




































































































































































































































































Methodology

REML estimate accounts for the covariance structure of the fixed effects parameters. Since
this covariance structure is different for two models with different fixed effects, a comparison
using an REML-based LRT is not meaningful.

Similarly to the LRT for the random effects structure, a fixed effect can be omitted from the
model if the LRT statistic is small and insignificant. If the test statistic is large and significant,
the fixed effect should be kept. This procedure is repeated removing one insignificant fixed
effect at a time, until every fixed effect in the model is significant or the LRT statistic becomes

significant.

In addition to the LRT, there are two further test statistics, which are of value when select-
ing amongst two competing models: the Akaike Information Criterion (AIC, Akaike, 1973:
Sakamoto et al., 1986) and the Bayesian Information Criterion (BIC, Schwarz, 1978). These
information criteria can be used to compare two models independent of whether they are
nested or not. The smaller the value of the information criterion, the better the model fit.

The information criteria are respectively calculated as

AIC = —2log(L) + 2npqr (3.11)
BIC = —2log(L) + npgrlog(N) (3.12)

where log(L) denotes the logarithm of the likelihood value, np,, the number of variables in
the model and N the total number of observations used to fit the model. Both information
criteria assess the fit of a model based on its likelihood value, but add a penalty for the
number of parameters used. This penalty is larger in the case of the BIC; it therefore puts
more weight on the parsimony of a model.

After removing the insignificant independent variables, the final model’s fit is assessed by a
number of tests. The residuals or error terms, ¢;, are tested for homoscedasticity, making
sure that they are uniformly distributed over the range of the data. The residuals are further
assessed over time to test whether there is a discernible pattern in the data that evolves
over time. And the random effects terms, b;, are assessed in terms of whether they follow or
approximate a normal distribution.

All of these tests are conducted to assess whether the final model satisfies the assumptions of a
linear mixed-effects model and whether there are any significant outliers not captured by the
model. Finally, in order to assess whether the model is able to explain all of the observations

made in the sample, the predicted values are plotted against the observed values.

81



Methodology

3.5. Conclusion

This study builds upon previous empirical quantitative research on online word of mouth.
Similarly to these studies, publicly available data on motion pictures and word of mouth are
collected from online sources. However, a novel data set is created aggregating film-specific
data on 132 motion pictures together with film ratings from an ounline social network that

has not been used in academic research before.

A new method for the aggregation of consumer opinions is introduced, as the methods pre-
viously used in online word of mouth research - the arithmetic mean and the sentiment ap-
proach - may be inappropriate. The ‘Movie Preference Index’ accounts for different weighting
schemes that consumers may use when interpreting product ratings. By modifying the ‘orness
degree’, this MPI can be adjusted to put more weight on either positive or negative ratings,

thus reflecting whether consumers are more influenced by good or bad ratings.

Finally, this thesis uses mixed-effects methods to analyse the effect of word of mouth on
consumer decisions, a method previously employed mainly in physical, biological and medical
sciences. This regression-type method is able to account for the systematic variation of the
selected sample in comparison to the population with regards to different films or clusters
of films. By employing mixed effects, this research is able to analyse the differing effects of
word of mouth on consumer decisions for different ‘kinds’ of motion pictures, such as wide

and narrow releases.
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4. Results

The descriptive statistics presented in Table 3.1 already illustrate some of the features of the
data set. In order to examine the characteristics more closely and to see the relationship
between different variables, Table 4.1 highlights the correlation between selected variables of
the model.

Revenue Week Screens Budget Star  Sequel Critic AvgRat Volume
Revenue 1
Week -0.4069 1
Screens 0.6969 -0.4166 1
Budget 0.4300 0.0529 0.5909 1
Star 0.3288 0.0295 0.4177 0.6683 1
Sequel 0.3242 0.0249 0.3086 0.3817 0.1547 1
Critic 0.1003 0.0104 -0.0858 -0.1017 0.0648 0.0952 1
AvgRat. 0.1673 -0.0561  0.0435 0.0524 0.1955 0.1101 0.6513 1
Volume 0.8208 -0.3526 0.6403 0.4835 0.3438 0.2419 0.0585 0.1638 1

Table 4.1.: Correlation between selected variables

As can be expected, the number of weeks a film has been on release is negatively related to
weekly motion picture revenues, as most films generate the largest share of their revenues in
the opening week. The number of screens, the presence of a star, a sequel, and the budget
of a film are all positively related to its revenues and thus may influence consumer decisions

positively.

Weekly film revenues are especially strongly correlated with the volume of word of mouth;
however, it remains unclear as to whether the volume influences consumer decisions through
the awareness effect (Berger et al., 2010; Liu, 2006) or whether the volume is merely a
reflection of the number of people who have gone to see a particular film. With regards
to evaluative measures of a film’s quality, both the arithmetic mean consumer rating and
the opinion of critics are weakly, but positively related to film revenues. This indicates
that successful motion pictures are more highly rated by both professional film critics and

consumers, although the correlations are not very strong.

The number of weeks a film has been on release is negatively related to both the number of
screens a film is shown on and the volume of ratings it receives. This makes sense in the light
of the fact that most motion pictures earn the largest share of their revenues in the early
weeks and exhibitors are thus inclined to replace a particular film with a new release once it

does not attract a large enough audience anymore. This also means that, over time, fewer
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people go and see a particular film who could subsequently submit a rating, thus decreasing
the volume of ratings. The idea that the volume may simply be a representation of audience
attendance is further supported by the positive relationship between the number of screens
and the volume; the more cinemas a particular film is shown in, the more people are able to

see it and subsequently post a rating.

The arithmetic mean rating is positively, but weakly, related to the volume of ratings, which
may indicate that popular films are generally liked better, irrespective of whether an indi-
vidual has a taste for the popular or the ‘niche’ product (cf. McPhee, 1963). The arithmetic
mean is further strongly correlated with the opinion of professional film critics, which shows
that while consumers and critics may not agree on the quality of all films, they do share a

similar opinion on a large fraction of motion pictures.

Film stars are positively correlated with both the number of screens a film is shown on and
the volume of word of mouth. This may hint at the fact that stars can make a film more
popular and more talked about. Yet, the film budget is also positively correlated with screens
and volume. Additionally, the film budget and the presence of a star are strongly positively
related indicating that hiring a famous star may absorb a large fraction of the total film
budget. It is therefore not clear whether the presence of a star or rather the budget has a
stronger influence on the number of screens a film is shown on and the volume of word of

mouth it creates.

The reason that the arithmetic mean rating is only weakly related to filin revenues may be
due to the way of measurement. Section 3.2 has highlighted a number of reasons why this
study does not use the arithmetic mean and introduced an alternative measure of aggregate
consumer opinion termed the Movie Preference Index in order to analyse the relationsip

between rating valence and consumer decisions expressed via film revenues.

In order to investigate the characteristics of the MPI further, Figure 4.1 presents the corre-
lations between the MPI measures and the weekly film revenues. The MPI measures with
orness degrees closer to 1 — putting more weight on positive ratings and thus representing
optimistic decision-makers — are positively correlated with film revenues, indicating that films

achieving many positive ratings tend to do well at the box office.

MPI measures with orness degrees closer to 0 — putting more weight on negative ratings and
thus representing pessimistic decision-makers - are, in contrast, negatively related to film
revenues, indicating that films, which people do not like, also do not fare well at the box
office. This correlation increases with higher orness degrees that do not put weight solely on
extremely negative ratings, but also put some weight on positive ratings. The fact that these
orness degrees have a stronger correlation with film revenues - and thus, consumer decisions
- may be due to the fact that consumers generally do not award very negative ratings to

motion pictures (see Table 3.1).
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Figure 4.1.: Correlation between the MPIs and revenues

In order to look at the different MPIs more closely, and to examine the manner in which they
develop over time. Figure 4.2 charts the the mean MPI of films during the course of the first
eight weeks of their release for each degree of orness. This is overlaid with the mean revenue
curve demonstrating the ‘waterfall’ effect of time on revenues; the largest share of overall
revenues is generated in the opening week, and weekly revenues decline rapidly thereafter.

In contrast, most of the valence measures do not change significantly over time, indicating
that consumers generally agree on the quality of films. It is only in the case of the most
extreme orness degrees that a different pattern emerges - a downward sloping correction over

time.

An interpretation of the curves for high orness degrees could be that audiences during the
early stages of a film’s release ‘know’ that they will enjoy the film - this could be fans of
the actor, story etc. — and consequently award high ratings. However, subsequent audiences
learn about the high ratings that a film achieved and raise their expectations in later weeks
of a film’s release, which consequently leads to a less pleasurable consumption experience and
the award of comparatively lower ratings. This would be in line with the findings of Li and
Hitt (2008) who find a self-selection bias among early reviewers.

At the other end of the spectrum, the decrease in the MPI for low orness degrees may similarly
indicate that consumers learn from the negative word of mouth a film received and either
downward-correct their expectations or stay away from it; as a consequence, films do not

receive a lot of extremely negative ratings in later weeks of their release.

It is also worthwhile to notice that, on average, higher orness degrees achieve higher MPIs as
aggregate measures of consumer opinions. This can be explained by the fact that consumers
generally award high ratings to motion pictures (see Table 3.1 on page 63).
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Figure 4.2.: Weekly MPIs and revenues for the ‘average’ film

Figure 4.2, however, provides little indication whether the valence measures have an impact
on consumer decisions. In order to examine this more closely, Figure 4.3 looks at the two
films that were introduced in Table 3.5, The Last Airbender and Toy Story 3, by illustrating

the MPI for different orness degrees and the revenues over time.

For both films, the MPI is fairly constant over time, regardless of the chosen orness degree.
This again shows that audiences largely share the same opinion on motion pictures. In the
case of Toy Story 3, the MPIs with higher orness degrees are constantly featured at the top
of the diagram signalling that this film consistently received very high ratings during the first
eight weeks of its cinematic release.

In contrast, for The Last Airbender, MPIs with low orness degrees are featured at the top
of the spectrum, though not as high as for Toy Story 3. Nevertheless, this shows that The
Last Airbender mostly received bad ratings. These ratings are fairly consistent for the first
three weeks, but in weeks four and five the MPI,—; o leaps to the top indicating that the
film received very positive ratings during these weeks. It may be a sign that the bad ratings
during the opening deterred a lot of people from the film and mostly people who were certain
that they would nevertheless enjoy the film went to see it.

Overall, the difference in enjoyment of these two films can be clearly seen. This may be one
of the reasons why Toy Story 3 generated $410 million at the box office, whereas The Last
Airbender ‘only’ generated $130 million. For both films, however, weekly revenues decline
quickly over time, indicating that fewer people go to see either film in later weeks. Yet,
Toy Story 3 generates much higher revenues throughout the first eight weeks of its release,
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Figure 4.3.: Weekly MPI and the volume of ratings for two films

earning $167 million in its first week alone. Similarly, the volume of online word of mouth is
highest in the opening week for both films, declining quickly afterwards. In contrast to the
revenues, though, The Last Airbender and Toy Story 3 received a similar number of online
posts (see Table 3.5 on page 72).

