanisms—advertising’s ability to reduce
uncertainty and to create awareness.

Advertising mechanism characteristics
Success type

Advertising campaigns for entertainment products primar-
ily target consumers through two underlying mechanisms.
Raising awareness is crucial; it is the first step that initi-
ates consumers’ purchase decision processes (Zufryden,
1996). Reducing uncertainty is an important next step,
because the quality of entertainment goods is difficult to
determine in advance, and the products evoke high social
risk (Hennig-Thurau & Houston, 2019).

With regard to suppliers, creating awareness through
advertising is not as relevant, because retailers and
exhibitors are usually approached directly by distribu-
tors and well before advertising campaigns even begin.
Thus, advertising affects supply mainly through its role
as a quality signal. High advertising budgets indicate the
studio’s commitment and high expectations of its enter-
tainment product. Distributors use this signal to convince
theater owners to assign more screens or retailers to place
a video game more prominently, in anticipation of high
demand (Elberse & Eliashberg, 2003). Highly advertised
video games are also more likely to be launched on multi-
ple consoles compared with those with lower budgets that
are first launched on only one console. Yet advertising
budgets represent only one of many factors that suppliers
consider in their allocation decisions. For example, sup-
pliers often have pre-launch access to the product (e.g.,
pre-screenings) and therefore can evaluate the quality of
the product themselves.

Moreover, suppliers may be more critical in their deci-
sion-making than consumers, because they can assign each
screen or shelf space only to one entertainment product over
a comparably longer period of time, whereas consumers
are less limited in their short-term consumption decisions.
Suppliers even decrease their offerings, despite existing
contracts, if a product does not perform according to the
expectations raised by the advertising budget (Elberse &
Eliashberg, 2003). Consumers cannot retract their purchase
once they have consumed an entertainment product. Finally,
consumers are not only directly affected by advertising but
also indirectly through supply, because they tend to inter-
pret extensive availability as a sign of popularity, which
increases their interest (Vakratsas & Ambler, 1999). We
thus hypothesize:

H1 Advertising elasticities are higher for demand than for
supply.
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Success period

The first week after an entertainment product is launched,
which we refer to as the launch period, is particularly rel-
evant. More than 60% of movies reach their highest revenue
in the first week (Follows, 2018), and the opening weekend
can account for up to 49% of overall revenue (BoxOffic-
eMojo, 2020). Such distribution concentrations are similar
for other entertainment products such as video games (Hen-
nig-Thurau & Houston, 2019; Marchand et al., 2017). Due
to this particular sales pattern, many studies focus on the
impact of advertising in the launch period. Some researchers
interpret sales in this launch period as a suitable indicator of
total sales, but the two variables do not necessarily correlate
(Gemser et al., 2007). Some movies, such as My Big Fat
Greek Wedding, became surprise hits and gained demand
after weak success in their opening week (Goldenberg,
2016). We therefore differentiate advertising elasticities
estimated on the basis of total revenues, revenues generated
in the launch period, and revenues generated in later periods.

With regard to demand, just focusing on the launch period
might underestimate the elasticity, because not every con-
sumer is instantly exposed to or persuaded by advertising
(Elberse & Anand, 2007; Garber et al., 2004). Compared to
other industries in which advertising seems to wear out with
each repetition, advertising is more likely to have wear-in
effects in the entertainment industry due to its entertaining
nature such that it becomes more influential in later periods
(Chen et al., 2016). Moreover, high demand might exceed
the limited supply in the launch period so that some con-
sumers can only watch the movie or buy the game in later
periods despite their initial interest.

With regard to supply, high advertising budgets indicate
studios’ high expectations of success for a movie, which
theater owners interpret as a sign of a potentially stronger
staying power. The profit margins of theater owners increase
over time, so they have a strong incentive to shift the number
of screens from the opening week to later weeks for movies
with stronger staying power (Clement et al., 2014). Conse-
quently, we expect:

H2 Advertising elasticities are higher if success is measured
in later periods or in total, rather than in the launch period.

Advertising period

Timing for advertising is a key factor that sets the entertainment
industry apart from other industries. Other industries usually
slowly increase advertising over time and spend the majority
of their advertising budget after the product or service has been
introduced to the market, but between 52 and 76% of the adver-
tising budget is spent prior to the product launch for entertain-
ment goods, to create hype (Hennig-Thurau & Houston, 2019).

The absence of other information sources enhances con-
sumers’ focus on advertising in the pre-launch period. In
contrast, post-launch advertising likely loses impact as a
quality signal because other, more reliable sources of infor-
mation, such as WOM or critics’ reviews, become more
widely available to consumers (Desai & Basuroy, 2005).
Furthermore, each product’s small post-launch advertising
budget must compete with extensive pre-launch campaigns
for other entertainment products and therefore may be less
effective in creating awareness. Suppliers also base their
allocation decisions mainly on pre-launch advertising budg-
ets (Elberse & Anand, 2007). Pre-launch budgets signal the
studios’ expectations of success; post-launch budgets repre-
sent their reactions to success in the launch period. After the
launch, suppliers no longer need to make decisions based on
expected success but instead can observe real success in the
launch week and adjust their offerings accordingly. We posit:

H3 Advertising elasticities are higher for pre-launch advertising
than for post-launch advertising and advertising in both periods.

Contextual characteristics
Entertainment product type

We distinguish movies and video games as distinct entertain-
ment products and choose not to include other entertainment
products, such as books or music, because the share of studies
that address advertising in these categories is below 5%. Fur-
thermore, movies and video games are among the largest and
fastest growing experience product sectors (Entertainment Soft-
ware Association, 2020; Motion Picture Association, 2019).
A typical console video game costs more than a movie and
is consumed over a longer period of time (Hennig-Thurau &
Houston, 2019). Thus, the purchase decision involves more
uncertainty. To reduce this uncertainty, additional quality
signals are available for video games, but their presence also
reduces the relevance of advertising for video games compared
with movies. For example, consumers can use the price of a
video game as a quality cue, unlike the uninformative, uniform
price of a movie (Marchand, 2016). Moreover, video game
consumption decisions likely depend on additional factors,
such as hardware availability, technical innovation, or direct
and indirect network effects (Healey & Moe, 2016; Liu et al.,
2015), which reduce the impact of advertising. It thus follows:

H4 Advertising elasticities are higher for movies than for
video games.

