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Goal—Understand this:

Qu: Twitter on 2016/11/09

Qu: Twitter on 2017/08/13
Instrument; Rank-Turbulence Divergence

a=1/3

1,000

% 100,000

10,000 2

%

%
100,000 Balances:

N 59.9% total counts 40.1%

4,000,000, & 63.2% all words 61.6%
Counts per cell SRS, 1B 000 (0,000 DD o8 60.87% exclusive words 59.8%

Divergence contribution 6D, . (x10-3%)
1 05 0 0.5 1
T T T T T
Trump 1160
Charlottesville
election (12,055
voted 581,002
Hillary 701,505
Donald 50
Nazis
president 15—
trump 77
My
Larsson
supremacists
Zara,
won 69536
Heyer
Clinton 1

elected

con
America

Gaga
Cvjetanovics:
Obama 76375
wins 111 209

torches
JabberDuck 093510032
hatemonger 750-120.156
ntifa
apport 67262,603
neo-

Harambe (58--56.005
Michelle 2613115

50.2% 498
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https://pdodds.w3.uvm.edu/videos/2021-09-19pocs-boggle-allotaxonometry.mp4
https://pdodds.w3.uvm.edu/videos/2021-09-19pocs-boggle-allotaxonometry.mp4

Site (papers, examples, code):
http://compstorylab.org/allotaxonometry/ (4"

Foundational papers:

“Allotaxonometry and rank-turbulence

Dodds et al.,
,2020.[1

“Probability-turbulence divergence: A

Dodds et al.,
,2020.011]


http://compstorylab.org/allotaxonometry/
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020g.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020g.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020g.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020g.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/dodds2020g.pdf

Basic science = Describe + Explain:

Dashboards of single scale instruments helps us
understand, monitor, and control systems.

Archetype: Cockpit dashboard for flying a plane
Okay if comprehendible.

Complex systems present two problems for
dashboards:

1. Scale with internal diversity of components: We
need meters for every species, every company,
every word.

2. Tracking change: We need to re-arrange meters
on the fly.

Goal—Create comprehendible,
dynamically-adjusting, differential dashboards
showing two pieces:’

1. ‘Big picture’ map-like overview,

2. Atunable ranking of components.

1See the lexicocalorimeter &'
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http://panometer.org/instruments/lexicocalorimeter/

Baby names, much studied: **!

just a decade or so. 1 you were born in the United States around this year, these are
‘names that are more liely to seem common and generic to you, but are distinctive
generational markers.

LIELY BRIH YEAR FOR GROUP WITH
NAMES MATTHEW, MATTHEW, LISA,
IFER, COURTNEY, AND DAVD'

65 IO HT5 HBO F85 B0 H45 2000 2005 200 205

‘The actors were actually born in the late 19605, on the very early edge of the
In other word:

ifalitde
ahead ofthe curve

‘We get something very different i we look at the names of their characters—
Phoebe, Joseph, Ross, Chandler, Rachel, and Monica:

LKELY BRTH YEAR FOR
GROUP WITH NAMES
PHOEBE, JOSEPH,

CHANDLER
MONCA, D RACHEL

1 kids in your class were named Jeff, Lisa, Michael, Karen, and David, then you
were probably born in the mid-1960s. If they were named Jayden, Isabella, Sophis,
d Eih:

But names can reveal things about age in other ways

Dt names o e ..< HES K0 HT5 8O M85 K0 Fi5 2000 2005 200 2065
‘Matthew,Jennifer, Courtney, Lisa, David, and another Matthew Each of those names
has its own popularity curve; f we combine them all we can guess what years the
group of actors was likely born

199 a
and 1996, which can probably be attributed to the show putting the names in the

by some of
TV writers looking for good names for thelr characters

How to build a dynamical dashboard that helps sort
through a massive number of interconnected time
series?
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“Is language evolution grinding to a halt? The

= Pechenick, Danforth, Dodds, Alshaabi, Adams,
- | Dewhurst, Reagan, Danforth, Reagan, and

- Danforth.
Journal of Computational Science, 21, 24-37,
2017, 251
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https://pdodds.w3.uvm.edu//research/papers/others/everything/pechenick2017a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/pechenick2017a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/pechenick2017a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/pechenick2017a.pdf

For language, Zipf's law has two scaling
regimes:

profor e < it
f Y —a/ f
r orr > ry,

When comparing two texts, define Lexical
turbulence as flux of words across a frequency
threshold:

¢N ft;/ri/for fthr < fb’
fthf for fthr > fb7
Estimates: 1~ 0.77 and p/ ~ 1.10, and f,, is the scaling
break point.
; v =rot forr <,
v = rekforr > (%

Estimates: Lower and upper exponents v ~ 1.23 and
v ~1.47.
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A. Rank-turbulence histogram:
: Twitter on 2016/11/09

Qp: Twitter on 2017/08/13
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B. Identical systems:

C. Randomized systems:




Rank-turbulence histogram:

Identical systems:

Qy: Twitter on 2016/11/09 Q,: Twitter on 2017/08/13
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| G.l Balancess .= = _;
59.9% total counts 40.1% |
63.2% all words 61.6% :

|

60.8% exclusive words 59.8%
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Probability-turbulence histogram:

Q,: Twitter on 2016/11/09 Q,: Twitter on 2017/08/13
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So, so many ways to compare probability distributions:

“Families of Alpha- Beta- and Gamma-

Cichocki and Amari,
Entropy, 12, 1532-1568, 2010. [°!

