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This study examines a dual distribution channel through theaters and digital platforms to understand how a
producer’s investment strategy and pricing in these channels are influenced by risk aversion and the ability of
Bayesian consumers to learn from online reviews. We develop a Stackelberg game model, where a risk-averse
producer acts as the leader, investing in the film, which is then released sequentially in theaters and on
digital platforms. Our findings show that online reviews are crucial due to the uncertainty of achieving the
target movie quality. A risk-averse producer tends to invest in lower-quality movies with lower prices, while
a risk-neutral producer invests in higher-quality films with higher ticket prices. Critic reviews significantly
impact firms’ decisions more than audience reviews. Interestingly, increasing the precision of online reviews
lessens the effect of risk aversion on quality investment. These insights provide valuable contributions to film
industry stakeholders, highlighting how online reviews and risk aversion shape investment strategies in the

industry.
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1. Introduction

Investing in the film industry can be a high-stakes game. Producers face significant risks, partic-
ularly regarding the quality of their movies. Even with a substantial investment budget, there is
no guarantee that critics and consumers will perceive the movie’s quality as intended, leading to
a potential mismatch between spending and revenue. For instance, The Great Wall, directed by
Yimou Zhang, a renowned director in China, illustrates this point. Despite its expensive ancillary
and theatrical cost of 266.9 million dollars, the movie received mostly negative reviews, leading to

a 74.5 million dollar loss (D’Alessandro 2018).
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Additionally, with the development of electronic commerce, movie screening is no longer limited
to theaters Jiang et al. (2023). The Internet is also a popular distribution channel. Consumers can
watch/download the movie via a digital purchase/rental platform, such as Amazon Instant Video,
iTunes Store, or Google Play Alaei et al. (2023). The price varies depending on the type of film,
production cost, release date, copyright license, market demand, etc. For this reason, producers can
employ a dual-channel strategy through theaters and digital channels. More than half of the top
100 films on rottentomatoes.com in 2020 opted for dual-channel release. More than half of these

dual-channel releases were first viewed in theaters and subsequently watched on digital channels.

1.1. Consumer Learning from Online Reviews

In the context of the film industry, a movie can be considered a service, and its true quality can
only be known after viewing it. To help assess a movie’s quality, consumers often rely on online
reviews from previous viewers and critics. This process of updating prior beliefs about a movie’s
quality based on online reviews is known as consumer learning or social learning (Papanastasiou
and Savva 2017, Ma et al. 2021). Research suggests that consumer learning from online reviews
leads to better-informed purchasing decisions and fewer negative experiences (Li et al. 2023). It
is important to note that the information available to earlier and later consumers may differ as
online reviews evolve.

For example, let us analyze the critics’ and audience ratings from Rotten Tomatoes for the film
Green Book. This movie was first released in theaters on Nov 21, 2018, and subsequently released
on the Internet on Mar 12, 2019. On Rotten Tomatoes, the critics’ ratings are binary (‘fresh’ or
‘rotten’), while the audience ratings are categorized on a scale from 0 to 5 stars. Therefore, we
transform critics’ and audience ratings into a binary system. Following the approach in Hogenboom
et al. (2013), we classify 3, 3.5, 4, 4.5, and 5-star ratings as positive and 0.5, 1, 1.5, 2, and 2.5-star
ratings as negative. We summarize the rating statistics in Table 1. The critics’ ratings refer to those
collected before the movie release, whereas audience ratings refer to those collected during the
theater viewing. The audience ratings have higher averages and precision than the critics’ ratings.
(In this article, we use the term “audience rating” to refer specifically to the ratings provided by
those who watched the movie in theaters.)

In a dual-channel sequential release, consumers in different channels receive varying information
signals from online reviews due to changes in the average and volatility of the online movie ratings
over time. Consequently, digital and theater consumers are exposed to different information about
a movie’s quality before viewing it. Digital consumers can obtain insights about a film’s quality
from pre-digital reviews, such as critics” and audience reviews. In contrast, theater consumers can

only rely on pre-theater reviews to form their judgments.



Table 1: Statistics of ratings on Rotten Tomatoes.

Critics Theater audience

Total reviews 105 1518
Positive 86 1456
Negative 19 62

Mean 0.82 0.96
Variance 0.15 0.04
Precision 6.68 25.51

Pricing is an additional issue that merits consideration. It has been commonly perceived that
movies are uniformly priced, implying that the same price is charged for films of different quality.
However, differentiated pricing is gaining momentum. AMC Theaters, for example, charged a higher
price for The Batman than any other movie playing concurrently (Isenberg 2022). Furthermore,
theaters indirectly set different movie prices by exhibiting them at other times or locations. For
instance, ticket prices are higher on Sundays than on weekdays (SingaporeReview 2021), and
popular movies are usually shown at ‘prime’ times. Additionally, large productions receive more
theater space with better technology, while small-budget movies are relegated to older theaters
with smaller screens (Thompson 2012). As online reviews can predict a movie’s success to a certain
extent, theaters and platforms can leverage this information to set prices and determine how to
exhibit the film.

1.2. Motivation and Methodology
Our primary motivation is to analyze the impact of producer risk aversion and consumer learning
on quality investment. Specifically, we aim to address the following research questions:

Focusing on the film supply chain, we ask three research questions regarding the equilibrium
decisions about movie quality and pricing. 1. How does producer risk aversion impact movie quality
and pricing decisions? 2. How does consumer learning from online reviews, as either unbiased
estimates of quality or independent of a producer’s ability, influence the supply chain equilibrium?
3. How is the equilibrium affected by the interaction between the producer’s risk aversion and the
precision of online reviews?

To address our research questions, we use a Stackelberg game model, where a risk-averse producer
is a leader who invests in the quality of the film. At the same time, the theater and the digital
platform are risk-neutral followers who set their respective prices. As the film is released sequentially
on both channels, consumers form beliefs about its quality based on pre-theater reviews (during
the theater release period) and pre-digital reviews (during the digital release period).

We determine the game’s equilibrium and explore its properties. Specifically, we analyze the
equilibrium’s sensitivity to key factors such as risk aversion, online ratings, and information uncer-
tainty. We also examine the price competition between theaters and digital platforms by analyzing

the difference between theatrical and digital purchase prices.



Moreover, we extend the base model, which assumes independent online ratings by critics and
the theater audience, to a model where the producer’s quality investment affects the expected
ratings.

To further analyze the complexity of the equilibria, we conduct numerical simulations. We inves-
tigate how the impact of information precision on the optimal policy depends on the producer’s
degree of risk aversion. Our findings suggest that an increase in online reviews’ accuracy reduces
risk aversion’s impact on quality and prices. Additionally, we use numerical simulations and linear
regression to assess the robustness of our results.

Our research employs a comprehensive methodology to answer our research questions, which
involves a Stackelberg game model, numerical simulations, and linear regression analysis. Our
results shed light on the interplay between producer risk aversion, consumer learning, and quality

investment in the film industry.

1.3. Contributions

We make a significant methodological contribution by examining the impact of the interaction
between risk aversion and the learning of Bayesian consumers from online reviews on the producer’s
investment strategy.

Our research has important managerial implications for the film industry. We show that a pro-
ducer’s level of risk aversion affects their decision-making process regarding quality investment
and pricing in response to online ratings. Specifically, a low-risk-averse producer invests more in
quality and raises prices in response to higher ratings. In contrast, a high-risk-averse producer
invests less in quality under the same conditions. Furthermore, we demonstrate the significance
of online reviews in the decision-making process because of the producers’ uncertainty about the
film’s quality. Our analysis indicates that critics’ reviews carry more weight than the theater audi-
ence reviews in determining the movie’s profitability, and we show that an increase in the precision
of online reviews reduces the impact of risk aversion on quality and prices. Finally, to deepen our
understanding of how risk aversion affects optimal policies, we develop a movie typology based
on production budget size and rating uncertainty, providing a framework to assess the risks and
benefits of quality investment and pricing decisions.

