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These slides are also brought to you by:
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Word frequency:

rank word % q rank word % q
ik the 6.8872 1945. apply 0.0055
2. of 3.5839 1946. vital 0.0055
3. and 2.8401 1947. September 0.0055
4. to 2.5744 1948. review 0.0055
5. a 2.2996 1949. wage 0.0055
6. in 2.1010 1950. motor 0.0055
7. that 1.0428 1951. fifteen 0.0055
8. is 0.9943 1952. regarded 0.0055
9. was 0.9661 1953. draw 0.0055

10. he 0.9392 1954. wheel 0.0055
11 for 0.9340 1955. organized 0.0055
12. it 0.8623 1956. vision 0.0055
13.  with 0.7176 1957. wild  0.0055
14. as 0.7137 1958. Palmer 0.0055
115 his 0.6886 1959. intensity  0.0055
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http://en.wikipedia.org/wiki/Brown_Corpus

Jonathan Harris's Wordcount: (2"

A word frequency distribution explorer:

WORDCOUNT
{ FreVIOUS WORD NEXT WORD P
tI I e andioa $0a 125 0 10n. Wi e
1 2 3 4 56
FIND WORD: P BYRANK P REQUESTED WORD:THE 86800 WORDS IN ARCHIVE
a1
WORDCOUNT
{ PREVIOUS WORD NEXT WORD

f%(g)l tS be rg e n 55 £5l6!3[b0 p ro p55062

060

CURRENT WORD

FIND WORD, P BYRANK ) REQUESTED WORD: SPITSBERGEN 86800 WORDS IN ARCHIVE
RANK: 55059
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weuice M “Thing Explainer: Complicated Stuff in Statistics of

,,,,,,,,,,,,, Stories

by Randall Munroe (2015). %!

Mechanics of
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o Lol
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The everywhereness of algorithms and stories:

“On the Origin of Stories: Evolution,

by Brian Boyd (2010). *!

2 “The Storytelling Animal: How Stories Make

by Jonathan Gottschall (2013). %!

“The Written World: How Literature Shaped
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Algorithms, recipes, stories, ...

THE
CODE
ECONOMY

PHIL1P E.
AUERSWALD

Algorithms
to Live By

The
comfburer science

Also: Numerical Recipes in C!'® and How to Bake 7 !

“The Code Economy: A Forty-Thousand Year

by Philip E Auerswald (2017). "

“Algorithms to Live By’ 8 (£

by Christian and Griffiths (2016). [°!

“Once Upon an Algorithm” @ (£

The PoCSverse
Computational
History

11 0f116

Statistics of
Surprise

Mechanics of
Fame

Superspreading
Lexical Ultrafame
Turbulent times

Extras
Sociotechnical time series

Adjacent Narratives

Extras

Memory & Turbulence

References



http://www.amazon.com/dp/0190226765/
http://www.amazon.com/dp/0190226765/
http://www.amazon.com/dp/0190226765/
http://www.amazon.com/dp/1250118360/
http://www.amazon.com/dp/1250118360/
http://www.amazon.com/dp/0262036630/
http://www.amazon.com/dp/0262036630/

The famous are storytellers—Japan:

RANKINGS  PEOPLE PANTHEON METHODS APl ABoUT
Ifyouusethe please cte: Y, A Z, et (2016). Pantheon 10, verfed dataset o i Data 2150075 dos 10103850312 201575
Who are the globally known people born within present day Japan*? Sfy &
[1900 - 2010]
VISUALIZATIONS Tc s RANKINGS
i = e o Physicist - Chemist
TReEMAPS Film Musician Politician ¥ e
oy Director FouTGAN. 19012722
by cultural domain 2.Hayao Miyazaki
O a Cutural Domain > 5.26% 3 Adhito
by country 5.26% NOREAN 19552626

MATRICES

bray Comic Architect Singer

SCATTERPLOTS Artist Game

MAPS

6.3;
PaRasTERS Soccer Player ~ Racecar %%  ipjomag  Noblemen

BIRTH COUNTRY*

"
ame -

Designer Artist .

I By 15.79

Driver Engineer  Physician
Celebrity

Weriter

Wrestler A"¢®

4. Akira Kurosawa
FILMDIRECTOR b 1910 (2624)

5.Yukio Mishima
WRITER b.1925(2603)

6.Yoko Ono
ARTIST 1993(25.53)

7.0samu Tezuka
COMICARTST.b 1928(25.40)

8. Haruki Murakami
WRITER b.1949(2538)

9.Tadao Ando
ARCHITECT b 19412493

10,

All
FROM TO
0 0

DATA

1
900 700 -500 -300 -100 100 300 500 700 900 1100 1300 1500 1700 1850 1910 1930 1950 1970 1990 2010

For people born 1950-

http://pantheon.media.mit.edu/treemap/country_exports/JP/all/1900/2010/H15/pantheon &'

WRITER,b.1935 2473

Goto Full Ranking List


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

& 1-1450 1450 - 1880

l Painter
Oomposer

mnmm Painter
| -I 1T
II = |
II' e
= [ ]|

C 1880 - 1950 1950 2000
Actor &= Musician

Actor Singer
Singer 2

49, Panter Musman


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

The Desirability

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.
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The Desirability

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.
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The most famous painting in the world:
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The dismal predictive powers of editors ......