Social media

We expect advertising elasticities to decrease over time, as
a consequence of ad clutter, which makes it harder to create
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awareness. The rise of social media also has enabled greater
(electronic) WOM, as an alternative information source for
consumer decision-making, such that it has reduced the
impact of advertising as a quality signal (Hennig-Thurau
etal., 2010, 2015). Because this sudden rise of social media
cannot be captured fully by a linear time trend, we meas-
ure the impact of time by a binary variable that measures
whether the mean year of data collection was before 2006,
the year that Twitter launched (Britannica, 2022) and that
Facebook opened to the general public, beyond educational
institutions (Phillips, 2007). We posit:

H5 Advertising elasticities are higher if the data were
collected before 2006.

Recession

Two competing mechanisms might arise during recessions. On
the one hand, consumers facing budgetary constraints tend to
shift their spending toward lasting material goods and reduce
their spending on experiences, such as cinema visits or a video
game they might play only once (Tully et al., 2015). Thus, budg-
etary constraints might reduce the impacts of created awareness.
On the other hand, entertainment products provide the possi-
bility to escape reality, at relatively low costs, which might be
particularly desirable in recessionary times (Hennig-Thurau &
Houston, 2019; Henning & Vorderer, 2001). Therefore, consum-
ers might be more receptive to advertising for entertainment
goods. A priori, it is unclear which effect will prevail.

Geographic region

Consumers’ uncertainty avoidance and evaluations of qual-
ity signals differ across cultures (Akdeniz & Talay, 2013).
Cultures that exhibit a high level of uncertainty avoidance
tend to regard advertising as a less credible quality signal
than critics’ evaluations or WOM (Akdeniz & Talay, 2013;
Roth, 1995). In contrast, cultures that are highly individualis-
tic consider advertising a useful source of information about
new products (Hofstede et al., 2010). According to meas-
urements by Hofstede Insights (2020), Europeans® exhibit
higher uncertainty avoidance (score of 67 compared with 47
in the United States and Canada), whereas the United States
and Canada score higher on individualism (score of 86 com-
pared with 64 in Europe). Consequently, advertising’s role as
a quality signal should be more important in the United States
and Canada compared with Europe. However, greater ad clut-
ter in the United States could lead to lower awareness than in
Europe (Sethuraman et al., 2011). For suppliers, most movies

4 We took the average score of the United Kingdom, Germany, and
Greece—the countries that represent the most European samples in
our database (68%).

@ Springer

are first launched in the United States and later in Europe,
so those in Europe can make more informed decisions and
depend less on advertising budgets as a quality signal. The
net effect remains an empirical question.

Omitted variables

Omitting a variable that is correlated with both the depend-
ent variable (supply or demand) and the independent vari-
able (advertising) biases advertising elasticity, because the
model attributes the effect of the missing variable to adver-
tising. The direction of the bias is the product of the signs
of the correlations (Greene, 2018).

Lagged advertising

Lagged advertising likely correlates positively with current
sales but negatively with current advertising, because the
majority of advertising spending occurs before launch and
then rapidly decreases (Hennig-Thurau & Houston, 2019).
Thus, we expect a negative bias if this variable is omitted.

Control variables

Entertainment studies usually incorporate a rich set of con-
trol variables that correlate with demand and supply (Clement
et al., 2014). Advertising budgets reflect the expected success
of an entertainment product and should correlate with sev-
eral of these control variables as well, due to this endogenous
nature (Elberse & Anand, 2007). For example, sequels usually
receive higher advertising budgets (Kim & Bruce, 2018) and
correlate positively with both supply and demand, due to their
prior success and established fan base (Clement et al., 2014).
Therefore, any omission of this variable would bias the adver-
tising elasticity measure positively. Web Appendix B contains
an overview of our expectations for each omitted variable bias.

Data and model characteristics

Sample selection

Among our data, 36% of the observations refer to samples
that cover the complete market or rely on random selection.
The remaining observations come from samples that focus
on wide-release products with very high production budg-
ets (43%) or samples determined by other selection criteria
(e.g., only sequels, only animated movies). Such selections
might bias advertising elasticities. A wide-release strategy is
common for movies or video games that appear more likely
to be hits and often correlates with high advertising budgets
(Hennig-Thurau & Houston, 2019). The effect of advertis-
ing should be especially strong for these samples, because
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the created awareness centers on products that appeal to a
broad audience. In contrast, limited release strategies are
more prevalent for entertainment products that appeal to
niche audiences. Even if consumers gain awareness of the
product, it might not meet their taste. Samples that cover
the complete market or a random selection of entertainment
products include both wide- and limited-release strategies,
so the elasticities may be lower for these studies compared
with studies that focus on wide-release products. We do not
form a separate category for limited-release products, due to
the low number of observations, and instead include them in
an “other criteria” category. Because this category features
a variety of selection criteria (e.g., specific genres that vary
in their appeal), we do not offer explicit predictions for it.

Advertising medium

Consumers process information differently, depending on
the medium through which it is transmitted (Batra & Kel-
ler, 2016). Accordingly, advertising elasticities should differ
across media, because the potential to create awareness and
persuasiveness differ among media. Some entertainment stud-
ies in our sample use the total advertising budget and aggre-
gate media; others focus on the effects of a specific medium,
such as television or YouTube. Unfortunately, current research
does not offer enough studies focusing on each single medium
so we cannot investigate differences between individual out-
lets as a substantive driver and instead include this variable as
a research design characteristic. We expect advertising elas-
ticities to be lower for studies that focus on a single medium
compared with multiple media, due to an omitted variable
effect. If a study focuses on a single medium, the impact of the
budget allocated to other media gets omitted. Assuming fixed
overall advertising investments, this budget likely correlates
negatively with the budget of the included medium and posi-
tively with the success of the entertainment product. Thus, its
omission should bias advertising elasticity negatively, espe-
cially when advertising channels reinforce one another (i.e.,
interaction effects across channels; Naik & Raman, 2003).

Advertising measurement

Most studies measure the monetary value of the advertising
budget, but some use alternative measures, such as pages
per magazine weighted by circulation (e.g., Burmester et al.,
2015). Due to the relatively rare occurrence of each of these
alternative measures, we combine them into an “others” cat-
egory and use it as a control variable.

Data structure

Panel data capture the dynamic effect of advertising over time,
whereas cross-sectional data capture level effects at a specific

point of time. Entertainment goods have a distinct lifecycle,
characterized by high sales during the first week, followed by
an exponentially declining sales pattern (Hofmann-Stolting
et al., 2017). Thus, elasticities based on panel data should be
smaller than those based on cross-sectional data.

