Design mini-review; critiquing data-driven, visual narratives;
encoding uncertainty, estimates, forecasts; pacing for attention

Scott Spencer | Columbia University



main course deliverables

Build interactive graphics for

Write memo pitching idea Present critique of exemplary Chief Marketing Officer to Write critique of
to Chief Analytics Officer information graphic explore project and insights peer presentation
o : o e o o !
E E You E E
: : ARE ' :
. . HERE . .
|deate a data analytics project Write a project proposal to Create information graphics of Present project and insights
addressing problem or Chief Analytics Officer project and insights for an to Chief Executive Officer
opportunity for your audience External Audience

CONDUCT DATA ANALYSIS

Scott Spencer / ) 2]


https://ssp3nc3r.github.io
mailto:scott.spencer@columbia.edu

design mini-review



aligning and organizing information reduces cognitive load — grids
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design mini-review | aligning and organizing information reduces cognitive load — closure
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aligning and organizing information reduces cognitive load — continuity
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design mini-review | purposeful change of a visual channel can focus attention —
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purposeful change of a visual channel can focus attention —
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purposeful change of a visual channel can focus attention —
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purposeful change of a visual channel can focus attention —
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purposeful change of a visual channel can focus attention —
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purposeful change of a visual channel can focus attention —
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design mini-review
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design mini-review | layer the graphic, encode visual channels, annotate, and make hierarchies clear

Determine appropriate scaled
axes for the data architecture.

< < <

elements positioned by y parameter

<

From data, position
single elements within y
the chosen scaled axes.

name name

name

name

Label elements important to
your narrative and audience.

<

<

<

elements positioned by y parameter
<

<

Use visual channels and
attributes to encode data
variables at their
coordinate positions.

|
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elements positioned by x parameter
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Add explainers of interesting
. data, comparisons, and
xplainer .
Use these mini—paragraphs or reference p01ntS-
explainers to say something
name interesting about particular datum.
%9 [ | Draw your audience in to explore.

name

name

name
name

name name

name

name

name

name
|

name

Use the graphic title to explain your main takeaway as it
relates to your overall narrative, not just what data are shown.

You can say even more in the subtitle. What pattern or comparison did you find
interesting? By the way, notice the hierarchy of information created by font sizes.

y name name
|

name

<

name

<

name

name

elements positioned by y parameter

Finish the hierarchy with
insights and messages in
title, cite sources, other
Explainer details, like how to read
Use these mini—paragraphs or the graphic.

explainers to say something
interesting about particular datum.
Draw your audience in to explore.

Lighten or color elements
gray that add context but
aren’t the message focus.

name

name name
y | .
name name
y
name
I
, Explainer
name Use these mini—paragraphs or
I explainers to say something
interesting about particular datum.
Draw your audience in to explore.
y
X X X X X X X

elements positioned by x parameter
Source: cite the source of your data and explain your analysis.
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design mini-review | what Gestalt principles are used in this data graphic? How is attention focused?
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design mini-review | what Gestalt principles are used in this data graphic? How is attention focused?

Proximity

Time to fill role discussion needed: where do we go from here?

Both External and Internal time to fill have varied in the past year. Understanding contributing
factors—number of interviews, vacation schedules, and current internal transfer volume

Similarity seeccec°- constraints—can help us better plan for the future.

Time to fill
n 90 External time to fill increased External time to fill varied markedly in the second half of
é steadily in the first half of the year, the year, above goal in Sep & Nov. Months with lower time to
Q 3o rising above goal in June at more than fill had fewer number of interviews per candidate, while longer
3 60 days. This was largely the result of  time to fill months had more interviews. Interviewer
e o o o o E increasing number of interviews per vacation schedules Ilkely also played a part
Enclosure ©p—: @ o 071 candidate.
ole o|c o -
o |o o |0 o L 60 GOAL
c o o o s =
[ ] [ [ ] [ ] [ ] }_
50
40 Internal
External
30

Closure 20 Internal time to fill consistently beat goal, with general increase
in recent months. Months having lower internal time to fill coincide

| with those having fewer internal candidates placed. Time delays are
10 experienced when there are more internal applicants. Further

research is needed to better understand and remedy.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2019
Continuity J

LET'S DISCUSS: Should we put stricter guidelines around maximum number of interviews?
How can we keep vacation schedules from impacting time to hire? What can we do to improve
efficiency of internal transfer process in order to better handle higher volumes?
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design mini-review | what Gestalt principles are used in this data graphic? How is attention focused?
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a framework for critiquing
data-driven, visual narratives



information graphics — o1+ working definition

information graphic : a data-driven, visual narrative
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criticism for data-driven, visual narratives, visualization criticism is critical thinking about data visualization

Establish the
l(iurpose of
the critique

Be objective,
well-reasoned

When reviewing someone else’s document, center yourself
on the purpose that was agreed upon, such as clarity,
accuracy, or correctness. Should this purpose be multiple,
review one aspect at a time, focusing on content first.

Typos are usually more conspicuous than reasoning
flaws, but also less important. Each statement should be
objective, delivered in neutral language, and backed
up by theoretical reasoning or empirical evidence.

Scott Spencer / ()

Offer
alternative
solutions

Structure
the review

In your comments—help, don’t judge. A critique must serve
the goal. Simply pointing to problems is not enough. The
critic must state an alternative solution in a way that is clear
and complete enough to provide a basis for improvement.

First, provide a global assessment, to place further comments
in proper perspective. As a rule, point out the weaknesses, to

prompt improvements, but also the strengths, to increase the

authors’” willingness to revise the document and to learn.
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using theory and experiment, identify issues and suggest solutions

Audience? ‘

Purpose?

Encoding,
decoding?
Comparison
or change? ‘
Narrative?
Color,
coherency?
Hierarchy,
annotation?
Layering,
ayout?
Credibility,

transparency?
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criticism for visuals, example — a very basic critique of Scarr’s Hazy days.

. . ............................. Published in a newspaper. An external, general audience. Primary audience are the population of
AUdlence . readers of the South China Morning Post.

Purpose? ceeeceetsetiiseseesseseeseeseesoe.o. Toinform or raise awareness through exploration. No explicit call-to-action of its audience.

Scarr uses multiple visual channels. A heat map encodes each cell as an hour of the year. Day is aligned on
. . the y-axis, hour is aligned on the x-axis, enabling comparisons across either. Luminosity represents air-
D ata enCOdlngS, deCOdlngs?- -+« pollution index. Wind direction is encoded alongside each day by orienting a line segment with an arrow
end. But wind direction continually shifts. And data on each hour likely exists. Perhaps we could
experiment with placing an oriented line segment inside each square as a layer, creating a vector field?

Encodings are arranged to allow overall comparisons of pollution by day or hour, and the graphic
points to a few specific, interesting patterns.

Comparison or change?...............

Narrative? - oo No narrative is developed. Perhaps placing this information graphic into a historical context of
* pollution in Hong Kong, or in the context of people’s lives, would help develop a narrative.

Only shades of gray encode data, and especially for encoding pollution on a heat map. Notice the gray
C()l()]_’, coherency? ceeseececceeeeeeeeeee... palette also serves as a visual metaphor as we think of pollution as physically graying our otherwise
blue skies. Would a blue-to-gray encoding strengthen the metaphor?

