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Which locations are in extreme danger?
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Tropical Depression Laura (Aug 23, 2020)
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COVID-19 ¥ Help
Forecasts

Week Ahead
WEEK 42 (2020) TARGET
Massachusetts Incident Cases

Incident Cases (Observed)

}

1 1e+2 1e+4

viz.covidi9forecasthub.org € —————————

'ime Chart

The ensemble forecast combines models unconditional on particular interventions being in place with those
conditional on certain social distancing measures continuing. To ensure consistency, only models with 4 week-
ahead forecasts ahead are included in the ensemble.
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s the COVID-19 risk in Massachusetts decreasing, increasing, or staying the same”
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s the COVID-19 risk in Massachusetts decreasing, increasing, or staying the same”
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s the COVID-19 risk in Massachusetts decreasing, increasing, or staying the same”
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s the COVID-19 risk in Massachusetts decreasing, increasing, or staying the same”
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s the COVI

D-19 risk In Massachusetts decreasing, increasing, or staying the same?
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Cumulative Deaths
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The way that uncertainty is presented has a
profound influence on our judgments

Key concept 1
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Graphical Annotations of Distributional Properties Visual Encodings of Uncertainty
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Graphical Annotations of Distributional Properties Visual Encodings of Uncertainty
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Intervals (95% CiI)
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Can hide important
features of the data
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[ntervals create ‘ conceptual categories \



[ntervals create conceptual categories

Framing a picture is a way
of saying that what is
inside the picture has a
different status from what
is outside the picture

- Barbara Tversky (2011)
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Non-expert interpretations of hurricane forecast
uncertainty visualizations

lan T. Ruginski, Alexander P. Boone, Lace M. Padilla, Le Liu, Nahal Heydari,
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Non-expert interpretations of hurricane forecast

uncertaintv visualizations
lan T. Rugir ,
M IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS. VOL. 23, NO.8, SEPTEMBER 2017 2165
Heidi S. Kreé
Sarah H. Cr

Uncertainty Visualization by Representative
Sampling from Prediction Ensembles

Le Liu, Student Member, |IEEE, Alexander P. Boone, lan T. Ruginski, Lace Padilla, Mary Hegarty,
Sarah H. Creem-Regehr, William B. Thompson, Cem Yuksel, and Donald H. House, Member, IEEE
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Non-expert interpretations of hurricane forecast

uncertaintv visualizations
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Non-expert interpretations of hurricane forecast

uncertaintv visualizations
lan T. Rugir |
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Visualizing Uncertain Tropical Cyclone Predictions using
Representative Samples from Ensembles of Forecast Tracks

Le Liu, Member, IEEE, Lace Padilla, Sarah H. Creem-Regehr, and
Donald H. House, Member, IEEE Computer Society
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Circles indicating storm sizes are shown every 12 hours.

(@) randomly selected paths

o 09/22/2005
& 04:00 CDT

(b) reconstruction of paths (c) path, size, and category data for Hurricane Rita. 4AM CDT. 09/22/2005, advisory 17



Non-expert interpretations of hurricane forecast

uncertaintv visualizations
lan T. Rugir .
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The Powertful Influence of Marks: Visual and Knowledge-Driven
Processing in Hurricane Track Displays

Lace M. Padilla, Sarah H. Creem-Regehr, and William Thompson




Behavioral Measures

(prebabitity-judgments)
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(no damage) (severe
damage)

Ruginski, Boone, Padilla, Liu, Heydari, Kramer, Hegarty, Thompson, House and CreemRegehr (2016)



Behavioral Measures

(probability-judgments) nstructions:
In the following experiment, you will view
maps showing the forecast path of

different hurricanes as they travel over
the Gulf of Mexico, towards land. The

200 students at the maps will also show the location of one

: : offshore oil platform in the Gulf. Qil
UmverSIty ot Utah and platforms are large structures on the

