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What does it mean to ‘learn’ about… 

a) visualisation?
b) visualisation in R?



Lecture > 
Design
Perceptual Biases 
Software

Lab >
1. Base graphics
2. Ggplot2
3. Grid graphics
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How we organise and 

present information 

matters a lot!



http://vrf.wpengine.netdna-cdn.com/wp-content/uploads/2014/08/organized-02.jpg



http://vrf.wpengine.netdna-cdn.com/wp-content/uploads/2014/08/organized-02.jpg



Lyne, AG & Smith, FG. (1990) Pulsar Astronomy. Cambridge University Press. 

Joce lyn Be l l  Burne l l
Discove r y  o f  pu l sa r s

http://www.bbc.co.uk/programmes/b016812j



http://communicatingdata.org/read-white-paper/

preventable diseases like 
typhus killed ten times 
more troops than battle 
wounds



http://www.gatesfoundation.org/media-center/speeches/2013/01/bill-gates-dimbleby-lecture

For my wife Melinda and me, the problem of global health inequity became visible 15 years ago, when we saw a 
simple pie chart in the newspaper breaking down the major causes of death among children. 

Our reaction was somewhere 
between disbelief and disgust. 
How could we not have seen even 
the barest outlines of this tragedy?

We decided to do everything we could to get the vaccine out to every child who needed it.

One of the bigger slices of the 
pie, representing 500,000 dead 
children annually, was labelled: 
rotavirus.

That rotavirus slice in the pie chart set us on fire. 
… all of a sudden it didn’t seem like there was any time to waste





Design visualisation systems 
that maximise
cognitive & scientific productivity
[after Ware 2013, G11.1]



The best example of 

visualisation…



A n s c o m b e ’ s Q u a r t e t

h t t p : / / e n . w i k i p e d i a . o r g / w i k i / A n s c o m b e ' s _ q u a r t e t # c i t e _ n o t e - A n s c o m b e - 1  
A n s c o m b e ,  F .  J .  ( 1 9 7 3 ) .  A m e r i c a n  S t a t i s t i c i a n 2 7 ( 1 ) :  1 7 – 2 1 .
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mean(x) =  9 

var(x) = 11

mean(y) =  7.5 

var(y) = 4.1

cor(x,y) = 0.816

Linear regression line 

→ Y = 0.5x+3
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I II

III IV 

‘Small Multiples’…
Data are partitioned into a series of plots rather than a single plot. 
Reduces ‘confusion’… Increases ‘salience’.

“visually enforcing comparisons…”

T u f t e ,  E d w a r d  ( 1 9 9 0 ) .  E n v i s i o n i n g  I n f o r m a t i o n .  
G r a p h i c s  P r e s s .



This design 
doesn’t 
necessarily work 
for all data…



e) Surface 
plot using 
Excel default 
formatting 
options

d) Single plot 
with symbols 
designed 
based on 
pre-attentive 
processing

b) Scales 
fitted to the 
range of each 
data set

a) Same 
design but the 
data values 
are increased 
by 100

c) Single plot 
with symbols 
in black and 
white



a b

c

d



1. Visualisations can reveal.

2. Design is data-dependent

3. There are >1 possibilities



a.i a.ii b.i b.ii

d.i d.iic.i c.ii

[1] https://fathom.info/traces/ 

[2] http://www.stefanieposavec.co.uk/-everything-in-between/#/entangled-word-bank/ 

[3-6] see Viegas & Wattenberg (2015) 

[3] Tufte1990 

[4] Tufte 1990 

[5] http://www.informationisbeautifulawards.com/showcase/113-arab-spring 

[6] http://www.thefunctionalart.com/2015/02/redesigning-circular-timeline.html 

[7] http://www.scmp.com/infographics/article/1284683/iraqs-bloody-toll 

[8] https://www.youtube.com/watch?v=Ybwh4lejYO4 



An example of 

how science 

leads design…



Alternative 

dimensions
a

Random data to grouped data set = 1.2 to 2 time quicker

Random data to grouped data set = 1.2 to 2 time quicker

Random ‘large’ data set to ‘smaller’ grouped data set  = 8 times quicker

Each of the steps make the purple square more difficult to find.

Gramazio C, Schloss, K,  Laidlaw D. The relation between visualization size, grouping, and user performance. 

IEEE Transactions on Visualization and Computer Graphics (Proc. InfoVis). 2014; 20(12): 1953-1962.