Scarr uses typography effectively — especially font sizing, bold, leading, and white space — to create a
. . hierarchy that guides the audience’s eyes through the graphic, starting at the title, Hazy days, and negative
Hier al'ChY, layel' lng, laYOUt? -+«+«..... gpace plus the heat maps direct the audience’s view towards the encoding explanations. Almost half of
the graphic uses negative space, and carefully separates types of information to reduce cognitive load in
understanding the information. Mini-explainers are paragraph-aligned towards the side it refers to.

Provides explicit citations to the underlying data — Environmental Protection Department, Hong
Kong Observatory — and explains missing data encodings: “no wind data available...”

Credibility, transparency?............

Overall assessment: Scarr’s information graphic succeeds for its general audience and purpose, which
is primarily to allow exploration of the data. Its use of white space is particularly helpful as an example
to our own work. The graphic may become stronger with messaging in the title, rather than just
description, encoding wind by the hour, and adding narrative from either a historical perspective, or to
show its correlation with something about people’s lives. Other purposes would need better narrative
and a call to action.
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Roadside pollution hit a record high
this year, on August 2 in Central,
with the index reaching 212. As the
year draws to a close, we take a look
at how the air has fared in every
hour in the year so far.
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WHERE THERE’S SMOKE—THERE’S CANCER

Cancer rates are up, but mortality is down. New diagnostics and treatments
are responsible for part of this trend. But the greatest single contributing
factor is the decline in smoking—rates are at their lowest level in 50 years.

criticism for data-driven, visual narratives, practicing critiques

Audience?
Men Women
n Increased incidence E Fewer deaths E Decline of lung cancer
Pur Ose? An aging population Cancer deaths have been Drop in lung cancer deaths in
P ° contributes to rising dropping since 1991, males is the primary reason

incidence of cancer.

especially in males.

why death rates are down.

Data encodings, decodings?
Comparison or change?
Narrative?

Color, coherency?
Hierarchy, layering, layout?

Credibility, transparency?

Cancer incidence rates
(per 100,000)

300—

Cancer death rates (per 100,000)

OVERALL BY CANCER
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ﬂ Decline in smoking

Since the 1964 first Surgeon General’s report,
smoking rates have been dropping. By 2010,
the rate among males was down to 20%, from
50% at its peak. Among youths, rates have

been on an even steeper decline since 1997.

Smoking prevalence (%)

E Impact of smoking on cancer deaths

Smoking is a major risk factor for many
types of cancer and significant contributor
to cancer-related deaths. It remains

the single largest preventable cause of
disease and premature death in the US.

Percentage of cancer deaths
attributable to smoking

Pancreas

50—
adults
7 \v\/\/ \/\\
youths in -\’\’
grade 12
0 —
I I I
1965 1990 2010

source: American Cancer Society Cancer Statistics 2012; Monitoring the Future (University of Michigan).
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criticism for data-driven, visual narratives, practicing critiques

Congressional Budget Office

Audience?

CBO’s Extended Baseline Scenario

Purpose?

(As a percentage of gross domestic product, GDP)

Data encodings, decodings?

Comparison or change? VR
The Grgat
50 World War I Depression
Narrative? .

Reflects the assumption that current laws generally remain unchanged, implying that
lawmakers will allow tax increases and spending cuts scheduled under current law to
occur and that they will forgo measures routinely taken in the past to avoid such changes.
Noninterest spending continues to rise, however, pushed up by the aging of the population
and the rising costs of health care, and revenues reach historically high levels.

The 2012 Long-Term Budget Outlook

CBQO’s long-term projections reflect two broad scenarios:

CBO’s Extended Alternative Fiscal Scenario

Maintains what might be deemed current policies, as opposed to current laws, implying that
lawmakers will extend most tax cuts and other forms of tax relief currently in place but set to
expire and that they will prevent automatic spending reductions and certain spending restraints
from occurring. Therefore, revenues remain near their historical average, and the gap between
noninterest spending and revenues widens over the long term.

Federal Debt Held by the Public, Historically and Projected Under Two Policy Scenarios

The explosive path of
federal debt underscores
the need for major changes
to current policies.

Recent federal budget deficits, including net
interest, have been the largest since 1945.

As a result, federal debt is expected to exceed
70 percent of GDP at the end of 2012.

Deficits are relatively small,
and a growing economy
results in declining federal
debt as a percentage of GDP

1912 1917 1922 1927 1932 1937 1942 1947 1952 1957 1962 1967 1972 1977 1982 1987 1992 1997 2002 2007 2012 2017 2022 2027 2032 2037
? Extended Baseline Scenario @ Extended Alternative Fiscal Scenario Components of the Federal Budget
Color, coherency?
(As a percentage of GDP)
(As a percentage of GDP) (As a percentage of GDP) N e Socid ‘ All Other .
30 Actual | Projected 30 Actuc Projected . ocia Securlty and Federa] Spendlng
. . R Spending Health Care Spending (Except net interest)  Net Interest
cvenucs — s )
Hierarchy, layering, layout? : oo [ 7 5 B
20 . 20 Revenues
Nomnterest \/\_/ ° - 15.7% I 2.7%
Spending 2037
C dobolot t ? . - 16.5% 9.5%
redaipviil Y, r anSpaI' eIlCY. Difference (Revenues minus Difference (Revenues minus Total Spendin Total Revenues Deficit
I noninterest spending) ” noninterest spending) P §
0 I_II._.I I._-lllllllllllllllllllll 0 I] HH““—U _ H_HH'HHHHHH‘HH"”‘ o o |97i:fg;‘i-21.0‘?;> -17.9‘%0 I3.C'~_r\s
I 1l I o NN |
2037
-10 a - . . 10 L i i 3".700 18.Fn0 '|-'_"\r‘?L
2000 2010 2020 2030 2037 2000 2010 2020 2030 2037 © ’ ’ e
Note: Numbers may not add up fo fofals because of rounding.

Prepared by Maureen Costantino and Jonathan Schwabish
Contact: Long-Term Modeling Group

Sources: Congressional Budget Office; Office of Management and Budget
For details, see The 2012 Long-Term Budget Outlook, June 2012; http://go.usa.gov/dKY
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criticism for data-driven, visual narratives, practicing critiques

Audience?

Purpose?

Data encodings, decodings?
Comparison or change?
Narrative?

Color, coherency?
Hierarchy, layering, layout?

Credibility, transparency?

What’s Really Warming the World?

By Eric Roston ¥ and Blacki Migliozzi W | June 24, 2015

Skeptics of manmade climate change offer various natural causes to explain why
the Earth has warmed 1.4 degrees Fahrenheit since 1880. But can these account
for the planet’s rising temperature? Scroll down to see how much different
Hotter factors, both natural and industrial, contribute to global warming, based on
+2'F findings from NASA’s Goddard Institute for Space Studies.

Observed

1880-1910
Average

'\ This line shows the measured, or

"observed," land-ocean temperature

1880-2014

-2F

Colder

Is It the Earth’s Orbit?

The Earth wobbles on its axis, and its tilt and orbit change over many thousands
of years, pushing the climate into and out of ice ages. Yet the influence of orbital
changes on the planet’s temperature over 125 years has been negligible.

