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Hans Rosling - Let my dataset change your mindset - TED@State 2009

et my dataset change your mindset - TED@State 2009



https://www.ted.com/talks/hans_rosling_let_my_dataset_change_your_mindset
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William Allen: The politics of big data, migration, and mobility

= W. Allen, “The politics of big data, migration, and mobility,”
presented at the Avoiwktec AloAg€eic/Zulntioslc: Meyala
Aedopeva, Nea Meoa, Zntnpata Tekpunpiwonc: MabBaivovtag
Qo IpwToTopa eyxelpnuata, EBviko Kevtpo Tekunplwonc
(EKT), 08-May-2019.



https://helios-eie.ekt.gr/EIE/handle/10442/16208

How charts lie

A mwat-read for anyane who wants to stay informed.”
~CATHY O'NEIL, best-selfing author of Weapons of Math Destruction

How Charts Lie
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Getting Smarter about
Visual Information
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2020

DATA

More about how charts can be misleading
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The Visual Display
of Quantitative Information

EDWARD R. TUFTI
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What makes charts “lie”?

= Charts that
= Charts that
= Charts that
= Charts that

= Charts that

M126 Data Viz | Roussou
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oy being poorly designed
oy displaying dubious data
oy displaying insufficient data

oy suggesting misleading patterns

oy concealing or confusing uncertainty

Cairo, 2020



What makes bad figures “bad”?

= “Bad” aesthetics

» needless frills (3D, poor/unnecessary colors, chartjunk)
= “Bad” use of data

= basically cooking the data to make it look how you want
= “Bad” perception

= encoding between data and visual properties mislead us
Healy, 2019
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Bad aesthetics

= Chartjunk: “ornamental and often saccharine design flourishes
that impede understanding”

The dot-headed figures to convey quantities Tufte , 1983
clutter the chart without adding information

TAXPAYERS SUPPORTING EACH
SOCIAL SECURITY RECIPIENT

RECIPIENT \ WORKERS

ot fiTHHA
o i 2+
2009 g 20 SR
2040|‘I| fmﬁn 2.1 2009 78

SOURCE: SOCIAL SECURITY ADMINISTRATION, THE 2010 ANNUAL REPORT OF THE BOARD OF TRUSTEES;
CEMTERS FOR DISEASE COMTROL, U.S. LIFE TABLES
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Bad aesthetics

= |s this a good figure?

= What's good? What's bad?



Bad aesthetics

= |s this a good figure?

MONSTROUS COSTS

Total House and Senate
campaign expenditures,
in millions

"Monstrous Costs’ by Nigel Holmes

= What’s good? What's bad?

M126 Data Viz | Roussou



Bad aesthetics

Is this a good figure?

300 M Regionl

M Region 2
250 -

M Region 3

200 W Region4

M Region 5
150

M Region 6
100

M Region7
Region 1l .
Region 9 W Region 8

Region7

50

M Region9
Region 5

g M Region10
Region 3

M Region11

Region1l

< M Region12
o '@((\ C"& ¢ &

What’s good? What’s bad?



Bad aesthetics

= |s this a good figure?
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= What’s good? What’s bad?



Bad aesthetics

= |s this a good figure?

# of Without
cases Protective Healthcare system capacity

Measures
With Protective

Measures

Time since first case
Adapted from CDC / The Economist

= What’s good? What’s bad?



Bad aesthetics

“Above all else, show the data”

Edward Tufte

M126 Data Viz | Roussou



Data Visualization Aesthetics

= no chart junk, a clear message
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Wall Street Journal, 2015



https://soundcloud.com/jschwabish/jon-andy-talk-dataviz-aesthetics
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https://soundcloud.com/jschwabish/jon-andy-talk-dataviz-aesthetics

Data Visualization Aesthetics

= Simple, clear message

=10 ® \a¥a ®

xxxxxx
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https://public.tableau.com/app/profile/whitney6892/viz/bostonrunners/Dashboard1
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https://public.tableau.com/app/profile/whitney6892/viz/bostonrunners/Dashboard1

“Bad” use of data
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oy displaying dubious data
oy displaying insufficient data
oy concealing or confusing uncertainty

oy suggesting misleading patterns



Bad use of data

= Chart junk

M126 Data Viz | Roussou

Crashes by OS Version Normalized (12/1 - 12/15)
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Bad use of data

= No chart junk

Do i0S Apps Crash More Than Android Apps?

https://www.forbes.com/sites/tomiogeron/2012/02/02/does-ios-crash-more-than-android-a-data-dive/
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Bad use of data

The “Best Pie Chart Ever”!

