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The plan

Motivations, goals, game rules

Some history

The role of perception

Getting started with R, RStudio and ggplot2
More on what to show

Focus

Epistemic problems

Technical and mathematical problems
Statistical learning and probabilistic thinking
Statistical and analytical blunders

Basics of Bayesian thinking

Linear models

Causality and variable selection



Motivations

@ It's too easy to generate tables and visualisation.

@ This makes communication harder!



Motivations

@ It's too easy to generate tables and visualisation.

@ This makes communication harder!

Bad graphs everywhere!
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Lack of background

@ We learn some math at school.

@ We learn some arts at school.



Lack of background

@ We learn some math at school.
@ We learn some arts at school.

Problem

We never learn to put them together, and think they're opposite.




Some examples
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Cole Nussbaum [4]



Some examples
Please approve the hire of 2 FTEs

to backfill those who quit in the past year

Ticket volume over time

2 300 - 2 employees quit in May. We nearly kept up with incoming velume
% in the following two months, but fell behind with the increase in Aug
= and haven't been able to catch up since.
5 250 4
o2 202
E 20 - 177 .
= Received
150 4
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140
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104
50 4
0
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2014

Data source: XYZ Dashboard, as of 12/31/2014 | A detailed analysis on tickets processed per person
and time to resolve issues was undertaken to inform this request and can be provided if needed.

Cole Nussbaum [4]



Some examples

Survey Results

PRE: How do you feel POST: How do you feel
about doing science? about doing science?

wBored ®Not great ®OK ®Kind of interested ™ Excited ®mBored ®MNot great m OK mKind of interested ™ Excited

5% 6%

Cole Nussbaum [5]
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Some examples

Pilot program was a success

How do you feel about science?

BEFORE program, the
majority of children felt

just OK about science. AFTER

program,
more children
were Kind of
interested &
Excited about
science.

1% 12%

Bored Not great oK Kind of Excited
interested
Based on survey of 100 students conducted before and after pilot program (100% response rate on both surveys).

Cole Nussbaum [5]
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Some examples

Average Retail Product Price per Year

il s a

Product A Product B Product C Product D Product E
w2008 w2009 «2010 w2011 «2012 w2013 «~2014
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$100
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Cole Nussbaum [6]
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Some examples

To be competitive, we recommend introducing our product below
the $223 average price point in the $150-$200 range

Retail price over time by product
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Cole Nussbaum [6]
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Goal

@ To understand psychological factors that guide various visualization
choices

@ To be able to properly analyze data yourself (at a decent level, or at
least to understand some of the complexities involved)

@ To be able to visualize your data insights so that they clearly convey
your message

@ To be able to work in R, a statistical programming language



Rules: final grade

Final test: 60 points (optional)

@ multiple choice with penalty points

Project: 60 points (optional)
@ two-three pages of meaningful text with at least two visualizations, bonus points
for animations
@ everything prepared in R markdown
@ feedback loop: idea -> draft -> feedback -> revisions -> 2 -> r2

Tutorial performance: 60 points (optional)

@ If you complete a free-fall exercise without much help, show us, get some points!
v

Final grade
As if out of 100.




Contact

Updates - only here!
https://rfl-urbaniak.github.io/teaching/

Contact - only here!

rfl.urbaniak+teaching@gmail.com
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Sources

Texts in Seatistical Science

Statistical
Rethinking

A Bayesian Course with
Examples in R and Stan
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Precursors

Spanish Relacién, 1638
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Precursors

Womb, 106,

The Daily Courant.
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Precursors

Joseph Priestley (1733-1804)
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Precursors

William Playfair (1759-1823)
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Precursors

Mr. BLIGHT's HOUSE. |

A murder case coverage in The Times, 1806



Precursors

William Mitchell Gillespie (1816-1868)
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XIXth century explosion

Reasons
@ modern nation-states with increased interest in collecting economic

and demographic data
@ descriptive statistical methods used before in physical sciences began
to be used in social sciences (e.g. Adolphe Quelet, Francis Galton)
@ dawn of new sciences, such as epidemiology




Florence Nigthingale (1820-1910) and the Crimean war
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John Snown (1813-1858) and cholera in London
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Modern dark ages in statistics
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The pictorial turn in newspapers

Newspapers became a prime site where visual art and popular forces met
and made their peace, and news contributed to the fullness of modernism
as it arrived in the twentieth century [...] During the century, the news-
papers in the study shifted from the abundant complexity of the Victorian
era to the fixed simplicity of modernism. They adopted all the specific
forms commentators identified with the modern style: fewer columns, promi-
nent illustrations, horizontal layout, and simplified headline typography.
(Barnhurst & Nerone 2001)



Yellow kid journalism (1895-1898)

Say what?

Sensational journalism in the circulation war between Joseph Pulitzer's
New York World and William Randolph Hearst's New York Journal
(Pulitzer tried to be more content-based but circulation shrank)

Yellow Kid, New York World and New York Journal y




Yellow kid journalism (1895-1898)
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Viennese Museum for Society and the Economy (1924)

Facts for the uneducated
United States and Great Britain in the World
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Viennese Museum for Society and the Economy (1924)

Facts for the uneducated

United States and Greol Britain in the World
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ISOTYPE, universal visual language by Neurath, Arntz and Reidemeister

The “Bible”

Pictographs and Graphs: How to Make and Use Them, Modley &

Lowenstein, 1952
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ISOTYPE

A page from Fortune, 1929
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Birth of USA Today (1982)

A revolutionary weather map
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Birth of USA Today (1982)

its success expanded the use of graphics in print publications
tilted the stylistic balance towards the pictorial and lighthearted
art training, no quantitative expertise

in 1984 60% of 156 newspapers reported an increased use of news graphics, and
an additional 22% said that they had just incorporated them into their pages

USATODAY Snapshots®

Attention-grabbing examples 33/ 241



What's the problem?

Nearly all those who produce graphics for mass publication are
trained exclusively in the fine arts and have had little experience
with the analysis of data [...] lllustrators too often see their
work as a exclusively artistic enterprise—the words "creative”,
"concept”, and "style" combine regularly in all possible permu-
tations, a Big Think jargon for the small task of constructing
a time-series a few data points long. Those who get ahead are
those who beautify data, never mind statistical integrity.
[Edward Tufte 1983]



Nigel Holmes

() *Wot aciusted for inflation

Nigel Holmes at Time (1978-1994)
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Nigel Holmes

As long as the artist understands that the primary function is to
convey statistics and respect that duty, then you can have fun
(or be serious) with the image: that is, the form in which those
statistics appear. Boredom is as much a threat in visual design
as it is elsewhere in art and communication. The mind and eye
demand stimulation and surprise.



Jan V. White

Hereare  fewr
liveliness of statistics shown n

White's textbook on visualization, 1984
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Jan V. White

To make dry statistics more evocative of their subject, it is often
wiser to concentrate the illustrative effort on the background
against which the bars are to be seen rather than on the bars
themselves, [... ] transforming the bars into pictorially descriptive
symbols such as chimneys or stacks or coins, or rows of people
is, clearly, also acceptable [...] The material of which they are
made can be manipulated as the situation demands. For instance,
if the bars are too long to fit into a given space, why not fold
them back? You can break them, roll them back and even squash
them.

(Jan. V. White, 1984)



Jan V. White

White's textbook on visualization, 1984
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Computer-age graphics

George Rorick, hand-made visualisation, 11 a.m. to 6 p.m.



Computer-age graphics

George Rorick, hand-made visualisation, 11 a.m. to 6 p.m



Computer-age graphics

o Apple, 1984
@ PostScript & Adobe lllustrator, 1987 (raster vs. vector files)
@ Adobe Photoshop, 1989

We went from some very nice illustrated graphics to some very
poor computer-generated graphics, but that was the limitations
of the technology, and it took about at least five years, maybe
more, before we started to see the computer graphics start to rise
up in quality.

John Grimwade (check out his website!)



Backlash against chartoons

Tukey 1977, Bertin 1967

John W.Tukey

EXPLORATORY DATA
ANALYSIS




Backlash against chartoons

Tufte 1983, 1990

The Visual Display
of Quantitative Information
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Backlash against chartoons

Sometimes decoration can help editorialize about the substance
of the graphic. But it is wrong to distort the data measures —the
ink locating values of numbers— in order to make an editorial
comment or fit a decorative scheme.

