8 Effective Storytelling Visuals

In a professional setting, the stories of interest will most likely be data
stories.

In this chapter, we discuss how visuals mesh with stories, how we can evolve
a simple chart into a data story, and how to build a dashboard with a message
that easily understood by (and that will stay with) its intended audience.

8.1 Stories and Illustrations

In the seminal Making Comics [47], graphic novelist Scott McCloud makes an
interesting point regarding the flexibility of use of visuals in storytelling:
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He is specifically talking about comics, but we believe the idea also applies
to more general storytelling formats: any principle is at best a guideline,
and it is not too difficult to imagine situations where they can be violated in
the interest of getting the message across (see previous section).

That being said, it does help to have a few ideas about how one may
incorporate visuals into data presentations: we will discuss, in particular,
how we can combine words and images to create impactful data stories, and
what various visual storytelling choices can do to improve the audience’s
comprehension of the (data) story.
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Figure 8.1: "On the bright side, I got my
caffeine. On the not-so-bright side, we got
mugged on the way home." [47]

Words and Images

It is said that a picture is worth a thousand words. How so? “Words bring an
unparalleled level of specificity to all kinds of situations: there is no image
so vague that words cannot lock it into a desired meaning.

McCloud presents the following example [47]:

What are we seeing here? A coffee cup, certainly. Thrown to the ground by
an apathetic city dweller who could not be bothered to place it for a refuse
bin? Or perhaps the coffee was too hot and scalded a customer, who dropped
it to the ground in agony? Or any of a variety of other scenarios?

Notice how the caption below collapses all interpretation to a single one,
leaving no doubt as to what it is that the image is conveying.

Additionally, some specific concepts and names can only be clearly expressed
through words. Who could ever correctly guess what is going on in Figure
8.2 without the caption?

Data story audiences are not always privy to the ins-and-outs of the analytical
process that lead to a chart; what may appear obvious to the analysts may
be opaque to stakeholders. In general, it is preferable to err on the side of
caution and use text wisely, leaving no room for ambiguity. Coyness has no
room in data stories.



Visual Storytelling Choices

In Chapter 4 (The Mechanics of Visual Perception), we introduced the Gestalt
principles, with the main objective being to reduce the cognitive load associated

with reading (or parsing) charts.

The visual storytelling choices we discuss here are mostly of a different nature:
they are concerned with clarity in communication.! Communicating with
clarity means that audience comprehension remains the ultimate goal.

= The choice of moment helps “connect the dots”, which is to say that we
should show only what matters to the story, as in Figure 8.3 — if we are
interested in the distribution of population in the Americas, the chart
on the left contains irrelevant information.?

Popuiaton, toal

= The choice of frame helps create and direct the audience’s focus, as in
Figure 8.4. In the chart on the left, we do not easily see what we should
be focusing on; in the chart on the right, we quickly understand that
we should turn our attention to the month of May.
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Figure 8.2: "Look! It's Kelly Donovan,
twin brother of the guy who played
Xander on Buffy the Vampire Slayer, plus
Humprey Bogart wearing a Freddy Mer-
cury mask, and a robot duplicate of former
U.N. Secretary-General Boutros Boutros-
Ghali!" [47]

1: Our treatment is based on an idea from

[47].

2: Although who knows if it might not be-
come relevant at some point in the future?

Figure 8.3: Population distribution in the
Americas in 2020 [106].

Figure 8.4: Monthly attrition rate in May
2019 [4].
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Figure 8.5: Washington State University;
percentage of staff and students by ethnic-
ity, 2004-2013 [author unknown].

Figure 8.6: Monthly attrition rates, revis-
ited (2019) [4].

3: “The best-laid plans of mice and men
oft go astray” definitely holds for data
stories — it is going to take more time to get
it right than you think it is going to take,
even when you take into account that it is
going to take more time than you think it
is going to take (see “Hofstadter’s Law”,
[1071).

= The choice of image helps select the right charts for the story, with em-
phasis on simplicity and an ability to convey the message, as illustrated
in Figure 8.5, where the two charts are different but built from the same
data — depending on the context and/or on the audience, either one of
those could be preferable to the other one.
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= The choice of word (text) helps communicate ideas clearly and per-
suasively, in seamless combination with the charts, as in Figure 8.6 —
without the text (as we had seen in Figure 8.4, it is not entirely clear
what we are supposed to get from the chart without a choice of frame
or word).
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= The choice of flow helps guide the audience from one chart to the
next, from one page to the next, and creates a transparent and intuitive
“reading” experience by arranging the pages in a dashboard, the charts
on a page, and the elements within charts intelligently.

Decisions having to do with moments, frames, and flow are likely to be made in
the dashboard planning stages, while images and words decisions are usually
being made right up to the finish line.?

For the most part, data stories are built according to one of three general
approaches:

= we start with a rough sketch of the dashboard (moment, frame, flow),
then come up with the narrative (word), and finally populate the
dashboard with charts (image);

= we start with a full “script’/storyboard (moment, word), then use that
to do a rough layout of the dashboard (frame, flow), then populate the
dashboard with charts (image), or

* we create a finished chart (moment, frame, image, word) with no idea
as to what else will show up on the dashboard until we create another
chart (flow), and so on, and so on.
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Needless to say, we do not recommend the latter approach; nonetheless, it
is probably the most commonly-used; it leads to analysts and stakeholders
trying to shoehorn a story to the available charts, the exact opposite of what

storytelling with data should be.* 4: We understand why that happens in
) ) ) ) practice: analysts are often overworked
Visual storytelling, then, sinks or swims based on how text and charts are and burdened with unrealistic timelines
integrated into the final product. and expectations. Nevertheless, this is
not a sustainable strategy and the harm

= In text-specific combinations, the text provides all that is needed to caused by this “fly-by-night” approach has
know while the charts illustrate some aspects of the story that is long-lasting consequences for organiza-

. N tions that rely on these stories for strategic
described, as in Figure 8.7: decision-making,

I have a story Id like to tell you. It's about a train, and a group of peaple wha live
on that train and know of nothing else.

This train has been moving since anyone can remember. The people on the train
can't imagine a time when the train wasn't moving, and when they were not on
the train. Everyone works to keep the train moving. The train never stops.