“Comprehensive survey on

1

Sung-Hyuk Cha,
= | International Journal of Mathematical

Models and Methods in Applied Sciences,
1, 300-307, 2007.

Comparisons are distances, divergences,
similarities, inner products, fidelities ...

60ish kinds of comparisons grouped into 10
families

A worry: Subsampled distributions with very
heavy tails
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https://pdodds.w3.uvm.edu//research/papers/others/everything/cichocki2010a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cichocki2010a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cichocki2010a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cichocki2010a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cha2007a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cha2007a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cha2007a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/cha2007a.pdf
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“The bandwagon” (£

Claude E Shannon,
IRE Transactions on Information Theory, 2,
3, 1956. 30

“Information theory has ... become something of a
scientific bandwagon.”

“While ... information theory is indeed a valuable
tool ... [it] is certainly no panacea for the
communication engineer or ... for anyone else.

“A few first rate research papers are preferable to
a large number that are poorly conceived or
half-finished.”
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https://pdodds.w3.uvm.edu//research/papers/others/everything/shannon1956a.pdf

We want two main
things:
1. A measure of
difference between
systems

2. A way of sorting which

types/species/words
contribute to that
difference

For sorting, many
comparisons give the
same ordering.

A few basic building
blocks:
|P;, — Q,| (dominant)
max(P;, Q;)
min(Pi7 Qz)
Pz'Qi
bindent o

(Hellinger)

Table 1. L, Minkowski family

4
1. Euclidean L, dp =Y |R-0F 1)
i=1
2. City block L, dey = |P -0, @
i=1
A
3. Minkowski L, dy =115 -0, I 3)
=
4. Chebyshev L., d e = oAz |\P.=0/] 4)
Table 2. L, family
5. Serensen
)
6. Gower
©)
)
7. Soergel
e R e ®)
2 max(B.0)
=
8. Kulezynski d i‘ P-0,|
G s e ©)
2 min(P.Q,)
i
9. Canberra LIP-0|
e i~
=2 P10 (10)
10. Lorentzian &
dy,, =Y In(+|R~0,)) (11)
il

* Ly family o {Intersectoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.
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Information theoretic
sortings are more
opaque

No tunability

Table 1. L, Minkowski family

d
1. Buclidean L, dp, =Y |R-Qf 1)
i=1

d
2. City block L, da =Y | -0 @

=
d

3. Minkowski L, du =22 12 -0, 1" 3)
o

4. Chebyshev L., dhey = Tax [\P, =0r| 4)
Table 2. L, family
5. Serensen i‘ P-0
Bt pr e 5)
2(R+0)
=
6. Gower 1 P-0)
I P %
D Jan (©6)
1
7; E-0| (@)
7. Soergel i\P*Q |
do ®
8. Kulezynski d i‘ P-0|
e ©)
> min(P,0,)
=
9. Canberra LIB-0 |
by i=9
=2 p 0 (10)
10. L tzi ¢
S d, =3 h+172-0)  an
=]

* Ly family > {Intersectoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.
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Shannon's Entropy:

1 1
H(P)=(log,—)= >_ p-log, - (1)

pT TERl,Q:a

Kullback-Liebler (KL) divergence:

1 1
9l I | R <Iog2 —log, — >
p2,‘r P.

pl 0
1
£ Z P - |0g2 —|0g2
TER; pia 2.7 P1,+
p
= > palog, - (2)
TER) 5.4 2 IF:

Problem: If just one component type in system 2 is not
present in system 1, KL divergence = co.

Solution: If we can't compare a spork and a platypus
directly, we create a fictional spork-platypus hybrid.

New problem: Re-read solution.
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Jensen-Shannon divergence (JSD): [19,13, 24, 3] 23.0f124
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= 3D% <P1 H 3 [P+ Pﬂ) traD' (P2 H 3 [P+ Pﬂ) E
Probability-
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= 5 Z <p177_|0g21[p_:p] +p2’7_|0g21[p_:p]> 4 divergence
TSl i A 2Ll 2 Explorations
(3)

Stories

< . 4 A . Mechanics of
Involving a third intermediate averaged system means JSD is now Fame

finite: 0 < DIS (Py || Py) < 1.