Twelve ...
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Surprise in the East European Revolution of 1989"



We understand bushfire stories:

1. Sparks start fires.
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We understand bushfire stories:

1. Sparks start fires.
2. System properties control a fire's spread.
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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 ...
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We understand bushfire stories:

TIPPING POINT

Hot LittI§Things Can
Make a BilDifference

MaLrLcoLm

GLADWELL

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

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

The ==
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http://xkcd.com/904/

Reason 2—"“We are all individuals.”#'

Archival footage:

<% Individual narratives are not enough to
understand distributed, networked minds.
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Reason 3—We are spectacular imitators.

BBC/David Attenborough.
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See “Becoming Mona Lisa” by David Sassoon (4"


http://www.amazon.com/Becoming-Mona-Lisa-Donald-Sassoon/dp/0156027119

Mistake 1:
Success is due to intrinsic properties

e
&

it's just so disappointingly small

See “Becoming Mona Lisa” by David Sassoon (£
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Stolen in 1913, recovered in 1915.

See “Becoming Mona Lisa” by David Sassoon (£


http://www.amazon.com/Becoming-Mona-Lisa-Donald-Sassoon/dp/0156027119

Mistake 1:
Success is due to intrinsic properties

Hidden during WWII.

See “Becoming Mona Lisa” by David Sassoon (£
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Mistake 1:
Success is due to intrinsic properties

Repeatedly vandalised and attacked.@
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Resolving the paradox:
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Increased social awareness leads to
Stronger inequality + Less predictability.

36

24

12 1

Rank: m

indep
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Payola/Deceptive advertising hurts us all:

Downloads

Exp. 3 Exp 4
| | —Unchanged world Song 1
S = = =Inverted worlds 9
4001 r
300/ | .~ Song 48
! ” . e Song 48
200/ o
,+ Song 1
’4
vl Song _'." .- Song1
”' - "_ »
o Song 48 ‘—s-gl:’::f"—T ‘ Song 48
0 400 752 1200 1600 2000 2400 2800
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“Mistake” 2:

Seeing success is ‘due to social’ and
wanting to say ‘all your interactions are
belong to us’
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“This is truly the last time, believe me”

The Washington Post

14 years of Mark Zuckerberg saying sorry. not sorry
Do you teust MarkZackebers?

‘wecallcted thisabbreiated hisory o i pablic mes culps,

Tt eads ke  ecord o repeat Zockerbers who made “movefst and
relkthings” is logan,sas sorey o eing e, and thn promies
otons such s privay “contols,”“transparcncy” snd bt polcy
enfocement.” A the e promises it aainth net tme. Youcantrack

i and i the imeline bl

Al the whik, Facbook's acces 0 ouepersonaldat ncrasesand il

What il e diferent st

RobertGocinsr.

“Our oth wnd friends
of Hnl)en Godwin St.and we havea ot of work
AR wve will keep doingall we can [
prevent tragedies like this from happening. ™

Soptombor 2017

intrfre n oo another’ elections, noting hat the amount of
probiemati content”found s ars “relatvely sl

“Tcare deeply about the democratic process
and protecting its integrity. ... It is a new
challenge for internet communities o deal with

WaPo article@

3

Aerfaunching Beacon, which optadin veryone t sharng with

‘Commission fr ecahing consumers abo priacy.

“I'm the 1i|.\
bundl of

PR e e
‘mistakes.

Facebook has always

Fobruary 2000
Aferunvefing now orms of service that angored users.

*“Over the past couple of days, we received a lot
of questions and comments. ... Based on this
fecdback, we have [T

EETETETITIRT wwhile we resole the

issues, ™

“ We won't prevent all mistakes or abuse, but

improvemen: [T mTm——TY
learning from working to fix our issues together:

Mareh 2018
Aordotats emergod about Cambicg Anallica taking user cats.

Bl e haca responsibilty o profeety

to being transparent about the
information you have stored with us — and we

have led the internet in building tools to P
[people the ability to see and control what they

Aforan acadernic paper exposed that Facebook condcied
peyehologialestson neary 700,000 userswithou hei knowedse.

B 1t was my mistake, and I'm sorry. ISIIIEE
more we can do here to AT

:ss and put more
NI (o prevent abuse. ™

Ao Fucehook confont ot s, g gvenments might s sl chngs

cebook uds Russians showed to
erent groups
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https://www.washingtonpost.com/graphics/2018/business/facebook-zuckerberg-apologies/

The hypodermic model of influence:
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The two step model of influence: "
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The network model of influence:
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The network model of influence:

b e, ek o

How superspreading works:

Many interconnected, average,
trusting people

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

Watts and Dodds,
J. Consum. Res., 34, 441-458, 2007."”
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Etymological clarity:
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Destiny is probablistic.
Fame—from the Latin fama: meaning “to talk.”
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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
fate."(4

Destiny is probablistic.