There is panic. The fire spreads throughout the whole train... Without gerring off
the train everyone is going to die.

‘Then the impossible happens.

It never stops. It cannot stop.

People on the train live in constant churn. The work to keep the train moving is
hard, and inhumane. On the train, people are treated with cruelty and
oppression. Some are treated worse than others. But nobody is truly living.

The brakes no-one believed existed start to work. In the emergency, no-one
notices how extraordinary it is that the train is stopping. They're too focused on
the fire. The old rules go out the window.

For years on the train, the “worker class” of people have been dying from the
awful conditions of the work they have o do on the train. They sleep in the aisles
and sometimes have nowhere to sleep at all.

Suddenly, there are orders to house them and treat their ailments.

Figure 8.7: Extract from COVID-19: The
suddenly there is a great slence. Story of the Impossible Train (Illustrated)

One day, a fire breaks out in one of the carriages of the train. [108].

Sometimes they get breaks, but it is hard. The train stops, and people begin to get off. Apart from the sound of the fire,

= In chart-specific combinations, the charts provide all that is needed
to know while the text accentuates some aspects of the story that is
shown, as in Figure 8.8.

= In duo-specific combinations, both text and charts telling roughly the
same story, as in Figure 8.9.

= In intersecting combinations, text and charts work together in some
respects but also contribute to the story independently.

* In interdependent combinations, text and charts combine to convey an
aspect of the story that neither could convey alone.

= In parallel combinations, text and charts follow seemingly different
storylines, without intersecting.
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Figure 8.8: COVID-19 vaccination rates in
4 countries [68].

5: Analysts and storytellers of the future:
take note!

6: It is far from a perfect science: J.K.
Toole’s modern classic A Confereracy of
Dunces only found a publisher posthu-
mously, 11 years after his early death at the
age of 31; cubism was widely derided as
a movement when it first came to promi-
nence, but it is firmly established as “real
art” in the current era; achromatic music
is still finding its footing and feels like it
might never really outgrow its experimen-
tal/novelty status.
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The last three combinations are infrequently used in data storytelling;®

In the best data stories, text and charts are like partners in a dance and each
one takes turns leading. When both partners try to lead, the competition can
subvert the overall goals (e.g., clarity); when each partner knows their roles
and supports the other’s strengths (which may differ from one dashboard
page to the next, or from one story to the next), data presentation dashboards
become fantastic storytelling media (paraphrased from [48]).

8.2 Data and Stories

There are very few constraints associated with storytelling, in general: all
story ideas, stylistic choices, or delivery modes are potentially in play,
assuming that the choices are appropriate to the story function (education,
entertainment, etc.).

Even when executed flawlessly, such stories are not necessarily good or
compelling; they still have to be shared at the right time and the right place
to find an appreciative audience, which could prove to be short-lived and/or
quite small.®

But as long as a tale is recognized as an honest attempt at a story (using
whatever metric the appraiser thinks is appropriate to do so), humans agree
that they are dealing with a story.

Not so for data stories: we may only tell stories that are supported by the
data. No flight of fancy, no faking data for the sake of the cause, no ignoring
contradictory observations because it “makes for a better story”.
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Dalton drew upon the Ancient
Greek idea of atoms (the word
‘atom’ comes from the Greek
‘atomos’ meaning indivisible).
His theory stated that atoms
are indivisible, those of a given
element are identical, and
compounds are combinations of
different types of atoms.

RECOGNISED ATOMS OF A PARTICULAR
ELEMENT DIFFER FROM OTHER ELEMENTS

ATOMS AREN'T INDIVISIBLE - THEY'RE
COMPOSED FROM SUBATOMIC PARTICLES

Thomson discovered electrons
(which he called ‘corpuscles’) in
atoms in 1897, for which he won
a Nobel Prize. He subsequently
produced the ‘plum pudding’
model of the atom. It shows the
atom as composed of electrons.
scattered throughout a spherical
cloud of positive charge.

0 RECOGMISED ELECTRONS AS
COMPONENTS OF ATOMS

ND KUCLEUS; DIDN'T EXPLAIN LATER
EXPERIMENTAL OBSERVATIONS

o €D

Rutherford fired positively
charged alpha particles at a thin
sheet of gold foil. Most passed
through with little deflection, but
some deflected at large angles.
This was only possible if the atom
was mostly empty space, with
the positive charge concentrated
in the centre: the nucleus.

REALISED POSITIVE CHARGE WAS
LLOCALISED IN THE NUCLEUS OF AN ATOM

DID NOT EXPLAIN WHY ELECTRONS
REMAIN IN ORBIT AROUND THE NUCLEUS

81 1913

Bohr modified Rutherford's
model of the atom by stating
that electrons moved around the
nucleus in orbits of fixed sizes
and energies. Electron energy
in this model was quantised;
electrons could not occupy
values of energy between the
fixed energy levels.

PROPOSED STABLE ELECTRON ORBITS;
(©5)  EXPLANED T EMSSION SPECTRA OF
ELEMENTS

MOYING ELECTRONS SHOULD EMIT ENERGY
AND COLLAPSE INTO THE NUCLEUS: MODEL
DID NOT WORK WELL FOR HEAVIER ATOMS

o] 1926

Schrodinger stated that
electrons do not move in set
paths around the nucleus, but
in waves. It is impossible to
know the exact location of the
electrons; instead, we have
‘clouds of probability’ called
orbitals, in which we are more
likely to find an electron.

SHOWS ELECTRONS DON'T MOVE AROUND
THE NUCLEUS IN ORBITS, BUT IN CLOUDS
WHERE THEIR POSITION IS UNCERTAIN

STILL WIDELY ACCEPTED AS THE MOST
ACCURATE MODEL OF THE ATOM

Figure 8.9: A history of the atom: theories and models. How have our ideas about atoms changed over the years? This graphic looks at atomic
models and how they developed Compound Interest 2016 &7 .

As we have discussed above (see Figure 7.10), there are different ways to be
“supported by the data”. Indeed, data analysts have agency - they select:

= the question(s) to answer;

= what data to collect;

= how to clean that data;

= which analytical method(s) to use;

= on what part(s) of the data to focus;
= what visualization software to use to display the data, etc.

which feature(s) to include in the analysis;

These all have an effect on the stories that can be told with data, on the stories
that could be told about the situations and events represented by the data.

