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 Strikingly Low Agreement 
in the Appraisal 
of Motion Pictures
Pascal Wallisch and Jake Alden Whritner 

Abstract: Neuroimaging research suggests that watching a movie synchro-
nizes brain activity between observers. This is surprising in light of anecdotal 
reports that viewers construct their experience radically differently, consis-
tent with contemporary cognitive media theory. This article empirically tests 
the degree of agreement in the appraisal of commercially produced major 
motion pictures. Ratings for more than two hundred carefully selected movies 
were solicited from a diverse pool of more than three thousand study partic-
ipants. Doing so shows that intersubjective movie appraisal is strikingly low 
but signifi cantly different from zero. The article also shows that these ratings 
correlate only weakly with the judgment of professional movie critics. Taken to-
gether, this study supports the notion that movies are an extremely rich, highly 
dimensional narrative stimulus with many degrees of freedom for viewers to 
construct their subjective experience in a highly idiosyncratic fashion. 

Keywords: appraisal, cognitive media theory, consensus, expert judgment, 
major motion pictures, psychocinematics

Background
Over the past hundred years, fi lmmakers have developed a rich tool kit that 
allows them to tightly control viewers’ attention. This toolbox comprises what 
is commonly referred to as the continuity editing style, which includes tech-
niques such as matches on action, shot reverse shot, point-of-view editing, 
and the 180-degree rule (Bordwell and Thompson 2010). In addition, variable 
framing helps to create further hierarchies within the fi lm image and pro-
vides salient cues for viewers to attend to certain aspects of the frame such as 
faces or narratively signifi cant objects (Seeley and Carroll 2014). As Tim J. Smith 
(2012) argues in “The Attentional Theory of Cinematic Continuity,” the conven-
tions of continuity editing take advantage of natural attentional cues to guide 
viewer attention and maintain their interest. These techniques establish and 
sustain engagement of the viewer for long periods of time—typically for well 
over an hour. We know that these techniques work because fi lmmakers suc-
cessfully guide the attention and eye movements (Smith et al. 2012) across 
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The degree of agreement 
in the appraisal of a given 
movie between viewers—
whether or not they 
liked it—remains largely 
unexplored.

viewers, even in cases of long tracking shots (Wang et al. 2012). Importantly, 
this synchronization does depend on the kind of natural stimulation—a com-
mercially produced movie achieves much higher synchronization between 
viewers than footage of unstructured scenes (Hasson et al. 2008). This is also 
refl ected in the intersubjective synchronization of brain activity (Hasson et 
al. 2004, 2009), particularly in the back of the brain, which is mostly involved 
with perceptual processing (Wallisch and Movshon 2008).

Whereas these kinds of low-level phenomena have been explored exten-
sively in terms of neural and attentional processing—arriving at a converging 
picture that they are in fact highly consistent between viewers—the degree 
of agreement in the appraisal of a given movie between viewers—whether or 
not they liked it—remains largely unexplored. We want to be clear that this 
more wholistic appraisal that we focus on here pertains to a different cogni-
tive process, one that is likely more complex. There are several 
reasons to suspect that this kind of intersubjective agreement 
might be less than perfect. First, brain activity in large regions of 
frontal cortex does not appreciably synchronize between view-
ers, even though they—by virtue of synchronized eye move-
ments and attention—received the same bottom-up signal and 
thus effectively saw the same movie. Second, there are ample 
anecdotal reports—for example, virtually any message board on 
the Internet Movie Database (IMDb) or any fi lm forum—that people disagree 
vehemently as to how much they like or dislike any given movie. This might 
be due to the notion that people think they argue about objective facts when 
considering the quality of a movie (Kivy 2015). Finally, cognitive media theory 
suggests that movies are extremely rich audiovisual stimuli that allow view-
ers tremendous degrees of freedom to reconstruct the narrative experience 
subjectively and idiosyncratically (Bordwell 2013). 

Previous research on appraisal of commercially produced major movie re-
leases (hereinafter referred to as fi lms) has focused on the agreement among 
critics, which was found to be quite high (Boor 1990, 1992; Wanderer 2011a, 
2011b). Moreover, studies have investigated the question of whether commer-
cial returns of fi lms can be predicted (Eliashberg 1997) and whether the rec-
ommendations by movie critics contribute to the commercial success of said 
fi lms (Boatwright 2007; Hadida 2008; Holbrook 1999; Kim et al. 2013; Zhang 
2004). Both of these questions were answered in the affi rmative. However, 
this research might have overestimated the consensus among nonexpert 
viewers and between viewers and critics. The emphasis on critics and the con-
sensus among them is also typical of other fi elds, such as the cognitive study 
of music (Lundy 2010, 2013). 