Functional form

We have no general expectations about how advertising elas-
ticities will differ according to the functional form, because
the adequacy of a model form depends on the characteristics
of the analyzed data (Tellis, 1988).

Estimation method

In line with the findings of prior meta-analyses (e.g., Albers
et al., 2010; Bijmolt et al., 2005; Sethuraman et al., 2011),
we do not expect significant differences in advertising elas-
ticities for different estimation methods.

Endogeneity

Because managers usually assign higher advertising budgets
to entertainment products that they expect to be successful,
the endogeneity of advertising is a widely discussed topic in
entertainment research (Hennig-Thurau & Houston, 2019).
Following Villas-Boas and Winer (1999), we expect lower
advertising elasticities for studies that do not account for
endogeneity compared with those that do.

Heterogeneity

We have no prior expectations pertaining to heterogeneity.
The effects depend on the heterogeneity pattern, in terms
of whether accounting for heterogeneity leads to lower or
higher elasticities (Bijmolt et al., 2005).

Publication characteristics
Manuscript status

If a publication bias exists, such that larger effect sizes and
significant effects are more likely to get published (Rust
et al., 1990), advertising elasticities should be higher for
published work compared with unpublished work.

Focus of study

We further expect that effect sizes and elasticities are
greater in studies that focus on advertising compared with
those that include advertising as a control variable, because
their primary goal and contribution is to identify advertis-
ing’s effect.

@ Springer
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Data collection and methodology
Selection and coding of studies

To identify relevant studies, we conducted a rigorous lit-
erature search that followed three steps (Web Appendix C).
First, we focused on building an initial database. We used
our own, preexisting literature collections as a starting point
and added studies included in a recent entertainment meta-
analysis that investigates the effect of star brand equity and
product reviews by consumers and critics on box office suc-
cess (Carrillat et al., 2018). Moreover, we considered stud-
ies mentioned in the book Entertainment Science (Hennig-
Thurau & Houston, 2019), which provides a comprehensive
overview of entertainment research. We also conducted an
issue-by-issue search of the most recognized journals in
marketing, according to the Erasmus Research Institute of
Management (ERIM) ranking,’ and of journals dedicated to
media or advertising.® Then we searched scientific databases
such as Google Scholar. Second, we examined this initial
database more closely by specifically investigating further
publications by the identified entertainment researchers and
by conducting backward and forward searches of the cita-
tions in all studies. Third, we sought to identify unpublished
work. Therefore, we inspected conference proceedings in the
previous five years’ and contacted 44 entertainment research-
ers, asking for working papers and also for missing data. We
received responses from 30 researchers and finished our lit-
erature search at the end of 2021.

In each of the three steps, we used a consistent set of
keywords (e.g., entertainment, video game, book, music,
movie, motion picture, box office, screens, cinema, advertis-
ing, promotion, pre-launch). To be included in our database,
studies had to be situated in the entertainment industry, and
the dependent variable had to be measured as sales units or
revenue (demand) or as screens, platforms, or shelf-space
(supply).® Due to the generally standardized prices for enter-
tainment goods, we consider sales units and revenue to be

5 STAR-Marketing-Journals in the ERIM ranking are Infernational
Journal of Research in Marketing, Journal of Consumer Psychology,
Journal of Consumer Research, Journal of Marketing, Journal of
Marketing Research, Journal of the Academy of Marketing Science,
and Marketing Science.

% Journals focusing on media or advertising are Journal of Cultural
Economics, Journal of Media Economics, Journal of Advertising,
Journal of Advertising Research, Marketing Letters, and Journal of
Interactive Marketing.

7 Conference proceedings came from EMAC, AMA, Marketing Sci-
ence, and the Mallen Conference.

8 Prior advertising meta-analyses by Assmus et al. (1984), Sethura-
man et al. (2011) and Henningsen et al. (2011) focus on demand and
assess this outcome with an absolute (unit or dollar sales) or relative
(market share, choice or attraction models) measure.
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comparable measures for demand. We excluded theoreti-
cal research and experimental studies, as well as studies in
which advertising was not interval or ratio scaled (Edeling
& Fischer, 2016), in which the dependent variable was “not
real” (e.g., simulated markets), and for which the informa-
tion needed to calculate the elasticity was not possible to
obtain.

One author then coded the study characteristics using a
comprehensive coding guide (Cooper, 2016). To enhance
validity and reduce subjective biases, we adopted the
approach suggested by Stanley et al. (2013), such that one
author coded all studies, and then a second author coded a
random subsample of them. This subsample accounted for
47% of the studies and 51% of the observations in our final
database. Our coding agreement reached 96.7%; any incon-
sistencies were resolved through discussion with a third
judge. Several researchers also helpfully provided necessary
clarification or additional information about their studies.

Database

The final database includes 290 advertising elasticities,
provided by 59 studies published between 1994 and 2021,
using data sets gathered from 1960 to 2017 (Web Appendix
D). The average number of elasticities reported per study
is 5, with a minimum of 1 and a maximum of 28. We find
that 87% of the observations come from studies published
in peer-reviewed journals, of which 59% are from a lead-
ing journal.” Our literature search reveals that researchers
have rarely investigated advertising effects for music, books,
and theater plays. Because studies on these products are too
scarce (less than 1% of the overall sample), we focus on
video games (11%) and movies (89%).

Model estimation

We model advertising elasticity as a function of the selected
independent variables, using hierarchical linear modeling
(HLM) with random intercepts to account for within-study
error correlations (Bijmolt & Pieters, 2001; Grewal et al.,
2018). The intraclass correlation for a model that only includes
an intercept, based on a within-study variance of 0.201
and a between-study variance of 0.138, amounts to 0.138/
(0.138+0.201)=0.407. This value shows that a high percent-
age of the overall variance in elasticities is due to differences
between studies, which justifies the use of HLM (Raudenbush
& Bryk, 2002). The Q-test (Q=26,887.07; df =288; p<0.001)
and I statistic (98.93%) underline that advertising elasticities
are heterogeneously distributed which warrants the study of
moderator variables (Huedo-Medina et al., 2006).