Smaller 

scale

More 

data

More 

colours

Less

clustering



Alternative 

dimensions
a

b ‘Small multiples’ negates the need for complicated colour and 

symbol schemes, allowing the patterns to be set in context.

Each of the steps make the purple square more difficult to find.

Gramazio C, Schloss, K,  Laidlaw D. The relation between visualization size, grouping, and user performance. 

IEEE Transactions on Visualization and Computer Graphics (Proc. InfoVis). 2014; 20(12): 1953-1962.
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a

b

Important patterns are still 

observable in small graphics.
c

Smaller 

scale

More 

data

More 

colours

Less

clustering

Alternative 

dimensions

‘Small multiples’ negates the need for complicated colour and 

symbol schemes, allowing the patterns to be set in context.

Each of the steps make the purple square more difficult to find.

Gramazio C, Schloss, K,  Laidlaw D. The relation between visualization size, grouping, and user performance. 

IEEE Transactions on Visualization and Computer Graphics (Proc. InfoVis). 2014; 20(12): 1953-1962.



b

Important patterns are still 

observable in small graphics.
c

‘Small multiples’ negates the need for complicated colour and 

symbol schemes, allowing the patterns to be set in context.



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



http://0-www.nature.com.pugwash.lib.warwick.ac.uk/nclimate/journal/vaop/ncurrent/pdf/nclimate2947.pdf



All visualisations 

are inevitably 

biased…





“It looks like a 
fruit salad 
with lots of 
watermelon…” 

Esther, aged 10.
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each panel

a
A host of effects can reduce a user’s ability to 

compare values in bar charts.

Talbot J, Setlur V, Anand A. Four Experiments on the Perception of Bar Charts. 

IEEE Transactions on Visualization and Computer Graphics (Proc. InfoVis). 2014; 20(12): 2152 - 2160. 

http://ieeexplore.ieee.org/xpl/articleDetails.jsp?arnumber=6876021&contentType=Early+Access+Articles
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each panel

When combined 

in stacked 

graphs different 

comparisons will 
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Unstacking and aligning the bar graphs 

produces ‘Small multiples’, which simplifies 

difficult comparisons.

a b c
A host of effects can reduce a user’s ability to 

compare values in bar charts.

Talbot J, Setlur V, Anand A. Four Experiments on the Perception of Bar Charts. 
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Effects in bold

are the strongest in 

each panel

When combined 

in stacked 

graphs different 

comparisons will 

have different 

biases. 

If specific comparisons are 

important then they should 

be shown using the data 

order or separate graphics.

a b

d

c
A host of effects can reduce a user’s ability to 

compare values in bar charts. Unstacking and aligning the bar graphs 

produces ‘Small multiples’, which simplifies 

difficult comparisons.

Talbot J, Setlur V, Anand A. Four Experiments on the Perception of Bar Charts. 

IEEE Transactions on Visualization and Computer Graphics (Proc. InfoVis). 2014; 20(12): 2152 - 2160. 

http://ieeexplore.ieee.org/xpl/articleDetails.jsp?arnumber=6876021&contentType=Early+Access+Articles


http://www.thelancet.com/journals/lancet/article/PIIS0140-6736(12)61689-4/fulltext



ANATOMY OF A 
VISUALISATION



http://openbracketdesign.co.uk/wp-content/uploads/2013/03/Jurassic-5-Data-Vis-600.jpg
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http://openbracketdesign.co.uk/wp-content/uploads/2013/03/Jurassic-5-Data-Vis-600.jpg



SOME TEXT
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http://openbracketdesign.co.uk/wp-content/uploads/2013/03/Jurassic-5-Data-Vis-600.jpg

Quantities 
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Proportions
Coordinates 
Totals
Relative Positions



Lots of computational, 
editorial and design 
choices….

http://openbracketdesign.co.uk/wp-content/uploads/2013/03/Jurassic-5-Data-Vis-600.jpg



SCREEN



Perception & Cognition

SCREEN EYE BRAIN ACTIONS

Behavioural 
science

D E C O D I N G



Perception & Cognition

V3 V2
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769500 490

DATA

//This is a code because 
//it is in this font;
A_function (x,y){visualise;}
Do something;
Prints somethings; 
numbers;
Numbers;
And more numbers;
Finish;