Fame—from the Latin fama: meaning “to talk.”

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

Renown (4" Repeatedly named, talked about. Old

French renon, from re- + non (“name”).
Réclame (4. “Clamo”"—Proto-Indo-European: “to

shout” (again).
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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
fate."(4

Destiny is probablistic.

Fame—from the Latin fama: meaning “to talk.”

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

Renown (4" Repeatedly named, talked about. Old

French renon, from re- + non (“name”).
Réclame (4. “Clamo”"—Proto-Indo-European: “to

shout” (again). Connected to “lowing’".
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Ultrafame—Percentage of days per year ranked above ‘god’

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
barack [18% [08% [00% [00% [00% [00% oo oo [00% [o0% [00% [0 foori |
‘obama’ [51.4% [6.9% |0.5% [0.5% |2.2% [03% | [03% [2.2% [22% |05% | [03% |

\

‘@barackobama’ ‘ ‘ ‘ ‘ 0.5% ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

‘john' [3.6% |0.6% | | | | | | [03% [0.8% [03% [0.5% |

\

‘mecain’ [39.5% | | | | | | | | [03% [11% | | |

‘@senjohnmecain’ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

mitt’ \ \ \ |o8% | \ \ \ \ \ \ \ \
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“@mittromney’ | \ \ \ \ \ \ \ \ \ \ \ \ \

‘hillezy’ | \ \ \ \ \ \ \ [r04% | \ \ \ \

‘elinton’ \ \ \ \ \ \ \ [77% | \ \ \ \
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Relative median rates of ‘being talked about’
in the 8 weeks (56 days) pre-election day:

2008 2012 2016 2020
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abana B O Db
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‘joe’ [1p8 39 [32 287]
‘biden’ Bﬁ ‘ 4 ‘ 5
[1 [1 [21p
I | [

‘god’ 362 380



Relative median rates of ‘being talked about’ per year:

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
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‘obama’ [s2 [B7 [b7 [Iro [lor [o3 [156 [d60 [20 [1os [lo4 |17
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‘clinton’ [[62 |25 |16 |10 8 |6 |8 |27 [140 [l62 [45
‘@hillaryclinton’ | | | | | |1 |11 [ |19 |21
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Ratiometrics:
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€y: Twitter on 2017/08/13

Lines of constant 6D,

Q: Twitter on 2016/11/09

Instrument: Rank Divergence

D@ [19) = 37 6D%, .

34

10,000
100,000

1,000,000
Counts per cell

Allotaxonometry—
the comparison of complex systems:

Divergence contribution 6Df, = (x10~%)
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trump 120
de
election 512,999

2,108

1,466

nazis
charlottesville
larsson

president 13257
zar:

a
clinton 129-+2.5

gaga
america 10252
obama 51

won 90695
bts
elected 206—4,185
the 253
a
supremacists
heyer
august
cvjetanovicr
harambe 653 52,111

bernie 338-+5,202
michelle 2023615
firststarmagicallstar >
simpsons 47511620
asensio
antifa
jabberduck 1,203 1354086
opport, 567-+57.163
voters 398 6,265
wins 202
country 01

50.41% 49.59%
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noetaly

19, 05/07-05/13  Ryan 25
20 03/14-05/20  Bemio2s3
210 05/21-05/27  Clinton 05
22, 05/25.06/03  Hiligy 1.9
23, 06/04-06/10  Clinton 11.1
4, 06/11 06/17  Orlodo 12.4
25, 06/15-06/24  Hillry 2.9
26, 06/25-07/01  Clinton 13.0
[27. 07/02-07/08 | Crooked 80,6
/28, 07/09-07/15 - Craoked 715
20, 07/16-07/22  Pence 2

0. 07/23.07/20  DNE 6.1

2. 08/06-03/12 :
3. 08/13-08/19  Manafort 0.0
34, 08/20-08/26  Clinton 7.6
oo ce/zr-00/ - T
'36. 09/03

7. 00/l 09/16  deplorable 00
8. 09/17-09/23  Clintdn 6.5
139, 09/24-09/30  debate 4.9
40. 10/01-10/07  Pence 4.9
H1.10/08-10/14  sexual 03
2. 10/15-10/21
l43. 10/22-10/28
4. 10/29-11/04
la5.

11/19 n/zs

. 12/03-12/09  Taivian 7.8
0. 12/10-12/16 Russia 2.9
1. 12/17-12/23 inauguraio

2. 12/24-12/31 _ inauguration 3.2

Mucller 0.0

Kavandugh 2.1
Puerto 7.5

Kuvanhgh 17
nitizh 9.

