What is InfoVis?

« Computer based visualizations are

representations of data
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What is InfoVis?

« Computer based visualizations are
representations of data, that facilitate
cognitive interaction, and help people
carry out tasks more effectively.

Favorite Cereal
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Why do we use InfoVis?

* Many times, all we need is an analysis or
a computational mechanism to solve
problems.
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Why do we use InfoVis?

* But many other times, this isn't
sufficient information...



Why do we use InfoVis?

* Sometimes, we don’t know what
question to ask...

& B C D E F G H | J K
Current Change % Change

1D t E Response # of New Household in in New Account

1 Region Group Number Mailed Responded Rate Accounts Balance Balances Balances Balance
2 |East A 1001 53 1 169 1 $2,269,314  ($207,326) 8% $160,612.00
3 | East A 1001 66 2 3.03% 4 $1,880,533 $165,561 10 $78,944.00
4 | East A 1003 55 1 182% 1 $2425743  ($375,908) -13% $354,235.00
5 |East A 1004 56 2 3574 2 $16,730,821 [$4.541,020) -21% $63,208.00
6 | East B 1005 168 3 1.79% 5 $5,038407  ($815558) 14 $111,960.00
7 East C 1006 82 5 610 5 $2,389,399 $103,972 5% $789,047.00
8 | East [ 1007 90 5 5562 5 $3,186,364  ($326,907) -9% $1,453,269.00
9 | East [ 1008 73 2 253% 2 $2,838,031  ($575,330) 7% $130,491.00
10 East D 1009 75 3 4.00% 3 $1,428,805 ($14,209) 1% $235,164.00
11 East D 1010 63 5 7.25% 6 $1,710,4393 $41575 2% $157 442.00
12 East D 101 73 3 3.80% 4 $1,358527 $34,001 3% $92,021.00
13  west A 1001 126 2 r 1594 5 $12171,434 $183.440 8% $12,353,874.00
14 west A 1001 123 3 r 7.32% 10 $19,575457 $15,129 102 $19,590,586.00
15  West A 1003 163 10 r 6.13% 2 $14,019,192 $3.408 134 $14,022,538.00
16  ‘west A 1004 213 3 r 137% 1 $7.829874 $72,680 214 $7,902,554.00
17 wWest B 1005 a7 4 r 460 10 2,822,361 $96,426 -14% $2,918,787.00
C 1006 179 5 r 2.79% 3 $13,487,320 $192,905 B $13,680,225.00
C 1007 a7 5 r 5.75% 5 $2,160,366 $163,703 -9 $2,329569.00
[ 1008 82 5 r 6102 2 $6,859,273 ($12,778) 7% $6,846,495.00
D 1009 200 5 r 2507 1 $11571973 ($4.513) 1% $11.567 460.00
D 1010 180 ] r 3.33% 10 $19,396,108 $103,140 2% $19,499,248.00
D 101 135 ] r 4442 5 $5,004,086 $31.464 -3%  $56,035550.00
A 1011 17 5 r 2.92% 5 $10,414 570 $91696 -3%  $10,508,266.00
A 1012 239 3 r 1.26% 4 $4.426 418 $28,851 977 $4,455269.00
A 1013 137 3 r 2.19% 5 $14,527,150 $191,328 1974 $14.718,473.00
A 1014 ] 2 r 290 5 $9,603,142 $192,871 297% $9,796,013.00
B 1015 130 2 r 1052 10 $6,335,228 $65,948 3974 $6,401,176.00
[ 1016 183 1 r 053% 3 $1,476,368 ($8,395) 437 $1,467,973.00
C 1017 166 1 r 060 3 $16,972527 $7.376 597 $16,979,903.00
[ 1018 62 3 r 4.84% 9 $6,419,181 $72,770 637 $6,491,951.00
D 1013 213 5 r 2.35% 1 $9,142,091 $103,105 7974 $9,245,196.00
D 1020 197 8 r 4.062% 4 $17,959,916 $185,237 8974 $18,145,153.00
D 1021 58 3 r 5.17% 3 $7.725.291 $102,193 997 $7.827.484.00




Why do we use InfoVis?

* Sometimes, we want to do long term,
exploratory analyses...
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Why do we use InfoVis?

* Sometimes, we need to automate a
process or work towards refining its
components...
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Why do we use InfoVis?

* Sometimes, we need to present our
findings in a clear, concise way...

...AND AT THIS
POINT HERE YOU CAN
SEE WHERE I BECAME
INVOLVED WITH THE
CREATION OF THIS
GRAPH

THIS5 GRAPH




How to think about
Visualization?