Hotter

+2'F

Observed

1880-1910

Average ¥ N g : et NIV @ Orbital Changes |

This band shows where temperatures
fall in 95% of climate simulations

1880-2005

oF 95% Confiden

Colder

Is It the Sun?

The sun’s temperature varies over decades and centuries. These changes have
had little effect on the Earth’s overall climate.

Hotter

+2'F

Observed

1880-1910
Average

1880-2005

2F 95% Confidence

Colder
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So If It’'s Not Nature, Is It Deforestation?

Humans have cut, plowed, and paved more than half the Earth’s land surface.
Dark forests are yielding to lighter patches, which reflect more sunlight—and
have a slight cooling effect.

Hotter
+2'F

Observed

1880-1910
Average

1880-2005

o'F 95% Confide

Colder

Or Ozone Pollution?

Natural ozone high in the atmosphere blocks harmful sunlight and cools things
slightly. Closer to Earth, ozone is created by pollution and traps heat, making the
climate a little bit hotter. What’s the overall effect? Not much.

Hotter

+2'F

Observed

1880-1910
Average |

1880-2005

2F 95% Confidence

Colder

No, It Really Is Greenhouse Gases.

Atmospheric CO, levels are 40 percent higher than they were in 1750. The green
line shows the influence of greenhouse gas emissions. It's no contest.

Hotter Greenhouse Gases

+2'F

Observed

1880-1910
Average

1880-2005

o°F 95% Confidence

Colder
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Audience?

Purpose?

Data encodings, decodings?
Comparison or change?
Narrative?

Color, coherency?
Hierarchy, layering, layout?

Credibility, transparency?

practicing critiques
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criticism for data-driven, visual narratives, practicing critiques — goals for data-driven, visual narratives

Audience? - An external, general audience. Categorically, who are this mixed audience?

Decide on your purpose; be specific. E.g, Advertising? Public relations? Investor interest? Get

- S nyou ) ;
Purposes your audience’s attention, help them understand, and be able to act on your message’s purpose.

Encode your data, statistics, and modelling estimates using best practices

1 - @
Data enCOdlngS> deCOdlngS ‘ we've discussed. Data encodings should directly support your main messages.

Comparison or change? -------------------------------------- Encode data to show comparisons or change, add data as context to impart meaning.

e P Think about your narrative arc, and how change drives your narrative forward. Do you
Narratives use explainers or labels and mini paragraphs on your data graphics to help your audience?

Color, coherency? ---------------------------------------------- Purposefully use color for encodings and linking data encodings to textual narrative.

. . 2 Your titles, headers, mini-paragraphs, and text should use messages, not just information. Use best practices
Hierar ChY’ layer 1ng, layout. in typography (size, bold, color, spacing, etc) and grid alignment to focus your audience on your messages.

‘hils ? Cite your sources, briefly mention any important elements of your analysis.
Cr edlblhty’ transparencys Consider whether you need to explain any limitations or exceptions.

8
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encoding uncertainty,
estimates, forecasts



encoding uncertainty, estimates, forecasts, distinguish measurements from estimates

Measurements are observed. Examples of common
visual encodings for variation in measures ...
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... but estimates are not observed measures — they are modeled from measures
— be clear about distinguishing them with your encodings and annotations.

8
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distinguishing measurements from estimates — examples

In a game against New York Yankees, should Milwaukee Brewers’s Lorenzo
Cain attempt to steal second base with no one else on base and two outs be-
fore the seventh inning, against Gary Sanchez as catcher and Michael Pineda

as pitcher? What if against Sanchez and CC Sabathia as pitcher?

More specitically, how can we know the expectation that Cain’s attempt in each situation
increases the probability of expected runs that inning and by how much? Using Stan, I've
coded a generative model that along with play outcomes considers various information
(runner foot-speed, catcher pop-time) and player characteristics, like pitcher handed-
ness. With the model, we have an answer that also shows the uncertainty. Given 2017

data, this model suggests Cain should steal against Pineda, not Sabathia:

vs. Pineda / Sanchez vs. Sabathia / Sanchez Figure 1. Of the two scenarios Cain
should only attempt to steal against the
Sanchez—Pineda duo.

03 -02 -01 00 01 03 -02 -01 00 01
Expected change in runs in each scenario
Notably, we get these expectations without multiple trials of either scenario. More gen-
erally, this model suggests that on average team managers are too conservative, leaving
runs unrealized:

Figure 2. When the change in expected

1.00- runs is zero, managers should be indif-
ferent to attempted steals, saying go
%0_75- half the time.
g The black band represents the range of
2 050- 1 variation across managers’ decisions.
% At the intersection of indifference,
c‘éﬁ 0.25
o
— Indifferent
0.00-

-0.4 -0.2 0.0 0.2
Expected change in runs in an inning

The above is but one example of a more general approach that weighs probabilities of all
possible outcomes to maximize expected utility. With broad implementation—jointly

modeling the conditional probabilities of all relevant events—we can optimize decisions.
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encoding uncertainty, estimates, forecasts, distinguishing measurements from estimates — examples

In a game against New York Yankees, should Milwaukee Brewers’s Lorenzo
Cain attempt to steal second base with no one else on base and two outs be-
fore the seventh inning, against Gary Sanchez as catcher and Michael Pineda

as pitcher? What if against Sanchez and CC Sabathia as pitcher?

More specifically, how can we know the expectation that Cain’s attempt in each situation
increases the probability of expected runs that inning and by how much? Using Stan, I've
coded a generative model that along with play outcomes considers various information
(runner foot-speed, catcher pop-time) and player characteristics, like pitcher handed-
ness. With the model, we have an answer that also shows the uncertainty. Given 2017

data, this model suggests Cain should steal against Pineda, not Sabathia:

vs. Pineda / Sanchez vs. Sabathia / Sanchez
_ A \
03 -02 -01 00 0.1 03 -02 -01 00 0.1

Expected change in runs in each scenario

Notably, we get these expectations without multiple trials of either scenario. More gen-

erally, this model suggests that on average team managers are too conservative, leaving

runs unrealized:

1.00-
a
£ 0.75-
[
B
]
o
2 0.50-
o
2
% Opportunity?
$ 0.25-
o

— Indifferent
0.00 - —
-0.4 -0.2 0.0 0.2

Expected change in runs in an inning

The above is but one example of a more general approach that weighs probabilities of all
possible outcomes to maximize expected utility. With broad implementation—jointly

modeling the conditional probabilities of all relevant events—we can optimize decisions.

Scott Spencer / ()

Figure 1. Of the two scenarios, Cain
should only attempt to steal against the
Sanchez—Pineda duo.

Figure 2. When the change in expected
runs is zero, managers should be indif-
ferent to attempted steals, saying go
half the time.

The black band represents the range of
variation across managers’ decisions.
At the intersection of indifference,
managers tend to say steal only 10
percent of the time, leaving oppor-
tunity.
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distinguishing measurements from estimates — examples

The projection below only shows the share of the total population
with at least one shot based on the current rate of vaccination, but
it provides a rough indication of when the virus’s spread could
begin to stall.

When a given share of the U.S. population might be at least partially vaccinated
The current vaccination rate is based on average daily increase in first doses
administered over the past week.

