Scientific Figure Design

v201811

Babrm
Bioinformatics



Figures are the way your science |
presented to an audience
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A Theory of data visualisation
I Why do some figures work better than others?
I Applying theory to common plot types

A Ethics of data representation
A Using graphic design

A Editing bitmap images in GIMP
A Vector editing and compositing Inkscape
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A How to draw graphs in specific programs
I R Introduction
| Statistics with R
| Statistics withGraphPad
I Plotting with Rggplot



Timetable

A Morning A Afternoon
I Introduction I GIMP Tutorial
I Data Visualisation I GIMP Practical
Theory A Coffee
A Coffee i Inkscape Tutorial
I Data Representation i Inkscape Practical
Practical

i Final practical
T Plots and ethics talk

I Design theory talk



Data Visualisation Process

Process and Filte

Data Clean Dataset

Exploratory

Analysis

Generate
Conclusion




Exploratory visualisation

A Understand your data

A Multiple ways to present and summarise
A Crude representations

A Interactive

A Not intended for final publication
I Can be adapted for publication
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Reference visualisation

A Using your data as a resource

A Allows users to look up data of interest
A Tabular / Configurable

A Interactive
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Q Feature Report

Chr Start End Average ... Feature D Description MNo. Su... Mo.Pro... Mean... StDev... Mea.. StD...

1 91285982 91726453 €|Centg2 ENSMUSGO000. .. |centaurin, gamma 2 [Source:M... 1 148| 19.216 22.845| 16.235| 7.427| «

1 91759133 91752347| |Gbx2 ENSMUSGO000. .. (gastrulation brain homeobox 2. 1 2] 321.5| 137.885| 89.343| 36.373| |

1 91783849 91845748 |asb13 [EMSMUSGO000. .. ankyrin repeat and SOCS box-... 1 22| 22,227 30.095| 47.379| 38.908|

1 91873797 91920700 € [lgca ENSMUSGO000. .. [1Q motif containing with AAA d... 1 17| 11.706 5.665| 21.977| 6.709

1 91958628 91976324 € [lgca ENSMUSGO000. .. [1Q motif containing with AAA d... 1 7.429] 3.207| 23.785 4.68

1 92035174 92047459 |Cxcr? [EMSMUSGO0000. .. chemokine (C-X-C motif) recep. .. 1 5 30.8 31.523| 20.034| ©.862

1 92433385| 92443493 ©|Copsd EMSMUSG0000. .. [COPS (constitutive photomorp. .. 1 5 47.4 70.692| 13.266) 3.371

1 92505565 92510157 §[FG433332  [ENSMUSG0000. .. |predicted gene, EG433332 [So... 1 2] 7.5 3.535| 20.305| 1.914|=

1 92596517 92674334 |Col6a3 EMSMUSGO0000. .. procollagen, type V1, alpha 3 [ 1 27| 8.296| 3.821| 26.773| 8.431

1 92745509 92781547 & |Miph EMSMUSG0000. .. melanophilin [Source:MarkerSy... 1 13| 17.077] 13.175| 32.384| 13.865

1 92733511 92754418 ©|LOC633040  [ENSMUSGO000. .. [No description 1 2] 14 1.414| 28.427| 9.572

1 92788541 92800026 Rab17 ENSMUSGO000. .. [RAB17, member RAS oncogen... 1 5 19.5] 15.388| 40.881| 12.892

1 92829210| 929585602 |Lrrfipl ENSMUSGO000. .. [leudne rich repeat (in FLII) int... 1 45 23,158 40.155| 21.93| 21.654

1 92975509 93001201 €(Gm317 ENSMUSGO000. .. jgene model 817, (NCBI) [Sour... 1 10 12.8] 14.65| 14.484| 7.221

1 93010229 93054126 ©[Ramp1 ENSMUSGO0000. .. [receptor {caldtonin) activity m. .. 1 15| 15.067 13.593| 39.979| 20.337|

1 93054380| 93055601 ©(3130218E1... |ENSMUSGO000. .. [RIKEN cDNA 9130218E19 gen... 1 2| 12.5] 2.121| 35.872| 0.957|

1 93114058 93115422 & |Ube2f ENSMUSGO000. .. ubiquitin-conjugating enzyme ... 1 2| 5 4,243| 5.415| 3.829

1 93126451 93127342 £ |ENSMUSGO. ... [ENSMUSGO000. .. [No description 1 1 218 0] 14.89 0

1 93128744 93151480 |5cly ENSMUSGO000. .. (selenocysteine lyase [Source 1 9| 37.889 65.054( 15.492| 7.038