Although both of these motion pictures display the ‘typical’ behaviour of motion picture
revenues, it is important to notice that not all of the films in the data set develop in the same
way. In fact, very different ‘revenue profiles’ can be identified, as Figure 4.4 shows.

The ‘waterfall’ behaviour of revenues is typical for blockbuster-type releases, such as Iron-
Man 2. These films are typically released on a large number of screens (4,380 in the case
of Iron-Man 2) and generate the largest share of their revenues in the opening week. This
distribution is not limited to wide releases, though, as the example of Babies shows. Released
on comparatively fewer screens (534), it also earns most of its revenues in the opening week,
albeit on a much smaller scale than Iron-Man 2.

In contrast, there are films which build their revenue over time and grow. Typically, these
kinds of revenue distributions are not to be found amongst the most successful films. These
films are often narrow releases, testing whether they catch on with their initial target audience
and subsequently increasing the number of screens they are shown on. Winter’s Bone, for
example, is shown on only four screens in its opening week. This number increases to 83
screens by week four when it generates its largest weekly revenues. A rather extreme example
is the behaviour displayed by Please Give, which manages to increase its weekly revenues,
albeit on a comparatively small scale, until week eight of its life cycle. Similar to Winter’s
Bone, this film opened on only five screens; by week eight it was shown in 272 cinemas.
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Figure 4.4.: Different ‘kinds’ of revenue distributions
4.1. Model Building and Selection

The previous section has highlighted a number of characteristics of the data set, which need to
be taken into account when building a model for the assumptions of the model to correspond
to what can be found in the data. As section 3.3 emphasises, mixed-effects methods are
chosen for this study, because they are able to capture the random variation in the data
according to different groups or clusters.

In order to account for the variation of motion picture revenues and especially the devel-
opment of revenues over the life cycle of a film, random effects for both the week and the
week-squared are introduced seperately for each film. This means that, initially, every film
is seen as its own cluster, for which the intercept and the slope are allowed to vary. For
example, in Figure 4.4, the slopes of the revenues for Iron-Man 2 and Babies are similar, but
the intercepts are very different. In contrast, the intercepts for Winter’s Bone and Please
Give are similar, but the slopes are different.

Following West et al. (2007), the model selection process starts with a full model including all
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of the potential explanatory variables as preseuted in Equation (3.7). Subsequently, different
tests are conducted to assess the goodness of the model and to identify variables that can be
omitted from the model without significantly reducing its explanatory power,

Below, this process together with the model fit are presented and the results of the model
discussed. In practice, all of the tests were conducted for all of the eleven different MPI
measures with different orness degrees. Since the results for the different measures are very
similar, only results for models with two different orness degrees are presented here, namely
0.8 and 0.2. The MPI,—¢ s represents optimistic decision-makers focussing on positive ratings
to make their decision and the MPI,—¢2 represents pessimistic decision-makers that are
influenced more by negative ratings. The results for the remaining MPI measures can be
found on the CD attached to this thesis.”

The first step in testing the goodness of a model is to analyse the random-effects structure
by creating nested models that put constraints on certain covariates of the full model. First,
the full model is compared to the nested model omitting the random effect for the intercept,
so that the intercept is restricted from varying around a population mean, as presented in
Equation (3.8). Table 4.2 shows the results of the REML-based likelihood ratio test.

Model df AlIC BIC  logLik Test L.Ratio p-value
m8.all 1 2700 270.88 373.37 -108.44
m8.all.nri 2 2400 36690 458.01 -159.45 1vs2 102.03 0.00
m2.all 1 2700 271.72 37421 -108.86
m2.all.nri 2 2400 36596 457.07 -158.98 1vs2 100.24 0.00

Table 4.2.: REML-based likelihood comparison between models with and without ran-
dom intercept

m8.all and m2.all are the full reference models for the MPI,—os and MPI,_g 2, respectively.
ma8.all.nri and m2.all.nri are the corresponding models without a random effect for the inter-
cept.® df stands for the degrees of freedom of the model. AIC and BIC represent the two
information criteria, the Akaike Information Criterion and the Bayesian Information Crite-
rion, respectively, and logLik stands for the logarithm of the likelihood value of the model.
The most critical measures of this test are represented by L.Ratio and p-value, which denote
the likelihood ratio test statistic and the significance of this test.

The fact that the LRT statistic is both large and significant suggests keeping the random
effect for the intercept in the model. The smaller values for the AIC, the BIC and the
likelihood value of the reference model further confirm this result.

In a second step, the two random effects for the slope are tested by fitting a nested model

omitting both random effects (all.s) and another nested model omitting only the random

"The CD further contains the data sets and the R scripts used for statistical analysis.

8The equation for the .all models is log(Revit) = Bo + Bilog(M Ply) + Balog(Voli) + Bslog(Screensy) +
Balog(Budget;) + Bs W eeki; + BeW eek? + B:Critic; + BaSequel; + Bo Star; + B1o MPAA, + B, Genre; + bo;i +
b1iWeeki + baiWeek? + €; and the equation for the .all.nri models is log(Revi) = Bo + filog(M Pli) +
B2log(Volit)+ Bslog(Screensit )+ Balog(Budget )+ Bs Weeki + B¢ VVeek?, +B7Critici+ s Sequel; + Bs Star; +
ﬂw]\[PAA; + BuGenre.- + biWeekit + bzi"Vé’ek?, + €44
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effect for the week-squared (all.nrw) while keeping the same fixed effects and the film-specific
random intercept.® These models are again compared to the loaded model using an REML-
based LRT. The results are presented in Table 4.3.

Model df AlIC BIC  logLik Test L.Ratio  p-value
m8.all 1 27.00 270.88 373.37 -108.44
m8.all.s 2 2200 371.30 454.81 -163.65 1vs2 110.42 0.00
m2.all 1 27.00 27172 374.21 -108.86
m2.all.s 2 22.00 37427 457.79 -165.14 1vs?2 112.55 0.00
Model df AIC BIC  logLik Test L.Ratio p-value
ma8.all 1 2700 270.88 373.37 -108.44
m8.all.nrw 2 2400 277.75 368.85 -114.87 1vs2 12.87 0.00
m2.all 1 2700 271.72 374.21 -108.86
m2.all.nrw 2 24.00 27846 369.57 -11523 1vs2 12.74 0.01

Table 4.3.: REML-based likelihood comparison between models with and without ran-
dom effects for the slope

The upper half of Table 4.3 indicates that the random-effects structure of the full model
should be clearly preferred to the structure of the nested model without any random effects
for the slope. The high and significant LRT statistics demonstrate this as well as the two

information criteria, which are smaller for the full model.

The comparison between the loaded model and the nested model omitting the random effect
of week-squared is less straightforward. The AIC and the likelihood value both prefer the
loaded model, whereas the BIC prefers the nested model. The LRT statistic is comparatively
small, but it is significant. Based on the significant p-value of this test, it is decided to keep
the random effect of week-squared. It is thus also decided to retain the random effect of week,
so that the model is well formulated in a hierarchical sense (Morrell et al., 1997).

After determining the random-effects structure of the model, in a second step to test and
improve the model fit, fixed effects that are not significant in the full model can be removed.
Table 4.4 and Table 4.5 highlight the results of the fixed effects of the full model. The headline
shows the fixed effects structure of the model and below, Value denotes the coefficient of the
independent variable while Std.Error reports its standard error. DF again stands for the
degrees of freedom. The t-value is a common statistic dividing the coeflicient value by its
standard error and the p-value reports whether a variable is significant.

The results show that log(Vol), log(Screens), log(Budget), Week?, and Critic all have a
positive and significant effect on consumer decisions at the 95% confidence interval, meaning
that the p-value is smaller than 0.05, whereas Week has a negative and significant impact on
consumers. log(MPI), Sequel, and Star are insignificant variables, because their p-value is

greater than 0.05.

®The equation for the .all.s models is log(Revit) = o + Bilog(M Pli) + Balog(Voli) + Balog(Screens;;) +
Balog(Budget;) + fsWeeki + BsWeek? + BrCritic; + BsSequel; + faStar; + B1oMPAA; + B11Genre; +
bo: + ¢;; and the equation for the .all.nrw models is log(Revit) = fBo + Pilog(M Ply) + B2log(Voly) +
Balog(Screens;i) + Balog( Budget; )+ Bs W eekis + Bs W eek? + BrCritici + BsSequeli + Bo Star; + 1o MPAA; +
Bi1Genre; + boi + byiWeek;y + €
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Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + Sequel + Star + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.161533 1.7711831 295 2914172  0.0038
log(MPI) -0.044863 0.0544635 295  -0.823732 0.4108
log(Vol) 0.227032 0.0295092 295 7.693621 0.0000
log(Screens) 0.743964 0.0250028 295  29.755246  0.0000
log(Budget) 0.202889 0.0957200 34 2.119610  0.0414
Week -0.564695 0.0378962 295 -14.901073  0.0000
Week2 0.033477 0.0040766 295 8.211980  0.0000
Critic 0.023564 0.0055217 34 4267452  0.0001
Sequel 0.042531 0.2602283 34 0.163436  0.8711
Star 0.215213 0.2474320 34 0.869786 0.3905
MPAA NR -0.927444 0.5398033 34  -1.718115  0.0949
MPAA PG-13 0.083116 0.4236181 34 0.196206  0.8456
MPAA PG 0.412519  0.4086299 34 1.009517 0.3199
MPAA R 0.034349 0.4028129 34 0.085273  0.9325
GenreAdventure  0.275125 0.3892276 34 0.706849  0.4845
GenreAnimation  0.055549 0.4260392 34 0.130384  0.8970
GenreComedy 0.603185 0.2426311 34 2.486017  0.0180
GenreCrime 0.811594 0.4418945 34 1.836623  0.0750
GenreDrama 0.437788 0.2637549 34 1.659828  0.1061
GenreHorror -0.271639  0.3328482 34 -0.816104 0.4201

Table 4.4.: Fixed-Effects Results of the ’Loaded’ Model (Equation (3.7)} using
MPl,-08

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log{Budget)
+ Week + Week2 + Critic + Sequel + Star + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.270428 1.7879025 295 2.947828  0.0035
log(MPI) -0.010972 0.0484004 295 -0.226701 0.8208
log(Vol) 0.224206 0.0294354 295 7.616873 0.0000
log(Screens) 0.743137 0.0249983 295  29.727447  0.0000
log(Budget) 0.203057 0.0964192 34  2.105982  0.0427
Week -0.563886 0.0378452 295 -14.899801 0.0000
Week2 0.033364 0.0040799 295 8.177645  0.0000
Critic 0.022913 0.0055875 34 4.100792  0.0002
Sequel 0.057055 0.2620406 34 0217733  0.8289
Star 0.207867 0.2491165 34 0.834418 0.4099
MPAA NR -0.917354 0.5448443 34  -1.683699  0.1014
MPAA PG-13 0.089671 0.4269334 34 0.210036  0.8349
MPAA PG 0.438535 0.4110867 34 1.066770 0.2936
MPAA R 0.044990 0.4061051 34 0.110785  0.9124
GenreAdventure  0.259243 0.3918162 34 0.661644  0.5127
GenreAnimation  0.031275 0.4291684 34 0.072873 0.9423
GenreComedy 0.597907 0.2446738 34 2.443689 0.0199
GenreCrime 0.770451 0.4450626 34 1.731108  0.0925
GenreDrama 0.409772 0.2653770 34 1.544115  0.1318
GenreHorror -0.259885 0.3352919 34 -0.775100  0.4436

Table 4.5.: Fixed-Effects Results of the ’'Loaded’ Model (Equation (3.7)) using
MPla=o.2
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The values of the different levels of the dummy variables, MPAA and Genre, represent com-
parisons to the respective reference levels, G and Action. The coeflicients in Table 4.4 and
Table 4.5 are therefore estimates how the intercepts of the different MPAA ratings and gen-
res vary from the reference level’s intercept keeping all other parameters constant, and the
p-values signal whether this difference is significant. For example, the population intercept
for action films (the reference level for Genre) using MPl,—¢2 is 5.27, whereas the intercept
for adventure films, keeping all other things constant, lies approximately 0.26 higher at 5.53.
However, this difference is not significant, since the p-value of 0.51 is much greater than the
required level of significance of 0.05. This signifies that an adventure film does not influence
consumer decisions significantly different from an action film. It does not mean that the

adventure genre does not have an impact on consumer decisions at all.