In contrast to studies showing high agreement between critics and conver-
gent brain activity among noncritic viewers, the degree of agreement between 
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noncritic viewers and between critics and noncritics remains unexplored. There 
is reason to believe that the degree of agreement will be low. For instance, Bat-
man v Superman: Dawn of Justice (Zack Snyder, 2016) was universally panned 
among critics (as indicated by its Rotten Tomatoes critic rating), whereas the 
movie received one of its highest ratings among noncritics (as indicated by its 
Rotten Tomatoes user rating; Mancini 2016; see also Child 2016 for a discussion 
of this effect). In addition, debates about the merits and shortcomings of any 
given movie can be observed on almost any online discussion forum. We want 
to know whether these anecdotal observations are representative or not and 
to quantify the degree of agreement in these populations, which has—to our 
knowledge—not been done. In general, much of the existing literature focuses 
on box offi ce success and whether it can be predicted, not whether viewers 
liked a movie. 

The purpose of this study is to establish the degree of agreement among 
nonexpert viewers of fi lms empirically and to quantify the average agree-
ment between the laity of moviegoers and critics in a high-powered (Wal-
lisch 2015) fashion and with a large and representative sample of critics and 
movies. 

Methods
To answer these questions—whether a strong degree of agreement exists 
between nonexpert viewers and expert critics, as well as within noncritic 
viewers—we employ the following procedure.

Stimulus Materials
As stimuli, we used a list of 209 major motion pictures released between 1985 
and 2004. Given the nature of our study, it was critical to use a representative 
sample of popular fi lms. Popularity matters because we wanted to ensure a 
fair chance that the movies we asked about had been seen by our participants 
and would have garnered several critic ratings. Participants were asked to only 
rate movies that they had seen. Within this constraint, we wanted to pick a 
suffi ciently large set of representative fi lms chosen mostly at random. Specifi -
cally, we selected movies in the following way:

(1)  Financial success and popularity (fi fty fi lms): The top ten grossing mov-
ies for each year from 2000 to 2004. 

(2)  Critic rating diversity (forty-fi ve fi lms): Movies from Roger Ebert’s full 
range of ratings, fi ve movies from each rating (0 to 4 stars in steps of 
0.5 stars), at random. If one of these movies was already including in (1), 
it was redrawn at random. 

(3)  Popular acclaim (fi fty fi lms): Movies from the IMDb Top 250, at random. 
If a movie was already contained in (1) or (2), it was redrawn at random. 
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(4)  Diversity (sixty-four fi lms): Drawn from the IMDb completely at ran-
dom unless already contained in (1), (2), or (3). 

Additional constraints: To ensure that our participants had a fair chance of 
having seen the movie, all fi lms we picked had to have at least fi fteen hundred 
user ratings on IMDb at the time of selection (if a movie picked according to 
the criteria described above fell below that threshold, it was redrawn at ran-
dom). To ensure homogeneity of the movie materials, we did not include for-
eign language fi lms. In addition, to avoid “glow” or nostalgia effects, we picked 
movies released after 1984. This had the additional benefi t that every movie 
in our sample included a publicly accessible rating by Roger Ebert, the most 
popular movie critic of the late twentieth century. As far as we can tell, this 
selection process yielded an unbiased yet differentiated sample of fi lms with 
a fair chance of our participants having seen them. 

Survey
We asked people to appraise these movies. We operationalized appraisal as 
how much participants “liked” a movie, implemented by asking them to assign 
a “star rating,” as a critic would do. Specifi cally, we instructed them to rate 
these movies on a nine-point scale from zero to four stars, including inter-
mediate half-star steps, but only if they had seen the movies. We stressed not 
to rate movies they had not seen and in particular that they should go with 
their gut feeling. Afterward, we also asked participants to report demographic 
information such as age and gender and whether they consider recommen-
dations from movie critics in their choice to see a movie. This survey was de-
ployed online, on surveymonkey.com. 