 STAR-Marketing-Journals in the ERIM ranking.
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Fig. 3 Distribution of advertising elasticities. Notes: Fig. 3 shows the distribution of “raw” elasticities gathered from original studies

Characteristics can be observed at either the measurement
(e.g., success type) or study (e.g., manuscript status) level.
Atlevel-1, Eq. 1 describes the characteristics that can differ
within one study. Then the level-2 Eq. 2 captures the effects
of study-specific characteristics on the intercept in level 1.
This HLM specification also accounts for unobserved study-
specific heterogeneity. Each observation is weighted by a
normed variance, which is the absolute value of the ratio
of the estimated elasticity and its standard error (Edeling
& Fischer, 2016).!° One of the observations has a weight-
ing factor of 0 and is therefore excluded from the model,
which reduces our database to 289 observations. Because
incorporating numerous interaction effects can contribute to
collinearity and compromise the stability of our model, we
focus on main effects but investigate and discuss the effects
of selected interaction effects in the Interaction effects sec-
tion. Thus, we derive the following models for identifying
potential influential factors related to advertising elasticity:

M
Eij = ﬁoj + 2 me!ij + Eij (1)

m=1

10 We took the standard errors for the calculation of the normed vari-
ance directly from the study, if elasticities were directly reported. If
elasticities had to be calculated, we calculated the corresponding
standard errors in line with the elasticities (Web Appendix A). In our
main model, we use “regular” standard errors and not robust ones,
because these weights already account for heteroscedasticity in the
disturbance term. We tested formally for heteroscedasticity in our
model by applying the Breusch-Pagan test (Greene, 2018). The model
suffers from heteroscedasticity if we apply ordinary least squares
(p<.10). However, in the weighted HLM, the Breusch-Pagan test of
heteroscedasticity does not show a significant result (p>.10).

K

Boj = Yoo + Z YiZij T Ug; 2
=1

where g;; is the i advertising elasticity from study j, Poj
is the random intercept for study j, p,, are coefficients at
the first level, w,, ; are the study characteristics (m) that
can differ within one study, vy, is the intercept at the sec-
ond level, y, are coefficients at the second level, z, ; are the
study characteristics (k) that are fixed within one study, and
¢;j and uy; are the error terms of the first and second levels,
respectively.

Results

Descriptive analyses

Figure 3 presents the distribution of 290 advertising elas-
ticities, ranging from -0.37 to 4.08. Although 18% of the
elasticities fall between 0 and 0.05, 20% of them exceed 0.5,
highlighting the wide variance of effects in extant research.
Approximately 3% of the elasticities are negative. Our “raw”
mean advertising elasticity (unadjusted for any methodol-
ogy-induced biases) is 0.33 for entertainment products. This
value is substantially higher than previously estimated “raw”
means across industries. We formally test the difference
using a t-test against the mean elasticities of 0.12 by Sethura-
man et al. (2011) and 0.09 by Henningsen et al. (2011) and
find significant results for both (p <0.001). The median
elasticity for the entertainment industry is 0.15 (Sethura-
man et al.: 0.05; Henningsen et al.: 0.04), and the standard
deviation is 0.51 (Henningsen et al.: 0.16). Considering the

@ Springer



1034

Journal of the Academy of Marketing Science (2023) 51:1019-1045

exponentially declining lifecycle of entertainment products,
we compare our results with short-term elasticities. Follow-
ing the suggestion by Grewal et al. (2018), we apply the
file drawer N procedure (Tellis, 1988). The number of zero
observations needed to obtain an insignificant mean elastic-
ity would be 12,951.

Nine elasticities lie outside the interval of the mean elas-
ticity, plus or minus three standard deviations (Bijmolt et al.,
2005; Edeling & Himme, 2018). The mean advertising elas-
ticity without these outliers is 0.26 for entertainment indus-
tries—still substantially higher (both p <0.001) than the
mean across industries indicated by the prior meta-analyses
(Henningsen et al., 2011; Sethuraman et al., 2011).

We further investigate the distribution of the averaged elas-
ticities per study and find an elasticity of 0.46 (median=0.28),
which is even higher than the mean for individual observa-
tions, because the outliers are weighted more strongly with
this approach. If we remove the outliers before calculating
the mean per study, we find consistent results (mean elastic-
ity =0.33; median=0.23; Web Appendixes E and F).

The mean statistical power of our combined set of obser-
vations is 0.68 (Muncer et al., 2003). If we calculate the mean
statistical power based on the mean advertising elasticity per
study, it even increases to 0.75. Both values are above the
threshold of 0.5, which is recommended for meta-analyses
in business research (Muncer et al., 2002).

Model-free evidence

We find 23 significant mean-difference tests (p < 0.05; Web
Appendix G). They support our expectation that elastici-
ties depend on advertising mechanism characteristics. For
example, elasticities are lower for supply than for demand,
if success is measured in the launch period versus in total
and if post-launch instead of pre-launch advertising is con-
sidered. Contextual variables such as the entertainment
product type or geographic region also appear to influence
elasticities. The results further indicate that elasticities are
biased if important variables are omitted (e.g., competition,
distributor). These findings provide an indication that adver-
tising elasticities vary systematically and that the variations
can be explained by the chosen variables. Next, we present
weighted HLM results, because mean-difference analyses
cannot account for correlations among variables, the preci-
sion of the elasticity estimate, or nested elasticities within
studies (Edeling & Himme, 2018).

Model-based analyses
Overview

Table 2, column 4, presents the restricted maximum likeli-
hood estimation results of the HLM. The model explains
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72% of the variance in advertising elasticity. We assessed the
extent of multicollinearity through variance inflation factors
(VIF). In the final model, all VIFs are below 6.71, so multi-
collinearity does not appear to be a major concern. The coef-
ficients of eight independent variables are statistically sig-
nificant at least at p < 0.05 (two-sided test). We compared the
fit of our model with a model that only includes an intercept
using the Akaike information criterion (AIC) and deviance
(-2 log-likelihood ratio; You et al., 2015). Both statistics are
lower for the main model (AIC =206.82, deviance =202.78)
compared to the intercept-only model (AIC=219.63, devi-
ance =215.63), which indicates superior model fit.

Advertising mechanism characteristics

We find a significant impact of the new variables that reflect
the advertising and distribution mechanisms of the entertain-
ment industry and that are unique to our meta-analysis. The
results strongly support our expectations of a lower effect of
advertising on supply than on demand (8=-0.365, p <0.01).
Furthermore, as expected, advertising elasticities are higher
if success is measured in later periods (beyond one week
after launch; 8=0.190, p <0.01) or in total (3=0.207,
p <0.01), rather than in the launch period. In accordance
with our expectations, we find a first indication that advertis-
ing elasticities tend to be lower if studies include both pre-
and post-launch advertising (3 =-0.171, p=0.059) rather
than just pre-launch advertising. Surprisingly, the effect of
post-launch advertising does not differ significantly from
that of pre-launch advertising (p =0.582).