M126 Data Viz | Roussou
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https://flowingdata.com/2009/11/26/fox-news-makes-the-best-pie-chart-ever/

Bad use of data

= horrific use of 3D

= undesirable optical
effect of the gridlines

= incorrect display of
the data as a series
of connected boxes

= item labels
misaligned with the
tick marks, and
taking up far too
much of the graphic
display area
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http://www.kastenmarine.com/_pdf/mbqMetRef.pdf

Bad use of data

= 3D distorts the data, adds unnecessary details

EKaBnyntéc W AvarminpwrtEg Kadnyntég Enixoupot KaBnyntég AéxTopeg

UoA School of Science, 2020
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http://deansos.uoa.gr/an8ropino-dynamiko.html

Bad use of data

= 3D distorts the data, adds unnecessary details

Most Played Video Game Consoles (October 2008)
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(Bad) use of data

= “boring” but readable
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Most Played Video Game Consoles (October 2008)
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Console



Bad use of data

= 3D distorts the data, adds unnecessary details

Most Played Video Game Consoles (October 2008)

GameCube; '
1%
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(Bad) use of data

= “boring” but readable

Most Played Video Game Consoles (October 2008)

GameCube; :
4% Playstation 2;
30%

Playstation 3;
8%




The bar chart makes it easy to see how they compare to each other.

The pie chart makes it easier to see how each console compares to
the whole

A bar chart makes it easier to estimate the actual amount compared
to a pie chart if you don't have the actual values displayed.

Bar charts are better the more categories you have as the slices of
the pie get smaller and harder to discern with more and more
categories.

In an analysis tool you may need both views simultaneously, and
then additional visualizations to see the values over time.



Bad use of data

= What’s wrong with this graph?

Percentage of people who say it is “essential” to live in a democracy

Sweden Australia Netherlands United States New Zealand Britain
100%
75%
o 95%
50% confidence
intervals
25%
| | | | I [ I | I [ I | I [ I | I [ I | I [ I |
1930s 1980s '30s '80s '30s '80s '30s '80s '30s '80s '30s '80s

Decade of birth

Source: Yascha Mounk and Roberto Stefan Foa, “The Signs of Democratic Deconsolidation,” Journal of Democracy | By The New York Times

Foa, Roberto Stefan, and Yascha Mounk. “The Signs of
Deconsolidation.” Journal of Democracy 28, no. 1 (2017): 5-16.
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https://www.journalofdemocracy.org/articles/the-signs-of-deconsolidation/
https://www.journalofdemocracy.org/articles/the-signs-of-deconsolidation/

Bad use of data

= redrawing based using the average response

Australia Netherlands Sweden Great Britain United States
10

™~ — NN

Average importance of democracy

30s 50s 70s 90s 30s 50s 70s 90s 30s 50s 70s 90s 30s 50s 70s 90s 30s 50s 70s 90s

Decade of birth
Graph by Erik Voeten, based on WVS 5

Erik Voeten
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Bad use of data

= How Trump uses a deceptive chart to lie about the border

Il ILLEGAL IMMIGRATION INTO THE U.S.