Participants
Participants included a diverse range of undergraduate and graduate students 
at the University of Chicago and New York University, who were recruited by 
fl yers, as well as people solicited through online ads, specifi cally through Goo-
gle AdWords (“Take a survey to test your movie taste”). Responses were col-
lected from 2005 to 2015. We managed to gather data from 3,204 participants 
in this way. As far as we can tell, our results are qualitatively the same for all 
subpopulations of participants, which is why we report our results in a pooled 
fashion, regardless of how we recruited the participants. In addition, we gath-
ered the corresponding ratings for these same movies from forty-two pub-
licly accessible critics or rating sites such as Roger Ebert, IMDb, Film Comment, 
Allociné, and so on. Thus, we ended up with two distinct datasets—one from 
study participants and one from professional movie critics—that were ana-
lyzed separately. The respective University of Chicago and New York University 
Institutional Review Boards approved all procedures. 
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Data Analysis
In general, we calculated the Spearman (1904) rank correlation coeffi cient be-
tween any given participant and other participants or critics, as well as between 
critics and between individuals and averaged ratings. This is the appropriate co-
effi cient, as our data corresponds to measurements on an ordinal level (Stevens 
1946). However, we also performed all analyses with Pearson correlation coef-
fi cients (Pearson 1920), and all qualitative results remain entirely unchanged. 
Before calculating the correlation coeffi cients, we normalized (z-scored) the 
ratings of each participant to mitigate against biases in how individuals used 
the rating scale that would introduce non-normal rating distributions. How-
ever, this normalization did not affect any of our qualitative results, which is 
why we believe our fi ndings are robust as to the details of the analysis. 

Results
What Are Our Sample Characteristics? 
We logged data from 3,204 participants and 42 critic sources. Of the crit-
ics, 29 were individual critics (e.g., Roger Ebert, James Berardinelli, Armond 
White), 4 were aggregated sources of critic information (e.g., Rotten Tomatoes, 
Metacritic), and 9 were aggregated noncritic users (e.g., IMDb user ratings, Ya-
hoo Movie ratings). We only analyzed data from participants who had seen at 
least 5 percent of the movies we asked about. Given the nature of the corpus 
of movies in our survey, we think this is justifi ed, as someone who is a member 
of the moviegoing public can be reasonably expected to have seen at least 
5 (or 10) percent of these popular fi lms. This criterion retained 87 percent of 
our sample in terms of number of participants and more than 99 percent of 
the actual ratings. In other words, we analyzed data from 2,784 participants, 
and those provided almost all of the ratings in our sample. These participants 
reported to have seen—on average—just less than half of our movies, with 
a large variation in the number of movies seen between individuals (mean 
= 99, median = 94, SD = 45). In this sample, 1,199 participants identifi ed as 
male, 1,216 as female, and the remaining 369 did not provide this information. 
Given the demographics of our sample (mostly students and Internet users), it 
unsurprisingly skews toward younger people; however, this age group is also 
overrepresented among the moviegoing public. Specifi cally, the mean age in 
our sample is 25.14 years, with a median of 21 and a standard deviation of 9.86 
years. The three highest-rated movies in our sample were The Shawshank Re-
demption (Frank Darabont, 1994), Schindler’s List (Steven Spielberg, 1993), and 
Goodfellas (Martin Scorsese, 1990), with average z-scores of 0.93, 0.78, and 0.71, 
respectively. The lowest-rated movies were Gigli (Martin Brest, 2002), Battle-
fi eld Earth (Roger Christian, 2000), and Crossroads (Tamra Davis, 2002), with 
respective z-scores of -1.58, -1.36, and -1.31. The fact that both highest and low-
est scores were achieved for “notoriously” good or bad movies raises the pos-
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Figure 1. Distribution 
of joint ratings. The 
x-axis represents 
how many movies 
participants have 
seen jointly, whereas 
the y-axis represents 
the number of cor-
relation coeffi cients 
in that bin.