Throughout all of the models employing different orness degrees for the MPI measure, Sequel
and Star are insignificant variables. It is therefore decided to test whether they can be
removed from the model by comparing the reduced model with the loaded model using an
ML-based LRT. In a first step, Sequel is removed, because it is highly insignificant throughout
the different models. Equation (4.1) presents this reduced model.

log(Revit) = Bo + B1log(MFPIyt) + Blog(Volir) + Bslog(Sereensic)
+ Bslog(Budget;) + fsWeek;; + BeWeek?, + B1Critic; + PgStar;
+ BgMPAA; + B19Genre; + by; + by;Weeki + bgiWeek?, + €3
i=1...n;, b;~N(0,D), € ~N(0,02%I)

(4.1)

Table 4.6 shows the results of the comparison, where redl indicates the model omitting the
variable Sequel. ml indicates that the models have been fitted using ML estimates.

Model df AlIC BIC loglik Test L.Ratio  p-value
m8.all.ml 1 27.00 209.52 313.61 -77.76
m8.red1.m} 2 2600 207.53 307.76 -77.76 1vs?2 0.00 0.98
m2.all.m} 1 27.00 210.26 314.35 -78.13
m2.redl.ml 2 26.00 208.26 308.50 -78.13 1vs2 0.00 0.95

Table 4.6.: ML-based likelihood comparison between models with and without fixed
effects for Sequel

The LRT statistic is very small and insignificant. Additionally, both the AIC and the BIC
produce lower values for the reduced model thus indicating that removing the independent
variable Sequel produces a ‘better’ model in terms of parsimony while not significantly af-

fecting its explanatory power.

The coeflicients of the fixed effects for the reduced model presented in Equation (4.1) are
very similar to the coefficients of the full model shown in Table 4.4 and Table 4.5. It is
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therefore decided to remove the variable Star from the model as well, since it is not significant.
Equation (4.2) presents this model.

log(Revit) = Bo + Bilog(MPIit) + B2log(Volir) + Bslog(Sereens;)
+ Balog(Budget;) + s Week;; + BGWeek:?t + B7Critic;
+ BsMPAA; + BoGenre; + bo; + by;Week;; + by;Week? + ¢
i=1...n;, b ~N(0,D), € ~N(0,0°I)

(4.2)

This further reduced model is compared to the previous model using an ML-based LRT. Table
4.7 presents the result of the model comparison, where red4 indicates the model omitting both
Sequel and Star.

Model df AIC BIC logLik Test L.Ratio p-value
m&.red1.ml 1 26.00 207.53 307.76 -77.76
m8.red4.ml 2 25.00 207.03 30341 -7852 1vs2 1.51 0.22
m2.red1.ml 1 26.00 20826 308.50 -78.13
m2.red4.ml 2 25.00 20771 304.09 -7886 1vs2 145 0.23

Table 4.7.: ML-based likelihood comparison between models with and without fixed
effects for Sequel and Star

The LRT statistic is again very small and insignificant. Further, both the AIC and the BIC
produce smaller values for the model dropping Sequel and Star from the loaded model. The
further reduced model, red4, thus represents a better fitted model. Table 4.8 and Table 4.9
present the fixed-effects results for this model.

The fixed-effects coefficients of this model do not majorly differ from the coefficients of the
loaded model presented in Table 4.4 and Table 4.5. Most of the variables are significant at
the 95% confidence interval; only the MPI remains insignificant.

Further, irrespective of the orness degree for the MPI measure used in the model omitting
both Sequel and Star (red4), none of the levels of the dummy variable MPAA is significantly
different from the reference level G. Only films that are not rated (NR) reach a level of
marginal significance at the 90% confidence interval. Further, most of the different genres
are not significantly different from the reference level Action either. Only Comedy and Crime

are significantly different.

This may indicate that both dummy variables, MPAA and Genre, can be removed from the
model without affecting its explanatory power. In order to test this hypothesis, a reduced
model omitting both variables is created (red7) and compared to the model omitting Sequel
and Star (red4). This model is presented in Equation (4.3).
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Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + Sequel + Star + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 4.728972 1.6080321 295 2.940844 0.0035
log(MPI) -0.043977 0.0543833 295 -0.808653 0.4194
log(Vol) 0.227352 0.0294112 295 7.730117 0.0000
log(Screens) 0.744846 0.0249615 295  29.839786  0.0000
log(Budget) 0.230642 0.0843648 36 2.733861 0.0096
Week -0.564654 0.0378733 295 -14.909017  0.0000
Week2 0.033499 0.0040743 295 8.222042  0.0000
Critic 0.024782 0.0051499 36 4.812234 0.0000
MPAA NR -1.024618 0.5226212 36 -1.960536 0.0577
MPAA PG-13 0.058997 0.4142618 36 0.142414  0.8875
MPAA PG 0.337966 0.3895614 36 0.867556  0.3914
MPAA R -0.047269 0.3858920 36 -0.122494 0.9032

GenreAdventure  0.217356 0.3761803 36 0.577797  0.5670
GenreAnimation  0.017713 0.3761186 36 0.047093  0.9627
GenreComedy 0.590204 0.2328028 36 2.535210  0.0157

GenreCrime 0.84929 0.3962882 36 2.143113  0.0389
GenreDrama 0.421228 0.2417714 36 1.742255  0.0900
GenreHorror -0.257219  0.3256874 36  -0.789774  0.4348

Table 4.8.: Fixed-Effects Results of Equation (4.2) omitting Sequel and Star using
MPlo=0.8

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + Sequel + Star + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 4.83309 1.6192233 295 2.984820  0.0031
log(MPI) -0.010594  0.0483427 295 -0.219153  0.8267
log(Vol) 0.224644 0.0293411 295 7.656296  0.0000
log(Screens) 0.744167 0.0249567 295  29.818276  0.0000
log(Budget) 0.231254 0.0848158 36  2.726544  0.0098
Week -0.56389 0.0378252 295 -14.907775  0.0000
Week?2 0.033402 0.0040786 295 8.189585  0.0000
Critic 0.024033 0.0052052 36 4.617045  0.0000
MPAA NR -1.01718  0.5269210 36 -1.930423 0.0615
MPAA PG-13 0.061523 0.4166552 36 0.147659  0.8834
MPAA PG 0.358607 0.3909685 36 0.917226  0.3651
MPAA R -0.037293  0.3880767 36 -0.096097  0.9240

GenreAdventure  0.201949 0.3779326 36 0.534351  0.5964
GenreAnimation  0.004068 0.3781841 36 0.010757  0.9915
GenreComedy 0.587445 0.2343883 36 2.506291  0.0169

GenreCrime 0.822017 0.3983807 36 2.063396  0.0463
GenreDrama 0.401333 0.2429154 36 1.652153  0.1072
GenreHorror -0.244159 0.3275602 36  -0.745386  0.4609

Table 4.9.: Fixed-Effects Results of Equation (4.2) omitting Sequel and Star using
MPI,-02
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log(Revyt) = Bo + Prlog(MFI;) + Bolog(Voly) + Bslog(Screens;t)
+ Bilog(Budget;) + BsWeek;, + BsWeek?, + B:Critic;
+ boi + bi;Weeky; + by;Week? + €y
i=1...n;, b;~N(0,D), e ~N(0,0°I)

(4.3)

Table 4.10 presents the results of the ML-based comparison.

Model df AIC BIC logLik Test L.Ratio  p-value
m8.red4.ml 1 25.00 207.03 303.41 -78.52
m8.red7.ml 2 15.00 219.74 27756 -94.87 1vs?2 32.71 0.00
m2.red4.ml 1 25.00 207.71 304.09 -78.86
m2.red7.ml 2 15.00 219.86 277.69 -94.93 1vs2 32.15 0.00

Table 4.10.: ML-based likelihood comparison between models with and without fixed
effects for Sequel, Star, MPAA Rating and Genre

The results of this comparison are not unambiguous. The AIC and the likelihood comparison
statistic are in favour of the model keeping the dummy variables MPAA and Genre (red4).
However, the BIC, which penalises the use of additional variables more heavily than the AIC,
favours the reduced model without the dummy variables MPAA and Genre (red?7).

These results together with the fixed-effects coefficients presented in Table 4.8 and Table 4.9
indicate that while the various film genres and MPAA ratings do not influence consumers
in a significantly differing manner, they do provide some explanatory power for their overall
decision. It is therefore decided to retain both dummy variables in the model.!?

4.2. Model Fit Analysis

After deciding on the random-effects structure and the fixed-effects covariates to retain in
the model, residual diagnostics are carried out to further assess the goodness of the model.
It is tested whether the residuals or the random effects are homoscedastic and approximately

normally distributed.

Figure 4.5 plots the fitted values of the model against the standardised residuals. There
is no discernible pattern regarding a systematic increase or decrease in the residuals over a
particular range of the data, indicating that the residuals are homoscedastic. Further, there
seem to be two outliers, namely the films Survival of the Dead (9) and Jonah Hex (20).

Figure 4.6 plots the model residuals for the first eight weeks of the motion pictures’ cinematic

release. Again, there is no discernible pattern, no systematic increase or decrease in the

101t was also tested whether only removing one dummy variable would improve the overall model fit, achieving
negative results (for the full analysis see Appendix B).
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Figure 4.5.: Model residuals versus fitted values for the final model (red4)

variance of the residuals over time, indicating that the proposed model is reasonable. Again,
a number of outliers are identified, amongst which both Survival of the Dead and Jonah Hex

can be found.