(Tufte 1983: 59)



Backlash against chartoons

If you belong to the school of people who believe that charts
should only present statistics in the most straightforward, plain
way, with no other visual help to the reader, for example, than
the bar of the bar chart, the line of the fever graph, the circle
of the pie chart, or the rules of the table, then move on to
another part of the book [...] Boredom is as much a threat in
visual design as it is elsewhere in art and communication. The
mind and eye demand stimulation and surprise [...] Even a
smile will encourage a reader to look into the statistics he or she
might not have thought of reading in a less embellished chart.
(Holmes 1984: 72)



Backlash against chartoons

Too many data presentations [...] seek to attract and divert
attention by means of display apparatus and ornament. Chartjunk
has come to corrupt all sorts of information exhibits and computer

interfaces (Tufte 1990: 33)



Backlash against chartoons
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Backlash against chartoons

Consider this unsavory exhibit at right —chockablock with cliché
and stereotype, coarse humor, and a content-empty third dimen-
sion. Is it the product of a visual sensitivity in which a thigh-graph
with a fishnet-stocking grid counts as Creative Concept. [...] Lurk-
ing behind chartjunk is contempt for both information and for
the audience. Chartjunk promoters imagine that numbers and
details are boring, dull, and tedious, requiring ornament to enliven.
Cosmetic decoration, which frequently distorts the data, will never
salvage an underlying lack of content. If the numbers are boring,
then you've got the wrong numbers. Credibility vanishes in clouds
of chartjunk; who would trust a chart that looks like a video game?
(Tufte 1990: 34).



Backlash against chartoons

Graphical competence demands three quite different skills: the
substantive, statistical, and artistic. Yet now [in the early 80s]
most graphical work, particularly at news publications, is under the
direction of but a single expertise —the artistic. Allowing artist-
illustrators to control the design and content of statistical graphics
is almost like allowing typographers to control the content, style,
and editing of prose.

(Tufte 1983: 87).



Recent developments



Recent developments

Geek takeover

@ more information density and more data

@ visualization desks more independent from arts departments

@ the 90s and early 2000s: illustration-driven explanations, sometimes
supplemented by small and straight-forward statistical graphs and
data maps

@ today, the balance has shifted to presentations that rely mainly on the
visual display of data, both quantitative and qualitative

@ often, no longer detached “graphics departments”. Data journalists,
nerd journalism!




Recent developments

Check out Malofiej awards (1992)
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Malofiej awards website




Recent developments

Example (“new era”, 3 min. in no time)

& SnowFall GEEEEED vorervx wwewwom wnorsen owowr  wmwwos | s neoms v EOE

=

Snowfall at NY Times
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Recent developments
Example (most popular piece in Times, 2013)

How Y’all, Youse and You Guys Talk

peal
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Thesa mans show your most Bistinctive answer for 65 of hese cites.

HousToN PR

How Y’all quiz, NYT
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For the tutorial

Complete the introductory instructions about github, bring a flash drive!



Lecture 2
The role of perception



Exploratory data visualisation

Look at the datal

@ understand and learn the structure
@ obtain insights to pursue




Exploratory data visualisation

Look at the data!

@ understand and learn the structure
@ obtain insights to pursue

Correlation coefficient = 0.82 Correlation coefficient = 0.82

75 . . o 75
so- so-
6 s 12 & 8 12
x1 x2
Correlation coefficient = 0.82 Correlation coefficient = 0.82
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§ 5 i 7s 160 its 130 s




Exploratory data visualisation

INcome and voter turnout

Jackman (1980)on Hewitt (1977). The original paper had argued for a
significant association between voter turnout and income inequality based
on a quantitative analysis of eighteen countries.

Income inequality*

e« South Africa

Turnout
Bivariate slope including South Africa (V= 18)
— — = Bivariate slope excluding South Africa (W = 17)

Jackman's illustration of outlier impact




Chartjunk?

Data-to-ink ratio

@ Graphical excellence is the well-designed presentation of interesting
data—a matter of substance, of statistics, and of design.

o [It] consists of complex ideas communicated with clarity, precision,
and efficiency.

o [It] is that which gives to the viewer the greatest number of ideas in
the shortest time with the least ink in the smallest space.

o [It] is nearly always multivariate. And graphical excellence requires
telling the truth about the data.
(Tufte 1983, 51)




Chartjunk?

Example of chartjunk
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Chartjunk?

MONSTROUS COSTS
Total House and Senate
campaign expenditures,
in millions

Holmes’s Monstrous costs are more readily recalled (Bateman et al. 2010)



In contrast
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Minard’s visualisation of Napoleon's retreat
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Golden middle?

E. W. Anderson et al. (2011) found that Tufte's (C) proved to be the most cognitively difficult for viewers to interpret



Bad data

Percentage of people who say it is “essential”to live in a democracy

Sweden Australia Netherlands United States New Zealand Britain
100%
75% —— N\— ‘
95%
0% confidence
intervals
25%
19305 19805 ‘30s ‘805 305 '80s 305 ‘805 305 ‘80s 305 ‘805
Decade of birth

“How Stable Are Democracies?" Warning Signs Are Flashing Red, The Times, 2016



Bad data

Percentage of people who say it is “essential"to live in a democracy

Sweden Australia Netherlands United States New Zealand Britain
100%
- % .
95%
50% confidence
intervals
25%
19305 1980s ‘305 ‘805 '30s ‘80s 30s ‘805 30s ‘805 '30s ‘80s
Decade of birth

“How Stable Are Democracies?" Warning Signs Are Flashing Red, The Times, 2016

@ cross-sectional rather than longitudinal (line graph suggests
otherwise)!

@ Seems like people were asked “is it essential to live in democracy”?



Bad data

Percentage of people who say it is “essential"to live in a democracy

Sweden Australia Netherlands United States New Zealand Britain
100%
- % .
95%
50% confidence
intervals
25%
19305 1980s ‘305 ‘805 '30s ‘80s 30s ‘805 30s ‘805 '30s ‘80s
Decade of birth

“How Stable Are Democracies?" Warning Signs Are Flashing Red, The Times, 2016

@ cross-sectional rather than longitudinal (line graph suggests
otherwise)!

@ Seems like people were asked “is it essential to live in democracy”?

@ In fact, 10-point scale, lines for those who gave 10s.



Bad data

Australia Netherlands Sweden Great Britain United States

TN =—— T BN

Average importance of democracy

r 1 T
30s 505 70s 90s 30s 50s 70s 90s 30s 50s 70s 90s 30s 50s 70s 90s 30s 50s 705 90s
Decade of birth

Erik Voeten: same data, mean responses



Bad perception

| i |

3D column charts in excel are awesome

IR
B o =

A default bar graph in Excel
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Bad perception

Type Bl A BB WC WD

2000

1500

Value

2016

2004 2007 2010 2013

Junk free, still hard to interpret
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Bad perception

4000
30001 40004
-4
3 3000
= 2000 1
= E
= 2000
10001 =
1000
0- T T T T T 0- T T T T T
0 2 4 6 3 0 4 6 8
X X

William S. Cleveland's example of the impact of the aspect ratio (no real convergence)



Perception and data visualisation
Edges

Make some thinks easier to see. Even if they're not there.

Hermann's grid effect (1870): blobs at intersections

v




Perception and data visualisation

Edges

Make some thinks easier to see. Even if they're not there.

Mach bands: where do you see more contrast?
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Perception and data visualisation

Edges

Make some thinks easier to see. Even if they're not there.

Mach bands: where do you see more contrast?
@ same shade of grey is perceived differently depending on background
e distinguishing shades of brightness is not uniform either (we better
distinguish dark shades)
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Perception and data visualisation

Attraction to edges

73/ 241



Perception and data visualisation

Attraction to edges

Adelson’s checkershadows




Perception and data visualisation

Attraction to edges

Adelson’s checkershadows

Not like magic trick!

After | explain, you still cannot stop seeing these.




Using colors

Three compontents

@ luminance (conventionally: brightness)
@ hue (conventionally: color)
@ chrominance/chroma (conventionally: intensity)

Sequential gryscale

Sequential blue to gy

Sequential terain

Diverging

Unordered hues

Luminance, Luminance + chroma, all, diverging with a neutral point, unordered




Using colors

Three compontents

@ luminance (conventionally: brightness)
@ hue (conventionally: color)
@ chrominance/chroma (conventionally: intensity)

Sequential gryscale

Sequential blue to gy

Sequential terain

Diverging

Unordered hues

Luminance, Luminance + chroma, all, diverging with a neutral point, unordered

Question

How to meaningfully map data to colors, avoiding blinding the color-blind,
and without introducing confusion?