sibility that our measures confound reputation with personal liking, at least 
at the extreme end of the scale (for movies that have a reputation). However, 
we would like to note that when we tracked the stability of ratings on IMDb 
for a few movies released in 2004, we could not discern much of an effect of 
reputation; the average ratings were remarkably stable from release to several 
months later, despite sometimes an order of magnitude or more increase in 
the number of ratings. Also, few people in our sample did rate Gigli or Battle-
fi eld Earth, implying that those who rated them are also those who saw them. 
Interestingly, those were not dissuaded by reputation, but they still did not like 
the movie. Finally, our results suggest that there is not much of a reputation 
effect at all; we were surprised how little agreement there was even for obvi-
ous classics like The Shawshank Redemption. As you can see, extreme z-scores 
are rare; even the “best” (most highly rated) movies in our sample do not even 
achieve an average z-score of 1. This is a hint that there will be relatively lit-
tle agreement about movies that everyone likes whereas there is a stronger 
consensus about movies that are disliked, as the lowest-rated movies in our 
sample exceeded z-scores of -1. 

Given This Sample, What Is the Average Level of Agreement between Participants?
To answer this question, we correlated the vector of movie ratings of each par-
ticipant with that of all other participants. To ensure the stability of the cor-
relation coeffi cients, we only included relations between people if they jointly 
reported ratings for at least ten movies. Correlation coeffi cients below that 
number are too unstable, for example, correlations that are based on two data 
points are necessarily either -1 and 1. We plot the distribution of joint movie 
ratings reported in Figure 1. 
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This distribution is highly skewed with a mean of 55.4 and a standard de-
viation of 32.1. Interestingly, this distribution is bimodal, suggesting that there 
seems to have been a subpopulation of people on the right side of the dis-
tribution who report to have seen virtually every movie on our survey. These 
people probably represent either “movie buffs” or people who did not follow 
the instructions (and rated all movies instead of just movies they saw) or a 
combination of these possibilities. Note that we cut this distribution on the 
left side to only show the data that we actually use in the rest of the analy-
sis: people who saw less than 5 percent of the movies in our sample are not 
representative of the movie-watching public as refl ected by this distribution. 
In addition, as we made ten jointly seen movies to be the criterion for our 
correlation analysis, these participants would not be able to contribute any 
data to that analysis. However, as noted above, this cutoff retains 87 percent of 
study participants and more than 99 percent of the ratings. Doing the analysis 
on the full (noncut) dataset does not qualitatively change any of our results. 

Based on this distribution of joint rankings, we now calculate a full cross of 
all individual rating vectors with all others, which we show in Figure 2. 

As you can see, the average correlation coeffi cient is relatively low (mean 
= 0.2592, median = 0.27), with large variation (SD = 0.2) and distributed as a 
shifted normal distribution with a very long tail into the negative correlations. 
This average correlation is signifi cantly different from zero; the 95 percent con-
fi dence interval is 0.2590 to 0.2593. If one averages the correlations fi rst, on 
a per-person basis, the mean agreement between people is 0.258 (median = 
0.273, SD = 0.09). A one-sample t-test establishes that this is different from 

Figure 2. Average intercorrelation. The x-axis represents the magnitude of the Spearman rank cor-
relation coeffi cient between any two ratings vectors and the y-axis the number of instances that 
achieve a given correlation.
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zero (p < 0.001, t = 153, df = 2781, CI = [0.255,0.262]). Most individuals have mod-
erate correlations with other individuals. There are only a few “superpredic-
tors” with average correlations around 0.5 and only a thin tail extending into 
the negative correlations (see Figure 3).

This average correlation is a function of the number of movies rated, as can 
be seen in Figure 4.

Figure 3. Intercorrelations per individual. The x-axis represents the magnitude of the average Spear-
man rank correlation coeffi cient between an individual and all other individuals in the sample and 
the y-axis the number of instances that achieve a given correlation.