Average daily first doses in last 7 days: 1,030,068
100% of U.S. population

90% .
Oct.29 _.-~
I‘Q’
75% 70% e
At current pace Aug. 250,,—'
50%
50% June22 _.-~
&’3’
o ,"”
25% 16% ’/,,
March2 .-~
//
Jan. March June Sept. Dec.

Source: Centers for Disease Control and Prevention | Note: Data from Dec. 20 to Jan. 12 are for all doses
administered. Data for Jan. 13 is unavailable. Projections could change if additional vaccines are authorized.

If the country maintains its current pace of administering first
doses, about half of the total population would be at least partially
vaccinated around late June, and nearly all around late October,
assuming supply pledges are met and vaccines are eventually
available to children.
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distinguishing measurements from estimates — examples

The projection below only shows the share of the total population
with at least one shot based on the current rate of vaccination, but
it provides a rough indication of when the virus’s spread could
begin to stall.

When a given share of the U.S. population might be at least partially vaccinated
The current vaccination rate is based on average daily increase in first doses
administered over the past week.

Average daily first doses in last 7 days: 1,030,068
100% of U.S. population

90% .
Oct.29 _--~
4'9’
75% 70% et
At current pace Aug. 250,,«'
50%
50% June22 _.-°
&’3’
o ,"”
25% 16% /‘,,
March2 .-~
//
Jan. March June Sept. Dec.

Source: Centers for Disease Control and Prevention | Note: Data from Dec. 20 to Jan. 12 are for all doses
administered. Data for Jan. 13 is unavailable. Projections could change if additional vaccines are authorized.

If the country maintains its current pace of administering first
doses, about half of the total population would be at least partially
vaccinated around late June, and nearly all around late October,
assuming supply pledges are met and vaccines are eventually
available to children.
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distinguishing measurements from estimates — examples

Models predicting the potential spread of the COVID-19 pandemic have
become a fixture of American life. Yet each model tells a different story
about the loss of life to come, making it hard to know which one is “right.”
But COVID-19 models aren’t made to be unquestioned oracles. They’re not
trying to tell us one precise future, but rather the range of possibilities given
the facts on the ground.

One of their more sober tasks is predicting the number of Americans who

will die due to COVID-19. FiveThirtyEight — with the help of data compiled
by the COVID-19 Forecast Hub
scientists to illustrate possible trajectories of the pandemic’s death toll. In

— has assembled 11 models published by

doing so, we hope to make them more accessible, as well as highlight how
the assumptions underlying the models can lead to vastly different
estimates. Here are the models’ U.S. fatality projections for the coming

weeks.

Forecasts like these are useful because they help us understand the most
likely outcomes as well as best- and worst-case possibilities — and they can
help policymakers make decisions that can lead us closer to those best-case

outcomes.

And looking at multiple models is better than looking at just one because
it's difficult to know which model will match reality the closest. Even when
models disagree, understanding why they are dierent can give us valuable
insight.
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distinguishing measurements from estimates — examples

Models predicting the potential spread of the COVID-19 pandemic have
become a fixture of American life. Yet each model tells a different story
about the loss of life to come, making it hard to know which one is “right.”
But COVID-19 models aren’t made to be unquestioned oracles. They’re not
trying to tell us one precise future, but rather the range of possibilities given
the facts on the ground.

One of their more sober tasks is predicting the number of Americans who

will die due to COVID-19. FiveThirtyEight — with the help of data compiled
by the COVID-19 Forecast Hub
scientists to illustrate possible trajectories of the pandemic’s death toll. In

— has assembled 11 models published by

doing so, we hope to make them more accessible, as well as highlight how
the assumptions underlying the models can lead to vastly different
estimates. Here are the models’ U.S. fatality projections for the coming

weeks.

Forecasts like these are useful because they help us understand the most
likely outcomes as well as best- and worst-case possibilities — and they can
help policymakers make decisions that can lead us closer to those best-case

outcomes.

And looking at multiple models is better than looking at just one because
it's difficult to know which model will match reality the closest. Even when
models disagree, understanding why they are dierent can give us valuable
insight.
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Probability density of Normal distribution

encoding uncertainty, estimates, forecasts, discretizing distributions to improve decisions — quantile dot plots

A

To generate a discrete plot of this distribution,
we could try taking random draws from it.
However, this approach is noisy: it may be
very different from one instance to the next.

s.isik i 5.

é“zszs .
ollhos

Instead, we use the quantile function (inverse CDF)
of the distribution to generate “draws” from
evenly-spaced quantiles.

We plot the quantile “draws” using a
Wilkinsonian dotplot, yielding what we call a
quantile dotplot: a consistent discrete
representation of a probability distribution.

By using quantiles we facilitate interval
estimation from frequencies: e.g., knowing there
are 50 dots here, if we are willing to miss our
bus 3/50 times, we can count 3 dots from the
left to get a one-sided 94% (1 - 3/50) prediction
interval corresponding to that risk tolerance.
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encoding uncertainty, estimates, forecasts, using color to encode uncertainty — value suppressing uncertainty palettes

Low Value High Value

—

8
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encoding uncertainty, estimates, forecasts, using color to encode uncertainty — value suppressing uncertainty palettes

Bivariate Map of
Value and Uncertainty

Low Value High Value

Low Uncertainty

High Uncertainty

8
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encoding uncertainty, estimates, forecasts, using color to encode uncertainty — value suppressing uncertainty palettes

Bivariate Map of Value Suppressing
Value and Uncertainty Uncertainty Palette
Low Value High Value

Low Uncertainty

High Uncertainty
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encoding uncertainty, estimates, forecasts, using color to encode uncertainty — value suppressing uncertainty palettes

Clinton lead

Clinton_lead

-20 0 20

8
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pacing for attention, you can focus on consecutive layers of a graphic spatially (multiples) Subway Ridership Is Slow to Recover

Percent decline from 2019 ridership

(0] -
New York lockdown Bridges and
-20 March 22 tunnels
-40
Buses
60 Subways
LIRR
-80 Metro-
: North
-100 ;
Percent decline from 2019 ridership March May July Sep. Nov. 2021 March
\ By Veronica Penney Source: The M.T.A's day-by-day ridership numbers.
0 - :
: New York lockdown ,
. March 22 Bridges and
tunnels
-20 The Pandemic Cut Bus Ridership by Half
Percent decline from 2019 ridership
s o —
-40 New York lockdown Bridges and
E 20 March 22 tunnels
Buses : Waived fare on local
40 —bus routes ends
Buses
-60
-60
Subways Subways
LIRR
-80 Metro-
North
-80 -100
March May July Sep. Nov. 2021 March
By Veronica Penney Source: The M.T.A's day-by-day ridership numbers.
Rolling three-day average
-100
March April May June July Aug. Sep. Oct. Nov. Dec. 2021 Feb. March

By Veronica Penney Source: The M.T.A.'s day-by-day ridership numbers. | Note: Percent change is

calculated as a comparison to the preceding-year equivalent day, with the exception of the commuter rail

systems, which are compared to the 2019 monthly weekday/Saturday/Sunday average. Car Travel lS Near Pre-Pandemlc Levels

Percent decline from 2019 ridership

o)

New York lockdown

: Bridges and
‘March 22

tunnels

-40
Buses
60 Subways
; LIRR
-80 Metro-
: North
-100 ;
March May July Sep. Nov. 2021 March

By Veronica Penney Source: The M.T.A.'s day-by-day ridership numbers.
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pacing for attention, you can also focus on consecutive layers of a graphic temporally — a grammar of animated graphics

gganimate Kkl A  GettingStarted  Reference  Talks  News v

Build up a plot, layer by layer Contents

Source: R/transition-layers.R Arguments

Label variables
This transition gradually adds layers to the plot in the order they have been defined. By default
prior layers are kept for the remainder of the animation, but they can also be set to be removed
as the next layer enters.