m BIDEN WORLD RFOORD HHIFGAL IMMIGRANTS -
Rk TLLEGAL IMMIGRATION INTO THE U.S. MANY FROM PRISONS AND MENTAL INSTITUTIONS
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ATION I\IHIIIII~.\ % . | 27& o X )
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e “ ‘ o = \ m ﬂ’l = i 2“
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‘.,; : ‘f}. | i '“.‘, ‘ r?‘ h . 210k Al tools bﬁwn
A% -~
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S * e e el o . TETREAT TIMIGRATION INTO 110 18, 180k .
| B i F:‘.: ‘ — Mexican cooperation « Wi
w‘l, ! |F 3t : - w 150k \\ L
5 g Y - 1» = = e o i 1 Obama family e
: pr - " i h : detention oy }
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\ ‘J 1l W . | ‘- i ' \\\ 90k DM. A F',loves‘ - \ l —
el ® - = ,S’JJ' .M announced ’ /.am«md \ ‘
~ 80k | ‘Y » |
n "
30Kk, '-'v'q‘l w ' |
!
‘102-. .1:3.‘- . 1|‘.. ’ '.1'5'" . ..11‘?. “1.7. . Al.s. ’ .,‘1.9.. ’ Ad‘éi . li e |‘2.J. - .2‘,

Castows and Derdes Pystaction. 2012 figures comibene 3 aghs adu'ts and lamiles TR\ _\”. L ?\ ":'" e ' e

https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
The data in the chart itself are accurate, but the Trump campaign editorial notes are not. The red arrow at the bottom purports to correspond to the point
that “Trump leaves office” and to be the “lowest illegal immigration in recorded history!” But the arrow actually points to April 2020, when there were
16182 apprehensions at the southwest border.

M126 Data Viz | Roussou


https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://www.factcheck.org/2024/04/trumps-misleading-chart-on-illegal-immigration
https://edition.cnn.com/2024/08/26/politics/fact-check-trump-immigration-chart/index.html

Bad use of data: truncated Y-Axis

= messing with the y-axis of a bar graph, line graph, or scatter plot (e.g.,
starting the range from a number other than 0)

.........
.........
--------

-
ooooooooo
oooooooo
----------
----------
oooooooooo
.......
-----
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Bad use of data: truncated Y-Axis

= Exact same data, but different scales for the y-axis

Same Data, Different Y-Axis

Interest Rates Interest Rates
2.1548% 3. 50%
A.152% A.00%
31505 2.50%
1 148% 2.00%
31.146% 1.50%
3.144% 1.00%
4.142% I 0.%0%
1140% - . - I . - - 0.00% : : - v
2008 2009 2010 2011 2012 2008 2009 2010 2011 2042

y-axis range 3.140% to 3.154% Y-axis with a zero baseline
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Bad use of data: truncated Y-Axis

= Exact same data, but different scales for the y-axis

TRUNCATED AXIS

The value axis starts at ten. Liar, liar, pants on fire. The value axis starts at zero. (rood.
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Bad use of data: truncated Y-Axis

= Exact same data, but different scales for the y-axis

50,000

First Year Enrollment
First Year Enrollment

40,000 M

20,000

40,000 l
0

1980 1990 2000 2010 1980 1990 2000 2010
Year Year

45,000
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(Bad) use of data: choice of Y-Axis

= Exact same data, but different scales for the y-axis

Population of the United States

350,000,000

300,000,000

250,000,000

Population

o Bl ——-—-—‘-—:.—-H

200,000,000

150,000,000

100,000,000

50,000,000

0 4
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Bad use of data

= Hard to read numbers (plus the unnecessary use of 3D)

Population of the United States
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(Bad) use of data

= Same data but population values have commas, in 2D

M126 Data Viz | Roussou

Population

305,000,000 -

300,000,000

295,000,000

290,000,000 -

285,000,000

280,000,000 -

275,000,000

270,000,000 -

Population of the United States

2000

2001

2002 2003

Year

2004 2005 2006 2007



Use of data: choice of design, text

= exact same data, changes in orientation, title, color

Irag’s bloody toll
i mq e 3{. i Iraq: Deaths on the decline

- L6 PIRRG2 jjeiz

— o)

Simon Scarr (2011), Andy Cotgreave (2016),
in the South China Morning Post on InfoWorld
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Use of data: choice of design, text

= exact same data, changes in orientation, title, color

Capital Punishment in the USA Capital Punishment in the USA

The Death Penalty was reintroduced in

ey Age distribution
%

Race

Which states carry out executions?

o

_ Methods of execution

click om the inset charts fo see details on the
main chart.

Which states carry out executions?

