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Goal—Understand this:

Qu: Twitter on 2016/11/09

Qu: Twitter on 2017/08/13
Instrument; Rank-Turbulence Divergence
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Site (papers, examples, code):
http://compstorylab.org/allotaxonometry/ (4"

Foundational papers:

%

“Allotaxonometry and rank-turbulence

Dodds et al.,
12020, 111

“Probability-turbulence divergence: A

Dodds et al.,
+2020:03
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Basic science = Describe + Explain:

Dashboards of single scale instruments helps us
understand, monitor, and control systems.
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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.
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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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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 BRTH YEAR FOR GROUP WITH
NAMES MATTHEW, MATTHEW, LISA,
IFER, COURTNEY, AND DAVD'

W65 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, Isabelia, Sophis,
d Eih:

But names can reveal things about age in other ways

Dt names o e - HES K0 HT5 8O MBS K0 Fi5 2000 2005 200 205
‘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, 1291
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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 < rp,
v = reeforr > (%

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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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

Sung-Hyuk Cha,

International Journal of Mathematical
Models and Methods in Applied Sciences,
1, 300-307, 2007. 4!

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

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
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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

ik

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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“The bandwagon” (£

Claude E Shannon,
IRE Transactions on Information Theory, 2,
3, 1956. [34]

“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.
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“The bandwagon” (£

Claude E Shannon,
IRE Transactions on Information Theory, 2,
3, 1956. [34]

“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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Table 1. L, Minkowski family

We want two main The PoCSverse
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things: 1. Euclidean L, dpe= |2 R-0F M 1 200f125
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difference between e s x/Z‘PT 3 | Ranketurbulence
Systems L o 581 e divergence
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* Ly family > {Intersectoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.




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.

Table 1. L, Minkowski family

4
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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 =X |R-0F 1)
i=1
2. City block L, dey =Y |P -0, %)
i=1
A
3. Minkowski L, dy =1 |B-0, I 3)
=
4. Chebyshev L., d e = oAz |\P.=0/] 4)
Table 2. L, family
5. Serensen
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6. Gower
©)
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7. Soergel
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10. Lorentzian &
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Table 1. L, Minkowski family - The PoCSyetse
1. Buclidean L d, = P-QF 1) | Allotaxonometry
uclidean L, B 1;% ol 1 51 0f 125
d .
2. City block L, dey :;\ B =0l @ 5
d
3. Minkowski L, dy =3P -0, | 3 Rank-turbulence
i divergence
. dokres P-
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Table 2. L, family divergence
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References
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= Z Bro (10) L
10. Lorentzian & =
dy, ZIH(H\P [23)] (11) | o\
- ?
* Ly family > {Intersectoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.




Information theoretic
sortings are more
opaque

No tunability

Table 1. L, Minkowski family

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

1)

d
2. City block L, dy=Y|P -0l ®)
i=1
7
3. Minkowski L, dig =1 IR -0, 17 3)
i
4. Chebyshev L., d ey = Tax [\P, =0r| 4)
Table 2. L, family
7
5. Serensen SIE-0
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=
6. Gower
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8. Kulezynski d
Ay =5 )
> min(P,0,)
=
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Shannon'’s Entropy:

1 1
H(P)=(log,—)= >_ p-log, - (1)

pT TER1,2:0¢

Kullback-Liebler (KL) divergence:

1 1
9l 8 | R <Iog2 —log, >
p2,‘r P.
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1
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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 8 | R <Iog2 —log, — >
p2,‘r P.

pl 0
1
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TER; p.a 2.7 P1,+
p
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TER) 5.4 2 IF:

Problem: If just one component type in system 2 is not
present in system 1, KL divergence = co.
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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 8 | R <Iog2 —log, — >
p2,‘r P.

pl 0
1
£ Z P - |0g2 —|0g2
TER; p.a 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.
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Shannon'’s Entropy:

1 1
H(P)=(log,—)= >_ p-log, - (1)

pT TERLQ:@

Kullback-Liebler (KL) divergence:

1 1
9l 8 | R <Iog2 —log, — >
p2,‘r P.