Figure 4. The fi ne structure of correlation magnitude as a function of joint number of movies seen. 
On the x-axis is the number of ratings, and on the y-axis is the average correlation based on that 
number of ratings in our sample.
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We convolved the raw data with a kernel of bin width of fi fteen before plot-
ting it. As you can see, we can discern four clear groups, from left to right: if 
people have seen few movies, the average correlation is low. In other words, 
these people tend to have an uncalibrated movie taste. As the joint number 
of movies increases, the average correlation reaches a maximum around half 
of the movies in our sample. The distribution seems to form a stable plateau 
that might well represent the average movie taste of the casual moviegoer in 
the United States. Interestingly, the average intercorrelation then dips again 
as a function of increasing number of movies seen. However, this dip is hard to 
interpret. Movie taste possibly becomes more idiosyncratic as viewers become 
more discerning—as a function of the number of movies seen. As the nadir of 
this dip is close to the maximum possible—around 180 movies jointly seen—it 
could be that this is an artifact of improper survey completion by those who 
report to have seen all of the movies. Moreover, not many people underlie this 
part of the curve, so statistical reliability of the dip is low. Regardless of the rea-
son for the dip, agreement rises again as people report to have seen more than 
180 movies together. This could refl ect the formation of a truly expert movie 
taste held by movie buffs, fi lm students and the like, perhaps informed by ex-
posure to similar instruction material such as fi lm theory, classic movies, or 
familiarity with the history of medium. If true, this has two implications. First, 
if we had set a lower cutoff for joint movies rated in order to calculate correla-
tions, the average agreement among participants would be even lower. Sec-
ond, as the agreement among participants who have seen many movies was 
high, we might expect that a separate population—that of the critics—could 
exhibit a similarly high degree of agreement, simply by virtue of the fact that 
they—as a group—also have seen a lot of the movies in the sample. A more 
prosaic explanation is that those at the far end of the curve did not properly fi ll 
in the survey. We cannot distinguish between these possibilities at this point. 
One way to do so would be to administer a substantially longer instrument, 
for instance, one with several hundred more movies. 

Do Demographic Factors Such as Age or Gender 
Modulate This Average Correlation? 
It is often thought that demographic variables such as age or gender are im-
portant predictors of psychological phenomena in general. In the fi lm industry 
specifi cally, there is the pervasive notion that certain kinds of movies are de-
signed to appeal to specifi c demographics (e.g., “chick fl icks” and melodramas 
for women or action and sci-fi  movies for men). In addition, gender has been 
a topic of considerable interest within fi lm theory (Doane 1987; Mulvey 1975; 
Williams 1991). Thus, we wondered whether these factors could modulate the 
intersubjective agreement between these groups: is the intersubjective agree-
ment within a group (e.g., among female movie watchers) higher than the 
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agreement between groups (e.g., between male and female watchers)? If true 
that gender is an important predictor of movie taste—and modulates individ-
ual perception of movies along gender lines, we would expect high inter-rater 
agreement within a gender but low inter-rater agreement between genders. 

Doing so, we noticed the following results: fi rst, male movie taste seems 
to be more consistent than female movie taste. The average intersubjective 
correlation among males is 0.31 but 0.24 for females, and this difference is sig-
nifi cant (t = 21.40, df = 2411, p < 0.001) and of an appreciable effect size: d = 
0.87. This difference cannot be attributed to the fact that males saw fewer 
movies than females, which could artifi cially infl ate correlations. In fact, males 
saw more movies (68, on average) than females (51), and this difference is also 
signifi cant (t = 20.1, df = 2411, p < 0.001) and of a considerable effect size (d = 
0.82). One possible explanation for this could be the notion that Hollywood is 
a male-dominated industry (Dargis 2014), the idea being that movies that ap-
peal more strongly to one gender (as they are made by people of that gender) 
are more effective at doing so. However, there is no evidence that the movie 
taste between males and females (mean = 0.249) is notably different from the 
average movie taste in general, where everyone is correlated with everyone 
else (mean = 0.258). While this difference is signifi cant (t = 3.56, df = 4034, p < 
0.01), it is of questionable relevance; the effect size is very small (d = 0.1). 

Similarly, when dividing our sample by median age, we found no differences 
in agreement within age groups (young vs. old = 0.265 and 0.271, respectively, 
t = 1.7, df = 2548, n.s.) or between age groups (t = 0.57, df = 4048, n.s.), despite 
the fact that the older participants had seen substantially more movies: 62 
versus 54 (t = 9.4, df = 2548, p < 0.001); d = 0.37. This should not be surprising, 
as they had a lot more time to watch movies, but this had no apparent impli-
cations on taste. We conclude that age was not a factor in determining movie 
taste but point out that this study was not designed to elicit whether there 
is such a difference. In other words, our entire sample was rather youthful; a 
more diverse age distribution might have revealed stronger effects. 