Data analysts would do well to remember that they are human, that they
come to the process with a whole slew of pre-conceived notions and cultural
baggage. This does not preclude them having preferences about what the
results will show or what the story should be about, of course, but this is
another reason why having a tsarina of common sense and diverse teams
around can act as safety checks.

As an illustration of the impact that data analysis agency can have on data

stories, consider the example of Figure 8.10.


https://www.compoundchem.com
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Figure 8.10: Why Numbers Matter,
Episode 2, Do Maps Lie? (7, by the Sheffield
Methods Institute.

THOUGH THE SECOND ONE IS PERHAPS MUCH MORE POWERFUL
> >l 4 o/z0 o = & [ I3

Scoping vs. Exploration vs. Explanation vs. Persuasion

When working with data, we create visualizations at multiple stages in the
process; the degree of polish we expect from such charts, as well as their
number, depend on the specific stage. This is not without reminding one of
the general process underlying investigative journalism:

1. initially, we scope out the area of investigation (objectives, data col-
lection, story); at this stage, data charts usually show up in the form
of conceptual doodles and proofs-of-concepts using the most basic of
visualization software capabilities (Excel, base R, matplotlib, etc.);

2. then we explore the situation’s phase space and the data we have
collected about it; many more charts are created than will be used
in any final deliverable (perhaps at a ratio of 10-to-1?), some of them
entirely at random (to provide a baseline and some protection against
pre-conceived notions and implicit biases); little effort is made on the
aesthetic side of things as chart quantity and diversity are more valuable
than chart quality at this stage; automatic and batch visualization
capabilities is prefered (base R, matplotlib, etc.);

3. we may use the outcome of this exploration to to answer the origi-
nal analytical questions/objectives and explain the situation to our
satisfaction; perhaps 1in 5 exploration charts will be selected for beau-
tification and decluterring via the Gestalt principles guidelines, based
on relevance and on the planned data story’s outline and priorities;
the tsarina of common sense comes into action at this stage, both in
the selection process and as a critique of aesthetic choices (ggplot2,
seaborn, etc.);

4. finally, the most appropriate charts will be incorporated into a data
presentation dashboard and woven into a data story used to persuade
the audience and stakeholders into a suggested course of action to
be taken with respect to the situation; the layout and construction of
the final product is often left in the hands of graphic designers who
use specialized software (Power BI, Tableau, Photoshop, video editing
software, etc.) to create vivid stories.


https://www.youtube.com/watch?v=G0_MBrJnRq0

Falsification

In [109], Karl Popper differentiated science and pseudo-science by introduc-
ing the notion that scientific theories had to be falsifiable: this does not mean
that theories had to be false, but that there should be some way to determine
if they are false, namely that they should make predictions not just about
what would be observed if they were true, but also if they were false.

For instance, “every person on Earth dies at most 500 years after they were
born” is a falsifiable statement: all that is needed to contradict the statement
is to exhibit a human being that has been alive for more than 500 years
ago; “everybody dies at some point”, although almost certainly true, is not a
falsifiable statement: any human being exhibited as contradictory evidence
might simply not have died yet.

But this approach is prescriptive, suggesting that scientists should eschew
inductive processes’ in favour of deductive processes:®

“no matter how many observations are made which confirm a
theory there is always the possibility that a future observation
could refute it. Induction cannot yield certainty. [...] Science
progresses when a theory is shown to be wrong and a new theory
is introduced which better explains the phenomena. Scientists
should attempt to disprove their theory rather than attempt to
continually prove it.” [110]

In this view of the discipline, the scientific method is a set of tools that help
us get progressively closer to “the truth” (assuming “perfect” experiments
and measurements), but which we can never be certain has been reached.

This approach has been criticized by philosophers:

= the Duhem-Quine thesis (7 argues that since a theory is usually a
complex collection of statements, the falsification of a single statement
of secondary significance is not sufficient to reject the full theory [111];°

= Thomas Kuhn argues that far from progressing gradually in small
increments, science knows long periods of status quo, shaken rather
frequently by seismic paradigm shifts 7 [112].1°

Be that as it may, “Popperism” can also be applied to data storytelling: it
should in principle be possible for analysts and storytellers to imagine some
type of data that could falsify the story they are telling. If this cannot be
done, then the story and the data are not really connected.

As an example, in the 2014 Bill Nye-Ken Ham debate around “Is Creation a
Viable Model of Origins? 7 7, the participants were asked what would make
them changed their minds on creationism: Ham said that he was committed
to his views, being a Christian, whereas Nye’s reponse was that a single piece
of evidence to support creationism (rock layers can form in just 4,000 years,
say) would cause him to change his mind immedjiately. One of them has the
potential to be a data storyteller, the other, emphatically does not. We leave
you to connect the dots and determine which is which.
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7: observation > pattern > hypothesis >
theory

8: theory > hypothesis > observations >
confirmation

9: Common descent (all living organisms
on Earth descend from a common ances-
tor [E. Darwin]) is often packaged with
the theory of evolution by natural selec-
tion; common descent implies evolution
by natural selection, but it is secondary
to it. The former could be disproven by
finding life that does not use DNA and
RNA for information storage and retrieval
(or by finding extra-terrestrial life, see Ra-
tional Wiki ¢7 ); while this would reduce
the plausibility of the latter, it would not
challenge its validity.

10: Going from Newtonian mechanics to
quantum/relativity theory requires a gi-
ant leap, not a series of small ones (fixed
maximum velocity c, the quantum realm
running on stochastic processes, etc.);
moving from Lamarckian biology to Dar-
winian natural selection requires abandon-
ing the former model entirely, etc.


https://en.wikipedia.org/wiki/Duhem%E2%80%93Quine_thesis
https://rationalwiki.org/wiki/Falsifiability_of_evolution
https://rationalwiki.org/wiki/Falsifiability_of_evolution
https://en.wikipedia.org/wiki/Paradigm_shift
https://www.youtube.com/watch?v=z6kgvhG3AkI
https://www.youtube.com/watch?v=z6kgvhG3AkI
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Data Stories Revisited

In popular culture, stories can be fictional, real, or a blend of both. In the
workplace, we classify stories as active or potential:

= active stories are continuously happening, and we need to understand
their context to understand if they are important (if they are worth
telling /sharing) — some already have outcomes (“We got funded!”),
while some outcomes have yet to happen (“Will we get funded? What
happens if we don’t?”).