%

¥ Methods of execution

Age Distribution
-

Executions by race

495

Y |
§
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https://gravyanecdote.com/blog/makeovermonday/makeovermonday-the-next-to-die-capital-punishment-in-the-us/

Bad use of data

= Scaling issues...

AREA SIZED BY SINGLE DIMENSION

Thirty is three times ten, but that third rectangle looks a lot bigger than the first.
Might be trying to inflate significance.

10 20 30

THINGS THINGS THINGS
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Bad use of data: Y-Axis height

= Messing with height to make it seem much larger than it is

M126 Data Viz | Roussou

Height

INCHES
70 —

o —

50 —
4 —
g —
20 —
18 —

B

ME MY SON

VS.

Height

INCHES
e —

65 —

60 —
55 — Where did
oo he go?
45 — Shoot. brb.
40 —
35

ME MY SON



Bad use of data: Y-Axis height

= Messing with height to make it seem much larger than it is

75.3 wpH
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Bad use of data: dual axes

= y-axes on the left and the right

M126 Data Viz | Roussou

DUAL AXES

10 — It uses two very different scales. Might be a forced causation argument. . — 10.7
— 18.6
— 18.5
— 16.4
— 18.3

= 18.Z

= 18.1

Spurious correlations
http://www.tylervigen.com/spurious-correlations



http://www.tylervigen.com/spurious-correlations
http://www.tylervigen.com/spurious-correlations
http://www.tylervigen.com/spurious-correlations
http://www.tylervigen.com/spurious-correlations

Bad perception

= Visualizations encode numbers in lines, shapes, and colors. That
means that our interpretation of these encodings is partly

conditional on how we perceive geometric shapes and
relationships generally.

= Poorly-encoded data can be misleading



Bad perception

= The 3D columns in combination with the default angle of view for the chart make the values as
displayed differ substantially from the ones actually in the cell.

= Each column appears to be somewhat below its actual value.

[ J ]
3D Column Charts in Excel are Awesome

A '
B
C
D

W N

o 0 m =

o = N w B
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Bad perception: mapping data to visual encodings

= even without junk, it can be a challenge

Type [ A B & I c [ o

§ 2500 subdivisions by the
relative contribution total val
2000 of different e
categories to each
1500 year’s observation
1000
: . I I . I
0
2007

2004 2010 2013 2016

Year

The overall trend is readily interpretable, and it is also possible to easily follow the
over-time pattern of the category that is closest to the x-axis baseline (Type D,
colored in purple). But the fortunes of the other categories are not so easily
grasped. Comparisons of both the absolute and the relative share of Type B or C
are much more difficult. Relative comparisons need a stable baseline.
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Cherry picking

= Suppressing evidence, or the fallacy of incomplete evidence = pointing
to individual cases or data that seem to confirm a particular position
while ignoring a significant portion of related and similar cases or data
that may contradict that position.

Global Warming Hiatus
11998 - 2012

U.E{]{

0.55

<
]
=

o
o))
Ln

0.50 4

0.45 +

0.40 1

Relative Global Temperature (°C)

1008 2000 2002 2004 2006 2008 2010 2012
Year
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Bad perception: aspect ratios

= Aspect ratios affect our perception of rates of change

1}
=
3
=
4000
a
5
3000 -
> 4000
2000 3000
2000
1000
1000
0 0
0 2 4 g 0 2 4
X
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The Lie Factor

= Graphs rely on our understanding that a number is represented
visually by the magnitude of some graphical element.

The representation of numbers, as physically measured on the surface of
the graphic itself, should be directly proportional to the quantities
represented.

Tufte, 1983, p.57

=  The violation of this principle is measured by the
size of effect in graphic
size of effect in data

Lie ratio =



The Lie Factor

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

80 £ .20 Fuel Economy Standards for Autos
' ; : o~ Set by Congress and supplemented by the Transportation
g0 £. _— : i 24 Department. In miles per gallon.

sl A : A - > 26

\27

This NY Times graph purports to show the mandated fuel
economy standards set by the US Dept. of Transportation. The
standard required an increase in mileage from 18 to 27.5, an
increase of 53%. The magnitude of increase in the graph is 783%

lie factor = (783/53) = 14.8!



