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Data visualisation is a
communication skill



The data visualisation spectrum
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https://medium.com/visualizing-the-field/why-people-leave-their-data-viz-jobs-be1a7ab5dddc

Meaningful

Clinical Beautiful



What is effective data visualisation?



“You have to be like the worst tabloid newspaper in
the front and the Academy of Science in the back.”



"Effective communication is getting messages across
... it suggests that we get this audience to understand
something. To ensure that they understand it, we must
first get them to pay attention.”



The best data visualisation paper
you'll ever read


https://vcg.seas.harvard.edu/files/pfister/files/infovis_submission251-camera.pdf

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
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393 visualizations

Visualizations are taken
from [8], and the label
taxonomy described in
Table | is applied.
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IOO “target visualizations

10 seconds / image

OuTPUT:
Eye-tracking fixation locations
and durations.

RECOGNITION

Same 100 targets + 100 “fillers”

2 seconds / image

OuUTPUT:
Eye-tracking fixation locations
and durations, and whether

visualization is recognized.
-

RECALL
Correctly recognized blurred targets

. e — -

20 min - as many images as
participant can complete

OuTPUT:
Text descriptions of what
participant recalls about the

visualization.
NG




STEP |: Encoding




Graphics are more effective when they use redundancy in data
or text to repeat the core message

Effectiveness of visualisation, by level of text and data redundancy
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Source: Borkin, M et al., Beyond Memorability: Visualization Recognition and Recall
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Text elements are mentioned most often
in descriptions of graphics

Total number of mentions of different graphical elements
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Scientific visualisations very rarely exploit
redundancy to emphasise their point

Share of graphics with data and or text redundancy
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Guidelines

- Narrative titles. Make a point. Own the message
- Say it twice
- Exploit colour

- Minimum |eg|b|e font size: graphic width / 20



In action



Most Western countries are on the same coronavirus trajectory. Hong Kong

and Singapore have managed to slow the spread

Cumulative number of cases, by number of days since 100th case
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Table 1: 2010 Census Backward Projection

Year Age Male Female Sexratio  Expected at Missing
105 SRB females

2010 0 7,461,199 6,325,235 118 7,105,904 780,669
2009 1 8,574,973 7,082,982 121 8,166,641 1,083,659
2008 2 8,507,697 7,109,678 120 8,102,569 992,891
2007 3 8,272,491 6,978,314 119 7,878,563 900,249
2006 4 8,246,206 6,973,835 118 7,853,530 879,695
2005 5 7,988,151 6,743,986 118 7,607,763 863,777
2004 6 8,034,452 6,770,018 119 7,651,859 881,841
2003 7 7,292,300 6,136,861 119 6,945,048 808,187
2002 8 7,423,559 6,243,397 119 7,070,056 826,659
2001 9 7,726,203 6,522,622 118 7,358,289 835,667
2000 10 7,830,808 6,623,549 118 7,457,912 834,363
1999 11 7,522,558 6,413,156 117 7,164,341 751,185
1998 12 8,288,987 7,110,572 117 7,894,273 783,701
1997 13 8,161,000 7,064,032 116 7,772,381 708,349
1996 14 8,463,924 7,429,876 114 8,060,880 631,004
1995 15 9,524,898 8,499,586 112 9,071,331 571,745
1994 16 9,795,181 8,995,340 109 9,328,744 333,404
1993 17 10,760,828 10,014,541 107 10,248,408 233,867
1992 18 10,744,556 10,010,718 107 10,232,910 222,192
1991 19 11,079,367 10,464,099 106 10,551,778 87,679
1990 20 14,201,091 13,825,863 103 13,524,849 -301,014
Total 185,900,429 163,338,260 115 177,048,028 13,709,768

Source:
NBS 2011.



China’s missing baby girls are re-appearing in the
census years after they were born

Research suggests that rather than sex-selective abortion or
infanticide, the leading cause of China’s male-heavy sex ratios at
birth is parents delaying official registration of their daughters

Ratio of females to males, by age
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Figure 3: Predicted probability of voting for Trump based on values of economic
dissatisfaction, racism, and sexism
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Prob. of voting for Republican

Hostile sexism and Republican
House vote 2016 and 2018

Least Most
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2016 Republican House Vote
= 2018 Republican House Vote

Bosed on analysis of 2016 Cooperative Congressional
Elaction Study and 2018 DFP survey by Brian Schaffner.

—

Trump’s hostility towards women has tarnished the
Republican party, costing votes in the 2018 midterms

Probability of voting for Republican candidate, by level of sexism
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The UK’s vaccine effect: cases, hospital admissions and deaths are
now falling much faster in older groups than younger ones

Cases, hospital admissions and deaths as a percentage of winter peak, by age group (log scale)
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Many areas of England are now seeing resurgences driven by B.1.617.2 =00

Weekly cases per 100k people, by variant* 150
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