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These slides are also brought to you by:

Special Guest Executive Producer

 On Instagram at pratchett_the_cat

https://www.instagram.com/pratchett_the_cat/
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Describe | Explain | Create | Share | Ethos: Play

vermontcomplexsystems.org

http://www.vermontcomplexsystems.org


Leveling up—Scaffolded educational mission:

 Data Science Undergrad.

 Graduate Certificate in
Complex Systems and
Data Science

 Fall, 2015–: MS in Complex
Systems and Data Science

 Fall, 2018–: PhD in The
Study of Interesting Things
Complex Systems and
Data Science

All the words: http://vermontcomplexsystems.org.
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Principles of Complex Systems, Vols. 1, 2, and 3D
https://pdodds.w3.uvm.edu/teaching/

150,000 lines of LATEX …

https://pdodds.w3.uvm.edu/teaching/
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https://pdodds.w3.uvm.edu/teaching/courses/pocsverse/slides/
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Exciting details regarding these slides:
 Three servings (all in pdf):

1. Fresh: For in-class Deliveration.
2. On toast: Flattened for page-turning joy.
3. Freeze-dried: Pack-and-go, 3x3 slides per page.

 Presentation versions are hyperly navigable:
. .. .. .≡ back + search + forward.

 Web links look like this.
 References in slides link to full citation at end. [2]

 Citations contain links to pdfs for papers (if
available).

 Some books will be linked to on Amazon.
 Brought to you by a frightening melange of

X ELATEX, Beamer, perl, PerlTeX, fevered
command-line madness, and an almost
fanatical devotion to the indomitable emacs.
#totallynormal

http://www.google.com
http://en.wikipedia.org/wiki/XeTeX
http://en.wikipedia.org/wiki/Beamer_(LaTeX)
http://www.perl.org/
http://www.ctan.org/tex-archive/macros/latex/contrib/perltex/
http://en.wikipedia.org/wiki/Command-line_interface
http://en.wikipedia.org/wiki/Command-line_interface
http://www.youtube.com/watch?v=uprjmoSMJ-o
http://www.youtube.com/watch?v=uprjmoSMJ-o
http://en.wikipedia.org/wiki/Emacs
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The Science of Complex Systems Manifesto:

1. Systems are ubiquitous and systems matter.

2. Consequently, much of science is about understanding
how pieces dynamically fit together.

3. 1700 to 2000 = Golden Age of Reductionism:
Atoms!, sub-atomic particles, DNA, genes, people, …

4. Understanding and creating systems (including new
‘atoms’) is the greater part of science and engineering.

5. Universality: systems with quantitatively different
micro details exhibit qualitatively similar macro
behavior (fate, but real and limited)

6. Computing advances make the Science of Complex
Systems possible:

6.1 We can measure and record enormous amounts
of data, research areas continue to transition from
data scarce to data rich.

6.2 We can simulate, model, and create complex
systems in extraordinary detail.

http://www.uvm.edu/%7Epdodds/fama/2015/06/04/complex-sytems-a-manifesto/
http://en.wikipedia.org/wiki/Universality_(dynamical_systems)
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Complex Systems is the Big Story:

 Only sometimes a bit networky: Fluids-at-large
(the atmosphere, oceans, …), organism cells, …
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Rather silly but great example of real
science:
“How Cats Lap: Water Uptake by Felis catus”
Reis et al., Science, 2010.

Amusing interview here

http://www.sciencemag.org/content/early/2010/11/10/science.1195421
http://video.nytimes.com/video/2010/11/11/science/1248069317702/how-cats-lap.html
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 Another great, great
moment in scaling:

𝑓 ∼ 𝑀−1/6

 

 / www.sciencexpress.org / 11 November 2010 / Page 2 / 10.1126/science.1195421 

 
half-height. As a result, the vertical velocity has an 
approximately Gaussian profile (Fig. 2B, blue): The tongue 
accelerates as it leaves the water surface, attains a remarkable 
maximum speed of UMAX = 78 ± 2 cm s−1, then decelerates as 
it enters the mouth. Recordings of 10 adult individuals (16) 
yielded a lapping frequency f = 3.5 ± 0.4 s−1 and an ingested 
volume per lap V = 0.14 ± 0.04 ml. 

To help understand the mechanism of lapping, we 
performed physical experiments in which a glass disk of 
radius R (representing the tongue’s tip), initially placed on a 
water surface, was pulled vertically upward (Fig. 3). The time 
series of the disk position was set by a computer-controlled 
stage and programmed to have the observed error-function 
profile (Fig. 2B), where we could control the lapping height 
H and speed UMAX. The hydrophilic nature of glass (static 
contact angle = 14°) mimicked the wetness of the tongue. 
High-speed imaging revealed the formation and extension of 
a water column, as in lapping (Fig. 3, A to G and movies S2 
and S3) (16). The column's ascent was eventually interrupted 
by pinch-off, leaving a pendantlike drop on the lower surface 
of the disk (Fig. 3, F to H). 

Estimation of the forces involved suggests that the fluid 
dynamics of lapping are governed by inertia and gravity, 
whereas viscous and capillary forces are negligible (16). 
Inertial entrainment draws liquid upward into a column, while 
gravity acts to collapse it. Ultimately, gravity prevails and the 
column pinches off. Dimensional analysis reveals that two 
dimensionless parameters control lapping: the Froude 
number, Fr = UMAX/(gR)1/2, measuring the relative importance 
of inertia and gravity (g is the gravitational acceleration), and 
the aspect ratio, H/R. Experiments were therefore conducted 
over a range of Fr and H/R values (16), for a fixed lapping 
height, H = 3 cm, determined from observations (Fig. 2B). 
The latter is possibly dictated by biological constraints, such 
as the need to keep whiskers dry to maintain their sensory 
performance (19) or to maximize peripheral vision while 
drinking. 

To test the proposition that the column dynamics are set by 
a competition between inertia and gravity, we compared the 
height of the disk (Z) at pinch-off, ZP, with that predicted 
from our scaling analysis. We find (16) that ZP/H ~ Fr* for 
Fr* < 1 and ZP/H ~ 1 otherwise. Here Fr* = (R/H)Fr2/3 is the 
ratio of the time scale for the gravitational collapse of the 
column, tP = (R/UMAX)Fr2/3, and the time scale for the upward 
motion of the disk, H/UMAX. Experiments confirmed the 
existence of two regimes (Fig. 4A). For small disks (R = 2.5 
and 5 mm), ZP/H increased linearly with Fr*, whereas large 
disks (R = 10 and 12.7 mm) reached the final height before 
pinch-off (ZP/H = 1). Theory also successfully predicts that 
pinch-off occurs close to the disk (Fig. 3). 

Consequently, the balance between inertia and gravity 
dictates the lapping frequency, f, by controlling the time of 

pinch-off. To maximize ingested volume, which is assumed 
to be proportional to the column's volume V, the lapping time, 
1/f, should match the pinch-off time, tP, because faster 
lapping fails to maximize inertial entrainment, whereas 
slower lapping results in belated mouth closure that misses 
most of the column. This predicts f ~ (gH)1/2/R or, because f ~ 
UMAX/H, that Fr* is of order one. For domestic cats, we find 
that Fr* is indeed of order unity (0.4), using the 
experimentally measured values UMAX =78 cm s−1 and H = 3 
cm (Fig. 2B) and a tongue size of R ≈ 5 mm (Fig. 1G). 

The growth dynamics of the column's volume (Fig. 4B) 
(16) provide further evidence that the lapping frequency is set 
by the interplay between inertia and gravity. When the disk is 
close to the bath (Z << H), the column is cylindrical and V 
increases as V/R3 = πZ/R (Fig. 4B inset). Gravity-driven 
drainage then reduces the rate of volume increase, and V is at 
a maximum when gravity and inertia balance (Fig. 4B). A 
scaling argument predicts a maximum volume when the disk 
height reaches ZMaxVol/H ~ Fr* (16), in excellent agreement 
with observations (Fig. 4A). This also supports our 
assumption that V is maximum close to the time of pinch-off. 
In fact, V always peaks shortly before pinch-off (10 to 70 ms) 
(Fig. 4B), which suggests that mouth closure should also 
occur just before pinch-off to maximize captured volume. 
Observations of domestic cats showed that mouth closure 
indeed typically preceded pinch-off (movie S1) (16). 

The balance of inertia and gravity yields a prediction for 
the lapping frequency of other felines. Assuming isometry 
within the Felidae family (i.e., that lapping height H scales 
linearly with tongue width R and animal mass M scales as 
R3), the finding that Fr* is of order one translates to the 
prediction f ~ R –1/2 ~ M –1/6. Isometry or marginally positive 
allomety among the Felidae has been demonstrated for skull 
(20, 21) and limb bones (22). Although variability by 
function can lead to departures from isometry in interspecific 
scalings (23), reported variations within the Felidae (23, 24) 
only minimally affect the predicted scaling f ~ M –1/6. We 
tested this –1/6 power-law dependence by measuring the 
lapping frequency for eight species of felines, from videos 
acquired at the Zoo New England or available on YouTube 
(16). The lapping frequency was observed to decrease with 
animal mass as f = 4.6 M –0.181 ± 0.024 (f in s−1, M in kg) (Fig. 
4C), close to the predicted M–1/6. This close agreement 
suggests that the domestic cat's inertia- and gravity-controlled 
lapping mechanism is conserved among felines. 

The lapping of Felis catus is part of a wider class of 
problems in biology involving gravity and inertia, sometimes 
referred to as Froude mechanisms. For example, the water-
running ability of the Basilisk lizard depends on the gravity-
driven collapse of the air cavity it creates upon slapping the 
water surface with its feet. The depth to which the lizard’s leg 
penetrates the surface depends on the Froude number, which 
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Super Survival of the Stories:

The Desirability
of
Storytellers,
The Atlantic,
Ed Yong,
2017-12-05.

 Study of Agta, Filipino hunter-gatherers.
 Storytelling valued well above all other skills

including hunting.
 Stories encode prosocial norms such as

cooperation.
 Like the best stories, the best storytellers

reproduce more successfully.

https://www.theatlantic.com/science/archive/2017/12/the-origins-of-storytelling/547502/
https://www.theatlantic.com/science/archive/2017/12/the-origins-of-storytelling/547502/
https://www.theatlantic.com/science/archive/2017/12/the-origins-of-storytelling/547502/
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Major competing storytelling entities:

 News.

