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The famous are storytellers—Japan:
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The Desirability

Statistics of

Stories encode prosocial norms such as
cooperation.

Like the best stories, the best storytellers
reproduce more successfully.
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Computational

Qf Surprise
Storytellers(,  sunes
The Atlantic, Mechanics of
Ed Yong' Superspreading
2017-12-05. Lexical Ultrafame
Turbulent times
Study of Agta, Filipino hunter-gatherers. S
Storytelling valued well above all other skills Mas
including hunting.
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The most famous painting in the world:

The dismal predictive powers of editors ......

Twelve ...

The completely unpredicted fall
of Eastern Europe:

Timur Kuran: ['2] “Now Out of Never: The Element of
Surprise in the East European Revolution of 1989”
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We understand bushfire stories:

1. Sparks start fires.
2. System properties control a fire's spread.

3. But for three reasons, we make two mistakes
about Social Fires ...

Reason 1—We are Homo Narrativus.

A WEIGHTED RANDOM NUMBER
GENERATOR JUST PRODUCED
A NEW BATCH OF NUMBERS.

LETs USE THEM TO
RUILD NARRATIVES!

B9

ALL SPORTS COMMENTARY

http://xkcd.com/904/ (&

—"We are all individuals."(#"

Reason 2

Archival footage:

<% Individual narratives are not enough to
understand distributed, networked minds.
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Mistake 1:

Success is due to intrinsic properties

See “Becoming Mona Lisa” by David Sassoon &'

48 songs
30k participants
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Increased social awareness leads to

Stronger inequality + Less predictability.

Payola/Deceptive advertising hurts us all
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Seeing success is ‘due to social’ and

wanting to say ‘all your interactions are

belong to us'
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How superspreading works:

Many interconnected, average,
trusting people

must benefit from both
receiving and sharing a message
far from its source.

s+ | Watts and Dodds,
J. Consum. Res., 34, 441-458, 2007.[1°!

Etymological clarity:

&
&

&

& ® OP

Fate—from the Latin fatus: meaning “spoken”.
Fate is talk that has been done.

“It is written”, fore-tell, pre-dict.

“There is no such thing as fate, only the story of

e
Destiny is probablistic.
Fame—from the Latin fdma: meaning “to talk.”

Fame is inherently the social discussion about the
thing, not the thing itself.

Renown (£ Repeatedly named, talked about. Old

French renon, from re- + non (“name”).
Réclame (. “Clamo”"—Proto-Indo-European: “to

shout” (again). Connected to “lowing".
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not being talked
about.”
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“Fame and Ultrafame: Measuring and

Dodds et al.,
Available online at
https://arxiv.org/abs/1910.00149, 2019. !

“Computational timeline reconstruction of

Dodds et al.,
,2020. 8

<& POTUSometer with the Smorgasdashbord:
http://compstorylab.org/potusometer/ &

&% Stories surrounding Trump:

http:

//compstorylab.org/trumpstoryturbulence/ &
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about

Ultrafame:

Nobody expects the-Spanish-inquisition K-pop:

Vox (2019-04-17):
BTS, the band that changed K-pop, explained (&'
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Emotional turbulence:
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Allotaxonometry—
the comparison of complex systems:
http://compstorylab.org/allotaxonometry/ &'
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Understanding the Sociotechnocene—Stories:

A VEIGHTED RANDCH NUVBER
GENERRTOR JUST PRODUCED
A NEW BATCH OF NUPBERS.

LETS USE TN T
BOLD NARRATVES!

@

<& Toward a Science of Stories.
&% Claim: Homo narrativus (J'—we run

on stories.
&% "What's the John Dory?"
“They've lost the plot/thread”
Narrative hierarchies and scalability

Research: Real-time and offline
extraction of metaphors, frames,

&
&
&

plots, narratives, conspiracy theories,

and stories from large-scale text.

Research: The taxonomy of human

stories.

<& To be built:
Storyscopes—improvable, online,
interactive instruments.

&
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Money

Belief

Two questions about wealth distribution in the
United States:
1. Estimate the percentage of all wealth owned by
individuals when grouped into quintiles.
2. Estimate what you believe each quintile should
own, ideally.
3. Extremes: 100, 0, 0, 0, 0 and 20, 20, 20, 20, 20

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.[15]

Wealth distribution in the United States: %!

uTop 20% =2nd20% = Middle 20% m4th 20% = Bottom 20%

et _-I

f
|
1

Bt _--.I

0%  10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Percent Wealth Owned

2. The actual United States wealth distribution plotted against the estimated and ideal
distributions across all respondents. Because of their small percentage share of total
wealth, both the “4th 20%" value (0.2%) and the “Bottom 20%" value (0.1%) are not visible
in the “Actual” distribution.

