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In an article published in Literary and Linguistic Computing, Redfern argues 
against the use of a lognormal distribution and summarizes previous work as 
‘lacking in methodological detail and statistical rigour’. This response will sum­
marize the article’s methodology and conclusion, arguing that while Redfern 
finds that films are not ‘perfectly’ lognormal, this is hardly evidence worthy of 
the ultimate conclusion that a lognormal fit is ‘inappropriate’. Perfection is fleet­
ing, and cannot be expected when modeling real data. Reanalysis of Redfern’s 
methodology and findings shows that the lognormal distribution offers a pretty 
good fit.

1 Introduction

In an article recently published in Literary and 
Linguistic Computing, Redfern (2015) argues 
against the use of a lognormal distribution when 
modeling the statistics of Hollywood Film. Redfern 
reviews three publications that have suggested the 
lognormal distribution for shot-length distribution 
including two by Salt (2006, 2011) and a chapter 
I wrote to appear soon in ‘The Social Science of 
Cinema’, a book intended to provide an interdiscip­
linary introduction to some of the important and 
diverse work being conducted on film (DeLong 
et al, 2013). Despite being a chapter dedicated to 
summarizing the first several years of film-based re­
search conducted in our laboratory, Redfern’s criti­
cism revolves around a largely peripheral comment 
that ‘the distribution of shot lengths isn’t a normal 
bell curve, but rather a highly skewed, lognormal

distribution’. That quote is from a previous draff 
and not accurate, as the published version of the 
chapter reads that the distribution of shot lengths 
is an ‘approximately lognormal distribution’.

This single point caused the chapter to be char­
acterized by Redfern as Tacking in methodological 
detail and statistical rigour, and certainly unable to 
justify the conclusions presented’. Redfern’s nega­
tive portrayal of a general-audience in-press review 
chapter was surprising. This commentary will be 
used as an opportunity to speak more in depth 
about fitting lognormal probability distribution to 
data in film and perhaps temper Redfern’s concerns.

2 Recap and Review of Redfern

In his article, Redfern (2015) uses a relatively simple 
methodology to assess whether individual films
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follow a strict lognormal distribution. To test his 
hypothesis that Redfern used shot-length data for 
134 films from the database collected for a previous 
article (Cutting et ai, 2010) and disturbed on the 
Cinemetrics website: http://www.cinemetrics.lv. The 
list of shot lengths for each individual film was run 
through a log transformation, a process that turns a 
lognormal distribution into a normal one. The 
transformed data were then checked for normality 
using several methods including the Shapiro- 
Francia (Shapiro and Francia, 1972) and Jarque- 
Bera (Jarque and Bera, 1987) tests. Redfern also 
uses several examples of graphical analysis including 
normal-quantile plots of the log-transformed data 
to argue against precise lognormality on a film-by- 
film basis. His article uses the combined metrics to 
conclude that most films tested (125 of 134 films) 
do not meet the stated criteria of lognormality.

2.1 Interpretations
Redfern also claims that characterizations of shot 
lengths as lognormal (Salt, 2006, 2011) are meth­
odologically unjustified. In the discussion, Redfern 
argues that shot lengths of Hollywood films do not 
precisely follow a lognormal distribution, and thus, 
using parametric statistics may be either too difficult 
to interpret or completely inappropriate to apply to 
shot-length data. Redfern also attempts to refute the 
usefulness of the mean or median as an indicator of 
film style, proposing that interquartile range is a 
more appropriate metric.

3 Response

3.1 Interpretation
The major shortcoming within Redfern’s article lies 
within the interpretation of the normality test 
results.

While it is absolutely true that shot lengths do 
not follow a strict lognormal distribution, refuting 
all utility of a lognormal model is an overstatement 
of the results. Statistician George E. P. Box (Box and 
Draper, 1987, p. 424) argued that ‘Essentially, all 
models are wrong, but some are useful’. In a 
broad sense, showing that shot-length distributions 
do not ‘perfectly’ follow a lognormal distribution is 
unsurprising and ultimately uninteresting.

Almost all data collected from the world can be 
shown to vary from a perfect distribution given 
large-enough samples. A demographic example is 
the height of an average male, widely described 
and accepted as following a normal distribution. 
According to the United States Department of 
Health and Human Services et al. (2006) the average 
height of a male in the USA is 168 cm (5’ 6” ) and 
varies with a standard deviation of 22 cm (8.5”). If 
the real world ‘perfectly followed’ the expected 
normal distribution, we should be able to find 
roughly 160 men that are taller than 272 cm 
(8’ 11”), the height of the tallest man ever recorded 
(Guinness World Records, 2009). Given that the 
NBA has not found and recruited these extraordin­
ary individuals (they might stick out in a crowd), we 
can conclude that the tall men do not exist and our 
model is not perfect.