I-\n\anuugh s

Kavandiugh 4.3
Sandi 5.3

Week 2016 o1’ 018 2019 2020
101/01-01/07  Hilliey 347 hacking286 ion shutdown 0.0 Tran 9.6
2.01/0801/14  Cruz 10 Merfd 5.0 shutdown 0.0 Soleinidni 5.9
L 01/15-01/21  Crigl07  inauguration 0.6 el 6.8 n
4.01/22:01/28  Cn@gl06  inaugurition 3.1 Peloi 2.6 Ukraige 5.5
5.01/20-02/04  Crugll2 border 0.0 impeachment 0.
6.02/05-02/11  Crug5.1 Whitaker 00 Vindnian 25
7.02/12-02/18  Crug69 emergency 0.0 art 2.2
8.02/19.02/25  Rubio 3.8 Jussic 0.0 loombers; 6.3
9.02/2603/04  Rubio 9.2 Cohh 3.7 coronavirus 0.0
10. 03/05-03/11  Cruz 10 e A
L. 03/12-03/18 g 5.7 emergency L6 coronavirus .
[12. 03/19-03/25  Arizona 16,8 ﬂmm»\mhau
113. 03/26-04/01 Schiff 52 coronavirus 0.5
4. 04/02-04/08  Cruz 15 returns 0.0 coronavirus 0.0
5. 01/09-01/15 217 Bart 2.4

Epstein 0.0
acist 0.8
Baltiioge 13.6
Baltiore 9.4
a5 7.6.
Greenland 6.9
Greenliind 8.0

impeachment 0.0
impeachment 0.0
Ukraie

Ukraipe 5.2

keaife 3.5
impeachinent 3.1
peachment 0.0
peachment 0.0

impeachment 1
impeacifient 7.6

Covid 0.0
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Week
01/01-01/07
01/08-01/14
01/15-01/21
01/22-01/28
01/29-02/04
02/05-02/11
02/12-02/18
02/19-02/25
02/26-03/04

. 03/05-03/11
. 03/12-03/18
. 03/19-03/25
. 03/26-04/01

04/02-04/08

. 04/09-04/15
. 04/16-04/

04/23-04/29

. 04/30-05/06
. 05/07-05/13
. 05
. 05/21-05/27
. 05/28-06/03
. 06/04-06/10
. 06/11-06/17
. 06/18-06/24
. 06/25-07/01
. 07/02-07/08
. 07/09-07/15
. 07/16-07/22
. 07/23-07/29
. 07/30-08/05
. 08/06-08/12
. 08/13-08/19
. 08/20-08/26
. 08/27-09/02
. 09/03-09/09
. 09/10-09/16
. 09/17-09/23
. 09/24-09/30
. 10/01-10/07
. 10/0810/14
. 10/15-10/21

4-05/20

10/28
11/04

. 11/05-11/11
L 11/12-11/18
L 11/19-11/25
. 11/26-12/02

12/03-12/09

. 12/10-12/16
12/17-12/23 inauguration 11.8
12/24-12/31 inauguration 3.2

2016
Hillary 34.7
Cruz 1.0
Cruz 10.7
Cruz 10.6
Cruz 11.2
Cruz 5.1
Cruz 6.9
Rubio 3.8
Rubio 9.2
Cruz 1.0
Cruz 5.7
Arizona 16.8
women 8.3
Cruz 1.5
Cruz 1.7
Cruz10.5
Cruz 3.0
Indiana 11.5
Ryan 2.5
Bernie 25.3
Clinton 9.5
Hillazy 11.9
Clinton 11.1
Orlanido 12.4
Hillary 23.9
Clinton 13.0
Crooked 80.6
Crooked 715
Pence 2.9
DNC 6.1
Khan 6.5
Crooked 55.2
Manafort 0.0
Clinton 7.6
Crooked 57.4
Bondi 0.0
deplorable 0.0
Clinton 6.5
debate 4.9
Pence 4.9
sexual 0.3
rigged 10.1
star 0.0

FBI5.9
Clinton 0.9
Bannon 0.0

Hamilton 12.4
recount 0.0
Taiwan 7.8
Russia 2.9

2017
hacking 28.6
Meryl 5.0

inauguration 0.6
inauguration 3.1

ban 2.1
Bannon 0.0
Flynn 0.0
Sweden 4.9
Russia 6.4
Russian 4.8
tax 1.8
Nunes 0.0
Russia 9.9
Russia 2.8
Syria 0.4
Russia 0.5
days 0.1
Trumpeare 0.0
Comey 2.8
Comey 1.0
budget 0.0
Kathy 4.4
Comey 0.8
Mueller 0.0
Trumpcare 0.0
Russia 5.8
ONN 0.7
Russian 1.2
Mueller 0.0
Scouts 0.0
Mueller 0.0
Korea 5.8
Charlottesville 1
Charlot tesvill