Preattentive search



Preattentive

Color only, N=20

search

Color only, N =100

Shape only, =20

Shape only, N=100

Color & shape, # =100

Find the blue circles
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Preattentive search

Color only, N=20 Color only, N =100 Shape only, i =20 Shape only, N =100 Color & shape, # =100

Find the blue circles
@ shape and color are two distinct channels
@ pop-out on the color channel is stronger

@ dual channels slow people down



Looking for structure

Matérn

Poisson

L N B N

Which is more random?



Gestalt inferences
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Gestalt inferences

OO0 00O 00 OO0 00O 00
OO0 O (@]e) Q00 00 @0
OO0 00 00O OO0 00O 00O
oQoQd o oO
060 oo mee WO D'Oge
elule @) Ono oQd oLl
o O . © N ZX
o o a®
o ° ZAA&OO a0 M
o A

Proximity, similarity, connect

@ upper left: proximity > shape

ti

on, continuity, closure, figure an

d ground, common fate

o



Gestalt inferences
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Proximity, similarity, connection, continuity, closure, figure and ground, common fate
@ upper left: proximity > shape

@ upper right: color > shape, proximity



Gestalt inferences
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@ upper right: color > shape, proximity
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Gestalt inferences
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Proximity, similarity, connection, continuity, closure, figure and ground, common fate

upper left: proximity > shape

upper right: color > shape, proximity
middle: left (no clarity), right: connection > shape

connection /fate, left-to-right (note continuity)



Impact on graph decoding
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Cleveland & McGill, 1984, 1987, Heer & Bostock 2010



Impact on graph decoding
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Impact on graph decoding

@ we do best with relative position aligned on a common scale

@ when elements are not aligned but still share a scale, comparison is a
little harder

@ it is more difficult again to compare the lengths of lines without a
common baseline

@ we misjudge angles and areas

@ we're even worse with the change of slope



Re-thinking channels



Re-thinking channels

@ the channels has to be able to capture the values properly (e.g. avoid
gradient scale with categorical data?)



Re-thinking channels
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gradient scale with categorical data?)

@ try to choose the most effective channels (e.g. avoid encoding
numbers as areas)



Re-thinking channels

@ the channels has to be able to capture the values properly (e.g. avoid
gradient scale with categorical data?)

@ try to choose the most effective channels (e.g. avoid encoding
numbers as areas)

@ given a channel, error rate depends on minor choices (e.g. wrong
sequence of colors)



Clutter and gestalt

Signal-to-noise ratio

@ you're fighting for the viewer’s attention!
@ eliminate redundant cognitive load!
@ Remembering gestalt principles may help here




Proximity

. . . . s & 2 8 8 @
. . . .

s & & & & @&
» . . .
- . * * « s " 0 0
. . . .
- . ™ ™ ® & & & @

Separate by empty space to group, no need to draw anything more
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Similarity

Use similarity to capture additional grouping
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Enclosure

L] . 8 s s 8 »
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o * ACTUAL FORECAST

Enclosure is even stronger, use sparingly



Closure

Often borders and

backgrounds are unnecessary



Continuity

CIN

[ Jeo

m O O @ »

Avoid lines which can be obtained by continuity



Lack of visual order

Demonstrating effectiveness is most important consideration when
selecting a provider

In general, what attributes are the most important

to you in selecting a service provider? Survey shows that

(Choose up to 3) demonstration of results is
" ~ thesingle most important
Demonstration of results | dimension when choosing a
Content expertise | service provider.

Local knowledge
National repn(ali:n } Affordability and experience
working together previously,
Affordability of services | which were hypothesized to
Previous work together | be very important in the

Colleague recommendation | deiz‘%";g&"g?egﬁgiss'

A ge ud g ¢'° frequently as important
$ g g meentyasing
attributes.
% selecting given attribute
Data source: xyz; includes N number of survey respondents. Note that
respondents were able to choose up to 3 options.

No channels used to introduce order



Lack of visual order

Demonstrating effectiveness is most important consideration
when selecting a provider

In general, what attributes are the most important
to you in selecting a service provider?
(Choose up to 3) % selecting given attribute
0%  20% 40%  60%  80%
Demonstration of results Survey shows that demonstration
of results is the single most

Content expertise _ important dimension when
ondent

Local knowledge choosing a service provider.

Naticnal reputation Affordability and experience
working together previously,

which were hypothesized to be

very important in the decision

making process, were both cited

less frequently as important attributes.

Affordability of services
Previous work together

Colleague recommendation

N nurmiber of sur
able o choos

Ordered by various channels



Lack of visual order

Demonstrating effectiveness is most important consideration
when selecting a provider

In general, what attributes are the most important
to you in selecting a service provider?

(Choose up to 3)

Demonsiration of results
Content expertise

Local knowledge
Naticnal reputation
Affordability of services

Previous work together

Colleague recommendation

% selecting given attribute

20% 40% 60%

@ notice left-to-right, top-to-bottom

Survey shows that demonstration
of results is the single most
important dimension when
choosing a service provider.

Affordability and experience
working together previously,

which were hypothesized to be

very important in the decision

making process, were both cited

less frequently as important attributes.

Ordered by various channels



Lack of visual order

Demonstrating effectiveness is most important consideration
when selecting a provider

In general, what attributes are the most important

ch

p to 3)

Demonsiration of results
Content expertise

Local knowledge
Naticnal reputation
Affordability of services
Previous work together

Colleague recommendation

to you in selecting a service provider?

selecting given attribute
20% 40% 60%

@ notice left-to-right, top-to-bottom

Survey shows that demonstration
of results is the single most
important dimension when
choosing a service provider.

Affordability and experience
working together previously,

which were hypothesized to be

very important in the decision

making process, were both cited

less frequently as important attributes.

Ordered by various channels

@ notice how dropping diagonal elements improves clarity



Lack of visual order

Demonstrating effectiveness is most important consideration
when selecting a provider

In general, what attributes are the most important
to you in selecting a service provider?

ting given attribute
40 ) 80%

Demonstration of results [ MM  survey shows that demonstration

Content expertise of results is the single most
P important dimension when

Local knowledge choosing a service provider.
Naticnal reputation Affordability and experience
I ) working together previously,
Affordability of services - which were hypothesized to be
Previous work together - very_lmpmlam inthe declsmr}
making process, were both cited
Colleague recommendation less frequently as important attributes.

Ordered by various channels
@ notice left-to-right, top-to-bottom
@ notice how dropping diagonal elements improves clarity

@ Same applies to text: the reading of rotated text 45 degrees is 52%
slower (text rotated 90 degrees in either direction is 205% slower).



White space

Never add data just for the sake of adding data
Only add data with a thoughtful and specific purpose in mind!




Contrast

It's easy to spot a hawk in a sky full of pigeons, but as the variety of birds
increases, that hawk becomes harder and harder to pick out.
(Colin Ware, Information Visualization: Perception for Design, 2004)




Contrast

It's easy to spot a hawk in a sky full of pigeons, but as the variety of birds
increases, that hawk becomes harder and harder to pick out.
(Colin Ware, Information Visualization: Perception for Design, 2004)

Weighted Performance Index

1.50
1.00
*
0.50 * X
0.00 . X . +
*

(0.50) * .

*

ps
(1.00)
(1.50) Selection Convenience Service Relationship Price

¢ Our Business 4 Competitor A~ Competitor B # Competitor C » Competitor D ® Competitor E

What's the lesson here?




Contrast

It's easy to spot a hawk in a sky full of pigeons, but as the variety of birds

increases, that hawk becomes harder and harder to pick out.
(Colin Ware, Information Visualization: Perception for Design, 2004)
Performance overview

EOur business Weighted performance index | relative rank
M Competitor A 10f6
m Competitor B Price
m Competitor C
H Competitor D
m Competitor E 2oe

Convenience

4 of 6
Relationship -
6 of 6
senee ;

6of6
Selection h

Better?
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Decluttering: a case study

300.00

250.00

200.00 A 7o

150.00 -
100.00
50.00
0.00 N . N N
,D(\ \‘?(\ & Q® \‘\rs.\ 0(@ s\}‘\ & & & F
RSO 3 & & & & ¢
¥ ¢@ G_PQ I F
=¢= Ticket Volume Received == Ticket Volume Processed

Initial visualization
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Decluttering: a case study
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== Ticket Volume Processed

Chart borders were redundant



Decluttering: a case study
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Grid lines only if specific values are essential



Decluttering: a case study
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Data markers add no content



Decluttering: a case study

300
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100

50 1

0
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=== Ticket Volume Received === Ticket Volume Processed

Clean up axis labels



Decluttering: a case study

300
2504

200 .
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150
Processed
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Label data directly



Decluttering: a case study
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Leverage consistent colors



Decluttering: a case study
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Getting started with R, RStudio and ggplot2



More on what to show



Importance of context

Exploratory visualisation

@ Not much care to the fine details
@ Multiple visualizations for yourself before you find the pearl




Importance of context

Exploratory visualisation

@ Not much care to the fine details
@ Multiple visualizations for yourself before you find the pearl

Explanatory visualisation

@ Don't show them everything!
@ Focus on key messages and polish their presentation




Who, what, how

Who are you addressing?
@ Find common ground, identify how much you can assume
@ Communicating to too many disparate audiences you will fail
@ Do they think you know what you're doing, or do you have to
convince them?




