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Apracticer graphical integrity and excellence

Atheoryt design principles for data graphics
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VISUAL EXPLANATIONS




GRAPHICAL INTEGRITY
clear, detailed, and thorough labeling
should be used to defeat graphical
distortion and ambiguity



Graphical excellence

ADesign a visualization that gives the viewer:
Athe greatest number of ideas,
Ain the shortest time,
Awith the least ink, and
Ain the smallest space.
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Channels: Expressiveness Types and Effectiveness Ranks

® Magnitude Channels: O or Q attributes
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Scales
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Federal Debt Held by the Public, as a share of GDP
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Average Annual Number of Mass Shootings in America
1880-2015
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World population from 10,000 BC to present
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Zero Baseline

US GDP US GDP

ATruncate the yaxis:
ALF GKS T SN2 R2SayQi YI1S asyas
ATo emphasize the relative position comparisons
Alf it is the norm (e.g., stock charts)

DavidYanofskyQuartz, 2015
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Outliers
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Outliers

AOption #2: Scale Breaks
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Outliers

AOption #3: Log Scales
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Outliers

AOption #3: Log Scales
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Outliers
AOption #3: Log Scales
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Outliers
AOption #3: Log Scales

Log Scale

Percentage change

10 visual units = multiplication of 10 data units
log(u) + log(v) = log(uxv)
d(100, 200) = d(300, 600)

Jan 2005 Jan 2006 Jan 2007 Jan 2008 Jan 2009 Jan 2010
date (year-month)

Constraints

Positive, non-zero values

Audience familiarity?
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Average world life expectancy at birth (years)
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Approximate the proportion ofthe  35% increase =1/3rd
chart to match the depicted trend. =~ 3:1aspect ratio

“pect ai
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Approximate the proportion of the
chart to match the depicted trend.
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(1) Approximate proportion of the  (2) Bank to 45°: aspect ratios with
chart to match the depicted trend. 45°avg. line segment orientation.
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(1) Approximate proportion of the  (2) Bank to 45°: aspect ratios with
chart to match thedepicted trend. 45°avg. line segment orientation.

“pect ai
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(1) Approximate proportionofthe  (2) Bank to 45° original data or
chart to match the depicted trend. fitted trend lines.
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CdzZFuUSQa AYUSINANUE LINK

Athe representation of numbers, as physically measured on the surface
of the graphic itself, should be directly proportional to the numerical
guantities represented.

size of effectshown in graphic
size of effectin data

The Lie Factor =



DISTORTION

This line, representing 18 miles per
gallon in 1978, is 0.6 inches long.

Fuel Economy Standards for Autos

Set by Congress and supplemented by the Transportation
Depariment. In miles per gallon.
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This line, representing 27.5 miles per 8
gallon in 1985, is 5.3 inches long, Lie factor for the percent:> _8 8
increase from 1978 to 1985 8 3 U

Tufte 2001




REQUIRED FUEL ECONOMY STANDARDS:
NEW CARS BUILT FROM 1978 TO 1983
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THE NEN NEWNS OUTLETS

Percentage of US adults who ...

D=2.0, A=PI PACEROOK YOUTUSS D=1.7, A= 0.73*PI
D=1.6, A=0.65*PI Use D=0.8, A=0.16*PI

platfor | 7 87%

Area Ratio = 0.21 (48%/10.1%)
Diameter Ratio = 0.47 (48%/22.6%)

Area Ratio = 0.65 (67%/43.5%)
Diameter Ratio = 0.8 (67%/53.6%)

D = 1.05A = 0.28*PI
D=0.8, A=0.16*PI

D =0.5 A=0.06*PI
D = 0.35A = 0.03*PI

Area Ratio = 0.57 (16%/9.1%)
Diameter Ratio = 0.76 (16%/12.1%)

Area Ratio = 0.5 (4%/2%)
Diameter Ratio = 0.7 (4%/2.8%)

Wired, Jan 2017
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showdata variation, notdesign
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UNINTENDED SIZE CODING
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UNINTENDED SIZE CODING

World Population in 2008
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DESIGN PRINCIPLES
(or how to achieve integrity and
excellence)



maximizethe " k
Dat a-ink Ratio = _ dat&"_n _
total ink used Iin graphic

-

~= 700

>

L1

525

a

~ 350 &

O

~ 175 E_d

i 0 o
Females =
B 0-%$24,999 0 $25,000+ 0-$24,999 B $25,000+



maximizethe " k
Dat a-ink Ratio = _ dat&'_n _
total ink used Iin graphic

TRIGYCERIDH.EVEL

700

525

350

175

Males Females

B 0-$24999 W $25,000+ 0-$24999 M $25,000+

S 00 M.