The remainder of this paper is organized as follows. First, we review the relevant literature in
Section 2, followed by a description of the Stackelberg game in Section 3. Next, in Section 4, we
derive the optimal quality and pricing decisions and analyze the properties of the equilibrium. We
then focus on a case in which online reviews do not affect the average consumers’ perception of the
movie quality but only reduce uncertainty in Section 5. In Section 6, we provide a set of numerical
analyses to explore the role of online reviews on the equilibrium, and verify the theoretical results.
Finally, in Section 7, we summarize the essential findings and the managerial implications. We

provide all the proofs of theorems, propositions, and corollaries in the Appendix.



2. Literature Review
Our study relates to three streams of research: a) quality investment by risk-averse agents, b) movie

pricing, and c¢) consumer learning from online reviews.

2.1. Quality Investment by Risk-Averse Agents
Several studies have explored the relationship between product quality investment decisions and
risk aversion, including the works by Wen and Sigin (2020), Chen et al. (2022), and Zhou et al.
(2023). Among these, the study most closely related to ours is that of Wen and Siqin (2020). They
employ the mean-variance model to investigate the impact of risk aversion on quality and pricing
decisions in a sharing economy platform, finding that risk aversion reduces quality.

Our study differs from that of Wen and Siqin (2020) in several significant ways. First, we incor-
porate the effect of learning from online reviews. Second, we examine the interaction between
information precision and risk aversion. Third, we investigate how quality and pricing affect the

equilibrium outcome.

2.2. Movie Pricing

Some studies suggest that theaters consistently charge the same price for films, regardless of the
differences in the movies (Eliashberg et al. 2009). However, in specific markets, such as Hong Kong,
theaters implement differential pricing for movie tickets (Ho et al. 2018). An analysis of ticket
pricing by Ho et al. (2018) found that differential pricing leads to higher profits than uniform
pricing. Additionally, Gu et al. (2024) discovered that a movie’s ticket price is influenced by factors
such as the consumer’s status (senior citizen or student). They proved the conditions when the
differential pricing is optimal for competitive facilities.

Films can be distributed through various channels, such as online or home video, after their
release in theaters (Berbeglia et al. 2020). Calzada and Valletti (2012) and August et al. (2015)
studied the inter-temporal distribution and consumption of movies. Calzada and Valletti (2012)
suggested that sequential release is a better choice when the movie studio is independent of movie
distributors and exhibitors. August et al. (2015) found that at the lower (upper) range of quality,
an increase in movie quality is accompanied by a longer (shorter) time window between theatrical
and video channels. However, few studies have considered price competition between theater and
digital platforms. While there is substantial literature on price competition in dual-channel sales
(Ha et al. 2022, Pal et al. 2023), the investigation of price competition of movies sequentially
released on two different channels is still in its infancy.

Due to uncertainty regarding the quality of the film, strategic consumers may delay viewing
the movie until receiving word-of-mouth recommendations. Online reviews and the expected price

difference are two crucial factors in consumer choices regarding different channels for viewing. For



this reason, we investigate the impact of different types of online reviews on the pricing strategy

of two channels for a movie sequentially released in theater and on digital channels.

2.3. Consumer Learning from Online Reviews

Consumer learning refers to how consumers acquire knowledge and experience of products or
services and apply them to their purchasing decisions. Empirical studies have proven that online
reviews are an important source of information for consumers to learn about products or services
prior to making a purchase (Huang et al. 2023). Therefore, developing mathematical models to
capture consumer learning from online reviews is crucial. For instance, Zhou et al. (2023) considers
that consumers learn about product quality from online reviews and past sales volume information
and finds that neither of these two types of information can guarantee higher firms’ profit. Other
studies, such as those conducted by Li et al. (2019), Wang et al. (2022), and Li et al. (2023) have
modeled how consumers update their expectations of how well a product fits their needs based on
online reviews. Jiang and Yang (2019) has modeled how consumers learn the firm’s type of cost
efficiency from online reviews.

In Bayesian learning, when the prior beliefs and information signals follow a normal distribution,
the updated posterior beliefs of consumers also follow a normal distribution. The mean of this
posterior distribution is the weighted average between the prior belief and the signal. For example,
Papanastasiou and Savva (2017), Ma et al. (2021), and Shin et al. (2023), have included the number
of reviews and the average rating by early consumers as information signals in the consumer
learning process. In contrast, Keppo et al. (2022) has extended the updating process to t periods.

We adopt a similar consumer learning model but assume consumers in different channels can
access additional review information. Specifically, theater consumers only read online reviews by
professional critics, while digital channel consumers read online reviews by both critics and theater
viewers. We analyze the impact of these two types of review information on the investment in

movie quality and retail pricing.

2.4. Summary
In summary, several articles on investment in quality consider risk aversion, focusing on demand
uncertainty (e.g., Li and Qi 2021, Wen and Siqin 2020). However, the situation in the film industry
is different. The revenue from a film is strongly related to online reviews, which, together with the
producer’s quality investment, influence consumer perceptions. Therefore, investigating the joint
impact of the producer’s risk-averse behavior and consumer learning on movie quality, ratings, and
pricing is a significant contribution.

Furthermore, films are often released sequentially in theaters and on digital platforms, so con-

sumers in different channels observe different online review signals. However, existing articles on



consumer learning from online reviews assume that all consumers observe the same review signals
and, therefore, learn only once (e.g., Papanastasiou and Savva 2017, Ma et al. 2021). For this
reason, we also contribute to studying the impact of different online review signals on film quality

investment and pricing decisions.

3. Modeling the Film Distribution Channel Structure

This section presents a Stackelberg model that captures the interactions between a producer, a
theater, and a digital platform in the film industry. The dual-distribution channel consists of a
producer (she), a theater (he), and a digital platform (he), as shown in Figure 1. The producer
invests in and produces movies and then screens them sequentially in the theater and through the
digital platform. Let the retail prices for watching the film be p, at the theater and p, on the
digital platform. The theater and the platform share a portion of their box office revenues, «, and

«,, respectively, with the producer.
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Figure 1 Channel structure.

3.1. Modeling Consumer Learning

Prior to release, the actual quality of the movie is unobservable to the agents (i.e., consumers,
theater, digital platform, and producer). However, we assume that they all share a common and
public prior belief about ¢y, which is represented by equation (1). Specifically, ¢q is the producer’s
target quality, while 7y represents the precision of the prior belief and captures the producer’s
ability to meet the quality target. This precision is the inverse of the variance (e.g., Lynch 2007,
chap. 3). A high value of 7, indicates that the difference between the perceived quality of the movie



among various consumers before reading online reviews is slight, which implies that the producer

has a high ability to meet the consumers’ expectations.
Go ~ N(q0,1/70) (1)

Consumers can enhance their understanding of quality by reading online reviews. The object of
consumer learning is represented by ¢y. Consumers combine their prior beliefs with online review
information to re-evaluate the movie’s quality, deriving their posterior beliefs, which form the basis
for their viewing decisions. Meanwhile, the producer can influence ¢q by deciding how much of the
budget to invest in advertising, which actors to hire, who should write the plot, which technicians
to employ, and which studio facilities to use.

