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How | learned to stop worrying and love uncertainty (by
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Introduction

Day job: Bank of America

e Lead natural language processing (NLP) team

¢ Chief Data Scientist Organization, Enterprise Data Strategy & Governance
This presentation: UNC Charlotte Ribarsky Center and School of Data Science

e Taught Spring/Fall 2019 DSBA5122 Visual Analytics (dsba5122.com)

e 20+ peer reviewed publications with 20+ UNCC research collaborators

* Human-computer interaction, visual analytics, information visualization, computational social science, cognitive
science, psychology
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https://dsba5122.com/
https://scholar.google.com/citations?user=F40SbCkAAAAJ&hl=en

POLITICS

‘Extraordinarily Uncertain, Powell Says of
America’s Economic Future

Jerome H. Powell, the Federal Reserve chair, addressed the extent of the
economic damage caused by the coronavirus pandemic.
By The Associated Press

Uncertainty In Congress Over Next Moves
To Address Coronavirus Crisis

March 16, 2020 - 7:01 AM ET
— ,
SUSAN DAVIS KELSEY SNELL ﬂ CLAUDIA GRISALES
30th January

US stock market falls as Gamestop battle creates
uncertainty for Wall Street

The blockade of the Suez Canal continues to generate
uncertainty and economic concern

12% of world trade transits by waterway
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Why is uncertainty often ignored in data
analysis?



Data journalism

VACCINE - Published March 25

AstraZeneca COVID-19 vaccine shows
76% efficacy against symptomatic
infection in updated data

The new analysis also reported 100% efficacy 'against severe or critical disease and hospitalization'

By Alexandria Hein | Fox News




Data analytics

Executive Overview - Profitability (All)
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Artificial intelligence (e.g., NLP)

CNN Large + fine-tune: 93.5
Flair embeddings: 93.09
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BiLSTM-CRF ® Cross-view
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% TagLM: 91.93 BERT Base: 924

Lin and Wu, 2009
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Accuracy on Named Entity Recognition (NER) on CoNLL-2003 over time: Sebastian Ruder
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https://ruder.io/state-of-transfer-learning-in-nlp/

Why not visualize uncertainty?

Cognitively burdensome

User won't understand it

Implies inappropriate precision

Not integral to task

Undermines author's credibility

Hard to calculate

Lack of good visual techniques

Hard to evaluate (unclear goals)
Unclear if error in data vs uncertainty

Jessica Hullman, Why Authors Don't Visualize Uncertainty (TVCG 2019)
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https://ieeexplore.ieee.org/abstract/document/8805422

Can better uncertainty representations enable
better decision-making?

"People are very good at ignoring uncertainty... but it's especially true when we provide bad uncertainty
representations" - Matthew Kay
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Advances in communicating uncertainty in the fields information visualization, visual analytics, and human-
computer interaction provide opportunities to better incorporate uncertainty into data science for better decisions.
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https://www.notion.so/0c7c890ee6e44ac3886b28842c515df2?v=f5de2064ed60483da033f036de7ab52f

Information visualization + Visual analytics + Human-computer interaction

& a

Psychology UI/UX development Experiment design
Cognitive science \:> Machine learning [> Causal inference
Behavioral economics Back end engineering Qualitative feedback

Q J

Develop / modify theories
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Ryan Wesslen y

@ryanwesslen

Probabilities are hard

Keith Schnakenberg @keithschnak
A probability theory tweet to start off the day

12:09 PM - Mar 6, 2021

| O 3 O 3 (& Copy link to Tweet
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https://twitter.com/ryanwesslen?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/ryanwesslen?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/ryanwesslen/status/1368247469411287043?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/keithschnak/status/1367845674813976583?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es3_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/ryanwesslen/status/1368247469411287043?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://help.twitter.com/en/twitter-for-websites-ads-info-and-privacy
https://twitter.com/intent/like?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61&tweet_id=1368247469411287043
https://twitter.com/ryanwesslen?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1368247469411287043%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61