 Books, magazines.

 Art.

 Music industry.

 Television, movie studios, Netflix, HBO, Disney.

 Social media: Facebook, Instagram, Snapchat, …

 All sport.

 Video games.

 Religions, ideologies, belief systems, Freemasons, …

 Enduring coherent groups: Cultures, countries, cities, …

Cultural products from Pantheon:

 Writers, artists, movie directors, video game directors.

http://pantheon.media.mit.edu/methods
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Storytellers win:

For people born 1900–

http://pantheon.media.mit.edu/treemap/country_exports/US/all/1900/2010/H15/pantheon

http://pantheon.media.mit.edu/treemap/country_exports/US/all/1900/2010/H15/pantheon


Storytellers win:

For people born 1950–

http://pantheon.media.mit.edu/treemap/country_exports/US/all/1950/2010/H15/pantheon

http://pantheon.media.mit.edu/treemap/country_exports/US/all/1950/2010/H15/pantheon


https://www.media.mit.edu/projects/pantheon-new/overview/

https://www.media.mit.edu/projects/pantheon-new/overview/
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https://storywrangling.org/

Alshaabi et al., Sci. Adv. 2021; 7 : eabe6534     16 July 2021

S C I E N C E  A D V A N C E S  |  R E S E A R C H  R E S O U R C E

3 of 13

Russian military in Ukraine are mirrored by the use of the Ukrainian 
word for “Russia.”

In Fig. 1H, we highlight protests and movements. Both the time 
series for “revolution” in Arabic and “Occupy” in English show strong 
shocks followed by slow relaxations over the following years. The 
social justice movements represented by “#MeToo” and “Black Lives 
Matter” appear abruptly, and their time series show slow decays 

punctuated by shocks returning them to higher ranks. Black Lives 
Matter resurged after the murder of George Floyd, with the highest 
1-day rank of r = 4 occurring on 2 June 2020. By contrast, the time 
series of “Brexit,” the portmanteau for the movement to withdraw 
the United Kingdom from the European Union, builds from around 
the start of 2015 to the referendum in 2016, and then continues to 
climb during the years of complicated negotiations to follow.

Fig. 1. Thematically connected n-gram time series. For each n-gram, we display daily rank in gray overlaid by a centered monthly rolling average (colored lines) and 
highlight the n-gram’s overall highest rank with a solid disk. (A) Anticipation and memory of calendar years for all of Twitter. (B) Annual and periodic events: Christmas in 
English (blue), Easter in Italian (orange), election in Portuguese (green), and summer in Swedish (red). (C) Attention around international sports in English: Olympics (blue), 
FIFA World Cup (orange), and Super Bowl (red). (D) Major scientific discoveries and technological innovations in English. (E) Three famous individuals in relevant languages: 
Ronaldo (Portuguese), Trump (English), and Pope Francis (Italian). (F) Major infectious disease outbreaks. (G) Conflicts: Gaza in Arabic (blue), Libya in French (orange), 
Syria in Turkish (green), and Russia in Ukrainian (red). (H) Protest and movements: Arab Spring (Arabic word for “revolution,” blue), Occupy movement (English, orange), 
Brexit campaign (English, green), #MeToo movement (English, brown), and Black Lives Matter protests (English, red).

 on July 20, 2021
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

“Storywrangler: A massive exploratorium
for sociolinguistic, cultural, socioeconomic,
and political timelines using Twitter”
Alshaabi et al.,
Science Advances, 7, eabe6534, 2021. [1]

https://storywrangling.org/
https://pdodds.w3.uvm.edu//research/papers/others/everything/alshaabi2021c.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/alshaabi2021c.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/alshaabi2021c.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/alshaabi2021c.pdf
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2011 Whitehouse Correspondents’ Dinner

https://www.youtube.com/watch?v=7eJpWOY3r18
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The Boggoracle Speaks:

 

 

https://pdodds.w3.uvm.edu/videos/2023-02-17pocs-boggle-happiness.mp4
https://pdodds.w3.uvm.edu/videos/2023-02-17pocs-boggle-happiness.mp4
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Panometer—Three kinds of lexical meters:

1. Principled lexical meters:
 The Hedonometer.

 Lexicocalorimeter,
POTUSometer, Ousiometer.

2. Ground truth lexical meters:
 Insomniometer.
 Hangoverometer.

3. Bootstrap lexical meters:
 Boredometer.
 Hashtagometers.
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Emotional turbulence:

http://hedonometer.org/

http://hedonometer.org/
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Emotional turbulence:

http://hedonometer.org/

http://hedonometer.org/
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The Boggoracle Speaks:

 

 

https://pdodds.w3.uvm.edu/videos/2023-02-17pocs-boggle-lexical-calculus.mp4
https://pdodds.w3.uvm.edu/videos/2023-02-17pocs-boggle-lexical-calculus.mp4
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hedonometer.org—word shifts:

http://www.hedonometer.org


Dodds/Tivnan/Danforth et al.,
Proc. Natl. Acad. Sci. 2015,
“Human language reveals a universal positivity bias.” [5]
Global press including National Geographic
Top 100 altmetric article, 2015

https://www.altmetric.com/top100/2015/
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1 2 3 4 5 6 7 8 9

Chinese: Google Books

Korean: Movie subtitles

English: Music Lyrics

Russian: Google Books

Korean: Twitter

Indonesian: Twitter

Arabic: Movie and TV subtitles

Russian: Movie and TV subtitles

French: Twitter

German: Google Books

French: Google Books

Russian: Twitter

German: Twitter

Indonesian: Movie subtitles

English: Twitter

French: Google Web Crawl

German: Google Web Crawl

English: New York Times

English: Google Books

Portuguese: Twitter

Portuguese: Google Web Crawl

Spanish: Twitter

Spanish: Google Books

Spanish: Google Web Crawl

h
avg
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1 2 3 4 5 6 7 8 9

Russian: Google Books

Chinese: Google Books

German: Google Web Crawl

Korean: Twitter

German: Google Books

Korean: Movie subtitles

French: Google Web Crawl

German: Twitter

Portuguese: Google Web Crawl

Spanish: Google Web Crawl

Russian: Twitter

French: Google Books

Indonesian: Twitter

French: Twitter

Russian: Movie and TV subtitles

Indonesian: Movie subtitles

Spanish: Google Books

English: Google Books

Arabic: Movie and TV subtitles

English: New York Times

English: Twitter

English: Music Lyrics

Spanish: Twitter

Portuguese: Twitter

h
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Kurt Vonnegut on the shapes of stories

 

 

Source: Kurt Vonnegut on the Shapes of Stories .
Longer piece  with bonus stories (Metamorphosis and
Hamlet).

https://pdodds.w3.uvm.edu/videos/2016-05-11kurt-vonnegut-shapes-of-stories.mp4
https://pdodds.w3.uvm.edu/videos/2016-05-11kurt-vonnegut-shapes-of-stories.mp4
https://www.youtube.com/watch?v=oP3c1h8v2ZQ?rel=0
https://www.youtube.com/watch?v=4_RUgnC1lm8?rel=0


Online, interactive Emotional Shapes of Stories for
10,000+ books:

http://hedonometer.org/books.html


Online, interactive Emotional Shapes of Stories for
10,000+ books:

http://hedonometer.org/books.html


Online, interactive Emotional Shapes of Stories for
1,000+ movie scripts:

http://hedonometer.org/movies.html
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Emotional arcs are not plots. Neither are character paths:

https://xkcd.com/657/

https://xkcd.com/657/
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“Plotted: A Literary Atlas”
by Andrew DeGraff (2015). [3]

http://www.andrewdegraff.com/moviemaps/

http://www.amazon.com/dp/1936976862/
http://www.amazon.com/dp/1936976862/
http://www.andrewdegraff.com/moviemaps/
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Extraction and Analysis of Fictional Character Networks:
A Survey

VINCENT LABATUT, Laboratoire Informatique d’Avignon – LIA EA 4128, France
XAVIER BOST, Orkis, France and Laboratoire Informatique d’Avignon – LIA EA 4128, France

A character network is a graph extracted from a narrative, in which vertices represent characters and edges
correspond to interactions between them. A number of narrative-related problems can be addressed auto-
matically through the analysis of character networks, such as summarization, classification, or role detection.
Character networks are particularly relevant when considering works of fictions (e.g. novels, plays, movies, TV
series), as their exploitation allows developing information retrieval and recommendation systems. However,
works of fiction possess specific properties making these tasks harder.

This survey aims at presenting and organizing the scientific literature related to the extraction of character
networks from works of fiction, as well as their analysis. We first describe the extraction process in a generic
way, and explain how its constituting steps are implemented in practice, depending on the medium of the
narrative, the goal of the network analysis, and other factors. We then review the descriptive tools used to
characterize character networks, with a focus on the way they are interpreted in this context. We illustrate
the relevance of character networks by also providing a review of applications derived from their analysis.
Finally, we identify the limitations of the existing approaches, and the most promising perspectives.

Keywords: Information retrieval, Character network, Work of fiction, Narrative, Graph extraction, Graph
analysis, Natural language processing, Multimedia processing, Image processing.

Cite as:
Vincent Labatut and Xavier Bost. 2019. Extraction and Analysis of Fictional Character Networks: A Survey .
ACM Computing Surveys 52(5):89. https://doi.org/10.1145/3344548
Note : This is a longer and slightly updated version of the official ACM CS article, including the
supplementary material. In particular, it contains additional figures extracted from the surveyed
articles, and Table 3 has been completed with a number of bibliographic references published after
the original article.
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“Extraction and analysis of fictional character
networks: A survey”, Labatut and Bost, ACM
Computing Surveys (CSUR), 52, 1–40, 2019. [12]

6/83 Vincent Labatut and Xavier Bost

2 OVERVIEW OF THE EXTRACTION PROCESS
The process of extracting character networks from works of �ction depends a lot on the form of the
considered narrative, e.g. novels are not treated like movies. In order to give the reader a general
overview, in this section we make abstraction of these di�erences and present this process in a
very generic way. In the rest of the survey, on the contrary, we focus on their di�erences.

We consider that this process consists of three main steps, represented in Figure 1: 1) the
identi�cation of characters; 2) of their interactions; and 3) the extraction of the proper graph. Each
of them can be conducted in a number of ways, depending not only on the nature of the considered
narrative, but also on the planned usage of the character network, and on certain methodological
choices.