Object permanence
See also

Examples

transition_layers(

layer_length = 1,

transition_length = 1,

keep_layers = TRUE,

from_blank = TRUE,

layer_order = NULL,

layer_names NULL

Arguments

layer_length The proportional time to pause at each layer before a new one enters

gganimate

transition_length The proportional time to use for the entrance of a new layer

keep_layers Either an integer indicating for how many following layers the layers should stay on screen or a
logical. In the case of the later, TRUE will mean keep the layer for the remainder of the animation
(equivalent to setting itto Inf )and FALSE will mean to transition the layer out as the next layer
enters.

from_blank Should the first layer transition in or be present on the onset of the animation

layer_order An alternative order the layers should appear in (default to using the stacking order). All other
arguments that references the layers index in some way refers to this order.

layer_names A character vector of names for each layers, to be used when interpreting label literals

Label variables

transition_layers makes the following variables available for string literal interpretation, in
addition to the general ones provided by animate() :

A Grammar of Animated Graphics

e transitioning is a boolean indicating whether the frame is part of the transitioning phase
e previous_layer The name of the last layer the animation was showing

e closest_layer The name of the layer the animation is closest to showing

e next_layer The name of the next layer the animation will show

e nlayers The total number of layers

Object permanence

transition_layer does not link rows across data to the same graphic element, so elements will
be defined uniquely by each row and the enter and exit of the layer it belongs to.

8
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practicing critiques

Audience?

Purpose?

Data encodings, decodings?
Comparison or change?
Narrative?

Color, coherency?
Hierarchy, layering, layout?

Credibility, transparency?
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A18 Saturday, October 13, 2012 South China Morning Post

L.ove Me Do

Fifty years ago today The Beatles made their chart debut with their first single,
Love Me Do. They would go on to have 17 number one singles in their native
Britain and sell over 80 million albums in the United States, all the while
changing the face of popular culture.
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US album sales

o : Queen
The Beatles’ 13 original studio 15 studio alb
albums were carved up and released studio albums
16.5m sold

differently in the US, where their
record companies distributed the
songs over 17 LPs. Here's how their
US studio album sales compare
against other giants of the
recording industry in the world’s
biggest music market.

The Beatlfes Led Zeppelin
17 uS]s;_tudm ?dlbums 9 studio albums
87 million so 86m sold

Firstusalbum —————
Introducing The Beatles, 1964

First platinum ———
Meet The Beatles, 1964

Biggestseller ————
The Beatles

(The White Album), 1968

18 times platinum

Last US studio album —————
Let It Be, 1970
4 times platinum

The Rolling Stones
24 studio albums
36m sold

Michael Jackson

10 studio albums
61m sold

Thriller, 1982
Biggest selling album of all time.
29 times platinum in the US

How to read this infographic

|
Each black ring on the records | Uncertified
represents a US studio album /
release. The thickness of a
ring indicates the US sales.
Rings are in chronological
order from the centre
outwards.

Gold
500,000 sold

Elvis Presley

22 studio albums Platinum

23.5m sold 1 million
5x platinum
5 million
10x platinum
or diamond
10 million

SCMP graphic: Simon Scarr Sources: Official Charts Company, RIAA, Billboard
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Irag’s bloody toll

Monthly
fatalities |
0 TN
Coalition deaths
4,802
Civilian deaths
o 113,728
’
December
Saddam
Hussein
captured
May
US President
George W. Bush
1,000 — declares an end
to combat Jun 2004
us hands
sovereignty
to interim
Iraqi
government
1,500—
December,
2005
Iragis elect
full-term
_ government
2,000 and
parliament
August, 2005
950 killed in
asingle incident
when fears of an
insurgent attack
caused a huge
crowd of Shiite
pilgrims to stampede
ona bridge
2,500 —
January, 2007
Bush announces
asurge of extra
3,000 troops will
be deployed
December,
2006
Saddam Hussein
executed
3,500 — K ”
T The biggest killers
Us-led forces
invade How civilians died, according to the data available*
Invasion to March 19, 2008
3,977 @
Air strikes Roadside Suicide Vehicle Mortar Executions Small arms
bombs bombs bombs fire gunfire
SCMP graphic: Simon Scarr Causes of death accounting for cent of killings.

January, 2009
us forces come
under Iragi mandate.
Control of Green Zone
handed to Iraq

The United States officially marked the end of almost nine
years of bloody military engagement in Iraq on Thursday.
Over 4,800 coalition soldiers and tens of thousands of Iraqis
lost their lives in a war that defined a decade.

us ground troops in Iraq
200 thousand

150

100

President Bush
approves 21,500
extra troops

50

0
2003 2004 2005 2006 2007 2008 2009 2010 2011

Coalition
deaths
Iraqi
United States ;
4,484 security forces
10,125
To July 2010
Total

4,802

Others Britain
139 179

Coalition fatalities by area

Baghdad and the vast desert province
of Anbar saw some of the fiercest
fighting, the latter being the scene

of sectarian tensions and a

bloody Sunni insurgency

1 099
[ 100-499
M 500+

Sulaymaniyah
0

Muthana
8

Sources: iCasualties, Iraq Body Count, New England Journal of Medicine, Global Security, Brookings Institution
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Each square represents +11 The 16 teams with the highest market
HK$10 million market value value playing at the World Cup
(high to low market value) Player (club
HKS$ millions Percentage approx. on
5,713
1
5,324
AT’ na
5,020
TCI1
4917

Market value of the highest
paid player for the top 16 teams

ays) Personal market value
value of his national team

Neymar (FC Barc ) 710

12%

9%

Lionel Messi (FC Barcelona) 1,455

29%

Mario Gétze (Bayern Munich) 635

13%

The 16 teams with the lowest market
value playing at the World Cup

South China Morning Post

While you can’t put a price on a fan’s passion for the
beautiful game, we do know how much clubs are

willing to pay for players. By combining the value of
individual footballers, we have estimated the market

3,944

1
3,376

Ital
3,336

3,296

3,271

SCMP Graphic: Alberto Lucas Lopez

Sources: PLURI Consultancy report “Os 100 jogadores mais
valiosos do mundo em 2013" (The 100 most valuable players
in the world in 2013)*, PLURI Consultancy report “Valor de
Mercado das 32 Sele¢des que disputardo a Copa do Mundo
Brasil 2014” (Market value of the 32 teams at the World Cup
in Brazil), Football Finance

The data provided in the reports are in euros
Conversion value at time of infographics 1 EUR = HK$10.5412

Note: the report about the market value of the players was published
on January 14, 2014. Data and their clubs refers to that time