* potential stories are those we want to see happen — we craft these
stories to attempt to convince the various actors to reach a specific
conclusion (“Please give us some funding!”).

In professional activities, we are typically:

= uncovering active stories that are unfolding in real-time (“My project
just got cancelled!”);

= crafting potential stories to achieve/obtain an outcome (create and
present a Treasury Board submission to obtain funding), and

11: Data stories help us explain active = working out what possible outcomes an in-process, active story might
stories, or to articulate potential stories. have (“Is there a higher likelihood of success if we do A instead of B"?).
Note however that the data required to

be successful in these endeavours might In all cases, we are attempting to track the context, actors, events, and
not be accessible to the data storytellers. outcomes which will help us to identify and obtain the data needed to create

Active Potential data stories which, in turn, help us tell the actual story.!

stories stories . . .
We can revisit the map of the sky, say, and find patterns (see Figure 7.2)

around which we can build stories (active and potential), but we can also
improve our understanding of our place in the Universe with astrophysical
data, as in Figure 8.11.

Data stories

Visualization

Figure 8.11: Constellation and coordinates
7 (stories, left) and Hertzsprung-Russell
7 diagram (data story, right).

When we analyze the data, it becomes obvious that the fantastical interpre-
12: A shame, really. tation of the stars is meaningless'? but other meaningful stories begin to
emerge based on the analysis and interpretation of the data.

It is entirely possible (likely, even) that the Universe is too strange to be
understood entirely via monkey stories (see The Story Trap, p. 126), but it is
hard to imagine how we could have reached our current understanding (and
any future understanding) without first telling stories about Cassiopeia and

13: Stories lead to insight, although the her myth sisters all those years ago.'®
impact is not always immediate.


http://burro.case.edu/Academics/Astr306/Lectures/Coordinates.pdf
http://burro.case.edu/Academics/Astr306/Lectures/Coordinates.pdf
https://www.daviddarling.info/encyclopedia/H/HRdiag.html
https://www.daviddarling.info/encyclopedia/H/HRdiag.html
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Cosmic history: the natural evolution of night sky stories? [European Space Agency 7 |

Figure 8.12


https://www.esa.int/ESA_Multimedia/Images/2015/02/The_history_of_the_Universe
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8.3 Evolving a Storytelling Chart

While great graphics are not sufficient for great data stories, they are at the
very least a requirement. Following the work of [4, 113], we refer to the process
that takes raw numbers and analytical results and progressively transforms
them into charts worthy of data stories as “evolving a storytelling chart”:

numbers and tables are visualized into ...

ugly graphs, which are then decluttered into ...
simple graphs, which are further enhanced into ...
appealing graphs, which are finally integrated into ...
compelling data stories.

Gl LN

We base the following illustrative example on [4]: a charity organization
records the number of meals they serve to the needy. From 2010 to 2020, the
counts are as in the table below:

Meals served over time

Campaign Year Meals Served
2010 40,139
2011 127,020
2012 168,193
2013 153,115
2014 202,102
2015 232,897
2016 277,912
2017 205,350
2018 233,389
2019 232,797
2020 154,830

Most people will unsurprisingly fail to identify anything from these numbers:
they are, after all, just numbers. A downright unappealing) chart shows that
there is structure in the table:

Meals served over time

=40.000 277,912

250,000 232,897 233,389232,797
202,102 205,350
200,000
168,193
153,115 154,830
150,000
127,020
100,000
50,000 40,139
0 I

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Date

Meals



We see that the number of meals served increased roughly linearly from 2010
to 2016, and that there was significant drops between 2016 and 2017, and 2019
and 2020, for instance: visualizing the data can provide some ideas for any
eventual data story.

The chart is decluttered by:

= removing the bounding box,

= increasing the width of the bars,

= reducing the number of colours,

= renaming the axes, and

* eliminating the number labels on the bars.

This leads to a simple and clean chart:

300,000

250,000

200,000

150,000

100,000

50,000
y

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
CAMPAIGN YEAR

# OF MEALS SERVED

Let us assume that we have chosen to focus on the 2020 drop in number of
meals served as the primary data story: we use the Gestalt principle of the
focal point to highlight the observation of interest, and add a brief title and
description of the insight, which triggers (we hope) long-term memory in
the audience, as in the image below.

Meals served over time: big drop in 2020

300,000

250,000

200,000

150,000

100,000

50,000
o .

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
CAMPAIGN YEAR

# OF MEALS SERVED
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Figure 8.13: Based on Galton’s original
data 7.

The appealing chart that results might be sufficient if it only need to appear
in an internal memo, for instance. But if it is going to be part of a concerted
communication strategy with the organizations that bankroll the charity (or
some other stakeholders), some additional aspects of storytelling might help
paint a more thorough picture, as in the data story below.

Meals served over time: big drop in 2020

250,000
Even though it might seem obvious
200,000 that there would be a
e due to the
pandemic, note that the 2017-2019
100,000 numbers were already going against
the 2010-2016 trend — we should not
R be planning for a return to 2016 levels
B . without first understanding what

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 happened in 2017_2019
CAMPAIGN YEAR

D
o
8
=
8
8

# OF MEALS SERVEI

While the specifics of the process may change depending on the data, the
charts, the audience, and/or the story objectives, the general path is basically
consistent.

Data Storytelling Tropes

The step that transforms simple charts into appealing charts is often accom-
plished with the help of the Gestalt principles or with the help of data
storytelling tropes, which is to say, data visualizations patterns and strategies
that have become so familiar as to not need explanation (icons, conventions:
see Section 7.3, Forms and Structures).