Contextual characteristics

Unlike in other industries, our results indicate advertising
elasticities to be rather robust regarding contextual charac-
teristics. We find no support that advertising elasticities are
significantly lower for video games compared with movies
(p=0.217). Also, elasticities in the entertainment industry
are not significantly influenced by recessions (p =0.593),
such that the effects of budgetary constraints and escapism
seem to cancel each other out during challenging times.
Regarding the geographical context, we do not find a signifi-
cant difference between advertising elasticities in the United
States and Canada compared with Europe (p =0.400) and
other countries or international samples (p =0.405). How-
ever, as expected, advertising elasticities tend to be lower
after the rise of social media in 2006 (3=-0.177, p=0.070).

Omitted variables
In line with our expectations, the omission of screens biases

advertising elasticities positively (8=0.309, p <0.01).
Surprisingly, the omission of competition results in a
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Table 2 Hierarchical linear model results

Variable Level Expected sign Results Confirmation of Expectation

Advertising Mechanism Characteristics

Success type Supply - -.365 (.100)*** H1: Supported
Demand Base 0
Success period Later periods + 190 (L055)*** H2a: Supported
Total + 207 (.059)*** H2b: Supported
Launch period Base 0
Advertising period Post-launch - -.056 (.101) H3a: Not supported
Both - -.171 (.090)* H3b: Supported
Pre-launch Base 0
Contextual Characteristics
Entertainment product type Video games - -.292 (.232) H4: Not supported
Movies Base 0
Social media After 2006 - - 177 (097)* HS: Supported
Before 2006 Base 0
Recession Months of recession -.155 (.289) No expectations
Geographic region Europe -.071 (.084) No expectations
Others -.085 (.101) No expectations
USA and Canada Base 0
Omitted Variables (compared to included)
Lag advertising Omitted - .186 (.198) Not supported
Seasonality Omitted + -.008 (.084) Not supported
Production budget Omitted + .060 (.084) Not supported
Screens, platforms Omitted + .309 (.085)*** Supported
Distributor Omitted + -.209 (.128) Not supported
Star power Omitted + -.174 (.123) Not supported
Critics Omitted -.026 (.067) Not supported
Customer ratings Omitted + .096 (.075) Not supported
Sequel Omitted + -.058 (.076) Not supported
Competition Omitted - 282 ((126)** Not supported
Awards Omitted + -.059 (.166) Not supported
Data and Model Characteristics
Sample selection Wide released + .072 (.081) Not supported
Other criteria -.246 (.157) No expectations
Complete market Base 0
Advertising medium Aggregate + .635 (.214)%** Supported
Single medium Base 0
Advertising measurement Others 713 (L193)*#* No expectation
Budget Base 0
Data structure Panel - -.048 (.086) Not supported
Cross-sectional Base 0
Functional form Linear =515 (.1228)** No expectations
Others .162 (.160) No expectations
Double log Base 0
Estimation method 2SLS+3SLS n.s .043 (.053) Supported
Others n.s .010 (.056) Supported
OLS +WLS Base 0
Endogeneity Not accounted for - -.103 (.062) Not supported
Accounted for Base 0
Heterogeneity Not accounted for .089 (.072) No expectations
Accounted for Base 0
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Table 2 (continued)

Variable Level Expected sign Results Confirmation of Expectation
Publication Characteristics
Manuscript status Unpublished - .050 (.207) Not supported
Published Base 0
Focus of study Control variable - .023 (.146) Not supported
Focal variable Base 0
Intercept -.158 (.349)

#p<.10, *5p < 05, **%p < 01

Notes: The fourth column shows the restricted maximum likelihood estimation results of hierarchical linear model with random intercepts for
factors influencing advertising elasticities. Each observation is weighted by a normed variance, which is the absolute value of the ratio of the
estimated elasticity and its standard error. Estimated standard errors are in parentheses. OLS =ordinary least squares, WLS =weighted least

squares, 2SLS =two-stage least squares, 3SLS = three-stage least squares

positive bias instead of the expected negative bias (3=0.282,
p <0.05). The results do not support the expected effects of
the omission of other control variables or lagged advertising.

Data and model characteristics

Adpvertising elasticities do not differ significantly between
samples that cover the complete market or random samples
versus samples limited by specific criteria (e.g., sequels;
p=0.122) or versus those focusing on wide-release enter-
tainment goods (p =0.373). However, advertising elasticities
are higher in studies using an aggregate of overall media,
rather than a single medium (8 =0.635, p <0.01). Moreover,
elasticities estimated on the basis of advertising measure-
ments other than monetary budgets are significantly higher
(3=0.713, p<0.01). Advertising elasticities do not differ sig-
nificantly according to whether they are based on cross-sec-
tional or panel data (p =0.576). However, we find a signifi-
cant negative effect of a linear functional form compared with
the double log (8=-0.515, p <0.05). No significant impact of
the chosen estimation method emerges on advertising elas-
ticities. Omitting endogeneity (p =0.100) or heterogeneity
(p=0.218) does not have a significant influence either.

Publication characteristics

We find no significant difference between advertising elas-
ticities reported in unpublished versus published research
(p=0.811). Furthermore, there is no significant difference
between studies in which advertising is included as a con-
trol variable and those with advertising as the focal variable
(p=0.875).

Bias-corrected elasticities

Our model-based analysis indicates that elasticities are sig-
nificantly positively biased if supply (screens or platforms)
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or competition are omitted in the original study, and neg-
atively if a linear instead of a double-log model (which
accounts for more realistic decreasing marginal returns to
advertising) is used. Therefore, a bias-corrected elasticity
serves as a more appropriate estimate for managers and
benchmark for researchers than the “raw” mean. After
“correcting” each of the 290 elasticities in our database for
these biases, using the parameters of our main model, we
obtain a mean elasticity of 0.20. The distribution of bias-
corrected mean-elasticities is provided in Web Appendix
H. This bias-corrected mean is considerably lower than
the “raw” mean elasticity of 0.33. However, by correct-
ing for the omission of supply, the bias-corrected mean
elasticity only reflects the direct effects of advertising on
supply (0.19) and demand (0.20), whereas the “raw” mean
also includes studies that do not control for supply and for
which the elasticity therefore reflects the total effect of
advertising on demand.