1 93152481| 93178709 & [Espnl ENSMUSGO000. .. |espin-ike [Source:MarkerSymb... 1 10 20.8 25.44| 66.33| 64.176

1 93181479 93192510 £ |KIhl30 ENSMUSGO000. .. kelchike 30 (Drosophila) [Sou... 1 5 11.6] 5.177| 41.423| 5.029

1 93196536 93204622 ©[BCO58523 EMSMUSGO000. .. [cDNA sequence BCD58923 [So... 1 4 61.75] 84.626( 27.412| 22,199

1 93206237 93229189 & Ikap ENSMUSGO000. .. integrin-inked kinase-assodat. .. 1 9| 42,222 66.944( 11.431] 2.451

1 93241589 93243628 B [Hess ENSMUSGO000. .. hairy and enhancer of split & (... 1 2| 190 31.113| 71.745| 26.801]

1 93246388 93289702 @[Per2 ENSMUSGO000. .. period homolog 2 (Drosophila) ... 1 16| 33.562] 60.427| 38.834| 26.818

1 93325073 93358670 (Traf3ip1 ENSMUSGO000. .. [TNF receptor-associated facto. 1 12| 30.083 72.455| 13.086| 6.513|

1 93371120] 93389585 |asbl ENSMUSGO000. ... ankyrin repeat and SOCS box-... 1 7| 51.857| 105.506| 12.857| 5.841

1 93631867 93678434 B [Twist2 ENSMUSGO000. .. (twist homolog 2 (Drosophila) [... 1 17| 18.7865 31.888| 53.51| 76.591]

1 93760418 93760711 A |Hdacd ENSMUSGO000. .. [histone deacetylase 4 [Source. .. 1 1 28 0| 13.537| 0

1 93763364 93885379 £ Hdacd ENSMUSGO000. .. |histone deacetylase 4 [Source... 1 41) 12,029 4,396 12.183| 4.227

1 94269894 94304205 £ Ndufa 10 ENSMUSGO000. .. [NADH dehydrogenase (ubiguin... 1 12| 4175 110.694| 12.747| 3.288| _
3 T




lllustrative visualisation

A Intended to convey a specific point
A Carefully chosen subset of data

A Optimised presentation

A Good design

A Used for figures in papers
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What makes a good figure?

A Has a clear message
I Helps to tell a story
T Adds to the text, and links to it

A Is focused
i 52y Q0 O2y¥F¥dzaS 2yS YS&aal 3s

A |s easy to interpret correctly
I Good data visualisation
I Good design

A |s an honest and true reflection of the data



The theory of data
visualisation
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Data Visualisation

A A scientific discipline involving the creation
and study of the visual representation of data
whose goal is to communicate information
clearly and efficiently to users.

A Data Visualisation is both an art and a science



Sample ASample B
1 1

2 4

4 16

8 64

12 144

160 180
140 160
120 140
12
100 °
100
80 m Sample A = Sample B
60 m Sample B 80 m Sample A
60
40 40
20 20
. 0 —
1 2 3 4 5
160
140
150
120
100 100
80 = Sample A m Sample A
50
o Sample B . m Sample B
40 0 — Sample B
1 2 3 Sample A
20 4 5
0
Sample B
160
140 /
120 /
——Sample A | 100 /
—Sample B || 80 —¢—Sample B
60
40
20 /




ey i

ISBN10:1466508914
Qohe http://www.cs.ubc.ca/-tmm/talks.html

AN A K PETERS BOOK

Analysis & Design

Tamara Munzner

7 |
L { i !
t i}
Nlustrations by Bamonn Maguire i ll'fﬂl Aeall. S8R
AUSLTS S SallOn s ALY y Al > i =
v " | Copansted Mg}na{.
. ol

1 )



DataVizProcess

Collect Raw Dat Procesl,jsata;d Filte Clean Dataset

Exploratory

Analysis

Generate Generate
Visualisation Conclusion
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A Show the data

A Not distort the data

A Summarise to make things clearer

A Serve a clear purpose

A Link to the accompanying text and statistics
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Graphical Representations

A Basic questions

I How are you going to turn the data into a
graphical form (weight becomes length etc.)