Who, what, how

What do you want them to learn?

@ First, three-minute story: before producing a graph, come up with a
short elevator pitch for what you want to convey




Who, what, how

What do you want them to learn?

@ First, three-minute story: before producing a graph, come up with a
short elevator pitch for what you want to convey

o Next: a big picture statement: articulate your unique point of view,
convey what's at stake, make it a complete sentence




Who, what, how

What do you want them to learn?

@ First, three-minute story: before producing a graph, come up with a
short elevator pitch for what you want to convey

o Next: a big picture statement: articulate your unique point of view,
convey what's at stake, make it a complete sentence

@ Only then, prepare the visualization, keeping these in mind




Who, what, how

How will you communicate?

@ Live presentation?
o Written text?
@ just the visualization?




Who, what, how

How will you communicate?

@ Live presentation?

o Written text?

@ just the visualization?

@ The less control you have, the more details you need!




Who, what, how

How will you communicate?

@ Live presentation?

o Written text?

@ just the visualization?

@ The less control you have, the more details you need!

If talking

Know your stuff and practice, practice, practice! Never read!




Choosing the visual

Embarassment of riches

Out of hundreds of methods, only 10-20 are really good.
The rest is fluff.




Choosing the visual

91%

Simple text

A B
Category 1 | 15% | 22%
Category 2 | 40% | 36%
Category 3 | 35% | 17%
Category 4 | 30% | 29%
Category 5 | 55% | 30%
Category 6 | 11% | 25%

Table

A B

Category 1 | 16% | 22% |REE

Category 2 [RORECD)
Category 3 Rl 17%

Category 4
Category 5
Category 6

25%

Heatmap

C
42%
20%
34%
26%
58%
49%

c

20%

26

Scatterplot

Line

Slopegraph

Key display methods
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Choosing the visual

il

Vertical bar Horizontal bar

TH |

Stacked vertical bar Stacked horizontal bar

Waterfall Square area

109/ 241

Kev dienlav methade



Simple text

Key strategy

e Focus on the number(s)
@ Perhaps add a few supporting words
@ Messing with more you will lose the oomph




Simple text

Children with a
"Traditional" Stay-at-
Home Mother

% of children with a married

stay-at-home mother with a

working husband @ Lots of space lost on

graphing two data points

41

@ Lot of detailed commentary
that can be said, moved to a
footnote or the figure
description

@ What do you think about
“The number of children

1970 2012 . o
having a traditional
Note: Based on children younger than 18. stay-at-home mom decreased
Their mothers are categorized based on more than 50% between
employment status in 1970 and 2012. 1970 and 2012"?

Source: Pew Research Center analysis of
March Current Population Surveys
Integrated Public Use Microdata Series
(IPUMS-CPS), 1971 and 2013

Adapted from PEW RESEARCH CENTER

Stay-at-home moms (original)



Simple text

0%

of children had a
traditional stay-at-home mom
in 2012, compared to 41% in 1970

Stay-at-home moms, remade
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Tables

Good for

@ communicating to a mixed audience whose members might be
interested in different rows
@ multiple different units of measurement




Tables

Good for

@ communicating to a mixed audience whose members might be
interested in different rows
@ multiple different units of measurement

Bad for

o Live presentation
@ A more narrative take




Tables

Key rule

Let the data get the attention

Heavy borders

Group |Metric A |Metric B |Metric C
Group 1] $X.X Y% 2,277
Group 2] $X.X Y% Z,2Z7
Group 3] $X.X Y% 2,722
Group 4] $X.X Y% 2,227
Group 5 $X.X Y% Z,7ZZ

Light borders

Group 1
Group 2
Group 3
Group 4
Group 5

$X.X
$X.X
$X.X
$X.X
$X.X

2,722
ZZZZ
2,727
2,722
ZZZZ

Minimal borders

Group Metric A Metric B Metric G
Group 1 $X.X Y% 2,777
Group 2 $X.X Y% 777
Group 3 $X.X Y% Z7ZZ
Group 4 $X.X Y% 2,727
Group5 $X.X Y% 777

Avoid heavy borders




Heatmap

Table

Category 1
Category 2
Category 3
Category 4
Category 5
Category 6

A
15%
40%
35%
30%
55%
1%

B
22%
36%
17%
29%
30%
25%

o]
42%
20%
34%
26%
58%
49%

Heatmap
LOW-HIGH

A B C
Category1 15%  22% [EEEH

Category 4 26%

Category 5

Category 6 117- 25%

49

Leverage color saturation to convey relative magnitude
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Scatterplot

Cost per mile by miles driven

$3.00 -

$2.50 - ®

Cost per mile

$2.00 - o0 °

$1.50 - AVG @

o“z.:. o ..o

$1.00 + L N

$0.50 -

$0.00 T T T 1
0 1,000 2,000 3,000 4,000

Miles driven per month

Original scatterplot
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Scatterplot

Cost per mile by miles driven

$3.00 -

$2.50 - ®

Cost per mile

©
S
o
o

|
.l
[ ]

%

R T ——— AVG @ ---—----——=--

$1.00

$0.50 -

$000 T T T 1
0 1,000 2,000 3,000 4,000

Miles driven per month

Use colors and a line to make a point
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Line graph

Single series Two series Multiple series
8 8 8
7 A 7 A 7 A
6 6 B 6 B
5 5 5 [
4 4 4
3 3 3 D
2 2 2
1 1 1
0 0 0

Jan Feb Mar Apr May Jan Feb Mar Apr May Jan Feb Mar Apr May

Single or multiple series with color for emphasis, note consistent intervals
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Line graph

Passport control wait time

Past 13 months

Wait time (minutes)

=S
o

30
25

20

MAX

AVG

MIN

21

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

2014

2015

If showing a summary with a range, be clear about what you're showing
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Slopegraph

Employee feedback over time
96%
Survey category | Percent favorable 91%

Peers 85%
Culture 80%
Work environment 76% @=————————— 75%,

62%
Leadership 59% -

Career development 49%

45%

Rewards & recognition 41% 42%

Perf management 33% 33%
2014 2015

Survey year

Use for two time periods or paired sets of for comparison

120

241



Slopegraph

Employee feedback over time
96%
Survey category | Percent favorable 919

Peers 85%
Culture 80%
Work environment  76% @=———————g 75%,

62%
Leadership 59% "

Career development 49%

45%

Rewards & recognition 41% 42%

Perf management 33% 33%
2014 2015

Survey year

Use color for emphasis

241



Barplots for categorical data

IF BUSH TAX CUTS EXPIRE

B:01p ET
rnv\‘ TOP STORIES [ TECHNOLOGY

TICE DEPARTME

1300868 -~ 654.33 S&P 131932 5.98

Lack of zero baseline leads to false visual comparison (Fox News)



Barplots for categorical data

IF BUSH TAX CUTS EXPIRE

The visual increase is 460%, the actual increase is 13%, lie ratio of 35.38

35 —34=1
39.6 — 34 = 5.6
5.6 —1=4.6
4.6/1=4.6

(39.6 — 35)/35 = .13



Barplots for categorical data

IF BUSH TAX CUTS EXPIRE

TOP TAX RATE
42%
39.6% 40%
38%
O,

35% 36%
34%

NOW JAN. 1, 2013

IF BUSH TAX CUTS EXPIRE
TOP TAX RATE

40%

30%

20%

10%

0%
NOW JAN. 1,2013

Note y axis moved to the left, labels pulled inside

124/
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Barplots for categorical data

Too thin Too thick Just right
8 8 8
7 7 7
6 6 6
5 5 5
4 4 4
3 3 3
2 2 2
1 1 1
0 0 0
A B C D E A B C D E A B C D E

Balancing the width
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Vertical bar chart

Single series Two series Multiple series
8 8 8

7 7 7

6 6 6

5 5°a 5 A

4 4 mB M E

3 3 3

2 I I I 2 . 2 t:

1 1 1

0 0 0

Cat 1 Cat 2 Cat 3 Cat 4 Cats Cat 1 Cat2Cat3 Cat4 Cats Cat1Cat2Cat3Cat4 Cat5s

Adding series becomes messy; if you really do this, use color for emphasis

126/ 241



Stacked bar chart

Comparing these is easy
20

[]

i .
mEEEB

5

Cat1 Cat2 Cat3 Cat4 Cath

R

Comparing these is hard

20

15

10

Cat1

_ []
il

Cat2 Cat3 Cat4 Cath

Only if you really care about the total

127/ 241



Waterfall chart

2014 Headcount math

Though more employees transferred out of the team than transferred in,
aggressive hiring means overall headcount (HC) increased 16% over the course of the year.