Interaction effects

In addition to our main model, we investigate interaction
effects between our substantive drivers and also consider
interactions for two omitted variables (critics and competi-
tion) for which we expect the results to differ with regard
to success type and one omitted variable that should dif-
fer regarding success period (customer ratings). Similar to
Sethuraman et al. (2011), we focus on interactions for which
we have some prior knowledge based on theory or that are
of managerial interest; Web Appendix I presents the respec-
tive rationales. Incorporating all possible interactions would
contribute to collinearity and compromise the stability of our
model. Unfortunately, the number of observations for most
interactions is very low (<5%; see column 3 in Web Appendix
I). Therefore, the results only provide a very faint first indica-
tion and should be understood as ideas for further research.
While we did not find that the omission of cus-
tomer ratings generally biases advertising elasticities
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(p=0.200), we do find a significant interaction between
success period and the omission of customer ratings
(later periods X customer ratings omitted; $=0.357,
p <0.01). This finding is based on a sufficient num-
ber of observations (n=238, 13.1%) and in line with the
notion that customer ratings can mainly be given after
the launch period and their omission should therefore
become more relevant in later periods (Marchand et al.,
2017).

Further time-related analyses

Unlike prior advertising meta-analyses across industries, we
do not find support for a linear decline of advertising effec-
tiveness over time (see Web Appendix J). However, we find
that the impact of advertising tends to be lower after the rise
of social media platforms in 2006 compared to before. Based
on this structural break, we conduct separate analyses focus-
ing on studies with a mean year of the estimation period
prior 2006 (n=122) versus in and after 2006 (n=167). Due
to the limited sample sizes, we focus on reduced models that
only include the substantive drivers and omitted variables.
We remove variables that do not fulfill our criterion of being
represented by at least 5% of observations and that are not
included in at least two studies for the new smaller samples
(success type, entertainment product type, lagged advertis-
ing, and awards). Due to these criteria, we also combined the
levels “Europe” and “Others” for the geographic region. Star
power is excluded due to multicollinearity issues. The sig-
nificant effects from our main model can be mainly found for
the sample prior to 2006, which may support our assumption
that the awareness function of advertising was aggravated by
the rise of social media in and after 2006. We elaborate on
our rationale for the specific differences in Web Appendix
K. However, these analyses need to be interpreted with cau-
tion due to the lower number of the degrees of freedom in
the split samples.

Furthermore, we find no linear impact of recessions in
the entertainment industry. To investigate this further, we
conduct analyses using two alternative, binary operation-
alizations of recessions (Web Appendix J). First, reces-
sion is coded 1 if the number of months the economy is in
recession as a proportion of total months in the estimation
period is greater than zero, and 0 otherwise. Second, reces-
sion is coded 1 if the proportion of months in recession is
greater than 50%. Only in the second case, if the proportion
of months in recession surpasses 50%, we find a marginally
significant effect (3=-0.265, p <0.10).

Robustness checks

To test the robustness of our meta-analytic model, we
perform multiple analyses (Table 3). First, we focus on

observations (n=243) with statistical power greater than 0.5
(Muncer et al., 2003). The results are very robust. Only the
social media variable (in and after versus before 2006) turns
from being marginally significant to insignificant (p =0.126)
and advertising medium (aggregate versus single medium)
slightly falls below 5% significance (p =0.065). Instead,
sample selection turns marginally significant, providing a
first indication that samples limited by specific criteria show
lower elasticities compared to those covering the complete
market (8=-0.301, p <0.10), in line with our expectations.

Second, we exclude nine elasticities that lie outside the
interval of the mean elasticity, plus or minus three standard
deviations (Bijmolt et al., 2005; Edeling & Himme, 2018).
The results for our substantive drivers are mainly unchanged,
except that three further variables turn significant. In line
with our expectations, elasticities of post-launch advertising
are significantly lower compared with pre-launch advertis-
ing (3=-0.157, p<0.05), samples limited by specific cri-
teria show lower elasticities compared with those covering
the complete market (3=-0.416, p <0.01), and elasticities
are lower in and after 2006 than before this year (8 =-0.146,
p<0.05). We also find that geographic region (Europe versus
US) turns marginally significant (3 =-0.100, p <0.10). For
the research design characteristics, the omission of critics
(3=0.125, p<0.01) and star power (3=-0.192, p <0.10) turn
(marginally) significant, whereas competition (p =0.509) and
advertising measurement (3 =0.420, p <0.10) become insig-
nificant and only marginally significant, respectively.

Third, we estimate a model without the video game
observations and limit our database to movies (n=257). Two
changes occur for the substantive drivers. Advertising period
(both versus pre-launch; p=0.658) turns insignificant, and
the social media variable (in and after versus before 2006)
falls just below 10% significance (p =0.101). With regard to
research design characteristics, not accounting for endogene-
ity turns marginally significant and negatively biases adver-
tising elasticity (3=-0.148, p <0.10) and sample selection
(limited by specific criteria versus complete market) turns
marginally significant (8=-0.331, p <0.10).

Fourth, we limit our model to studies that use demand
(n=265) as the success type and exclude those that include
supply as the dependent variable. Advertising period (both
versus pre-launch; 8=-0.189, p <0.05) and social media
(in and after versus before 2006; =-0.215, p<0.05) go
from being marginally significant to being significant at 5%.
For research design characteristics, functional form turns
insignificant (p =0.129), while sample selection (other cri-
teria versus complete market; 3 =-0.369, p <0.05) and the
omission of distributor turn significant (6=-0.433, p <0.05).
Other than these shifts, the model stays robust.

