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Data Visualisation
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Term2: 2024/25
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Today:

* Assess the clarity of a visualisation (e.g. a graph)
examples

* Understand various visualisation tools and what they
are best suited for




* Most queries | have had are related to not setting the working directory. R needs to know where to look
for a file, such as a csv, if asked to access one.

ntitled1* x @] Untitled3* 37 Untitled2* @] Untitled4* @7 functions in R
[Jsourceonsave = & /v i
##unique function in r

x<-c(1:10,5:15)
unique(x)

#4EX2

unique(mtcarsigear)

##EX3

a <- c(rep("A", 3), rep("B", 3), rep("c",2)
b <- ¢(1,1,2,4,1,1,2,2)

df <-data.frame(a,b)

unique(df)
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‘demo() " for some demos, 'help()’ for on-line help, or
p.start()" for an HTML browser interface to help.
'q()" to quit R.
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Environment  History =

4 [ #importDataset- ¥ | [ st~ 455826 obs. of 12 variables
CloGal Eniricn 147797 obs. of 12 variables
Data "

A int [1:3,1:31 123456789 = 825378 obs. of 12 variables
@ agg 3 obs. of 5 variables 8|
@ agg_mean 3 obs. of 5 variables £
@ agg_sum 3 obs. of 5 variables £55 I ~ Help Viewer

B int [1:4, 1:3] 4 56 7 8 910 11 12 13 ... it | %

c int [1:3, 1:2] 8 910 8 9 10 ) plete || Rename @ igF Morev
@ clustl 455826 obs. of 12 variables o
@ clust2 147797 obs. of 12 variables
@clust3 825378 obs. of 12 variables : I . all

Ethnic.xlsx 152.9 KB
Files Plots Packages Help Viewer P |
72 4°)

@ New Folder @ | Delete (4| Rename  {GF More~ 23.1KB
[ 4 Home
BB Only womens Ethnic.xdsx
O B0 pgadmin.log
OO0 brand_fashion_dim.sas
[J W RENT RECEIP_2016-2017.docx
O

| B

seller Analysis.sas

* Make sure you can knit to pdf and/or html from your R markdown files. If you are having
problems knitting to pdf you may need to use install.packages(‘tinytex’)

* | have had several requests to please QUIETEN DOWN in workshop labs - it is hard for
everyone to concentrate with the amount of noise in the room!!
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World uranium production, 1945-2020
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Why visualize?
1. Exploratory Data Analysis
2. Communicating results
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Statistics

(summary statistics)




(summary statistics)

Descriptive
Statistics

Central
tendency

Dispersion /
variability

Skewness

Statistics

Mean
Median
Mode

Range
Interquartile range
Variance

Standard deviation

Symmetric
Left
Right

Inferential
Statistics
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Statistics

Frequency

Median < Mean X

(a) Right-Skewed

Frequency

Mean < Median X

(b) Left-Skewed

Frequency

Mean = Medianx

(c) Symmetric
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Variance: the average
squared differences
from the mean

Standard deviation: the
square root of the
variance
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Symmetric (normal) vs skewed and uniform distriutions
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Raw Data Box-plot of the Data Violin-plot of the Data
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P-hacking is a bias in the scientific 509
literature that occurs when
researchers manipulate data or 40
statistical analyses to obtain
significant results. g 30 -
) I
P-hacking can involve looking at & 20 |
many relationships, collecting or
selecting data, or choosing 104
different methods until non-
significant results become o Ty |—| | |
significant. | | , | | |
0 002 004 006 008 0.10
P-hacking can lead to false or observed p-value
exaggerated findings and
undermine the validity of scientific Mesquida, C., Murphy, J., Lakens, D., & Warne,
research. J. (2022). Replication concerns in sports and

exercise science: a narrative review of selected
methodological issues in the field. Royal Society
Open Science, A12), 220946.
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Can anyone
guess what is
happening in this
histogram?
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Statistics

Correlation: the strength of a relationship between two variables. If two
variables are correlated, as one changes in value, the other changes in the
same direction.
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Anscombe's quartet
1 1l ] v

X y X y X y X y
10.0 | 8.04 | 10.0 9.14|10.0| 746 | 8.0 | 6.58

80 | 695 | 80 814 8.0 | 6.77 | 8.0 | 5.76

Property Value

13.0| 7.58 | 13.0 | 8.74|13.0 | 12.74| 8.0 | 7.71 .

