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ESSENTIALS OF DATA VISUALIZATION

THINKING ABOUT DRAWING DATA + COMMUNICATING SCIENCE



ENCODING

choosing a data representation



When you think of data visualization, the first ideas that come to mind are
a scatter plot, or a bar chart, a box plot or a network diagram.

These are all data encodings—methods that relate data values to the
positions, sizes and shapes of the lines or symbols that appear on the
screen orin a figure.

There are many data encodings—which do you choose?

First, it must help answer relevant questions about the data that are
difficult, or impossible, to answer by staring at the raw data itself. As such,
the encoding may be of the data or some transformation of the data that
addresses your questions. Just because you have a network doesn’t
mean you should automatically draw a force-directed hairball.

Second, it should accommodate the uncertainty of the data. How do you
incorporate uncertainty in a scatter plot? Easy—error bars. How about a
pie chart. Ah, well, umm. We’ll come back to this later.

Third, it should be flexible enough to address questions that you haven’t
thought of yet. This sounds vague, | know. What | mean is that if the
encoding warps the data or doesn’t to at least try to limit occlusion (the
phenomena where points overlap and hide behind each other), it’s likely
to be less useful.
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The visual display of quantitative information. R. Tufte (2001) 2nd ed. Text in original modified.
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FREQUENCY OF VARIATION BY TYPE




One concept to always keep in mind is the so-called data-to-ink ratio.

Ask yourself: what ink on the page is directly related to data values and
what ink is used for labels, grids, navigational components and design
elements.

Then consider how to maximize ink used for data and minimize ink for
everything else.

At the same time, always keep in mind ways to use less ink to tell the
same story and show the same relationships without loss of accuracy and
precision—and parsability!

Sometimes you need to use ink to clarify or avoid confusion. That’s fine—
do this. The speed at which your readers understand your message and
the depth of this understanding is part of the model.

So, think “data-and-its-understanding-to-ink” ratio.

But not all the data is relevant. If you can figure out which is—that’s the
holy grail. In fact, if you knew this you might just compute on the data and
bypass the visualization. But, | encourage you to think about “actionable-
data-to-ink” ratio, too.
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Proceedings of the 28th international conference on Human factors in computing systems (2010) ACM: Atlanta, Georgia, USA. 203-212.







We've started with some simple examples. There’s a good reason for this.

Always appreciate and use to your advantage the fundamental principles
of data visualization. Simple examples embody these.

At no point, do you ever eject these principles. | don’t care how big your
data set is. Sure, they might be more nuanced or interrelated, if you're
showing a lot of stuff on the page, but fundamentally you're still thinking
about the same things:

Am | using ink responsibly?

Am | drawing shapes whose position and size can be accurately judged?
Am | making comparisons easy to make?

Am | visually emphasizing the things that are relevant?

Once your data size grows, a popular technique in visualization is called
small multiples. Here, you break your data down into a large number of
smaller sets and represent each set with the same primitive encoding. So,
you might have a matrix of scatter plots or bar plots. Each of those
individual small plots must be handled with care.




created by
Martin Krzywinski, Kim Bell-Anderson & Philip Poronnik

written and designed by

Martin Krzywinski

production

One Ski Digital Media Productions

with financial support by

University of Sydney

filmed at

University of Sydney, Australia



EXERCISE 1

Represent the "frequency of variation by type" FREQUENCY OF VARIATION BY TYPE
two-column table as a bar plot. sample

Pay careful attention to bar width and the A B

distance within groups (e.g. the deletion bars deletion 105 51

for A and B) and between groups (the deletion duplication 76 38

and duplication groups). Start with a ratio of SNP 75 08

bar width : within : between=1:0.2 : 1.5 indel 46 5

How does this look to you? Incorporate the insertion 31 32

golden ratio (¢ = 1.62) and its inverse (1/¢p = p—
1=0.62) and use ratio of

bar width : within : between =1:1/2: @
Does this look better?

Reading vertical text is difficult—draw both
vertical and horizontal versions of your bar plot.
Which one requires you to angle text more?



EXERCISE 2

Differences in data are important—sometimes more FREQUENCY OF VARIATION BY TYPE
important than the data themselves. Think of the sample

differences as the data. A o

For example, in the "frequency of variation by type" deletion 105 51
two-column table, the number of deletions drops by duplication 76 38

54 from 105 in Ato 51in B. SNP 75 08

Try to add this value to your bar plot. Is a relative or indel 46 5

absolute difference meaningful here? Suggest insertion 31 30

reasons to show one or the other.



EXERCISE 3

Draw a scatter plot using the data in the "frequency FREQUENCY OF VARIATION BY TYPE
of variation by type" two-column table. Use the sample
number of variations in A on the X axis and the A o
relative change on the Y axis. .
deletion 105 51
Does this representation make some questions duplication 76 38
easier to answer? SNP 75 08
Address the challenge of labeling the points—this indel 46 5
can be difficult! insertion 31 30

What has been gained?



EXERCISE 4

You are a terrific visual calculator and comparer.

How much faster can you compare lengths than
numbers? Let’s check.

Print this slide. Now, with pen and paper, time yourself to
see how quickly you can identify the larger of each of
the two numbers in each pair. Next, time yourself to see
how quickly you can identify the longer of the two
lengths in each pair.

Are you surprised at the timing difference? Which task
was more tiring?

Notice that as the numbers get larger the longer the
comparison takes—your eye has to travel further. Can
you think of a way to align the number pairs differently
to speed this up?
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