pl 0
1
£ Z P - |0g2 —|0g2
TER; p.a 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): [21,15, 28, 4] 23.0f125
A plenitude of
distances
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(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: (8] Lexical Ultrafame
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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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Desirable rank-turbulence divergence features:
1. Rank-based.
2. Symmetric.
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Desirable rank-turbulence divergence features:
1. Rank-based.
2. Symmetric.
3. Semi-positive: DR (Q, || Q5) > 0.
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Desirable rank-turbulence divergence features:

1. Rank-based.

2. Symmetric.

3. Semi-positive: DR (Q, || Q5) > 0.

4. Linearly separable, for interpretability.
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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
sectorspetc.);
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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
sectorspetc.);

. Turbulence-handling: Suited for systems with

rank-ordered component size distribution that are
heavy-tailed.
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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
sectorspetc.);

. Turbulence-handling: Suited for systems with

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

. Scalable: Allow for sensible comparisons across

system sizes.
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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
sectorspetc.);

. Turbulence-handling: Suited for systems with

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

. Scalable: Allow for sensible comparisons across

system sizes.

. Tunable.
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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
sectorspetc.);

. 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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Some good things about ranks:
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Some good things about ranks:
<> Working with ranks is intuitive
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Working with ranks is intuitive

Affords some powerful statistics (e.g., Spearman’s
rank correlation coefficient)
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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
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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’
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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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We introduce a tuning parameter:

1

1

[Tr,l]a -

[7‘7_’2] -

1/

(6)
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We introduce a tuning parameter:

1/
1 1

[TT,l]a . [%ﬂa

o> As a — 0, high ranked components are
increasingly dampened

(6)
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1/
1 1

[Tf,l]a . [7”7,2]&

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.

(6)
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1/
1 1

[Tf,l]a . [7”7,2]&

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 — o0, high rank components will dominate.

(6)
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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 — o0, 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
1 1
[Tr,l]a 7 [7“7,2]a
The leading order term is:
7z s
(1—57}’1”72)0{1/0‘ Inﬁ :

which heads toward co as o — 0.

(7)
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The limit of &« — 0 does not behave well for

1/a
1 1
[Tr,l]a 7 [7“7,2]a
The leading order term is:
7z s
(1—57}’1”72)0{1/“ Inﬁ :

which heads toward co as o — 0.

Oops.

(7)
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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 Jalie In_z:1 e
AT T s ;

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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Some reworking:

5D5¢,T(R1 || Ry) o

a—+1

1

1

[TT,l]a

[T'r,2]a

1/(a+1)

(8)
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Some reworking:

a+1 1

1

5DF0{¢,T(R1 H Ry) a
[TT,l]

< Keeps the core structure.
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Some reworking:

a+1 1
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6D§¢ T(R R )OC o
) 1 H 2 o [TT,l]

<% Keeps the core structure.
<% Large « limit remains the same.
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; ] ; 1/(a+1)
5‘DEL,T(R1 H R;) o s =

- [T’r,l]a [TT,2]Q

(8)

Keeps the core structure.
Large « limit remains the same.
a — 0 limit now returns log-ratio of ranks.
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; ] ; 1/(a+1)
5‘DEL,T(R1 H R;) o s =

- [TT,l]a [TT,2]Q

(8)

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.
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e e e

- [TT,l]a [TT,2]Q

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.
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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 - pPE R R - (9)
& TER12a

The PoCSverse
Allotaxonometry
31 0f 125

A plenitude of
distances

Rank turbulence

Probability-
turbulence
divergence

Explorations
Stories

Mechanics of
Fame

Superspreading
Lexical Ultrafame
Turbulent times

References



Normalization:

< Take a data-driven rather than analytic approach
to determining Vy 5.,-
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Take a data-driven rather than analytic approach
to determining Vy 5.,-

Compute NV, 5., by taking the two systems to be
disjoint while maintaining their underlying Zipf
distributions.
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Take a data-driven rather than analytic approach
to determining Vy 5.,-

Compute NV, 5., by taking the two systems to be
disjoint while maintaining their underlying Zipf
distributions.