Mean of x in each case 9 (exact)
90 | 881 | 9.0 87790 | 7.11 | 8.0 | 8.84 Sample variance of x in each case 11 (exact)
1.0 8331110 9261110/ 781 | 8.0 | 8.47 Mean of y in each case 7.50 (to 2 decimal places)
140 996 | 140 8101140 884 80 7 04 Sample variance of y in each case 4.122 or 4.127 (to 3 decimal places)

Correlation between x and y in each case | 0.816 (to 3 decimal places)
6.0 | 724 | 6.0 6.13| 6.0 | 6.08 | 8.0 | 525 ) o

Linear regression line in each case y = 3.00 + 0.500x (to 2 and 3 decimal places, respectively)

40 | 426 | 40 |3.10) 4.0 | 5.39 | 19.0|12.50
12.0/10.84|12.0 |9.13|12.0 | 8.15 | 8.0 | 5.56
70 | 482 |70 (726| 7.0 | 642 | 8.0 | 7.91
5.0 | 568 | 5.0 (4.74] 5.0 | 573 | 8.0 | 6.89

Source



https://en.wikipedia.org/wiki/Anscombe%27s_quartet
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Anscombe's quartet
1 1l 1 v

X y X y X Y X y
10.0 | 8.04 |10.0 9.14 |10.0| 746 | 8.0 | 6.58

80 695 |80 814 8.0  6.77 | 80 | 5.76

13.0 | 7.58 |13.0 8.74 |13.0 | 12.74| 8.0 | 7.71

9.0 881 |90 877|90 711 | 80 884 4 6 8 0 12 18 6 18 4 6 8 10 12 18 6 18

X1 X2

1.0 833 |11.0 9.26 |11.0 | 7.81 | 8.0 | 8.47

14.0 | 9.96 |14.0 8.10|14.0| 8.84 | 8.0 | 7.04

6.0 724 | 6.0 |6.13| 6.0 | 6.08 | 8.0 | 525

40 426 |40 310 4.0 | 5.39 | 19.0  12.50 e

12.0 1 10.84 [12.0 |9.13|12.0| 8.15 | 8.0 | 5.56 T o D e
X3 X4

70 | 482 |70 |(726| 7.0 | 642 | 80 | 7.91
5.0 | 568 | 5.0 |[4.74| 5.0 | 573 | 8.0  6.89

“Same Stats, Different Graphs: Generating Datasets With Varied Appearance and Identical Statistics Through Simulated Annealing,” by J. Matejka and G. Fitzmaurice, CHI '17:
Proceedings of the 2017 CHI Conference on Human Factors in Computing Systems (https://doi.org/10.1145/3025453.3025912). Copyright 2017 Association for Computing Machinery.



https://doi.org/10.1145/3025453.3025912
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“Same Stats, Different Graphs: Generating Datasets With Varied Appearance and Identical Statistics Through Simulated Annealing,” by J. Matejka and
G. Fitzmaurice, CHI '17: Proceedings of the 2017 CHI Conference on Human Factors in Computing Systems (https://doi.org/10.1145/3025453.3025912).

Copyright 2017 Association for Computing Machinery.



https://doi.org/10.1145/3025453.3025912
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Visually Encoding Data
il ~ «® B ame

Position Length Angle/slope Area Volume Shape
Colour Saturation Contrast Texture
Hurricane Ida

Saturecay August 28, 2021
7AM COT Intermediate Advisory 8A
NWS National Hurricane Center
40N Potential track area
«Daya-5
- Day 1-3
_. TC path witn the
most possiblity
Current TC center

T~ Doproa! Catine

35N

Hurricane Wind Scale
Il Category 5 (>157 mph)
I Category 4 (130-186 mph)
I Category 3 (111120 mph)
B Category 2 (96110 mph)
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D Tropical slorm {<73mph)

30N

Wind Torque
25N
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®
o
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Data storytelling allow us to use data sets to convey
insights effectively.