Consumers can access pre-theater reviews to help them decide whether to purchase theater tickets
and pre-digital reviews to guide their choices when watching a movie on a digital platform. Pre-
digital reviews supplement pre-theater reviews by including the opinions of the general audience. As
a result, pre-theater reviews are typically written by professional critics, while pre-digital reviews
come from both critics and theatergoers.

In reality, even though theater releases may last around a month or longer, box office contribu-
tions are largely based on the first week’s box office. For this reason, reviews about theater releases
rely more on pre-release reviews. Moreover, to keep a complex model analytically tractable, we
condensed all theater consumers to a single point and considered the reviews they learned to be
primarily critics’ reviews.

Let ¢, and ¢, denote the movie’s quality signals revealed by critics’ early reviews and theater
audience reviews, respectively. We assume that ¢, ~ N(q.,1/7,) and ¢, ~ N (g, 1/7), where ¢, and
q, are the corresponding average ratings and 7, and 7, capture the precision of these reviews. A
higher precision parameter (larger 7, or 73,) indicates lower dispersion among individual reviews
and therefore more reliable information. Therefore, following Bayes’ rule (Feldman et al. 2019, Guo
et al. 2022), theater audiences update their beliefs about movie quality to ¢l in (2), combining

their prior beliefs ¢, with the critics’ early reviews §,.

- To+ QaTa 1
G ~N (QO 0 q ) (2)

3
To +Ta To +Ta

As online releases typically occur after the theatrical run (often about a year later), we postulate
that online viewers have access to more review information than theater audiences: they can con-
sider both critics’ early reviews and subsequent theater audience reviews. Digital consumers then
update their beliefs about the movie’s quality to ¢, in (3), based on their prior beliefs gy, critics’

reviews ¢,, and theater audience reviews ¢,. Here, 7y, 7,, and 7, represent the weights attributed to



prior beliefs, critics’ reviews, and theater audience reviews, respectively. The greater the precision
of the information, the more influential it is in shaping consumers’ perceptions of product quality

(Papanastasiou and Savva 2017).

= N (%7'0 +QuTa + BTy 1 ) (3)

= To+TatTs Tot+tTat+Ts

The theater observes ¢, before setting the price p,.. The platform observes both ¢, and ¢, before

setting price p,. Therefore, the theater’s pricing is based on §;, and the platform’s pricing is based

on ¢, the posterior distributions. Formulas (2) and (3) show that the mean values of ¢; and g»
1 T0+Ta

are positively correlated, and the coefficient is 222 = 22 L — _Tod7a et ) be the correlation
O0q1 0qo L T0+Ta+7p

q
between ¢; and ¢,. As the residual of ¢; and ¢, are indeper(l)dent and identically distributed, then

T0+Ta
T0+Ta+7p "

the correlation between ¢; and ¢, is same as the correlation between ¢; and g, i.e., p=
3.2. Modeling the Demand Function

Our model postulates that the linear demand functions depend on the retail prices in both channels
and the consumers’ posterior beliefs about movie quality. Equations (4)-(5) represent the demand
functions in the theater and the digital platform, where «a is the potential market size, z represents
the consumers’ preference for the theater (with 1 — z for digital channel), b; is the price sensitivity
coefficient, b, is the cross-price sensitivity coefficient, and b, is the quality sensitivity coefficient.

Following Ha et al. (2022), we assume b; > by, as the price of each channel has a greater effect on

its demand than on the demand of the competing channel.

-D'r =za— blpr + b2ps + bqql (4)

Ds = (1_Z)a_b1ps+b2pr+bq62 (5)

From Eqs. (4) and (5), we obtain the properties of the demand functions in the theater (D,)

and digital channel (D), as summarized in Proposition 1.

~ ~ ~ 2
PROPOSITION 1. D, and D, follow normal distributions: D, ~ N <D

za — blpr + b2ps + bq (9070 9a7a) ; -DS ~N (D

T0+7a

s 7‘1) with mean D, =
) T0+Ta
o TO%ZJF%) with mean Dy = (1 — 2)a — byps + bap, +

bq(q0T0+9aTa+3q,Tp) . 2 N N D) — covld,de)
4 o . The correlation between D, and Dy is p(D,,D,)= TR =p.

3.3. Defining the Profit and Utility Functions

Moreover, consumers’ prior beliefs about movie quality depend on the producer’s investment in film
quality. To model the diminishing returns from investment, we adopt a quadratic cost structure.
Specifically, to produce a movie with an average quality level g, the producer incurs a cost of kg2
(Wen and Siqin 2020), where k is the quality improvement cost coefficient. A higher k indicates

greater difficulty (and thus higher costs) in improving movie quality, causing producers to aim for
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lower target quality levels. Movie genres vary in their associated k values. For instance, horror
films typically have lower k, while science fiction films often have higher k. Section 6.2 discusses
the interplay between the cost coefficient k£ and information precision across different movie genres.
The producer’s profit function is given by equation (6), and the profit functions for the theater (r)
and digital platform (s) are provided in equation (7).

Tp(qo) = Z a:p;D; — kqg (6)
Wi(pi) = (1 —Oéz)plbl Vi:T,S (7)

Uncertainty surrounding consumer reactions makes it highly challenging for producers to ensure
movie profitability. Producers’ revenues heavily depend on box office performance, placing them at
substantial financial risk. Even in Hollywood, only about half of all films turn out to be profitable
for producers (Pokorny and Sedgwick 2012). In contrast, theaters operate with relatively greater
stability. Rather than investing in film production, theaters secure profits by allocating more screen-
ings, premium auditoriums, and prime-time slots to popular films. Additionally, theaters generate
revenue through complementary sales, such as beverages and popcorn. Similarly, digital platforms
mitigate risk by offering a variety of popular movies. For example, during the 2025 Spring Festival,
the film “Creation of the Gods II: Demon Force” generated revenues of around RMB 456 million,
significantly less than its production cost of RMB 800 million (TencentNews 2025). However, the
poor performance of this film did not significantly impact theaters, as they compensated by schedul-
ing more screenings of other popular movies like “NeZha 2”. Indeed, according to a recent survey,
revenues for some theaters in China have already surpassed last year’s total (Dai 2025). Given
the substantial investment risk faced by producers, we examine how their risk aversion influences
investment decisions, while assuming that theaters and digital platforms are risk-neutral.

We adopt the mean—variance framework to model the producer’s risk-averse behavior (Wen and
Sigin 2020). The producer aims to maximize her utility function (8), where E(m,(go)) represents
the expected profit, Var(m,(qy)) denotes the profit variance that measures the risk faced by the
producer, and 7 reflects the producer’s degree of risk aversion, i.e., the weight assigned to the vari-
ance in the producer’s utility. A higher value of 7 indicates a more risk-averse producer, reflecting
a greater concern for potential losses and a higher weight assigned to the variance in her utility.

The producer is risk-neutral when n=0.

E(U,) = E(mp(g0)) —nVar(my(q0)) (8)

On the other hand, the risk-neutral theater and digital platform aim to maximize their expected

profits, represented by F(7.(p,)) and E(ms(ps)), respectively.
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The decision process is formalized as a Stackelberg game, which has been used to analyze similar
problems (e.g., Wang et al. 2019). The game sequence is the following: the producer, acting as the
Stackelberg leader, first makes the movie and determines the target quality go. The risk-neutral
theater then observes the pre-theater reviews by professional critics and decides the retail price p,.
Next, the film is released in the theater, and the audience reviews are observed. Finally, the movie

is released through the risk-neutral digital platform that chooses the retail price p,.

4. Derivation and Analysis of the Closed-Form Equilibrium
Section 4.1 describes in detail the process for deriving the equilibrium, while Section 4.2 analyzes

its properties.