Work of fiction

Static 
network

Dynamic
network

Detect 
occurrences

Character occurrences

Interaction
list

t=1

t=1

t=2

t=θ

t=2 t=3 t=4

Unified occurrences
t=1 t=2 t=3 t=4

Unify
occurrences

1. Identify characters

3. Extract graph 2. Detect interactions

Conversations

Co-occurrences

Filter/merge
characters

Full 
temporal 
integration

Partial 
temporal 
integration

Mentions

Direct actions

Affiliations

=?

Filtered
list

Fig. 1. Overview of the generic character network extraction process. Figure available at
10.6084/m9.figshare.7993040 under CC-BY license.

The �rst step is the most dependent on the form of the narrative, as it starts with the raw material,
i.e. the work of �ction itself. We distinguish two substeps. The �rst is to detect occurrences of
characters in the narrative, for instance looking for people names in a novel, or looking for faces in
a movie. The second is to unify these occurrences, i.e. to determine which ones correspond to the
same character. In a text, the same character can appear under di�erent names, whereas in a movie,
the same face can be shown under a variety of scales, colors, lights, and angles. The output of this
step takes the form of a chronological sequence of uni�ed character occurrences.

The second step consists in detecting interactions between characters. Note that it is sometimes
more e�cient or convenient to conduct parts of this process during the �rst step, but this is generally
not the case. We identify �ve di�erent de�nitions for the notion of interaction. Many authors
consider that a simple co-occurrence between two characters is enough to infer an interaction
between them. Others prefer to identify explicit interactions, which is generally a more di�cult
process. One way of doing this is to take into account conversations, and to consider that two
characters interact when one talks to the other. With certain forms of narrative such as plays, in

https://pdodds.w3.uvm.edu//research/papers/others/everything/labatut2019a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/labatut2019a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/labatut2019a.pdf
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Allotaxonometry—
the comparison of complex systems:
http://compstorylab.org/allotaxonometry/

http://compstorylab.org/allotaxonometry/
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The meaning of pings:
I. INTRODUCTION 

This study represents the convergence of three disparate areas 

of investigation in an attempt to analyze one of the many problems 

encountered in the study of human factors in undersea warfare. 

The domains referred to are these: naval sonar, the nature of 

"meaning,• and multidimensional scaling techniques. The problem 

may be stated as follows: In the detection and recognition of 

underwater sounds by the use of sonar equipment, what are the 

discriminative cues employed by the sonar operator? More generally, 

what factors does the operator utilize in decoding the significance 

of sonar signals? 

By way of orientation, the following topics will be discussed 

in turn: (1) the nature of sonar and of the auditory stimuli it 

provides; (2) how the problem of the nature and measurement of 

psychological "meaning* enters into our investigation; and finally, 

(3) an historical survey of the methodological approaches to the 

study of "meaning" and how, at the present time, multidimensional 

soaling techniques and factor analysis appear to be meeting the 

need for objeotlve methodology. 

A. Naval Sonar 

The nature of sonar and of the auditory stimuli it provides is 

best described by Neff and Thurlow (12, pp. 219-220): 

"Sonar makes use of sound waves whioh are transmitted 
readily through water; it picks up the sound signals from 
the water, amplifies them, and analyzes them in various 
ways so as to present to the operator of sonar equipment 
useful items of information about objects and their move
ment in the sea around him . • • Listening systems ̂ passive 
sonar/ make use of the sounds emitted by objeots in the 
water, e.g., the cavitation noise produced by the screws 
of a ship . . • 

 
 
 
 

 
 
 

PREVIE
W

“A factorial study of complex auditory stimuli (passive
sonar sounds)”
L. M. Solomon,
Unpublished Doctoral Dissertation, University of Illinois, 52,
, 1954. [17]

From the introduction:
‘This study represents the convergence of three disparate areas of
investigation in an attempt to analyze one of the many problems
encountered in the study of human factors in undersea warfare.
The domains referred to are these:

 naval sonar,

 the nature of “meaning,”

 and multidimensional scaling techniques.

The problem may be stated as follows: In the detection and recognition of
underwater sounds by the use of sonar equipment, what are the
discriminative cues employed by the sonar operator?
More generally, what factors does the operator utilize in decoding the
significance of sonar signals?’

https://pdodds.w3.uvm.edu//research/papers/others/everything/solomon1954a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/solomon1954a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/solomon1954a.pdf


The PoCSverse
SOCKS
53 of 109

The PoCSverse

The Science of
OCKS

Storytellers

Characters

Nutshellfish

Extras

References

From pings to things:

“The Measurement of Meaning”
by Osgood, Suci, and Tannenbaum (1957). [14]

 Osgood et al. used semantic
differentials and factor analysis
to identify a basis of three
variables for meaning-space:

 Evaluation: {bad⇔ good}
 Potency: {weak⇔ strong}
 Activity: {passive⇔active}

 100s of students, 10s of things,
50 semantic differentials

 “EPA framework”

http://www.amazon.com/dp/0252745396/
http://www.amazon.com/dp/0252745396/
https://en.wikipedia.org/wiki/Semantic_differential
https://en.wikipedia.org/wiki/Semantic_differential
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Semantic differentials from Osgood et al.: [14]
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Definitions:
 Ousiometrics: The quantitative study of the

essential meaningful components of an entity,
however perceived.

 Used in philosophical and theological settings, the
word ‘ousia’ comes from Ancient Greek ο

,
υσ ́ια.

 To be distinguished from semantics, semiotics, …

 ο
,
υσ ́ια is the etymological root of the word
‘essence’.

 Ousiometry, ousiometer, ousiograms, …
 Telegnomics: The distant sensing of knowledge (∼

distant reading [13])
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A special thing has happened:
 The PDS framework emerged only from analyzing

a lexicon (types).

 Applying PDS framework to disparate corpora
(tokens) reveals a linguistic ‘safety bias’.
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A special thing has happened:
 The PDS framework emerged only from analyzing

a lexicon (types).
 Applying PDS framework to disparate corpora

(tokens) reveals a linguistic ‘safety bias’.
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Prototype ousiometer—Twitter:
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Prototype ousiometer—Harry Potter:

Blue: Harry Potter and the Half-Blood Prince
Orange: Harry Potter and the Deathly Hallows



Power and Danger time series for books:

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.02

0

0.02

0.04

0.06

0.08

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.16

-0.14

-0.12

-0.1

-0.08

-0.06

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.04

-0.02

0

0.02

0.04

0.06

0 2 4 6 8 10 12 14 16

10
4

-0.04

-0.02

0

0.02

0.04

0 2 4 6 8 10 12 14 16

10
4

-0.12

-0.1

-0.08

-0.06

0 2 4 6 8 10 12 14 16

10
4

-0.04

-0.02

0

0.02

0.04

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.04

-0.02

0

0.02

0.04

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.12

-0.1

-0.08

-0.06

0 0.5 1 1.5 2 2.5 3 3.5 4

10
5

-0.04

-0.02

0

0.02

0.04



The PoCSverse
SOCKS
60 of 109

The PoCSverse

The Science of
OCKS

Storytellers

Characters

Nutshellfish

Extras

References

Prototype ousiometer—Terry Pratchett’s
Discworld:

1 20,000 40,000 60,000 80,000 100,000 120,000 140,000 160,000
-0.15

-0.1

-0.05

0

0.05

0.1

1 20,000 40,000 60,000 80,000 100,000 120,000 140,000 160,000
-0.15

-0.1

-0.05

0

0.05

0.1



The PoCSverse
SOCKS
61 of 109

The PoCSverse

The Science of
OCKS

Storytellers

Characters

Nutshellfish

Extras

References

0
.0

0
0
1 2 4 6 8

1
0

1
2

1
4

1
6

10
4

-0.15

-0.1

-0.05

0

0.05

0.1



The PoCSverse
SOCKS
62 of 109

The PoCSverse

The Science of
OCKS

Storytellers

Characters

Nutshellfish

Extras

References

-0
.0

8

-0
.0

6

-0
.0

4

-0
.0

2 0

0
.0

2

0
.0

4

0
.0

6

0
.0

8

-0.16

-0.14

-0.12

-0.1

-0.08

-0.06

-0.04

-0.02

0



The PoCSverse
SOCKS
63 of 109

The PoCSverse

The Science of
OCKS

Storytellers

Characters

Nutshellfish

Extras

References

-0
.0

8

-0
.0

6

-0
.0

4

-0
.0

2 0

0
.0

2

0
.0

4

0
.0

6

0
.0

8

-0.16

-0.14

-0.12

-0.1

-0.08

-0.06

-0.04

-0.02

0



 Rough agreement with Russell’s circumplex
model, [16] which itself doesn’t disagree with a 2-𝑑
orthogonal framework.
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Dungeons & Dragons—Two alignment axes for
character:

1

{lawful⇔ chaotic}
(vertical) and

{good⇔evil}

(horizontal).

