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Last time



Last time

Understanding the of different visual
channels / encodings.

Understanding your viewer will look and
they want to do (tasks).

Visualizing during analysis.



Systematic design via

N — — | viewer
? l
e Fmmmmmm e » | viewer's
reconstruction
i of the data
i

How well do these match, given the used?



Systematic design via channel effectiveness



Today



What I want to do today

Talk about:
Uncertainty visualization
Multivariate visualization (a bit)

Run through some examples (it time)



Uncertainty



What happens when we ignore uncertainty?









Alternatives...

Coefficient
Variable (Standard Error)
Constant 41 (.93)
Countries
Argentina 1.31 (.33)*BM
Chile .03 (.32)*BM
Colombia 1.46 (.32)*+BM
Mexico .07 (.32)ACHCON
Venezuela .96 (.37)**BM
Threat
Retrospective egocentric .20 (13)
economic perceptions
Prospective egocentric 22 (12
economic perceptions
Retrospective sociotropic .21 (12"
economic perceptions
Prospective sociotropic -.32(12)
economic perceptions
Ideclogical distance from -.27 (.om**
president
Ideology
Ideclogy 23 (.07
Individual Differences
Age .00 (.01)
Female -.03(.21)
Education A3 (.14)
Academic Sector 15 (.29)
Business Sector .31 (.25)
Government Sector -.10 (.27)
R2 .15
Adjusted R? .12
N 500

“p < .01, ‘p < .05, "p < .10 (twotailed)
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How easy is it to ignore the uncertainty?

Variable (Standard Error) Chile— e
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This contributes to dichotomania...



Dichotomania...



Predictions from last US presidential election
[http://wapo.st/2{CYvDW]

28% 15% 2%


http://wapo.st/2fCYvDW

Predictions from last presidential election
[http://wapo.st/2{CYvDW]



http://wapo.st/2fCYvDW

People are very good at ignoring uncertainty...



People are very good at ignoring uncertainty...

Especially when we provide bad
uncertainty representations



Ilcon arrays in medical risk communication

[Figure from Fagerlin, Wang, Ubel. Reducing the influence of anecdotal reasoning on people’s health care decisions:
Is a picture worth a thousand statistics? Medical Decision Making 2005; 25:398-405]

Success Rate of Balloon Angioplasty Success Rate of Bypass Surgery

Successiully cured
v of angina

Sueccessfully cured
v of angina

Mol suceessfully cured
of angina

Not successfully
cured of angina

Frequency framing or discrete outcome visualization



What is an icon array for a
continuous distribution?



What is an icon array for a
continuous distribution?

An example scenario...






Do I have time to get a coffee?
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Quantile dotplots

Better estimates, decisions with time

Variance decreases:

Good uncertainty displays are possiblel



(Sidebar —
Uncertainty: what am I talking about?)



For the purposes of the first half of this talk...

| am largely adopting a view of uncertainty

Put another way:



yvalue

Epistemic uncertainty

10

5.0 7.5 10.0



Epistemic uncertainty Aleatory uncertainty

25
20
20
15 15
-
o 2 0.95
= o
[in] o 0.8
> o
10 . 0.5
10
5
5
0
25 5.0 75 10.0
X

7.5 10.0

5.0

2.5



(End sidebar —
Back to uncertainty vis)



Other discrete outcome
uncertainty visualizations...



uncertainty visualization
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Predictions from 2016 presidential election

FiveThirtyEight NYT Upshot HuffPo Pollster

28% 15% 2%


https://www.bloomberg.com/graphics/2015-whats-warming-the-world/

Predictions from 2016 presidential election

FiveThirtyEight NYT Upshot HuffPo Pollster

28% 15% 2%



https://www.bloomberg.com/graphics/2015-whats-warming-the-world/

FiveThirtyEight's 2018 House forecast


https://projects.fivethirtyeight.com/2018-midterm-election-forecast/house/

FiveThirtyEight's 2018 House forecast

T~


https://projects.fivethirtyeight.com/2018-midterm-election-forecast/house/

FiveThirtyEight's 2018 House forecast

/


https://projects.fivethirtyeight.com/2018-midterm-election-forecast/house/

Other discrete outcome
uncertainty visualizations...