Harvey 0.0
DACA 2.4
ESPN 2.7
Kim 4.9
Puerto 4.7
Puerfo 2.1
Puerto 1.8
Puerto 0.2
Mueller 0.0
Mueller 0.0
Gillespie 12.0
sexual 1.7
LaVar 21.3
Moore 0.0
Mueller 0.0
Mueller 0.0
Mueller 0.0
Mueller 0.0

5

B3

2018
Bannon 2.2
Mueller 0.0
DACA 6.7
Mueller 0.0
Mueller 0.0
memio
Mueller 0.0

Parkland 0.3
Mueller 0.0
Mueller 0.0
Mueller 2.2
Mueller 2.2
Stormy 0.0
Mueller 0.0
Mueller 2.0
Mueller 0.1
Kanye 8.0
Mueller 0.0

Iran 6.6
ZTE 45
Korea 18.2

Roseaiine 4.0

pardon 0.0
Kind 4.1

children 1.0
Justice 8.3
toddlers 0.0
NATO 13.0
Helsinki 3.1

1en 0.0

LeBron 0.7
Omarosa 0.4
Omatosa 9.5

Cohen 2.7

Ohr 14.0

Kavanaugh

Puerto 7.5

Kavanangh 1.7

Kavanaugh 9.5

Kavanaugh 6.8

Kavanaugh 4.3

Saudi 5.3
caravan 0.0
caravan 0.0

Whitaker 6.2

caravan 0.0

Saudi 1.6
Moscow 0.1

Cohen 2.1
Cohen 6.9

wall 9.8

wall 20.4

2019
shutdown 0.0
shutdown 0.0

Pelosi 6.8
Pelosi 2.6
border 0.0
Whitaker 0.0
emergency 0.0
Jussie 0.0
Cohen 3.7
Nadler 13.7
emergency 1.6
Barr 0.0
Schiff 5.2
returns 0.0
Bart 2.4
Barr 0.1
Biden 6.0
Barr 0.0
Barr 0.0
Barr 0.0
Barr 0.0
USS 3.0
Mexico 27.6
foreign 2.0
Iran 12.9
Moon 29.9
parade 0.0
Epstein 0.0
racist 0.8
Baltiriore 13.6
Baltimore 9.4
Paso 7.6
Greenland 6.9
Greenland 8.0
Dorian 12.2
Dorian 12.6
flavored 0.0
Ukraitie 4.5
Ukraine 6.8
Ukraine 5.1
Kurds 8.2
Kurds 3.7

impeachment 0.0

impeachment 0.0
Ukraine 6.2
Ukraine 5.2
Ukraine 3.5

impeachment 3.1

impeachment 0.0

impeachment 0.0

impeachment 1.4

impeachiment 7.6

2020
Tran 9.6
Soleiniani 5.9
Parnas 0.0
Ukraibe 5.5
impeachment 0.0
Vindman 2.5
Barr 2.2
Bloomberg 6.3
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.5
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
coronavirus 0.0
pandenic 0.0
Minsieapolis 32.1
police 4.
Tulsa 4.5
Tulsa 2.1
bounties 0.0

Rushniore 2.3
coronavirus 0.0
coronavirus 0.0
Portland 11.8
pandemic 0.0
USPS 0.0
USPS 0.0
Bidén 6.6
Kenasha 9.5
Atlantic 4.8
Woodward 2.6
coronavirus 0.0
ballots 0.7
Covidl 1.4
COVID 1.4
Bidén 8.2
Biden 9.2
Bidan 10.0

Sidney 0.1
voies 24.1
Georgia 20.2
vaccine 11.1
vaccine 15.4
Election 60.2

2021
Georgia 14.7
Capitol 0.1
Capitol 0.0
insurrection 0.0
Greene 0.0
insurrection 0.0
Capitol 0.0
Capitol 0.0
Capitol 0.0
insurrection 0.0
Biden 0.0
Biden 0.0
Capitol 0.0
Matt 0.0
Capitol 0.0
Capitol 0.0
audit 0.0
Cheney 0.0
Cheney 0.0
Cheney 0.0
Weisselberg 0.0
reinstated 0.0
McGahn 0.0
DOJ 0.0
Capitol 0.0
Organization 0.0
Weisselberg 0.0
CPAC 0.0
vaccinated 0.0
Jan 0.0
Capitol 0.0
Rosen 0.0
Taliban 0.0
Taliban 0.0
Taliban 0.0
Afghanistan 0.0
Milley 0.0
Eastman 0.0
audit 0.0
Bannon 0.0
Jan 0.0
Powell 0.0
Jan 0.0
Youngkin 0.0
infrastructure 0.0
Christic 0.0
Rittenhouse 0.0
Waukesha 0.0
Meadows 0.0
Meadaws 0.0
Manchin 0.0
Brandon 0.0
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. 07/16
. 07/23-07/29
. 07/30-08/05
. 08/06-08/12