* Visualizations support the natural
inferences that humans make with our
cognitive systems

© MARZK ANDERSON, ALL RIGHTS RESERZVED WAWANDERZTOONS . COM
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"He's right! When you look at it that way, it's not so bad!"
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How to think about
Visualization?

* Why rely on the visual system to
communicate information?

— Because, as we all know, vision is awesome!



How to think about
Visualization?

* Why rely on the visual system to
communicate information?

— Because, as we all know, vision is awesome!

— The field of vision science has provided
tons of empirical phenomena to capitalize
on in the creation of visualizations.



Anscombe’s Quartet: Raw Data

1 2 3 4
X Y X Y X Y X Y
10.0 8.04| 10.0 9.14| 10.0 7.46 8.0 6.58
8.0 6.95 80 8.14 80 6.77 8.0 5.76
13.0 7.58 | 13.0 8.74| 13.0 12.74 8.0 7.71
9.0 8.81 9.0 8.77 9.0 7.11 8.0 8.84
11.0 833 11.0 9.26| 11.0 7.81 8.0 847
140 996 | 140 8.10| 140 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
40 4.26 40 3.10 40 539 19.0 12.50
120 1084 | 120 9.13| 12.0 8.15 8.0 5.56
7.0 482 7.0 7.26 7.0 642 8.0 7.91
50 5.68 50 474 50 5.73 8.0 6.89
Mean 90 7.5 90 7.5 90 7.5 90 7.5
Variance | 10.0 3.75| 100 3.75| 10.0 3.75| 10.0 3.75
Correlation 0.816 0.816 0.816 0.816
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What else is Visualization used
for?

» Consulting groups



What else is Visualization used
for?

» Consulting groups
 Analytics (data science, finance, etc.)



What else is Visualization used
for?

» Consulting groups
 Analytics (data science, finance, etc.)
« Software development



Airline Flights and Delays

By State By Airline
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What can Vision Scientists
contribute to InfoVis?

* Alot !l



What can Vision Scientists
contribute to InfoVis?

* Primarily:
— Methodologies...



What can Vision Scientists
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* Primarily:
— Methodologies...
— Phenomena



What can Vision Scientists
contribute to InfoVis?

* Primarily:
— Methodologies...
— Phenomena
— Tasks and Paradigms



What can Vision Scientists
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— Methodologies...
— Phenomena
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— Theories and models



What can Vision Scientists
contribute to InfoVis?

* Primarily:
— Methodologies...
— Phenomena
— Tasks and Paradigms
— Theories and models

 Basically, they need the same things we
need.



The Shaping of Information by Visual Metaphors

Caroline Ziemkiewicz and Robert Kosara

Abstract—The nature of an i

1o lie in the visual metaphors it uses to structure information.

can
The process of understanding a visualization therefore lrwnlves an interaction between these external visual metaphors and the user's

internal Toi this claim, we an
verbal metaphor on the ling of tree visuali ici

visual metaphor indeed affects how a user derives i

a first step towards il how visual shape user

application, and theory of visualization.

Index Terms—Cognition, visualization theory, i ies, evaluation.
+

1 INTRODUCTION

Different information visualizations may present the same data in
vastly different forms, s in the great variety of tree and graph visual-
izations. While these methods are often capable of showing the same
information, it is widely recognized that any given method is better for
some applications and worse for others. In cases where visualizations
present equivalent information, it is the structural differences between
methods that give rise to these differences in how the information they
present can be used.

Understanding visualization, therefore, requires understanding how
visualizations shape information, not only what information they
present. A potential framework for this understanding is the formu-
lation of a visualization as a set of visual metaphors. Metaphors are
commonly used as a way of understanding how subtle differences in
the form of language can suggest different interpretations of the same

What Makes a Visualization Memorable?

Michelle A. Borkin, Student Member, IEEE, Azalea A. Vo, Zoya Bylinskii, Phillip Isola, Stude
Shashank Sunkavalli, Aude Oliva, and Hanspeter Pfister, Senior Member, IEI
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Implied Dynamics in Informatlon Visualizatic

Caroline Ziemkiewicz
UNC Charlotte
9201 University City Blvd
Charlotte, NC 28262
caziemki@uncc.edu

ABSTRACT

Information visualization is a powerful method for understanding
and working with data. However, we still have an incomplete un-
derstanding of how people use visualization to think about informa-
tion. We propose that people use visualization to support pre-
hension and reasoning by viewing visual rep i

as physical scenes with a set of implied dynarmcs between objecls
Inferences based on these implied d s are phorically ex-
tended to form inf about the d information. This
view predicts that even ingly gless properties of a visu-
alization, including such minor design elements as borders, back-
ground areas, and the connectedness of parts, may affect how peo-
ple perceive semantic aspects of data by suggesting different poten-
tial dynamics between data points. We present a study that supports
this claim and discuss the design implications of this theory of in-
formation visualization.