Sherman Kent, 1903-1980,

"Father of Intelligence Analysis"
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https://files.eric.ed.gov/fulltext/ED153329.pdf
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https://books.google.com/books?id=_X0FHYpHDzoC&pg=PA187&lpg=PA187

Almost Certainly
Highly Likely

Very Good Chance
Probably

We Believe
Probable

Likely

Better Than Even
About Even
Probably Not

We Doubt

Unlikely

Little Chance
Improbable
Chances Are Slight
Highly Unlikely

Almost No Chance

Assigned Probability (%)

0 25 50 75 100

bit.ly/vis-uncertainty



FiveThirtyEight: Trump's Chances NYT Upshot: Trump's Chances HuffPo Pollster: Trump's Chances

29% 15% 2%

Justin Gross (Washington Post)
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https://www.washingtonpost.com/news/monkey-cage/wp/2016/11/29/how-to-better-communicate-election-forecasts-in-one-simple-chart/?noredirect=on&utm_term=.aa4aba18cf7b

FiveThirtyEight: Trump's Chances
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Justin Gross (Washington Post)
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https://www.washingtonpost.com/news/monkey-cage/wp/2016/11/29/how-to-better-communicate-election-forecasts-in-one-simple-chart/?noredirect=on&utm_term=.aa4aba18cf7b

Occupations of Women about 1930
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"Understanding uncertainty: Visualizing Probabilities" by Pearson & Short
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https://plus.maths.org/content/understanding-uncertainty-visualising-probabilities

Share of worldwide Johnson & Johnson trial volunteers who got Covid-19

Placebo group Vaccinated group

49 per 5,000 volunteers 17 per 5,000
contracted Covid-19

66%
less risk
(estimated

efficacy)

9 per 5,000 contracted 1 per 5,000
severe cases

S50 85% o

.... less risk of

severe cases

Notes: Numbers are rounded. There were 19,544 volunteers in the placebo group: 193 of them (0.99

percent) were infected with Covid-19, and 34 (0.17 percent) were severely infected. There were 19,514
volunteers in the vaccinated group: 66 of them (0.34 percent) were infected, and 5 (0.03 percent) were
severely infected. Source: The Food and Drug Administration’s analysis of clinical trials conducted by

Johnson & Johnson

What Do Vaccine Efficacy Numbers Actually Mean? By Carl Zimmer and Keith Collins, March 3, 2021
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https://www.nytimes.com/interactive/2021/03/03/science/vaccine-efficacy-coronavirus.html

Statistics can be confusing

'CONFIDENCE INTERVAL'

A

’_ R 'Y

(- YOU KEEP USING THIS WORD. 1 DO NOT
THINK IT MEANS WHAT YOU THINK IT
HE“HS- memegenerator.net
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Efficacy confidence intervals from major vaccine trials

Trials not conducted in the presence of widespread B.1.351 variant

Efficacy
estimate
Novavax 2 doses, o — —e
14,049 participants 3 weeks apart
- the UK. Lower Upper
bound bound
Gamaleya Research 2 doses, o @
Institute (SputnikV) 3 weeks apart
19,866 participants in Russia
Moderna 2 doses, S———
27,817 participants 4 weeks apart
in the U.S.
Pfizer/BioNTech 2 doses, o=ge
36,523 participants in 3 weeks apart
Argentina, Brazil,
Germany, South Africa,
Turkey and the U.S.
20% 40 60 80 100

Does it mean: There is a 95% chance that the true efficacy falls within the
confidence interval?
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Efficacy confidence intervals from major vaccine trials

Trials not conducted in the presence of widespread B.1.351 variant
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estimate
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o p Lower Upper
bound bound
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Moderna 2 doses, S———
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in the U.S.
Pfizer/BioNTech 2 doses, o o
36,523 participants in 3 weeks apart
Argentina, Brazil,
Germany, South Africa,
Turkey and the U.S.
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Does it mean: There is a 95% chance that the true efficaey-faltSWithin the

eonfidence interval?