Ensures: 0 < DR(R; | Ry) <1
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Take a data-driven rather than analytic approach
to determining Vy 5.,-

Compute NV, 5., 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; + 3N,, where N, and N, are the number
of distinct types in each system.
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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; + 3N,, 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/(a+1)
o+
& e T
(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, nca e i

(13)

Largest rank ratios dominate.

The PoCSverse
Allotaxonometry
350f 125

A plenitude of
distances

Rank turbulence

Probability-
turbulence
divergence

Explorations
Stories

Mechanics of
Fame

Superspreading
Lexical Ultrafame
Turbulent times

References



DR (R 3T DR
TER1,2,a
1 1
- (1-6, . ,)max :
Nl,Q,OO TGRLQ;Q (8 i | T7',2

(14)

T —

TER, xpi TER2 752

(15)

N1,2;oo =

Highest ranks dominate.
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Divergence contribution 0D, ~(x107%)

Qu: Twitter on 2016/11/09

A 1 05 0 05 1
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100,000 1,000,000 1,000,000 _ Jilany Harambe 6380236.005
% & & 59.9% total counts 40.1% 3 G
¥ ¢ Michelle 261+°3.115
;020,200 N 63.2% 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

’TGRLZQ

(16)

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

Weep not: Vf .., 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
Moaa=20 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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DA = iy 3 (oo b0,0)

TGRLQ;O

(20)

The term (8, o+ 0o, ,) returns 1if either
p,1 =00rp, ,=0,and 0 otherwise when both
o = 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

Explorbtings
]. ories
DR ) — B Z (1 ws 5pﬂ,pr,2> max (Pr,17P7,2) ;
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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> 2?1 | score of a test's
accuracy 2% 231,

a = 1/2: Hellinger distance '®! and Mautusita
distance *?,

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

o = oo: Motyka distance 1.
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(x1073%)
1

Divergence contribution §DY

Qu: Twitter on 2016/11/09 /
1 0.5 0

Qu: Twitter on 2017/08/13

Tnstrutiient: Rank-Turbulence Divergence

a=1/3
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]
0l 1412 a1 322 35 o
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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
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JabberDuck 003-540.052
hatemonger 750 120,156
Antifa
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Michelle 261,115
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Q: Twitter on 2016/11/09 Qp: Twitter on 2017/08/13
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NV Ol

Instrutiient: Probability-Turbulence Divergengd
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Divergence contribution 6D}, . (x1071%)
1 0 1

T T T
Cvjetanovics:
FirstStarMagicAllStar >
KISSMARCREDy -
ForAllStarGamest
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aSteininger 5115153
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aclimate-denying 5.191+1 537171
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Adityanathp
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DeliHasret >
FikBel>
Walker-Peters >
71

<KBAT 5,617+1,537.
UNIDAS >
astunnered 5,6531,537.471
49.9%—50.1%




Q;: Barro Colorado Island, 1985 Census

Instrutient: Rank-Turbulence Divergence
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Qy: Barro Colorado Island, 2015 Census
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1.5% total counts 48.5%
95.6% all types
1,000

7.8% exclusive types 4.7

Divergence contribution §DF (%)
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T T T T T T T
Piper cordulatum 9135
Poulsenia armata 1153

Calophyllum longifolium

Psychotria horizontalis 523
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Xylopia macrantha
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Virola sebifera 2210
Anaxagorea panamensis
Bactris major 15— 50
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€ Baby girl names in 1968
Tnstrument: Rank-Turbulence Divergence
ok
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Qy: Baby girl names in 2018
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Divergence contribution 6DX _ (%)
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ria
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Q1 Baby boy names in 1968 Qy: Baby boy names in 2018
Instrutiient: Rank-Turbulence Divergence
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Qy: 1987 Google Books Fiction

Qu: 1948 Google Books Fiction

Divergence contribution DY _ (%)
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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 02