Visual data encoding helps people to quickly
understand data by enhancing pattern recognition,
reducing cognitive load by making intuitive insights,
and preventing misinterpretation.

The choice of encoding type can significantly impact
how the audience perceives and interprets the data
story.

Effective encoding captures attention, clarifies
complexities, and emphasizes key messages.

Ma, Q., & Millet, B. (2022). Design guidelines for hurricane risk forecast to non-expert users.
In Proceedings of the Human Factors and Ergonomics Society Annual Meeting (Vol. 66, No. 1,
pp. 2031-2035). Sage CA: Los Angeles, CA: SAGE Publications.



Why do people hate Pie Charts?

Pie charts aren’t badvisualizations. They
just need to be used appropriately.

Pie Chart Bar Chart

40~

30-

Category Category

M A g:zo- .A
w3 u-
B« M-

B
Category

How to Choose Between a Bar Chart and Pie Chart | Atlassian
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Angle

The datain a pie chart is encoded
in the angle of the slices.

You may want to say it's encoded
in the areaq, but if you create a pie
chart by hand, what’s the first
thing you need to do?


https://www.oreilly.com/ideas/in-defense-of-the-pie-chart
https://www.atlassian.com/data/charts/how-to-choose-pie-chart-vs-bar-chart

Looking at Pie
Charts....
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Source

Looking at Pie

Charts....



https://hackernoon.com/pie-charts-did-nothing-to-deserve-what-youre-doing-to-them-ca803997eb08

Looking at Pie
Charts....

If you really need to compare
the differences, then pie charts
aren’t what you need.

Difference (A to C)

®Red ®Blue "Green Yellow WBlack

e

-
S
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Looking at Pie
Charts....

—  unh e

How important

IS It o see < >
Easy to determine Easy to determine
relative differences: absolute differences:

those small
“Black changed more than “Neither yellow nor black
yellow" changed much”

differences?
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Proportions. Tree maps.

[ ) Indonesia Ethiopia Germany
Tree maps are a very useful way of ‘ I n a
visualization proportions. The data is l ltaly

encoded as area, and it’s easier to

Japan Philippine v et Nam Algerla ﬁ
break it up. o
%

See this interactive map of

population.



https://www.populationpyramid.net/population-size-per-country/2017/
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Proportions. Waffle plots. of Breter

Five-Year Survival Rates of Reproductive Cancers

Reproductive cancers are cancers that occur in the reproductive organs of both males (i.e. prostate, testicles) or females (breast, ovary
etc.). During cancer treatment, the tumour will typically be removed and this may impact one's reproductive organs. Though there were
steady improvements in survival rates for both genders, more needs to done to help females.

In 2013, the state of survival rates for reproductive cancers are:

Five alternatives to the pie chart.

Ovarian Cancer Cervical/Uterus Cancer Breast Cancer Prostate Cancer
Waffle plots are great when you have
e ' L
a small amount of data. Or you just RIS === ===....===
reduce a percentage to 100 boxes. ...ﬁﬁ... .-.ﬁﬁ.-. i 98.7%
Mmm [T [m [ T
(O CECET T T T U R O N I
Survival rates from 1977 - 2013 Survival rates from 1977 - 2013 Survival rates from 1977 - 2013 Survival rates from 1977 - 2013

_:/\/\/:i_/—\yy—

Makegver Monday 2018 W41 | Design: Gwendoline Tan (@gwennisme) | Data Source: Qur World in Data | Inspired by: Andy Kriebel's Waffle Chart Tutorial



https://medium.com/s/story/five-unusual-alternatives-to-pie-charts-389cc4676974
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Proportions.
Isotype/pictograms.

Reduce the population to 100
people. Then colour them
proportionally.

Introduction to SAMueL-1 (Stroke Audit Machine
Learning) — SAMueL Stroke Audit Machine Learning

1 (samuel-book.github.io)

SAMuel — Stroke Audit Machine Learning

What problem are we addressing?