Hurricane error cones



Deterministic construal errors

44°F —
—41°F

38" F—



Hurricane error cones



Fit line uncertainty



Fit line uncertainty



Fit line uncertainty

Hypothetical outcome plots
(HOPSs)

[Hullman, Resnick, Adar. Hypothetical Outcome Plots Outperform Error Bars and Violin Plots for Inferences about
Reliability of Variable Ordering. PloS One, 10(11). 2015]






Hurricane location

[Liu et al, Uncertainty Visualization by Representative Sampling..., 2016]




Hurricane location

[Liu et al, Uncertainty Visualization by Representative Sampling..., 2016]




Animation helps people experience uncertainty

This can be very powerful...



Income of black boys from wealthy families

[https://nyti.ms/2GGpFZw]



https://nyti.ms/2GGpFZw

Plenty of options just for point estimates...



Uncertainty in point estimates...

Density



Uncertainty in point estimates...

Density

—_—— Single interval




Uncertainty in point estimates...

Density
—_—— Single interval
————— Double interval

o Interval w/ 100% ClI
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Uncertainty in point estimates...

Density
——O—— Single interval
————— Double interval
< o — Interval w/ 100% ClI
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Uncertainty in point estimates...
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[Sidebar: distribution visualizations]
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Cartographic uncertainty



Just map to another visual channel, right?



Just map to another visual channel, right?

[Lucchesi & Wikle. Visualizing uncertainty in areal data with bivariate choropleth maps, map pixelation and glyph
rotation. Stat, 292-302, 2017]

Margin of error (%)
0

2.55

0.1



Just map to another visual channel, right?

[Lucchesi & Wikle. Visualizing uncertainty in areal data with bivariate choropleth maps, map pixelation and glyph
rotation. Stat, 292-302, 2017]

Margin of error (%)
0

2.55

0.1

Very abstract...



I'm not a map vis person...
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More examples...



Observed proportion
100 approximately equally likely proportions

b N:P',
)
g
1

http://mjskay.github.io/tidybayes/ https://github.com/mjskay/uncertainty-examples



http://mjskay.github.io/tidybayes/
https://github.com/mjskay/uncertainty-examples

Let's step back from
strictly probabilistic uncertainty
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Garden of forking paths

Different choices for ... : outlier removal

analysis /
data >\
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Garden of forking paths

Different choices for ... : outlier removal
data transformation

statistical models

analysis
data

\ 4




Garden of forking paths

Different choices for ...

data

analysis

outlier removal
data transformation

statistical models

p > 0.05
p > 0.05
p > 0.05

p <0.05

\ 4

p > 0.05
p <0.05
p > 0.05

p > 0.05



Garden of forking paths .. ioen 20
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Epistemic uncertainty
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Epistemic uncertainty

Aleatory uncertainty
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Ontological uncertainty

How well does this
describe reality?
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Garden of forking paths .. ioen 20

Different choices for ... : outlier removal
data transformation

statistical models

analysis p < 0.05 publish = yay!
data




Garden of forking paths .. ioen 20

Different choices for ... : outlier removal
data transformation

statistical models

analysis
data




(pre-registration)

Different choices for ... : outlier removal
data transformation

statistical models

analysis p <0.05
data




(m'lJ.ltiverse analYSiS) [Steegen, Tuerlinckz, Gelman, Vanpaemel 2014]
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Religiosity (Study 2) Social political attitudes
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0.02 | 0.02 | 0.01 | 0.06 |0.02 |0.06 | 0.1 |0.07|0.16|0.17|0.02|0.03 {0.02 |0.07 O.OSELI 0.05|0.04 (0.03 |0.01| 0 |0.9 |0.97|0.22 {0.18 |0.16 | 0.36 | 0.45 | 0.09 | 0.04 [0.02 EC2]