The Lie Factor

THE SHRINKING FAMILY DOCTOR

In California

Percentage of Doctors Devoted Solely to Family Practice

1964 1975 1990
i 16.0% 12.0%

1: 2,247 RATIO TO POPULATION
8.023 Doctors

Changes in the scale of the graphic should always correspond to
changes in the data being represented. This graph violates that
principle by using area to show the data

lie factor = 2.8



So, should we trust a data visualization?

Debate

Support The Guardian OSignin  rgv
Available for everyone, funded by readers

£
Guardian

News Opinion Sport Culture Lifestyle e
The datastore: on big data Data visualisations

Why you should never trust a data
visualisation

Pete Warden is spot on about being sceptical of data, but itis data
visualisation, not data science, where caution is most crucial
More from our series on big data and analytics

T st e

MORE VIDEOS == S
00 .00 ‘

T oan)2s @ & Youube [1

A Data visualisation Is a wonderful tool and an extremely efficient way of communicating a message. But what if
the message is wrong?

John Burn-Murdoch

4 Jul 201316.7 BST



https://youtu.be/Ybwh4lejYO4
https://www.theguardian.com/news/datablog/2013/jul/24/why-you-should-never-trust-a-data-visualisation

Visual perception

Iris

Cornea




Visual perception

= Looking at pictures of data means looking at lines, shapes, and colors.

= Our visual system works in a way that makes some things easier for us to
see than others.

Hermann Grid Effect, 1870




Visual perception

= When the gray bars share a boundary, the apparent contrast between them
appears to increase.

= Our visual system is trying to construct a representation of what it is looking at
based more on relative differences in the luminance (or brightness) of the bars,
rather than their absolute value.

Mach bands




Visual perception

= The role of background contrasts: The same shade of gray is perceived very
differently depending on whether it is against a darker background or a lighter
one.

= We are better at distinguishing darker shades than we are at distinguishing lighter
ones.

= We do better at distinguishing very light shades of gray when they are set against
a light background. When set against a dark background, differences in the
middle-range of the light-to-dark spectrum are easier to distinguish.



Visual perception

= Our visual system is attracted to edges, and we assess contrast and brightness in terms
of relative rather than absolute values.

= To figure out the shade of the squares on the floor, we compare it to the nearby squares,
and we also discount the shadows cast by other objects.

Edward H. Adelson

The checkershadow illusion (Edward H. Adelson)



Edges, contrasts, and colors

= QOur visual system is attracted to edges

= Our ability to see edge contrasts is stronger for monochrome images than for
color.

Ware (2008, p. 71)
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Color

= To label
= To emphasize
= To liven or decorate

M126 Data Viz | Roussou



Color

= Color in data visualization introduces a number of
complications (Zeileis & Hornik, 2006).

= Colors, generally, should be reserved for a 3@ (or 4th, 5t etc.)
variable

M126 Data Viz | Roussou



Color — HSL scale

= Hue — Chroma — Luminance color model

M126 Data Viz | Roussou



Color — HSL scale

Three components: ., The “name” of the color

= Hue = light wave length
= Blue (B) < Green (G) < Red (R)
= The average person perceives ~150 hues

= Luminance = lightness of color

= Saturation = density of color = how “clean”
qguantitiy of white light

M126 Data Viz | Roussou



Color

Color is important for:

= Categorization, grouping, distnguishing

= Facilitate search
= perception:
= Red = danger
= Blue = cool
= Orange = warm
= Good for novice users

= Beware of too much color
(«color pollution»)

[d kifissia

Metro Athene
ATTIKO MeTpO
by Jeornelius GNU-FDL

[E Ag. Antonios lonia S
Douk|99|s

Plakentias
Halandri

Larissa Station ’
Metaxou rghio ( ictor Ethniki Amyn
o : Panespistimio
SIS . - Katehaki
Evangelismos Ambelokipi
€ * el -1
o f “syntagma mi
Monastiraki yntag egaro
Akropois Maussikis
ynareu Ai t Eleftheri
B AIFpOr e Ero
Neos Kosmos Venizelos i
annis

@ Aghios Dimitrios
Alexandros Panagoulis

iPiracus

= Beware of the foreground — background contrast
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Color palettes (using the HCL color model)