1From this Reddit thread, where, naturally, the choices are
enthusiastically debated.

https://en.wikipedia.org/wiki/Alignment_(Dungeons_%26_Dragons)
https://www.reddit.com/r/community/comments/57zn1r/community_alignment_chart/


lawful-good neutral-good chaotic-good
∼ ∼ ∼

structured-
powerful-safe

neutral-
powerful-safe

unstructured-
powerful-safe

lawful-neutral chaotic-neutral
∼ (true) neutral ∼

structured-
neutral

unstructured-
neutral

lawful-evil neutral-evil chaotic-evil
∼ ∼ ∼

structured-
dangerous

neutral-
dangerous

unstructured-
dangerous
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Aligns with rotated version of Cipolla’s Basic Laws of
Human Stupidity:

https://en.wikipedia.org/wiki/Carlo_M._Cipolla
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Data set:
 1600 characters
 400 traits as semantic differentials
 364 traits after removing 35 emoji-based semantic

differentials and one duplicate
 Shows ∼ Stories (television series and film)
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Most extreme characters:
Rank. Character Storyverse Size S Top Three Archetypes (Essential Direction, Norm. Component/% Variance Explained) Rext

arch

Third: Second: First:
1. Jo↵rey Baratheon GOT 100.0 Fool (�1, 26.4/7.0%) Diva (+4, 31.7/10.0%) Demon (+2, 80.1/64.1%) 6.4
2. Firelord Ozai ALA 98.9 Traditionalist (�3, 40.1/16.5%) Hero (+1, 41.9/17.9%) Demon (+2, 69.2/48.9%) 18.1
3. Logan Roy SUC 98.5 Traditionalist (�3, 34.7/12.4%) Hero (+1, 49.2/24.9%) Demon (+2, 66.8/45.9%) 14.7
4. Nurse Ratched OFOCN 95.6 Demon (+2, 41.7/19.0%) Hero (+1, 44.8/21.9%) Traditionalist (�3, 60.8/40.5%) 36.4
5. Tracy Jordan R30 95.5 Fool (�1, 17.9/3.5%) Demon (+2, 52.8/30.5%) Adventurer (+3, 62.8/43.2%) 20.9
6. Dolores Umbridge HP 95.1 Diva (+4, 36.5/14.7%) Traditionalist (�3, 44.7/22.1%) Demon (+2, 60.1/39.9%) 20.8
7. Eric Cartman SP 95.1 Fool (�1, 19.4/4.2%) Adventurer (+3, 20.8/4.8%) Demon (+2, 79.0/69.1%) 14.4
8. Malory Archer ARCH 94.9 Diva (+4, 24.0/6.4%) Hero (+1, 44.0/21.5%) Demon (+2, 68.1/51.5%) 10.9
9. Azula ALA 94.5 — (+9, 15.1/2.6%) Hero (+1, 49.8/27.7%) Demon (+2, 69.6/54.2%) 31.1
10. Sid Phillips TS 94.2 Fool (�1, 16.2/3.0%) Outcast (�5, 33.4/12.6%) Demon (+2, 79.7/71.6%) 6.0
11. Sterling Archer ARCH 93.9 — (�11, 15.0/2.5%) Adventurer (+3, 41.2/19.3%) Demon (+2, 70.7/56.7%) 14.4
12. Gollum LOTR 93.6 Geek (+6, 26.5/8.0%) Outcast (�5, 46.9/25.1%) Demon (+2, 60.5/41.8%) 14.6
13. Homelander TB 93.3 — (�8, 18.3/3.8%) Diva (+4, 25.6/7.5%) Demon (+2, 74.6/63.9%) 8.5
14. Baron Harkonnen DUNE 93.2 Diva (+4, 13.9/2.2%) — (+7, 23.9/6.6%) Demon (+2, 79.4/72.7%) 11.1
15. The Joker DK 93.0 Geek (+6, 27.3/8.6%) Adventurer (+3, 36.5/15.4%) Demon (+2, 66.3/50.9%) 7.2
16. Darlene Snell O 92.6 — (�8, 24.2/6.9%) Outcast (�5, 33.0/12.7%) Demon (+2, 71.9/60.3%) 7.2
17. Billy Butcher TB 92.4 Lone Wolf (�4, 28.6/9.6%) Hero (+1, 38.1/17.0%) Demon (+2, 63.9/47.9%) 7.1
18. Man in Black WSW 92.4 Traditionalist (�3, 18.5/4.0%) Hero (+1, 43.0/21.7%) Demon (+2, 68.5/55.1%) 18.2
19. Jenna Maroney R30 92.3 Adventurer (+3, 41.4/20.1%) Diva (+4, 44.1/22.8%) Demon (+2, 58.6/40.2%) 41.3
20. Ziggy Sobotka TW 92.2 Adventurer (+3, 36.6/15.7%) Fool (�1, 45.2/24.0%) Demon (+2, 52.5/32.4%) 5.8
21. Frank Gallagher SHL 92.2 Adventurer (+3, 26.5/8.3%) Fool (�1, 33.2/12.9%) Demon (+2, 67.4/53.5%) 7.2
22. Ron Swanson PR 92.1 Traditionalist (�3, 28.4/9.5%) Lone Wolf (�4, 39.3/18.2%) Hero (+1, 58.0/39.7%) 11.0
23. Mr. Burns S 92.1 Hero (+1, 23.9/6.7%) Traditionalist (�3, 40.4/19.2%) Demon (+2, 67.0/52.9%) 10.1
24. Dr. Hannibal Lecter HNB 92.0 Demon (+2, 30.2/10.7%) Sophisticate (+5, 30.5/11.0%) Hero (+1, 60.1/42.7%) 5.7
25. Red Forman T7S 91.8 Brute (�6, 32.0/12.1%) Hero (+1, 46.9/26.1%) Traditionalist (�3, 47.8/27.1%) 5.4

Table 3: Top 25 most extreme characters as ranked by character size S which is the magnitude of a character’s vector in trait
space (and is independent of coordinate system). Character size is not to be confused with character attributes (e.g., physical
strength). We list each character’s three dominant directions as signed dimensions along with percentage of variance explained.
We name directions if they appear in the top 6 dimensions of essential character space (i.e., are one of the 12 base archetypes).
Most of the strongest 25 fictional characters are Demons (20 out of 25). For later reference, we include each character’s extended
archetype ratio which is explained later in Sec. 3.7.

3.4 The archetypes of the most extreme
characters

Having determined the overall structure of trait space and
character space, we now begin to examine how individual
characters fit into this framework. As a start, in
Table 3A, we list the top 25 most extreme characters,
ranked by ‘size’ S, the magnitude of their trait vector
(which is independent of coordinate system). We include
each character’s three leading essential directions along
with percentage of variance explained. We show the
unnamed directions outside of the first six dimensions
only by their signed dimension. In Tables A1 and A2, we
list the 100 strongest and 50 most neutral characters.

Headed by Jo↵rey Baratheon in Game of Thrones, the
majority of the strongest characters have Demon as their
lead archetype (20 of the top 25). The lead base
archetypes for the 100 strongest characters break down as
53⇥Demon, 28⇥Hero, 11⇥Adventurer,
4⇥Traditionalist, 2⇥Angel, and 1⇥Brute. There are
no characters in the top 100 whose lead archetype is Fool,
and of the six archetypes for the minor dimensions of
character space, only Brute appears in the top 100 (see

Anciliary files).

3.5 Base archetype ratios

We next develop quantitative support for our assertion
that the first six essential dimensions have the potential
to be archetypes, while the remainder are only traits.

We define a character’s ‘base archetype ratio’, Rbase
arch , as

the ratio of the percentage of variance explained by the
character’s first and second base essential dimensions, �1

and �2:
Rbase

arch = �1/�2. (3)

We then define a character as a major archetype if

Rarch � 10, (4)

a minor archetype if

5  Rarch < 10, (5)

and a non-archetype if Rarch < 5. Using ratios of the first
two components by absolute magnitude would be
equivalent, with cuto↵s of 101/2'3.16 and 51/2'2.24.
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Base archetypes:6

Essential Character Dimension 1, û1

Major archetype dimension: {Fool,Hero}
{weak/incompetent/lazy/stupid, powerful/capable/purposeful/intelligent}

A. Most aligned traits (v̂1) Cos. Var. Comp.Trait Size
Expl. Size Size Rank

1. incompetent , competent 0.94 88.6 81.1 86.2 17
2. helpless , resourceful 0.92 83.9 77.8 85.0 23
3. lazy , diligent 0.92 83.9 88.5 96.6 2
4. low IQ , high IQ 0.90 81.9 80.7 89.1 9
5. unobservant , perceptive 0.90 81.7 77.0 85.2 21

B. Traits by (v̂1) Cos. Var. Comp.Trait Size
largest component Expl. Size Size Rank
1. lazy , diligent 0.92 83.9 88.5 96.6 2
2. quitter , persistent 0.87 75.0 86.6 100.0 1
3. unmotivated , motivated 0.87 76.2 83.1 95.2 4
4. unambitious , driven 0.88 78.1 82.7 93.5 5
5. incompetent , competent 0.94 88.6 81.1 86.2 17

C. Most negatively aligned Cos. Var. Comp.Char. Size
characters (�û1) Expl. Size Size Rank
1. Barney Gumble S -0.63 39.2 50.5 80.7 247
2. Kevin Malone TO -0.62 38.2 45.1 73.1 574
3. Jake Harper THM -0.59 34.5 37.7 64.2 1014
4. Nelson Bighetti SV -0.58 34.1 49.4 84.5 142
5. Kermit SHL -0.58 33.2 35.2 61.2 1147

D. Most positively aligned Cos. Var. Comp.Char. Size
characters (+û1) Expl. Size Size Rank
1. Kate Beckett CSTL 0.93 85.6 71.3 77.1 385
2. Olivia Benson SVU 0.90 81.6 72.6 80.4 257
3. Princess Leia SW 0.89 79.2 67.1 75.4 456
4. Miranda Bailey GA 0.89 78.7 73.0 82.3 200
5. Shirley Schmidt BL 0.89 78.4 68.8 77.7 364

E. Characters by largest Cos. Var. Comp.Char. Size
negative component (�û1) Expl. Size Size Rank
1. Barney Gumble S -0.63 39.2 50.5 80.7 247
2. Nelson Bighetti SV -0.58 34.1 49.4 84.5 142
3. Ziggy Sobotka TW -0.49 24.0 45.2 92.2 20
4. Kevin Malone TO -0.62 38.2 45.1 73.1 574
5. Homer Simpson S -0.53 27.6 42.1 80.2 265

F. Characters by largest Cos. Var. Comp.Char. Size
positive component (+û1) Expl. Size Size Rank
1. Jean-Luc Picard TNG 0.86 73.5 78.4 91.4 30
2. William Adama BSG 0.85 72.3 77.2 90.8 37
3. Hermione Granger HP 0.88 78.1 76.4 86.4 95
4. Olivia Pope SCDL 0.85 72.0 74.4 87.6 76
5. Minerva McGonagall HP 0.88 76.8 74.2 84.7 140

TABLE I. Sets of top 5 traits and characters by various measures for the second essential dimension which we interpet as
{Fool,Hero}. These lists are abbreviated versions of what we provide in the Supplementary Document SD1 in the Anciliary
files. See Tabs. A3–A24 for the same set of six tables for the top 15 traits and characters for the first 11 essential dimensions.
See Sec. A9 for story abbreviations.

3: {Traditionalist,Adventurer} ⇠ {serious,
predictable, humorless, uncreative, playful,
unpredictable, funny, creative}.