CODE SCREEN EYE BRAIN ACTIONS

SKETCH

Statistics Computing

KNOWLEDGE

Behavioural 
science

Editorial Design Evaluation

E N C O D I N G D E C O D I N G



Perception & Cognition

EYE BRAIN ACTIONS

SKETCH KNOWLEDGE

Behavioural 
science

Editorial Design Evaluation

D E C O D I N G

Statistics Computing

E N C O D I N G

V3 V2

1

2

330

20

10

Vn

763

129

584

769500 490

DATA

//This is a code because 
//it is in this font;
A_function (x,y){visualise;}
Do something;
Prints somethings; 
numbers;
Numbers;
And more numbers;
Finish;

CODE SCREEN





Grammar makes language expressive. A language consisting of words
and no grammar (statement = word) expresses only as many ideas as there are
words. By specifying how words are combined in statements, a grammar 
expands a language’s scope…



Grammar makes language expressive. A language consisting of words
and no grammar (statement = word) expresses only as many ideas as there are
words. By specifying how words are combined in statements, a grammar 
expands a language’s scope…
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http://docs.ggplot2.org/current/

ggplot

aes

stat_

geom_

coord_

facet_

data_

theme_

‘aesthetics’… how the data is 
mapped to the visuals

Data transformations and 
processing

Shapes, symbols, geometric 
objects

The shape of the plot, flat, 
round, map…

Multiple plots and subsetting
of data 

… data …

Design, looks, formatting



http://flowingdata.com/2016/03/22/comparing-ggplot2-and-r-base-graphics/





dat <- data.frame(
time = factor(c("Lunch","Dinner"), levels=c("Lunch","Dinner")),
total_bill = c(14.89, 17.23)

)

ggplot(data=dat, aes(x=time, y=total_bill, fill=time)) +
geom_bar(colour="black", fill="#DD8888", width=.8, stat="identity") +
guides(fill=FALSE) +
xlab("Time of day") + ylab("Total bill") +
ggtitle("Average bill for 2 people") +
facet_wrap(~time, ncol=2)
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QUESTIONS?





This book does not contain discussions about 
which sort of plot is most appropriate for a 
particular sort of data, nor does it contain 
guidelines for correct graphical presentation. 
In fact, instructions are provided for 
producing types of plots that are generally 
disapproved of…

Paul Murrell (2006) R graphics. Chapman & Hall. 
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Which has  the  h igher  level  of  corre lat ion?

A B

Which of these graphs is best for noticing correlations between variables?
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Ordered Line
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Only three graphs allowed users to 

judge any type of correlation better 

than random guesses.

a

Parallel 

coordinates

Scatter Plot

Ordered Line

Worse than the Worst

Below this line, the graphs 

were no better than 

assessing correlation 

than random guesses.
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Positive 

correlations 

R= 0.9

Only three graphs allowed users to 

judge any type of correlation better 

than random guesses.

a

Line Graphs are 

ubiquitous but are poor 

for  displaying 

correlations, especially 

negative correlations

b

Parallel 

coordinates

Scatter Plot

Line

Ordered Line

Worse than the Worst

Below this line, the graphs 
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assessing correlation 

than random guesses.
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Negative 

correlations

R= -0.9

Positive 

correlations 

R= 0.9

Only three graphs allowed users to 

judge any type of correlation better 

than random guesses.

a

Line Graphs are 

ubiquitous but are poor 

for  displaying 

correlations, especially 

negative correlations

b

Radar

Donut

Parallel 

coordinates

Scatter Plot

Line

Ordered Line

Worse than the Worst

Below this line, the graphs 

were no better than 

assessing correlation 

than random guesses.



Best 

Worst

Negative 

correlations

R= -0.9

Positive 

correlations 

R= 0.9

Only three graphs allowed users to 

judge any type of correlation better 

than random guesses.

a

“Stacked” graphs all performed 

poorly despite being frequently 

found in software and reports.

c

Line Graphs are 

ubiquitous but are poor 

for  displaying 

correlations, especially 

negative correlations

b

Radar

Donut

Stacked

bar

Stacked

area

Stacked 

line

Parallel 

coordinates

Scatter Plot

Line

Ordered Line

Worse than the Worst

Below this line, the graphs 

were no better than 

assessing correlation 

than random guesses.







• L i n e  g ra p h s  a re  s u r p r i s i n g l y  i n e f fe c t i ve !
• S c a tt e r  p l o t s  a re  s i m p l e  b u t  p re c i s e .

• D e s i g n  fo r  t h e  t a s k ( s )  a n d  t h e  d a t a  
( s m a l l  m u l t i p l e s ? )