Some examples include:

* the inclusion of a trend line with any scatter plot, indicating the
direction of the correlation between two variables (positive: going up;
negative: going down), or the absence of any such correlation;

Scatterplot matrix of Galton Family Data by Gender of the Child

female male

80

~ ~
3 a

Height of the Child (in inches)
S

@
3

55

64 68 72 64 68 72
Average Height of the Parents (in inches)


https://www.medicine.mcgill.ca/epidemiology/hanley/galton
https://www.medicine.mcgill.ca/epidemiology/hanley/galton
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= using a cluster bar chart with two categories where one is always lower
than the other to showcase a “significant” difference between the two
categories;

NATIONAL CRISIS
STUDENT SEXUAL HARASSMENT

7-12 graders, % Boys m
SOURCE: AAUW report Girls m
= T
Experienced any Experienced Experienced
kind of sexual ~ sexual harassment  sexual harassment
tharassment in person online Figure 8.14: Image taken from [114].

= a point of interest located at the intersection of two curves;

p

pmax

Figure 8.15: Equilibrium point at the inter-
section of supply and demand curves.
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= using gauge charts, pie charts, and doughnut charts in all manners of
dashboards;

What characteristics are most important to
British men and women?

Men and women both rate personality as the most na ic parter. However, men rate good looks as the second
most important characteristic while women prefer a good sense of humour.

Men

Personality Good Looking Sense of Humour
0 100 0 100 0 100
Intelligent Similar Interests Makes Decent Money

e 10% by 10% 1%

0 100 o 100 0 100
Women
Personality Good Looking Sense of Humour
32% o 5% . 21%
0 100 o 100 0 100
Intelligent Similar Interests Makes Decent Money

b 8% . 13% ey 1%

0 100 0 100 0 100

Source: YouGov

Figure 8.16: Circular charts from [115].

= the use of colour coding to represent political positions in maps and
general charts (in the U.S.: red for right and right-leaning, blue for left
and left-leaning; in the rest of the world, these are mostly reversed);

Conventional Map of 2020 US Presidential Election Results Cartogram of 2020 US Presidential Election Results

Each hexagon represents one electoral college vote

gxuol“’“
$ i!ﬁ#

Maine and Nebraska allow some electoral votes to be split by district

M siden [MBiden+ Trump [ Trump [ Trump + Biden

?sﬁﬁ"-"

Figure 8.17: United States politcal car-
togram colours [116].

Created with Datawrapper



2021 Canadian Federal Election Results Nonavs
Cartogram of equal-area ridings
Hover over riding for riding name

Northwes Terrtories Northeastern

Québec

2021-10-07 08:00 AM EDT.

000000 “Thin black lines

= using broken axes to exaggerate the data story effect;

SHOULD BRITAIN LEAVE EU?

44%

Source: Opinium for The Observer

43%

43%

42%

41%

Remain

Some data storytelling tropes are discipline-dependent and may not be
recognized as such by practitioners in different fields, so the need to educate
the audience may arise'* We will no doubt continue to identify and construct
more of them as data visualization and data stories become commonplace.

Examples

In the previous example involving the charity serving meals, the use of a
bar chart for the initial (“ugly”) visualization informed the look and feel of
the final data story. It is conceivable, however, that upon first visualization
the data into an ugly chart, an intermediate transformation step could be
required before we can create an appropriate simple chart.

The following BEFORE/AFTER charts provide additional examples of “ugly”
charts evolving into compelling data stories. Note that there is no unique to
do this; for each of them, might there be other ways to present the story?
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Figure 8.18: Canadian reversal of political
cartogram colours [Mark Gargul].

Figure 8.19: Chart created by Wikipedia
user "Vasyl 10".

14: This is yet another area where the
tsarina of common sense could come in
handy.
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BEFORE

Time of birth by day of week

100.0%
90.0%
80.0%
70.0%
60.0%

%

50.0%
40.0%
30.0%
20.0%
10.0%

0.0%

m6PM-11:50PM = 12PM-5:59PM  m6AM-11:50AM = 12AM-5:59AM

Data source: CDC (National Vital Statistics Reports, Vol. 67, No. 1, January 31, 2018)

Figure 8.20: Evolving a storytelling chart [117].

BEFORE

TICKET TREND

300.00

250.00

200.00

150.00

100.00

50.00

I Ticket Volume Received B Ticket Volume Processed

Figure 8.21: Evolving a storytelling chart, modified from [4].

BEFORE

Survey Results

PRE: How do you feel about
doing science?

POST: How do you feel about
doing science?

M Bored M Not great W OK M Kind of interested M Excited W Bored M Not great W OK M Kind of interested M Excited

5%

6%

Figure 8.22: Evolving a storytelling chart [4].

AFTER

When babies are born

Weekend deliveries are more likely to be in early morning, compared to weekdays

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

% OF TOTAL BIRTHS

.

sun

Thur

Sat

WEEKDAY WEEKEND

Data source: CDC (National Vital Statistics Reports, Vol. 67, No. 1, January 31, 2018)

AFTER

Lag in Tickets Processed Since May

300 -
250 -
200 -
150
100 T
50 We have not been able to keep up with tickets
received since two employees were let go in May.
c.’Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

AFTER

Pilot program was a success

TIME OF DAY
12am-5:59am

6am-11:59am
12pm-5:59pm

6pm-11:59pm

Layoffs

Received
Processed

BEFORE program, the

majority of children felt 40% 38% PR
just OK about science. program,
more children
30% were Kind of
interested &
25% Excited about
199% science.
11%
=
Bored Not great OK Kind of Excited
interested



Directory of Federal Real Property (DFRP) Dashboard mation and Privacy (ATIP) search

slected 20,186 properties that contain 35,148 structures

sd 28711 I 6597612
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& s0s0

PRI , 197

<+—— Infographics/Data Viz —»

<+ Dashboards ———

<——— Reports and Exploration ——»

Figure 8.23: Defining the visualization context.

8.4 Anatomy of a Storytelling Dashboard

Non-data stories have their own presentation conventions, which depend of
course on the story format and genre, and on the audience expectations.

For data visualization, the exact nature of the presentation depends on the
overall context and the amount of time the audience is willing or able to put
into “consuming the story” (this is presented graphically in Figure 8.23).

The choice of “product” is prescriptive: we expect the audience to spend at
most a few minutes (5, perhaps?) on a simple, non-evolved chart; conversely,
if we know that our audience only has a few minutes to spare, it would be
beneficial to produce a single simple visualization.