Week
01/01-01/07
01/08-01/14
01/15-01/21
01/22-01/28
01/29-02/04
02/05-02/11
02/12-02/18
02/19-02/25
02/26-03/04

03/05-03/11

. 03/12-03/18
. 03/19-03/25
. 03/26-04/01
. 04/02-04/08
. 04/09-04/15
. 01/16-04/22

04/23-04/29

. 04/30-05/06
. 05

/07-05/13
05/14-05/20
05/21-05/27

. 03/28-06/03
. 06/04
L 06/11
. 06/18
. 06/25
. 07/02

06/10
06/17
06/24
07/01
07/08
07/15
07/22

07/09

08/13-08/19

. 08/20-08/26
35.
. 09/03-09/09
37.
. 09/17-09/23
. 09/24-09/30
. 10/01-10/07
41.
42.
. 10/22-10/28
. 10/29-11/04
45.
. 11/12-11/18
47.
. 11/26-12/02
. 12/03-12/09
50.

08/27-09/02

09/10-09/16

10/08-10/14
10/15-10/21

11/05-11/11

11/19-11/25

12/10-12/16
19/17.19/92

2016
Hillary Clinton 32.7
Trump rally 0.0
Ted Cruz 26.0
Megyn Kelly 4.9
Ted Cruz 19.7
New Hampshire 19.5

Ted Cruz 15.7
Ted Cruz 30.1
vote for 4.4
Ted Cruz 2.4
Trump is 0.1
Lyin’ Ted 66.2
Trump is 0.0
Ted Cruz 3.9
New York 19.3
Ted Cruz 28.1
Trump rally 0.0
Ted Criz
Paul Ryan 2.0
Hillary Clinfon 26.5
Hillary Clinton 24.8
Trump University 3.4
Hillary Clinton 18.6
Trump is 0.0
Hillary Clinton 20.6
Hillary Clinton 20.5
Crooked Hillary 82.8
Crooked Hillary 73.3
Mike Pence 6.8
Crooked Hillary 79.6
Khizr Khan 0.0
Hillary Clinton 10.5
Trump campaign 0.0
Hillary Clinfon 19.1
Crooked Hillary 61.8
in Detroit 0.0
tax returns 0.0
Trump Jr 0.0
Hillary Clinton 7.5
Mike Pence 8.9
sexual assault 0.0
Hillary Cliafon 19.9
Hillary Clinton 11.7
Hillary Clinton 6.5
Trump wins 0.0
Steve Bannon 0.0
Mike Pence 24.3
popular vote 17.4
Air Force 18.2
of State 7.6
Flortaral Callooe &

2017

plant in 85.1
Meryl Streep 6.6

executive order 0.0
travel ban 1.6
travel ban 1.1

Michael Flynn 0.0

Trump administration 0.0

to Russia 22.0

Is on 0.0
health care 0.0

2018
Steve Bannon 5.7
shithole countries 0.0

Trump’s inauguration 0.0 the government 1.4

the EBI 5.6
the FBI 9.4
military parade 0.0
school shooting 3.1
the NRA 0.0
Hope Hicks 0.0
Stormy Daniels 0.0
Stormy Daniels 0.0

Freedom Caucus 20.8  Stormy Daniels 0.0

turnout for 0.0
tax plan 0.0
health care 0.0
James Comey 6.7
Saudi Arabia 12.5
Saudi Arabia 8.2
Kathy Griffin 5.7
James Comey 0.2
obstruction of 12.6
Karen Handel 16.6
Fake News 37.6

National Guard 0.0
Michael Cohen 0.0
Michacl Cohen 2.4
the Korean 0.0
Stormy Daniels 0.0
the Tran 9.0

Justin Trudeau 8.5
their parents 0.0
their parents

Supreme Court 3.7

2019
the government 0.0
the border 1.0
Cohen to 0.0
the government 0.0
Ralph Northam 26.0
El Paso 4.7

national emergency 0.0

Tim Apple 0.0
New Zealand 17.9
Cambridge Analytica 0.0 Mueller report 0.0

Mueller report 0.0
tax returns 0.0
sanctuary cities 5.3
Mueller zeport 0.0
Mueller report 0.0
Mueller report 0.0
tax returns 0.0
Lindsey Graham 0.0
Nancy Pelosi 12.5
John McCain 0.0
with Mexico 39.2
the FBI 8.5
need soap 0.0
Jean Carroll 0.0

North Korea 28.6 Trump administration 0.0 Jeffvey Epstein 0.0

Trump Jr 0.0
Secret Service 0.0
Boy Scouts 0.0
Maxine Waters 0.0
North Korea 5.7

Supreme Court 7.9
in Helsinki 1.7
Walk of 0.0
enemy of 22.2
Space Force 11.1

Jeffrey Epstein 0.0
a racist 0.0

Elijah Cummings 2
Bl Paso 1.1
El Paso 7.7

white supremacists 0.0 security clearance 0.0 New Hampshire 26.5

Joe Arpaio 3.5
Hurricane Harvey 0.1
to end 0.0

white supremacist 0.0

North Korea 12.8
Puerto Rico 5.2
Puerto Rico 2.6
Puerto Rico 2.2

families of 0.0
Myeshia Johnson 0.0

Michael Gohen 4.3
John McCain 0.2
Brett Kavanaugh 7.6
Puerto Rico 8.4
Blasey Ford 0.0