—
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Lucy D’Agostino McGowan ’
@LucyStats

Proper confidence interval definition in the NYTimes, love to
see it!

"If scientists came up with confidence intervals for 100
different samples using this method, the efficacy would fall
inside the confidence intervals in 95 of them.”

What Do Vaccine Efficacy Numbers Actually Mean?
All of the F.D.A.-authorized vaccines offer strong protection against
Covid-19, and assessing their efficacy isn't as simple as a head-to-hea...

& nytimes.com

7:12 PM - Mar 4, 2021 ©)

O 542 O 11 & Copy link to Tweet
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https://twitter.com/LucyStats?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/LucyStats?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://twitter.com/LucyStats/status/1367629174672928770?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://t.co/IwMSHZaGMj?amp=1
https://t.co/IwMSHZaGMj?amp=1
https://twitter.com/LucyStats/status/1367629174672928770?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
https://help.twitter.com/en/twitter-for-websites-ads-info-and-privacy
https://twitter.com/intent/like?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61&tweet_id=1367629174672928770
https://twitter.com/LucyStats?ref_src=twsrc%5Etfw%7Ctwcamp%5Etweetembed%7Ctwterm%5E1367629174672928770%7Ctwgr%5E%7Ctwcon%5Es1_&ref_url=https%3A%2F%2Funcc-frontiers-uncertainty.netlify.app%2F61
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Claus Wilke
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https://clauswilke.com/dataviz/visualizing-uncertainty.html

Issue with null hypothesis testing

NHST | : Estimation |

likely the

effective p=.0003 Pilll | -e- E -
: i worst option

:non-significant; » - 056 Ppill2

i (ineffective?) y Sggt}::c){cil\is
Fig. 8 The same four pills, = 5 e e
effective | p-=. i °
ranked based on the outcome i _ .
of statistical tests (}eft?, and i : ; pk:obably_the
based on an examination ; estoption !

of effect sizes and interval . . .
estimates (right). Mean Weight loss (kg)

Pierre Dragicevic's Fair Statistical Communication in HCI

Szucs and Ioannidis, 2017: "When Null Hypothesis Significance Testing (NHST) Is Unsuitable for Research: A
Reassessment”
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https://hal.inria.fr/hal-01377894/document
https://www.frontiersin.org/articles/10.3389/fnhum.2017.00390/full

Dichotomous thinking

MWS TPC/Mational Hurricane Center
Advisory 15
Current Center Location 24.6 M 83.6 W
Max Sustained Wind 105 mph
Current Movement 'WSW at & mph

{® Current Center Lozation

& Forecast Center Positions

H Sustained wind > 73 mph
= Potential Day 1-3 Track Area
mmm Tropical Storm Warning

rue at 30, 00N

PP IoN . Dil‘.ama Scale Statute Hiles ) '
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Ensemble hurricane paths

35K 35N

Ky e
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ROW

Liu et al. (2016); Padilla, Hullman, and Kay (2020)
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https://psyarxiv.com/ebd6r/download

Error bars are not enough

T DoNT KNoL) How To PROPAGATE
ERROR CORRECTLY, 50 I JUST PUT
ERROR BARS ON ALL MY ERROR BARS.

xkcd
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Error Bars Considered Harmful:
Exploring Alternate Encodings for Mean and Error

Michael Correll Student Member, IEEE, and Michael Gleicher Member, IEEE

100 100 1 100 100
SeoT——— E 80 E 80 E 80
= =1 o =1
S50 < 60 % 260 260
— 1] |53 |53
(1] @ 1] 7]
(=% —— Q (=X [
3540 35 40 11 40 11 40
2 2 2 2
220 = 220 220 220
7] 7] (7] (7]
0 T T 0 T T 0 T T 0 T T
City A City B City A City B City A City B City A City B
Margin of Error +/- 15 Margin of Error +/- 15 Margin of Error +/- 15 Margin of Error +/- 15