The three minor essential dimensions:

4: {Lone Wolf,Diva} ⇠ {rugged, poor, oppressed,
blunt, refined, privileged, dramatic, sensitive}.

5: {Outcast,Sophisticate} ⇠ {unlucky,
unsophisticated, traumatized, fortunate, sophisticated,
confident}.

6: {Brute,Geek} ⇠ {physical, mainstream,
simple-minded, intellectual, weird, complex}.

As expected with dimensional reduction, the strength of
the essential dimensions drops away rapidly. The
percentage of variance explained (%VE) by the first
three essential dimensions is 61.1% (25.7% + 21.3% +
14.1%). Essential dimensions 4, 5, and 6 cover a further
15.2% of %VE (6.4% + 5.1% + 3.7%). The remaining
358 dimensions collectively account for 23.6% of %VE,
and from dimension 11 on, per dimension contributions
drop below 1%.

Of the 1600 characters, 87.0% (1302) have their
strongest component in one of the three major essential
dimensions: 660 along {Fool,Hero}, 440 along
{Angel,Demon}, and 292 along
{Traditionalist,Adventurer}.

A further 12.2% of characters (195) have one of the
three minor essential dimensions as their dominant
trait: 88 along {Lone Wolf ,Diva}, 81 along
{Outcast,Sophisticate}, and 26 along
{Brute,Geek}.

Only 0.8% of characters (13) have a strongest
dimension outside of the first 6 (7, 4, 1, 0, and 1 along
dimensions 7–11). These 13 characters are not strong,
all ranked outside of the top 1000 of 1600, and the %VE
for their leading dimensions range from as low as 11.5%
to just 31.8%, averaging 20.5%. 1

1 The maximum of 31.8% is registered by the jaded and sarcastic
technophile Garrett McNeill in Superstore for the positive direc-
tion of dimension 8: {spiritual, historical, rural, skeptical,
modern, urban}.
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A. Major essential character dimensions:
Archetypes Five factor model Essential Meaning % Variance Primary

⇠ Descriptors dimension(s) (Ousiometrics) Explained Dimension
1. {Fool,Hero} +{conscientiousness} {weak,powerful} 25.7% 41.2% (9+651=660)

⇠ {weak/incompetent/lazy/stupid, powerful/capable/purposeful/intelligent}
2. {Angel,Demon} �{agreeableness} {safe,dangerous} 21.3% 27.5% (161+279=440)

⇠ {safe/pure/virtuous/humble, dangerous/depraved/corrupt/arrogant}
3. {Traditionalist,Adventurer}+{openness} {structured,unstructured} 14.1% 18.2% (52+240=292)

⇠ {serious/predictable/humorless/uncreative, playful/unpredictable/funny/creative}
61.1% 87.0% (1392)

B. Minor essential character dimensions:
Archetypes Five factor model % Variance Primary

⇠ Descriptors dimension(s) Explained Dimension
4. {Lone Wolf ,Diva} +{extroversion} 6.4% 5.5% (12+76=88)

⇠ {rugged/poor/oppressed/blunt, refined/privileged/dramatic/sensitive}
5. {Outcast,Sophisticate} �{neuroticism} 5.1% 5.1% (81+0=81)

⇠ {unlucky/unsophisticated/traumatized, fortunate/sophisticated/confident}
6. {Brute,Geek} �{extroversion}, +{neuroticism} 3.7% 1.6% (13+13=26)

⇠ {physical/mainstream/simple-minded, intellectual/weird/complex}
15.2% 12.2% (195)

C. Trait-level essential character dimensions:
Unnamed non-Archetype Essential Traits % Variance Primary

⇠ Descriptors Explained Dimension
7. ⇠ {young/attractive/dramatic, old/ugly/comedic} 2.1% 0.4% (5+2=7)
8. ⇠ {spiritual/historical/rural, skeptical/modern/urban} 1.7% 0.2% (1+3=4)
9. ⇠ {low tempo, high tempo} 1.5% 0.1% (1+0=1)
10. ⇠ {feminine/low-tech/non-athletic,masculine/high-tech/athletic} 1.1% 0.0% (0+0=0)
11. ⇠ {forthright/naive/rich, treacherous/street-wise/poor} 0.9% 0.1% (0+1=1)

7.3% 0.8% (13)
12–364. All other essential dimensions combined: 16.4% 0.0% (0)

TABLE II. Overview of essential character space. The essential dimensions of character space is structured in three
parts: Three major dimensions of major archetypes, three minor dimensions of minor archetypes, and non-archetype, trait-level
dimensions. Major character archetypes—essential directions which some set of characters are strongly defined by—exist only
in the first six dimensions (discussed in Sec. ??). Second column: The first five essential dimensions contain the OCEAN
Five Factor Model of personality [6], re-ordered as CAOEN, with the sixth dimension reflecting E and N. Third column: The
three major dimensions correspond with the three dimensions of essential meaning [2]. Fourth column: Percentage variance
explained (%VE) by each essential dimension. Fifth column: The percentage and number of characters who have the given
essential dimension as their primary dimension. The sum expresses the number of characters with primary dimension for each
paired essential direction (e.g., 9+651 means 9 characters have {Fool} as their leading dimension and 651 have {Hero}). The
first six essential dimensions cover 76.2% of %VE, and the twelve directions a↵orded by the first six dimensions account for
99.2% of the primary directions of all characters.

D. The archetypes of the most extreme characters

Having determined the overall structure of trait space
and character space, we now begin to examine how
individual characters fit into this framework. As a start,
in Tab. IIIA, we list the top 25 most extreme
characters, ranked by ‘size’ S, the magnitude of their
trait vector (which is independent of coordinate
system). We include each character’s three leading
essential directions along with percentage of variance
explained. We show the unnamed directions outside of
the first six dimensions only by their signed dimension.
In Tabs. A1 and A2, we list the 100 strongest and 50
most neutral characters.

Headed by Jo↵rey Baratheon in Game of Thrones, the
majority of the strongest characters have Demon as
their lead archetype (20 of the top 25). The lead base
archetypes for the 100 strongest characters break down
as 53⇥Demon, 28⇥Hero, 11⇥Adventurer,
4⇥Traditionalist, 2⇥Angel, and 1⇥Brute. There are
no characters in the top 100 whose lead archetype is
Fool, and of the six archetypes for the minor
dimensions of character space, only Brute appears in
the top 100 (see Anciliary files).
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Most archetypal characters:
Rank by Rext

arch. Character Story Size S Rank Archetype class (% var. exp., �1, �2) Rext
arch

1. Tywin Lannister Game of Thrones 90.9 36 Traditionalist-Demon-Hero (88.5, 1.3) 66.6
2. Charlie Young The West Wing 82.5 191 Angel-Hero (83.3, 1.7) 48.4
3. Kate Beckett Castle 77.1 385 Hero (85.6, 1.8) 46.6
4. Kelly Kapoor The O�ce 81.1 234 Diva-Adventurer-Demon (83.0, 1.9) 43.6
5. Dr. John Watson Sherlock 62.9 1058 Outcast-Angel-Hero (83.8, 2.0) 41.5
6. Jenna Maroney 30 Rock 92.3 19 Diva-Adventurer-Demon (81.1, 2.0) 41.3
7. Annie Porter Speed 61.4 1132 Adventurer-Angel-Hero (74.2, 1.8) 41.1
8. Phoebe Bu↵ay Friends 81.5 224 Adventurer (80.4, 2.0) 39.6
9. Will Byers Stranger Things 62.6 1073 Geek-Outcast-Angel (74.6, 1.9) 38.5
10. Marmee March Little Women 74.8 484 Angel-Hero (81.4, 2.2) 36.9
11. Nurse Ratched One Flew Over the Cuckoo’s Nest 95.6 4 Traditionalist-Demon-Hero (79.1, 2.2) 36.4
12. Walter Skinner The X-Files 67.5 844 Traditionalist-Hero (84.7, 2.4) 34.8
13. Avon Barksdale The Wire 75.5 453 Demon-Hero (72.1, 2.1) 34.7
14. Regina Mills Once Upon a Time 76.3 423 Demon-Hero (77.5, 2.3) 34.2
15. Pinkie Pie My Little Pony: Friendship Is Magic 87.1 81 Adventurer (77.1, 2.3) 34.0
16. Sara Sidle CSI: Crime Scene Investigation 58.8 1236 Hero (75.8, 2.3) 33.2
17. Rory Gilmore Gilmore Girls 69.7 738 Diva-Angel-Hero (74.5, 2.2) 33.1
18. Prudence Night Chilling Adventures of Sabrina 75.7 437 Demon-Hero (78.4, 2.4) 32.9
19. Principal Skinner The Simpsons 58.0 1264 Outcast-Diva-Traditionalist (78.9, 2.4) 32.8
20. Beverly Crusher Star Trek: The Next Generation 76.5 417 Angel-Hero (77.6, 2.4) 32.1
21. Rachel Chu Crazy Rich Asians 69.1 761 Adventurer-Angel-Hero (81.5, 2.5) 32.1
22. Grace Van Pelt The Mentalist 58.9 1228 Angel-Hero (76.0, 2.4) 31.6
23. Perry Cox Scrubs 78.3 338 Demon-Hero (76.0, 2.4) 31.4
24. Dr. Madolyn Madden The Departed 56.9 1311 Diva-Angel-Hero (68.2, 2.2) 31.1
25. Azula Avatar: The Last Airbender 94.5 9 Demon-Hero (79.8, 2.6) 31.1

Table 5: The top 25 most archetypal characters along with their archetype class. Extended archetype ratio Rext
arch is the highest

ratio of percentage of variance explained by a character’s primary dimension relative to that of their second dimension �1/�2,
across the 232 coordinate systems needed to cover all single, dual, and triple archetypes in the first 6 dimensions of essential
character space. See Sec. ?? for main discussion, and Methods, Sec. 7, for our approach to assessing paired and triple archetypes
(Sec. 7).

As should be expected, we see that the strongest of the
base archetypes, Kate Beckett, remains classified as
before—a Hero—and is now third overall.

Returning to the motivating character of Tywin
Lannister, our method determines that he is indeed a
Traditionalist-Demon-Hero, and that he has an
extended archetype ratio Rext

arch=66.6 (88.5% relative to
1.3%). Tywin Lannister’s extended archetype ratio is the
highest of all 1600 characters.