Instrutient: Rank-Turbulence Div

rgence

et et oo et e e e L e
General Electric Co 275
Facebook Tnco
Excxon Mobil Corp 1+
Amazon.com Inc
Visa Inc Class Ab
Apple Inc
Microsoft Corp
AbbVie Inco
<aGenentech Inc 31 187.5
AT&T Inc 19
Anheuser-Busch InBe.../NV >
aWachovia Corp 33-1.157.5
4 Twenty-First Century Fox 40=1.157.5
Broadcom Ltd
Berkshire Hathaway ...s B 35233
Philip Morris Inter...Inc>
<Time Warner Inc 4741575
aWyeth Corp 1811875
PayPal Holdings Inco

Exxon Mobil Corp,

a
v

0 14 12 341

AIG Inc 17159
<Monsanto Co 544,157.5
Netflix Inc
<Merrill Lynch & Co (0 187.5
3% Mastercard Inc
$9 Procter & Gamble Co 515
NS <Schering-Plough Corp 7441575
o <Alcon Ine 764, 1875
e Charter Communicati...Tnc>
3 Altria Group Inc 125
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Divergence contribution 6D, -~ (x1073%)

15 1 0.5 0 0.5 1 15
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©Q;: Random Comments Q: Incel Comments

Instrument: Rank-Turbulence Divergence

) ugly
normies
chads
cope
normie

il
foids

sex
attractive
blackpill

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

1,000
10,000 s, e 316=4,322.5
%, inceldom

Balances:

100,000

total counts 58.3%

laid
blackpilled
kek
1,000,000 69.9% all words 43.9%

1,000,000 1,000,000

Counts per cell 80.4% exclusive words 68.77%

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



Effect of subsampling:
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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

100

1,000

10,000 3 Balances:
4, G, N \\\»‘ ]° total counts 50.0%
100,000 ///,,// o \\ﬁ 2-grams 58.4%

Counts per cell

71.3% exclusive 2

rams 71.4%

Divergence contribution 6D;’;,4_7 (x1073%)
o =i | 0 Sl e

T T T T T - :
Miss Bingley
she had 929
had been (16
was 36.5+334
in the
Sir William
to be 1--3
isa
Miss Lucas
her uncle 20120057
of Lady
Lady Catherine
it is
uncle and 176-2,951.5
de Bourgh
a very
Collins was

of the
<and Gardiner 317116655
glad to
young ladies
at Pemberley 201-2.0581.5
and aunt 20129815

<every thing 381446655
1 have

it was 10=20
honour of
T must 50115
you are
have been 15.5-35.5
he Parsonage
ato Brighton 130116675
It was 32.5-93

young man
me to
and the

to all 201 14

50.0%—50.0%



Q;: Pride and Prejudice, first half

rutiient

0l 1

10,000

100,000

Counts per cell

12 341 322 35 o

Qy: Pride and Prejudice, second half

Probability-Turbulen;

Divergen;

107

of Lady,

Balances:

 total counts 50.0%
all 2-grams 58.4%

rams 71.4%

71.3% exclusive 2

Divergence contribution 6D, (x1073%)

15 1 0.5 0f 0.5 1

L5

aand Gardiner 317116655
every thing 351116655
the Parsonager
ato Brighton 4301416655
a ballp

met withe
to dancet
said Darcy
<much I 576-44.665.5
aletter from 576116655
leave tor
T seen
the ballo-
athe housekeeper (61=44.665.5
in to 664—44,665.5
his father>
Charlotte Lucast
<ought not 14,665.5
ayou did 77144,665.5
afrom it 771416655
his twor
the dances
and soont-
she continued >
speaking to>
by Darcy>
of ment-
<was certain 915-141.665.5
<t possible 015416655
<his brother 915-11.665.5
<athat such 915446655

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

DE (| 2) = 0785

10,000 ¥ & Balances:
& b, R % total counts 50.0%
100,000 %~ & 2-grams 58.4%
G 5
Counts per cell 2t

71.3% exclusive 2-grams 71.4%

Divergence contribution dDY, _ (%)

02

have been 15.5+35.5
for the
he had
such a 17.5=24.5
it is
on the
and T
he was 21.5=20
id not.
that she 23245