-12
+30 [ —10
1/1/2014 Hires Transfers In | Transfers Out Exits 12/31/2014
Beginning HC Additions Deductions Ending HC

If you want to focus on intermediate changes
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Horizontal barplot

Single series

Gategory 1
Category 2
Category 3
Category 4
Category 5

Two series
012345678

Category 1 -B A

Category 2 -

Category 3 -

Category 4 —

Category 5 ‘

Multiple series
012345678
Category 1 A
Category 2
Category 3
Category 4
Category 5

|

Easy to read if category names are longer
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Area graph

Interview breakdown

Qut of every 100
phone screens...

we bring 25
candidates onsite
for interviews...

and
extend 9 offers.

Avoid, unless you visualize vastly different numbers
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Pie charts are evil

Supplier Market Share

m Supplier A
m Supplier B
Supplier C
Supplier D

Which supplier is the largest? What's your percentage estimate?



Pie charts are evil

Supplier Market Share

W Supplier A
B Supplier B
Supplier C

Supplier D

Now with labels



Pie charts are evil

Supplier Market Share

B Supplier A
B Supplier B
Supplier C
Supplier D

Now with labels
What's wrong?

@ Don't use 3D!
@ Even without 3D, we're bad with angles!
@ If you need the labels to avoid confusion, the visualization failed




Pie charts are evil

Supplier Market Share

m Supplier A
u Supplier B

Supplier C
= Supplier D

Supplier Market Share

Supplier C -

Total 100%

What to do instead
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Don't use 3D

Number of issues

4
3.5+
3
2.5 1
2
1.5 1
1 4
0.5 -
0 r T T T . 1
Jan Feb Mar Apr May Jun

What are the actual values?
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Don't use secondary y-axis

= Revenue =¢= Size of Salesforce

T $1.2 - 120 *
S =k
= i L w
s $1.0 100 &
2 $0.8 - -80 m
S 3
2 $0.6 - -60 2
. 3
$0.4 - 40 @
$0.2 - - 20
$0.0 - -0

This is hard to read without confusion

136/ 241



Don't use secondary y-axis

# of Sales g g 1207

12 111 o Q0
Employees 105 _gue o 109 110 1_10 » _E 100

=== ® 5

91 = E gp/

82 m
60 -

Revenue

(Millions) $1.0

$0.8

$0.6 1

$0.4 -

$0.2 4 I

$0.0 :

at| a2 as|as] a1 a2] as] as
2013 2014

Revenue (Millions)

Label directly or pull apart using the same x-axis; note you imply a connection!
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Leverage focus



ve attributes

/56395068473
658663037576
860372658602
846589107830



Preattentive attributes

3

303



NERRN
/1]

Orientation

Size

Hue

Preattentive attributes

o]
NRRRN

Shape

Curvature

*® o 0 0 0 0
* ® e 00

¢ e 0 0 00

Intensity

Line length

[+
LT

Added marks

] * e o 0

Spatial position

Line width

T
JIiRNR

Enclosure

G

Motion

Various preattentive attributes

1

A1

241



Preattentive attributes in text

No preattentive attributes

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
account manager even called to check in after
normal business hours.

You have a great company — keep up the good work!

Color

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
account manager even called to check in after
normal business hours.

You have a great company — keep up the good work!

Bold

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
account manager even called to check in after
normal business hours.

You have a great company — keep up the good work!

ltalics

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
account manager even called to check in after
normal business hours.

You have a great company — keep up the good work!

Notice the difference in grade of attention

142/ 241



Preattentive attributes in text

Size
What are we doing well? Great Products. These

products are the best in their class. Replacement
parts are shipped when needed. You sent gaskets

without me having to

aSk Problems are resolved promptly. Bev in the
billing office was quick to resolve a billing issue |
had. General customer service exceeds
expectations. The account manager even called to
check in after normal business hours. You have a
great company — keep up the good work!

Outline (enclosure)

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
[account manager even called to check injafter
normal business hours.

You have a great company — keep up the good work!

Separate spatially

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask.

Problems are resolved promptly.

Bev in the billing office was quick to resolve a billing
issue | had. General customer service exceeds
expectations. The account manager even called to
check in after normal business hours. You have a
great company — keep up the good work!

Underline (added marks)

What are we doing well? Great Products. These
products are clearly the best in their class.
Replacement parts are shipped when needed. You
sent me gaskets without me having to ask. Problems
are resolved promptly. Bev in the billing office was
quick to resolve a billing issue | had. General
customer service exceeds expectations. The
account manager even called to check in after
normal business hours.

You have a great company — keep up the good work!

Notice the difference in grade of attention
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Preattentive attributes in text

What are we doing well?

Themes & example comments

Great products: "These products are clearly the best in class."

Replacement parts are shipped when needed:
"You sent me gaskets without me having to ask, and | really
needed them, too!"

Problems are resolved promptly: "Bev in the billing office was
quick to resolve a billing issue | had."

General customer service exceeds expectations:
"The account manager even called after normal business hours.
You have a great company - keep up the good work!"

Create visual hierarchy
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Preattentive attributes in graphs

Top 10 design concerns
concerns per 1,000

Engine power is less than expected 12.9

Tires make excessive noise while driving
Engine makes abnormal/excessive noise
Seat material concerns

Excessive wind noise

Hesitation or delay when shifting Lt}
Bluetooth system has poor sound quality
Steering system/wheel has too much play 8.8

Bluetooth system is difficult to use

I!I -
o

Y

“H2R=

oo in

w

Front seat audio/entertainment/navigation controls 8.2

Original graph



Preattentive attributes in graphs

7 of the top 10 design concerns have 10 or more concerns per 1,000.
Discussion: is this an acceptable default rate?

Top 10 design concerns

concerns per 1,000

Engine power is less than expected
Tires make excessive noise while driving

Engine makes abnormal/excessive noise m
Seat material concerns m
Excessive wind noise m
Hesitation or delay when shifting _
100
B8]

Bluetooth system has poor sound quality

Bluetooth system is difficult to use | N RN BRINEE)
Front seat audio/entertainment/navigation controls _

10.3
Steering system/wheel has too much play 8.8
8.2

Show information with color



Preattentive attributes in graphs

Of the top design concerns, three are noise-related.

Top 10 design concerns
concerns per 1,000
Engine power is less than expected Comments indicate that
noisy tire issues are

Tires make excessive noise while driving most apparent in the rain.
Engine makes abnormal/excessive noise

Complaints about engine

Seat material concerns noise commonly cited
after the car had not
Excessive wind noise 11.0 been driven for a while.

Hesitation or delay when shifting Excessive wind noise is

Bluetooth system has poor sound quality noted primarily in freeway
driving at high speeds.
Steering system/wheel has too much play
Bluetooth system is difficult to use

Front seat audio/entertainment/navigation controls

Even more focus with a hierarchy



Preattentive attributes in graphs

Country Level Sales Rank Top 5 Drugs

Rainbow distribution in color indicates sales rank in
given country from #1 (red) to #10 or higher (dark purple)

Top 5 drugs: country-level sales rank
ran< IENIPENEN ¢ 5

COUNTRY | DRUG

B D

Australia --n 6 7
Brazil 4 5 6
6 12 8

China 8 4 7

France | 2 e 8 10
Germany . - N 5 4
india - [N ¢ 10 5
Italy 4 10 9 8

Mexico 5 4 s 1HEN

Russia 7 9 12

Spain 4 5 11
Turkey 4 8
United Kingdom 6 7
United States 4 5

Use colors sparingly, after exploratory analysis



Preattentive attributes in graphs

A simple test

@ Create your visual
@ Close your eyes or look away
o Look back at it: where are your eyes drawn first?