Figure 4.7 presents a Q-Q plot of the random effects, which compares the distribution of the
random effects with a hypothetical distribution, in this case the normal distribution (Thode,
2002). If the random effects were distributed exactly normal, they would follow a diagonal
line from the bottom left to the top right corner. As the figure shows, the data approximately
follows this distribution. Yet, the week effect has slightly longer tails to the left, because it
ranges from -0.4 to 0.2, whereas the week-squared effect has heavier tails on the right ranging
up to 0.04. The films Survival of the Dead, The Kids Are All Right (23), and Kites (26) are
identified as outliers with sizeable random effects.

Finally, it is tested whether the model is successful in explaining the observations made in
the data. To this end, Figure 4.8 plots the predicted values against the observed values. If
the model is able to explain the data, then the data points should follow a 45-degree line from
the bottom left to the top right corner. The figure shows that this is almost the case. Only
two films, Survival of the Dead and .Jonah Hex, are identified as outliers for the model.

Thus, it can be stated that the final model presented in Equation (4.2) on page 93 is a
reasonable model. It provides a good model fit, is parsimonious, and is able to explain the
variation in the observed data. Only a minor fraction of outliers have not been fully captured
by the model. In order to test the influence of these outliers on the results, the model was
re-run excluding the two identified outliers, Survival of the Dead and Jonah Hex, achieving

results that are not significantly different (the full analysis and model results can be found
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Figure 4.8.: Predicted versus observed values for the final model (red4)

in Appendix C). Therefore, it can be said that the final model is able to explain the various

influences on consumer decisions at the cinema.

4.3. Model Results

The fixed-effects coefficients for this final model are presented in Table 4.8 and Table 4.9 on
page 94. The number of screens a film is shown on has the largest positive effect on consumer
decisions, signalling that the availability and the distribution strategy of a motion picture are
important determinants of its success. On average, a ten per cent-increase in the number of
screens leads to a seven per cent-increase in revenues and therefore in the number of people
going to see a film.

The fact that the production budget is significantly positively related to film success further
supports this idea, since, generally, the larger the production budget the more likely a film
is to be screened as a wide release. Although motion pictures are risky products, similar to
previous research, the findings suggest that a ten per cent-increase in the production budget
on average leads to an increase of two per cent in revenues. It needs to be reiterated, though,
that the motion picture industry is an industry dominated by extreme events. Thus, the
influence of one extremely successful film with a large production budget (such as Iron-Man 2
or Toy Story 3) may overshadow numerous small failures.

Yet, the production budget is able to provide a positive signal to consumers, most likely

via popular film stars, appealing visual effects, or the advertising budget, which is generally
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estimated to be a fraction of the production budget (Elberse and Anand, 2007; Prag and Casa-
vant, 1994). Advertising, in turn, increases awareness among the population subsequently

leading to increased film visits.

The volume of word of mouth is another factor positively influencing consumer decisions.
Similarly to the effect of advertising, this may indicate that the more a film is talked about,
the more likely consumers are to become aware of it and include it in their choice set of
motion pictures to watch at the cinema. The results suggest that an increase of ten per cent
in the amount of word of mouth on average leads to an increase of two per cent in revenues.
As has been pointed out before, the volume of word of mouth is highly correlated with film
revenues and may therefore be a representation of people who went to see the film in earlier
weeks. The direction of influence between the volume of word of mouth and film revenues
cannot be finally resolved in this study. As Duan et al. (2008a,b) have shown, they are likely
to be interrelated.

Finally, critical reviews also affect consumer decisions positively. The fact that the coefficient
is comparatively small has to be interpreted with care. Most of the other covariates including
the response variable are in logarithms, whereas critical reviews are not. In fact, a one-unit
change in critical reviews (expressed via the Metascore) on average leads to a six per cent-
change in revenues, indicating that consumers are either influenced by professional film critics
or simply share their taste (cf. Basuroy et al., 2003; Chakravarty et al., 2010). The relatively
high correlation between critical reviews and consumer ratings suggests that the latter may
be the case (see Table 4.1 on page 83).

The number of weeks a film has been on release negatively affects the number of individuals
going to see a film. This is likely to happen because consumers enjoy novelty and generally
choose to watch a motion picture early in its life cycle. It may also be connected with the fact
that the number of screens a film is shown on decreases over time and thus the availability
of a film declines. The effect of week-squared is positive, providing another indicator for the

fact that film revenues mostly develop in a convex manner.

The coefficient of the MPI is insignificant for each of the different orness degrees apart. from
one exception. This signifies that evaluative quality information about a motion picture from
other consumers does not have an impact on subsequent individuals’ decision-making. The
only model, in which the MPI measure is significant, is the model using the MPI,_., o, the
measure taking into account only the highest ratings. In this model, however, the coeflicient
of the MPI is negative, indicating that films receiving a large amount of very positive ratings
influence consumer decisions negatively. This result does not make intuitive sense. A possible
explanation is that individuals who rate motion pictures with the highest rating are seen as
fanatical and therefore not trusted by the majority of consumers. A film receiving a lot of

maximum ratings is treated sceptically and subsequently not attended.
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The various MPAA ratings signalling the suitability of motion pictures for certain audiences
regarding their age do not have a significantly differing impact from each other on consumer
decisions. Therefore, in contrast to the findings of some previous research (e.g. Chang and
Ki, 2005; Sochay, 1994; Terry et al., 2005), R-rated motion pictures do not deter consumers
from watching them. Overall, however, MPAA ratings do seem to provide some valuable
information to consumers, since removing them from the model reduced the model fit.

Similarly, the majority of the various genres employed in this study do not have a significantly
differing impact from each other on consumption decisions. The results indicate that only
comedies and crime films fare better than action films. It can thus be concluded that these

genres are liked better by consumers.

Yet, this conclusion needs to be qualified: first, the selection of genres is, to some extent,
arbitrary as previous studies have employed very different labels for genre classification and
the results have been very ambiguous (e.g. Bagella and Becchetti, 1999; Chang and Ki, 2005;
Litman and Kohl, 1989). Second, the sample may contain an overrepresentative number
of successful comedies or crime films affecting the results; in fact, the sample of this study
contains only three crime films. Thus, it is difficult to conclude on the influence that different
genres have on consumer decisions. It can be stated, though, that genres provide a valuable
signal to consumers, since removing the dummy variable from the model decreased the model
fit.

Lastly, the random-effects coeflicients show the extent to which the motion pictures in the
selected sample vary around the population mean trend. Table 4.11 and Table 4.12 show
the random effects results. The random effect for the intercept is approximately 0.70 across
all of the models using different orness degrees. This means that, in the case of MPI,—¢ s,
where the fixed effect for the intercept is 4.73, for every film in the sample the intercept can
vary between 4.03 and 5.43. Similarly, the random effect for the week may vary between
approximately -0.38 and -0.74, and the random effect for week-squared may vary between

approximately 0.01 and 0.05.

Random Effects: Formula: ~ Week + Week2 | Film
StdDev  Corr

(Intercept) 0.70343586  (Intr)  Week

Week 0.18325978  -0.497

Week2 0.01985168 0.132 -0.871

Residual 0.19935174

Table 4.11.: Random effects results for the model using MP1,-¢ s

Random Effects: Formula: ~ Week + Week2 | Film
StdDev  Corr

(Intercept) 0.69904214 (Intr)  Week

Week 0.18249892 -0.473

Week?2 0.01989892  0.100 -0.868

Residual 0.19921704

Table 4.12.: Random effects results for the model using MPl,_g.2
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This is illustrated in a very simplified manner in Figure 4.9. It is simplified, because it ignores
most of the covariates and only illustrates the effects, both fixed and random, of the week
of release on a film’s revenues. The middle curve shows the influence of the fixed effects
and thus the trajectory of the population mean motion picture. The top curve illustrates
the most positive outcome — the most extreme deviation from the population mean - that is
theoretically possible according to the model. It shows that it is possible for a motion picture
to increase its revenues in later weeks. On the other hand, the bottom curve illustrates
the most negative outcome theoretically possible. In summary, the trajectories of the film
revenues in the sample can vary between the upper and the lower curve.

7 — fixed —— positive —— negative

log(Revenue)

1=

-

Week

Figure 4.9.: The effect of the random effects on a film’s revenue’s trajectory

An upward shift in the intercept indicates that a film did better than could have been expected
on the opening weekend. In Moretti’s (2011) terms, this film is a positive surprise to exhibitors
considering the signals that the film provided to consumers, as they did not expect it to fare
so well. This may happen when consumers ‘know’ prior to release that this particular film will
provide them with a pleasurable experience. In contrast, a downward shift in the intercept
means that a film did worse than could have been expected on the opening weekend. This
may be the case because the signals provided to consumers prior to the release of the film
were not strong enough to convince them to see the film at the cinema or, alternatively,

suggested that they would not enjoy it.

Similarly, a steeper downward slope indicates that the film’s weekly revenues decreased faster
than the weekly revenues of the population mean film. For example, this is the case for Iron-
Man 2 (however, its intercept was higher that the population mean). In contrast, a flatter
downward or an upward slope indicate a film that becomes more popular over time, something
that is observed e.g. for the films in the bottom of Figure 4.4.
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4.4. Further Investigations

Looking at the results achieved this far, two issues call for further investigation. The fixed-
effects coefficients of the final model (Table 4.8 and Table 4.9) do not largely differ from the
coefficients of the loaded model presented in Table 4.4 and Table 4.5. Two differences are
notable though. First, the intercept decreased by approximately 0.44. Second, the coefficient
for Budget increased by approximately 0.03 and became more significant, improving from
significant at the 95% confidence interval to significant at the 99% confidence interval.

This change occurs only after the removal of the variable Star from the model. Since Table 4.1
shows that Budget and Star are positively correlated, these variables may be substituted for
each other. This would indicate that film stars provide a valuable signal to consumers that
is strongly related to the budget. Therefore, the final model was tested for a substitution of
Budget by Star. Equation (4.4) presents this model.

log(Revit) = Bo + B1log(MPI;t) + B2log(Volit) + Bslog(Screens;)
+ BsWeeky + BsWeek? + BeCritic; + B7Star;
+ BsMPAA; + BoGenre; + bo; + by;Weeki; + by;Week? + €,
i=1...n;, bi~N(0,D), €~ N(0,0%)

(4.4)

The fixed-effects results are presented in Table 4.13 and Table 4.14. Most notably, the
coefficient for Star is marginally significant at the 90% confidence interval. According to the
results, the presence of a film star can be expected to increase the revenues after eight weeks
by 47 per cent in comparison to a film without a star. These results prove that Star can be
used as a substitute for Budget, yet it does not provide the model with the same explanatory

power.

This is further confirmed by the ML-based LRT in Table 4.15. It shows that the model
using the variable Budget (red4) is preferred to the model using Star (red4.nbud) as an
independent variable. The AIC, the BIC, and the likelihood value are smaller for the former
model. Therefore, in terms of a model providing a good fit, Star should only be used in cases

when the production budget is not available as an explanatory variable.