Twyin Lannisters’ component strength in the direction of
Traditionalist-Demon-Hero is 85.5. Across all
archetypes and coordinate systems, he is eclipsed by only
two other characters, both also Tyrants: Firelord Ozai
(The Last Airbender, 87.3) and Logan Roy (Succession,
87.0). With stronger secondary traits, these characters
have lower extended archetype ratios of Rext

arch=18.1 and
14.7.

The correlation between character size and archetype
ratio is significant but not strong (rank correlation
coe�cient rrank=0.30, p⌧10�30). Ten of the most
extreme 25 characters are not major archetypes

(Rarch<10) representing more complex trait balances.
Three characters appear in both tables, but none are the
strongest archetype in their respective archetype class.
For example, Jenna Maroney (S=5.35, Rext

arch=41.3) is the
19th most extreme character overall but is second in the
Diva-Adventurer-Demon class to the 234th
size-ranked Kelly Kapoor who is fourth overall by our
measure of extended archetype (S=3.64, Rext

arch=43.6).

3.8 Extended archetype classes

Moving out from individual characters, we consider the
constellation of our 232 extended archetype classes. In
Table 6, we present a summary of the dominant archetype
classes which are realized by the characters in our data
set, i.e., have at least one major archetype. We break the
classes down into single, dual, and triple archetype
classes. Within each category, we order archetype classes
by the number of characters who are major archetypes.
We also list each class’s ‘paragon’: The character with the
highest extended archetype ratio.
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On the optimal form of branching supply and collection networks

Peter Sheridan Dodds1, ∗

1 Department of Mathematics and Statistics, Center for Complex Systems,
& the Vermont Advanced Computing Center, University of Vermont, Burlington, VT, 05401

(Dated: September 6, 2009)

For the problem of efficiently supplying material to a spatial region from a single source, we
present a simple scaling argument based on branching network volume minimization that identifies
limits to the scaling of sink density. We discuss implications for two fundamental and unresolved
problems in organismal biology and geomorphology: how basal metabolism scales with body size
for homeotherms and the scaling of drainage basin shape on eroding landscapes.

PACS numbers: 89.75.Fb,89.75.Hc,87.19.U-,92.40.Gc

In both natural and man-made systems, branching net-
works universally facilitate the essential task of supplying
material from a central source to a widely distributed
sink population. Branching networks also underlie the
complementary process of collecting material from many
sources at a single sink. Such networks typically exhib-
it structural self-similarity over many orders of magni-
tude: river networks drain continents [1, 2, 3], arterial
and venal networks move blood between the macroscopic
heart and microscopic capillaries [4], and trees and plants
orient leaves in space taking on the roles of both structure
and transportation.

We address the following questions regarding supply
networks: (1) What is the minimum network volume
required to continually supply material from a source to
a population of sinks in some spatial region Ω?; and (2)
How does this optimal solution scale if Ω is rescaled allo-
metrically? (For convenience, we use the language of dis-
tribution, i.e., a single source supplying many sinks.) Our
approach is inspired by that of Banavar et al. [5, 6] who
sought to derive scaling properties of optimal transporta-
tion networks in isometrically growing regions based on
a flow rate argument; Banavar et al.’s approach followed
the seminal work of West et al. [7] who suggested supply
networks were key to understanding the metabolic limi-
tations of organisms, and focused on network impedance
minimization (see [8, 9]). In contrast to this previ-
ous work, our treatment is explicitly geometric. We
also accommodate four other key features: the ambient
dimension, allometrically growing regions, variable sink
density, and varying speed of material transportation.

We consider the problem of network supply for a gen-
eral class of d-dimensional spatial regions in a D ≥ d
dimensional space. Each region Ω has volume V and
overall dimensions L1 × L2 × · · ·× Ld (see Fig. 1a). We
allow these length scales to scale as Li ∝ V γi , creating
families of allometrically similar regions. For isometric
growth, all dimensions scale uniformly meaning γi = 1/d,
while for allometric growth, we must have at least one of
the {γi} being different (Fig. 1b). For the general case
of allometry, we choose an ordering of {γi} such that the
length scales are arranged from most dominant to least
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FIG. 1: (a) We consider families of d-dimensional spatial
regions that scale allometrically with Li ∝ V γi , and exist in a
D-dimensional space where D ≥ d. For the d=D=2 example
shown, γmax = γ1 > γ2, and L1 grows faster than L2. We
require that each spatial region is star-convex, i.e., from at
least one point all other points are directly observable, and
the single source must be located at any one of these cen-
tral points. (b) Distribution (or collection) networks can be
thought of as a superposition of virtual vessels. In the exam-
ple shown, the source (circle) supplies material to the three
sinks (squares). (c) Allowing virtual vessels to expand as they
move away from the source captures a potential decrease in
speed in material flow. For scaling of branching network form
to be affected, the radius r of a virtual vessel must scale with
vessel length s (measured from the sink) as s−ε.

dominant: γmax = γ1 ≥ . . . ≥ γd.

We assume that isolated sinks are located throughout
a contiguous spatial region Ω (volume V ) which contains
a single source located at "x = "0. We allow sink den-
sity to follow ρ ∼ ρ0(V )(1 + a||"x||)−ζ where a is fixed,
ζ ≥ 0, and ||"x|| is the distance from the source. When
the exponent ζ = 0, ρ is constant throughout the region
(as for capillaries in organisms), but remains a function
of the region’s overall volume V . While decreasing sink
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“Measuring the happiness of large-scale written
expression: Songs, blogs, and presidents.”, Dodds
and Danforth, Journal of Happiness Studies, 11,
441–456, 2009. [6]
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Abstract

Individual happiness is a fundamental societal metric. Normally measured through self-report, happiness has often been
indirectly characterized and overshadowed by more readily quantifiable economic indicators such as gross domestic
product. Here, we examine expressions made on the online, global microblog and social networking service Twitter,
uncovering and explaining temporal variations in happiness and information levels over timescales ranging from hours to
years. Our data set comprises over 46 billion words contained in nearly 4.6 billion expressions posted over a 33 month span
by over 63 million unique users. In measuring happiness, we construct a tunable, real-time, remote-sensing, and non-
invasive, text-based hedonometer. In building our metric, made available with this paper, we conducted a survey to obtain
happiness evaluations of over 10,000 individual words, representing a tenfold size improvement over similar existing word
sets. Rather than being ad hoc, our word list is chosen solely by frequency of usage, and we show how a highly robust and
tunable metric can be constructed and defended.
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Introduction

One of the great modern scientific challenges we face lies in
understanding macroscale sociotechnical phenomena–i.e., the
behavior of decentralized, networked systems inextricably involv-
ing people, information, and machine algorithms–such as global
economic crashes and the spreading of ideas and beliefs [1].
Accurate description through quantitative measurement is essen-
tial to the advancement of any scientific field, and the shift from
being data scarce to data rich has revolutionized many areas [2–5]
ranging from astronomy [6–8] to ecology and biology [9] to
particle physics [10]. For the social sciences, the now widespread
usage of the Internet has led to a collective, open recording of an
enormous number of transactions, interactions, and expressions,
marking a clear transition in our ability to quantitatively
characterize, and thereby potentially understand, previously
hidden as well as novel microscale mechanisms underlying
sociotechnical systems [11].
While there are undoubtedly limits to that which may

eventually be quantified regarding human behavior, recent studies
have demonstrated a number of successful and diverse method-
ologies, all impossible (if imaginable) prior to the Internet age.
Three examples relevant to public health, markets, entertainment,
history, evolution of language and culture, and prediction are (1)
Google’s digitization of over 15 million books and an initial
analysis of the last two hundred years, showing language usage
changes, censorship, dynamics of fame, and time compression of

collective memory [12,13]; (2) Google’s Flu Trends [14–16] which
allows for real-time monitoring of flu outbreaks through the proxy
of user search; and (3) the accurate prediction of box office success
based on the rate of online mentions of individual movies [17] (see
also [18]).
Out of the many possibilities in the ‘Big Data’ age of social

sciences, we focus here on measuring, describing, and under-
standing the well-being of large populations. A measure of ‘societal
happiness’ is a crucial adjunct to traditional economic measures
such as gross domestic product and is of fundamental scientific
interest in its own right [19–22].
Our overall objective is to use web-scale text analysis to

remotely sense societal-scale levels of happiness using the singular
source of the microblog and social networking service Twitter.
Our contributions are both methodological and observational.

First, our method for measuring the happiness of a given text,
which we introduced in [23] and which we improve upon greatly
in the present work, entails word frequency distributions combined
with independently assessed numerical estimates of the ‘happiness’
of over 10,000 words obtained using Amazon’s Mechanical Turk
[24]. We describe our method in full below and demonstrate its
robustness. We refer to our data set as ‘language assessment by
Mechanical Turk 1.0’, which abbreviates as labMT 1.0, and we
provide all data as Data Set S1.
Second, using Twitter as a data source, we are able to explore

happiness as a function of time, space, demographics, and network
structure, with time being our focus here. Twitter is extremely
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“Temporal patterns of happiness and
information in a global social network:
Hedonometrics and Twitter”
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Abstract

Over the last million years, human language has emerged and evolved as a fundamental instrument of social
communication and semiotic representation. People use language in part to convey emotional information, leading to the
central and contingent questions: (1) What is the emotional spectrum of natural language? and (2) Are natural languages
neutrally, positively, or negatively biased? Here, we report that the human-perceived positivity of over 10,000 of the most
frequently used English words exhibits a clear positive bias. More deeply, we characterize and quantify distributions of word
positivity for four large and distinct corpora, demonstrating that their form is broadly invariant with respect to frequency of
word use.
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Introduction

While we regard ourselves as social animals, we have a history of
actions running from selfless benevolence to extreme violence at all
scales of society, and we remain scientifically and philosophically
unsure as to what degree any individual or group is or should be
cooperative and pro-social. Traditional economic theory of human
behavior, for example, assumes that people are inherently and
rationally selfish–a core attribute of homo economicus–with the
emergence of global cooperation thus rendered a profound mystery
[1,2]. Yet everyday experience and many findings of psychology,
behavioral economics, and neuroscience indicate people favour
seemingly irrational heuristics [3,4] over strict rationality as
exemplified in loss-aversion [5], confirmation bias [6], and altruistic
punishment [7]. Religions and philosophies similarly run the gamut
in prescribing the right way for individuals to behave, from the
universal non-harming advocated by Jainism, Gandhi’s call for non-
violent collective resistance, and exhortations toward altruistic
behavior in all major religions, to arguments for the necessity of a
Monarch [8], the strongest forms of libertarianism, and the
‘‘rational self-interest’’ of Ayn Rand’s Objectivism [9].