Superspreading
Generalized entropy divergence: (6] Lexical Ultrafame

Turbulent times

D2 (Pl B) =

i < el B
il {(pi,prl,f)(“f”) f(pf,ﬁpf,z)]

TER) 2.

References

(4)

Produces JSD when o — 0. 3 \\\‘//



Q: Twitter on 2016/11/09

15 1
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Rank-turbulence histogram:

Identical systems:

Qy: Twitter on 2016/11/09 Q,: Twitter on 2017/08/13
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ULt L ke

Rank-based.

Symmetric.

Semi-positive: D (Q, || Q5) > 0.
Linearly separable, for interpretability.

Subsystem applicable: Ranked lists of any
principled subset may be equally well compared
(e.g., hashtags on Twitter, stock prices of a certain
sectorsptc.):

. Turbulence-handling: Suited for systems with

rank-ordered component size distribution that are
heavy-tailed.

. Scalable: Allow for sensible comparisons across

system sizes.
Tunable.

. Story-finding: Features 1-8 combine to show

which component types are most ‘important’
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Working with ranks is intuitive

Affords some powerful statistics (e.g., Spearman’s
rank correlation coefficient)

Can be used to generalize beyond systems with
probabilities

1 1

rT,l T‘F,Q

(5)

Inverse of rank gives an increasing measure of
‘importance’

High rank means closer to rank 1
We assign tied ranks for components of equal ‘size’
Issue: Biases toward high rank components
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1/
1 1

[Tf,l]a . [7”7,2]a

As o — 0, high ranked components are
increasingly dampened

For words in texts, for example, the weight of
common words and rare words move increasingly
closer together.

As o — oo, high rank components will dominate.

For texts, the contributions of rare words will
vanish.

(6)
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The limit of &« — 0 does not behave well for

; ; 1/a
[Tr,l]a 7 [7“7,2]a
The leading order term is:
(1-9 Jalis In_z:L e
AT rra ;

which heads toward co as o — 0.
Oops.
But the insides look nutritious:

rT,l

In

TT,Q

is a nicely interpretable log-ratio of ranks.

(7)
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e e e

Keeps the core structure.

Large « limit remains the same.

a — 0 limit now returns log-ratio of ranks.
Next: Sum over 7 to get divergence.

Still have an option for normalization.

DY(R, || Ry) = N1 - poE R R ()
;& TER12a
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Take a data-driven rather than analytic approach
to determining Vy 5.,-

Compute IV, ,., by taking the two systems to be
disjoint while maintaining their underlying Zipf
distributions.

Ensures: 0 < DR (R; | Ry) <1

Limits of 0 and 1 correspond to the two systems
having identical and disjoint Zipf distributions.
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lif the Zipf distributions are disjoint, then in Q()’s
merged ranking, the rank of all Q(2) types will be

r = N; + $N,, where N, and N, are the number
of distinct types in each system.

Similarly, 2(2)'s merged ranking will have all of
Qs types in last place with rank r = N, + 2 N;.
The normalization is then:

1/(a+1)
Y Lsat 1 1 i 1
‘e TER, [7’7,1] [N1+%N2]a
; - . 1/(c+1)
o+
& e
(1-1)
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1 T’T,].
DR iR )= N ohR = ¥ In-—i,
TGRLQ;Q 1,2;0 TGRLQ;Q T,2
(12)
where
TT2
Nigo=D_ | ’i =y
TR, ncal e i

(13)

Largest rank ratios dominate.
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DR (R 3T DR
TER1,2,a
1 1
- (1-6, . ,)max :
Nl,Q,OO TGRLQ;Q /38 i)l T7',2

(14)

T —

TER, xpi TER2 7,2

(15)

N1,2;oo T

Highest ranks dominate.
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~ Divergence contribution §Dfj; (% ;
1 05 0 05 1 I
T T T T i
Trump 1160 !

Charlottesville }
1

I

1

I

|

|

Qu: Twitter on 2016/11/09

=
| Instrumer
! a=1/3

v
00 14z Y41 323 3 s

election (12,055
voted 581,002

]
I

|

]

117‘ (4 1) = 0.493
‘ ;
I

]

————————— ss
supremacists
ara

won 69536
Heyer
Clinton 125+
elected 151
Nazi

761

%, * s
by 26 S
1
10
L00; tord
JabberDuck 003=540,052
iy hatemonger 756+ 120,156
o ifz
& ntifa
10,00 % &&\ opport (722,603
100,000 1,000,000 1,000,000 _ Bzt e T
= & & 59.9% total counts 40.1% T o
¥ ¢ Michelle 2613115
;020,200 Ll 63,296 all words 61.6%
Counts per cell S U 14 60.8% exclusive words 59.8%




p - 1 O[-'—l a_ o 1/(a+1>
Da(Pll\PQ)_iqu;a—a s e

’TGRLZQ

(16)

For the unnormalized version (V] ., =1), some
troubles return with 0 probabilities and o« — 0.