Preattentive attributes in graphs

Things to pay attention to
@ use colors consistently: change in colors suggests change in meaning!
@ 8% of men and .5% of women are colorblind (no shades of red/ no

shades of green)
@ use vischeck.com to simulate what a colorblind person would see



vischeck.com

Epistemic problems in data analysis



Key epistemic problems

Epistemology

The branch of philosophy that deals with the nature, origin, and scope of
our knowledge.




Key epistemic problems

Epistemology
The branch of philosophy that deals with the nature, origin, and scope of
our knowledge. )

The usual epistemic flaws
@ Assuming that the data we are using is a perfect reflection of reality
@ Forming conclusions about the future based on historical data only
@ Seeking to use data to verify a previously held belief rather than to
test it to see whether it's actually false )




Why care?

Car driving

We don't need to know how the car works to drive it!




Why care?

Car driving

We don't need to know how the car works to drive it!

Data analysis
This is more like cooking, you need to know what goes it and how it's
combined!




Data-reality gap

Examples

@ It's not crime, it's reported crime.

@ It's not the outer diameter of a mechanical part, it's the measured
outer diameter.

@ It's not how the public feels about a topic, it's how people who
responded to the survey are willing to say they feel.




Meteorites

The Meteological Society provides data for 34,513 meteorites that struck
the surface of the earth between 2500 BCE and 2012.

EVERY RECORDED METEORITE IMPACT ON EARTH FROM 2,500 BCE TO 2012 Where have they fallen?

Meteors landing (map by Ramon Martinez)


https://www.lpi.usra.edu/meteor/metbull.php
https://public.tableau.com/profile/ramon.martinez#!/vizhome/meteorite_fall_on_%20earth/Meteoritefallonearthvisualized

Meteorites

EVERY RECORDED METEORITE IMPACT ON EARTH FROM 2,500 BCE TO 2012 Where have they fallen?

Meteors landing (map by Ramon Martinez)

Question

Why this doesn't tell us where meteorites are more likely to strike the
Earth?



https://public.tableau.com/profile/ramon.martinez#!/vizhome/meteorite_fall_on_%20earth/Meteoritefallonearthvisualized

Meteorites

EVERY RECORDED METEORITE IMPACT ON EARTH FROM 2,500 BCE TO 2012 Where have they fallen?

Meteors landing (map by Ramon Martinez)

Question

Why this doesn't tell us where meteorites are more likely to strike the
Earth?

Answer

It tells us where meteorites are more likely to have fallen (in the past), and
were observed by someone who reported it to someone who recorded it
faithfully.



https://public.tableau.com/profile/ramon.martinez#!/vizhome/meteorite_fall_on_%20earth/Meteoritefallonearthvisualized

Meteors

Meteorite Falls by Year

4,000
2.5008CE-The The year with the —»®
iron meteorite Ur most recarded —

3500 wasfoundinDani meteoritefalls  —

Qar, Iraq was 1979, with .

o / over 3,800

11957, 2 376 gram hatchet
with mateorite nickel iron was.
2,500 found in the village of
Wietrzno-Bobrka, Poland and  The earliest find inthe U.S..
/ dated to the Hallstatt Period Native American beads
2,000 (700-550 BCE). containing iron meteorite
\ were found in the 1940's i
According to Pliny the Elder, an .
/ \‘ near Havans, lllinois. iron shower fell in Lucania region '}
1,500 \ of Southem Italy. It's possible
that this was volcanic rather 1
than meteoritic.

1,000 4 :

!’ .

*

. .
| &

|

!
ofe . .e

2400 -2200 -2000 -1800 -1600 -1400 -1200 -1000 -800 -600 -400 -200 200 400 600 800 1000 1200 1400 1600 1800 2000
Year #

Reported meteors landing in time

157/ 241



Earthquakes

The United States Geological Survey provides an Earthquake Archive
Search.

= Are Earthquakes on the Rise?
Worldwide magnitude 6.0+ from 1900 - 2013



https://earthquake.usgs.gov/earthquakes/search/
https://earthquake.usgs.gov/earthquakes/search/

Earthquakes

The United States Geological Survey provides an Earthquake Archive
Search.

= Are Earthquakes on the Rise?
Worldwide magnitude 6.0+ from 1900 - 2013

Question
Why isn’t this a cause for alarm?



https://earthquake.usgs.gov/earthquakes/search/
https://earthquake.usgs.gov/earthquakes/search/

Earthquakes

. Actual vs. Recorded:

1984: Goba Sesmoiogy
. . Network (GSN) formed
Advances in seismology lead to \
. . s 1871:First instaliations of cigi- \
4 improvements in detection of ol sesmographs with HGLP \
6.0-6.9 magnitude earthquakes o S \
\
%0 By 1965, 111 WAWSSN (Worid \ ‘\
Wide Srcarcized Seismc \
Netwerk) siatons instaled
20

\

\ \
19€1: Tre Abuguerque Se3-

100

mological Laboratory (ASY
estanisres

Magnitude

)
° — S T - (B ) I
1500 1510 1920 1930 1540 1950 1960 11870 1580 1950 2000 2010
Sources | Data: hitp fearthquake usqs goviearthquakesisearch!, Dates: hitp lpubs usgs govifs/2011/3065/pdiF $11-3065 pdf

Connection with detection methods development (Ben Jones)
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Bicycles

The City of Seattle Department of Transportation has installed two
inductive loops on the pedestrian/bicycle pathways of the bridge.

Fremont Bridge, Seattle (the most opened drawbridge in the United States, 35/day)


https://data.seattle.gov/Transportation/Fremont-Bridge-Bicycle-Counter/65db-xm6k

Bicycles
Fremont Bridge Bike Counter Time Series, Oct 2012 - Oct 2014
M Fremont Bricge NB

B Pomoct i 8 What caused the spike in northbound
a counts on April 28th and 29th in 2014?

Marl, 14 Jni Sepl14 Deciid
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Bicycles
Fremont Bridge Bike Counter Time Series, Oct 2012 - Oct 2014

M Fremont Bricge N3
B Pomoct i 8 What caused the spike in northbound
a counts on April 28th and 29th in 2014?

Count of bicyces

®

Jn1 14 Sep114 Dec1 14

Think!

161/ 241



Bicycles
Fremont Bridge Bike Counter Time Series, Oct 2012 - Oct 2014

I Fremont 8ricge N8
Frimont Shee What caused the spike in northbound /
a counts on April 28th and 29th in 2014?

X

€
!
4
é k-3 o
il
}l 4' “Hn“b‘
MIH L)
. ] .1}%«1 lin i
.
.‘; n m“; ,{1,:‘ ;‘n‘h }A |
. .
Sepl12 Dec1 12 Mar1,13 Jn1 13 Sep113 Dec1 13 Marl 14 Jnlié
Day of Date Time.

Data source: hitp/Awwwr.

Think!

Sepl1s Dec114

Equipment error
Now the dataset is fixed by averaging.

161/ 241




Ebola

Ebola deaths in West Africa, 2014

X
- Why would there be 2 drop
5 in cumulative fatality counts?
8
3
*®
¥
g
2
3
] Country
£ i Ecure
- I uoeria
M siems Leone
oK
Mar1 Aol May1 ani a1 Al sep1 o1 Novl D1 Jn1
WHO report date [2014]
Data Source: de. 2014 fri i hs html

WHO fatalities count
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Ebola

Ebola deaths in West Africa, 2014

X

- Why would there be a drop
% in cumulative fatality counts?
8
T = \
} \
g
¢
3 Country
5 . Ecure

I uoeia

Ml siema Leone

oK
Mar1 Aol May1 ani a1 Al sep1 o1 Novl D1 sn1
WHO report date [2014]

Data Source: de. f 2014 phshtml

WHO fatalities count

Important distinction
Suspected/probable/confirmed.
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A wider perspective so far

@ measurement systems change

@ definitions change

missing data

@ misclassified data



The fudging

Reported strikes by minute of the hour, non-null values

13%
12%
11%
10%
9%
8%

3

9% of Total Number of Records.

Reported Minute of the Hour

The number of minutes past the hour that pilots provide when they report to the FAA that their aircraft struck wildlife, n= 85k

Note the geometric regularity
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The fudging

2017-18 NBA Player Weights (bin size = 10lbs)

160 170 180 190 200 210 220 230 240 250 260 270 280 2%

This looks kinda normal, right?