Showing a model has flaws is easy. Deciding 
whether the flawed model still explains enough 
data to be useful is a more complex issue.

3.2 Graphs and plots
The first check when fitting a distribution is to ac­
tually look at the graph and to visually inspect the 
distribution, one of the methods advocated in the 
method of Exploratory Data Analysis cited within 
Redfern’s article (Tukey, 1977). It is a fairly com­
monplace practice to present a distribution and fit 
to let readers inspect goodness of fit. While this does 
not sound like a particularly compelling form of 
evidence, showing a distribution and fit line is a 
type of evidence that your model is in the ballpark.

Redfern characterizes the chapter as ‘lacking in 
methodological detail and statistical rigour’ because 
the only evidence is a single graph showing a shot- 
length distribution with a lognormal fit superim­
posed over it. If the chapter, at any point, made a 
strong claim that the shot lengths for each film per­
fectly follows a lognormal distribution, the critique 
might have been justified. The chapter characterizes 
shot-length distributions as highly skewed and ap­
proximately lognormal. The single graph shows the 
distribution, to punctuate the point made in the 
figure’s caption that ‘Because the distribution has 
a heavy positive skew, median shot length can be
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seen as a more accurate description than ASL for 
shots in a film’ and not to prove lognormality.

Redfern’s criticism implies that a single graph is 
simply not enough evidence, stating that ‘Naturally, 
we would not expect to find a paper presenting 
charts for all 150 films in a sample, but we may 
reasonably expect some more detailed evidence in 
support of so general and unequivocal a statement 
as that quoted above’. The supplemental materials 
of this response include a series of 402 graphs dis­
playing the quality of a lognormal fit for the 134 
films, using the visualizations advocated by 
Redfern including a non-transformed data set with 
a lognormal fit, a log-transformed data set with a 
normal fit, and a Q-Q plot on log-transformed data.

Using these graphical methods, it is easy to pick 
out an extremely poor fit. Figure 1 shows that ‘In 
Pursuit to Algiers’ (1945) is a film that most cer­
tainly does not fit a lognormal distribution. All three 
figures show the same shot-length data from three 
different viewpoints. Figure la shows the shot 
lengths on a standard linear scale and has a lognor­
mal fit applied. Redfern argues that this format is 
difficult to interpret given the highly skewed distri­
bution, and advocates that fitting a normal curve to 
log-transformed data is easier to assess, so this visu­
alization is shown in Fig. lb. Figure lc assesses the 
quality of the normal fit to log-transformed data by 
plotting how the distribution of the actual data set 
differs (dark “+ ’ signs) from what would be

expected if the data perfectly fit the distribution 
(straight gray line). By using all three plots, we 
can see ‘how’ ‘In Pursuit to Algiers’ deviates from 
an ideal distribution, including more long shots and 
fewer of the shortest shots than a perfect distribu­
tion would suggest.

Visually picking out which films do and do not 
fit Redfern’s criteria can be difficult: Fig. 2 shows 
‘Barry Lyndon’ (1975), which is classified as lognor­
mal, and Fig. 3 shows ‘Three Days of the Condor’ 
(1975), which is classified as not lognormal. The 
difference in the Q-Q plot of ‘Three Days of the 
Condor’ appears to deviate significantly from the 
expected values of a lognormal distribution at the 
smallest shot lengths. This means that the ‘Three 
Days of the Condor’ does not have as many ultra- 
short shots as would be typically expected by a log­
normal distribution.

How prevalent are the shortest shots in our data­
base? In a sense, they are fundamentally limited by 
the fact that film is composed of many still images 
presented quickly enough so the human visual 
system perceives fluid motion. In our database, 
films have been converted from DVD to a fixed 
rate, twenty-four frames per second digital video 
file. This means that each frame is presented for 
roughly 41.666 . . .  ms, providing a hard lower limit 
for shot lengths. Humans, however, will not be able 
to watch a sequence progressing that quickly for 
long (Cutting et al., 2011) so there must be some

In Pursuit To Algiers (1945)

Shot Length (seconds) Shot Length (log-seconds) Standard Normal Quantiles

Fig. 1 ‘In Pursuit to Algiers’ is a poor fit for a lognormal distribution, (a and b) show grouped values differing from the 
idealized distribution (dashed line), (c) The Q-Q plot reveals consistent deviation from the expected value line
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Barry Lyndon (1975)
(c) QQ Plot

Standard Normal Quantiles

Fig. 2 While clearly not a perfect fit, ‘Barry Lyndon’ satisfies Redfern’s criteria of lognormality

(a)
Three Days of the Condor (1975)

Shot Length Distribution (b) Shot Length Distribution(Log) (c)
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3
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QQ Plot

Standard Normal Quantiles

Fig. 3 ‘Three Days of the Condor’ appears to be a good fit for a lognormal distribution; however, investigation of 
(b and c) shows that the lowest shot lengths are not as prevalent as expected in a lognormal distribution

kind of perceptual floor that limits how many 
frames can be in a shot. Figure 4 shows that in all 
134 films there are few shots that are shorter than 12 
frames (500 ms), comprising only 0.18% of the total 
data set.