4.1. Deriving the Equilibrium of the Stackelberg Game
The producer’s optimization model is represented by Eq. (9).

H;ng(Up(Qo))

max E(m,(prlqo)) (9)

s.t.
s.t. rr;ax E(my(ps|pr, q0))

Following Wang et al. (2019), we use backward induction to derive the equilibrium. First, we
analyze the problem of the digital platform, where the risk-neutral platform maximizes the expected
profit function (10).

bq (qOTO + 4aTa + QbTb)

(10)
T0+Ta+7'b

H;aXE(ﬂ's(ps 1Dryq0)) = (1 —as)ps | (1 — 2)a — bips + bap, +

Since E(m,(ps|pr,qo)) is concave in p,, we can use this property to derive the digital platform’s
optimal retail price (p,) in Eq. (11). It should be noted that, as this equilibrium is obtained through

backward induction, gy and p, are considered parameters from the platform’s perspective.

a(1— 2) + byp, + 2alterotteze tarm) )
2,

ps(q()vpr) =

Next, we analyze the theater problem. As a risk-neutral follower, the theater aims to maximize
the expected profit function, as shown in Eq. (12).

12
To + Ta ( )

H}gaXE(Wr(PJ(IO)) = (1 - ar)pr za — bip, + baps +

To account for the platform’s reaction to its decisions, the theater’s problem is solved by sub-
stituting Eq. (11) into Eq. (12). Being a risk-neutral follower, the theater maximizes the expected
profit function in Eq. (12), which is concave in p,. This allows us to derive the theater’s best

response function, given by Eq. (13).

1 2b1b, (qaTa + qo70) 20y (quTa + @7 + q070)
Pr(0) 2 (202 — b2) {a[( 1= ba) 2 b] 4 Ta+To + Ta+ 7o+ 70 (13)



12

Third, we analyze the producer’s problem. As the producer is a Stackelberg leader, she maximizes
the utility function that incorporates risk aversion, Eq. (14).

bq (quO + QaTa) :|

(U 40) = rpe |20 b+ bap, + DTS

b T + aTa+ T
+ asps [(1Z)ab1ps+b2pr+ ‘Z(qo 0oT4g 3 b):|

To+Ta+ T
azp? alp? 200, P,
Ta +To To + T+ To \/(Ta+7’0)(7'a+7b+70)

— kqg —nb;

As the equilibrium is derived by backward induction, the producer substitutes the reaction
functions of the platform (11) and theater (13) into her profit function (14). By optimizing (14), the
producer obtains the optimal ¢j. (Note that the parameters must meet the requirements described

in Lemma 1 to ensure an interior point solution.)

LEMMA 1. The utility function E(U,) is concave in (qo) and has a unique mazimum value only
when k > k,,. Furthermore, q; >0 only when n <n,,. (All threshold values, such as k,, and n,,, are
defined in Table A3 in the Appendix.)

Upon solving the model in Eq. (9), the producer can obtain the optimal policy outlined in
Theorem 1. The values of the parameters ®,, ®,, &3, ®,, and P5 are provided in Table A2 of the
Appendix.

THEOREM 1. The producer’s optimal target quality (qg ), the theater’s optimal retail price (p:),

and the digital platform’s optimal retail price (p%) in the Stackelberg equilibrium are represented by
Egs. (15), (16), and (17), respectively.

2067- 20‘5
* byTo 20181501, (203 — 13 — 220 ) 4 @y 0, by — A )~ n@ad )
qO = o [e%
16K03 (267 — 03)° — 0273 (2010, @F (203 — 3 — 22452 ) 0,03 (by — A% ) — 0y D

nbias

16k®5b2 (202 — b2)? + b272 [as@g (B, — ByBs) (61 - Tﬁmm) B,y (By — q>2c1>5)}

2nb1b(21ar nbgas

) —|—045(I)% (bl - Ta+7'b+‘ro) - nq)lq)Qq)B} (16)

P, =
16kb2 (252 — b2)* — b272 [2b1arq>$ (2b§ -
X #
2(20% — b3)

Ta+70

2nby biar

16kPgh? (202 — b2) 2 — b272 {2047.1;1(1)1 (B, B — Bo®s5) (21)% -

L) Dy (@4 — By D)
20,
) +0[Sq)g (bl — by ) —7’]@1@2(1)3] (17)

Ta+7p+70

*

2nby bg .

Ta+T70

16kb2 (262 — b3)* — b272 [2b1ar¢% (21)% -

U S

4by (207 — b3)
From Theorem 1, by substituting equations (15) to (17) into (4), (5), (10), (12), and (14), we
obtain the optimal expected demands, the producer’s optimal utility, and the optimal expected
profits of the theater and the digital platform, as summarized in Appendix Table A4. Interest-

ingly, the producer’s degree of risk aversion and consumer learning influence the optimal demands,

expected utility, and profits.
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4.2. Characterizing the Properties of the Equilibrium

4.2.1. Impact of Producer Risk Aversion on the Equilibrium. Proposition 2 shows
that a risk-averse producer invests less and reduces the target quality due to revenue uncertainty.
Therefore, investment decreases as the producer’s risk aversion increases. As a result, given the

lower movie quality, the theater and the digital platform lower their retail prices to increase demand.

PROPOSITION 2. For a risk-averse producer, higher risk aversion (n) leads to lower values of ¢,

Py, and p;.

Additionally, Proposition 3 shows that when a producer is risk-averse, higher demand correla-
tion leads to lower optimal decision levels. As the correlation between the two channels’ demands
increases, fluctuations in demand become more synchronized. This synchronization intensifies over-
all demand uncertainty, elevating systemic risk within the supply chain. Producers reduce their
quality investment to mitigate this heightened risk, while theaters and digital platforms lower retail
prices to maintain sales and minimize the negative impacts of demand variability. Taken together,
Propositions 2 and 3 demonstrate that increased risk-aversion and greater demand correlation (by

amplifying uncertainty) lead to conservative supply chain decisions.

PROPOSITION 3. Suppose the producer is risk-averse, an increase in the correlation between
consumers’ posterior beliefs about the movie quality in the two channels p leads to a decrease in

45, i, and pt. In contrast, p does not impact the equilibrium if the producer is risk-neutral.

4.2.2. Impact of Expected Online Ratings on Quality and Pricing. Proposition 4.(1)
and 4.(2) show the impact of critics” and theater audience ratings on equilibrium, respectively.

According to Proposition 4.(1), the influence of critic ratings on target quality depends on the
producer’s risk tolerance. Elevated ratings can include the danger of unmet expectations for the
highly risk-averse producer. As critic ratings climb, so do consumers’ expectations regarding the
movie’s quality. If the film fails, negative word-of-mouth ensues, and the potential profit increase
does not outweigh the additional risk of loss. Thus, to avoid the potential risks associated with
high expectations, high risk-averse producers reduce investment in quality, even if the expected
rating from professional critics (q,) is increased. Conversely, and somewhat surprisingly, a producer
with lower risk aversion or a risk-neutral stance invests more in quality when the critics’ rating is
already high. This is because these producers are willing to gamble on creating a blockbuster with
exceptionally high box-office revenue, despite the greater risk of loss.

Meanwhile, theaters and the platform adjust pricing strategies based primarily on critic ratings.
When ratings are high, ticket prices increase. However, while consumers pay a premium for high

ratings, the real moviegoing experience can fall short, especially if the producer is highly risk-averse.
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PROPOSITION 4. Let the producer be risk-averse. (1). As the critics’ rating (q.) increases: (a)
The retail prices in both markets (p: and p?) increase; (b) The target quality level (qf) decreases
if the producer is highly risk-averse but increases if the producer is less risk-averse, based on a
threshold level of risk aversion (n,, ).