I How are you going to arrange things in space

I How are you going to use colours, shapes etc. to
clarify the point you want to make



Marks and Channels

A Marks A Channels
I Geometric primitives I Graphical appearance of a mark
A Lines A Colour
A Points A Length
A Areas A Position
i Used to represent A Angle
data sets

I Used to encode data



Figures are a combination of marks
and channels

4.5 4

1 Mark = Rectangle

1 Channel = Length of longest side

1 Mark = Circle segment
1 Channel = Angle

. 1 Mark = Diamond shape

2 Channels = X position, Y position

‘ 1 Mark = Circle
o 4 Channels:

X position
Y position
Area
Colour




Golden Rules

A Effectiveness

I Encode the most important information with the
most effective channel

A Expressiveness
I Match the properties of the data and channel



Types of channel

A Quantitative

—@ —@ |
I Position on scale
i Length —— ‘
i Angle ‘
I Area O
i Colour (saturation) OEEEEE
I Colour (lightness) EEEE
A Qualitative
I Spatial Grouping L L
i Colour (hue) BOCOEE

i Shape OHAOW



Colour

A Technical representations of colour
I Red + Green + Blue (RGB)
I Cyan + Magenta + Yellow + Black (CMYK)

A Perceptual representation of colour
I Hue + Saturation + Lightness (HSL)



HSL Representation

A Hue = Shade of colour = Qualitative
A Saturation = Amount of colour = Quantitative
A Lightness = Amount of white = Quantitative

A Humans have no innate quantitative perception of hue
but we have learned some (codchot, rainbow etc.)

A Our perception of hue is not linear




Types of channel

A Quantitative

—@ —@ |
I Position on scale
i Length —— ‘
i Angle ‘
I Area O
i Colour (saturation) OEEEEE
I Colour (lightness) EEEE
A Qualitative
I Spatial Grouping L L
i Colour (hue) BOCOEE

i Shape OHAOW



Data Types

A Quantitative
I Height, Length, Weight, Expression etc.

A Ordered
I Small, Medium, Large
I January, February, March

A Categorical
I WT, Mutantl, Mutant2
I GeneAGeneBGeneC



Golden Rules

A Expressiveness
I Match the properties of the data and channel



Golden Rules

A Effectiveness

I Encode the most important information with the
most effective channel



Effectiveness of quantitation
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Quantitation Perception

Steven'’s Psychophysical Power Law: 5= I

Perceived Sensation

Physical Intensity



Golden Rules

A Effectiveness

I Encode the most important information with the
most effective channel



Most Quantitative Representations

Good gquantitation

A Bar chart
A Stacked bar chart with common start
A Stacked bar chart with different starts
A Pie charts
A Bubble plots (circular area)
A Rectangular area
A Colour (luminance)
N\ 4 A Colour (saturation)

Poor quantitation




Discriminability

A If you encode categorical data are the
differences between categories easy for the
user to perceive correctly?



Qualitative Discrimination

A How many colours can you discriminate?




Qualitative Discrimination

A How many (fillable) shapes can you
discriminate?

HOAOFX
HOAOCFEOLR

HOAS®E+EXBLYX

A Can combine with colour, but need to
maintain similar fillable areas



Qualitative Discrimination

A Can combine witt
colour, but need t
maintain similar
fillable areas

PC2 (23.01% Varianc

0
PC1 (47.97% Variance)



Separabllity

A The effectiveness of a channel does not always
survive being combined with a second channel.

A There are large variations in how much two
different channels interfere with each other

A Trying to put too much information on a figure
OFy SNRBRS U0UKS AYLIJ Ou
trying to make

2



Separabllity

Position Size Width Red
+ Hue (Color) + Hue (Color) + Height + Green
® @ . o o . . @ .. ®
= o® -
o o o . ¢ o o %0
. . ® .
= ® . . —— o %

Fully separable

There is no
confusion between
the two channels

Some interference

Larger points are
easier to
discriminate than
smaller ones

Some/significant
interference
We tend to focus
on the area of the
shape rather than
the height/width

separately

Major interference

Humans are very
bad at separating
combined colours




Popout

A A distinct item immediately stands out from
the others

A Triggered by our low level visual system

A, 2dz R2y Qi YSSR G2 I Ol
(slow!) to see it



Popout

(find the red circle)




Popout

Speed of identification is independent of the number of distracting points



Popout

Colour pops out more than shape



Popout

Mixing channels removes the effect
(Find the red circle)



Use of space

A Where you want a viewer to focus on specific
subsets of data you can help their perception

by using the layout or highlighting of data to

RN} g OGKSANI FGGSYGAz2y
making
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Grouping
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Ordering

A Is a monkey heavier than a dog?

140 -

120 -

100 -

80 -

60 -

40 -

20 - I I
o m m W

fish aardvark cat monkey dog horse

Weight (kg)




Containment / Linking

Wild Type

60 -
50 -
40 4
30 -
20 4
10 -

CpGCHHCHG CpGCHHCHG CpGCHHCHG CpGCHHCHG

Mutant

80 -
70 -
60 -
50 -
40 -
30 4
20 4
10

CPGCHHCHG ~ CpGCHHCHG ~ CpGCHHCHG  CpGCHHCHG




Validation

A Always try to validate plots you create

A You have seen your data too often to get an unbiased
view

A Show the plot to someone not familiar with the data
I What does this plot tell you?
I Is this the message you wanted to convey?