Voting preferences Donation preferences
R1 R2 R3 R1 R2 R3

Fl. F2 FB F4 F5 FI F2 FB F4 F5 FI F2 FB F4 F5 Fl F2 FB F4 F5 FI F2 FB F4 F5 FI F2 FB F4 F5

[ T T T 1 T T 1 [T T T [ T T T 1 T T 1 [T T T

0 0 0 |001| O (0.04/0.04|0.02(0.07{0.02(0.01(0.01| O |0.03|0.01 Ei| ECL1 0 0 0 0 |0 [0.03/0.04(0.01/0.04|0.01|0.01(001| 0 [0.01| O m| ECL1
0.11/0.14|0.01 {0.08 | 0 [0.38| 0.6 |0.190.38|0.16 {0.22 |0.37 |0.07 | 0.2 O.OSQI NMO1 0.07 | 0.1 {0.01/0.06| 0 |0.19{0.33|0.09 {0.35|0.14| 0.1 |0.18{0.03(0.17 0.()4&I NMO1
0.01 (0.02| 0 |0.03| 0 |0.03|0.05|0.01|0.08|0.03|0.01{0.02| 0 |0.04 0.01M| ECL2 0.01(0.01| 0 (0.01| O {0.03|0.04 |0.01 |0.050.01|0.01{0.01| 0 [0.02| O m| ECL2
0.13]0.15{0.01 |0.07 | 0 |0.27|0.36(0.14|0.27|0.14|0.16|0.22 (0.05|0.13 0A04&I 0.08 |0.11 {0.01 |0.06 | 0 {0.12]0.16|0.06 (0.25|0.11|0.07{0.09|0.02 [0.11 O.OSM
0.01(0.01| 0 | O |0.01/0.04 |0.06 |0.03|0.04|0.06 0.01{0.02|0.010.02 0.02Ec—1| ECL1 0.01/0.01| 0 0 [0.01{0.03 |0.05|0.02 {0.03 |0.05 [0.01 |0.02| 0 |0.01 0.02EC—1| ECL1
0.05(0.03 (0.01]| O 0 |0.19]0.22 |0.08 | 0.09 {0.12 | 0.08 | 0.09 |0.03 | 0.03 | 0.03 EC2] NMO02 0.03/0.02| 0 0 0 |0.07{0.09 {0.03 |0.05 |0.06 [0.03 |0.04 [0.01 |0.02 |0.01 EC2] NM02
0.01 {0.01| 0 0 |0.01|0.050.07 |0.02 |0.05|0.08 |0.01 {0.02 | 0.01 {0.02 | 0.03 .EQJ_I ECL3 0.01(0.01| 0 0 |0.01{0.06 |0.09 |0.02 {0.06 | 0.09 |0.02 [0.03 |0.01 [0.02 | 0.03 .EQJ_I ECL3
0.08 (0.04 |0.01| 0 0 [0.22|0.25|0.06 |0.14|0.15|0.11 {0.11 | 0.02 | 0.04 0.04ElI 0.08 {0.05 {0.02 | 0 0 [0.16 (0.19 |0.04 | 0.1 | 0.1 |0.08 |0.08 |0.02 | 0.03 O.OSElI
0.11/0.13|0.03 | 0.08 | 0.02 | 0.05 [ 0.09 | 0.05 | 0.07 | 0.08 | 0.04 | 0.06 {0.02 | 0.05 | 0.03 Ei| ECL1 0.08 |0.17 {0.02 | 0.06 |0.01 {0.03 |0.08 [0.02 |0.04 | 0.04 |0.02 | 0.07 |0.01 {0.03 |0.01 Ei| ECL1
0.42/0.32|0.040.18| 0 [0.59(0.68|0.23| 0.4 |0.23|0.45| 0.5 [0.09(0.28 0.0651I 0.42 | 0.4 (0.04/0.240.01{0.37|0.41|0.11{0.32|0.16|0.31]0.35|0.05|0.26 O.OSElI
0.07 |0.09 | 0.01 | 0.07 |0.01 {0.08 [0.12 | 0.08 | 0.08 | 0.11 | 0.04 | 0.07 {0.02 | 0.05 | 0.03 EC—1| ECL2 NMO03 0.05|0.12 {0.01 |0.05 |0.01 {0.04 |0.09 |0.03 |0.05 |0.05 |0.02 |0.06 |0.01 |0.03 |0.01 m| ECL2 NMO3
0.28 10.28 |0.02 |0.18 | 0 [0.47(0.54|0.16|0.37|0.19(0.31|0.38{0.05|0.25 0.04M 0.28 |10.37 [0.02 |0.24 |0.01 |0.27 | 0.3 |0.07 | 0.3 |0.12| 0.2 |0.25|0.02 |0.22 O.OSM
0.08 | 0.1 |0.02(0.04(0.01{0.11(0.14/0.08|0.14|0.19(0.06 |0.09 {0.03 [0.07 0.06% ECL3 0.08 |0.18 {0.02 | 0.03 |0.01 |0.08 |0.18 |0.06 {0.09 |0.12 |0.04 | 0.13 |0.02 | 0.04 0.04 &| ECL3
0.28 |0.27 {0.04|0.09| 0 |0.54|0.66(0.22|0.44|0.31/0.37|0.47(0.09|0.25 0.07M 0.37 | 0.44 | 0.07 {0.14 | 0.01 | 0.48 | 0.56 | 0.19 |0.41 | 0.27 | 0.37 |0.47 | 0.09 |0.26 | 0.08 EC2J




Explorable Multiverse Analysis Reports

Kay


https://explorablemultiverse.github.io/

Explorable Multiverse Analysis Reports

[Dragicevic, Jansen, Sarma, Kay, and Chevalier. Increasing the Transparency of Research Papers with Explorable
Multiverse Analyses. CHI 2019: https://explorablemultiverse.github.io/]

We need better ways to acknowledge specification
uncertainty and have a conversation about it through
the literature


https://explorablemultiverse.github.io/

Okay, but back to elections...