Primd Minister 28.7
Hurricane Dorian 9.6
the Taliban 3.0
Dan Bishop 37.7
a forcign 6.4

2020
a war 6.6
impeachment trial 0.0
impeachment trial 0.0
impeachment trial 0.0
impeachment trial 0.0
Alexander Vindman 0.0
Roger Stone 4.0
Bernie Sanders 13.6
the coronavirus 0.0
the coronavirus 0.0
the coronavirus 0.0
the coronavirus 0.0
the coronavirus 0.0
the coronavirus 0.0
the coronavirus 0.0
0.0
the coronavirus 0.0
tr 0
tested positive 0.0
the pandemic 0.0
2 mask 6.3
photo op 0.0
Left Democrats 75.1
in Tulsa 7.4
in Tulsa 2.2

the coronavirus

wor:

Mount Rushmore 3.9
Roger Stone 0.0
in Portland 0.0
in Portland 8.9
the election 3.4

Social Security 0.0
the USPS 0.0
Joe Biden 5.9
Joe Biden 2.7
Joe Biden 3.4
Joe Biden 13.3

Supreme Court 7.3

Brett Kavanaugh 15.impeachment inquiry 0.0 Supreme Court 5.7

Supreme Court 6.9
Kanye West 0.0
Saudi Afabia 6.6

the bombs 0.0

Adam Schiff 13.3
the Kurds 11.3
the Kurds 3.8

World Series 0.0

Twitter employee 0.0birthright citizenship 0.0the impeachment 0.0

mental health 0.0
ban on 0.0
Roy Moore 0.0
Native American 0.1
Roy Moore 3.5

Jim Acosta 0.0
pres
Saudi Arabia 2.5
Trump Tower 2.5

campaign finance 0.0
Michael Cohen 7.8

PO — P

pro quo 8.1

lent who 0.0 impeachment inquiry 0.0 the election

quid pro 1.3
Hong Kong 0.0
to impeach 7.7
articles of 0.0
hriatior BT o R 1

Walter Reed 5.7
Biden is 26.5
Joe Biden 12.1
Joe Biden 10.1
Joe Biden 12.6
2
5
the election 6.7
votér fraud 32.2
in Georgia 12.9
the eldetion 9.0
Alertion Brand 12

the election

2021
in Georgia 20.2
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0
the Capitol 0.0

voted for 0.0
Lara Trump 0.0
the border 0.0
Matt Gaetz 0.0
Matt Gaetz 0.0
Matt Gaetz 0.0

Maxine Wat
Liz Cheney 0.0
Liz Cheney 0.0

the January 0.0
Memorial Day 0.0
Jean Carroll 0.0
Trump DOJ 0.0

the Capitol 0.0
American soldiers 0.0Trump Organization 0.0

Ashli Babbitt 0.0
the Capitol 0.0
Tom Barrack 0.0
the Capitol 0.0
the Capitol 0.0
overturn the 0.0
the Taliban 0.0
the Taliban 0.0
the Taliban 0.0
Robert E 0.0
the Taliban 0.0
to overturn 0.0
debt ceiling 0.0
the debt 0.0
the January 0.0
the January 0.0
Alee Baldwin 0.0
in Virginia 0.0
infrastructure bill 0.0
Chris Christie 0.0
Kyle Rittenhouse 0.0
Donald Trump 0.0
Donald Trump 0.0
Mark Meadows 0.0
ha (Cadieed 00
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A. Chronopathic equivalency heat map for d-days-ago surrounding Trump

Vi
2
5=1 your T
182 days 031
91 days
56 days 03
28 days 029
14 days
7 days o
1 days -
3 days
2 days 026
1 day 029

B. Number-of-days-ago chronopathically equivalent to 14-day

L1

s-ago in April, 2020

NINRER

C. Number-of-days-ago ¢hronopathica

ly equivalent to 56-days-ago in May, 202

D. Number-of-days-ago chrongpathically equivalent to 182-days-ago in August, 2020




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

( LETS USE THEM TO

BOLD NARRATIVES!
% % )
> i

AL SFORTS COMMENTARY

xkcd.com/904/

)

Toward a Science of Stories.
Claim: Homo narrativus @—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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The long tail:

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.!'°!
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The long tail:

Money

B 4F ' o i
N 0354275 A ‘ Be“ef

‘24.1.«5@4,

Two questions about wealth distribution in the
United States:

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.!'°!
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The long tail:

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.

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.!'°!
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The long tail:

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.