= Types of color palletes:
= Sequential

= Diverging

= Qualitative -
Sequential grayscale
—t
Sequential blue to gray

Sequential terrain

[
Diverging

— B -

Unondered hues The goal in each case is to generate a perceptually

- uniform scheme, where hops from one level to the

next are seen as having the same magnitude.
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Types of data and appropriate color palettes

= Sequential
= Quantitative or ordinal data -
= Diverging
= Quantitative or ordinal data . .
with a meaningful midpoint

Bt BN
= Nominal data

M126 Data Viz | Roussou



Palletes: Sequential

[aa) colorbrewer2.org

FullScreem WD Cloud Apple Facebook espn Chase ebay Mewsy Popular v

Number of data classes: 5 i ow Lo use pdate ao 030 ea

Mature of your data: i
O sequential diverging () gqualitative

Pick a color scheme: m ——
Multi-hue: Single hue:

Only show: i | 5-class BuPu
| colorblind safe 430 m = ¥ %
| print friendl ~
—'P y HEX o
photocopy safe ) e
#edffh
Context: i #h3ode3
cde
| roads [ H
| cities E\ #8c96ch
borders [ 1§ #8856a7
Background: belL i
© solid color
“Jterrain
[

color transparency
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Palletes: Diverging

colorbrewer2.org

FullScreem WD Cloud Apple Facebook espn Chase ebay Newsy  Popular v

Number of data classes: | 5 a i OW Lo use paates  do 0ad ed

Mature of your data: i
sequential @diverging (qualitative

Pick a color scheme:

EERENEERE
EnpEEEnES

Only show: i | 5-class PRGn :
~ ) _ m [
colorblind safe ap M 2 R ] I
e . )
rint friendl "
—'P ¥ Hex [ o
photocopy safe |

#7b3294
Context:
#c2a5cf
| cities | Ay
borders #abdbal

Background: . #008837

© solid color
terrain

r—

color transparency

"I roads

-
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Palletes: Qualitative (unordered)

(&3

(o) colorbrewer2.org

FullScreen WD Cloud Apple Facebook espn Chase ebay MNewswv Popular v

MNumber of data classes: | 5 il how to use updates downloads credits

Mature of your data: i
Tisequential (diverging @ qualitative

Pick a color scheme:

{ 1P

Only show: i | 5-class Dark2
| colorblind safe @ r}gQ ™
| print friendly HEX
| photocopy safe

#1bBe?7
Context: i #do5f02
—| roads [ H
 cities \EI #7570b3
borders [ & #e7298a
Background: S
O solid color
“terrain
[

color transparency
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Visual perception: color — color blindness

|l
u

“llll I“
e
EmSRRCaZanEISE| mHECoRE-RRERRIZEE



https://en.wikipedia.org/wiki/Ishihara_color_test_plate

Visual perception: color — color blindness

= This is what it looks like to someone who is color blind

M126 Data Viz | Roussou



Color Coding

o

Large areas = low saturation
Small areas = high saturation

M126 Data Viz | Roussou



Good use of color

Why Peyton Manning's Record Will
Be Hard to Beat

The Broncos quarterback set the all-time N.F.L.
Wm-dhﬂmm
B Johnry Untas

YA Titte

Berry Freo™ar

AL

W D TS TESD eSS D ES  WT0 TS 160 1e8S  We0 1995 2000 2005 0%




Problematic use of color

SANFORD AXD SENICK

the values change
smoothly, but the
colors do not

Estimated fraction of precipitation
lost to evapotranspiration 1971-2000 i)
[Joo-0090 M 05-059 N 10-1.09
[ 0.1-0.19 [ 05-060 N 11119
I 02-020 [ o.7-0.70 [ 12-120
I 03-030 | 08-080

I 04-049 09-099

FIGURE 13, Estimated Mean Annual Ratio of Actual Evapotranspiration (ET) to Precipitation (P) for the Conterminous U.8. for the Period
1971-2000, Estimates are based on the regression equation in Table 1 that includes land cover, Caleulations of ET/P were made first ut the

B00-m resolution of the PRISM climate data. The mean values for the counties (=hown) were then caleulated by averaging the S00-m values
within each county. Areas with fractions >1 are agricultural counties that either import surface water or mime deep groundwater.



guidelines

Use color only when necessary (avoid unnecessary textures and
colors)

Saturated colors for small areas, labels
Less saturated colors for large areas, backgrounds

Do not pick colors in an ad hoc way: use tools like ColorBrewer
2.0

avoid producing plots that confuse people who are color blind


http://colorbrewer2.org/
http://colorbrewer2.org/

Pre-Attentive Processing

= How many 3s ?