(a) Bar chart with error bars: the (b) Modified box plot: The whiskers are (c) Gradient plot: the transparency (d) Violin plot: the width of the col-
height of the bars encodes the sample the 95% t-confidence interval, the box is of the colored region corresponds to ored region corresponds to the probabil-

mean, and the whiskers encode a 95% t- a 50% t-confidence interval. the cumulative density function of a t- ity density function of a t-distribution.
confidence interval. distribution.

Correll and Gleicher, TVCG 2014
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https://graphics.cs.wisc.edu/Papers/2014/CG14/Preprint.pdf

Chocolate ratings by country
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=

—— Switzerland |—-—|
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Source: Claus Wilke's ungev-iz package

bit.ly/vis-uncertainty


https://wilkelab.org/ungeviz/articles/sampling-bootstrapping.html

How likely is it that B will be greater than A if many more draws are taken?

100 — 100 —
L 90 -
80 80—
70 70 —
B B0 —
! 50 —
40 40 —
30 30 —
21 20 —
10 10—
( 0
Serhte 3 Solute A Solute B

Hypothetical outcome plots

UW Interactive Data Lab / Hullman, Resnick and Adar, PLOS One 2015
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https://medium.com/hci-design-at-uw/hypothetical-outcomes-plots-experiencing-the-uncertain-b9ea60d7c740
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0142444

Bootstrapping

Bootstraps

Bradley Efron's 1979 "Bootstrap Methods: Another Look at the Jackknife"
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population distribution
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Claus Wilke
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https://clauswilke.com/dataviz/visualizing-uncertainty.html

distribution

sample

resample + average

count

Source: Seeing Theory Website by Kunin, Guo, Devlin and Xiang
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https://seeing-theory.brown.edu/frequentist-inference/index.html#section3
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resample + average

count

Source: Seeing Theory Website by Kunin, Guo, Devlin and Xiang
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https://seeing-theory.brown.edu/frequentist-inference/index.html#section3

distribution

sample

resample + average

count

Source: Seeing Theory Website by Kunin, Guo, Devlin and Xiang
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https://seeing-theory.brown.edu/frequentist-inference/index.html#section3

Bootstrap demonstration

Source: Claus Wilke's ungev-iz package
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https://wilkelab.org/ungeviz/articles/sampling-bootstrapping.html

bit.ly/vis-uncertain

ty

Bayesian analysis
. ? )

'WHERE CAN | LEARN AN INTUITIVE
DEFINITION OF PROBABILITY?

% _

»

NOT FROM A'FREQUENTIST

@john_t_ormerod




DID THE SUN JUST EXPLODE?

(ITS NIGHT, S0 WERE NOT SURE.)

THIS NEUTRINO DETECTOR MERSURES
WHETHER THE SUN HAS GONE NOVA.,

THEN, TROLLS TWO DICE. IF THEY
BOTH COME UP SiX, IT LUIES TO US.
OTHERWISE,, T TELLS THE TRUFL.
LETS TRY.
LETECTOR! HAS THE
SUN GONE NovA? s

)
5O

xkcd




FREQUENTIST STANSTICIAN: BAYESIAN STATISTIOAN:
THE PROBABILTY OF THIS RESULT
HAPPENING BY CHANCE 15 330077 BET YOU $50
IT HASNT.