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.[15]
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Wealth distribution in the United States: !

= T0p20% ®20d20% = Middle20% ® 4th 20% = Bottom 20%

Actual

Estimated (< $50K)

Estmated ($50-100K)
Estimated (> $100K

Estimated (8ush Voters)

Voters)

deal (< $50K)

Ideal ($50-100K}

Ideal (> $100K)

Ideal (Bush Voters]

]
|
]
]
]
]
1
0:

deal (Kerry Voters)
Ideal (Men
0% 10% 20% 30% 40% 50% G60% 70% 80% 90% 100%
Percent Wealth Owned
Fig. 3. The actual distribution

distributions of respondents of different income levels, political affiations, and genders.
Because of their small percentage share of total wealth, both the *4th 20% value (0.2%)
and the “Bottom 20%” value (0.1%) are not visible in the “Acual” distribution.

Aside: The 1% framing may be effective but makes no sense.

My, what big words you have ...

Test
your
voca

<& Test([ capitalizes on word frequency following a

heavily skewed frequency distribution with a
decaying power-law tail.

How many words
do you know?

& This Man Can Pronounce Every Word in the

The statistics of surprise:

Gutenberg-Richter law (Z'

10

E 10*

?:' 10°

-;:: e & Log-log plot

E & Base 10

E o s & Slope = -1

Z g N(M >m) ocm™t
10°

o 1 2 3 4 5 6 7 8
Magnitude m = log,(S)

& From both the very awkwardly similar Christensen
etal. and Bak et al.:
“Unified scaling law for earthquakes” > %]
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& Adjacent narratives (Z'—why mistruths and
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Why adjacent narratives exist and untrue
stories flourish:

1/4. A real story is never recorded and retold

completely

&% Impossible to record every detail.

&% Recording entails compression to scale of medium
(narrative hierarchy).

&% Story logic will be favored, and seemingly
irrelevant aspects discarded.

Why adjacent narratives exist and untrue
stories flourish:

2/4. The infinitude of adjacent stories will afford

“better” stories

<% Better = More engaging, more motivating to
spread, more durable under spreading.

&5 Better stories exist for truthful recorders and
retellers (journalists).
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Why adjacent narratives exist and untrue
stories flourish:
3/4. The infinitude of adjacent stories means

“better” stories exist for those who would

disinform

<% Adjacent stories may be truth-limited and/or
falsehood-bearing.

&> There may exist adjacent stories that conform to a
world view/ideology.

&% Even the seemingly non-adjacent must have some
plausibility (Pizzagate).

Why adjacent narratives exist and untrue
stories flourish:

4/4. Character is the short cut to story

&% The barely implausible can be believed if the
character can make it so.

&% A believe-to-be evil character can do anything.

&% Iterate between character and story to make the
character fixed.

NG R N d“ Q

+ News + Conspiracy
Theories ...

buzzfeed.com (@
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The boiled-down essence of stories:

The three fundamental events of (non-clone) life:
&% Hatchings, Matchings, and Dispatchings.
&% Stories encode survival algorithms.

<% Survival algorithms are for both individuals and
groups.

&% Stories are dynamic paths of the true, the
possible, the unlikely.

&% The unifying theme of existence is existence.

Deep fame:

Shavewor (\\ﬁ Content o~
Gt . S
o i‘:\ . 313) , " o®

( 1) gw:

Shareworthy Content is “King":
1. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.
2. Advertise but lay off the social interactions.
. Just keep trying and be trustworthy.
4. Of course it can all go wrong and be used for any
purpose: good, stupid, bad, evil, ...
5. Essential implication: Billions of people can be
harmoniously wrong.
6. Beware the evil, payola version.

7. Challenge: What's the societal vaccine for
conspiracy theories?
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Fame: Zipfian rank-frequency plots

George Kingsley Zipf:

<% Noted various rank distributions
have power-law tails, often with exponent near -1
(word frequency, city sizes, species numbers, ...)

&% Zipf's 1949 Magnum Opus(£:
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Lexical fame of POTUSes and possible POTUSes:
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