Karim Benzema (Real Madrid) 341

Eden Hazard (Chelsea) 480

14%

Claudio Marchisio (Juventus) 308

Wayne Rooney (Manchester United) 443

13%

Cristiano Ronaldo (Real Madrid) 1,131

Radamel Falcao (Monaco) 593

2,309

Edinson Cavani (PsG) 607

1,956
31%

Alan Dzagoev (CSKA Mo 254

1,785
14%
Luka Modric (Real Madrid) 338
1,721
20%
Robin van Persie (Man United) 398
1erland
1,707
23%
Arturo Vidal (Juventus) 443
1,430
31%
Yaya Touré (Man City) 349
|
1,363

26%

(low to high market value)
HKS millions
219
231
lre
249
Tond
256
value of each of the
Kor
487
I
497
‘ five t
ve teams
541 of the 16 lo
lger
665
683
I l
731
12
890
1
945

Japa

L7

1,278

1,296

1,310

teams at the World Cup in Brazil

Individual vs country
Lionel Messi is the world’s most valuable player
financially. He accounts for 29 per cent of
Argentina’s worth and alone could finance the
h the lowest market value. None
est-ranked teams have players
among the top 100 highest paid

Lionel Messi
HK$1,455m

Costa Rica +
Iran +
Australia +
Honduras +
South Korea

HK$1,442m

Printed and published by South China Morning Post Publishers Ltd, Morning Post Centre, 22 Dai Fat Street, Tai Po Industrial Estate, Tai Po, Hong Kong. Tel: 2680 8888,
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-~ SLEEP, 89

MUSKETEER, 139

TABLE, 283 ' ' . Z i)
: - /I — P asso sSEATED WOMEN are
often deplcted nearly enclosed

'their chalrs andin wmdowless

i «

F 347 GUITAR, 517
/ MANDOLIN, 81 , | ; | 2
Mandolin and ' ConnectedinSpanish ~ e ) . X AP ' -
Guitar (1924)" culture with femininity ; ¢ 1 ?
/ because of its shape, the

GUITAR for Picasso may

~ havealso symbohzed

&5

| | SALTIMBANQUE, 71

A

he mythologlcal FAUN, half marj?and 7
alfagoat%an I;% a mascullﬁ% symbol of;
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DEATH, 174 “; BOOK, 14

" TOBACCO, 41
PIPE, 85 :
Pipe, Bottle of

MANDOLIN, 70

Still Life With

| COFFEEPOT, 14

Bass, Dice (1914)

Mandolin (1924)

GiJERIDON 86 :
still Life i ina
Window (1919)

KNIFE, 23

BOTTLE, 238
. Bottleona
Table (1913)

GLASS, 418 7
The Blue Glass (1903) ,

Afemlnlne GLASS is
wwlike acontainer.of lifey
“and is often paired
-withamasculin
in Picasso’s still lif

CHERRIES, 11
CAT, 80 #) RAMSKULL, 10

Cat and /| MONKEY, 34
Lobster (1962) " Baboonand

_____ e Young (1951)

v

N Sp‘;mg (1956)

Musketeer (1967)

S e

| URCHIN,
| 25

MALE OWL, 115
Owl With the
Head of a

Man (1953)

FEMALE
OWL, 61

PAN'S

FLUTE 17 FISH, 146

Plate With Fish (1957)

BIRD; 146
The Bird
Cage (1923)

HAND, 133
Woman's Head
and Hand (1921)

HUMAN SKULL, 39

)

Skull and Pitcher (1945) §

[VAGINA 00T, 17

| DENTATA, 2

DOG, 88
Dog and Cock (1921)

. 'BULLHEAD, 36
Bull’'s Head

(1935)

i

|

gBU LL SKULL, 15

4 g

¥

OBJECT LESSONS

FRAMES
OF MIND

‘The artistisa receptacle for
emotions that come fromall |

_overtheplace:fromthesky,

from the earth, from a scrap
of paper, from a passing
shape, from a spider’s web /

Picasso drew inspiration from
mythology, from war, from those

- who surrounded him, even—he

proclaimed—from spiderwebs. The
result is tens of thousands of works
that seem to touch on countless
topics. But many of the subjects that
fascinated him, including death and

_sexuality, repeatedly surface in his

art throughout the decades. Those
recurring themes are groupedina
sampling of some 8,000 of Picasso’s
works, artistically rendered here.
They can be found in portraits that
radically blur the line between
subject and painter, and in an array
of arresting symbols such as the
Minotaur, bottle, and harlequin.

_

PICASSO BY THEME

Each of the 12 themes below is further
divided into artistic subcategories, some

of which include the titles of individual
works. The size of each category reflects

_ the number of artworks on a given theme. o /

1 : 1
: 1 4
_ a3 | v
6 .
A ’
2 v8 5 X 12
10 )
1ABSTRACT ~ 5.BODY 9.CRCUS
2.FIGURE  6.OBJECT ~ 10.MYTHOLOGY
LSTILLIFE  7.1OCATION  11.LITERATURE

4ROOM  B.THEATER ~ 12.ANIMAL

8
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The Cost of Mobile Ads on 50 News Websites

By GREGOR AISCH, WILSON ANDREWS and JOSH KELLER OCT. 1, 2015

Ad blockers, which Apple first allowed on the iPhone in September, promise to
conserve data and make websites load faster. But how much of your mobile data
comes from advertising? We measured the mix of advertising and editorial on
the mobile home pages of the top 50 news websites — including ours — and found

that more than half of all data came from ads and other content filtered by Estimated load time Data usage Cost per page
. 4G LTE net Kk to load mobile home page on a typical data plan
ad blockers. Not all of the news websites were equal. RELATED ARTICLE - S ' | [

Seconds to load advertising content Seconds to load editorial content

boston.com 30.8 seconds 8.1
fRlAZE 11.9 7.0

THE DAILY BEAST 11.3 5.0

& INDEPENDENT  10.9 4.4

Chicago Tribune 9.5 3.4

examiner.com 9.1 2.1

INEW, YORN PUS I 8.9 16.9 The New York Post, one of

the slowest websites,

SALON 8.8 8.1 contains many large photos,
but fewer ads, so an ad
Clm 8.6 5.3 .
blocker had less of an effect.
SFGATE 7.9 10.4
fLos Angeles Times 7.7 3.7
boston.com Without ad blocker

Here are all the files 389 files, 16.3 megabytes, 33 seconds

that made up the
Boston.com data

Boston.com'’s mobile website
ads averaged 30 seconds to
load on a typical 4G
connection, mostly because
of large video ads. That's the
equivalent of 32 cents of cell
data in ads every time the
home page is loaded.

With ad blocker

52 files, 3.5 megabytes, 7 seconds

during one visit, Other Images Other
including one large HTML HTML Images
video ad and many GIFs
script files used by ad Data GlIFs
networks. With an ad
blocker, those files Scripts
were gone.
Video Ad Scripts
9 megabytes
@
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Small States Can Be Big Players in Development and Good Governance

1.0

There are more than 77 small states (with population below 5 million) that account for
more than 1.5% of the world population and for close to 3% of the global wealth.
Some small states are amongst the most developed nations

with highest levels of government effectiveness.

Iceland

Ireland .