maximizethe " k
Dat a-ink Ratio = _ dat&"_n _
total ink used Iin graphic

5 i
I |
I




Eurographics / IEEE Symposium on Visualization 2011 (EuroVis 2011) Volume 30 (2011), Number 3

H. Hauser, H. Pfister, and J. J. van Wijk
(Guest Editors)

A User Study of Visualization
Effectiveness Using EEG and Cognitive Load

E.W. Anderson', K. C. Potter!, L. E. Matzen?, J. F. Shepherd?, G. A. Preston’, and C. T. Silva'

1SCI Institute, University of Utah, USA
2Sandia National Laboratories, USA
3Utah State Hospital, USA

Abstract
Effectively evaluating visualization techniques is a difficult task often assessed through feedback from user studies
and expert evaluations. This work presents an alternative approach to visualization evaluation in which brain

COUNTER-POINT

LTUS LT OTTTIGEIOTE LS PIUCEXSCU 1O PIOUVIGE TIETH THO e CORNHIvVE oud trmposca on e viewer. LS paper aescrioes
the design of the user study performed, the extraction of cognitive load measures from EEG data, and how those

measures are used to quantitatively evaluate the effectiveness of visualizations.

Categories and Subject Descriptors (according to ACM CCS): 1.3.3 [Computer Graphics]: General—Human Factors,
Evaluation, Electroencephalography

1. Introduction this paper strives to evaluate visualization techniques objec-

Efficient visualizations facilitate the understanding of data tively by using passive, non-invasive monitoring devices to
meaciire the hnirden nlaced on a near’e coonitive recolireces
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EXPERIMENT

Aasked participants to choose box plot with

largest range from a set

Avaried representation

—

Ameasured cognitive load from EEG brain wav..




EXPERIMENTAL RESULTS

Astudies showed that the simplest (highest
data-ink ratio) box plot Is hardest to interpr

Apaper focused on cognitive load as an 1
evaluation method -

———




Chart Junk: attraction or distraction?
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Chart Junk

MONSTROUS COSTS MONSTROUS COSTS
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campaign expenditures,
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Bateman et al. CHI 2010



Chart Junk
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Chart Junk

EMPLOYMENT COSTS FOR A STEELWORKER PER HOUR
Average of first nine months, 1982
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Chart Junk

THE COSMETICS DOLLAR
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Chart Junk

THE RISE IN CIGARETTE PRICES
Average retail price per pack of cigarettes, in cents
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COUNTEROINTS

CHI 2010: Graphs

April 10-15, 2010, Atlanta, GA, USA

Useful Junk? The Effects of Visual Embellishment
on Comprehension and Memorability of Charts

Scott Bateman, Regan L. Mandryk, Carl Gutwin,
Aaron Genest, David McDine, Christopher Brooks
Department of Computer Science, University of Saskatchewan, Saskatoon, Saskatchewan, Canada
scott.bateman@usask.ca, regan@cs.usask.ca, gutwin@cs.usask.ca,
aaron.genest@usask.ca, dam085@mail.usask.ca, cab938@mail.usask.ca

ABSTRACT

Guidelines for designing information charts often state that
the presentation should reduce ‘chart junk’ — visual
embellishments that are not essential to understanding the
data. In contrast, some popular chart designers wrap the
presented data in detailed and elaborate imagery, raising the
questions of whether this imagery is really as detrimental to
understanding as has been proposed, and whether the visual
embellishment may have other benefits. To investigate
these issues, we conducted an experiment that compared
embellished charts with plain ones, and measured both
interpretation accuracy and long-term recall. We found that
people’s accuracy in describing the embellished charts was
no worse than for plain charts, and that their recall after a
two-to-three-week gap was significantly better. Although
we are cautious about recommending that all charts be
produced in this style, our results question some of the
premises of the minimalist approach to chart design.

Author Keywords
Charts, information visualization, imagery, memorability.

Despite these minimalist guidelines, many designers
include a wide variety of visual embellishments in their
charts, from small decorations to large images and visual
backgrounds. One well-known proponent of visual
embellishment in charts is the graphic artist Nigel Holmes,
whose work regularly incorporates strong visual imagery
into the fabric of the chart [7] (e.g., Figure 1).

MONSTROUS COSTS
Total House and Senate
campaign expenditures,
in millions

What Makes a Visualization Memorable?

Michelle A. Borkin, Student Member, IEEE, Azalea A. Vo, Zoya Bylinskii, Phillip Isola, Student Member, IEEE,

Shashank Sunkavalli, Aude Oliva, and Hanspeter Pfister, Senior Member, IEEE
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Fig. 1. Left: The top twelve overall most memorable visualizations from our experiment (most to least memorable from top left to
bottom right). Middle: The top twelve most memorable visualizations from our experiment when visualizations containing human
recognizable cartoons or images are removed (most to least memorable from top left to bottom right). Right: The twelve least
memorable visualizations from our experiment (most to least memorable from top left to bottom right).