SNCE p<0.05, T CONCLUDE
THAT THE SUN HAS EXPLODED.

xked




Three steps of Bayesian inference

3 “Posterior” prediction

1 “Prior” prediction 2 New data

™
Frequency

40 42 44 46 48 50 52 54 56 58 60

Hypothetical Democratic vote share, %

T'he Economist
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https://projects.economist.com/us-2020-forecast/president/how-this-works

\
|

Dr. William (Bill) Ribarsky, former UNCC Bank of America Endowed Chair
Research at UNCC Ribarsky Center for Visual Analytics (viscenter.uncc.edu)

Joint work with Wenwen Dou, Alireza Karduni, and Doug Markant
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Correlation judgement
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Karduni, Markant, Wesslen, and Dou (IEEE InfoVis 2020)
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This makes sense
to me.

Person A

Prior beliefs

Higher

7] Poverty

Rate

Lower
Income
Taxes

Lower

_| Poverty

Rate

This doesn’t make
sense. The data
must be wrong.

I'll ignore it.

Person B

Karduni, Markant, Wesslen, and Dou (IEEE InfoVis 2020)
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Line + Cone Elicitation

What is the relationship between income tax rate and poverty rate of cities?

This chart is interactive Relationship between
Income tax rate & Poverty rate of cities

Poverty rate (high)
Income ' ' Income X
tax T tax
rate rate
(low) (high)

Poverty }ate (low)

Reset

Built with D3.js (javascript)

bit.ly/vis-uncertainty



Bayesian cognitive modeling

What is the relationship

between income tax rate and

poverty rate of cities?

1. Elicited prior

Relationship between
Income tax rate & Poverty rate of cities

Poverty rate (high)

Poverty rate (low)

Rosot

2a. View data

Experiments controlled for
different visualizations, variable
names, and data variance.

3a. Elicited posterior

Relationship between
Income tax rate & Poverty rate of ities

Poverty rate (high)

1
Incomo — = Income
ax & ax
ralo rato
(iow) (high)

Poverty rate (low)

Reset

Karduni, Markant, Wesslen, and Dou (IEEE InfoVis 2020)
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Bayesian cognitive modeling

What is the relationship Experiments controlled for
between income tax rate and different visualizations, variable
poverty rate of cities? names, and data variance.
1. Elicited prior 2a. View data 3a. Elicited posterior

Relationshi < Relationship between
Income tax rate & Poverty rate of cities Income tax rate & Poverty rate of cities

Poverty rate (high) . Poverty rate (high)

Poverty rate (ow) L Poverly rate (iow)

Reset

- @
Predicted
Predicted Posterior
Posterior (Bayesian-Uniform)
[ 222 (Bayesian-Informed) /
N\ <
Prior \
AN

1 0 r 1

2b. Bayesian Cognitive Modeling 3b. Predicted posteriors
Normative “what if” followed Bayes Rule

Karduni, Markant, Wesslen, and Dou (IEEE InfoVis 2020)
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Bayesian cognitive modeling

What is the relationship
between income tax rate and
poverty rate of cities?

Experiments controlled for
different visualizations, variable
names, and data variance.
4. Measure difference

1. Elicited prior
between distributions

2a. View data 3a. Elicited posterior

ship between

Relations Relations
Income tax rate & Poverty rate of cities Income tax rate & Poverty rate of cities
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Investing for Retirement

Averaged over 1 year (1 year evaluation period) Averaged over 30 years (30 year evaluation period)

® Modern economic theory (Merton,

“Allocate my retirement 1969) predicts allocations should be

investment between these consistent across evaluation periods
two funds... under certain assumptions.
Uh! Fund C shows short-term ® Historical returns show 100% stocks is
negative returns... optimal for long term investing and
reflects “equity premium puzzle”
Il allocate to the safer one” (Mehra and Prescott, 1985).
® “Why is anyone willing to hold

bonds?”
-Benartzi & Thaler, 1995

Fund D (Bond)

Fund C (Stock) o
Bond Allocation
Stock Allocation

ox o
- o
g =
o - 3 o
Rre g
e =
S
Optimal 100% Stocks

“I need to allocate my
retirement investment
between these two funds...

Oh! Fund C shows higher
returns...