Finally, we wondered whether there is a difference in taste between peo-
ple who report having seen more than the median number of movies in our 
sample (94) versus those who report having seen less than the median. Pre-
sumably, these are either different populations (i.e., “movie nerds” vs. casual 
moviegoers), or exposure to so many movies might have shaped their taste 
in itself. Empirically, we fi nd that this does make a difference. The people who 
saw more movies than average have a more homogenous movie taste than 
those who saw less (0.31 vs. 0.23 in terms of intersubjective correlation, t = 
23.16, df = 2792, p < 0.001), and this effect is strong (d = 0.90). Of course, there 
is also a substantial difference in the number of movies they have seen, be-
cause that is how these are defi ned. If this was not so, the observed difference 
in taste would be puzzling (95 vs. 28 movies seen, respectively, t = 132.83, df = 
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Intersubjective movie 
appraisal is low but 
signifi cantly different 
from zero.

2792, d = 4.68). However, when comparing movie taste between these groups 
to that of everyone, the difference in intercorrelation among those who have 
seen a lot versus a few movies is extremely modest (0.253 vs. 0.258, t = 2.42, df 
= 4217, p < 0.05, d = 0.08). 

What Is the Correlation between People and Critics as 
Well as between Different Kinds of Critics? 
We wondered as to the correlation within different groups of critics versus 
correlations between them. This information is best represented in the form 
of a table (see Table 1). 

 Table 1. Average intercorrelation between groups 

Individuals Critics
Aggregated 

critics
Aggregated 
individuals

Individuals 0.260 0.267 .0329 0.437
Critics – 0.394 0.552 0.488
Aggregated critics – – 0.784 0.666
Aggregated individuals – – – 0.807

Correlations increase as the number of individuals involved increases, or 
as the homogeneity of the group (e.g., critics) increases. Interestingly, critics 
seem to be best at predicting the responses of other critics—individually or 
together—but not the responses of people. The best predictor of individual 
noncritic movie taste is aggregated individual noncritic movie taste. 

Discussion
We showed that the intersubjective agreement of movie taste is low but sig-
nifi cantly different from zero. There is some agreement, but not much. We also 

showed that demographic qualifi ers do not matter much in terms 
of moderating these numbers, indicating that movie taste is an idio-
syncratic quality—of the individual, not of demographically defi ned 
groups like age or gender. This issue has recently been raised anecdot-
ally and seems to be exploited commercially (Barrett 2016). Moreover, 

we have shown that the agreement between people and individual critics is 
low, whereas the agreement among critics themselves is high. This empha-
sizes and quantifi es the fundamental disconnect between people’s and critics’ 
tastes that has been highlighted anecdotally. So it seems that the Batman v 
Superman example we introduced is perhaps a strong example of the critic/
audience disconnect, but it is by no means an outlier. This divide has sparked 
many journalistic refl ections on the importance of fi lm criticism (Child 2016; 
Mancini 2016). Ironically, something about being a critic seems to make the 
recommendations of critics unsuitable—relatively speaking—for predicting 
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the movie taste of regular people. We want to emphasize that we cannot dis-
tinguish possible explanations for why this might be the case. It is possible 
that critics are fundamentally different people and unrepresentative of the 
population at large. Critics and audience members may also have different 
cognitive goals while watching a movie. Moreover, the correlated inputs of the 
critics—the movies they have seen, the fi lm theory they have read, the con-
ventions they are aware of—may also synchronize their judgments but put 
them at odds with the judgment of average viewers. If this is the case, pooled 
predictions based on critics should saturate early, whereas the decorrelated 
judgments of individuals should not, which is what we see empirically (Zohary 
et al. 1994). None of these explanations is mutually exclusive; they could all be 
true at the same time. Sorting them out will have to be the subject of future 
research. 

Finally, we showed that the best predictor of individual movie ratings was 
aggregated individual movie ratings (e.g., IMDb rating, average Yahoo user rat-
ing), with correlations close to the theoretically highest possible value, given 
the inherent diversity of movie taste. Of course, even better predictions are 
possible if one tailors recommendations to the individual, but not to groups, as 
the lack of consensus about the appraisal of fi lms in the population precludes 
giving ratings that appeal to everyone. That is, when the predicted rating for 
one movie becomes too high, it gets out of touch with the people who did not 
like that particular movie, which is why companies like Netfl ix use closeness to 
clusters in taste space to make predictions. The idea is that groups in a highly 
dimensional taste space share a particular taste but also have a taste that is 
different from those of other groups. If one has not seen a given movie, any 
given taste cluster will have seen it, and one’s predicted rating corresponds 
to the rating of the nearest cluster. After launching in 130 countries in 2016, 
Netfl ix representatives revealed that the company relies on taste profi les in 
this taste space rather than demographic information or geographical loca-
tion (Barrett 2016). In other words, what matters when predicting how much 
someone will like a given movie is how close that person is to someone in 
taste space, not physical or demographic proximity. 