“Building a better America—One wealth quintile at a time”
Norton and Ariely, 2011.!'°!
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The long tail:

Money

Belief

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.!'°!
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Wealth distribution in the United States:

= Top 20% = 2nd 20% = Middle 20% u 4th 20% = Bottom 20%

ACtuai_-I

i _--.I
- _----
—_—t T ————————

|

0% 10% 20% 30% 40% 50% 60% 70% BOW  90% 100%
Percent Wealth Owned

Fig. 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, 11!
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Wealth distribution in the United States:

Actual

Estimated (< $50K) |

Estimated ($50-100K)

Estimated (> $100K)

Estimated (Bush Voters)
Estimated (Kerry Voters)
Estimated (Women)

Estimated (Men)

Ideal (< $50K)
Ideal ($50-100K)
Ideal (> $100K)
Ideal (Bush Voters)

-
Ideal (Kerry Voters)

Ideal (Women)

Ideal (Men)

Fig. 3. The actual United States wealth distribution plotted against the estimated and ideal
distributions of respondents of different income levels, political affiliations, and genders.
Because of their small percentage share of total wealth, both the “4th 20%” value (0.2%)

= Top20% ®2nd20% ™ Middle 20% = 4th20% = Bottom 20%

10% 20% 30% 40% 50% 60%

Percent Wealth Owned

and the “Bottom 20%" value (0.1%) are not visible in the “Actual” distribution.

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

70% 80% 90% 100%
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My, what big words you have ... Cormpsaible]

History
87 0of 116

capitalizes on word frequency following a
heavily skewed frequency distribution with a
decaying power-law tail. < o

(story )


http://testyourvocab.com/
https://www.youtube.com/watch?v=3DxMSufIIqY
https://www.youtube.com/watch?v=3DxMSufIIqY
https://www.greatbigstory.com/stories/the-official-pronouncer-of-the-scripps-national-spelling-bee
https://www.youtube.com/watch?v=Nfa80vMQn6c

The statistics of surprise:

N(M>m) [earthquakes/year]

10°

10*

10’ |

] Log-log plot
5 i Base 10

o : Slope = -1
T T | N(M >m)xm?!
105

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

From both the very awkwardly similar Christensen
et al. and Bak et al.:
“Unified scaling law for earthquakes” > %/
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http://en.wikipedia.org/wiki/Gutenberg-Richter_law
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https://twitter.com/adjacentstories/status/725683772092485632
http://www.theweek.co.uk/conspiracy-theories/62926/the-top-ten-conspiracy-theories-in-the-world

Why adjacent narratives exist and untrue
stories flourish:

1/4. A real story is never recorded and retold
completely
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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.
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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).
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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.
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Why adjacent narratives exist and untrue
stories flourish:

2/4. The infinitude of adjacent stories will afford
“better” stories
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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.
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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.

<= 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.
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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).
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Why adjacent narratives exist and untrue
stories flourish:

4/4. Character is the short cut to story
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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.
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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.
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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.
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Things that spread quickly: Computation
History
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+ News + Conspiracy
Theories ...

buzzfeed.com &%


http://www.buzzfeed.com

The boiled-down essence of stories:

The three fundamental events of (non-clone) life:
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The boiled-down essence of stories:

The three fundamental events of (non-clone) life:
<= Hatchings, Matchings, and Dispatchings.
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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.
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The boiled-down essence of stories:

Hatchings, Matchings, and Dispatchings.
Stories encode survival algorithms.

Survival algorithms are for both individuals and
groups.
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The boiled-down essence of stories:

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.
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The boiled-down essence of stories:

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.
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Deep fame:
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Shareworthy Content is “King”:

1. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.
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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.
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and social value out in the Social Wild.

. Advertise but lay off the social interactions.
. Just keep trying and be trustworthy.
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1. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.

2. Advertise but lay off the social interactions.
3. Just keep trying and be trustworthy.

4. Of course it can all go wrong and be used for any
purpose: good, stupid, bad, evil, ...
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. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.

. Advertise but lay off the social interactions.
. Just keep trying and be trustworthy.

. Of course it can all go wrong and be used for any
purpose: good, stupid, bad, evil, ...

. Essential implication: Billions of people can be
harmoniously wrong.
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. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.

. Advertise but lay off the social interactions.
. Just keep trying and be trustworthy.

. Of course it can all go wrong and be used for any
purpose: good, stupid, bad, evil, ...

. Essential implication: Billions of people can be
harmoniously wrong.

. Beware the evil, payola version.
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. Build entities/messages/stories that have intrinsic
and social value out in the Social Wild.

. Advertise but lay off the social interactions.
. Just keep trying and be trustworthy.

. Of course it can all go wrong and be used for any
purpose: good, stupid, bad, evil, ...

. Essential implication: Billions of people can be
harmoniously wrong.

. Beware the evil, payola version.

. Challenge: What's the societal vaccine for
conspiracy theories?
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