I'll allocate more to the
Fund C”

Fund C (Stock) i Fund D (Bond)

80% Stocks

0% Bonds

Vv

40% Stocks - -
o
0 A) BOndS Myopic Loss Aversion
Benartzi & Thaler (1999)
. : L.
N

1 Year 30 Year
Evaluation Period

Wesslen, Karduni, Markant, and Dou (In Review)
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Stocks

Bonds

Stocks

Bonds

Stocks

Bonds

Stocks

Bonds

1 Year Evaluation Period Visualizations

Point + Interval

Interval

Dot Plot

e linpal., .

Probability Density

30 Year Evaluation Period Visualizations

Point + Interval

Interval

Dot Plot

ik .

Probability Density

Hypothetical Outcome Plots
(animated)

Hypothetical Outcome Plots
+ Strip (animated)

Hypothetical Outcome Plots
(animated)

Hypothetical Outcome Plots
+ Strip (animated)

Wesslen, Karduni, Markant, and Dou (In Review)
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MTurk stock allocation decisions by visualization and evaluation period. Bayesian regression posterior means
and 66% [ 95% credible intervals

Myopic loss aversion

PR —

1

1

Point + Interval ——— & :

I

Bar Chart -y 49 :

1

Interval —— O :

1

Table ————— :

I

HOP + Strip L :

1

Dot plot - :

|

HOP ————— .

Equity premium |

Probability Density ——— :

Optimal —%
Stock allocation decision 20% 40% 60% 80% 100%
Expected rate of return 5.73% 6.68% 7.64% 8.59% 9.55%

Hypothetical value at retirement $265,827 $348,099 $454,741 $592,653 $770,601

Wesslen, Karduni, Markant, and Dou (In Review)

R packages used ggdist, tidybayes, and brms packages
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https://mjskay.github.io/ggdist/
http://mjskay.github.io/tidybayes/
https://paul-buerkner.github.io/brms/

Final thoughts
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[ 7 \ ]
Human _— Computer
control automation

Figure 1: One-dimensional thinking suggest that designers must choose between human control and
computer automation

Ben Schneiderman: Human-Centered Artificial Intelligence
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Human-Centered Al

Human

Reliable, Safe & Trustworthy

/\

Control

Computer

Low Automation High

Figure 2: Two-dimensional framework with the goal of Reliable, Safe & Trustworthy, which is achieved
by a high level of human control and high level of automation (yellow triangle).

Ben Schneiderman: Human-Centered Artificial Intelligence
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Uncertainty as a Form of Transparency:
Measuring, Communicating, and Using Uncertainty
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Abstract

Algorithmic transparency entails exposing system properties
to various stakeholders for purposes that include understand-
ing, improving, and conmung predictions. Until now, most
research into i has predomi fo-
cused on explainability. Explainability attempts to provide
reasons for a machine learning model’s behavior to stake-
holders. However, understanding a model’s specific behavior
alone might not be enough for stakeholders to gauge whether
the model is wrong or lacks sufficient knowledge to solve the
task at hand. In this paper, we argue for considering a com-

y form of y by and commu-
nicating the uncertainty associated with model predictions.
First, we discuss methods for assessing uncertainty. Then, we
characterize how uncertainty can be used to mitlgate model

certainty esti to stakehold U inty is crucial
yet often overlooked in the context of ML-assisted, or auto-
mated, decision-making (Schum et al. 2014; Kochenderfer
2015). If well-calibrated and effectively communicated, un-
certainty can help stakeholders understand when they should
trust model predictions and help developers address fairness
issues in their models (Zhang, Liao, and Bellamy 2020).
Uncertainty refers to our lack of knowledge about some
As such, inty will be ch ized differ-
ently depending on the task at hand. In regression tasks,
uncertainty is often expressed in terms of error bars, also
known as confidence intervals. For example, when predict-
ing the number of crimes in a given city, we could report that
the number of predicted crimes is 943 £ 10, where “£10”

augment deci , and build tr

systems. Finally, we outline mcthods for displaying uncer-
tainty to stakeholders and recommend how to collect informa-
tion required for incorporating uncertainty into existing ML
pipelines. This work constitutes an interdisciplinary review
drawn from literature spanning machine learning, visualiza-
tion/HCT, decision-making and fairness. We aim to encourage

hers and to measure, and
use uncertainty as a form of transparency.