Fifth, we exclude the variable data structure (cross-sec-
tional vs. panel), which could contribute to multicollinearity
due to its correlation with various other variables, such as
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Table 3 (continued)

&

_ g
3.3
S £ =
<
S 3z g
w
-o—g.g
S 2 g
225
BEQ
o 2=

Without Data Struc- Sample level

Only Movies Only Demand
ture Variable

No Outliers

Only Statistical
Power>.5

Level

Variable

Springer

variables)

0

Published (Base)
Control variable

029 (.118)

.015 (.146)

.044 (.167)

-.127 (.140) -.011 (.162)

.012 (.167)

0

Focus of study

Focal variable
(Base)

-.245 (.296) -.122 (.415) -.327 (411) -.179 (.349) -.040 (.322) .265 (.305)

014 (434)

Intercept

#p<.10, #¥p < .05, #¥¥p < 01

Notes: The columns 3-9 show the restricted maximum likelihood estimation results of hierarchical linear model with random intercepts for factors influencing advertising elasticities; each

ordi-

observation is weighted by a normed variance, which is the absolute value of the ratio of the estimated elasticity and its standard error. Estimated standard errors are in parentheses. OLS

nary least squares, WLS

weighted least squares, 2SLS =two-stage least squares, 3SLS =three-stage least squares

the success period, the advertising period, or the inclusion of
lagged advertising. The results for the substantive variables do
not change relative to the main model. Only the effect of not
accounting for endogeneity turns marginally significant and
biases advertising elasticity negatively (3 =-0.106, p <0.10).

Sixth, we test a sample-level clustering and find that all
results remain consistent with the exception of distributor
which turns marginally significant (3 =-0.202, p <0.10).
Other than that, advertising period (both versus pre-launch;
B=-0.177, p<0.05) and social media (in and after versus
before 2006; 3 =-0.227, p <0.05) go from being margin-
ally significant to being significant at 5%. We further con-
ducted all robustness checks on the sample level and find
very robust results (Web Appendix L).

Seventh, we calculate a reduced model that only includes
the substantive drivers and the omitted variables to account
for the limited size of our database. Only two changes occur.
For the advertising period, advertising in both periods versus
pre-launch increases from marginal significance to signifi-
cance at 1% (3=-0.253, p <0.01) and the omission of lagged
advertising turns marginally significant (3 =0.339, p <0.10).

Overall, our main model appears sufficiently robust, espe-
cially with regard to our substantive drivers. Because our anal-
yses are limited by the size of our database, unfortunately, we
cannot conduct additional robustness checks that focus only
on supply or on video games. Furthermore, the results of the
subsample analyses need to be interpreted with caution, due to
the lower number of the degrees of freedom in these analyses.

Discussion

Practical implications

An ongoing debate deals with whether exceptionally high
advertising budgets in the entertainment industry are jus-
tified. Assuming a decreasing marginal effect of advertis-
ing, current allocation practices might not be optimal for
managers. With this meta-analysis, we provide an estimate
that managers can use as an additional decision criterion to
plan their budgets more systematically. If managers increase
the advertising budget by 1%, the success of the entertain-
ment good is likely to increase by 0.33%, around three times
more than the average for other industries (Henningsen et al.,
2011; Sethuraman et al., 2011). Even though advertisements
are primarily designed for consumers, we also find a substan-
tive effect on supply. If managers increase the advertising
budget by 1%, supply likely will increase by 0.21%, whereas
demand should increase directly by 0.27%.!! Given a screen

" Average advertising elasticity of studies that investigate demand
and control for supply.
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Table 4 Predictions of advertising elasticities

Case 1 2 3 4
Success type Supply v
Demand v v v
Success period Later periods v
Total 4
Launch period v Vv
Advertising period Both v v

Post-launch
Pre-launch v v

Predicted advertising elasticity 094 459 477 494

Notes: Post-launch advertising was not significant and will therefore
not be used in our predictions. All predictions are based on a log—
log model that includes only the significant variables and controls for
screens and competition. We assume a monetary advertising budget
and overall advertising spending (not for a single medium). The pre-
dictions relate to a time after the year 2006

elasticity of 1.04 (Clement et al., 2014), this increase in sup-
ply then should almost equally increase demand.

We further highlight strategically relevant, influential
drivers of advertising effectiveness (advertising mechanism
and contextual characteristics). Managers can use our main
model (Table 2) to predict the average advertising elastic-
ity for their individual circumstances. Table 4 provides an
overview of exemplary cases. For example, managers can
expect demand to increase by 0.46% in the launch period if
they increase their pre-launch advertising budget by 1%. We
further find that the impact of advertising is lower after the
rise of social media platforms in 2006 compared with before.
Managers should consider this important structural break if
they derive important parameters for their estimations and
forecasts from past data.

Furthermore, the launch week is of enormous importance
in the entertainment industry. Yet, our results indicate that
the effectiveness of advertising campaigns should not be
judged exclusively by their impact during the first week,
because the impact can increase in later periods. This finding
supports the notion that advertising has more of an acquisi-
tion effect (i.e., generating new customers) in later periods,
not necessarily an acceleration effect (i.e., shifting demand
to earlier periods) for the launch period (Delre et al., 2016).

It has often been speculated in practice that the enter-
tainment industry is recession-proof, and we indeed find
no linear negative impact on the effectiveness of advertis-
ing. Instead, we find a marginal effect of recessions only
if the proportion of months in recession surpasses 50%.
This suggests that, to a certain degree, the entertainment
industry is indeed recession-proof, yet it is affected when
recessions become more enduring. The positive effect of
escapism seems to counteract the negative effect of budget-
ary constraints during challenging times. Managers should

not reduce advertising during recessions, especially because
previous research shows that such a procyclical strategy is
likely to backfire (e.g., Van Heerde et al., 2013). Moreover,
unlike in other industries, advertising seems equally effec-
tive in Europe and the United States, despite their cultural
differences.

Research implications

Our meta-analysis reveals the most influential research
design characteristics, along with their direction and effect
size. Researchers can use these insights to plan their own
studies and to interpret existing ones more accurately.

We find that studies focusing on a single advertising
medium (e.g., only TV or only print) versus aggregated
media spending tend to report lower advertising elasticities.
Further, in specifying their models, researchers should real-
ize that omitting screens or competition will bias advertising
elasticities positively. Thus, we strongly suggest they include
these variables if the goal is to reduce potential biases in the
advertising estimate. Interestingly, almost all of the most
recent studies in our database (published within the last
five years) included screens in their model, with only one
exception, but only a third included competition. The omis-
sion of other notable control variables in the entertainment
industry did not significantly bias the advertising elasticity
in our findings, but we still suggest researchers should aim to
build the most comprehensive models, controlling for vari-
ous firm-, competitor-, and consumer-specific influences on
demand and supply (which helps reducing endogeneity con-
cerns due to unobserved influences).