Weep not: V% .., will save the day.



With no matching types, the probability of a type
present in one system is zero in the other, and the
sum can be split between the two systems’ types:

e +1
Moaw=2 3 [+ 2 Y [p,0] ™

TER, TER,
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Normalization:
ik
N§,2;a—>&(N1 + Ny). (19)

Because the normalization also diverges as 1/q,
the divergence will be zero when there are no
exclusive types and non-zero when there are
exclusive types.
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DSPIP) = g 2 (oo b0,,)

TGRLQ;O

(20)

The term (4, o+ 0o, ,) returns 1if either
p,1 =00rp, ,=0,and 0 otherwise when both
pr1>0andp, 5 >0.

Ratio of types that are exclusive to one system
relative to the total possible such types,
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In terms of contribution to the divergence score,
all exclusive types supply a weight of 1/(N; + N5).
We can order them by preserving their ordering as
a — 0, which amounts to ordering by descending
probability in the system in which they appear.

And while types that appear in both systems make
no contribution to DY (P, | P,), we can still order
them according to the log ratio of their
probabilities.

The overall ordering of types by divergence
contribution for a=0 is then: (1) exclusive types by
descending probability and then (2) types
appearing in both systems by descending log ratio.
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divergence Probability-turbule
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]. ories
DR ) — 3 Z (1 ws 5pﬂ,pr,2> max (Pr,17P7,2) ;

Mechanics of
TER 2,00 Fame

(21 ) Superspreading
Where Lexical Ultrafame
Turbulent times

N572;OO = Z (pq-,l +p7’2 )Z ]. =+ 1 — 2 (22) References

TeRl,z;oo




a = 0: Similarity measure Sgrensen-Dice
coefficient® 2" 201 F, score of a test's
accuracy 2 29,

o = 1/2: Hellinger distance'®! and Mautusita
distance *'.

« = 1: Many including all L(®)-norm type
constructions.

o = oo: Motyka distance .
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Q: Twitter on 2016/11/09 Qy: Twitter on 2017/08/13 Divergence contribution 6D},  (x107*%)
0.5 0

Tnstrutiient: Rank-Turbulence Divergence

a=1/3
v

]
0 1412 a1 322 35 o

100

%

1,000 2,

% 100,000 100,000 A
10,000 2 &

“7, 'S
100,000 Balances:
59.9% total counts 40.1%

1,000,000

63.29
60.8Y% exclusive words 59.8%

all words 61.6%

Counts per cell 10,000,000 10,000,000

election (1

voted
Hillary 70
Donald 50
Nazi

zi
president 15
tru

won (92536

He;
Clinton 1251761
elected 151=-2,787

o
America 10161

Gaga
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Obama 76375
wins 114 209
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Lad

nazis
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electoral 446152
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JabberDuck 003+540.052
hatemonger 750 120,156
Antifa
opport 672=62.603
neo-nazis
Harambe (58+56.005
Michelle 261,115

40.8%




Q: Twitter on 2016/11/09 Qp: Twitter on 2017/08/13

Tnstrumient: Probability-Turbulence Divergengé|
a=1/12
v

0! 1412 341 322 35

S b1

D, 50 ]| ) =37 4DF . / cavxio SIS i
1357 |p! pr 315x10° 315x10°

2 N
1,000 2 »
(D‘/ 5
10,000 2, &
& S
% &%
100,000
1,000,000

Counts per cell

Divergence contribution 6D}, . (x1071%)
1 0 1

T T T
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GSHD.

o
<KiligTripSaBaguio 3 112
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<DICKASS 332115
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eyer'sb
4SCHOO 3921
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SORIBADA >
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<Ruline 5097+
aSteininger 5,115
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aclimate-denying 5.191+1 537471
CLITORIS>
Adityanathp
<lambo’s 5.383+1,537.471
DeliHasret >
FikBel>
Walker-Peters >
<KBAT 5,617=1,537,471
UNIDAS®>
<stunnered 56531537 471

49.9%—50.1%




Q4 Barro Colorado Island, 1985 Census

Instrumient: Rank-Turbulence Divergence
a=0
0 1/4 142 3/a 1 35 oo
Dii(& [|$22) = 37 3D; Oerfocarpus shap
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100
Counts per cell

1,000

Qy: Barro Colorado Island, 2015 Census
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Balances:
51.5% total counts 48.5%
95.6% all types
1,000