In taking the view that humans are in part story-tellers–homo
narrativus–we can look to language itself for quantifiable evidence of
our social nature. How is the structure of the emotional content
rendered in our stories, fact or fiction, and social interactions
reflected in the collective, evolutionary construction of human
language? Previous findings are mixed: suggestive evidence of a
positive bias has been found in small samples of English words
[10–12], framed as the Pollyanna Hypothesis [10] and Linguistic
Positivity Bias [12], while experimental elicitation of emotional
words has instead found a strong negative bias [13].

To test the overall positivity of the English language, and in
contrast to previous work [11,13,14], we chose words based solely
on frequency of use, the simplest and most impartial gauge of word
importance. We focused on measuring happiness, or psychological
valence [15], as it represents the dominant emotional response
[16,17]. With this approach, we examined four large-scale text
corpora (see Tab. 1 for details): Twitter, The Google Books Project
(English), The New York Times, and Music lyrics. These corpora,
which we will refer to as TW, GB, NYT, and ML, cover a wide
range of written expression including broadcast media, opinion,
literature, songs, and public social interactions ([18]), and span the
gamut in terms of grammatical and orthographic correctness.

We took the top 5000 most frequently used words from each
corpus, and merged them to form a resultant list of 10,222 unique
words. We then used Amazon’s Mechanical Turk [19,20] to
obtain 50 independent evaluations per word on a 1 to 9 integer
scale, asking participants to rate their happiness in response to
each word in isolation (1 = least happy, 5 = neutral, and 9 = most
happy [14,21]). While still evolving, Mechanical Turk has proved
over the last few years to be a reliable and fast service for carrying
out large-scale social science research [22–26].

We computed the average happiness score and standard
deviation for each word. We obtained sensible results that showed
excellent statistical agreement with previous studies for smaller
word sets, including a translated Spanish version (see [14,20,
27] for details). The highest and lowest scores were
havg(‘laughter’)= 8.50 and havg(‘terrorist’)= 1.30, with expectedly
neutral words averaging near 5, e.g., havg(‘the’)= 4.98 and
havg(‘it’)= 5.02. We refer to our ongoing studies as Language
Assessment by Mechanical Turk, using the abbreviation labMT
1.0 data set for the present work (the full data set is provided as
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Using human evaluation of 100,000 words spread across 24 corpora
in 10 languages diverse in origin and culture, we present evidence
of a deep imprint of human sociality in language, observing that
(i) thewords of natural human language possess a universal positivity
bias, (ii) the estimated emotional content of words is consistent
between languages under translation, and (iii) this positivity bias
is strongly independent of frequency of word use. Alongside these
general regularities, we describe interlanguage variations in the
emotional spectrum of languages that allow us to rank corpora.
We also show how our word evaluations can be used to construct
physical-like instruments for both real-time and offline measure-
ment of the emotional content of large-scale texts.

language | social psychology | happiness | positivity

Human language, our great social technology, reflects that
which it describes through the stories it allows to be told and

us, the tellers of those stories. Although language’s shaping ef-
fect on thinking has long been controversial (1–3), we know that
a rich array of metaphor encodes our conceptualizations (4),
word choice reflects our internal motives and immediate social
roles (5–7), and the way a language represents the present and
future may condition economic choices (8).
In 1969, Boucher and Osgood (9) framed the Pollyanna

hypothesis: a hypothetical, universal positivity bias in human
communication. From a selection of small-scale, cross-cultural
studies, they marshaled evidence that positive words are likely
more prevalent, more meaningful, more diversely used, and
more readily learned. However, in being far from an exhaustive,
data-driven analysis of language, which is the approach we take
here, their findings could only be regarded as suggestive. Indeed,
studies of the positivity of isolated words and word stems have
produced conflicting results, some pointing toward a positivity
bias (10) and others toward the opposite (11, 12), although
attempts to adjust for use frequency tend to recover a positivity
signal (13).

Materials and Methods
To explore the positivity of human language deeply, we constructed 24 corpora
spread across 10 languages. Our global coverage of linguistically and culturally
diverse languages includes English, Spanish, French, German, Brazilian Portu-
guese, Korean, Chinese (Simplified), Russian, Indonesian, and Arabic. The sources
of our corpora are similarly broad, spanning books (14), news outlets, social
media, the web (15), television and movie subtitles, and music lyrics (16). Our
work here greatly expands upon our earlier study of English alone, where we
found strong evidence for a use-invariant positivity bias (17). In SI Appendix, we
provide full details of our corpora (SI Appendix, Table S1), survey, and partic-
ipants (SI Appendix, Table S2).

We address the social nature of language in two important ways: (i) We
focus on the words people most commonly use, and (ii) we measure how
those same words are received by individuals. We take word use frequency
as the primary organizing measure of a word’s importance. Such a data-
driven approach is crucial for both understanding the structure of language
and creating linguistic instruments for principled measurements (18, 19). By
contrast, earlier studies focusing on meaning and emotion have used “expert”
generated word lists, and these word lists fail statistically to match frequency
distributions of natural language (10–12, 20), confounding attempts to make

claims about language in general. For each of our corpora, we selected be-
tween 5,000 and 10,000 of the most frequently used words, choosing the exact
numbers so that we obtained ∼10,000 words for each language.

Of our 24 corpora, we received 17 already parsed into words by the source:
the Google Books Project (six corpora), the Google Web Crawl (eight corpora),
and movie and television subtitles (three corpora). For the other seven corpora
(five Twitter corpora, the New York Times, and music lyrics), we extracted
words by standard white space separation. Twitter was easily themost variable
and complex of our text sources, and required additional treatment. In parsing
Twitter, we required strings to contain at least one Unicode character and no
invisible control characters, and we excluded strings representing web links,
bearing a leading @, ampersand (&), or other punctuation (e.g., Twitter IDs)
but kept hashtags. Finally, for all corpora, we converted words to lowercase.
We observed that common English words appeared in the Twitter corpora of
other languages, and we have chosen simply to acknowledge this reality of
language and allow these commonly used borrowed words to be evaluated.

Although there are many complications with inflections and variable
orthography, we have found merit for our broad analysis in not collapsing
related words. For example, we have observed that allowing different
conjugations of verbs to stand in our corpora is valuable because human
evaluations of such have proved to be distinguishable [e.g., present vs. past
tense (18)]. As should be expected, a more nuanced treatment going beyond
the present paper’s bounds by involving stemming and word type, for ex-
ample, may lead to minor corrections (21), although our central observations
will remain robust and will in no way change the behavior of the instruments
we generate.

There is no single, principled way to merge corpora to create an ordered list
of words for a given language. For example, it is impossible to weight the most
commonly usedwords in theNew York Times against the most commonly used
words in Twitter. Nevertheless, we are obliged to choose some method for
doing so to facilitate comparisons across languages and for the purposes of
building adaptable linguistic instruments. For each language where we had
more than one corpus, we created a single quasi-ranked word list by finding
the smallest integer r such that the union of all words with a rank ≤ r in at
least one corpus formed a set of at least 10,000 words.

Significance

The most commonly used words of 24 corpora across 10 diverse
human languages exhibit a clear positive bias, a big data con-
firmation of the Pollyanna hypothesis. The study’s findings are
based on 5 million individual human scores and pave the way
for the development of powerful language-based tools for
measuring emotion.
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Abstract
The emergence and global adoption of social media has rendered possible the
real-time estimation of population-scale sentiment, an extraordinary capacity which
has profound implications for our understanding of human behavior. Given the
growing assortment of sentiment-measuring instruments, it is imperative to
understand which aspects of sentiment dictionaries contribute to both their
classification accuracy and their ability to provide richer understanding of texts. Here,
we perform detailed, quantitative tests and qualitative assessments of 6
dictionary-based methods applied to 4 different corpora, and briefly examine a
further 20 methods. We show that while inappropriate for sentences,
dictionary-based methods are generally robust in their classification accuracy for
longer texts. Most importantly they can aid understanding of texts with reliable and
meaningful word shift graphs if (1) the dictionary covers a sufficiently large portion of
a given text’s lexicon when weighted by word usage frequency; and (2) words are
scored on a continuous scale.

Keywords: sentiment; sentiment analysis; sentiment dictionaries; language; natural
language processing; data visualization; text visualization

1 Introduction
As we move further into what might be called the Sociotechnocene — with increasingly
more interactions, decisions, and impact being made by globally distributed people and
algorithms — the myriad human social dynamics that have shaped our history have be-
come far more visible and measurable than ever before. Of the many ways we are now
able to characterize social systems in microscopic detail, sentiment detection for pop-
ulations at all scales has become a prominent research arena. Attempts to leverage on-
line expression for sentiment mining include prediction of stock markets [–], assessing
responses to advertising, real-time monitoring of global happiness [], and measuring a
health-related quality of life []. The diverse set of instruments produced by this work
now provide indicators that help scientists understand collective behavior, inform pub-
lic policy makers, and, in industry, gauge the sentiment of public response to marketing

© The Author(s) 2017. This article is distributed under the terms of the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in anymedium, pro-
vided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.

“Sentiment analysis methods for understanding
large-scale texts: A case for using continuum-scored
words and word shift graphs”, Reagan et al., EPJ
Data Science, 6, , 2017. [15]
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Abstract
A common task in computational text analyses is to quantify how two corpora differ
according to a measurement like word frequency, sentiment, or information content.
However, collapsing the texts’ rich stories into a single number is often conceptually
perilous, and it is difficult to confidently interpret interesting or unexpected textual
patterns without looming concerns about data artifacts or measurement validity. To
better capture fine-grained differences between texts, we introduce generalized
word shift graphs, visualizations which yield a meaningful and interpretable summary
of how individual words contribute to the variation between two texts for any
measure that can be formulated as a weighted average. We show that this framework
naturally encompasses many of the most commonly used approaches for comparing
texts, including relative frequencies, dictionary scores, and entropy-based measures
like the Kullback–Leibler and Jensen–Shannon divergences. Through a diverse set of
case studies ranging from presidential speeches to tweets posted in urban green
spaces, we demonstrate how generalized word shift graphs can be flexibly applied
across domains for diagnostic investigation, hypothesis generation, and substantive
interpretation. By providing a detailed lens into textual shifts between corpora,
generalized word shift graphs help computational social scientists, digital humanists,
and other text analysis practitioners fashion more robust scientific narratives.