These findings suggest that the possibility that a star has some impact on consumer decision-
making cannot be ultimately ruled out. Yet, since the presence of a star is often well-explained
by an increase in the production budget, using the budget as an aggregate signal for stars

(and advertising expenditures, visual effects etc.) is appropriate for a parsimonious model.

Another issue for investigation emerges from the insignificance of the valence measures in the

models. A problem of the model may be that, although allowing the sales trajectories to vary
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Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + Week + Week?2

+ Critic + Star + MPAA + Genre

(Intercept)
log(MPI)
log(Vol)
log(Screens)
Week

Week2

Critic

Star

MPAA NR
MPAA PG-13
MPAA PG
MPAA R
GenreAdventure
GenreAnimation
GenreComedy
GenreCrime
GenreDrama
GenreHorror

Value
8.999511
-0.045435
0.235498
0.754081
-0.568449
0.034703
0.017911
0.385673
-1.166832
0.052006
0.364839
-0.078075
0.397396
0.216996
0.436344
0.532489
0.243692
-0.511771

Std.Error
0.5557032
0.0544632
0.0291594
0.0245738
0.0381957
0.0041694
0.0051533
0.2259764
0.5396675
0.4091125
0.3898464
0.3907827
0.3665525
0.3662695
0.2257111
0.3730757
0.2259823
0.3086486

DF
295
295
295
295
295
295
36
36
36
36
36
36
36
36
36
36
36
36

t-value
16.194815
-0.834230
8.076235
30.686437
-14.882539
8.323103
3.475704
1.706698
-2.162131
0.127120
0.935852
-0.199792
1.084145
0.592448
1.933195
1.427294
1.078366
-1.658103

p-value
0.0000
0.4048
0.0000
0.0000
0.0000
0.0000
0.0013
0.0965
0.0373
0.8996
0.3556
0.8428
0.2855
0.5573
0.0611
0.1621
0.2880
0.1060

Table 4.13.: Fixed eflects results of Equation (4.4) substituting Budget for Star using

MPl,—08

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + Week + Week2

+ Critic + Star + MPAA + Genre

(Intercept)
log(MPT)
log(Vol)
log(Screens)
Week

Week2

Critic

Star

MPAA NR
MPAA PG-13
MPAA PG
MPAA R
GenreAdventure
GenreAnimation
GenreComedy
GenreCrime
GenreDrama
GenreHorror

Value
9.130248
-0.009399
0.232494
0.753427
-0.567951
0.034636
0.017114
0.38044
-1.170229
0.052212
0.381536
-0.071382
0.379258
0.202267
0.430181
0.503079
0.223885
-0.500599

Std.Error
0.5497303
0.0484279
0.0291077
0.0245619
0.0381556
0.0041788
0.0052026
0.2266743
0.5442685
0.4109105
0.3908728
0.3927905
0.3676869
0.3676874
0.2269050
0.3742732
0.2265362
0.3102093

DF
295
295
295
295
295
295
36
36
36
36
36
36
36
36
36
36
36
36

t-value
16.608595
-0.194075
7.987354
30.674603
-14.885143
8.288354
3.289444
1.678357
-2.150096
0.127064
0.976112
-0.181729
1.031469
0.550105
1.895866
1.344148
0.988295
-1.613745

p-value
0.0000
0.8463
0.0000
0.0000
0.0000
0.0000
0.0023
0.1019
0.0383
0.8996
0.3355
0.8568
0.3092
0.5856
0.0660
0.1873
0.3296
0.1153

Table 4.14.: Fixed effects results of Equation (4.4) substituting Budget for Star using

MPl,=0.2
Model df AlIC BIC logLik Test L.Ratio p-value
m8.red4.ml 1 2500 207.03 303.41 -78.52
m8.red4.nbud.m! 2 25.00 210.37 306.75 -80.19
m2.red4.ml 1 2500 207.71 304.09 -78.86
m2.red4.nbud.ml 2 2500 211.05 307.43 -80.53

Table 4.15.: ML-based likelihood comparison between models substituting Budget for

Star
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for every film over time, it does not distinguish the effect of qualitative word of mouth for
different ‘kinds’ of films.

Industry wisdom states that motion pictures produced on a large budget are generally heavily
marketed and open on a large number of screens to draw in crowds early in a film’s life cycle.
In contrast, motion pictures produced on a small budget adopt a narrow release strategy.
The film is released on a smaller number of (targeted) screens, where distributors hope it
will build up positive word of mouth, which in turn allows them to release it on additional
cinema screens and make it more successful. Some studies have found support for this (e.g.
Yang et al., 2012).

In order to test for this phenomenon, the data set is divided into wide releases, defined as
films that open on at least 1,000 screens, and narrow releases, defined as films that open on
less than 1,000 screens. The model is subsequently run separately for both data sets in order
to compare the results. Tables 4.16 and 4.17 present the fixed-effects results for wide releases

and Tables 4.18 and 4.19 present the fixed-effects results for narrow releases.

Overall, the results are not very different from the results for the whole sample. Volume of
word of mouth, number of screens, week, week-squared and critical reviews are all significant
variables and point in the expected direction. The size of these coeflicients is similar to the
coefficients in the final model as well. However, the budget is insignificant both for wide and
narrow releases. This is due to the fact that the budgets of films in each separate data set
are more equally distributed and do not explain the differences in outcomes anymore.

In the case of wide releases, the comedy genre fares significantly better than any other
genre, whereas the MPAA ratings do not have a significantly different effect on consumer
decisions. In contrast, in the case of narrow releases, the genres do not differ in their impact
on consumers, whereas a PG-rating positively influences consumer decisions.

Yet, contrary to industry wisdom, the valence of word of mouth is still insignificant, even for
narrow releases that contain comparatively successful ‘sleepers’, such as Winter’s Bone. A
possible explanation for this is that both distributors and exhibitors are very quick to identify
such phenomena and immediately increase the number of screens for a narrow-release film
once it shows grows potential. For Winter’s Bone, the number of screens is continuously
increased after the opening week (four screens) through to week nine of its theatrical run
(141 screens) and only slowly decreased thereafter.

A comparison of the likelihood values and information criteria, shown in Table 4.20, further
supports this idea. The model fit for models using only wide releases (red4_wide) and models
using only narrow releases (red4_narrow) is better than for the final model; the AIC, the BIC
and the likelihood value are smaller. This suggests that the number of opening screens has a

major influence on consumer decisions.
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Results

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.84 222 178 2.64 0.01
log(MPI) 0.07 0.10 178 0.76 0.45
log(Vol) 0.25 0.05 178 5.21 0.00
log(Screens) 0.75 0.04 178 20.37 0.00
log(Budget) 0.22 013 16 1.68 0.11
Week -0.56 0.04 178 -1497 0.00
Week?2 0.03 0.00 178 8.96 0.00
Critic 0.01 0.01 16 2.32 0.03
MPAA PG-13 0.02 0.37 16 0.05 0.96
MPAA PG 0.14 0.31 16 0.45 0.66
MPAA R -0.42 0.33 16 -1.27 0.22
GenreAdventure  -0.09 0.39 16 -0.23 0.82
GenreAnimation 0.27 0.29 16 0.92 0.37
GenreComedy 0.65 0.21 16 3.13 0.01
GenreDrama 0.42 0.26 16 1.63 0.12
GenreHorror -0.01 0.31 16 -0.04 0.96

Table 4.16.: Fixed-effects results of Equation (4.2) for wide releases using MPI,—¢ g

Fixed effects: log(Rev) ~ log(MPI) + log(Vol} + log(Screens) + log(Budget)
+ Week + Week2 + Critic + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.28 220 178 2.40 0.02
log(MPI) -0.17 009 178 -1.81 0.07
log(Vol) 0.26 005 178 5.74 0.00
log(Screens) 0.75 004 178 20.34 0.00
log(Budget) 0.22 013 16 1.69 0.11
Week -0.55 004 178 -14.97 0.00
Week2 0.03 0.00 178 8.98 0.00
Critic 0.01 0.01 16 1.86 0.08
MPAA PG-13 -0.02 037 16 -0.04 0.97
MPAA PG 0.10 0.31 16 0.33 0.75
MPAA R -0.45 033 16 -1.37 0.19
GenreAdventure 0.00 0.40 16 0.00 1.00
GenreAnimation 0.30 0.30 16 1.01 0.33
GenreComedy 0.68 0.21 16 3.27 0.00
GenreDrama 0.46 0.26 16 1.74 0.10
GenreHorror 0.04 0.31 16 0.12 0.90

Table 4.17.: Fixed-eflects results of Equation (4.2) for wide releases using MP1,—¢ .2
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Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)

Std.Error

2.99
0.06
0.04
0.04
0.17
0.09
0.01
0.01
0.81
1.01
0.73
1.01
0.90
0.90
0.85
0.93

DF
112
112
112
112
11
112
112
11
11
11
11
11
11
11
11
11

+ Week + Week2 + Critic + MPAA + Genre
Value
(Intercept) 5.28
log(MPI) -0.05
log(Vol) 0.18
log(Screens) 0.66
log(Budget) 0.04
Week -0.51
Week2 0.03
Critic 0.05
MPAA PG-13 0.66
MPAA PG 2.14
MPAA R 1.25
GenreAdventure 0.48
GenreComedy 0.03
GenreCrime 0.65
GenreDrama 0.12
GenreHorror 0.02

t-value
1.77
-0.81
4.76
15.26
0.26
-5.42
2.99
3.84
0.81
2.12
1.73
0.48
0.03
0.72
0.14
0.02

p-value
0.08
0.42
0.00
0.00
0.80
0.00
0.00
0.00
0.44
0.06
0.11
0.64
0.98
0.49
0.89
0.98

Table 4.18.: Fixed-effects results of Equation (4.2) for narrow releases using MPl,—¢ s

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log{Screens) + log(Budget)
+ Week + Week2 + Critic + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.41 299 112 1.81 0.07
log(MPI) 0.04 0.06 112 0.66 0.51
log(Vol) 0.17 004 112 4.54 0.00
log(Screens) 0.66 0.04 112 15.22 0.00
log(Budget) 0.05 0.16 11 0.30 0.77
Week -0.51 0.10 112 -5.35 0.00
Week2 0.03 0.01 112 295 0.00
Critic 0.05 0.01 11 3.86 0.00
MPAA PG-13 0.70 0.81 11 0.86 0.41
MPAA PG 2.18 1.00 11 2.17 0.05
MPAA R 1.29 073 11 1.77 0.10
GenreAdventure 0.44 1.00 11 0.44 0.67
GenreComedy 0.01 090 11 0.01 0.99
GenreCrime 0.64 090 1 0.70 0.50
GenreDrama 0.09 0.85 11 0.11 0.91
GenreHorror 0.03 0.93 11 0.03 0.97

Table 4.19.: Fixed-effects results of Equation (4.2) for narrow releases using MPla=¢.2

Model df AIC BIC logLik Test L.Ratio p-value
m8.red4 1 25.00 265.83 360.88 -107.91
m2.red4 2 2500 266.65 361.70 -108.33
m8.red4_wide 1 23.00 12233 19749 -38.16
m2.red4_wide 2 23.00 119.80 19496 -36.90
m8.red4 narrow 1 23.00 168.79 233.48 -61.40
m2.red4_narrow 2 23.00 169.26 233.94 -61.63

Table 4.20.: Comparison of likelihood values between the full model and the models
separating wide and narrow releases
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5. Discussion

The results of the previous chapter have shown that it is important to distinguish between dif-
ferent dimensions of word of mouth, as they have different effects on consumer decisions. Past
research has often claimed that word of mouth influences consumer decisions (e.g. De Vany
and Lee, 2001; Moretti, 2011; Moul, 2007). Yet, it is not clear what exactly is meant by
word of mouth in these studies. For example, De Vany and Walls (1996) state that “informa-
tion transmission” among consumers causes the extreme dynamics of motion picture revenue

distribution, but they do not elaborate on what this information entails.