New York Times Election Needle

[https://www.nytimes.com/interactive/2016/11/08/us/elections/trump-clinton-election-night-live.html]


https://www.nytimes.com/interactive/2016/11/08/us/elections/trump-clinton-election-night-live.html










But shouldn't anxiety
be proportional to
uncertainty?



Uncertainty visualization as a moral imperative

We should...

present well-calibrated uncertainty
that cannot be ignored
in ways people can actually understand



Multivariate visualization



Multivariate data

Examples of for multivariate data:
1. Small multiples
2. Scatterplot matrices

3. Parallel coordinates



Ssmall multiples



Value of small multiples

Reader-driven comparison
Micro-macro readings, layering

High-level properties through
ensemble coding

Double use of position channel

X L L L L L

VvV VvV VvV VvV VvV VvV VvV Vv Vv VY




SPLOM: Scatterplot matrix
[https://bl.ocks.org/mbostock/4063663]

Special case of small multiples

variable -> (x position)
variable -> (y position)
Each panel:

column variable -> x position
row variable -> y position


https://bl.ocks.org/mbostock/4063663

SPLOMs don't scale well with many variables
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Scatterplot is best
representation for
correlation...
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SPLOMs don't scale well with many variables

Scatterplot is best
representation for
correlation...

But SPLOMSs don't
always scale
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SPLOM alternative: parallel coordinates
[https://bl.ocks.org/jasondavies/1341281]

better

But best
representation

Usually needs


https://bl.ocks.org/jasondavies/1341281

SPLOM alternative: parallel coordinates
[https://bl.ocks.org/jasondavies/1341281]

bette s

But best
representation

Usually needs


https://bl.ocks.org/jasondavies/1341281

Multivariate visualization

Small multiples help a lot (double position encoding!)
SPLOMs great for correlation
Parallel coordinates: trade effectiveness for scale

Other approaches: dimensionality reduction, then vis



Examples / exercises



Prediction and memory

[https:/nyti.ms/2jX8zuel]



https://nyti.ms/2jX8zue

small multiples versus animation

[https://excelcharts.com/animation-small-multiples-growth-walmart-excel-edition/]


https://excelcharts.com/animation-small-multiples-growth-walmart-excel-edition/

Measles vaccination

https://tinyurl.com/mjdSsv9


https://tinyurl.com/mjd5sv9

What's wrong here?



What are the
variables / types?

Channels /
encodings?

Marks?

s this effective?



[https:/fivethirtyeight.

com/features/science-isnt-
broken/]



https://fivethirtyeight.com/features/science-isnt-broken/
https://fivethirtyeight.com/features/science-isnt-broken/
https://fivethirtyeight.com/features/science-isnt-broken/

Evolution of bacteria

https://vimeo.com/180908160


https://vimeo.com/180908160

Hyberbolic trees

https://youtu.be/fhbQy NCwWI|


https://youtu.be/fhbQy_NCwWI

Document visualization: sentence length

[Keim & Oelke '07]



Node linearization
[McGuffin, Simple Algorithms for Network Visualization: A Tutorial, 2012]



Node linearization
[McGuffin, Simple Algorithms for Network Visualization: A Tutorial, 2012]



Node linearization
[McGuffin, Simple Algorithms for Network Visualization: A Tutorial, 2012]



Node linearization
[McGuffin]



Node linearization: order
[McGuffin]



Node linearization: order
[McGuffin]



Node linearization: order
[McGuffin]



(also node-link + matrix example: MatLink)
[McGuffin]



NodeTrix: the other way around

Riche et al, http://www.aviz.fr/Research/Nodetrix, https:/www.youtube.com/watch?v=7/G3MxyOcHKQ



http://www.aviz.fr/Research/Nodetrix
https://www.youtube.com/watch?v=7G3MxyOcHKQ

small multiples

[http://graphics.wsj.com/elections/2016/field-guide-red-blue-america/]


http://graphics.wsj.com/elections/2016/field-guide-red-blue-america/