1 Introduction

Transparency in machine learning (ML) encompasses a
wide variety of efforts to provide stakeholders, such as
model developers and end users, with relevant information
about how a ML model works (O'Neill 2018; Weller 2019;
Bhatt et al. 2020). One form of transparency is procedu-
ral transparency, which provides information about model
development (e.g., code release, model cards, dataset de-
tails) (Gebru et al. 2018; Raji and Yang 2019; Arnold
et al. 2019; Mitchell et al. 2019). Another form is algo-
rithmic transparency, which exposes information about a
model’s behavior to various stakeholders (Ribeiro, Singh,
and Guestrin 2016; Sundararajan, Taly, and Yan 2017; Koh
and Liang 2017). The ML community has mostly consid-
ered explainability, which attempts to provide reasoning for
a model’s behavior to stakeholders, as a proxy for algorith-
mic transparency. With this work, we seek to encourage re-
searchers to study uncertainty as an alternative furm of algo-
rithmic p y and p to un-

a 95% confidence interval (capturing two stan-
dard deviations on either side of the central, mean estimate).
The smaller the interval, the more certain the model. In clas-
sification tasks, probability scores are often used to capture
how confident a model is in a specific prediction. For ex-
ample, a classification model may predict that a person is
at a high risk for developing diabetes given a prediction of
85% chance of diabetes. Broadly, uncertainty in data-driven
decision-making systems may stem from different sources
and thus communicate different information to stakehold-
ers (Hora 1996; Gal 2016). Aleatoric uncertainty is induced
by inherent randomness (or noise) in the quantity to predict
given input variables. Epistemic uncertainty can arise due to
lack of sufficient data to learn our model precisely.

‘Why do we care?

‘We posit uncertainty can be useful for obtaining fairer mod-
els, improving decision-making, and building trust in auto-
mated systems. Throughoul this work, we will use the fol-
lowing cancer d ics scenario for ill i

Suppose we are tasked with diagnosing lnd\vndua]s as hav-
ing breast cancer or not, as in (Curtis cl al. 2012 Dua and
Graff 2017). Given ical and is-
tics about an individual (medical test results, family medi-
cal history, etc.), we estimate the probability of an individ-
ual having breast cancer. We can then apply a threshold to
classify them into high- or low-risk groups. Specifically, we
have been tasked with building ML-powered tools to help
three distinct audiences: doctors, who will be assisted in

Bhatt et al., 2021

"Uncertainty is crucial yet often overlooked in the
context of ML-assisted, or automated, decision-making
(Schum et al. 2014; Kochenderfer 2015)"

"We seek to encourage researchers to study
uncertainty as an alternative form of algorithmic
transparency and practitioners to communicate

uncertainty estimates to stakeholders."

"We posit uncertainty can be useful for obtaining
fairer models, improving decision-making, and
building trust in automated systems."



https://arxiv.org/abs/2011.07586

Be thoughtful about uncertainty

- Speed vs precision

- Don't automatically sweep under the rug; learn and experiment!

Think beyond your college (Frequentist) stats class

- Computational methods (bootstrap and Bayesian) can be very helpful

- New uncertainty open source packages emerging and easier to use

Better communicate uncertainty, better human-Al collaboration?

- Uncertainty is typically overlooked in AI/ML

- Likely very important in future for trust and transparency in Al

bit.ly/vis-uncertainty



Thank you and questions!