There is a gap between target thrombolysis (20%) and actual thrombolysis use (11-12%) in

emergency stroke care

Clinical expert opinion on what should be happening
e O o o
What is happening?
[ ]

e O o
ran
What did we test?

We used clinical pathway simulation and machine learning to

analyze a series of ‘what if?” questions:

1. What if arrival-to-treatment speed was 30 minutes?

2. What if all hospitals determined stroke onset time as
frequently as the ‘upper quartile’ hospital (a hospital
ranked 25 out of 100 hospitals)?

3. What if decisions were made according to a majority vote
of 30 benchmark hospitals?

What did we find?

We found that making all these changes would increase
thrombolysis use in England and Wales to 18-19%. Out of
every 10 patients who were potentially treatable, but did not
receive treatment, we found the cause to be:

Unknown onset time or
arrive too late to treat

Not suitable for treatment
with thrombolysis

Treated with thrombolysis

Potentially treatable, but not
treated with thrombolysis

N

N

=)o =i =il)e

rereeteted

A

(

Hospital processes Stroke onset time was not
were too:slow determined when it
potentially could have been

t MM

Doctors chose not to use thrombolysis

when other higher-thrombolysing
hospitalswould have done

rete


https://samuel-book.github.io/samuel-1/introduction/intro.html
https://samuel-book.github.io/samuel-1/introduction/intro.html
https://samuel-book.github.io/samuel-1/introduction/intro.html

Chart Suggestions—A Thought-Starter

Variable Width

Table or Table with Bar Chart Column Chort Circulor Area Chart Line Chort Column Chart Line Chart
Column Chart Embedded Charts
- - : E /‘/ ’
et - |1 1l _/“’/
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| Over Time
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www. ExtremePresentation.com

2009 A Abela — avabela@gmail com
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Reference: The Chart
Chooser



https://extremepresentation.com/design/7-charts/
https://extremepresentation.com/design/7-charts/
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Visual
vocabulary

Designing with data

There are 5o many ways 10 visualise data - how do we
1o pick? Use th

.
10p to decide which data relationship i most important
in your story, then look at the different types of chart
‘within the category to form some initial ideas about what
might work best. This list Is not meant 10 be exhaustive,
nor a wizard, but is a useful starting point for making

nd

Eym
&% ft.com/vocabulary

ne o w3

Distribution

Change over Time

Magnitude

Part-to-whole
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There are a huge range of
different ways of showing
data.

The Financial Times created
this chart of a Visual
Vocabulary to help give names
to the different methods.

Source.



https://i.redd.it/92d3tpl6g4z11.jpg

University

The Hans Rosling Gapminder Tool

For a good example of compressing multiple

. . . . . . . 4o % :y -
dimensions of data into a single visualization, see ... .@,f-'*}@:‘?&';f b8 T’,
Hans Rosling’s Gapminder tool. R L .. . =

.. L4 .0. 5 «0 @
. S

Hans’ talk is linked on the ELE page as well.

Gapminder has continued on without Hans’ input
since his passing and continued to help put world

development and human experience datain ) - .
context.



https://www.gapminder.org/tools/#$chart-type=bubbles
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Principles of

visualisations!

Clarity and Simplicity
Accuracy

Relevance

Consistency

Hierarchy and Emphasis
Effective Use of Colour
Labelling and Annotation

. Sufficiency

9.

10.

11.

12.

13.

14.

15.

16.

17.

Interactivity

Storytelling

Chart Selection
Data-Ink Ratio
Audience Consideration
Accessibility

Testing and Feedback
Ethical Considerations

Credible Data Sources

Reference: Rosling 2019

Rosling, H. (2019). Factfulness,
Flammarion. Available electronically.


https://librarysearch.exeter.ac.uk/discovery/fulldisplay?docid=alma991011512109707446&context=L&vid=44UOEX_INST:default&lang=en&search_scope=44UOEX&adaptor=Local%20Search%20Engine&isFrbr=true&tab=44UOE&query=any,contains,factfulness%20Rosling&sortby=date_d&facet=frbrgroupid,include,9010748151464537167&offset=0

Principles of visualisations

1. Clarity and Simplicity: Keep the visualization simple and easy to understand. Avoid clutter,
excessive decorations, and non-essential elements. The audience should be able to grasp the
main message quickly.