Abstract—An ongoing debate in the Visualization community concerns the role that visualization types play in data understanding.
In human cognition, understanding and memorability are intertwined. As a first step towards being able to ask questions about impact
and effectiveness, here we ask: “What makes a visualization memorable?” We ran the largest scale visualization study to date using
2,070 single-panel visualizations, categorized with visualization type (e.g., bar chart, line graph, etc.), collected from news media sites,
government reports, scientific journals, and infographic sources. Each visualization was annotated with additional attributes, including
ratings for data-ink ratios and visual densities. Using Amazon’s Mechanical Turk, we collected memorability scores for hundreds of
these visualizations, and discovered that observers are consistent in which visualizations they find memorable and forgettable. We
find intuitive results (e.g., attributes like color and the inclusion of a human recognizable object enhance memorability) and less
intuitive results (e.g., common graphs are less memorable than unique visualization types). Altogether our findings suggest that
quantifying memorability is a general metric of the utility of information, an essential step towards determining how to design effective
visualizations.

Index Terms—Visualization taxonomy, information visualization, memorability
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ABSTRACT

Guidelines for designing information charts often state that
the presentation should reduce °‘chart junk’ — visual
embellishments that are not essential to understanding the
data. In contrast, some popular chart designers wrap the
presented data in detailed and elaborate imagery, raising the
questions of whether this imagery is really as detrimental to
understanding as has been proposed, and whether the visual
embellishment may have other benefits. To investigate
these issues, we conducted an experiment that compared
embellished charts with plain ones, and measured both
interpretation accuracy and long-term recall. We found that
people’s accuracy in describing the embellished charts was
no worse than for plain charts, and that their recall after a
two-to-three-week gap was significantly better. Although
we are cautious about recommending that all charts be
produced in this style, our results question some of the
premises of the minimalist approach to chart design.

Author Keywords
Charts, information visualization, imagery, memorability.

Despite these minimalist guidelines, many designers
include a wide variety of visual embellishments in their
charts, from small decorations to large images and visual
backgrounds. One well-known proponent of visual
embellishment in charts is the graphic artist Nigel Holmes,
whose work regularly incorporates strong visual imagery
into the fabric of the chart [7] (e.g., Figure 1).

MONSTROUS COSTS

Total House and Senate
campaign expenditures,
in millions




EXPERIMENTAL QUESTIONS

Ado visual embellishments cause comprehension problems?

Ado embellishments provide additional information that is valuable for
the reader?




EXPERIMENTAL RESULTS

ANo significant difference between plain and embellished charts for
Interactive Interpretation accuracy

ANo significant difference in recall accuracy after a-fiviaute gap




EXPERIMENTAL RESULTS

ASignificantly better recall for embellished charts of both the chart
topic and the details (categories and trend) after lédegm gap (23
weeks)

AParticipants saw value messages in the embellished charts
significantly more often than in the plain charts

AParticipants found the embellished charts more attractive, most
enjoyed them, and found that they were easiest and fastest to
remember



What Makes a Visualization Memorable?
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Fig. 1. Left: The top twelve overall most memorable visualizations from our experiment (most to least memorable from top left to
bottom right). Middle: The top twelve most memorable visualizations from our experiment when visualizations containing human
recognizable cartoons or images are removed (most to least memorable from top left to bottom right). Right: The twelve least
memorable visualizations from our experiment (most to least memorable from top left to bottom right).

Abstract 8 An ongoing debate in the Visualization community concerns the role that visualization types play in data understanding.
In human cognition, understanding and memorability are intertwined. As a first step towards being able to ask questions about impact
and effectiveness, here we ask: i Wh makes a visualization memorabl e We ran the largest scale visualization study to date using
2,070 single-panel visualizations, categorized with visualization type (e.g., bar chart, line graph, etc.), collected from news media sites,
government reports, scientific journals, and infographic sources. Each visualization was annotated with additional attributes, including
ratings for data-ink ratios and visual densities. Using Amazon& Mechanical Turk, we collected memorability scores for hundreds of
these visualizations, and discovered that observers are consistent in which visualizations they find memorable and forgettable. We
find intuitive results (e.g., attributes like color and the inclusion of a human recognizable object enhance memorability) and less
intuitive results (e.g., common graphs are less memorable than unique visualization types). Altogether our findings suggest that
guantifyi giie s a general metrj ity of information, an essential ste ign effective




Results

Acolor and human recognizable objects enhance memorability
Acommon graphs are less memorable than unique visualization types




CHART JUNK? IT DEPENDS

Apersuasion
Amemorability
Aengagement

PROS

Aunbiased analysifs
Atrustworthiness
Ainterpretability
Aspace efficiency
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