Lady Catherine
all the 26535

ofa
Miss Bingley

she could 2%
that T
and she 20=39.5
in her 30.5-°75

o
by the 32512

47.0%




Q;: Twitter on 2020/03/12 Q,: Twitter on 2020/05/30

Tnstrutiient: Probability-Turbulence Divergen
a=1/4

0 14 12 3a1 322 35

DF (0 ]| 22) = 0,568

AACED
csourtefi
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 % s

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 722,552
protests
PROTEST
Chauvin




Q: Twitter on 2020/03/12

4,
6 4 2 0 ) 4

Qy: Twitter on 2020/05/30 Divergence contribution 6D}, (x107%)

6

Tnstrutiient: Probability-Turbulence Divergen T T T T T T
a=3/d George Floyds>
the coronavirus 1050
the police
0 14 128341 322 35 w in Minneapolis
black people
tested positive 20-6,125.5
positive for 31--6.125.5
virus 28+1,404
for coronavirus 45 13.078.5
of coronavirus 50+14.998.5

of George
Tom Hanks 62192306
lives matter
white people
ack lives
Rudy Gobert 97— 1475501
police officer
has tested 9115662
corona virus 733,111
the black
due to 37245

cops are
the Coronavirus |1 3,204.5
will be §—2
spread of 119-10.611
to cancel 128137255
the protest
toilet paper 13217.650.5
to stop
for the 57
sick leave 169-159,500
the people
the spread 13511282
Corona virus 158-39.790
police brutality
of police
peaceful protest
Balances: If you
protesting in
in Atlanta

100,000
1,000,000
10,000,000

40.3% total counts 59.7"

55.3% all words 62.4%

Counts per cell 51.6%—48.4%

68.0% exclusive words 71



: Twitter on 2020/03/12 Q: Twitter on 2020/05/30 Divergence contribution 6D¥, _ (%)

003 002 001 0 00l 002 003
Tustrutiient: Probability-Turbulence Divergengé ;

tested positive for 1-24,975.5
of George Floydi
the White House
in front of
one of the 21
has tested positive 511,879
positive for coronavirus 1=11.705
e spread of 5+7.264.5
going to be (33
out of the
black lives matter
community in Minneapolis>
is going to 7 105
to do with
part of the
you want to
World Health Organization 51420
to the ground
for the coronavirus 9=75,705
the death of
for George Floyd >
positive for the 1053912
due to the 11603
has announced that 12227535
needs to be
Support from the
be able to 1315
the rest of 111135
in the world 1530
This is the
because of coronavirus 16=-277.12

0 14 12 M1 32203 Foe

0.883

<announced that dogs 20

Health Organization has 21172
the corona virus 221421

<dogs cannot contract 23+43.073.107

4 Organization has an...ced 24-43.073.107

white vs blacks>

Balances

10,000,000
100,000,000

2% total counts 59.8%
50.8% all words 59.4%

80.0% exclusive words 82.9% 50.4%—49.6!

Counts per cell




Q;: Barro Colorado Island, 1985 Census
Instrutiient: Probability-Turbulence Divergengd

a=1/3

v
A —————1
ol a2 341 322 38 o

DY (0, ][ 22) Y,/)‘ =

chibrica Hitifolia'e,
NS

100
Counts per cell

giba hybrjs.
.

Q,: Barro Colorado Island, 2015 Census

Waped ocNentalis

Balances:

51.5% total individuals

N 95.6% all species 92.5%

7.8% exclusive species 47"