In contrast to this strand of research and in line with research using online word of mouth
data (e.g. Chintagunta et al., 2010; Duan et al., 2008b; Liu, 2006), this thesis clusters word
of mouth into two dimensions: volume representing the amount of online posts and valence
representing the aggregate opinion of consumers on a particular film. This distinction is
important as it reflects differences in the manner by which consumers learn about motion

pictures and form their expectations.

The results show that valence is insignificant signifying that individuals do not take other
consumers’ experiences into account when making their decision. Figures 4.2 and 4.3 (on
page 86 and 87, respectively) show that consumers rate motion pictures very consistently
over time suggesting that they largely agree on their quality. Yet, there is no discernible
pattern between the qualitative evaluation of a film and its popularity.

The volume of word of mouth, on the other hand, does positively impact on consumer de-
cisions. The volume is likely to raise consumer awareness about a film thus increasing the
likelihood of people going to see it. It is intuitive that the more a product is being talked
about, the more familiar people become with the brand name and the more likely they are
to gather additional information about it, which potentially leads to subsequent purchase.
Thus, the volume of word of mouth plays an important role in a multi-stage decision-making
process similar to the one modelled by Zufryden (1996) who states that awareness leads to
purchase intention which, in turn, leads to actual consumption.

In addition, the volume of word of mouth is strongly related to purchases or, in the case of
motion pictures, to film revenues. This is also very intuitive, since people who go to see a
film are the ones most likely to post their opinion about it. Thus, for the consumer today,

volume is a representation of individuals who have previously gone to see a particular film.
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This interpretation of the volume hints at a decision-making behaviour similar to the herding
models described by Banerjee (1992) and Bikhchandani et al. (1992), where people choose the
option that most people before them have chosen. Consumers may be directly influenced by
the number of people who went to see the film in a “success drives success” manner (De Vany
and Walls, 2004a). Thus, the role that word of mouth plays in shaping consumer decisions
may have been overstated. Actually, they tend to simply follow the crowd.

It could be argued, though, that the volume of word of mouth implicitly contains a qualitative
signal to consumers. Explicitly, it contains the information that the product is popular and
has been consumed by many people. Implicitly, though, this is the case only because the film
is of high quality. Consumers comparing different options are therefore likely to choose the
most popular option. Such learning behaviour fits the definition of observational learning as
decribed by Chen et al. (2011), where consumers partly infer a product’s quality from its
popularity.

5.1. The Role of Qualitative Word of Mouth Information

In the contemporary world with its possibilities of constant and continuous exchange of
messages through various media, one would expect that consumers pass on quality signals
about products they experience in order to inform other individuals about their experienced
pleasure or disappointment, and that these communicated quality signals are in turn used by
individuals in order to shape their decision. While the former is happening on a large scale
with some motion pictures in the data set receiving a huge number of reviews, this study
cannot find proof for the latter. To the contrary, it has shown that the evaluative aspect of

word of mouth does not significantly impact on the decision-making of consumers.

There are a number of possible explanations as to why this may be the case. First, motion
pictures’ life cycles are generally very short; most films exhaust their revenue potential in
the early weeks of their release and earn only small amounts in later weeks. Their revenue
distribution over time describes a ‘waterfall’, something that is replicated both in this sample

as well as in other samples of recent years (see Figure 1.1 on page 2).

With regards to consumers, this means that they decide to see a film early in its run when
evaluative word of mouth is not available. Therefore, the influence of word of mouth is
minimal when contrasted to a film’s ‘marketing power’, expressed through its production
budget and the number of opening screens, the two variables with the largest coeflicients in
the final model of this study. This finding is in sharp contrast to the findings of De Vany and
Walls (1996, 2004b) who state that word of mouth is an important driver of film success and

that it takes about four weeks for consumers to discover what they like.

Instead, this study suggests that consumers may rather rely more on publicly available infor-
mation or use the evaluation of film critics to guide their decision. The results have shown
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that consumer opinions do not markedly differ from professional critics and that critical re-
views positively influence consumer decsions, which is in congruence with previous research
(e.g. Basuroy et al., 2003; Eliashberg and Shugan, 1997). Since critical reviews are often
available prior to the release of a motion picture — in fact, many studios use short quotes
from film critics in their advertising campaign, if the reviews are in the studio’s favour - con-
sumers may not ‘need’ further evaluative information. Thus, film consumers feel that, using
their previous experience and assessing the publicly available characteristics of the film, they
are able to reliably estimate whether they will enjoy a film or not.

Although they know that the pleasure (or disappointment) they will experience cannot be
reliably assessed prior to consumption, and although they are likely to have experienced neg-
ative disconfirmation with motion pictures in the past, these disappointments are overridden
by the expectations generated prior to film consumption. This also means that consumers
are willing to take risks and, it could be argued, that this risk is an integral part of the
consumption experience (cf. Sedgwick and Pokorny, 2010).

An alternative explanation is that word of mouth in fact builds up so fast and disseminates
through the community so quickly that enough information is available on the first day of
release for consumers to make a decision. This assumption is not unrealistic considering
the modern possibilities that consumers have to spread their opinion; they can post their
evaluation of a film to a networked community using their mobile device immediately after

visiting the cinema.

This would explain the negative results of this study - if all the significant ‘action’ happens on
the first day of release, the effect of word of mouth cannot be statistically captured anymore
after the first week. This idea is supported by Hennig-Thurau et al. (2012) who use opening-
day messages from Twitter and find a small but measurable influence on post-opening day
film revenues. Unfortunately, the word of mouth data of this study is not rich enough to

conduct such an analysis.

This also leads back to the findings of Moretti (2011) who argues that the fate of a motion
picture is more or less decided after its opening. Films he characterises as “positive surprises”
to exhibitors — films that more people went to see in the opening week than was expected
— cause positive word of mouth to emerge, because the “underlying quality” of these films
is superior, which subsequently leads to a slower concave decline of revenues. In contrast,
“negative surprises” are films that generate negative word of mouth, leading to a faster convex

decline in revenues.

From this, the question arises how consumers ‘know’ prior to the release of a film about its
underlying quality. According to the conceptualisation of consumer decision-making in Fig-
ure 3.1 on page 60, ‘knowledge’ is created from the interaction between individual experience
and product charactistics, since evaluative word of mouth is not available at this stage — this

study has neglected word of mouth that arises prior to a film’s release as largely anticipatory
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and thus containing no quality information (Asur and Huberman, 2010; Liu, 2006). Yet, the
research on these characteristics — such as film stars, genres, advertising or critical reviews —
has been shown to be largely inconclusive (see Section 2.3).

Therefore, it is worthwhile revisiting the role that pre-release word of mouth might play
in shaping consumer decisions. Berger et al. (2010) state that this kind of ‘buzz’ creates
awareness amongst the population, a first step towards a purchase decision. The larger the
amount of buzz the more likely individuals are to become aware of a film and subsequently
decide to see it. It could be argued that motion pictures become news events or ‘must-see’s’.
The fact that a lot of people see the film in its opening week may partly be strategic behaviour
— people like to share experiences and to be able to talk about them with their peers (Barker
and Brooks, 1999).

Rui et al. (2011) assume that pre-release buzz may actually be given high credibility — there
has to be something special about a film if that many people talk about it. Thus, a large
amount of such information raises consumer expectations prior to a film’s release and leads

to a large early cinema attendance.

Another unanswered question that arises is what actually causes pre-release word of mouth.
It is likely to be related to marketing efforts undertaken by the production studio - early
so-called ‘teasers’ are often produced to create interest in a motion picture —, yet no research
has been conducted on this so far.!! In this case, a large volume of pre-release buzz would
be a reflection of expectations raised by the efforts put into a film’s marketing. Contrary to
Rui et al. (2011), it could be argued that buzz is merely a good predictor of film success,
but not a direct cause for it. Whatever effect buzz has on consumer decisions, those studies
that included it in their analysis found that it is positively related to opening revenues (e.g.
Hennig-Thurau et al., 2012; Liu, 2006).

The discussion above has shown that the distinction of different dimensions of word of mouth
is important to draw conclusions about consumer learning. While this study has clustered
word of mouth into volume and valence, a further distinction may be needed, namely a
distinction between pre-release word of mouth or buzz, containing merely anticipatory infor-
mation and excluding any quality information, and post-release word of mouth, containing

information about the experienced quality of a motion picture.

5.2. Different Effects for Different ‘Kinds' of Motion Pictures

It has been stated before, but it needs to be reiterated that the motion picture industry is
an industry of extreme or exceptional events. While this especially and intuitively counts

"Dellarocas and Narayan (2006) provide some proof for the propensity of post-purchase word of mouth to
be positively related to marketing efforts, while both Berger and Schwartz (2011) and Sun et al. (2006)
investigate personality traits that increase the likelihood of posting online reviews.
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for the typical blockbusters that are widely talked about (Titanic and Avatar may serve
as vivid examples), there are also exceptional or rare events at the other end of the long
tail distribution. Some films manage to grow from small releases into ‘sleepers’ achieving

recognisable success over their lifetime.

It has been argued that word of mouth is responsible for driving such ‘small’ films to success
(Dellarocas et al., 2007). Yet, section 4.4 has analysed the different effect of word of mouth
with regards to the film’s opening number of screens, but found no significant difference. This

suggests that the release strategy does not make a difference.

It is conceivable that a wide-release film featuring a large marketing budget and a targeted
advertising strategy is able to override other signals available in the public domain. It has been
suggested in section 5.1 that a waterfall behaviour of film revenues indicates that consumers
do not wait for evaluative word of mouth to emerge. This is especially likely in the case of

widely released blockbusters.

However, this is unlikely to happen in the case of narrow releases, which are often produced
on a comparatively small budget and thus a small marketing budget. The question arises
how sleepers are able to grow into successful films over time. One would expect the influence
of qualitative word of mouth to be significantly larger for this ‘kind’ of film; however, this

research could not find any proof for this hypothesis.