From a psychometric perspective, the extreme ratings of individual critics 
make them poor predictors of individual movie taste, whereas aggregate rat-
ings (e.g., IMDb) tend to avoid extreme ratings. Moreover, it is possible that 
movie critics pursue different motivations when assessing a movie. Whereas 
audience responses to a fi lm are perhaps dominated by their emotional expe-
rience, critics might also consider what the fi lmmakers were trying to achieve 
when making the movies and whether they succeeded doing so. These con-
siderations put the very purpose of a movie critic into question. Of course, 
the cultural role of the critic has been discussed at length (Cameron 1995; De-
benedetti 2006). We show empirically that if people are to take the ratings 
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We show empirically that 
if people are to take the 
ratings of movie critics as 
viewing recommendations, 
they are better off either 
consulting average ratings 
or fi guring out which movie 
critic is most predictive of 
their taste.

of movie critics as viewing recommendations, they are better 
off either consulting average ratings or fi guring out which 
movie critic is most predictive of their taste. This implies that 
professional movie critics are popular not because of the ac-
curacy of their forecasts but because of their presentation 
(e.g., the quality of their writing or their insights about the 
movie). Movie critics would perhaps respond that their job 
is not to pander to the basest tastes of their audience but 
rather to educate them about the fi ner nuances of fi lm eval-
uation or analysis. In other words, professional movie critics 
might see themselves as educators and tastemakers, not as 
bellwethers. This is in line with Pierre Bourdieu’s (1984) refl ec-

tions on the relationship between taste and cultural capital. Bourdieu points 
out that those with a large amount of cultural capital are able to determine 
what constitutes taste. Perhaps this is why the judgment of movie critics—
the societally accepted cultural arbiters of taste—is accepted despite lacking 
predictive validity. However, this is not how many people use the information 
from movie critics. In our sample, about a third of our participants explicitly 
stated that they do use rating information from movie critics as recommen-
dations whether to see a movie, more than any other potential information 
source—such as advertising or word of mouth. Most of these participants 
mentioned Roger Ebert as the most frequently consulted and the most accu-
rate individual movie critic. 

Our research touches on a deeper issue as well, namely the confl ict in the 
perceived merits of experts versus collectives of individuals (Tetlock 2015). This 
issue plays out in many areas, going back to ancient times. Who makes more 
just judgments, expert judges or juries? Who can be expected to rule more 
wisely, a philosopher king or democracy? In terms of forecasting and which 
forecasts are most reliable, the notion of a “wisdom of the crowds” has taken 
hold (Surowiecki 2004). The aggregated judgment of many laypeople consis-
tently outperforms the predictions by experts in a diverse range of fi elds, in-
cluding searching for submarines but also political judgment. In the arena of 
political judgment, aggregating polling data with smart algorithms seems to 
far outperform the judgment of pundits (Tetlock 2005). Given our results, the 
same seems to be true for movie taste.

In terms of the prediction of movie taste, sites that aggregate individual 
judgments like IMDb are the clear winner. This might be counterintuitive, as 
sites that aggregate critic judgments like Rotten Tomatoes or Metacritic have 
more perceived authority, as they are curated by professionals. Unfortunately, 
these are only good at predicting the taste of other professionals, not of 
civilians. 
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Finally, we want to note that this research opens up an exciting prospect: 
psychology has explored mental responses to simple stimuli for well over a 
hundred years. The promise of this analytical approach was that it would al-
low us—over time—to understand how the brain and mind work, as evidence 
would accumulate in a linear fashion (Rust and Movshon 2005). For instance, if 
one can characterize the response of the brain to oriented lines, one can then 
predict and investigate its response to a combination of such lines. However, 
there are several concerns about this approach. People and their brains are 
complex—and the system inherently nonlinear—enough that progress has 
been slow and the response to complex stimuli can often not be predicted 
from that of the system to a linear combination of the components that make 
up the stimulus (Felsen and Dan 2005; Jazayeri et al. 2012). 