The same principle applies to the other types of presentations:

= dashboards (at most 12-15 minutes),
= reports (at most 30-45 minutes), and
= data art (no time limit).

Data stories are usually presented as single (evolved) charts, infographics,
or storytelling dashboards."

In the last section, we discussed how to evolve data into storytelling charts
and infographics; in this section, we briefly discuss the composition of a
(storytelling) dashboard, which takes into account various elements:

= the audience and its expectations;

= the storytelling goals and the available data and analysis results;
= the dashboard’s narrative approach, and

= how that narrative is presented (its logic).

Note that, practically speaking, the layout is informed by visual memory
considerations (see Section 5.1, Visualization and Memory).

<4 Data Art ————»

15: Some reports can take on a distinctly
lyrical quality, and could be perceived
as data stories, were it not for their pro-
hibitive lengths.
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Figure 8.24: A dashboard exploring finan-
cial data for a fictitious organization.

Exploration, Situational Awareness, Storybook Dashboards

Dashboards come in many flavours, although the distinctions are sometimes
lost on users. In short,

= exploratory dashboard focus on understanding the DATA;

* situational awareness dashboards, on keeping tabs on a SITUATION
of interest, and

= storybook dashboards on communicating a STORY.

Exploration Dashboards Exploration dashboards use visualizations as a
tool to explore the data. They come with a high level of interactivity (filters,
sliders, drill-down options, etc.) and offer high levels of detail: all aspects
of data should be represented (tables, columns, calculations, etc.), not just
summaries. Since such dashboards are usually prepared for small internal
audiences with an in-depth understanding of the context from which the
data arises, annotations (or explanations) are neither required nor useful,
for the most part.

Exploration dashboards capture as much interesting information about the
data as possible, in as short a time as possible: the focus is on automatic chart
generation, not on aesthetic considerations.

Financial Data Exploration

$59.78K $173.78M

Average of Item Amount Sum Item Amount
Item Amount Item Amount by Description Journal Voucher Type Code 2018 2019 2020 Total ~
selc S17.8ca.34 8 mMc $18,110,444.61 $21,810,187.90 $17,448,129.75 $57,368,762.27
oO——-0 PROOT 68767721  $179202446  $907,12755  $3,386,829.23
PRO02 §78882539  $56503107  $B1317569  $2,167,032.15
PRO03 $151766495  $61209100  $109313135  $3,222,887.30
PROO4 $80017427  S71955146  $115549857  $2,675,224.30
Effective Date v PROOS 61184401  $155962399  $50596254  $2,677,430.55
prvpersl pepmpens i o PRO0G $869847.19  $114207850  §567,30921  $2,579,234.90
PROO7 $125424756  $1,20246346  $112161347  $3,578,324.48
O—O PROOS $536301.11  $146671457  $65484818  $2,657,863.87
PROTO $102518544 112441166  $81038412  $2,959981.22
PROTT $132366562  $94791620  $95112963  $3,222,711.45
Item Amount by Year, Quarter and Month PROT2 $89494935  $132160278  $1,14239809  $3,358,950.22
Project Identifier i PRO13 $810,72006  $1,397,946.44 $94387163  $3,152,538.13
P PROTS $111524424  $123891957  $1211,12276  $3,565,286.57
PRO7 $116324506 134615102 $59553330  $3,104,929.39
PRO8 88842684  $129717923  $1177,35688  $3,362,962.95
PROTS $94277750  $1,02871089  $748386.14  $2.719,874.53
PRO22 $84207688  $697.99257  $110590034  $2,645,969.79
PRO23 $121984367  $1,14389590 111505277  $3,478,792.34
PRO27 $81772827  $120588313  $82832752  $2.851,938.92
= mic $8733325.92 $11,316310.76  $9,855321.54  $29,904,958.22
PROOT $48814703  $44737391  $49301200  $1,428,532.94
PROO2 $26852670  $79425021  $27548545  $1,358,262.36
PROO3 $24970720  $30192804  $33991444  $891.549.68
Total $53,750,707.93 $65,112,880.21 $54,913,39139 $173,776,979.54

Situational Awareness Dashboards Situational awareness dashboards use
visualizations as a tool to provide a “real-time” snapshot of the data. They
are implemented with a medium level of interactivity, allowing for the
focus to be temporarily directed to different departments or processes. These
dashboards are not “scripted” as the focus is determining whether certain
key performance indicators (KPI) are staying or trending above (or below)
some pre-determined “warning” or “emergency” thresholds.

As the dashboards may be regularly updated with new data, it is crucial that
they be well organized and decluttered so as not to hinder the organization’s
reaction speed, when needed. Situational awareness dashboards contain data
summaries tables and charts and may feature anomaly detection.



Financial Snapshot

Audit No Audit

Project Summary Budget Amount Breakown

150.00M Operatior aint

Major Capital §57.37M (33.01

Total by Date

Aprl

Storybook Dashboards Storybook dashboards use visualizations as a tool
to explain the data. They are accompanied by a low level of interactivity, in
part to ensure the audience does not trip over itself by modifying the charts
and losing the story in the process (if some interactivity is provided, a reset
option should also be present). Storybooks are characterized by low levels
of detail: typically, numbers are rounded or altogether removed from the
presentation, and only the key aspects of the data and analytical results are
represented.

As the target audience may have little data and domain expertise, annotations
used to drive the story and to ensure that there is no ambiguity about what
is being communicated. Storybooks present the results of quantitative data
analysis as qualitative insights.

Orion’s belt

The 3 stars that make up ‘Orion’s
belt’ are used in a constellation
across most cultures. Some even

constellations ° more than once per culture
Pleiades ¢ M
30 These 9 tightly packed stars are used

in constellations more often than
expected for their brightness. Most
likely due to their ease of recognition

Betelgeuse and Rigel, Orion's
two bright corner stars

.o Dubhe
.
20 o eee . sirius
. ¢ . The brightest star isn't
. . . . used in constellations
. - often; perhaps it needed
. . . brighter companion stars
* o0 ® o+ o
° . .
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o
fainter stars — how bright the star appears to us on Earth — brighter stars

NOTE | Star colors, based on their actual visible colors, have been exnggeraled/sutum[ed for better visibility. The sizes
of the stars are (not-linearly) scaled to the actual brightness of the stars (called absolute magnitude); how bright they
would be if they were all placed the same distance from Earth. Because stars are all at widely different distances from
the Earth, how bright a star appears to us is called the apparent magnitude.