100

Divergence contribution 6D}, (%)
IRy 1 i e R e e 51

Piper cordulatum 01
Peyaliotria horizontalis §22
Isenia armata 1153
Calophyllum longifolium
Inga acuminata
Palicourea guianensis
Bactris barronis 137
Bactss caloradonts 135408
Eugenia galalonensis
Trema integerrima >
Xylopia macrantha
Cecropia insignis
<Trema unidentified 209 30%
Inga thibaudiana
Chamguava schippii
Piper playablancanum 110236
<Tnga unidentified 21510
Cecropia obtusifolia
Protium stevensonii
Guarea bullata 3170
Cupauia secmannii
Piper culebranum 12
Viola sebiforn 2240
Cespedesia spathulata
Piper cabagranum 95170
Erythrina costaricensis 103175
Hasseltia floribunda 3777
Xylosma oligandra 97165
< Geonoma interrupta 228308
<Koanophyllon wetmorei 21405
Conostegia cinnamomea 55135
actris coloniata 11615858
Solanum asperum >
Psychotria gracilifiora
naxagorea panamensis
aPsychotria tenuifolia 241308
Garcinia recondita
Pychotia limoneuss
Aecgiphila panamensis 1132
Pouroims bicolor

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:

<& 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

Claims, exaggerations, reminders:

Needed for comparing large-scale complex
systems:

Comprehendible, dynamically-adjusting,
differential dashboards
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Needed for comparing large-scale complex
systems:

Comprehendible, dynamically-adjusting,
differential dashboards

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

Q: Baby girl names in 1968

Qy: Baby girl names in 2018
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Divergence contribution DX (%)
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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
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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, ...

coo:  “The Code Economy: A Forty-Thousand Year

PO N O M Y amieirairio et kgt et Lose o e o s S et e s Sl

by Philip E Auerswald (2017). "

AUERSWALD

Algorithms
to Live By

“Algorithms to Live By’ 8 (L'

wieos Py Christian and Griffiths (2016). !

“Once Upon an Algorithm” 8 (%'

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
If you use the cite: Yu, t al. (2016). Pantheon 1.0, verified dataset of tific Data 2:150075. doi: 10.1038/sdata.2015.75
Who are the globally known people born within present day Japan*? Sfy &
[1900 - 2010]
VISUALIZATIONS T s RANKINGS
i f=fl fnp o Physicist Chemist
TReEMAPS Film Musician Politician ¥ e
oy Director FouTAN.8 19012722
by cultural domain 2.Hayao Miyazaki
O a Cutural Domain 3 Adhito
by country 7.37% INOBLEMAN.b. 1933 (26.26)

o Comic

MATRICES

SCATTERPLOTS Artlst Game‘
RS > Designer
o : 1579
PARAMETERS Soccer Player Racecar Diplomat | Nobieran :
e Driver Engineer  Physician

BIRTH COUNTRY*

Celebrity

Weriter

WI’GSUGI’ Athlete

4. Akira Kurosawa
FILMDIRECTOR b 1910 (2624)

5.Yukio Mishima
WRITER b.1925(2603)

6.Yoko Ono
ARTIST5 1993(25.53)

7.0samu Tezuka
COMICARTIST 1928(25.40)

8. Haruki Murakami
WRITER b.1949(2538)

9.Tadao Ando
ARCHITECT b 19412493

10,

All
FROM TO o ——
om0

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

= A 1-1450 1450 - 1880

l %
Composer
Iln

i --ap T

& C 1880 1950 D 1950 - 2000

E | B
--|-| = I

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



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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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 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/

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

Twelve ...
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Timur Kuran: “%! “Now Out of Never: The Element of | \\\‘// 7
Surprise in the East European Revolution of 1989"
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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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Reason 1—We are Homo Narrativus. Ahan oo ot

76 of 125
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ALL SPORTS COMMENTARY : \\\‘//

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

Reason 3—We are spectacular imitators.

BBC/David Attenborough.
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M ista ke 1 : The PoCSverse

Allotaxonometry
79 of 125

Success is due to intrinsic properties A plénitude of

distances

Rank-turbulence
divergence

Probability-
turbulence
divergence
Explorations

Stories

Mechanics of

Superspreading
Lexical Ultrafame

Turbulent times

References

See “Becoming Mona Lisa” by David Sassoon (%'


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

o Fate—from the Latin fatus: meaning “spoken”.
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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

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

Fame is inherently the social discussion about the
thing, not the thing itself.
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Renown (4" Repeatedly named, talked about. Old