How much of an effect could this tiny, yet under­
represented, part of the data set have on Redfern’s 
criteria of whether a distribution is lognormal? One 
way to test this is to create a distribution of shot 
lengths that has the same basic statistics as the shot 
data, but that we ‘know’ is lognormal. We can then 
tweak this data, only removing the shots that are 
shorter than 12 frames long to mimic what we 
find in the database.

3.2.1 The one-percenters

Lognormal distributions were created using aver­
aged statistics from the data set (p =  4.5255, 
ct =  0.9046, number of shots =  1,085). Redfern’s 
methodology works exactly as advertised on the per­
fectly lognormal data set, correctly diagnosing 
100,000 randomly generated lognormal distribu­
tions as lognormal 95% of the time, the expected 
amount when using a cutoff of P<0.05. Clearly, 
having an average of 1,085 shots is sufficient for 
the Jarque-Bera test.

Redfern’s methodology works differently if the 
ultrashort shots (those <500 ms, comprising 
~0.9% of the total shots) are removed from the
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5 10 15 20
Shot Length (in frames @ 24Fps)

Fig. 4 The number of ultrashort shots for all 134 films, 
grouped together by length in frames. Films are much 
more likely to have shots that are longer than 12 frames 
(500 ms), possibly driven owing to perceptual demands 
for a minimum shot length

randomly generated distribution. Removing the 
small sliver of ultrashort shots causes the method 
to flag the previously perfectly lognormal distribu­
tion as not lognormal ~67% of the time. As shown 
in Fig. 5b, a Q-Q plot shows that the deletion of the 
shortest 1% of shots causes the ‘tail-up’ character­
istic observed in many films. Redfern’s method­
ology appears to be sensitive to changes in 
ultrashort shot-length range that is rarely used by 
filmmakers and borderline imperceptible in com­
parison with average shots.

Another issue with Redfern’s metric is that when 
faced with an absence of the shortest 1% of shots, it 
is increasingly more likely to report that the distri­
bution is not lognormal, even if the underlying dis­
tribution is the same. If a 500 shot film is perfectly 
lognormal except for having no ultrashort shots of 
less than half a second, Redfern’s method will con­
clude the distribution does not qualify as lognormal 
~21% of the time (given 100,000 simulations). 
When the film is 1,000 shots, the rejection rate 
jumps to ~62%, and a film of 2,000 shots will be 
rejected ~97% of the time after eliminating the 
shots shorter than half a second (only 1.2% of the

(a) QQ Plot of Random Lognormal Distribution

Standard Normal Quantiles

(b) QQ Plot of Random Lognormal Distribution

Standard Normal Quantiles

Fig. 5 Q-Q plots from a single simulated film generated 
from average database statistics, (a) shows a perfect log- 
normal distribution, while (b) shows what happens to the 
graph when shots shorter than 12 frames (500 ms) are 
removed. It is worth noting the similarity between the 
distribution of ‘Three Days of the Condor’ (Fig. 3b) and 
Fig. 5b

data set). This built-in biasing of the results is un­
surprising: tests of normality are designed to be used 
to examine the characteristics of small random 
samples.
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3.2.2 What is reasonable?

It is completely reasonable for Redfern to point at 
the 1% of data removed and claim that the method 
is correct—by modifying the distribution it is, by 
definition, no-longer lognormal. The real issue is 
whether or not we are comfortable allowing a 
small subset of data to define whether a distribution 
should or should not be modeled in a certain way. 
In this case, the influential range of data is so small 
it seems odd to reject a pretty good model because 
of small imperfections.

What are the costs and benefits of having a para­
metric lognormal model? In a sense, having the abil­
ity to summarize a distribution in two simple 
numbers is useful, allowing for easy comparisons 
between groups and the use of more general statis­
tics. Unfortunately, models are not perfect and can 
not be expected to always summarize the data per­
fectly. We already do this kind of comparison uti­
lizing average shot length, but for a skewed 
distribution, the median may be a better estimate 
of central tendency. If films actually follow a log­
normal distribution, the relationship between the 
average and median shot length is reliable, allowing 
easy conversion back and forth.