08028085080830802809850-802808
00 /84 72988 12ty453202094' 7577200
21 78984330455 /904560992 /2188
39 109479 19A)280568925945 /3979209




Pre-Attentive Processing (Pops out)

= How many 3s ?

08028085080830802809850~802508
00 /84 72988 12ty453202094' 7577200
2178984330455 /904560992 /2188
39 109479 19A)280568925945 /3979209




Pre-Attentive Processing (Pops out)

= How many 3s?

1281768756138976546984506985604982826762
9809858458224509856458945098450980943585
9091030209905959595772564675050678904567
8845789809821677654876364908560912949686

How many 3’s?

1281768756138976546984506985604982826762
9809858458224509856358945098450980943585
9091030209905959595772564675050678904567
8845789809821677654876364908560912949686



Pre-Attentive Processing (Pops out)

= How many 3s?

Slow, sequential, conscious

1281768756138976546984506985604982826762
9809858458224509856458945098450980943585
9091030209905959595772564675050678904567
8845789809821677654876364908560912949686

How many 3’s?

Rapid, parallel, automatic

1281768756138976546984506985604982826762
9809858458224509856358945098450980943585
9091030209905959595772564675050678904567
8845789809821677654876364908560912949686



Task: (distracted) search

= Which side has the red circle?

Task: (Distracted) Search

Which side has the red circle?

D'/ Data Visualization Nikhil Srivastava, 2015
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Task: (distracted) search

= Which side has the red circle?

M126 Data Viz | Roussou

Task: (Distracted) Search

D'/ Dpata Visualization

Which side has the red circle?

Nikhil Srivastava, 2015



Task: (distracted) search

= Which side has the red circle?

M126 Data Viz | Roussou

Task: (Distracted) Search

D'/ Dpata Visualization

Which side has the red circle?

Nikhil Srivastava, 2015



Task: (distracted) search

= Which side has the red circle?

Task: (Distracted) Search

Which side has the red circle?

D'/ Dpata Visualization Nikhil Srivastava, 2015
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Task: (distracted) search

= Which side has the red circle?

M126 Data Viz | Roussou

Task: (Distracted) Search

Slow, sequential, conscious

Rapid, parallel, automatic

D'/ pata Visualization Nikhil Srivastava, 2015



Task: (distracted) search

= Searching for the blue circle becomes progressively harder...
= Shape and color are two distinct channels: pop-out on the color channel is stronger

than it is on the shape channel

Color Only, N=20 Color Only, N=100 Shape Only, N=20 Shape Only, N=100 Color & Shape, N=100

M126 Data Viz | Roussou



Visual perception: Gestalt principles

1. Proximity
2. Similarity

)=
by >
S o B
MWm
nS
O
SO &
N T

6. Figure/ground
7. Common fate
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Visual perception: Gestalt principles

= Proximity: Things that are spatially near to one another seem to
be related.

M126 Data Viz | Roussou



Visual perception: Gestalt principles

= Similarity: Things that look alike seem to be related.

.“‘
@

M126 Data Viz | Roussou



Visual perception: Gestalt principles

= Similarity: Things that look alike seem to be related.

L _BON NON NGO
L _HON NON NGO
L _HON NON NGO
L _BON NON NGO
L _BON NON NGO
® O® O 0O
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Visual perception: Gestalt principles

= Similarity: Things that look alike seem to be related.

oi= o= o=
o= o= o=
= ° =
o= o= o=
o= o= o=
o= o= o=
o= o= o=
o= o= o=
o= o= o=
o= o= o=
o= o= o=
ofi= o= o=
o= o= o=
ofic= offi= o=
ofii= offi= o=
o= offi= o=
ofii= o= o=
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Visual perception: Gestalt principles

= Closure: Incomplete shapes are perceived as complete.