Numbar of Players




The fudging

2017-18 NBA Player Weight (in Ibs)

Color Legend & Percent Breakdown

35
Ends in O I -
Ends in 5 N *
30 Other I
25
s 2
s
P
H
10
5
o [ -IJI l IIII ‘Illlllllj ]

155 160 165 170 175 180 185 190 195 200 205 210 215 220 225 230 235 240 245 250 255 260 265 270 275 280 285 290 295

Weight (bin = 115)

How about now?
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The fudging

2018 NFL Active Players (2,875 players)

Number of Players.

80

o

i

150 160 170 180 190 200 210

Color Legend & Percent Breakdown
€nds in 0 I zs%
Endsin S I 25 %

Ocher INNENNENNN———

\Al ||| 1”' |II\IJ|LI|I.||I\’"‘H |||| oo
220 230 240 250 260 270 260 290 300 310 320 330 340 350 360 370 380 390

Weight (bin = 115)

Another example, footbal players
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Inconsistent ratings

The task (Ben Jones)

Rate a series of 10 banana photos on a ripeness scale:
unripe, almost ripe, ripe, very ripe, or overripe

Images tested on 231 respondents; do you see anything tricky here?

v




Inconsistent ratings

The task (Ben Jones)

Rate a series of 10 banana photos on a ripeness scale:
unripe, almost ripe, ripe, very ripe, or overripe

Images tested on 231 respondents; do you see anything tricky here?

Look at bananas 2 and 10!

v




Inconsistent ratings

Photo Order Unripe Almost Ripe Ripe Very Ripe Overripe

Shownoth

)
Shown 3rd e

Shown7th Aegd

Shown 8th -
Shown 2nd
Shown 10th
Shown 1st §
Shown 4th -
Shown Sth —

85 respondents had inconsistent ratings for the repeated banana.
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Inconsistent ratings

g (left) to #10 (right)

Sankey diagram of opinion change
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Inconsistent ratings
Here's the 10th photo shown in the set, and how

The 10th photo was a mirrpr im'nge oﬂhg 2nd pho.to. 37% respondents rated It based onhow they ratadthe
of respondents give the mirror image a different ripeness 2nd photo:

level than they gave the original one. See how they
changed their rating in the table below.

s [ ~
——

© 20 40 6 80 100 120 140 160

Number of Responcents
Unripe Almost Ripe Ripe Very Ripe QOverripe Total
Here's the 2nd photo shown in the
set, and how respondents rated it, Unripe =] ® ® . 7
broken down by how they rated the
10th photo:
Almost Ripe . . . ® 56
Ripe 4 0 L2 151
Very Ripe ® . 15
Overripe L] . 2
4 26 144 56 1

171/ 241




Inconsistent ratings

The ninth banana
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General points here

@ Our ratings and opinions have a degree of noise in them, even over
short time horizons, and that we're possibly influenced to some
degree by the context



General points here

@ Our ratings and opinions have a degree of noise in them, even over
short time horizons, and that we're possibly influenced to some
degree by the context

@ Every measurement system has some degree of error due to
challenges with repeatability and reproducibility.



What to do?

Keep in mind!

Every data point that exists was collected, stored, accessed, and analyzed
via imperfect processes by fallible human beings dealing with equipment
that has built-in measurement error.




What to do?

Keep in mind!

Every data point that exists was collected, stored, accessed, and analyzed
via imperfect processes by fallible human beings dealing with equipment
that has built-in measurement error.

Do your homework!

The more we know about these processes—the equipment used, the
protocol followed, the people involved, the steps they took, their
motivations—the better equipped we will be to assess the data-reality gap- |




What to do

Key steps

@ Clearly understand the operational definitions of all metrics.




What to do

Key steps

@ Clearly understand the operational definitions of all metrics.
@ Draw the data collection steps as a process flow diagram.




What to do

Key steps

@ Clearly understand the operational definitions of all metrics.

@ Draw the data collection steps as a process flow diagram.

@ Understand the limitations and inaccuracies of each step in the
process.




What to do

Key steps

@ Clearly understand the operational definitions of all metrics.

@ Draw the data collection steps as a process flow diagram.

@ Understand the limitations and inaccuracies of each step in the
process.

o Identify any changes in method or equipment over time.




What to do

Key steps

@ Clearly understand the operational definitions of all metrics.

@ Draw the data collection steps as a process flow diagram.

@ Understand the limitations and inaccuracies of each step in the
process.

Identify any changes in method or equipment over time.

Seek to understand the motives of the people collecting and reporting.
Could there be any biases or incentives involved?




What to do

Key steps
@ Clearly understand the operational definitions of all metrics.
@ Draw the data collection steps as a process flow diagram.
@ Understand the limitations and inaccuracies of each step in the
process.
Identify any changes in method or equipment over time.
Seek to understand the motives of the people collecting and reporting.
Could there be any biases or incentives involved?
@ Visualize the data and investigate any shifts, outliers, and trends for
possible discrepancies.




Confirmation bias

How about. ..

... we use data to verify our hypotheses?




Confirmation bias

How about. ..
... we use data to verify our hypotheses?

No!

Focus in finding out what isn't true about our previously held conceptions
about the world we live in, and to suggest additional questions for which
we don't have any answers yet!




Confirmation bias

The induction step

We often assume that singular statements that we encounter in data verify
universal truths, beyond the time, place, and conditions in which data were
collected.

@ t's not just how many times bikes crossed the Fremont bridge in April
2014, it's how many bikes cross the bridge in general.

@ It's not just the preference of certain particular customers, it's the
preference of all other potential customers as well.

@ It's not just that the pilot manufacturing line had high yields during
qualification, it's that the process will also have high yields at full
volume production as well.

@ It's not just that a particular mutual fund outperformed all others last
year, it's that it'll be the best investment going forward.

v




Unfalsifiability

The problem

Either we form a hypothesis that isn't falsifiable, or we do our best to
protect our hypothesis from any possible attempt to show it to be false.




Unfalsifiability

The problem

Either we form a hypothesis that isn't falsifiable, or we do our best to
protect our hypothesis from any possible attempt to show it to be false. )

Ask yourself

Do we actively seek to prove our own hypotheses to be false, to debunk our
own myths, or do we mostly try to prove ourselves right and others Wrong?J




Leaps in reasoning

The faulty process

1. Basic question =

2. Data analysis =

3. Singular statement = (unaware of the inductive leap)
4. Belief in a universal statement




Leaps in reasoning

The faulty process

1. Basic question =

2. Data analysis =

3. Singular statement = (unaware of the inductive leap)
4. Belief in a universal statement

Example

1. A bicycle counter on the Fremont bridge! Let's learn about ridership
in my city.

2. Okay, | found some data from the Seattle Department of
Transportation, and it looks like. ..

3. 49,718 crossed in the eastbound direction, and 44,859 crossed headed
west in April 2014.

4. Hmm, so more bicycles cross the bridge headed east than west, then.
| wonder why that is? Maybe some riders cross to get to work in the
morning but ride the bus home.

V.




Leaps in reasoning

A better process

aOkrwOE

Basic question =

Data analysis =

Singular statement =

Falsifiable universal statement hypothesis =
An honest attempt to disprove it




Leaps in reasoning

A better process

Basic question =

Data analysis =

Singular statement =

Falsifiable universal statement hypothesis =
An honest attempt to disprove it

aOkrwOE

Example

4. Hmm, so the counters registered higher counts in the eastbound
direction as compared to westbound that month. | wonder whether
all months have seen higher counts going east as opposed to west?

5. Let me see whether that's not the case.




Leaps in reasoning

Fremont Bridge Bike Counter Measurements

60K

Fremont Bridge NB

oK

April 2014
P

W Fremont Bridge N&
I Fremont Bridge S8

Sep12 Novi2

Jan13

Mar13

May13

Jul13

Sepl3 Novi3 Janl4 Marld Mayl4  Julld  Sepld Novid

The hypothesis was false, and the differences are minor



Technical and mathematical problems



Data wrangling

What is it?
@ Pre-processing raw data to obtain something susceptible to
visualisation and analysis.
@ Not sexy, but important.
@ 50-80% of the work.




Data wrangling

What is it?

@ Pre-processing raw data to obtain something susceptible to
visualisation and analysis.

@ Not sexy, but important.

@ 50-80% of the work.

Every data is dirty

misspelled text values

date format issues

mismatching units

missing values

null values

incompatible geospatial coordinate formats




Data wrangling

The Baltimore City Department of Transportation provides a downloadable
record of over 61300 car tow events dating from January 2017 back to

October 2012.