7.8% exclusive types 4.7

Divergence contribution §DF, (%)
3 2i 1 0 1 2 3

T T T T T T T
Piper cordulatum 9135
Poulsenia armata 1153
Calophyllum longifolium
Psychotria horizontalis 52
Eugenia galalonensis
Palicourea guianensis
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Xylopia macrantha
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)
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Piper culebranum 123213
Guatteria lucens 2050
Coussarea curvigemmia
Xylosma oligandra 97165
Piper playablancanum 110236
4Bactris coloradonis 155
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50.0%—50.0%



€ Baby girl names in 1968
Tnstrument: Rank-Turbulence Divergence
e

00 1/a 12 341 322 35 o

DR (9, | 2,) = 0926

S MigHelle
)| Lisa

£ 10,000
1,000 %

10,000
Counts per cell
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Qy: Baby girl names in 2018
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Divergence contribution 6DX _ (%)
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48.9%—51.1%



Qu: Baby boy names in 1968 Qy: Baby boy names in 2018

Tnstrutient: Rank-Turbulence Divergence
Fffchac Willian
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Qu: 1948 Google Books Fiction

ion Divergence contribution 6DX _ (%)
08 06 04 02 0 02 04 06 08
e T

Qy: 1987 Google Books Fi

Tnstrutiient: Rank-Turbulence Divergence
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Q: Market caps, 2007-Q4 Qy: Market caps, 2018-Q4 Divergence contribution 6Dy, (%)

ficeoiacan: 02 015 701 005 0 005 01 015 702

Instrutient: Rank-Turbulence Div

rgence

et et oot et e e e L
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a
v
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S aSchering-Plough Corp 71— 11575
o aAlcon Inc 641575

o
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%
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Qy: Incel Comments Divergence contribution 6D, - (x1073%)

15 1 0.5 0 0.5 1 15
T T T T T T T

©Q;: Random Comments

Instrument: Rank-Turbulence Divergence

) ugly
normies
chads
cope
normie

i
foids

sex
attractive
blackpill

! fomales
iq
foid
height
femoids
roastie
personality
& manlet
woman
subhuman

1,000

& e 316=4,322.5
A inceldom

Balances:

10,000 @,
%,

100,000

total counts 58.3%

69.9% all words 43.9%

laid
blackpilled
1,000,000 kek

1,000,000° 1,000,000

Counts per cell

80.4% exclusive words 68.7%

FIG. 8. Rank-turbulence divergence allotaxonograph [34] of word rank distributions in the incel vs
random comment corpora. The rank-rank histogram on the left shows the density of words by their rank in the
incel comments corpus against their rank in the random comments corpus. Words at the top of the diamond are
higher frequency, or lower rank. For example, the word “the” appears at the highest observed frequency, and thus
has the lowest rank, 1. This word has the lowest rank in both corpora, so its coordinates lie along the center vertical
line in the plot. Words such as “women” diverge from the center line because their rank in the incel corpus is higher
than in the random corpus. The top 40 words with greatest divergence contribution are shown on the right. In this
comparison, nearly all of the top 40 words are more common in the incel corpus, so they point to the right. The
word that has the most notable change in rank from the random to incel corpus is “women”, the object of hatred
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Q;: Pride and Prejudice, first half Qy: Pride and Prejudice, second half

Instrutient: Probability-Turbulence Divergen

a=3/4

0! 14 12341 322 35 o
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1,000

10,000 2 Balances:
2 5 S o
B, b N E R 50.0% total counts 50.0%
100,000 e & 58.3% all 2-grams 58.4%
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Divergence contribution 6D;’;,4_7 (x1073%)
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in the
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of the
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50.0%—50.0%



Q;: Pride and Prejudice, first half

rutiient

0l 1

10,000
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12 341 322 35 o

Qy: Pride and Prejudice, second half

Probability-Turbulen;

Divergen;

107

of Lady,

Balances:

 total counts 50.0%
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Divergence contribution 6D, (x1073%)
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speaking to>
by Darcy>
of ment
<awas certain 915-44,665.5
<t possible 015416655
<his brother 915-11.665.5
<athat such 915446655

14,665.5

is quites
my feelings >
am convinced >

50.0%—50.0%



Q;: Pride and Prejudice, first half Qy: Pride and Prejudice, second half

Instrutient: Probability-Turbulence Divergengé

0! 1412 341 322 35

0.785

10,000 ¥ & Balances:
& b, R total counts 50.0%
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G 5
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€Q;: Twitter on 2020/03/12 Q,: Twitter on 2020/05/30

Instrusiient: Probability-Turbulence Divergen
a=1/4

0 14 12311 322 35

DY, (0 [ ) = 0568

St ]

AACED
csourtef
O P

1,000
10,000

100,000

Balances:

total counts 59.6%
% all words 66.3%

57.4% exclusive words

1,000,000

Counts per cell % &

Divergence contribution 6D}, . (x107*%)
0

T
Minneapolis
Floyd
coronavirus 31705
police
corge
protesting.
protest
protestors
protesters
looting
Gobert 427*164,877.5
Hanks 32048 943.5
black