"

Categories and Subject Descriptors

to test the effects of visual metaphor and
answered simple data comprehension questions while
viewing either a treemap or a node-link diagram. Questions were worded to reflect a verbal metaphor that was either compatible or
incompatible with the visualization a participant was using. The resulls (based on correcmess and response time) suggest that the
i we found that the degree to which
a user is affected by the melaphm is strongly correlated with lhe user's ablllly o answer task questions correctly. These findings are
and have significant implications for the evaluation,
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How Capacity Limits of Attention Influence Information

How do People Make Sense of Unfamiliar Visualizations?:
A Grounded Model of Novice’s Information Visualization Sensemaking

Sukwon Lee, Sung-Hee Kim, Ya-Hsin Hung,
Heidi Lam, Member, IEEE, Youn-ah Kang, and Ji Soo Yi, Member, IEEE

Unique Users Of The Internet

(@) Parallel-coordinates plot (b) Chord diagram (©) Treemap

Fig. 1. The three unfamiliar information visualizations that were used in this study: (a) the parallel-coordinates plot (PCP), (b) the
chord diagram (CD), and (c) the treemap (TM).

Visualization Effectiveness

Steve Haroz and David Whitney

Fig. 1. These images each have one colored square that is unique within that image. How long does it take you to find each? How

many color categories are there in each panel? Why does grouping make both tasks substantially easier?

Robert Kosara
UNC Charlotte
9201 University City Blvd
Charlotte, NC 28262
rkosara@uncc.edu
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Original ‘ ’ .
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Figure 1: A pie chart in five different design configurations.

Beyond Memorability: Visualization Recognition and Recall

Michelle A. Borkin*, Member, IEEE, Zoya Bylinskii*, Nam Wook Kim, Constance May Bainbridge,
Chelsea S. Yeh, Daniel Borkin, Hanspeter Pfister, Senior Member, IEEE, and Aude Oliva

EXPERIMENT DESIGN

RECOGNITION RECALL
Same 100 targets + 100 “fillers” || Correctly recognized blurred targets
JK RS 2

ENCODING
100 “target” visualizations

LABELED VISUALIZATION
DATABASE

393 visualizations 10 seconds / image

2 seconds / ima; 20 min - as many images as
& participant can’wmﬂte
Visualizations are taken Ourput: Ourtput: OuteuT:

from [8], and the label Eye-tracking fixation locations || Eye-tracking fixation locations | Text descriptions of what

taxonomy described in and durations. and dunﬂons. and wtmher participant recalls about the
Table | is applied. ion is recog isualizati
Fig. 1. il ive diagram of the experi design. From left to right: the elements of the visualizations are labeled and categorized,
y k ixations are gathered for 10 ds of “encoding”, eye-tracking fixations are g: d while visualizati gnizability
is and finally partici provide text descriptions of the visualizations based on blurred representations to gauge recall.
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Where do we start?
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Graphs as stimuli

Channels: Expressiveness Types and Effectiveness Ranks

(® Magnitude Channels: Ordered Attributes ® Identity Channels: Categorical Attributes
Position on common scale : o ' | ; Spatial region u [ .
]
=
Position on unaligned scale ' ', ' i Color hue HENR
. o . ) e ©
Length (1D size) Motion . ® G
Tilt/angle | S Shape + O 0 A
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2
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Color luminance HE 8 1 .
g
Color saturation [] "
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Bl &
. v g
Volume (3D size) U N 1 35

Munzner, T. (2014). Visualization analysis and design. CRC Press. 33




Graphs as stimuli

® Position > Color

2 Horizontal - Vertical 2 Both

— 1 1 /77

® Shape > Tilt

A ¥ / b |/

® Size

2 Length > Area 2 Volume

-~ o [ ~n..

Munzner, T. (2014). Visualization analysis and design. CRC Press. 34



Graphs as stimuli

(® Position > Color

2 Horizontal = Vertical 2 Both
— ' / 765
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Vision Science

4+ Data Visualization

= A Science of Visualization



Vision Science

4+ Data Visualization

= A Science of Visualization

...which is still, basically, Vision Science.



What can InfoVis contribute to
Vision Science?

* Code sharing and version control




What can InfoVis contribute to
Vision Science?

* Engineering transparency

39



What can InfoVis contribute to
Vision Science?

« Computational modeling
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Data Blitz!

* Presenters
— Madison Elliott (UBC)
— Christie Nothelfer (Northwestern)
— Cindy Xiong (Northwestern)
— Danielle Albers-Szafir (Colorado)
— Zoya Bylinskii (MIT)