2. Accuracy: Ensure that the data presented is accurate and that the visualization correctly
represents the data. Misleading visualizations can harm the credibility of your information.

3. Relevance: Focus on the most important data and insights. Eliminate distractions and
irrelevant details. Highlight what matters.

4. Consistency: Use consistent colours, scales, and terminology throughout the visualization.
This helps the viewer make meaningful comparisons and understand the data more easily.

5. Hierarchy and Emphasis: Use visual hierarchy to guide the viewer's attention. Important
elements should be more prominent, and less important elements should be de-emphasized.

6. Effective Use of Colour: Choose colours purposefully. Use colour to convey information, not
just for decoration. Consider colourblind-friendly palettes. Too many colours can be confusing.

7. Labelling and Annotation: Clearly label data points, axes, and any relevant features.
Annotations help provide context and explanations for the data.

8. Sufficiency: Provide enough data points to make the visualization informative but not
overwhelming. Avoid overplotting, which can make the data hard to interpret.

University
of Exeter

9. Interactivity: For digital visualizations, interactivity can allow viewers to explore data in more
detail. However, make sure it enhances understanding and doesn't create confusion.

10. Storytelling: Arrange data and visual elements in a logical sequence to tell a story. Help the
viewer understand the narrative or insights you want to convey.

11. Chart Selection: Choose the right type of chart or graph for the data. Bar charts, line charts,
pie charts, scatter plots, and others have different strengths for different types of data.

12. Data-Ink Ratio: Maximize the data-ink ratio, which is the proportion of ink (or pixels in
digital formats) used to represent data compared to the total ink used in the visualization.
Reduce unnecessary ink.

13. Audience Consideration: Understand your audience's background and familiarity with the
subject matter. Adjust the complexity and terminology of the visualization to match the
audience's level of expertise.

14. Accessibility: Ensure that your visualization is accessible to all, including individuals with
disabilities. Use alt text for images, provide text descriptions, and follow accessibility guidelines.

15. Testing and Feedback: Test your visualization on potential users and gather feedback to
make improvements. Different perspectives can help identify issues and areas for
enhancement.

16. Ethical Considerations: Be mindful of the ethical implications of your data visualization,
especially when dealing with sensitive or controversial topics. Avoid distorting or
misrepresenting data.

17. Credible Data Sources: Clearly cite and reference the data sources used in your visualization
to establish trustworthiness.
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Ink to Data Ratio

* The "data-ink ratio" : Edward Tufte, a prominent expert in data visualisation.

* It refers to the proportion of ink (or pixels in digital formats) used in a visualisation that is directly
related to representing the data, as opposed to ink used for labels, decorations, or non-essential
elements.

* It encourages the minimisation of unnecessary ink to maximise efficient and clear visualisations,
remove clutter, redundant, or distracting elements.

* It encourages designers to concisely convey the information the visualization is intended to
communicate. This helps viewers quickly grasp the main message and insights from the data.
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Principles of Data Ink

Above all else show data.

Scatterplot and Line Plot with Clean Grid
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Cool effects = Distorting data

What is the value for March? Can you
tell?

There’s some invisible tangent plane
connecting to the “back” of the chart.

These charts add an extra dimension,
they add complexity, but there’s no
information in that dimension.

Number of issues

147
05
Jan Feb Mar

FIGURE 2.25 3D column chart

Apr May Jun

University
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AGE STRUCTURE OF COLLEGE ENROLLMENT

The interior decoration of graphics generates a lot
of ink that does not tell the viewer anything new...
Regardless of its cause, it is all non-data-ink or
redundant data-ink, and it is often Chartjunk (Tufte,

2001).

Excessive and unnecessary use of
graphical effects - colour, 3D effects
and disguised redundancy to represent

just five numbers.

Tufte (1983, p.118) says, "This may well be the
worst graphic ever to find its way into print."