(2). As the theater audience rating (q») increases: (a) The target quality level (q) decreases if
the producer’s risk aversion is above a certain threshold (1> 14,_,), and increases if below this
threshold; (b) The retail price (p}) decreases if risk aversion is high (n > n,, _,) but increases if
risk aversion is low; (c) Similarly, the retail price in the secondary market (p%) decreases if risk

aversion is high (1> n,, ) but increases if it is low.

Proposition 4.(2) shows that the effects of audience ratings on equilibrium depend on the pro-
ducer’s risk aversion. Specifically, when risk aversion is high, a positive rating leads to lower invest-
ment and retail prices, similar to the impact of critics’ reviews described in Proposition 4.(1). On
the other hand, when risk aversion is low, investment in quality increases when the theater audi-
ence ratings are high. After observing the high level of investment, the theater and the platform
increased their respective retail prices. These results show that the impact of audience ratings on
the equilibrium depends on the producer’s degree of risk aversion.

For a risk-neutral producer, as shown in Corollary 1, improvements in online ratings (both critics’
and theater audience ratings) lead to higher target movie quality and higher prices. This is because
risk-neutral producers focus exclusively on expected returns and are indifferent to risk fluctuations.
As a result, they are more willing to invest in higher movie quality to pursue greater revenues.
Corollary 1 further indicates that risk-neutral producers respond positively to favorable evaluative

signals in the market.

COROLLARY 1. For a risk-neutral producer, an increase in the online ratings (q, and q,) leads

to higher values of qj, p}, and p%.

In reality, when the ratings of a movie go up, low-risk-averse producers are willing to invest
more, such as expensive actors and actresses, complicated special effects, and innovative scripts, to
improve the movie quality. For example, after the success of the “Ne Zha 1”7, the “Ne Zha 2” was
made with a budget of RMB 600 million, which was more costly than the “Ne Zha 1” in terms of
the quality of the picture, the number of characters, and the special effects in battles, and was a
huge success as a result. However, when a movie’s rating rises, high-risk-averse producers are more
likely to turn to mature and low-risk production models, such as relying on existing successful
IPs and adopting fixed formulaic narratives, to avoid the increased costs caused by the quality
improvement. For example, the later works of the “Marvel Cinematic Universe” have gradually

adopted a low-risk strategy, leading to a decline in the quality of some works.
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4.2.3. Impact of the Information Uncertainty on Quality and Pricing. In this section,
we explore how the producer’s ability to meet the quality target (7p) and the precision of reviews
(1. and 7,) affect the optimal strategies. To better explain the impact of 75 on the equilibrium, we
consider two particular cases: a) no online reviews or those that are not trusted (7, =7, =0); b)
online reviews have an overwhelming impact on consumers’ decisions (7, = 7, — o0). Proposition 5

summarizes the analysis results.

PROPOSITION 5. (1) When 7, =7, =0, an increase in 7y leads to higher values of q;, p:, and

pi. (2) When 1, =1, = 00, Ty has no effect on the equilibrium.

When the ratings are unreliable (i.e., 7, = 7, = 0), investment in quality increases as the precision
of consumers’ prior beliefs improves, as greater confidence in the film reduces the producer’s risk
of incurring a loss. Correspondingly, theaters and platforms raise their prices after observing the
producer’s higher investment in quality. This suggests that even when external rating mechanisms
fail, the market can still regulate quality and prices effectively through the producer’s actions.
When the producer is highly capable of meeting the quality target—meaning that consumers’ prior
beliefs about movie quality are more accurate, the market favors high-quality movies with higher
prices, thereby promoting healthy competition and encouraging the production of superior content.

On the other hand, when the precision of both critics’ and audiences’ reviews is exceptionally
high, the accuracy of consumers’ prior beliefs does not affect the equilibrium. This suggests that in
a high-precision review information environment, the market equilibrium is influenced primarily by
review information, as external signals adjust customers’ preconceived notions. In such a scenario,
the producer’s ability to influence the public, even with high budgets, is insignificant.

We can further explore the impact of the precision of target quality and online ratings on
the equilibrium, accounting for their interplay with the degree of risk aversion, as described in

Proposition 6.

PROPOSITION 6. (1) When 19 — oo, the degree of risk aversion (n) and online ratings (q, and
q) do not affect the equilibria. (2) When 1, — co: (a) the degree of risk aversion (n) and the theater
audience rating (q,) do not affect the equilibria; (b) prices p* and p* depend only on the critics’
rating (q.). (3) When 1, — 0o, the equilibria depend on the degree of risk aversion (n) and the
mean of the ratings (q, and q).

Proposition 6 presents three scenarios in which different factors affect equilibria. Proposition
6.(1) indicates that when the producer can fully meet consumer expectations about movie quality,
she is no longer exposed to risk, and the ratings from both critics and the audience no longer

affect demand. This is because the producer’s investment aligns precisely with market demand,
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eliminating the need for consumers to rely on online reviews to shape their perception of the
movie. Consequently, the producer can concentrate on investing in quality without the concern of
fluctuating social reviews or word-of-mouth recommendations.

Proposition 6.(2) indicates that when critics’ reviews are highly accurate, the movie quality and
prices are based on these reviews and neither on the audience opinions nor the risky attitudes
of producers. This occurs because authoritative signals guide the market, leading consumers to
rely solely on critics’ assessments, thereby reducing information asymmetry. Consequently, the
manufacturer’s risky actions become unnecessary as the risks are absorbed by the accuracy of the
critics’ reviews. Additionally, decentralized audience reviews lose significance as consumers are
more inclined to trust the critics. In this scenario, neither the actual quality of the movie nor
audience reviews are relevant; only the critics’ reviews matter.

Proposition 6.(3) indicates that when consumers fully trust the theater audience reviews, the
producer’s risk aversion influences the equilibrium. Although digital consumers trust the reviews
by the theater audience, there is still uncertainty among the latter about the movie’s quality, as
they can only observe the critics’ reviews. Therefore, theater audience reviews cannot completely
alleviate the producer’s investment risk, as reflected in the equilibrium. As a result, precision in
both the target quality and the critics’ reviews remains essential, even when 7, approaches infinity.

Proposition 6 also demonstrates that the impact of audience reviews on movie quality is lower
than that of critics’ reviews. This is because critics’ reviews are released earlier, influencing a
larger portion of the market. Therefore, the scheduling strategies of theaters and the recommen-
dation algorithms of platforms tend to rely more on these professional opinions. This is a widely
adopted industry practice. Producers typically organize limited pre-release screenings to assess

market responses and cultivate early word-of-mouth recommendations.

4.3. Price Competition Analysis
As shown in Theorem 1, the optimal pricing policies are highly complex and depend on consumer
learning and the producer’s risk aversion. Proposition 7 and Corollary 2 analyze the price competi-

tion between the theater and the platform by comparing the optimal retail prices in two channels.
PROPOSITION 7. There is a threshold q, such that p} > p% if ¢u > Gu, PF < D% if @u < qa-

Proposition 7 shows that the theater price is higher than the digital price only if the movie
quality revealed by the critic’s reviews is sufficiently large to justify a viewing in the theater (when
4o > Ga)- This is because consumers wishing to experience the movie at its release increase theater
demand, leading to the theater charging a higher price. On the other hand, films with low critics’
ratings are priced lower at the theater than on the platform as people delay seeing them, waiting

to receive additional reviews from early viewers.