Sirius is about 25 times more luminous Take Sirius, the brightest star, it appears almost twice as bright to us as Canopus, the next brightest star. However,
than the Sun, but Canopus is ~10,000 compared to the other stars we see at night it's actually not exceptionally bright. The reason it appears so bright to us,

times more luminous! is because it's one of our closest neighboring stars (at 8.6 light-years).
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Figure 8.25: A dashboard providing situ-
ational awareness of financial data for a
fictitious organization.

Figure 8.26: Storybook for stars and cul-
tural constellations [70].
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16: What the audience needs to know
is not the same thing as what it wants:
Stephen wants an Astin-Martin roadster,
but he needs a Dodge Caravan.

Audiences (Reprise)

We have already discussed the importance of the audience to storytelling,
and that it is preferable to avoid preparing a data story that will be all things
to all people all the time.

Instead, we suggest addressing lines of business, such as Finance, Engi-
neering, Marketing, HR, your immediate supervisors and team members,
the minister’s office, etc. Doing so will allow the storyteller to identify the
decision-makers and the role played by various audience members, which
will, in turn, inform the storytelling process: if a minister is reputed to put a
lot of faith in raw numbers when making decisions, it could be useful for a
few such figures to appear on the dashboard.

This is not to say that analysts and storytellers must always cave in to their
audience’s wishes. While we say that we want to make data-driven decisions
and that we are data-friendly, the reality is that this is typically only the case
as long as the data keeps supporting our beliefs and positions. It is good
practice, then, to throw the audience a bone and help soften any blows which
could lead to audience push-back and and reject conclusions that are not to
their liking. This is best achieved, however, when the audience is known by
the data storytellers.

But knowing who the audience is is not the same as knowing the audience,
and what what relationship analysts and dashboard designers have with
them. In particular, it is crucial to figure out how they perceive data and
data analysis, and how trust and credibility can be established with them
(heeding the lessons from the boy who cried wolf, presumably).

Another thing that might change from audience to audience is what they
need the data storytelling for, what they need it to do for them. To get a sense
for this, we need to know how the results will be used and what actions the
decision-makers are likely to take:

= what decisions are people going to make from the analysis?
= how often are they going to be looking at the data?
* how often do they expect the data to be refreshed?

We also need to know what the audience needs to know:!°

* about data availability,

= data cleanliness,

* data governance and accessibility, and

» whether the data it is being “massaged” or used to paint a rosy picture?

Finally, the audience’s need /wishes to interact with the charts will inform
the type of dashboards that is produced: will they be passive receptacles for
the dashboard? Are they expecting to be able to slice, dice, and filter the data
and the charts?

All of this is part of the legwork (soft-skills) required before the story can
be told, no matter what format that will take: finding the answers requires
questions to be asked and answers to be gotten, which is definitely much
easier to do when the audience is known.



Identifying and Gathering Presentation Requirements

The requirements for a dashboard, report, or presentation are driven by the
primary consumers, the stakeholders that will primarily be getting “value”
from using the product.

It is a (sadly) very common mistake to cast the net too wide and to build
something for too many consumer types at once, if only because the answers
to the previous section’s questions might then be all over the place and
attempts to exhibit a uniformly coherent visualization deliverable will be
stymied by the competing audience priorities.

Once the group of primary consumers has been identified, we suggest
following a formal process to gather the visualization requirements as
accurately as possible; these can be obtain by surveying the stakeholders and
obtaining answers to questions such as (but not necessarily limited to):

= what is the proposed name of the product?

= who are the target data consumer(s)?

what are the product high-level objectives?

= when does it need to be published /made available?

with what frequency is the data updated?

what kind of business decisions will be made by the target consumer
group?

what are the sources of data?

is the data/information duplicated anywhere else (e.g., by a 3rd party)?
what is the sensitivity level of the source data?

what is the sensitivity level of the final product?

= how is the source data gathered?

what quality assurance is performed on it?

= etc.

This might seem like unnecessary work to add onto already busy analysts
and dashboard designers, who mostly want to focus on the presentation and
its contents, but removing ambiguities and ensuring that the visualization
product is aligned with stakeholders” needs will reduce the risk that the
deliverables fail to align with stakeholders needs."”

Storyboarding

Once we have a set of well defined requirements we are in a position to
perform a storyboarding exercise. Storyboarding is a way to summarize the
flow of information into a coherent whole, before we start working with data
and software (see Narrative Structures, p. 137).

This helps the design team determine how many pages/elements per page
might be needed to create an impactful data story. Note that this is NOT the
same as designing the dashboard layout: storyboarding is used to define the
story and the dashboard’s content.
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17: Thankfully, identifying and gathering
presentation requirements can be con-
ducted simultaneously with the get-to-
know-your-audience fact finding from the
previous section.
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18: This is another occasion where the
external eye of a tsarnina of common sense
can provide support.

Figure 8.27: Simple narrative structure to
inform an eventual storyboard.

19: If we were making a movie, we would
also use images — this could actually prove
to be quite useful for data stories.

Figure 8.28: A simple storyboard for the
hiring situation, colour-coded as in Figure
8.27.

In the age of multiple available software options for every aspect of the
data analysis pipeline ranging from data collection to publication, it may
seem counter-intuitive (if not downright retrograde) to eschew digital tools;
however, storyboarding is a pen-and-paper exercise that may require a heavy
time commitment in order to be conducted properly.®

Example: a government department has an aggressive hiring goal for the year,
imposed by new legislative requirements. Funding for the hiring process
has been approved, however the new budget will severely impact hiring
managers and other corporate service groups (IM/IT, Real Property, etc.).
Could a data story help with the situation?

What might the narrative structure of such a story look like?

cope/actually do this?

CRISIS - can we

OPPORTUNITY - we get
to hire LOTS of people!