Coronavirus 722,352
protests
PROTEST
Chauvin




Q: Twitter on 2020/03/12

3/4,7

6 4 2 0 ) 4
Tnstrutiient: Probability-Turbulence Divergen;

Qy: Twitter on 2020/05/30 Divergence contribution 6D}, = (x10~%)

6

a=3/d George Floyds

fi Aol AT Gl STy SOA the coronavirus 10506
the police
0 14 12341 322 35 w in Minneapolis
black people

tested positive 20-6,125.5
positive for 31

he virus 28

for coronavirus 45 13.078.5
of coronavirus 50+ 14.998.5

of George
Tom Hanks 62192306
lives matter
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ack lives
Rudy Gobert 971475591
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has tested 9115662
corona virus 733,111
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due to 37245
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the Coronavirus 117132045
will be 52
spread of 119<+10.611
to cancel 128=13,725.5
the protest
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Q: Twitter on 2020/03/12

Tnstrutiient: Probability-Turbulence Divergengé

0 14 12 341

10,000,000
100,000,000

Counts per cell

322 3 jos

Q,: Twitter on 2020/05/30

Balances

2% total counts 59.8%

50.8% all words 59.4%

80.0% exclusive words 82.9%
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Divergence contribution 6D}, (%)

Q,: Barro Colorado Island, 2015 Census
2 15 1 0.5 0 0.5 1

Q4 Barro Colorado Island, 1985 Census

Piper cordulatum 01
Peyalitria horizontlis §22
Isenia armata 1153
Calophyllum longifolium
Inga acuminata

Palicourea guianensis
Bactris barronis 137
Bactris coloradonis 155

Instrutient: Probability-Turbulence Divergengf

a=1/3
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Wlaned ocNentalis
0! 1412 341 322 35

DY (0, ][ 22) Y,/)‘_

Ao i

alalonensis
Trema integerrimat-
Xylopia macrantha
Cecropia insignis
<Trema unidentified 200303
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Piper playablancanum 110236
<Inga unidentified 215405
Cecropia obtusifolia
Protium stevensonii
100 Guarea bullata 3170
Cuj pmla seemannii
Piper culebranum 123
Viola sebifern 2240
Cespedesia spathulata
% Piper cabagranum 95
> Erythrina costaricensis 103178
Hasseltia floribunda 3777
Xylosma oligandra 97105
<Geonoma interrupta 225305
<Koanophyllon wetmorei 231305
Conostegia cinnamomea 55135

‘alboping
ozanih pid¥eri

4, o,
%5, 6@6 Aelbrdea Hiilolias actris coloniata 16+ 155
% % ARgiba hybrjil, Solanum asperum >
J Psychotria gracilifiora
10 naxagorea panamensis
aPsychotria tenuifolia 241308
Garcinia recondita
Balances: Psychotna limonensis
5 RS0 Aegiphila panamensis 1432
51.5% total individuals
. s Pouroims bicoloe
o i N 95.6% all species 92.5% L :
Counts per cell v 7.8% exclusive species 4.7% 50.4%—49.6%



Flipbooks for RTD:

oo Twitter:
instrument-flipbook-1-rank-div.pdf £

<= Market caps:
instrument-flipbook-4-marketcaps-6years-rank-div.pdf (&

<= Baby names:
instrument-flipbook-5-babynames-girls-50years-rank-div.pdf =

<= Google books:
instrument-flipbook-7-google-books-onegrams-rank-div.pdf (£


https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-2016-11-09-2017-08-13-all-rank-div_combined_noname.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-2016-11-09-2017-08-13-all-prob-div_combined_noname.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-2016-11-09-2017-08-13-storywrangler-all-entropy-alpha-div_combined_noname.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-siblis_flipbook001_marketcaps001_combined.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-babynames-1-50-decade-combined.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-babynames-2-50-decade-combined.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-google-books-fiction-1948-1987-onegrams-rank-div-lcs-combined_noname.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-google-books-fiction-1948-1987-bigrams-rank-div-lcs-combined_noname.pdf
https://pdodds.w3.uvm.edu/videos/figallotaxonometer9000-google-books-fiction-1948-1987-trigrams-rank-div-lcs-combined_noname.pdf

Flipbooks for PTD:

o> Jane Austen:
Pride and Prejudice, 1-gramsH (&

& Social media:
Twitter, 1-grams (£

< Ecology:
Barro Colorado Island &


https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-1-probability-divergence-pride-and-prejudice-1-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-2-probability-divergence-pride-and-prejudice-2-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-3-probability-divergence-pride-and-prejudice-3-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-4-probability-divergence-twitter-1-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-5-probability-divergence-twitter-2-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-6-probability-divergence-twitter-3-grams.pdf
https://pdodds.w3.uvm.edu/videos/allotaxonometer-flipbook-7-probability-turbulence-divergence-barro-colorado-island.pdf
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https://gitlab.com/compstorylab/allotaxonometer