17

COROLLARY 2. Let A =p* —p*, then A decreases with the production cost coefficient (k), the
producer’s degree of risk aversion (n), and the correlation of consumers’ posterior belief about movie
quality between the two channels (p), and increases with the expected critics’ rating (q,). Moreover,

A increases (decreases) with the expected rating by audience reviewers (q,) if n<ns (if n>ns).

Furthermore, Proposition 7 and Corollary 2 demonstrate that if the quality of the movie revealed
by critic’s reviews justifies viewing in the theater (i.e., ¢, > §,), then increasing the production
cost coefficient (k), the producer’s degree of risk aversion (n), or the coefficient of correlation
between consumers’ posterior beliefs about movie quality in the two channels (p) will reduce the
price difference between the two channels, hence intensifying the price competition. Conversely,
increasing the average movie quality revealed by critics’ earlier reviews (g,) will increase the price
difference between the two channels. This indicates that the theater and the platform vie for distinct
market niches.

However, the influence of theater audience reviews on the price differential across the two chan-
nels is shaped not only by pre-theater reviews but also by the producer’s degree of risk aversion.For
producers with high-risk aversion (1 > 7s) and a movie with high critic’s reviews (g, > §,), increas-
ing the average movie quality revealed by theater audience reviews (g,) will decrease the price

difference between the two channels, thus intensifying the price competition.

5. Equilibrium under Quality-Dependent Ratings

This section addresses a special case of the general model where g, = g, = qo. In this case, consumers’
posterior beliefs about the movie quality (after reading all the reviews), denoted as ¢; and §», change
to g1~ N <qo, To%m) and Gy ~ N (qo, m) These new beliefs imply that online reviews do not
change the average perception of movie quality among consumers but only reduce the uncertainty
over time regarding the actual rating the movie will receive from the population. Furthermore,
the reviews are consistent in this case, and the correlation between the demands in the different
channels is 1 (i.e., p =1). Note that when ¢, = ¢, = qo, the correlation between the channels,
92 _ daz 1

o — oo oL = 1. The equilibrium is summarized

0

denoted as p, is independent of 7y, 7,, and 7, since

in Corollary 3.

COROLLARY 3. Let g, = q, = qo- The utility function E(U,) is concave in qo and has a unique
mazximum only when k > kq. Similarly, g5 >0 only when n <no. The optimal target quality (q)
and retail prices in the theater (pf) and digital channel (pt) are summarized by equations (18) to
(20).

abg { b1 [2(2614b2) (267 —b3 ) (2b12—ba 2+b2 )+ (467 +2b3b1 —b3 ) (261 ba 2+ (467 —b3 ) (1—2) ) | —bZnz1 }
1662 (262 —b3)2k—b1b2[2( 262 —b3 ) (2b1+b2) 2 a4 (463 42b3b1 —b3 ) 2as | +binas

qQo =
(18)
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Proposition 8 summarizes the impact of the key parameters k, n, p, 70, 7. and 7, on the equi-
librium when ¢, = g, = ¢o- These results are similar to Propositions 2 to 6: it is proved that the
impact of producer risk aversion, and information uncertainty on the optimal policy still hold when

expected ratings are determined by investment in quality (i.e., ¢, = ¢ = qo)-

PROPOSITION 8. When q, = q, = qo: (1) An increase in the producer’s risk aversion n, or in the
correlation between the consumers’ posterior beliefs about the movie quality in the two channels (p)
leads to lower values of q5, pk, pi; (2) When 17, =7, =0 an increase in 1y raises qg, pi, pi; (3)
When 1, =1, = 00, To has no effect on the equilibrium; (4) When 19 — oo, or when 1, — oo, the
degree of risk aversion (1) does not affect the equilibrium; however, when T, — 00, the equilibrium

depends on the degree of risk aversion (n).

Additionally, Appendix (Table B4), summarizes the optimal target quality ¢;, and optimal prices
pr and p! when precision 7y, 7, or 7, converge to infinity. The formulas in Table B4 shows that
when 75 — 0o, or when 7, — co, information uncertainty (neither 7o, 7, or 7,) do not affect the
equilibrium, but when 7, — 0o, the equilibria still depend on 7y and 7,. This verifies the qualitative
conclusions in Section 4: the critics’ reviews impact the product’s target quality more than the
theater audience reviews.

Next, Proposition 9 summarizes two conclusions regarding cases where ratings are determined
by the producer’s effort, which differ significantly from cases where ratings are independent of the

producer’s effort.

PROPOSITION 9. (1) For a risk-neutral producer, the precision 1y, 7, and 7, does not affect the
equilibrium. (2) For a risk-averse producer, as 1o — 00, or as T, — 00, the equilibrium converges to

the risk-neutral equilibrium.

On the one hand, when ratings are influenced by the producer’s effort, information uncertainty no
longer impacts the equilibrium if the producer is risk-neutral. In contrast, with independent ratings,
information uncertainty affects the equilibrium even for a risk-neutral producer. This difference
arises because, in the effort-dependent case, online reviews only reduce uncertainty without altering
consumers’ perception of movie quality. However, in the independent rating scenario, both the
producer’s ability to meet quality targets and the critics’ and audience’s ability to assess quality

can shift consumers’ perceptions.
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Secondly, in cases where ratings depend on the producer’s effort, as 7y or 7, approach infin-
ity—meaning the producer fully meets the quality target, or critics’ reviews perfectly reflect the
movie’s quality—the optimal quality and pricing decisions for the film supply chain align with
those of a risk-neutral producer. However, in the independent rating case, the equilibria when 7
or 7, reach infinity differ from those of a risk-neutral producer, even though they are no longer
influenced by the producer’s risk attitude (as shown in Tables B1 and B2). Specifically, Table B3
demonstrates that optimal quality decisions tend toward zero as critics’ ability to assess quality

becomes infinitely precise. This phenomenon is further explored in Section 6, Figure 4.

6. Computational Experiments
6.1. Equilibrium Sensitivity to Information precision

In this section, we examine the sensitivity of the equilibrium to the information precision parameters
To, Ta, and 7,. As the typical revenue-sharing rate between theaters and producers in China is
43% (Yang 2022), we set o, = ay = 43%. (We have also analyzed the results when «, # oy in
Appendix C, and the conclusions remain valid). Because the available data do not allow us to fully
parameterize movie demand and investment functions, we have assigned values consistent with the
theoretical model for the base case: a =2, b =0.2, by =0.1, b, =1, 79 =3, k=3, and 2z = 0.5.
This type of simulation approach is commonly used in operations management research (e.g., Zhou
et al. 2024, Tian et al. 2024).

The online review-related information comes from the film Victoria & Abdul on Rotten Toma-
toes, a comedy-drama released in 2017. We converted the critics’ ratings before release and the
theater audience’s ratings after release into a binary rating system, where positive ratings are
scored as 1 point and negative ratings as 0 points. The average rating and variance were 0.66
and 0.23 before release, and 0.83 and 0.14 after release, respectively. Therefore, we set ¢, = 0.66,
To =4.35, g, =0.83, and 7, = 7.14. To generalize our analysis, we chose two different values of g,
(g» =0.43,0.83) to represent movies with low and high word-of-mouth recommendations, and three
different values of 7 to describe levels of risk aversion: risk-neutral (0), medium (0.5), and high
(0.9). Section 6.2 further investigates the impact of k& on the equilibrium, by considering big-budget

and small-budget movies.

6.1.1. The Effect of 7, (Prior Precision). Figure 2 shows that the producer reduces the
movie’s quality to mitigate the increasing uncertainty by cutting production costs. The greater the
value of 7y, the lower the demand uncertainty for the producer. Consequently, the producer invests
in improving the movie’s quality when consumers have higher confidence in the producer, which is
reflected by a higher value of 7.