University
of Exeter

Tufte, E. R. (200I).
The visual display of
quantitative
information,
Graphics press
Cheshire, CT.



https://www.datavis.ca/gallery/images/tufte.gif
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Remove
o |mprove

(the data-ink ratio)

Darkhorse Analytics darkhorseanalytics

®
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A “cluttered” visualization (top),

a minimalist “decluttered” version (middle),

and a version that incorporates pictorial
embellishment (bottom).

The graph at the bottom was created by
Nigel Holmes for TIME Magazine and was
reprinted in his 1984 book, Designer’s Guide
to Creating Charts & Diagrams.

Franconeri, S. L., Padilla, L. M., Shah, P., Zacks, J. M., & Hullman, J. (2021). The science of visual
data communication: What works. Psychological Science in the public interest, 22(3), 110-161.


https://journals.sagepub.com/doi/full/10.1177/15291006211051956#bibr124-15291006211051956
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Unemployment is higher than stated goals

In 2008, the president promised unemployment rates under 8% before 2011.
Yet, in 2011, unemployment was still at 9%

Unemployment is higher than stated goals

Unemployment
Unemployment fate
rate 10%
10% Yet, in 2011,
unemployment
9% was still at 9%
9%
8%
% J N W cftesfesmsssmmssmssssmsss=== -
In 2008, the president
promised unemployment
7% rates of 8% before 2011
7%
2009 2010 2011 2012 2009 2010 2011 2012

Inspurod by Inspired by

http./fawww nytmes. com/interactrve/2012/10/05/business/econamy/one-report-drverging-perspectves htmi http

y tive/2012/ ) htmi

Franconeri, S. L., Padilla, L. M., Shah, P., Zacks, J. M., & Hullman, J. (2021). The science of visual
data communication: What works. Psychological Science in the public interest, 22(3), 110-161.
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The graphic at the top illustrates a colour-highlighting
technique suggested in business-oriented practitioner
guides (e.g., Knaflic, 2015).

The graphs at the bottom (inspired by Bostock et al.,
2012) are an adaptation of a graph by data journalists
using grouping, highlighting and verbal annotation



https://journals.sagepub.com/doi/full/10.1177/15291006211051956#bibr147-15291006211051956
https://journals.sagepub.com/doi/full/10.1177/15291006211051956#bibr31-15291006211051956
https://journals.sagepub.com/doi/full/10.1177/15291006211051956#bibr31-15291006211051956
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2012

An example of emphasizing different perspectives in a single data set (inspired by Bostock et al., 2012). One
data set can be seen with dramatically different perspectives, depending on which patterns an observer does

and does not extract.



https://journals.sagepub.com/doi/full/10.1177/15291006211051956#bibr31-15291006211051956

University

OMITTING THE BASELINE
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62%
I 54%  54%

GopA  Gowd  Gupe

b MANIPULATING THE Y-AXIS

Using graphs to
mislead

WY W0 W WR W

® MisLEADING ACCURATE (2)
® misLEADING B Accurate (2)
* Starting the vertical axls at 50 makes  Starting the vertical axis at 0 offers a
8 small difference between groups more accurate depiction of the data « The scale s disproportionate to o The scale is proportionate fo
Weem mdashe « The difference between the groups the data, making the change over the data, showing a greater
« Group A looks much lager than does not seem as dramatic time seem small change over time
Groups 8 and C

b GOING AGAINST CONVENTIONS

PICKING DATA

b CHERRY

Indiduais per km
-
0
W9 w0 0N W2 N3 @ MISLEADING ACCURATE @ Toh Tuid. fee
« Normally, darker shades are « This map follows the convention
@ MISLEADING Y ACCURATE @ ‘ssociated with density on a map but of usinglighter shades for hghter .
here, dark has been used 1o depict density and darker shades for MISLEADING . ACCURATE
lower population density higher density
+ Onlya few months out of the = Amuch wider date range Is graphed,
» Pie charts are used to compare « Bar graphs are better for showin
year are graphed, depicting revealing an overall downward trend * This graph can confuse and misiesd * Readers will intuitively know how S e Tk »
Mo A ho expict ek bo g 10 Interpret the data parts of a whole, not the difference the differences between groups
an upward trends . v aders resent :
This graphs shows the bigger picture A NShr aeadiolidn daaely between groups. « This chartis a better visualization

o Adifferent type of graph should be of the data Source
used 1o compare the three teams -



https://venngage.com/blog/misleading-graphs/
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Deceptive Design