I If they pick multiple points, do they choose the most
Important one first?



General Rules

A No unnecessary figures
I Does a graphical representation make things clearer?
I Would a table be better?

A One point per figure
I Design each figure to illustrate a single point

I Adding complexity compromises the effectiveness of the
main point

A No absolute reliance on colour
I Figures should ideally still work in black and white
I Colour should help perception



Making effective use of common
plot types

Babrm
Bioinformatics
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Plot Properties

A Exploration, Presentation or both?
A Effectiveness
A Scalability

A Options
A Potential Problems



Distributions



Histograms / Density Plots

Lengths of Raven eggs (from Ratcliff, 19927
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Lendgth (tmim)

Frequency
g ¢
|
-‘-""hq“_

A Exploration or Presentation Both
A Effectiveness Good
A Scalability Poor



Number of values

184

164

0.0

1.5

Histogram Options / Problems

Bin width =

3.0

4.5

6.0

1.5

7.5

9.0

251

204

154

104

Number of values

A Bin Size

Too few categories

@

1 Too many categories

Number of values

i

|

10.5

60 80 100 120

Body size (cm)

Number of values

0

Body size (cm)

Bin width = 1.25

0.00 1.25 2.50 3.75 5.00 6.25 7.50 8.7510.00

A Discrete Data

Number of values

T L T
71 73 75 77 79 81 83 85 87 89 91 93 95 97 99101103

1019

Bin width = 1




1101

1004

Length (cm)

701

60

Box Plots

901

801

Maximum
=] / Upper Quartile(Q3) 73 percentile (3 quartile)
Median | = =)
I Interquartile Rangg(IQR): 50% of the data
—l \ Lower Quartile(Q1) 2% percentile (2 quartile)
Minimum e, Cutoff= Q1¢ 1.5*IQR
[ J
0\
Outlier
M;w Feéaw

A Exploration or Presentation Presentation
A Effectiveness Good
A Scalability Good



BoxPlotProblems

boxplot

Assumes a large, normally distributed dataset
Misleading plots from small or nemormal datasets

In most cases there are better alternatives



Bean Plots

A beanplot

_ Beans(Individual data points)
Data Density

Sample mean

------------------------- Global mean

| |
WT KO

A Exploration or PresentationBoth
A Effectiveness Good
A Scalability Good / Intermediate



BoxPlotvsBeanplot

boxplot

beanplot

Bimodal

Uniform

Normal




Comparisons



Stripcharts
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A Exploration or PresentationBoth
A Effectiveness Good
A Scalability Poor



Barplot

4.0 -

3.5

Control CondA CondB CondC CondD

A Exploration or Presentation Presentation
A Effectiveness Good
A Scalability Good



4.0 7
3.5
3.04
2.5
2.04
1.54
1.09
0.54

0.0

BarplotOptions
Selection of suitable confildence measures

Standard error Standard deviation
4.0 1
3.5
3.0
2.5+
2.0

Control CondA CondB CondC CondD Control CondA CondB CondC CondD



BarplotProblems

Setting a suitable baseline




BarplotOptions / Problems

Dealing with ratio data




Confidence Interval Plots

: ¥ {
N {
0.5+ {

0.0 T T T T T
Control CondA CondB CondC CondD

A Exploration or Presentation Presentation
A Effectiveness Good
A Scalability Good



Relationships



Arbitrary change over time

Line Graphs

100 A

80 4

60 -

40 4

Percent survival

20 M

T T T T T T T T T T T T T T T T
0O 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60

Time

A Exploration or PresentationBoth
A Effectiveness Good
A Scalability Poor

CaP

O CaP

A CaP

OA CaP
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Weight (secs

Line Graph Problems

Discrete Data

Good line graph

Bad line graph

N

Weight (secs)
0 2 4 6 8 10
— .\

1.0

1.5

20

25

Time

(mins
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)

Implies interpolation

KO1 KO2 KO3

Can be useful for exploration
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Scatterplots

All Probes
NNNNNNNNNNNNN

2 4
mik155 -f-

A Exploration or PresentationBoth
A Effectiveness Good
A Scalability Intermediate



0.1 0.2 0.3 04

0.0

Scatterplot Options / Problems

Large Data Equality of Axes

0.2 0.4 06 08 1.0