Eston/a

Malta
Cyprus

New Zealand
Luxembourg

Andorra

Bahraln
Crootla Patvia Brunei

arbados
Mauritius
Georgia

Uruiuay
Jamalca
Marshall Islands S ur ingme

Belize
. Gab .Samoa
aperl Dom:mca Botswana
oiaova

Cabo Verde
Namibia
./anuatu Guyana Kiribati Micronesia
00 ! =
Eswati
Solomon Islcmds ‘ et

Bosnia and Herzegovma Palau

Timor-Leste
Congo (Rep.)

Equatorial Guinea

In all these charts, states are grouped
and colored by population size:

big states (more than 35 million)
(between 5 and 35 million)

small states (less than 5 million)

Comoros
Guinea-Bissau

Lesotho
Djibouti

' . ‘ The Gambia
. Liberia

» Human Development Index (2017)

@)

. Central African Republic

2 -1 Government Effectiveness (2017) 1 2

Small states tend to be more politicaly stable, and have lower levels of corruption,

big states l

midsized states
small states

and enjoy more political freedoms.

These charts show the distribution
densities of different variables
by three groups based on state size:

-3 -2 -1 0 1 -1 0 1 2 1 2 3 4 5 6 7

Political stability (2017) Control of Corruption (2017) Freedom Rating [1="Free"] (2017)

Data: Human Development Index frormn Human Development Reports. Government Effectiveness, Control of Corruption, and Political Stability from Worldwide Governance Indicators. Freedom Rating from Freedom House.

.z AR
v

But small states have improved less

-0.05 0.00 0.05 0.10 0.15
Change in HDI, 2017-2000

and have even lost some ground.

-0.5 0.0 0.5
Change in Government Effectiveness, 2017-2012

ay oIl e llojslall
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= VISUALIZATION PRIZE
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Since 1999 the 2000 most popular songs of all time, as voted by the

show’s audience, are played on Dutch national Radio 2 in a yearly
marathon. The 2000 songs are on the air between noon on December
25th until New Year’s Eve and over half of the Dutch population listens
to the Top 2000 each year.

Each @ to the right represents a song in the Top 2000. It is placed
according to its year of release. In the legend below you can see what

the size and color of a song means.

The bulk of the songs and most of the top 10 are from the 70’s & 80’s.

Position in Top 2000

1 10 25

50 100 250 500 1000 2000

Highest position reached in weekly Top 40

0000060
1

40 never reached
the top 40*

Golden oldie

The oldest song in the list, Billie

Holiday's Strange Fruit, is from 1939.

It's 17 years older than the

second-oldest song. If it will make the [ ]
2017 edition remains to be seen, it's
barely in now, on position 1989.

1960

Song release year

TOP 20009 70’'s & 80’s

Prince
Another legend who passed away in
2016 (on April 21st). It seems that
new people discovered his works,
with all 9 songs that were in 2015’s
list rising significantly and 8 more
songs joining in 2016.

Newly discovered

Although already released in 1972,

Starman from David Bowie is the
highest new song in the list. It never
appeared in the previous 17 editions
of the Top 2000 and entered in 2016
on position 270.

Bohemian Rhapsody
1 Queen | 1975 \

3 I Led Zeppelin | 1971

\

\

|
Stairway to Hejven
[

22
(<
e\
(ot
\{Ga The Beatles 4 Piano Man
Billy Joel 1974
No other artist or band has more songs
in the Top 2000 as the Beatles. With Child in Time
38 songs they are responsible for 14% 5 I Deep Purple 1972
of all titles before 1970. Nonetheless,
only 5 years ago they still had 50 songs
inthe list.
Spread across release years of the 2000 songs
For 4 editions of the Top 2000
2000 2005 2010
No. of
songs
trepresent al .
f the Toy B i N s~
| \ 7 B
)) and the most ,' L First Top 2000 l’ ‘\
1 W was held in 1999 1 A —~~
1 b1 ) i \ z Y
| 1 b i \ i 4 \
|} \ ] Sy ' 1 \\
50 r \ ! 3 i
' 1 ! \ r
1 ] [ \
1 \ ) T \ i
“ ‘1 : Virtually no songs " |‘ I
' ¥ )
“ .‘ L~ from the 90's I; l‘ f
| \ B ] \ !
25 ( 1 / ] 2 A
1 | 1 \
1 [, H I \ 1
I 1 ' I S_-s !
’ 1 1 A ’l
/I \\ : /I \ ’
| 2 13 " \ !
y g J s o
pr 2 \\_ . \\‘_ Pt
1980 2000 1960 1980 2000 1960 1980
Song release year

Created by Nadieh Bremer | VisualCinnamon.com for the December edition of data sketch|es

2 Hotel California
Eagles 1977

Heroes
7 David Bowie 1977

M enter the Top 2000
‘\
\
\,

Song release year

~——_ Wish you were here
9 Pink Floyd | 1975

High riser

Adele’s When we were young from
2015 apparently needed some time to
become fully appreciated. Itis the
song with the highest increase in the
list, shooting 1599 places from
position 1743 to 144.

Black
.IO IPearLlam 1991

David Bowie

Passing away only days after the
release of his new album Blackstar on
January 10th 2016. His legend
remains strong with 26 songs in the
Top 2000. His most popular song
Heroes jumps from 34 to position 7.

2016

1980 2000

Song release year

Visit tinyurl.com/2016top2000 for the interactive visual and see the name & title of each song

8

2016’s most popular
The swinging new song from Justin
Timberlake, Can't stop the feeling, is
the highest newcoming song that
was released in 2016. It is part of the
soundtrack of the animated movie
Trolls.

Mag ik dan bij jou
Claudia de Breij 2011

Pokémon

Already inthe listin 2015 dueto a

social media campaign, nobody can
deny the impact that Pokémon had on
many people's daily lives in 2016.
Gotta catch ‘emall by Jason Paige rises
1434 spots to position 232!

But they're losing tracks
to the new Millenium

It makes sense that the Top 2000 will be more spread out for each new
edition, since there are more songs to choose from. However, if we
compare the distributions of the Top 2000 songs over 4 editions, we see

that, especially, the 90’s has been gaining a lot of popularity.
Even though all songs from the 90’s were out in the 2000 edition, only a
few songs from that decade were chosen. Whereas in the 2016 edition
the number of songs from the 90’s has risen significantly. This could be
due to a new generation who has grown up during the 90’s taking over
from those who voted in the early 2000’s (who apperantly didn't

appreciate the new music).

Data | Top 2000 list from Radio 2 | Top 40 info from Mediamarkt's Top 40
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French Gothic cathedrals face worshipers toward sunrise.

E4

Praying Toward the Sun ~ ©
_.,
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with the 1100s and 1200s. Each is positioned according
to the long axis of its cathedral. For example, see how
Notre-Dame de Paris faces worship 25° south of east. A
pattern is revealed: All cathedrals are oriented, or face
eastward. Most face worship toward the location of
sunrise, seen in yellow, on a certain day of the year.
Before building began, cathedral orientation was

chosen by marking the location of sunrise from
the construction site, often on a feast day

associated with the cathedral. Three outliers
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do not face a sunrise. Each was built on
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measured using OpenStreetMap.
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Hagakure, le regole di un samurai
«Si devono coltivare tre qualita interiori: pensare alle conseguenze». Sono le regole
Sushi style saggezza (chi), solidarieta (gin), coraggio dell'cHagakure, il codice dei samurai»

(yu). La saggezza consiste nel saper di Yamamoto Tsunetomo (Bur). Consigli

Orizzonti Mappe di Annachiara Sacchi conversare. La solidarieta nell'agire e massime buddiste: «Le grandi

Visual data

La visualizzazione analizza
I'evoluzione dell'assegnazione
dei premi Nobel, dal 1901

al 2012. Per clascun vincitore
(dallo studio sono escluse

le organizzazioni) si evidenziano:
anno di conseguimento

del Nobel, ambito del premio,

etia al momento dell'assegnazione,

genere. Per ciascun ambito
sono restituiti: livello

di istruzione, principali
universita di appartenenza

e citta di nascita dei vincitori.

di MARA GERGOLET

he cosa dice la geografia del Nobel?