Surprisingly, Figures 3 (a) and (b) indicate that the relationship between quality uncertainty

and pricing is non-linear. There is always a threshold in 7y at which the price is minimal, and this
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Figure 2 The impact of 7y on the producer’s investment in quality.

threshold increases with k. As the average of consumers’ posterior beliefs, ¢; and ¢», increases,
the demand in both channels (the theater and the digital platform) also increases. Therefore, 7,
influences prices by affecting ¢; and g». Since ¢; and ¢, are composed of prior beliefs (G,) and online
rating information (¢, and @), the impact of 75 on ¢; and g, is non-monotonic. On the one hand,
when ¢q is small enough, the higher the 7y, the more weight ¢g carries in the average consumers’
perception of movie quality (i.e., in ¢; and ¢;), resulting in lower values for ¢; and g,. Therefore,
lower prices help to attract additional demand. On the other hand, when ¢, is significant, an
increase in precision (i.e., 7y) increases the average of the consumers’ posterior beliefs about the
movie’s quality (i.e., g1 and ¢z), increasing demand. Consequently, price increases lead to a slower

increase in demand and a continuous rise in profits.
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Figure 3 The impact of 7y on theater and digital platform pricing.
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6.1.2. The Effect of 7, (Critic Review Precision). Figure 4 illustrates the effect of 7, on
optimal target quality g5 under varying levels of risk aversion and audience rating.

A surprising result is the interaction between the producer’s degree of risk aversion and the
precision of critics’ reviews, which jointly affect the producer’s optimal investment in quality. As 7,
increases, the critic rating ¢, plays a more important role as a signal in consumers’ quality assess-
ment. Conversely, the importance of the producer’s target quality as prior information diminishes,
leading to a lower ¢;. On the other hand, for a risk-averse producer, a higher 7, reduces potential
losses from uncertainty and therefore leads to a higher ¢;. When the first effect dominates, the pro-
ducer reduces movie quality, whereas when the second effect dominates, she increases it. Although
the producer’s quality decision is influenced by her degree of risk aversion, g approaches zero as
T, tends to infinity, regardless of 7, as shown in Table C2. Therefore, greater information precision

reduces the role of risk aversion in shaping the producer’s decisions.
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Figure 4 The impact of 7, on the producer’s investment in quality.

Surprisingly, Figures 5 (a) and (b) show that the relationship between retail pricing and critics’
reviews depends on the producer’s degree of risk aversion when the reviews are of low reliability.
This occurs because the producer’s investment decision—shaped by her risk aversion (see Figure
4)—influences consumers’ perceived quality of the movie and, in turn, the retail price. Specifically,

T0+qaTa

since G = quOJrTa 9070+9aTat9Th

and ¢y = P

, the reduction of ¢; decreases consumers’ perceived
quality in both channels, which drives down prices. However, as the precision of critics’ reviews
increases, the influence of risk aversion diminishes. When 7, tends to infinity, retail prices become

independent of risk aversion.
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Figure 5 The impact of 7, on theater and digital platform pricing.

6.1.3. The Effect of 7, (Audience Review Precision). Figure 6 illustrates that the effect
of 7, on ¢ depends on the producer’s degree of risk aversion. On the one hand, the higher the 7,
the less critical gy becomes in the consumers’ posterior beliefs in the platform channel, as ¢, gains
more weight. Thus, the producer prefers to reduce ¢y since it is less critical and costly. On the
other hand, the higher the 7,, the lower the potential loss of the producer due to uncertainty. For
this reason, if the uncertainty is low, the producer prefers to improve ¢q to increase the perceived
quality of the movie.

The former effect dominates for the risk-neutral producer, whereas the two effects remain roughly
balanced for the risk-averse producer. As 7, converges to infinity, the investment in quality becomes
similar, decreasing the importance of risk aversion, and vice versa when 7, converges to zero. Hence,
the lower the precision of information regarding the audience ratings, the more important the role

of risk aversion becomes.
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Figure 6 The impact of 7, on the producer’s investment in quality.
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Figure 7 The impact of 7, on the theater and digital platform pricing.

Figure 7 shows how the theater’s and digital platform’s pricing policy is affected by 7, for
different degrees of risk aversion and mean rating of theater audience reviews. The optimal pric-
ing strategy results from a combination of factors. First, the impact of 7, on theater consumers’
posterior beliefs on movie quality (q;) results mainly from its effects on ¢;. The risk-neutral pro-
ducer reduces ¢; when 7, increases (as illustrated in Figure 6), leading to low perceived quality of
the movie for consumers. Thus, both the theater and the platform reduce prices to attract more
viewers.

Second, ¢, may either increase or decrease with 7,. Specifically, when ¢, is sufficiently large
(small), go increases (decreases) as 7, rises. As a result, demand for the digital platform also
increases (decreases). Accordingly, both the theater and the platform are incentivized to raise
(lower) p, and p, when ¢, is high (low). Consequently, Figure 7 illustrates that theater pricing is
more strongly influenced by ¢;, whereas platform pricing is more affected by ¢s.

Additionally, Figures 7 (a) and (b) illustrate that when 7, =0 (i.e., when the theater audience
provides no reviews or when the reviews are unreliable for assessing movie quality), the producer’s
risk aversion becomes the primary determinant of retail prices. Specifically, retail prices decrease as
the producer’s risk aversion increases. However, as precision improves, the average rating provided
by the theater audience becomes the main determinant of prices. In other words, prices rise with
the average rating, while the degree of risk aversion plays only a minor role.

Although Proposition 4(2) demonstrates that the equilibrium decreases with audience rating g,
when the producer is extremely risk-averse, Figures 2 to 7 show that, in most cases, when the
market anticipates a film with a high audience rating ¢;, the producer is inclined to invest more
and improve the target quality ¢; to meet these elevated expectations. As a result, both the theater

and the digital platform are incentivized to increase ticket prices (pi and p*) to maximize profits.
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6.2. Robustness Analysis
In this section, we use simulation and linear regression to test the robustness of the theoretical
analysis, following the approach used in Jandhyala and Oliveira (2021).

We begin by examining the impact of information precision (7, 7,, and 7,) on the relationship
between ¢} and ¢;. Specifically, we estimate four regression models for ¢; as a function of ¢7. In the
base model, the decision parameters are sampled from a uniform distribution (7o, 7., 7 € [4.5,5.5]).
In models 2 to 4, we increase the mean and range of the uniform distribution for the precision
parameters (7o, 7., 7, € [13.5,16.5]). We randomly generate n from a uniform distribution with a
range of (0, 1) and k from a range of (3, 3.5). Other parameters are kept as in Section 6.1. We
randomly generated a sample of 100 films using the distributions described above for the precision

and risk-aversion parameters and then tested the theoretical insight that p= TOTijTb in Table 2.

The regressions in Table 2 estimate the correlation between ¢} and ¢;. In models (1) to (4), the

10 20 20

150 550 55, and %. This indicates that the posterior beliefs

estimated p is approximately equal to
of both theater and digital channel viewers (prior to watching the movie) are highly correlated,
even when critics and audience ratings are independent. In the base case, the adjusted R? is 88.8%,
which means that ¢} explains that proportion of the variation in ¢3.

Furthermore, the results summarized in Table 2 indicate that the more precise the parameters’
standard error, the more accurately p can be estimated from the regression model coefficients.
These results demonstrate that not all information has the same value. For instance, an increase in
the precision of 7y increases the adjusted R? to 99.5%, as the producer can significantly influence
the public’s perceptions, even when critics and the audience rate independently. Conversely, larger
values of 7, and 7, reduce the adjusted R? to 58.4% and 37.4%, respectively, reflecting an increased

independence of consumer posterior beliefs from earlier information and a greater reliance on critics’

and audience ratings.