M126 Data Viz | Roussou



Visual perception: Gestalt principles

= Closure: Incomplete shapes are perceived as complete.

Q ayiag lwavvnc MpdSpopac,
TEAN 170u ai.

St. John the Baptist,
late 17th c.

[ pappatooeipa o€ mvakida aTo lotopikd Mouaegio Kpntng, 2019
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Visual perception: Gestalt principles

= Closure: Incomplete shapes are perceived as complete.

T A NTTILIITEON O THE (R LE S \AJ
HE PANTHEON OF JE GREREK W

['papuatooelpd og mvakida otnv EBvikn MivakoBnikn, 2022




Visual perception: Gestalt principles

= Closure: Incomplete shapes are perceived as complete.
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Visual perception: Gestalt principles

= Continuity: Partially hidden objects are completed into familiar
shapes.

M126 Data Viz | Roussou



Visual perception: Gestalt principles

= Continuity: Partially hidden objects are completed into familiar
shapes.

.[II

M126 Data Viz | Roussou



Visual perception: Gestalt principles

= Figure and Ground: Visual elements are taken to be either in
the foreground or the background.

Ground
(negative space)

Figure

(positive shape)

M126 Data Viz | Roussou



Visual perception: Gestalt principles

We look for structure all the time

OO0 OO 00O OO0 OO 00O
OO OO 00 00 00
OO0 OO OO

OO0
OO0 OO OO
OO
OO
oo

200 Bo6 O
Oal) Oa) OO O Oﬁ




Interpreting and understanding graphs

= Schematic representation of basic perceptual tasks for nine chart types.

= Participants were asked to make comparisons of highlighted portions of
each chart type, and say which was smaller.

100
— O
I O -
0 |:[| | O
1 2 3 4 5 6 7 8 9
Position Length Angle Circular Rectangular Areas

Area

Cleveland & McGill, 1984, 1987
Heer and Bostock



what types of plots do we understand best?

M126 Data Viz | Roussou
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what types of plots do we understand best?

performance worsens substantially as we move away from comparison on a common scale to length-
based comparisons to angles and finally areas. Area comparisons perform even worse than the
(justifiably) much-maligned pie chart.

n T | @ I

1.0 1.5 2.0 2.5 3.0
Log Error
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Important for Design of Visualizations

= Do not
= Put too much in two axes (produce separate plots instead)
= Truncate axes
= Use 3D unnecessarily
= Do
= Show the data
= Be as clear as possible
= Let the data tell the story

M126 Data Viz | Roussou



Check out

= Bach, M. 136 Optical lllusions & Visual Phenomena

= Visual Complexity

= Perceptual Edge

= Edward Tufte website

M126 Data Viz | Roussou


https://michaelbach.de/ot/
http://www.visualcomplexity.com/vc/blog/
http://www.visualcomplexity.com/vc/blog/
http://www.perceptualedge.com/blog/
http://www.perceptualedge.com/blog/
https://www.edwardtufte.com/
https://www.edwardtufte.com/
https://www.edwardtufte.com/

References & further reading

= Tufte, E. R. (2001). The Visual Display of Quantitative Information (2nd ed.).
Graphics Press.

= Ware, C. (2013). Information Visualization: Perception for Design (3rd
Editio). Morgan Kaufmann.

= Zhang, J. (1997). The Nature of External Representations in Problem Solving.
Cognitive Science, 21(2), 179-217. Retrieved from

https://onlinelibrary.wiley.com/doi/pdf/10.1207/s15516709c0g2102 3

= Current approaches to change blindness Daniel J. Simons. Visual Cognition
7,1/2/3 (2000), 1-15.

= Semiology of Graphics, Jacques Bertin, Gauthier-Villars 1967, EHESS 1998
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https://onlinelibrary.wiley.com/doi/pdf/10.1207/s15516709cog2102_3

Thank youl!

mroussou@di.uoa.gr

http://eclass.uoa.gr/courses/DI411/
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