French renon, from re- + non (“name”).
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Fame is inherently the social discussion about the
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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' [3.5% |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% [9846% [98]r% [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% [o0% [00% [00% [00% [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
‘@barackobama’ |9 H |10 Hl?
‘john’ [F»G EFQ D’iS
‘mccain’ ‘ 1 ‘ 2 ‘ 3
‘@senjohnmccain’ ‘ ‘ ‘ 1 ‘
‘mitt’ |3 [50 |2 |2
‘romney’ ‘ 2 @20 ‘ 3 ‘ 3
‘@mittromney’ ‘ ﬂ14 ‘ 1 ‘ 1
‘hillary’ |20 |3 357 [30
‘clinton’ [42 |8 |23
| [130 J19
‘donald’ |7 |5 [11s [135
‘trump’ |4 |3 [656 | [1001 |
‘@realdonaldtrump’ ‘ ‘ 4 ! 656
‘joe’ [18 39 [32 287]
‘biden’ Bﬁ ‘ 4 ‘ 5
[1 [1 [21p
“abis e | | [0

‘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’ [ds2 [B7 [b7 [Iro [or [o3 [156 [d60 [20 [os [ho4 |17
“@barackobama’ | 10 |8 |11 |10 |17 |15 |16 |13 |13 |17 |17 |13 |24 5
‘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 2 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 [3
‘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  [iaag U7 |

o



Ratiometrics:

Barack Obama Donald Trump
Trump candidacy | 1 2016 Election Trump candidacy | 1 2016 Election
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“Ratioing the President: An exploration of public engagement with Obama and Trump on Twitter,”

Minot et al., 2020 [24]



Ratiometrics:
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Emotional turbulence:
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Emotional turbulence:
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Q: Twitter on 2016/11/09 ,: Twitter on 2017/08/13 Divergence contribution 6D, - (x10~%
6

8 6 4 = 0 2 4
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8

Lines of constant 6D, T T T T T T T T
trump 120
d
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Allotaxonometry—
the comparison of complex systems:
http://compstorylab.org/allotaxonometry/ (&'
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http://compstorylab.org/trumpstoryturbulence/

Week 2016
1. 01/01-01/07  Hillary 34.7
2. 01/08-01/14 Cruz 1.0
3.01/15-01/21  Cruz10.7
4.01/22-01/28  Cruz 106
5.01/2902/04  Cruz 112
6. 02/05-02/11 Cruz 5.1
7. 02/12-02/18 Cruz 6.9
8.02/19-02/25  Rubio 3.8
9. 02/26-03/04  Rubio 9.2
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14. 04/02-04/08  Cruz 1.5
15. 04/09-04/15  Crug 1.7
16. 04/16-04/22  Cruz 10.5
17. 04/23-04/29  Cruz 3.0
18. 04/30-05/06  Indiana 11.5
19. 05/07-05/13  Ryan 2.5
20. 05/14-05/20  Bernie 25.3

. 05/21-05/27
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22. 05/28-06/03  Hillary 11.9
23. 06/04-06/10  Clinton 11.1
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Manafort 0.0
Clinton 7.6
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deplorable 0.0
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Russia 2.9
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Meryl 5.0
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inauguration 3.1
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tax 1.8
Nunes 0.0
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days 0.1
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Comey 2.8
Comey 1.0
budget 0.0
Kathy 4.4
Comey 0.8
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Trumpcare 0.0
Russia 5.8
ONN 0.7
Russian 1.2
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Scouts 0.0
Mueller 0.0
Korea 5.8
Charlottésville 1
Charlot tesvill

Harvey 0.0
DACA 2.4
ESPN 2.7
Kim 4.9
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Puerto 2.1
Puerto 1.8
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Mueller 0.0
Gillespie 12.0
sexual 1.7
LaVar 21.3
Moore 0.0
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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
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Kanye 8.0
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wall 20.4

2019
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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
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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
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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
Kenosha 9.5
Atlantic 4.8
Woodward 2.6
coronavirus 0.0
ballots 0.7
Covid 1.4
COVID 1.4
Biden 8.2
Biden 9.2
Biden 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
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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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
. 06/04-06/10
L 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
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
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