HERO TO THE RESCUE - YOU can be the
cavalry coming to help save us!

The simple path of Figure 8.27 is unlikely to be the foundation for whatever
reports and/or dashboards the above situation calls for.

But it may inform the associated storyboard by breaking the narrative down
into easier-to-parse steps, each of which gets placed in a box, not unlike what
one would find in a cartoon strip.!”

Such a storyboard is shown in Figure 8.28.

1. State intended
hiring goal for the

year

4. Show which

branches have the

highest
requirements

2. Describe what is
driving the hiring
(Fed Gov't Init)

5. Demonstrate
which corporate
service groups are
impacted the most

3. Show how
close/far the goal is
as of today

6. Ask/tell the
audience how they
can help

At no point of this process does data enter into the equation; no charts are
produced, no software is used.




Dashboard Narratives

We have discussed narrative structures as they apply to general stories in
Section 7.3 (Forms and Structures); what does that mean in dashboard terms?

There are a number of ways of constructing a narrative, including:

all events being presented in chronological order;

the most/least important event is presented first/last;
the first/last occurring event is presented first/last;
the most/least successful event is prepared first/last;
the worst/best news are presented first/last, etc.

When its applicable, we try to tell data stories in a number of different ways
so as to maximize buy-in and minimize push-back.

A dashboard’s logic determines its format:

a horizontal logic dashboard is akin to a saga or an epic,20 in which the
chapter/episode/book titles, when laid out in succession, provide a
summary of the story — in this analogy, the chapters/episodes/books
correspond to the dashboard’s pages.?!

a vertical logic dashboards is closer to an anthology on a theme,?
in which individual episodes/stories/essays are self-contained and
logically linked to one another — in this analogy, the theme represents
the data, and the various pages, different aspects of the data stories.

2

A hallmark of horizontal logic dashboard is that the order of its pages is
crucial and must be respected when the story is presented: a missed page (or
a page read out of order) changes the story entirely and makes it altogether
unintelligible; the order of the vertical dashboards, on the other hand, is not
important: pages may be omitted without “crashing” the overall dashboard

story since each page stands as a coherent story in its own righ

t.23

Putting it All Together

All of these come together to suggest a storytelling dashboard’s guidelines:

an executive summary page, which provides the story outline and
contents and addresses issues related to long-term memory retention
by combining text and visuals;

at most 7 or 8 (and quite often much fewer than that) regular pages,
arranged according to context and dashboard logic considerations;
each of which containing at most 4-5 decluttered, evolved, and an-
notated charts, employing pre-attentive attributes to attract the eye
(iconic memory), a small number of charts (due to short-term memory
limits), and text to drill the visuals into long-term memory, and

as a final reminder, less is more.?*

We present two examples in Figures 8.29 and 8.30 that combine all of these
concepts together.2®
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20: Lord of the Rings c#, Babylon 5 7, or
the Anne of Green Gables i3 series.

21: Horizontal logic can be reinforced
with an executive summary or report
placed at the presentation’s beginning.

22: Black Mirror ¢4, Dropped Threads 7,
Billions and Billions &7 .

23: In practice, dashboards may combine
horizontal and vertical logic: for instance,
there could be three vertical segments,
each of which consisting of a horizontal
sequence of two pages each, say.

24: A good general principle for story-
book dashboards is that we should cut
from them as much as is necessary to con-
vey the story, and once that is done, to go
re-visit and cut again as there is likely still
too many elements on the dashboard.

25: They are entirely too busy to consti-
tute anything other than a first pass at a
storybook; we hope that you will see them
for the pedagogical spirit they provide.


https://en.wikipedia.org/wiki/The_Lord_of_the_Rings
https://en.wikipedia.org/wiki/Babylon_5
https://en.wikipedia.org/wiki/Lucy_Maud_Montgomery#Anne_of_Green_Gables_series
https://en.wikipedia.org/wiki/Black_Mirror
https://www.barnesandnoble.com/w/dropped-threads-marjorie-anderson/1120420223
https://en.wikipedia.org/wiki/Billions_and_Billions
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WEEKLY number of boats sold (20X6) — Store #16

Yearly goal: 290
20X6 total: 307

Do these numbers look
reasonable?

869408609876
3-,86/.186/6
6 36

6/196/.96

Another frequent
weekly number of
boats sold: 8

Occurred: 5 times
immediately before a
6 (out of 7)
(surprising)

§)

o) O

67

674567
67

6749674967

VERDICT: The two last charts suggest that the weekly sale numbers are not random, and that they may have been
falsified. We recommend performing an audit of sales for store #16.

Figure 8.29: Storytelling dashboard based on the sales numbers example from [4].

The Health and Wealth of Nations (2012) — Gapminder

GAPMINDER WORLD 2012 -

Mapping the Wealth and Health of Natior

2012 life
expectancy of
nations (health,

vert.) against the
log of the GDP per
capita (wealth,
hor.); colour
represents world
regions, size is
population.

2

B

LIFE EXPECTANCY inyeuss

GAPMINDER WORLD 2012
h and Health of Nations

ping the Weald

We see roughly 5
nations groups
(clusters), when
we only focus on
health and wealth.
Would these
groups be stable
when using other
variables?

iy

LIFE EXPECTANCY inyesrs

LIFE EXPECTANCY inyeus

LIFE EXPECTANCY inyeus

GAPMINDER WORLD 2012
aons

Mapping the Wealth and Healch of N

INCOME PER PERSON

Most frequent weekly
number of boats sold: 6
(11 times)

Occurred: randomly
(as expected)

Another frequent
weekly number of
boats sold: 7

Occurred: 7 times
immediately before a
6 (out of 8)
(surprising)

The relationship
between health
and wealth is
roughly linear, at
least when they are
both high enough -
is it a causal
relationship?

There are outliers
in the bottom right
quadrant (wealthy,
but not healthy); 4
of them are in
southern Africa - a
manifestation of
apartheid?

NOTES: The relation between health, wealth, and region can clearly be seen in the charts, but the big surprise might
be that life expectancy is as high as it is across the board. Can we get more insight from other variables?

Figure 8.30: Storytelling dashboard based on the 2012 Gapminder Health and Wealth of Nations chart [106].
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