Che mondo emerge, quale battaglia

dei sessi e di generazioni, quale pri-
mato (arroganza?) accademica trova la sua
giustificazione, se si mettono nel frullato-
re le etd, le citta d'origine, gli atenei di ap-
partenenza, il titolo di studio degli 864 No-
bel premiati dal 1901 a oggi? Guardi le cit-
13, in questo gioco che chiunque pud fare
con il grafico qui sopra, e leggi il declino
degli imperi. Quello della Vienna asburgi-
ca (4 Nobel fino agli anni 30, poi una serie
di geni quasi tutti emigrati in America). E

per gl altri. Il coraggio nel farsi avanti senza imprese non si compiono da sobri»,

[ riconoscimenti vengono consegnati il 10 dicembre,
anniversario della morte dell'ideatore del premio
Ecco l'origine, I'eta e gli studi dei vincitori, dal 1901 a oggi

Quanti (non) laureati al Nobel

Come
si legge?

Ogni punto rappresenta
un vincitore, posizionato
in relazione all'anno

di conseguimento

del Nobel (asse x)

e all'eta al momento
dell'assegnazione (asse y).
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ricordi che negli anni 20 ¢ 30, quando si
frequentavano alle feste Hemingway ¢
Scott Fitzgerald, Picasso ¢ Gertrude Stein,
Man Ray e Buiiuel, Parigi € stata un'irripe-
tibile e magica capitale del mondo. Ti ac-
corgi che Berlino e Monaco da vent'anni
non portano a casa un Nobel, quasi a dar
ragione in chi ormai vede nella Germania
una grande Svizzera, riassunta nella cele-
bre battuta di Orson Welles: «Cinque seco-
li di democrazia e di pace. E cosa hanno
inventato? L'orologio a cuct». Vedi che
New York nel dopoguerra ha staccato tutti
e che perd, con buona pace di Groucho
Marx («A New York praticamente tutti vo-
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gliono scrivere un libro, e lo fannos) e di
Philip Roth, le manca il quadratino giallo
del premio alla letteratura.

Si € geni precoci nella fisica (il Nobel
pil giovane: Lawrence Bragg, 25 anni).
Serve la sentenza del tempo per veder af-
fermata una teoria in economia: la catego-
ria (66 anni) e il Nobel (Leonid Hurwicz,
9o anni) pii2 vecchi. Gli studi, e l'eta, non
sono fondamentali a voler diventare scrit-
tori, o voler cambiare i destini del mondo
(le due categorie meno laureate). E ¢'é im-
placabile il grande baratro dei sessi, gia te-
orizzato dall’ex rettore di Harvard Lawren-
ce Summers che ci rimise il posto per la

rivolta femminile, quando sostenne che le
donne fossero meno portate per le scien-
ze. Sei premi in n2 edizioni tra chimica,
economia, fisica (due portati a casa da Ma-
rie Curie). Archiviato Summers, perché?

Gli autori

La visualizzazione e I'analisi

dei dati sono a cura di Accurat
(www.accurat.it), societa di
information design e consulenza
progettuale diretta da Giorgia Lupi,
Simone Quadri, Gabriele Rossi.

economia
medicina

o~y

("¢ la classifica delle universita. Dove do-
minano gli americani (in ordine, Harvard,
Mit, Stanford, Caltech, Columbia, I'intrusa
inglese Cambridge, Berkeley). A ben guar-
dare non I'America Ivy League dei campus
edoardiani e dei viali alberati di querce cen-
tenarie, ma quella verdissima delle palazzi-
ne funzionali e degli skateboard della
West coast. E allora, la geografia del genio
ricalca quella del predomino politico e cul-
turale? Non ¢'¢ dubbio. Perd, benedetti gli
«irregolari» della letteratura o del Nobel
per la pace! C'é pur sempre lo scarto della
fantasia, o dell'ossessione e della tenacia.
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FIGURATIVE MAP of the successive losses in men of the French Army in the RUSSIAN CAMPAIGN OF 1812-1813

Drawn by Mr. Minard, Inspector General of Bridges and Roads in retirement. Paris, 20 November 1869. The numbers of mnen present are represented by the widths of the colored zones in a rate of one millimeter for ten thousand

mer; these are also written beside the zones. Red designates men inoving into Russia, black those on retreat. — The informations used for drawing the map were taken from the works of Messrs. Chiers, de Segur, de Fezensac, de “,
0
Chambray and the unpublished diary of Jacob, pharmacist of the Ariny since 28 October. In order to facilitate the judgement of the eye regarding the diminution of the army, I supposed that the troops under Prince Jerome and \@
under Marshal Davoust, who were sent to Minsk and Mobilow and who rejoined near Orscha and Witebsk, had always marched with the army. 5 ?\A
N =,
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by Jacob Olsufka

Purpose? 2017 PITCHER HEATMAPS

How to read this heatmap visual: each column is a start, each row is an inning

Runs per game A. F JUSTIN VERLANDER

The bars across the top shows a pitcher's trend of total runs allowed over the season.

A dot represents a quality start (>= 6 innings, <= 3 ER). : f 15-8 3.36 ERA 1.17 WHIP 219 SO 23 QS

Verlander had a QS in 13 of his final 14
starts

Depth into game
Follow the depth of the bars across the bottom to see the trend of how far into a game a pitcher goes.

Runs per inning
See which innings pitchers gave up the most total runs with the bars to the right.

Individual innings
The heatmap shows each inning during a pitcher's season, and when they gave up their runs colored by
intensity.

Data encodings, decodings?

INDICATES LEAGUE
TRADER

O 0 N N A W N -

THE CY YOUNGS

Comparison or change?

MAX SCHERZER @ COREY KLUBER

1 <&
Narratlve? 2\ / 16-6 2.51 ERA 0.90 WHIP 268 SO 22 QS 18-4 2.25 ERA 0.87 WHIP 265 SO 22 QS

Scherzer led the league with a .178 batting avg against From June on, Kluber had a 1.62 ERA and 0.76
WHIP

Color, coherency? E_Em = -

_l. |
H i er ar Chy, laye ring b ) layo ut ? Kluber led the league with 5 complete games

THE 'MAYBE COULD HAVE WON' THE CY YOUNGS

00 N N W A W N -

O 0 NN AR W N -

=]

Credibility, transparency?

g CLAYTON KERSHAW \é CHRIS S A I E Sale had the most Ks in the AL since 1999
y 18-4 2.31 ERA 0.95 WHIP 202 SO 20 QS \ A 17-8 2.90 ERA 0.97 WHIP 308 SO 23 QS

Kershaw left with a back injury

. .
. . . o .
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