3.3 Mean, median, and geometric mean
One of Redfern’s concerns is that if a lognormal 
distribution is assumed, then the clean conversion 
between mean and median may be inaccurate. One 
way of testing this is by comparing the geometric 
mean (the exponential of log-transformed curve’s 
mean, which is to say, the middle peak of the log- 
transformed data) and the median of the original 
data. If the distribution is perfectly lognormal, these 
numbers ‘should be equal’.

After comparing the geometric mean with the 
median values for each film, Redfern declares that 
‘These ratios are reliable evidence (by “modus tol- 
lens” ) that the data are not lognormally distributed 
and where we observe large discrepancies we can be 
confident the assumed model is not appropriate’. A 
paragraph later, Redfern admits that ‘The problem 
of interpreting these results therefore becomes one 
of deciding what constitutes a “large discrepancy” 
between estimates’.

Median vs Geometric Mean Shot Length

Geometric Mean Shot Length

Fig. 6 Scatterplot showing the relationship between 
median and geometric mean. Redfern argues that the 
‘large discrepancies’ between the two values are evidence 
against using the lognormal distribution; however, check­
ing the relationship between these two measures shows a 
significant correlation. While it is true that the two met­
rics do not perfectly translate, they are clearly related

When looking at the median versus 
geometric mean values for the 134 films, it 
become immediately apparent that while not per­
fectly aligned, the large discrepancies described by 
Redfern are nowhere to be seen. The geometric 
mean is, on average, ~0.38 s longer than the 
median. As seen in Fig. 6, the two measures are 
‘very very’ significantly correlated (R2 =  0.9799, 
P<  0.05 x 10~112). This shows us again that while 
the majority of shot-length distributions are not 
perfectly lognormal, they are ‘close’ and outstand­
ingly ‘reliable’.

One way to see the big picture of shot-length 
distributions is to put all 134 films together onto 
one graph. Because different films tend to be cut at 
different rates, it is necessary to normalize them to a 
single value. Each of the 134 films was divided by its 
average shot length so that every film’s transformed 
average shot length was one in an attempt to correct

134 Digital Scholarship in the Humanities, Vol. 30, No. 1, 2015



Horseshoes, handgrenades, and model fitting

(b) Normed Shot Length Distribution - All Films (c) Normed Shot Length Distribution - QQ Plot
12000

Shot Length (normed by film) -4 -2 0 2 4
Shot Length (normed by film, log values) Standard Normal Quantiles

Fig. 7 Distribution graphs showing every shot (normed by each film’s average shot length) for each of the 134 films, 
(b) especially highlights that the distribution is slightly positively skewed (3/3 =  0.31 for log-transformed shots) than a 
perfect lognormal distribution; however, the resemblance is uncanny

for decreasing shot length over the years. All ad­
justed shots were concatenated into a single 
list and graphed in Fig. 7. The grand distribution 
is slightly more skewed than lognormal, explain­
ing why the geometric mean was slightly larger 
than the median. Despite not being perfect, it is 
awfully hard not to conclude that the fit is, at 
the very least, a ‘pretty good’ approximation of 
the data.

4 Conclusion

Redfern’s article attempts to refute the claim that 
shot-length distributions exhibit a perfectly lognor­
mal distribution. Curiously, this claim has not been 
made by myself or Barry Salt. Redfern ultimately 
overextends his analysis, concluding that because 
shot-length distributions are not perfectly lognor­
mal, the distribution is ‘inappropriate’. Ultimately, 
the logic and conclusion of Redfern’s article break 
down, but the initial concerns still have value. The 
question is not ‘whether’ shot distributions are def­
initely lognormal, it is ‘how close’ to lognormal they 
are. Judging by the data on the table, lognormal is 
not perfect but it is a pretty good fit.

The more interesting question is—why would 
shot-length distributions exhibit any structure (log­
normal or not) in the first place? Arguing model fits

does not get us any closer to understanding ‘why’ 
film is built the way it is.

As a cognitive scientist, I am biased to believe 
that the brain has impacted the structure of film, 
and that in examining the cinematic record we have 
the unique opportunity to find evidence of a young 
art form accommodating to our perceptual and cog­
nitive architecture. We far from understand how 
our brains see the world, and film has many secrets 
yet to reveal.

Even if shot structure is not perfectly lognormal, 
the fact that a similar distribution shows up again 
and again hints at some deeper mechanism. Perhaps 
‘events’ in the world come at us in a particular 
structure, and film is emulating the structure from 
the world. Perhaps our brains and eyes work in such 
a way that something close to lognormal makes 
sense. Maybe it is just pretty. Regardless, it is worth­
while to keep investigating whatever patterns we 
manage to dig up from the history of film.
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