UC Santa Barbra w/ surface of the water with components

minimal description that extend to the ocean floor for drilling
: : : and storing oll.

of the visualization
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Memory

v

The forecast path of where the hurricane
will move in the next three days is
shown in blue and the location of the oll
platform is shown by a small red circle.
Your task is to estimate the level of
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Visual Array graph schema § based on the depicted forecast of the
“mesage | Message. |docon | Behavior hurricane path on a scale of 1 to 7
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visual description e 4 : damage.
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Ruginski, Boone, Padilla, Liu, Heydari, Kramer, Hegarty, Thompson, House and CreemRegehr (2016)



95W 85W 95w 90W 85W 95W 90W 8SW

Ruginski, Boone, Padilla, Liu, Heydari, Kramer, Hegarty, Thompson, House and CreemRegehr (2016)



[ntervals create ‘conceptual categories‘

Ruginski, Boone, Padilla, Liu, Heydari, Kramer, Hegarty, Thompson, House and CreemRegehr (2016)



Instantiated
graph schema

Padilla, Creem-Regehr, Hegarty, and Stefanucci (2018), Decision Making with Visualizations: A Cognitive Framework Across Disciplines
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Visualization Graph Schema
(e.g,. conventions,
templates, rules of
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Instantiated Schema
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Visualization Graph Schema Instantiated Schema

Padilla, Creem-Regehr, Hegarty, and Stefanucci (2018), Decision Making with Visualizations: A Cognitive Framework Across Disciplines



Instantiated
graph schema

Padilla, Creem-Regehr, Hegarty, and Stefanucci (2018), Decision Making with Visualizations: A Cognitive Framework Across Disciplines



Errors arise when the visualization evokes the wrong schema
Why? Because of working memory
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Padilla, L., Ruginski, I., Creem-Regehr, S. H. (2017). Effects of Ensemble and Summary Displays on Interpretations of Geospatial Uncertainty Data.
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violin plot gradient plot

hypothetical outcome plot ensemble plot

probability density and interval plot







Distributions (ensemble plot)

Visualizing Uncertain Tropical Cyclone Predictions using
Representative Samples from Ensembles of Forecast Tracks

Le Liu, Member, IEEE, Lace Padilla, Sarah H. Creem-Regehr, and
Donald H. House, Member, IEEE Computer Society
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Which location would
receive the most
damage?

B: 99.68%

Padilla, Ruginski, and Creem-Regehr (2017)
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: Which location would
SR s receive the most
AR damage?

A: 36%
B: 64%

Padilla, Ruginski, and Creem-Regehr (2017)
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3%

Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.



33%




Between-subjects

Group 1: 9 paths Group 2: 17 paths

Group 3: 33 paths

Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.



Within-subjects

On line

Off line

Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.



Within-subjects Mirrored image (reflection)
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.



Damage Change Score
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Multi-level model, SE = 0.02, p < 0.001

Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.



Between-subjects

Group 2: Visualization instructions
(1:37 minutes)

Horricane Forecoasts

Group 1: No instructions

Group 3: Task-specific instructions
(3:13 minutes)

Horricane Forecasts




Hovricane Forecasts

Based on guidelines in Zapata-Rivera, Zwick, and Vezzu (2016). Exploring the Effectiveness of a Measurement
Error Tutorial in Helping Teachers Understand Score Report Results
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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Padilla, L., Creem-Regehr, S., & Thompson, W. (2020). The Powerful Influence of Marks: Visual and Knowledge-Driven Processing in Hurricane Track Displays. JEP: Applied.
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The way that uncertainty is presented has a
profound influence on our judgments
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Graphical Annotations of Distributional Properties Visual Encodings of Uncertainty

Intervals and Ratios
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Hybrid Approach
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contour boxplot probability density and interval plot

Padilla, Creem-Regehr, Hegarty, & Stefanucci (2018). Decision making with
visualizations: a cognitive framework across disciplines. CRPI
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