TOTAL Casgs

3,342

New Cases per Day

@\@—@\ @-@’Q :
/ @/ The gridlines are equally spaced on the
/®\® page, but sometimes the same space
,®—®’® represents 30 people, sometimes 10, and
9,0’ sometimes 50.

March March March  March  March
8 9 20 a 2

It seems to be completely arbitrary.



http://freerangestats.info/blog/2020/04/06/crazy-fox-y-axis
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Deceptive Design

As a visualisation at least three things

Top 5 Counties in Georgia with the Greatest Number of Confirmed COVID-19 Cases
are wrong:

Note that this chart is to illustrate poor visual design choices and does not include the most current data. It uses
different data from the original from the Georgia Department of Public Health.

ett [ Foron [ covo [ oexan 1. Dodged bar charts are rarely

effective for making comparisons
over time - it's difficult for the eye to
follow;

2. Within each day’s clump of bars,
the counties are in a different order
(highest to lowest, within the clump),
reducing the meaning in the pattern
in each clump;

New cases per day

3. The daily clumps of bars are not in
chronological order.

Ordering bars within their clumps in a bar chart

freerangestats.info

ew York Times



http://freerangestats.info/blog/2020/05/23/ordering-in-bar-charts
http://freerangestats.info/blog/2020/05/23/ordering-in-bar-charts
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Visual estimation of the 1:7 Caveats for the visual encoding in For each visualization, statistics Isolating pairs with “larger So guide viewers to Of Exeter
ratio is noisier toward bottom each row are available quickly second values” is tough... the right comparisons
Use caution with nonzero The two columns on the
A N 99 99 axes: Viewers tend to 0ot Plot left show a quick reference
position ° overestimate differences. .. . # (o} Tool: Shortcut comparisons by adding] guide to channels that can
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X 1
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— ones, right? / / Angle / - g .
That is an illusion—the differences are 4 7 Min T e e
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Intensity values can look ) For color heat maps,
Intensity . different depending their Heat Map Mean Intensity depict deltas as
@ e Y backgrounds. blue (+) & red (-) Franconeri, S. L., Padilla, L. M., Shah, P.,
BEHEEE Zacks, J. M., & Hullman, J. (2021). The
. Do not plot " science of visual data communication:
intensiti intensiti Min a b ¢ d e f [green/red is unsafe What works. Psychological Science in
¥ intensites,on intansibios: for colorblindness] the public interest, 22(3), 110-161.



Upiversiy
Next Week: Clusters and Similarity

||]E|| * Read Data Science for Business, chapter 6 (book available electronically).

&> e+ Watch: StatQuest: K-Means clustering

> - Watch: StatQuest: Principal Component Analysis (PCA) Step-by-Step

@ . Watch: StatQuest: PCA Main ldeas

Q;I * Play: Visualizing K-Means Clustering

> -« Play: Visualizing DBSCAN

;ﬂ * Play: Principal Component Analysis


https://encore.exeter.ac.uk/iii/encore/record/C__Rb3510932__Sdata%20science%20for%20business__Orightresult__U__X7?lang=eng&suite=cobalt
https://www.youtube.com/watch?v=4b5d3muPQmA&ab_channel=StatQuestwithJoshStarmer
https://www.youtube.com/watch?v=FgakZw6K1QQ&ab_channel=StatQuestwithJoshStarmer
https://www.youtube.com/watch?v=HMOI_lkzW08&ab_channel=StatQuestwithJoshStarmer
https://www.naftaliharris.com/blog/visualizing-k-means-clustering/
https://www.naftaliharris.com/blog/visualizing-dbscan-clustering/
https://setosa.io/ev/principal-component-analysis/

rai® University
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Any questions?
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