Needed for comparing large-scale complex
systems:

Comprehendible, dynamically-adjusting,
differential dashboards

Many measures seem poorly motivated and
largely unexamined (e.g., JSD)

Of value: Combining big-picture maps with ranked
lists

Maybe one day: Online tunable version of
rank-turbulence divergence (plus many other
instruments)
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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

The PoCSverse
Allotaxonometry
67 of 124

A plenitude of
distances

Rank-turbulence
divergence

Probability-
turbulence
divergence

Explorations
Staries

Mechanics of
Fame

Superspreading
Lexical Ultrafame
Turbulent times

References



http://www.amazon.com/dp/0674033574/
http://www.amazon.com/dp/0674033574/
http://www.amazon.com/dp/0674033574/
http://www.amazon.com/dp/0547391404/
http://www.amazon.com/dp/0547391404/
http://www.amazon.com/dp/0547391404/
http://www.amazon.com/dp/B06VXP1SYW/
http://www.amazon.com/dp/B06VXP1SYW/
http://www.amazon.com/dp/B06VXP1SYW/

Algorithms, recipes, stories, ...

ooz “The Code Economy: A Forty-Thousand Year

BP0 N O M Y amaeirairio it kgt et Lose o e o s S et e e s Sl

by Philip E Auerswald (2017). "

AUERSWALD

Algorithms
to Live By

’ “Algorithms to Live By" 8 (&'

by Christian and Griffiths (2016). !

“Once Upon an Algorithm” @ (£

Also: Numerical Recipes in C*°! and How to Bake 7 !
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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.

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

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

Twelve ...
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The completely unpredicted fall At o o
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Timur Kuran:!'®! “Now Out of Never: The Element of | \\A?/
Surprise in the East European Revolution of 1989"



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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Reason 1—We are Homo Narrativus. A oo ol

76 of 124

A plenitude of

.H WGHTH} RP.NU:"‘[ Nmm distances
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ALL SPORTS COMMENTARY : \\A///

http://xkcd.com/904/ (2"



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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https://www.youtube.com/watch?v=LQqq3e03EBQ

var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton0'){ocgs[i].state=false;}}




Reason 3—We are spectacular imitators.

BBC/David Attenborough.

The PoCSverse
Allotaxonometry
78 of 124

A plenitude of
distances

Rank-turbulence
divergence

Probability-
turbulence
divergence

Explorations
Stories

Mechanics of

Superspreading
Lexical Ultrafame

Turbulent times

References




var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton1'){ocgs[i].state=false;}}
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See “Becoming Mona Lisa” by David Sassoon (£


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

The PoCSverse
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Salganik, Dodds, and Watts,
Science, 311, 854-856, 2006. *!



https://pdodds.w3.uvm.edu//research/papers/others/everything/salganik2006a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/salganik2006a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/salganik2006a.pdf
https://pdodds.w3.uvm.edu//research/papers/others/everything/salganik2006a.pdf
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Increased social awareness leads to

Stronger inequality + Less predictability.
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Payola/Deceptive advertising hurts us all:

Downloads
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“M iSta ke" 2: The PoCSverse
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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 10 the family and friends

of Hnl)en (.nd\wn
PP e will keep doing all we can [0
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. .. Itis 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.

- Timthe first o it [ we've made o
Rbunch of mistakes G dways

facebook ha

- Wesimpl\'djdnln b wilh his relase

Fobruary 2000
Aferunvefing now orms of service that angored users.

“Over llv' past couple of days, we received a Inl

issues, ™

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

RO T looking forwad 1o
learning from working to fix our isses together:

Mareh 2018
Aordotats emergod about Cambicg Anallica taking user cats.

B We have a responsibility to protect y
daa, and e cant then we dori

1o being transparent about the
information you have stored with us — and we
have led the internet in building tools to [FEE
ntrol what they

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

B 1t was my mistake, and T sorry. BRNSS

PAp—

st e g goveraments ight fors el change
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https://www.washingtonpost.com/graphics/2018/business/facebook-zuckerberg-apologies/
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The two step model of influence: " Al nomery
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The network model of influence: A oo ol
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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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Oscar Wilde, The Picture of Dorian Gray: Raw
Fame

“There is only one
thing in the world

worse than being
talked about,

and that is

not being talked

rs. (dustrated iy Feding arin)
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“Fame and Ultrafame: Measuring and Allotaxonometry
comparing daily levels of ‘being talked A
about’ for United States’ presidents, their A
rivals, God, countries, and K-pop” (' il s

. Dodds et al., Probability-
Available online at P
https://arxiv.org/abs/1910.00149, 2019. "9 ..