Table 2: Linear regression model of ¢; on ¢;.

(1) (2) (3) (4)
Base model Large 7y Large 7, Large 7
q; 0.644***%  0.787**% 0.651%** (.312%**
(0.023) (0.006)  (0.055) (0.040)
Constant 0.287*#%  0.174%*% 0.247FF*  (0.539%**
(0.011) (0.003)  (0.030) (0.019)

Observations 100 100 100 100

Adjusted R-squared 0.888 0.995 0.584 0.374

Standard errors in parentheses: * x xp < 0.01, x xp < 0.05, *p < 0.1

Next, to verify the results in Section 6.1, we regress the relationship between the optimal policy

(target quality and retail prices) and the degree of risk aversion. We consider four different types of
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movies: big budget (k € [5.5,6.5]), small budget (k € [1.5,2.5]), high information precision (1o =7, =
7, = 10) and low information precision (7o = 7, =7, = 2). The regression results are summarized
in Tables 3 to 5. The tables aim to illustrate how risk aversion (n) affects the movie quality (gg)
and retail prices (pF and p?). A notable finding from these tables is that an increase in information
precision decreases the adjusted R? and the risk aversion coefficient. Therefore, this result shows
that increased precision leads to reduced uncertainty and a decreased role of risk aversion in

decision-making.

Table 3: Linear regression model of ¢ on 7.

(1) (2) (3) (4)
Big budget Big budget | Small budget Small budget
High precision Low precision | High precision Low precision
n -0.037%** -0.164%** -0.111%** -0.609%**
(0.003) (0.002) (0.040) (0.024)
Constant 0.204*** 0.200%*** 0.693*** 0.703***
(0.002) (0.001) (0.022) (0.015)
Observations 100 100 100 100
Adjusted R-squared 0.605 0.986 0.062 0.865

Standard errors in parentheses: * x xp < 0.01, x xp < 0.05, *p < 0.1

More specifically, the results in Table 3 show that risk aversion has a negative impact on film
quality, particularly for small-budget films with high rating uncertainty (type 4), where risk expo-
sure is most significant. In contrast, risk aversion has a significant but minor impact on big-budget
movies with low rating uncertainty (type 1). The highest explanatory power of film quality is

observed in big-budget and low-precision movies, scenario (2).

Table 4: Linear regression model of p} on 7.

(1) (2) (3) (4)
Big budget Big budget | Small budget Small budget
High precision Low precision | High precision Low precision
n -0.061*** -0.274%** -0.185%#* -1.016%**
(0.005) (0.003) (0.067) (0.040)
Constant 5.209%** 5.203%** 6.024%** 6.040916***
(0.003) (0.002) (0.037) (0.025)
Observations 100 100 100 100
Adjusted R-squared 0.605 0.986 0.062 0.865

Standard errors in parentheses: * * xp < 0.01, *x p < 0.05, xp < 0.1

Furthermore, Tables 4 and 5 indicate that risk aversion has a greater impact on theater pricing

than digital channel, particularly when information precision is low. This conclusion is drawn
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from comparing the absolute values of the 7 coefficient, which reflects the value of cumulative

information. As there is always more information available at the time of digital viewing, the value

of information reduces the role of risk aversion in decision-making, resulting in less impact on these

prices. In contrast, the impact of risk aversion on theater pricing is more significant. Moreover, the

higher the precision of information from the beginning of the process, the lower the differential

impact of risk aversion on pricing.

Table 5: Linear regression model of p* on 7.

(1) (2) (3) (4)
Big budget Big budget | Small budget Small budget
High precision Low precision | High precision Low precision
n -0.046%** -0.206%** -0.139%** -0.762%**
(0.004) (0.002) (0.051) (0.030)
Constant 5.213*** 5.209*** 5.825%** 5.838***
(0.002) (0.001) (0.028) (0.018)
Observations 100 100 100 100
Adjusted R-squared 0.605 0.986 0.062 0.865

Standard errors in parentheses: * x xp < 0.01, x xp < 0.05, *p < 0.1

The interaction between budget size and rating uncertainty (information precision) creates a

film typology that provides a better understanding of how risk aversion affects quality and pricing

in the movie industry. This is summarized in Figure 8.

LOW
PRECISION

Figure 8

BIG BUDGET

Hollywood SciFi

Risk aversion has high explanatory power
and a small impact. The higher the risk aver-
sion, the lower the movie quality and prices.

Hollywood Book Based

Risk aversion has some explanatory power
but little impact. Higher risk aversion lowers
movie quality and prices slightly.

Korean Thiller

Risk aversion has high explanatory power
and a very high impact: it has a strong nega-
tive effect on quality and prices.

European Romantic Commedy

Risk aversion has no explanatory power.
Higher risk aversion slightly lowers movie
quality and prices.

SMALL BUDGET

Movie Typology: Budget vs. Precision.

HIGH
PRECISION
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7. Conclusion

This article examines the impact of producer risk aversion and consumer learning from online
reviews on quality investment and pricing in the film supply chain. We propose a Stackelberg game
with a producer as the leader and a theater and a digital platform as followers to represent this
problem. We focus on films released in theaters and then on a digital platform sequentially, where
consumers perceive movie quality based on pre-theater reviews during the theater release period
and pre-digital studies during the digital release period.

Our primary contribution is the analysis of the interaction between risk aversion and consumer
learning in determining the optimal management of a dual-channel supply chain in the film industry,
considering strategic interactions using game theory.

Specifically, our main managerial contributions are as follows. Regarding the impact of pro-
ducer’s risk aversion on quality and pricing decisions: (a) We find that a greater degree of producer
risk aversion result in lower movie quality and prices, as expected. Additionally, highly risk-averse
producers tend to adopt conservative investment strategies, reducing investment in the film’s qual-
ity. As a result, both theaters and platforms lower prices for lower-quality films. (b) We also show
that the effect of expected ratings, including critics’ and audience ratings, on quality investment
depends on the producer’s risk aversion. A low-risk-averse producer invests more in quality when
the expected ratings are high. Interestingly, a highly risk-averse producer does the opposite, reduc-
ing investment in quality despite high expected ratings.

With respect to the way consumer learning from online reviews affects quality and pricing deci-
sions: (a) We demonstrate that when the online ratings are an unbiased estimate of the producer’s
ability and determined by her efforts, the overall analysis of the interactions between the model
parameters (i.e., investment costs, producer risk aversion, and information uncertainty) and the
equilibrium remains the same as when we assume, more generally that online ratings are indepen-
dent of the producer’s ability. The reason for observing this result is that even when the critics
and audience ratings are independent of the producer’s ability, the posterior beliefs of both the-
ater and digital viewers on movie quality are highly correlated. (b) We demonstrate that critics’
reviews have a more significant impact on the decisions of the producer, theater, and platform than
audience reviews.

Concerning the interaction between risk aversion and precision of online reviews in shaping
movie quality and pricing, our analysis reveals that as the precision of online reviews increases,
the influence of risk aversion on movie quality decreases. Finally, we propose a film typology based
on the interaction between production budget size and rating uncertainty, providing a clearer
understanding of how risk aversion should guide quality investment and pricing policies for different

types of movies.
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In conclusion, our study has demonstrated that the optimal distribution network in the film
industry, investment in quality, and retail pricing are interdependent and a complex function of
both the producer’s degree of risk aversion and the precision of the information provided by online

reviews, which are essential components of the film industry.
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