The omission of endogeneity falls slightly below the 10%
significance level, which implies that even though endoge-
neity is an often-discussed issue in entertainment research,
it should not need to be addressed per se but only if the
data require it. Similarly, the choice of functional forms and
estimation methods should reflect the specific research prob-
lem. We acknowledge that no bias appears to result from
using published versus unpublished research. For interested
researchers, we provide access to disaggregated data that
they can use as a starting point for their own estimations and
to conduct further analyses of individual topics of interest.

Theoretical implications

Meta-analyses further provide generalizations of theorized
and tested relations and their respective effect sizes. First,
our results support the importance of supply and demand
dynamics of marketing instruments in the case of advertis-
ing. While this issue has been highlighted prominently by
Reibstein and Farris (1995) only a few researchers addressed
these dynamics theoretically or empirically. Our results

@ Springer
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support that advertising has a direct impact on demand but
also an indirect effect through supply.

Second, we find that advertising elasticities in the enter-
tainment industry are approximately three times higher com-
pared to other industries. They are also more stable over
time, across geographic regions, and during recessions. The-
oretically, this could be explained by the unique characteris-
tics of entertainment products and their distribution (e.g., the
hedonic experience characteristics of the products and the
short and exponentially declining lifecycles enhance uncer-
tainty of both customers and suppliers and thus increase
the relevance of advertising as a quality signal). Moreover,
these findings support the theoretical assumption that enter-
tainment advertisements themselves might include crucial
elements (e.g., storytelling, sampling of the product) that
increase the effectiveness. Entertainment advertisements
differ by including relatively high degrees of emotion and
enjoyment. These characteristics may lower customers’ reac-
tance to advertising compared to other industries. We also
find that elasticities are greater for later periods compared to
the launch period. This supports the theoretical assumption
that advertising has a wear-in effect in the entertainment
industry, whereas wear-out effects appear more prominent in
other industries. Furthermore, the possibility for consumers
to try the final entertainment product through advertisements
might be a relevant aspect to enhance advertising elasticities
for other experience products for which the quality (based
on objective criteria) is also difficult to convey.

In addition, meta-analyses help explain potential non-
findings and can provide new impulses for theory building.
We find that the emergence of social media negatively influ-
ences advertising effectiveness. Although this is in line with
our hypothesis and can be explained as a consequence of ad
clutter and the rise of social media as alternative information
sources, the effect is only marginally significant. A reason
for the marginal significance might be that entertainment
advertisements, such as trailers, are theoretically especially
prone to being shared and social media platforms enhance
the possibilities for content sharing. Thus, entertainment
advertisements might have an additional function (creat-
ing engagement) that became more relevant after the rise of
social media in addition to reducing uncertainty and creating
awareness. This positive engagement effect could counteract
the negative effect we hypothesized and should be investi-
gated in more depth.

Surprisingly, we find a positive bias for the omission of
competition even though prior research suggests a negative
bias (see Web Appendix B). A possible explanation might be
that supply is limited in times of high competition and thus,
positive demand effects might occur for movies that have not
sold out yet or video games that are still available in stores
(Radas & Shugan, 1998). Future research could investigate

@ Springer

potential positive effects of competition on demand more
closely.

Limitations and further research

Meta-analyses depend on extant research, which limits
our investigation of success outcomes, influential drivers,
and underlying mechanisms, as well as the generalizability
beyond movies and video games. Yet, these limitations also
highlight potential for future research.

First, we can only investigate the effect of advertising on
supply and demand, measured as sales units, revenues, and
the number of screens. However, more recent studies also
indicate an effect of advertising on important engagement
outcomes, such as buzz (Onishi & Manchanda, 2012; Xiong
& Bharadwaj, 2014). More research on these outcomes is
needed to draw generalizable results. Furthermore, current
research does not offer enough data to investigate supply as
a subsample. More research along these lines would ena-
ble a separate examination of supply and its antecedents.
Moreover, our database highlights that supply outcomes of
advertising have only been investigated for movies. For other
entertainment goods, suppliers, such as retailers, might also
interpret advertising budgets as a signal for the expected
success and assign shelf space accordingly. However, supply
is also determined by the platforms on which a product is
available (e.g., consoles for video games, streaming services
for music), and this strategic decision might be influenced
by other factors, which could be a fruitful area for research.

Second, our selection of influential drivers of advertising
elasticity is limited by the independent variables investigated
in the original studies. We could not compare advertising
elasticities for specific, individual media (e.g., television ver-
sus social media). Further, many researchers have investi-
gated the effects of the amount and the distribution of adver-
tising budgets on the success of entertainment products, but
differences in the advertisements themselves (e.g., specific
advertising strategies) have received little attention (Karray
& Debernitz, 2017; Liu et al., 2018; Rao et al., 2017). Our
database further highlights that two control variables, star
power and production budget, have been investigated only
for movies, not video games, even though they are relevant
in practice, which could be an interesting route for further
research.

Third, we built the rationale for the impact of our substan-
tive drivers on advertising effectiveness based on two under-
lying mechanisms: advertising’s function to create aware-
ness and to reduce uncertainty. The studies in our database
use secondary data and do not measure these mediators, so
it was not possible to derive empirical generalizations for
neither mental processes nor individual perceptions of enter-
tainment advertisements.
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Finally, due to the low number of studies focusing on
video games, music, and books, our sample mainly consists
of movies, which limits the generalizability. Entertainment
products differ from each other to some extent, for exam-
ple, regarding their reliance on visual elements, which is
higher for movies and video games. That being said, vis-
ual elements are also relevant for music and books in the
form of music videos or video trailers for books (Arons,
2013). Despite such distinctions, we believe that our find-
ings on advertising elasticities are driven by unique adver-
tising characteristics and distribution mechanisms shared
by those entertainment products (Hofmann-Stolting et al.,
2017). However, further research including different enter-
tainment products is needed to confirm our assumption
that the results of this study are indeed transferrable. Even
though our meta-analysis is situated in the entertainment
industry, we suggest testing whether our results might even
apply beyond to “must-have” products, such as iPhones
or fashion items. These products induce similar consumer
uncertainty, have high pre-launch advertising budgets, and
feature quickly declining and short lifecycles. Goldenberg
et al. (2007) argue that this diffusion pattern, in which mar-
keters observe a peak in demand immediately after prod-
uct launch, results from a pre-launch “shadow diffusion,”
triggered by advertising and buzz. In this case, consumers
make the adoption decision even before the innovation is
available, but they must wait until the product is introduced
to the market (Burmester et al., 2015; Muller et al., 2009).
This pattern is also prominent for pre-announced innovations
such as smartphones or electric vehicles.
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