Keywords: Text as data; Data visualization; Word shift graphs; Sentiment analysis;
Computational social science; Digital humanities; Natural language processing;
Information theory

1 Introduction
News articles, audio transcripts, medical records, digitized archives, virtual libraries, com-
puter logs, online memes, open-ended questionnaires, legislative proceedings, political
manifestos, fan fiction, and poetry collections are just some of the many large-scale data
sources that are readily available as text data [1–3]. Computational methods help funnel
what would be an otherwise overwhelming fire hose of raw text into coherent streams of
social information [3]. Social media text has allowed us to ask about the emotional pulse
of large populations [4, 5], the subtle adoption of community language by new members

© The Author(s) 2021. This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

“Generalized word shift graphs: A method for
visualizing and explaining pairwise
comparisons between texts”
Gallagher et al.,
EPJ Data Science, 10, 4, 2021. [10]
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Logline:

We show that the essential meaning
conveyed by individual words
maps to a compass-like plane
with major axes of
powerful-weak and dangerous-safe.

We uncover a linguistic ‘safety bias’
by examining how words are used
in large-scale, diverse corpora.
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Fame and Ultrafame: Measuring and comparing daily levels of ‘being talked about’
for United States’ presidents, their rivals, God, countries, and K-pop

Peter Sheridan Dodds,1, 2, ∗ Joshua R. Minot,1 Michael V. Arnold,1 Thayer Alshaabi,1 Jane Lydia
Adams,1 David Rushing Dewhurst,1 Andrew J. Reagan,3 and Christopher M. Danforth1, 2

1Computational Story Lab, Vermont Complex Systems Center,
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3MassMutual Data Science, Amherst, MA 01002.
(Dated: October 2, 2019)

When building a global brand of any kind—a political actor, clothing style, or belief system—
developing widespread awareness is a primary goal. Short of knowing any of the stories or products
of a brand, being talked about in whatever fashion—raw fame—is, as Oscar Wilde would have it,
better than not being talked about at all. Here, we measure, examine, and contrast the day-to-day
raw fame dynamics on Twitter for U.S. Presidents and major U.S. Presidential candidates from
2008 to 2019: Barack Obama, John McCain, Mitt Romney, Hillary Clinton, and Donald Trump.
We assign “lexical fame” to be the number and (Zipfian) rank of the (lowercased) mentions made
for each individual across all languages. We show that all five political figures have at some point
reached extraordinary volume levels of what we define to be “lexical ultrafame”: An overall rank of
approximately 300 or less which is largely the realm of function words and demarcated by the highly
stable rank of ‘god’. By this measure, ‘trump’ has become enduringly ultrafamous, from the 2016
election on. We use typical ranks for country names and function words as standards to improve
perception of scale. We quantify relative fame rates and find that in the eight weeks leading up
the 2008 and 2012 elections, ‘obama’ held a 1000:757 volume ratio over ‘mccain’ and 1000:892 over
‘romney’, well short of the 1000:544 volume favoring ‘trump’ over ‘hillary’ in the 8 weeks leading
up to the 2016 election. Finally, we track how one other entity has more sustained ultrafame than
‘trump’ on Twitter: The Korean pop boy band BTS. We chart the dramatic rise of BTS, finding
their Twitter handle ‘@bts twt’ has been able to compete with ‘a’ and ‘the’, reaching a rank of three
at the day scale and a rank of one at the quarter-hour scale.

I. INTRODUCTION

“It is silly of you, for there is only one thing in
the world worse than being talked about, and
that is not being talked about.”

— Oscar Wilde, The Picture of Dorian Gray [1].

“Being talked about” is the essence of fame, a word
that accurately encodes this most basic of sociological
mechanisms as it traces back to the Latin fāma (“speak”)
with φήμη (ph´ēmē, “talk”) as its Greek cognate.

Achieving widespread awareness is arguably the prima-
ry goal of any people-centric enterprise seeking to scale.
Of course any such enterprise will want the valence of
fame to be positive, and for “talk” to be self-sustaining.
Examples abound. To take just one, in the sphere of
sport, Lance Armstrong’s archetypal fall-from-grace fol-
lowed a global expansion of awareness of cancer research,
the Tour de France, and cycling. Armstrong himself
became famous as an eight-fold kill-the-monster hero,
first conquering cancer then the Tour seven times in a
row, all ending with a televised confession of betrayal to
Oprah.

∗ peter.dodds@uvm.edu

We also know that fame is profoundly a social con-
struct, a complex mix of system randomness, an individ-
ual’s luck, timing, history, and, to the extent that it exists
at all in a given field, inherent quality [2–4]. From the
perspective of collective evaluation of cultural entities,
the existence and perceived importance of ranked lists
of anything (wealthy individuals, songs, books, colleges,
cities, countries) leaves social systems vulnerable to those
unethical actors who would seek fame. Knowing that
“getting the word out there” is the foundational work
allows system-level manipulation by individuals or orga-
nizations pretending to be at or near the top of such lists
by gaming myriad sociotechnical algorithms (many/some
“people are saying” [5, 6], payola [7], “John Barron” [8–
10]).

In politics, a key polling question concerns whether
or not an interviewee has heard of a candidate at all—
shorn of sentiment and story. While some polls show that
increases in awareness correspond to increases in favor-
ability, politicians trace out many paths in awareness-
favorability space. For example, as we show in Fig. 1,
a series of polls carried out by Monmouth Universi-
ty during the first five months of 2019 [11] revealed a
strong correlation between awareness of and favorabil-
ity toward 24 potential Democratic candidates for the
2020 presidential election (Spearman correlation coeffi-
cient: rs=0.949). The awareness extremes were for Joe
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“Fame and Ultrafame: Measuring and
comparing daily levels of ‘being talked
about’ for United States’ presidents, their
rivals, God, countries, and K-pop”
Dodds et al.,
Available online at
https://arxiv.org/abs/1910.00149, 2019. [8]

Computational timeline reconstruction of the stories surrounding Trump:
Story turbulence, narrative control, and collective chronopathy
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Measuring the specific kind, temporal ordering, diversity, and turnover rate of stories surrounding
any given subject is essential to developing a complete reckoning of that subject’s historical impact.
Here, we use Twitter as a distributed news and opinion aggregation source to identify and track
the dynamics of the dominant day-scale stories around Donald Trump, the 45th President of the
United States. Working with a data set comprising around 20 billion 1-grams, we first compare each
day’s 1-gram and 2-gram usage frequencies to those of a year before, to create day- and week-scale
timelines for Trump stories for 2016 onwards. We measure Trump’s narrative control, the extent to
which stories have been about Trump or put forward by Trump. We then quantify story turbulence
and collective chronopathy—the rate at which a population’s stories for a subject seem to change
over time. We show that 2017 was the most turbulent year for Trump, and that story generation
slowed dramatically during the COVID-19 pandemic in 2020. Trump story turnover for 2 months
during the COVID-19 pandemic was on par with that of 3 days in September 2017. Our methods
may be applied to any well-discussed phenomenon, and have potential, in particular, to enable the
computational aspects of journalism, history, and biography.

I. INTRODUCTION

What happened in the world last week? What about a
year ago? As individuals, it can be difficult for us to freely
recall and order in time—let alone make sense of—events
that have occurred at scopes running from personal and
day-to-day to global and historic [1–10]. One emblemat-
ic challenge for remembering story timelines is presented
by the 45th US president Donald J. Trump, our interest
here. Stories revolving around Trump have been abun-
dant and diverse in nature. Consider, for example, being
able to remember and then order stories involving: North
Korea, Charlottesville, kneeling in the National Football
League, Confederate statues, family separation, Stormy
Daniels, Space Force, and the possible purchase of Green-
land.

Added to these problems of memory is that people’s
perception of the passing of time is subjective and com-
plicated [11–18]. Days can seem like months (“this week
dragged on forever”) or might seem to be over in a flash
(“time flies”). Story-wise, periods of time can also range
from being narratively simple (“it was the only story in
town”) to complicated and hard to retell (“everything
happened all at once”). At the population scale, major
news stories may similarly arrive at slow and fast paces,
and may be coherent or disconnected. As one example,
within the space of around 15 minutes after 9 pm US
Eastern Standard Time on March 11, 2020, Tom Hanks

∗ peter.dodds@uvm.edu

and Rita Wilson announced that they had tested posi-
tive for COVID-19, the National Basketball Association
put its season on hold indefinitely due to the COVID-
19 pandemic, and Trump gave an Oval Office Address
during which the Dow Jones Industrial Average futures
dropped. And to help illustrate the potential disconnec-
tion of co-occurring stories within the realm of US poli-
tics, at the same time as the above events were unfolding,
former US vice presidential candidate Sarah Palin was
appearing on the popular Fox TV show “The Masked
Singer” performing Sir Mix-A-Lot’s “Baby Got Back” in
a bear costume.

Here, in order to quantify story turbulence around
Trump—and the collective experience of story turbulence
around Trump—we develop a data-driven, computation-
al approach to constructing a timeline of stories sur-
rounding any given subject, with high resolution in both
time and narrative (see Data and Methods, Sec. II).

For data, we use Twitter as a vast, noisy, and dis-
tributed news and opinion aggregation service [19–23],
Beyond the centrality of Twitter to Trump’s communi-
cations [24–29], a key benefit of using Twitter as “text as
data” [30–33] is that popularity of story is encoded and
recorded through social amplification by retweets [34].
We show that Twitter is an effective source for our treat-
ment though our methods may be applied broadly to any
temporally ordered, text-rich data sources.

We define, create, and explore week-scale timelines of
the most ‘narratively dominant’ 1-grams and 2-grams
in tweets containing the word Trump (Sec. III A). We
supply day-scale timelines as part of the paper’s Online
Appendices (compstorylab.org/trumpstoryturbulence/).
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“Computational timeline reconstruction of
the stories surrounding Trump: Story
turbulence, narrative control, and
collective chronopathy”
Dodds et al.,
, 2020. [9]

 POTUSometer with the Smorgasdashbord:
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