A possible explanation is that sleepers are somewhat driven by word of mouth, but not
less so by an intelligent distribution strategy. Released in only few targeted cinemas - a
distribution strategy that is more feasible on a small budget —, a film is aimed at creating
fully booked screens and thus generating large revenues per screen. This, in turn, may lead
to positive word of mouth from both consumers and exhibitors who can report fully booked
screens. Obviously, this strategy does not work for every film released in this way, but once
such a film is detected, distributors are very quick to increase the number of screens over
the following weeks. The positive word of mouth from the (limited) number of early viewers

helps carrying the film on to further success.

The reason why the model has not captured this phenomenon is twofold: first, as has been
mentioned at-the outset of this section, sleepers are exceptional events in contrast to many
narrow-release films that taper out over time and do not grow into successful films. Therefore,
these events are not easy to capture in statistical models explaining common patterns. Sec-
ond, the increase in the number of screens overshadows the effect of positive word of mouth,

as film distributors respond quickly in these cases.

Moretti (2011) argues that a positive-surprise film characterised by above-average revenues
per screen in the opening week subsequently leads to (the emergence of positive word of mouth
and) a slower concave decline in revenues. Following this argument, Figure 5.1 illustrates the

development of weekly revenues, number of screens, and revenues per screen over the first
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eight weeks of release for four different films. The top half features two wide-release films,

whereas the bottom half features two narrow releases.
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Figure 5.1.: Development of revenues, number of screens, and revenues per screen

The mean film in the data set generated $12,247 per screen in its opening week, the median
lies at $9,201. As can be seen, Iron-Man 2 not only generates large revenues but also above-
average revenues per screen in the opening week, whereas Furry Vengeance, although released
on many screens as well, generates far lower revenues per screen. Subsequently, the number
of screens the film is shown on develops very differently. While it declines slowly for Iron-
Man 2, it declines very quickly for Furry Vengeance. The latter film is still shown on the
same number of screens in the second week — probably due to contractual agreements — but
removed from the majority of cinemas by week five. At this point of its life cycle, Iron-Man 2

is still shown on 3,007 screens.
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With regards to narrow releases, a somewhat similar observation can he made. Both Winter’s
Bone and [Rec]? are released on a small number of screens, but the revenues per screen differ
markedly in the opening week. Winter’s Bone manages to achieve fully booked cinemas and
subsequently the number of screens it is shown on is continuously increased. In contrast,
[Rec]? has not caught on with consumers in the opening week and a subsequent, albeit small,
increase in the number of screens does not lead to any improvement. Consequently, the film
is taken out of cinemas after five weeks.

These examples once more emphasize that the number of screens is the most important
determinant of the number of people who go and see a film. They also provide some support
for the idea that all of the important ‘action’ happens early in a motion picture’s release - the
revenues per screen seemingly having an impact on whether a wide release continues to turn
into a blockbuster or a bomb and indicating whether a narrow release catches the attention

of targeted consumers and is able to grow into a sleeper.

Again, this leads to the question how consumers ‘know’ prior to the release of the film that
it will please them. Another question arises from the special case of sleepers - what causes
them to grow from narrow releases into successful motion pictures, large revenues per screen
or positive word of mouth that is more likely to emerge from fully booked cinemas? It
may be worthwhile to examine these exceptional events using a number of case studies - an
approach common in film studies (e.g. Austin, 1999; Barker and Mathijs, 2008) - in order to
analyse what characteristics have turned particular motion pictures into sleepers; potentially,

a common pattern is detectable.

5.3. A Revised Conceptualisation of Consumer Decision-Making at

the Cinemas

Figure 3.1 introduced a simplified model of consumer decision-making, in which three ‘factors’
influence the purchase decision. Word of mouth and product characteristics are both mediated
by the third factor, previous experience. In the light of the findings of this study and the
discussion so far, it may be worth revising this conceptualisation.

This study has defined word of mouth as an instrument through which qualitative information
about past experiences can be communicated to other consumers. This means that word
of mouth can only be disseminated once a product has been consumed. It is only after
experiencing a film that a consumer is able to reliably evaluate its quality. Yet, the MPI

the aggregate measure of consumer opinion used in this study - does not significantly influence
individuals' decisions. In contrast, the volume of word of mouth is positively related to film

revenues and thus consumer decisions, but these two variables are likely to be interrelated.
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A recurrent theme throughout this paper is that motion pictures generally make most of
their revenues early in their life cycle, mostly during its opening. This indicates that a large
proportion of decisions are made prior to the release of a motion picture and thus prior to

the existence of evaluative word of mouth.

It is conceivable that pre-release buzz surrounding a film has an impact on consumer decisions.
A few studies have included it in their model, and found it to be positively related to film
success (e.g. Asur and Huberman, 2010; Liu, 2006). Rui et al. (2011) assume that this is
partly due to the direct effect of such pre-consumption word of mouth; the people submitting
anticipatory posts prior to the release of a film are likely to go and see it themselves. Yet,
they do not rule out the possibility that such information is attributed high credibility and

thus raises consumer expectations.

Figure 5.2 illustrates these ideas. Prior to a motion picture’s release, the efforts put into
its marketing create anticipatory word of mouth to arise, here labelled ‘buzz’, which in turn
may influence consumer decisions. Consumers also gather additional information about the
film and subsequently compare its features against their previous experience to form their

expectations. If these are raised high enough, they go and watch the film.

Once a film is released, consumption by early viewers leads to the emergence of word of
mouth. This word of mouth, in turn, influences late consumers (although a blockbuster may
have exhausted a major share of its revenue potential already) in their decision, especially
its volume. The valence may have an impact on consumer decisions, yet not necessarily for

all ‘kinds’ of motion pictures, as the discussion in section 5.2 shows.
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Figure 5.2.: A revised conceptualisation of the influences on consumer decision-making

Figure 5.2 also suggests some directions for further research highlighted by the dashed arrows.
Especially the antecedents of pre-release buzz are worth investigating, as the volume of word of
mouth seems to play a large role in determining film success. The marketing effort undertaken
by film studios is a likely driver of buzz, but filn characteristics may also play a role.
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A valuable contribution to answer the question how previous experience mediates between
product characteristics and word of mouth could be provided by a qualitative research
analysing how consumers use their past experience to assess the likely quality of a particular
film. This research could also shed more light on the role that film stars, genres and MPAA
ratings play in decision-making, three variables for which the results of this study are not

fully conclusive.
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6. Conclusion

“Box-office results are becoming increasingly front loaded, while the average gross
in subsequent weekends is declining dramatically. Put simply, the people who
want to see a movie are doing it during its opening weekend, while others are
waiting until it comes onto DVD or Blu-ray.” (Lang, 2010)

This study analyses the impact of online word of mouth on consumer decisions in the case
of motion pictures. It investigates whether film consumers tend to engage in observational
learning or word of mouth learning and whether it differs for different kinds of films. Previous
research claims that word of mouth is an important driver of consumer decisions and thus
the success of a product, yet how consumers learn from it is a question this previous research

has not resolved.

In order to address this issue, a novel data set is created collecting online word of mouth data
from a social network as a direct and empirical measure of word of mouth. Additionally, 132
motion pictures released between April and September 2010 are sampled. For each of these
films, for the first eight weeks of their release, weekly data on both film-specific variables and
the word of mouth they generate is collected.

Word of mouth data is clustered into volume and valence measures so as to account for the
different manners by which consumers learn from word of mouth. In contrast to previous
research on online word of mouth, a new approach to measure word of mouth valence is
developed. The Movie Preference Index (MPI) accounts for the ‘fuzziness' of rating data
and counters the shortcomings of the approach to separate positive from negative sentiments
and the approach of using the arithmetic mean, both of which have been used in previous

research.

Explicitly, the MPI allows the analysis of how consumers weight different ratings to form their
expectations of a motion picture. Through adjustment of a so-called orness degree positive
weighting schemes, used by decision-makers who focus solely on whether a film received good
ratings, can be distinguished from comparatively neutral and negative weighting schemes,
employed by decision-makers who are more likely to shun films that received many bad
ratings. The MPI thus allows to investigate the existence of a negativity effect of product

ratings on consumer decisions.
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The research uses mixed-effects models to analyse the data. This method introduces addi-
tional error terms (random effects) to capture the systematic variation of films or clusters
of films around the population mean. A systematic model building and selection strategy is
used to create a parsimonious model that explains the differing effects of film characteristics

and word of mouth on consumer decisions.

The results show that it is important to cluster word of mouth into its constituent dimen-
sions, volume and valence, as they have different effects on consumer decisions. Specifically,
the volume of word of mouth has a significant and positive impact on consumer decisions.
This indicates that consumers engage in observational learning meaning that once a motion
picture has generated a large enough following - and thus a large volume of word of mouth

subsequent consumers will follow the crowd, since they infer that a popular film is likely to

have high quality.

In contrast, the valence or the evaluative aspect of word of mouth does not directly affect
consumer decisions. Most of the different weighting schemes calculated by the MPI prove
to be insignificant. This means that consumers do not use quality information to shape
their expectations — a conclusion that is somewhat intuitive looking at the number of people
seeing a film at its opening —, yet the valence of word of mouth may have an impact on the
adjustment of the number of screens certain films are shown on, as section 5.2 argues.

The implications of these results are twofold. First, for film marketers, they confirm the
industry wisdom that all of the ‘significant action’ happens during a motion picture’s opening,
potentially even before a film is released onto the market. If a film manages to draw in a large
enough crowd during its first weekend, its opening success will continue to drive demand over

the subsequent weeks, because consumers are attracted to popular products.

There is some indication that the volume of pre-release word of mouth reflects consumer
expectations held prior to the release of a film. Although further research is necessary, this
type of word of mouth can be used in two ways. On the one hand, it can be utilised to
forecast opening sales and to adjust the distribution strategy accordingly. On the other
hand, a production studio can aim to generate a large volume of pre-release ‘buzz’ through
various marketing efforts, which, in turn, raises consumer expectations and, subsequently,

ticket sales.

Second, this study contributes to the literature on film consumers and online word of mouth
research. It has shown that the distinctive features of online word of mouth affect consumer
decisions differently and therefore point to different kinds of learning. In the case of motion
pictures, further differentiating between pre-release buzz and post-release word of mouth is
likely to lead to further improvement for model-building. Yet, a better understanding of the

antecedents of pre-release buzz is necessary.

The MPI introduces a new tool to aggregate the valence of product ratings and create a

consensus measure of consumer opinions. It is able to account for different weighting schemes
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Conclusion

that consumers may use when interpreting ratings and making purchase decisions. Although
it has proven not to be significant as a measure of valence in the circumstance of motion
pictures, it may nevertheless be a useful tool for research on products that are more likely to
be affected by qualitative word of mouth. Books, for example, may prove to be such a good,
as their life cycle is generally longer than that of motion pictures.

The results of this thesis are surprising in so far, as (online) word of mouth and its influence on
consumer decisions have received a lot of attention over the last years, from hotel and travel
websites to Amazon’s recommendation algorithm. In many of these industries significant
positive effects of consumer ratings have been found, e.g. for hotel bookings (Ye et al., 2011)

or restaurant visits (Zhang et al., 2010).