More recently, a complementary approach to using simple and carefully de-
signed stimuli has gained currency, namely using “natural scenes” or “natural 
images” (Geisler 2008). Movies are not the only stimulus material used in this 
research. For instance, investigations of neuroaesthetics have yielded interest-
ing results, linking aesthetic experiences to the activation of specifi c networks 
in the brain (Vessel et al. 2012). However, movies have properties that provide 
the researcher with several critical affordances. We know, for example, that 
they activate the back of the brain and the systems that guide attention and 
gaze similarly and strongly (Hasson et al. 2004; Smith 2012; Wang et al. 2012). 
Interestingly, the appraisal of these highly engaging stimuli seems to be up to 
the individual. In other words, movies might allow us to present people with a 
compelling piece of (virtual) reality that have been suggested to be—for much 
of the brain—hard to distinguish from reality (Grodal 2006). Of course, there 
is some debate about whether this is the case. For instance, it is plausible that 
the large prefrontal cortex of human primates allows them to override the 
bottom-up signals from sensory cortices, telling them what they are seeing 
is “just a movie.” However, there might be some a priori arguments in favor of 
Torben Grodal’s thesis: for most of the evolutionary history of the brain, it was 
not challenged with the necessity to distinguish virtual from actual stimuli, 
so much of the brain might be prone to take perceptual inputs on face value 
(Anderson 1996; Zacks 2015). Of course, both of these things might be going on 
at the same time: the back of the brain processing virtual and real stimuli in 
an essentially indistinguishable fashion (Hasson et al. 2004), whereas the pre-
frontal cortex is engaged in reality monitoring and can suspend belief when 
watching unbelievable things (Grubb et al. 2010). Ultimately, it will be an em-
pirical question of which of these processes dominates in regular observers; 
it might be interesting to see whether there are individual differences in the 
propensity to take virtual realities at face value. If true, this enables research-
ers to look at differential responses of individuals to the same reality, allowing 
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them to investigate the elusive top-down processes by which people bring 
about the subjective reality that they inhabit. As this—probing how people 
sample and interpret reality—is diffi cult to do in a laboratory setting, it re-
mains understudied. Here, we show that movies are a controllable snippet of 
“virtual reality” that can be deployed in the lab and will yield idiosyncratic but 
systematic individual responses.

These fi ndings raise several questions that can be investigated in future 
research. The fi rst question is what mechanism accounts for the diversity in 
appraisal. We already know that people do broadly see the same movie, as 
eyes and attention are engaged similarly and trained on the same focal points 
(Smith 2012; Wang et al. 2012). However, it remains unclear whether people dif-
fer in the appraisal of what they see or already in what they think they perceive 
(i.e., how they characterize the stimulus). It is possible that someone perceives 
a comedy as a drama and they do not like the movie because they like comedy, 
but not drama, whereas someone else with the same preferences differs in 
their appraisal because they—correctly—perceive the movie as a comedy. If 
so, this would imply a multistep process where diversity of movie appreciation 
could enter: either at the point of perception (early) or at the point of valuation 
(late). Conversely, it is possible that both observers agree in terms of what they 
see, just not whether they like it (e.g., both perceive it as a comedy, but only 
one of them fi nds it funny). Which of these accounts underlies the difference 
in appraisal will have to be elucidated by future research. 

In conclusion, we note that it remains to be investigated how even more 
immersive technology like genuine virtual reality (VR) systems are able to en-
gage the brain. It might turn out that movies are already suffi cient in terms of 
providing a compelling virtual experience that can be interpreted idiosyncrat-
ically. Still, the differences in interpretation of movies might be due to the de-
grees of freedom afforded by the medium (e.g., lack of haptic feedback, weaker 
depth and motion cues, lack of 360-degree immersion, lack of agency) and not 
due to the idiosyncratic reconstructive processes of individual brains. If this is 
the case, intersubjective agreement should be higher in experiences induced 
by VR. 

Whether movies are suffi cient to reveal irreducible and real differences in 
how individuals interpret reality or whether the apparent lack of agreement 
in appraisal is due to an impoverished environment relative to genuine VR re-
mains to be decided empirically. 
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