* UNCC Collaborators: Wenwen Dou, Alireza Karduni, Doug Markant

¢ Vis Researchers: Matthew Kay, Jessica Hullman, Lace Padilla, Alex Kale, Michael Correll, among others!

Packages / tools Helpful references
R Python . Pgdillg, Kay, and Hullman (2020): Uncertainty
Visualization
bootstrapped
Bootstrap rsample DABEST e Hullman et al. (2019): In Pursuit of Error: A Survey
of Uncertainty Visualization Evaluation
rstan
Bayesian Statistics ~ brms PyMC3 e Bhatt et al. (2021): Uncertainty as a Form of
tidybayes Transparency: Measuring, Communicating, and
Uncertainty : uncertainty- Using Uncertainty
ggdist

Visualizations toolbox
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https://rsample.tidymodels.org/
https://pypi.org/project/bootstrapped/
https://acclab.github.io/DABEST-python-docs/index.html
https://mc-stan.org/users/interfaces/rstan
https://paul-buerkner.github.io/brms/
http://mjskay.github.io/tidybayes/
https://docs.pymc.io/
https://docs.pymc.io/D
https://github.com/uncertainty-toolbox/uncertainty-toolbox
https://psyarxiv.com/ebd6r/
https://idl.cs.washington.edu/files/2019-UncertaintyEval-InfoVis.pdf
https://arxiv.org/abs/2011.07586
https://webpages.uncc.edu/~wdou1/
https://www.karduni.com/
http://www.markantlab.org/
http://www.mjskay.com/
http://users.eecs.northwestern.edu/~jhullman/
http://space.ucmerced.edu/home
http://students.washington.edu/kalea/
https://correll.io/

Appendix
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Alireza Karduni ,

- @don_kordeone

Study1 Conditions

8 different Twitter Accounts Replying to @don_kordeone

-For each condition, tweets are sorted based on facial emotions We created an interface to elicit users'

-The content shown to wsers is real tweets from each source but judgments and uncertainties using a

different in each condition visual technique. Users would 1) assess

how biased tweets from a specific

Tweets are sorted to show (anonymized) source are and 2) rate how
happy faces credible that source is. They would also

write down their rationale

Tweet Text Twoet Text

) i ' 5/16
= |(@) 7|8
User chicks to
‘K view more tweels J

Tweets are sorted to show
angry faces

Tweet Text Twoet Text

(@) 7
- - - 8:52 PM - Mar 1, 2021 ®
User clicks to
K view more tweels j D 2 Q 1

1 tweet + 1 tweet +
happy face angry face

& Copy link to Tweet

Taeet Toxt Tweoet Text

e 1 ® ) 7
User clicks to
'K view more tweets j

Karduni, Wesslen, Markant, and Dou (In Review)
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Kale, Kay, and Hullman, "Visual Reasoning Strategies for Effect Size Judgments and Decisions", IEEE Vis 2020 Best
Paper
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A / B Evaluation in UlI/UX

Which design reduces survey "drop-off"? Villar, Callegaro, and Yang (2013)

No progress bar (control) "Fast-to-slow" progress bar

()
()
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A. Frequentist analysis B. Bayesian analysis

Equal - - —_True effect for . ]
q Gd g Factta dlo : Posterior density
Experiment 1 d b : N
fast-to-slow — control — e —_——
I 1
i i 3. While the initial estimate
Experiment 2 T 1. The width of the 1 REREEEEE is similar to the frequentist
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! is the same in ) analysis builds on the
] : each successive ! previous to yield more
Experiment 3 L experiment. : Faen s precise intervals.
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I I .
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Figure 1. Forest plots of effects from the frequentist (A) and Bayesian (B) analyses applied to one of our simulated worlds
with 100 participants per condition.

Kay, Nelson, and Hekler, "Research-Centered Design of Statistics: Why Bayesian Statistics Better Fit the Culture and
Incentives of HCI", ACM CHI 2016 Best Honorable Mention
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