In contrast, the motion picture industry is exceptional in that quality signals appcar to be
less important in influencing consumer behaviour. This may have something to do with the
nature of film as a product - on the supply side, its infinite and nearly costless reproducibility
encourages the major studios to invest heavily in both production values and marketing; on
the demand side, the requirement of novelty is coupled with the need for accessibility, as it
is comparatively rare for film consumers to repeat-consume films (at the cinema). Since the
fraction of revenues from theatrical release is not as large as it used to be and consumers
continuously search for novel experiences, the revenues of films have become increasingly

front-loaded, driven by marketing and buzz.
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A. Using the Arithmetic Mean to Calculate
the Valence of Ratings

In a preliminary analysis, the effect of word of mouth valence on consumer decisions was
tested using the arithmetic mean film rating posted by consumers. Equation (A.1) presents
the mixed-effects model, in which weekly film revenues depend on average rating, volume
of ratings, number of screens, budget, week of release, week-squared, critical reviews, and
dummy variables for sequel, star, MPAA rating, and genre.

Since the model uses the logarithm of the arithmetic mean rating, a value of one was added to
the arithmetic mean rating to avoid a mis-definition; the logarithm of zero is not defined.

log(Revit) = Bo + Bilog(Avg + 1) + Balog(Voly) + Balog(Screens;q)
+ Bilog(Budget;) + BsWeek;; + BGWeekiz, + B7Critic;
+ BsSequel; + BgStar; + B10MPAA; + B11Genre; + by; (A.1)
+ by;Weekys + bo; Week?t + €
i=1...n; b ~N(0,D), ¢ ~N(0, %)

The results are presented in Table A.1. The arithmetic mean rating is insignificant indicating
that the valence of word of mouth does not influence consumer decisions. Strikingly, the
coeflicient is negative, which would mean that a positive rating deters consumers from seeing
a film, if it were significant. This finding is counter-intuitive, as it can be assumed that a
positive rating influences purchases positively, whereas a negative rating influences subsequent

purchases negatively.
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Using the Arithmetic Mean to Calculate the Valence of Ratings

Fixed effects: log(Rev) ~ log(Avg + 1) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + Sequel + Star + MPAA + Genre

Value Std.Error DF t-value p-value
(Intercept) 5.457582 1.7737327 295 3.076891 0.0023
log(Avg + 1) -0.046068 0.0459137 295 -1.003370 0.3165
log(Vol) 0.226561 0.0293638 295 7.715660 0.0000
log(Screens) 0.743692 0.0249871 295 29.763001 0.0000
log(Budget) 0.203104 0.0952982 34  2.131249 0.0404
Week -0.564349 0.0379394 295 -14.875024 0.0000
Week2 0.033478 0.0040814 295 8.202570 0.0000
Critic 0.023393 0.0054941 34 4.257813 0.0002
Sequel 0.040001 0.2589804 34 0.154454 0.8782
Star 0.213216 0.2461207 34 0.866308 0.3924
MPAA NR -0.931888 0.5384843 34 -1.730576 0.0926
MPAA PG-13 0.084264 0.4216240 34 0.199855 0.8428
MPAA PG 0.417466  0.4062782 34 1.027536 0.3114
MPAA R 0.039228 0.4009782 34 0.097830 0.9226
GenreAdventure 0.264264 0.3871766 34 0.682542 0.4995
GenreAnimation  0.050693 0.4239236 34 0.119580 0.9055
GenreComedy 0.595983 0.2417079 34 2.465714 0.0189
GenreCrime 0.808167 0.4399413 34 1.836988 0.0750
GenreDrama 0.433513 0.2624511 34 1.651785 0.1078
GenreHorror -0.269811 0.3314193 34 -0.814107 0.4212

Table A.1.: Fixed effects for the full model using the arithmetic mean
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B. Removing only one dummy variable from
the model

This section analyses whether either of the dummy variables MPAA and Genre can be re-
moved from the reference model presented in Equation (4.2). Since many levels of the dummy
variables are insignificant in this model (see Table 4.8 and Table 4.9), it may be possible to
omit them without significantly affecting the goodness of the model.

First, it is tested whether MPAA can be removed from the model by comparing the reduced
model omitting MPAA(red5) to the reference model (red4). Table B.1 presents the results of
the ML-based likelihood comparison. The AIC and the likelihood value prefer the model with
both dummy variables, while the BIC prefers the reduced model. Due to the significance of
the LRT statistic, it is decided to keep MPAA as a dummy variable.

Model df AIC BIC logLik Test L.Ratio  p-value
m8.red4.ml 1 2500 207.03 30341 -78.52
m8.red5.ml 2 21.00 21147 29243 -84.74 1vs2 12.44 0.01
m2.red4.m} 1 25.00 207.71 304.09 -78.86
m2.red5.mi 2 21.00 21228 29324 -85.14 1vs2 12.57 0.01

Table B.1.: ML-based likelihood comparison between models with both dummy vari-
ables and with Genre only

In a second step, it is tested whether Genre can be removed from the model. The coeflicients
of the model show that only Comedy and Crime affect consumer decisions significantly
different from the reference level Action (see Table 4.8 and Table 4.9).

Table B.2 presents the results of the ML-based likelihood comparison between the reference
model (red4) and a reduced model omitting Genre (red6). The AIC and the likelihood
value indicate that the reference model should be preferred, while the BIC indicates that
the reduced model is the more parsimonious one. Again, due to the significance of the LRT

statistic, it is decided to keep Genre as a dummy variable.

Model df AIC BIC logLik Test L.Ratio p-value
m8.red4.ml 1 25.00 207.03 303.41 -78.52
m8.red6.ml 2 19.00 214.01 287.26 -88.01 1vs2 18.98 0.00
m2.red4.ml 1 25.00 207.71 304.09 -78.86
m2.red6.ml 2 19.00 214.12 287.37 -88.06 1vs2 18.40 0.01

Table B.2.: ML-based likelihood comparison between models with both dummy vari-
ables and with MPAA rating only
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C. Re-Running the Model Without the
Identified Outliers

The model fit analysis in Chapter 4.2 identified two main outliers, namely Survival of the
Dead and Jonah Hex. Subsequently, the outliers’ data was inspected in more detail. At first
glance, the two films are fairly different from each other. Survival of the Dead is a horror film
produced with a relatively small budget ($4 million), opening on only few screens (20) and
thus achieving small revenues. Jonah Hex, in contrast, is a big-budget ($47 million) action

film with a large opening (2,825 screens) and comparatively large revenues.

However, they both share a characteristic that is only sporadically observed in the film
industry. They both open on the largest number of screens during their run, and this number
gradually declines over the next weeks. Their weekly revenues follow this pattern. Yet, in
the fifth and sixth week, respectively, the number of screens increases again. The resulting -
albeit small — increase in revenues may not have been appropriately captured by the model.
Figure C.1 illustrates the weekly change in both revenues and number of screens the respective

films are shown on.
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Figure C.1.: Weekly revenues and number of screens for the identified outliers

It was decided to re-run the model without these outliers and test whether these films have

a significant impact on the model’s results. Table C.1 and Table C.2 show the results of the
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Re-Running the Model Without the Identified Qutliers

final model (red4) omitting the two outliers.

It is noteworthy that the coefficient for the intercept is lower for the model omitting the
outliers, whereas the coeflicient for the budget is higher. The other coeflicients do not change
significantly. This can be explained by the fact that both of the films were rather unsuccessful
at the box office considering their production budget. Survival of the Dead generated only
$101,740 (2.5% of its production costs) and Jonah Hex generated only $10,545,758 (26.4%
of its production costs). In contrast, the average rate of return of films in the data set for

which the production budget is available is 101%.

Omitting two comparatively unsuccessful films therefore pushes the importance of the produc-
tion budget upwards, whereas the intercept can decrease to accomodate better for low-budget
productions with low revenues. However, since none of the other coefficients change signifi-
cantly, the outliers are retained in the data set. The influences on consumer decision-making

remain well-explained.

133



Re-Running the Model Without the Identified Qutliers

Fixed eflects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + MPAA + Genre

Value  Std.Error DF t-value p-value
(Intercept) 3.721102 1.8024969 282 2.064415 0.0399
log(MPI) -0.053297  0.0495767 282  -1.075041 0.2833
log(Vol) 0.203928 0.0263792 282 7.730644 0.0000
log(Screens) 0.734168 0.0245736 282  29.876323 0.0000
log(Budget) 0.286331 0.0941134 34 3.042404 0.0045
Week -0.560322 0.0366813 282 -15.275418 0.0000
Week2 0.030805 0.0036574 282 8.422730 0.0000
Critic 0.0275 0.0057446 34 4.787053 0.0000
MPAA NR -0.964708 0.5599360 34  -1.722889 0.0940
MPAA PG-13 0.14127  0.4595557 34 0.307406 0.7604
MPAA PG 0.422365 0.4331889 34 0.975014 0.3364
MPAA R 0.002945 0.4283870 34 0.006875 0.9946
GenreAdventure  0.187922 0.4186123 34 0.448916 0.6563
GenreAnimation  0.014221 0.4206108 34 0.033811 0.9732
GenreComedy 0.630901 0.2589630 34 2.436261 0.0202
GenreCrime 0.882944 0.4422574 34 1.996449 0.0539
GenreDrama 0.38809 0.2697853 34 1.438513 0.1594
GenreHorror -0.230667 0.3703885 34  -0.622771 0.5376

Table C.1.: Fixed-effects results of Equation (4.2) omitting the outliers using MPl,—g g

Fixed effects: log(Rev) ~ log(MPI) + log(Vol) + log(Screens) + log(Budget)
+ Week + Week2 + Critic + MPAA + Genre
Value Std.Error DF t-value p-value
(Intercept) 3.832246  1.8207067 282 2.104812 0.0362
log(MPI) -0.013925 0.0437297 282  -0.318432 0.7504
log(Vol) 0.201707 0.0265306 282  7.602812 0.0000
log(Screens) 0.73452 0.0245682 282  29.897176 0.0000
log(Budget) 0.288547 0.0946358 34 3.049028 0.0044
Week -0.559367 0.0366326 282 -15.269676 0.0000
‘eek?2 0.030713  0.0036580 282 8.396066 0.0000
Critic 0.026378 0.0057955 34 4.551419 0.0001
MPAA NR -0.959309 0.5654627 34  -1.696503 0.0989
MPAA PG-13 0.119234 0.4622581 34 0.257938 0.7980
MPAA PG 0.44085 0.4348087 34 1.013895 0.3178
MPAA R 0.006099 0.4307044 34 0.014160 0.9888
GenreAdventure  0.168503  0.4203852 34 0.400830 0.6911
GenreAnimation -0.026146 0.4225041 34 -0.061883 0.9510
GenreComedy 0.626718 0.2608085 34 2.402981 0.0219
GenreCrime 0.855882 0.4444758 34 1.925598 0.0626
GenreDrama 0.37201 0.2714967 34 1.370220 0.1796
GenreHorror -0.228653  0.3729577 34 -0.613081 0.5439

Table C.2.. Fixed-effects results of Equation (4.2) omitting the outliers using MPl,—0.2
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