Stories

“Computational timeline reconstruction of Mechanics of

*********************************** Fame
——————————————————————————————— Superspreading
———————————————————————————— Lexical Ultrafame
,,,,,,,,,,,,,,,,,,, Turbulent times

= DOddS et al., References

, 2020, [12]

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

<% Stories surrounding Trump:
http://compstorylab.org/trumpstoryturbulence/ (£
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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% | \ \ \ \ \ \ \ \

‘romney’ ‘ ‘ ‘ ‘ ‘ 1.6% ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 0.3% ‘

“@mittromney’ | \ \ \ \ \ \ \ \ \ \ \ \ \

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

‘elinton’ \ \ \ \ \ \ \ [77% | \ \ \ \

‘@hillaryclinton’ | | | | | | | [11% | | | | |
‘donald’ | | | | | | | | [27% ]05% | | [1.6% ]0.6%
‘trump’ | | | | | | | [0.5% [47.8% [986% [98]7% [923% [109.0% [10.2%
‘@realdonaldtrump’ | | | | | | | | [27% [P6.8% [41.4% [62.7% [90]2% |2.2%
oo |35% |20% [0.0% [0.0% [00% [o0% [00% [o0% [00% [o0% [00% [oo% [sa% |06%
‘biden’ [ 1.8% | | | [03% | | | | | | | [B3.8% [6.1%
‘@joebiden’ | | | | | | | | | | | | [41% ]0.3%

‘@hts_twt | \ \ \ \ \ \ [0.5% [8.5% [80.7% [100.0% [100.0% [98)% [93]1%



Relative median rates of ‘being talked about’
in the 8 weeks (56 days) pre-election day:

2008 2012 2016 2020
‘barack’ '8 |11 |11 ﬂ13
abana B O Db
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‘trump’ |4 |3 [656 | [1001 |
‘@realdonaldtrump’ ‘ ‘ 4 ! 656
‘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

‘barack’ [150 [38 |17 |9 |10 |7 |8 |11 |14 |15 |14 |14 |19 |3
‘obama’ [s2 [B7 [b7 [Iro [lor [o3 [156 [d60 [20 [1os [lo4 |17
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‘john’ [2f4 [ss  [h2e [uz  foa  [13 21 [us 2o [h2s  [ia  [hos [ls2
‘mecai |11 |4 |2 |2 |2 |1 |1 |3 |15 |7 |5 |3 |2
|2 It \ \ 1 [t 1 [t [ [2 [ [ [
‘mitt’ | 5 |8 |5 |6 |25 |6 |5 |4 |4 |2 |2 |3 |3 |2
‘romney’ |3 [1 |1 |4 [42 |2 |1 |1 |4 |1 [1 |3 |4 |1
‘@mittromney’ | 5 |1 |1 |1
‘hillary’ | 28 |10 |5 |3 3 |4 |6 |30 [d69 [e1 [43
‘clinton’ [[62 |25 |16 |10 8 |6 |8 |27 [140 [l62 [45
‘@hillaryclinton’ | | | | | |1 |11 [ |19 |21
‘donald’ | 11 |17 |11 |11 8 |6 |7 [4a [d66
“trump’ | 7 |20 |10 |7 4 |3 |3 [J7
‘@realdonaldtrump’ | 2

‘joe’ [157
‘biden’ [|72 [52
‘@joebiden’ | |18 [d62 |28
‘@bts_twt’ | 287 [i802 [iagg U7 |

o



Ratiometrics:
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“Ratioing the President: An exploration of public engagement with Obama and Trump on Twitter,”

Minot et al,, 2020 [22]
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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%, .
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Allotaxonometry—
the comparison of complex systems:

Divergence contribution 6Df, = (x10~%)
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29. 07/16-07/22  Pence 2.9

30. 07/23-07/20  DNC 6.1

31. 07/30-08/05  Khan 6.5

32. 08/06-08/12  Crooked 55.2
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51.
52.

. 08/13-08/19
. 08/20-08/26
. 08/27-00/02
. 09/03-09/09
.+ 09/10-09/16

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

. 12/10-12/16

Manafort 0.0
Clinton 7.6
Crooked 57.4
Bondi 0.0
deplorable 0.0

. 09/17-09/23  Clinton 6.5
. 09/24-09/30  debate 4.9
. 10/01-10/07  Pence 4.9
. 10/08-10/14  sexual 0.3
. 10/15-10/21  rigged 10.1
10/28  star 0.0
11/04 FBI 5.9

Clinton 0.9
Bannon 0.0
Hamilton 12.4
recount 0.0

Taiwan 7.8

Russia 2.9
12/17-12/23 inauguration 11.8
12/24-12/31 inauguration 3.2

12/03-12/09

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

LETS USE THEM TO
BUILD NPRRATIVES!

K

o

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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