T 3 € W i = K
= mﬂwmw wsisaing wnum- m-om- wn‘umu wehiceColdr  taghumber  towCompary rovedromtocoien
2 waess 16/23/1010:50 Car 22 o TEVMSA i Ellotis Towing $140.00 200 Longwood
3 racese 10/23/10 1100 Car o 5400 Gray EXVMOS  Bormans Towing $16000 mw!mh
4 ravenis 10/23/1011:35 Car 4 Chewoler Cavater sue 9MWE?  Franidord Towing. $13000 %0 GrundySt

Paoet16 10/23/1012:04 Scooter 8 velocty siack semas Towirg $180.00 2100 North Ave
6 (o113 10/24/1012:38 Van oS, 96Ar7 $130.00 L/B W HUGHES ST
|r2ves0s 10/25/1011:12 SUV. 8 Toyota ava sue a10vase u..m.l Towing Service $140.00 200 Fredhitton Pass

8 moeene 10/25/10 14:48 Car 37 Hyundal Tioron Red e $14000 1N Pacase

5 20705 30/25/1034:53 Car 5 Horda Accord T $150.00 600N Carolne St
(16, p20sats i 0/ieen Crerokee white 274155 Fallsway $130.00 200 Monroe St

11 rzose0) 12/20/1016:45 Car 33 Horca Accord srown st Fallsway $130.00 1400 € Monument 5t
12 | 203808 12/21/107:37 Car %5 e s white seomis Fallsway $130.00 1005 Greane 5t
(13 |r200775 12/22/1012:35 Car 38 Pontaic Grand Prix Red 3F5HOS. ity $130.00 3719 Greenmount Ave
(14 paoarre 1/32/1012:41 Car 0 Nisan Maima Biack D38 Bermans Towing $140.00 1400 ussel St

15 200777 12722110 12:45 Van 57 Mescury Green Sermans Towing $160.00 500N Carey St
(16 p20s778 12/22/1013:10 Car 93 Mizsubichd Oamante Siver Aaroms Automotive Senvices $130,00 900 € 22nd 5t

17 |r205779 2/221013%:26 Pk vp Troc Ford 7350 sack 8113 Aaroes Automotve Senvices $130.00 2100 Wole st
18 |p20s780 12/22/1613:30 Van 99 Chevrolet Astra White ciry. $130.00 2000 Elsworth St

15 |P205781 127221101337 Car Dodge strats Siver 9ces Frankdord Towing $130.00 1500 € Behvedere Ave
(26 |racam 13/22/10 14:18 Pick-up Truc 9 ford F150 RedfSiver  AROIS Gty $130.00 3008 Eiwosd Ave
21 | rzoaras 12/22/1016:26 Car 98 Horda Accord siack 9AGHIOZ  Aaroms Automotve Serices $130.00 2800 Marford

22 | p20s785 12/22/1014:36 Car 98 ik Lesabre Tan ARIET $140.00 1600 Gayre Falls Pariway
(23 |p20785 12/22/1014:38 Car 99 Ford Taurs Biack TADI02S  Franklord Towing. $130.00 500N Luserne

24 |p208788 1223710 14:40 Traber E1loader s Sports Siver AeTaa iy $130.00 4030 Belle Ave

25 | rz0a7as 2/10 34:40 Boat 75 Sportcraft Caprice White mmeN Gy $130.00 4020 Bele Ave

26 |p205747 12/32/10 16:57 S 5 e w30 Siver JMICE Frankdord Tawing $130.00 3000 Mayleld

Head of the tow data


https://data.baltimorecity.gov/search

Data wrangling

Average year of manufacture: 23. What?

Original Vehicle Year

2500

Count of Vehicle Year

Vehicle Years split into
‘two groups, one with
velues from0-17 and
the other between 40

and 99

—

S0 55 80 €5 70 75 80 85 90 a5 100 105
Vehicle Year (bin)

25 3 35 4 45

Add2000 to years between 0 and 17 and 1900 to years greater than that
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Data wrangling

Long tail

Corrected Vehicle Year: Add 2000 to Years 0-17 and add 1900 to all other years

2500

8

Count of Corrected Vehicle Year

1920

Vehicle Years "corrected” by

adding 2000 to vehicle years
between 0 and 17 and 1900 for
those between 40 and 99.
1930 1940 1950 1960 1970 1980
Corrected Vehicle Year (bin)

1990

2000

2010

2020

description

186
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Data wrangling

Long tail

Qutlier Vehicle Years

2500

£ g

§

Count of Corrected Vehicle Year

Jeep Liberty
Original Veehicle Year: 60
Corrected Vehicle Year: 1960

Volvo 540
Original Viehicle Year: 40
Corrected Vehicle Year: 1940 Cadillac Sedan Deville
Original Vehicle Year: 63
Corrected Vehicle Year: 1063
Toyota Camray
Original Vehicle Year: 20
Corracted Vehicle Year: 1920
1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 2020

Porractad Uahicla Vasr fhind

Check the outliers

187
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Data wrangling

Misspelled makes

s Oldsmobile R neroAUdI
eososis | 0finitiDODGE PONTIAC . F— M Kawasaki
Cadloc CADILLAC O LlncolnM,V.m.,.m,YamanaJEEPplymoum Mercedes:on
KIAMITSUBISHI BUICK F ..... . uE
inFiniT Mercury Saturns,,,Mitsubishi H O N DA

~~MERCEDES
FOrdchryslerivunpal ==Lexus cirvsies

Cadillac
,,,,,,, f——

DodgeacuraChevrolet Toyota Honda

VOLKSWAGEN ...,

CHEVROLET TOYOTANISSANPontiac BmWMN ISS&] nSMI\CVC

Suzuki .
ey AUDI i
L Hyundaleee Volkswagen Buicky,5-4, LEXUS ‘sibaru MAZDASUBARU
SATURN Volkswagon SMACURAVoIve ™ T MERC”'“K. UNCO
1a

o

Chevrolet, Chevy, Cheverolet, Chevolet, Peterbilt, Peterbutt, Mitshubishi, Mitsubishit, . ..
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Data wrangling

Misspelled makes

_Volkswagen

vouswaENVolts Wagon

VOLKSWAGON volks wagenveisiwsgen

vokswage
Volkwagon Voldswagen
Volztwagen VOLESWAGEN CONV
Volksawdgen

Vol 1 Velksmagomn
Voikswagon Volkwagen Velkswago
VOUKSWAGEN SW
Volkswgen VOUSS
Vokswagger
Vookamapen
Voksnagen Voleswsgen  VOLGSWAGAN
i ot onsagen  vonmasce  VOLKSWAGEN SW

Volks

36 ways to spell one make




Data wrangling

Misspelled makes

Cluster & Edit column "vehicleMake™
muummuwudmmmhmwudﬁmm dmummm For example, the two strings "New York" and "new
york® are very likely to refer Just: differences, and "Gédel” and *Godel* probably refer to the same person. Find out more ...
Method ey colisien Keying Function _egram-fingerpeint [ Noram Size 1 113 clusters found
Cluster Size  Row Count  Values in Cluster Merge?  New Cell Value | #Choices In Cluster
21 5087 + Chevrolet (3675 rows) Chevrolet [ i
= CHEVROLET (1366 rows) |
s | 2—-2
a # Rows in Clustor
| 1
| 0— 7700
| Average Length of Choices
[ 1—18
Chevamioti{a e | Langth variance of Choices
= Chverolet (1 rows) |
18 533 . ishi (369 rows! Mitsubishi 0 7
. mrsuswsm 32 rows] il
Mitisubishi (11 rows|
Mitsubushi (4 rows)
»_ Mitubishi (2 rows)
Select Al | Unselect Al ExpotClustors  Merge Selected & Re-Cluster  Margo Selocted & Close | Close

Open refine: from 899 to 507 makes
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Data wrangling

Google Analytics map of website views; say we want to compare to population. . .
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Data wrangling

Two population lists

e World Bank web, 2016 country population
o Wikipedia

Data Set

Number of Sets

3 v

Section Details

Set1 Set2 Set3
Google Analytics WorldBank Wikipedia
180 228 234

So, how many countries are there?
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Data wrangling

o WB list contains 82 grouped values, can you do inner join?



Data wrangling

@ WB list contains 82 grouped values, can you do inner join?

WorldBank List Google Analytics List
oll Antigua & Barbuda
Bahamas.
Bosnia & Herzegoving
Brures
CapoVerde
Congo - Bratzavile

Maza
Macedonia (FYROM)
Martimque:
Myarmar (Burma)
Palasting

eunen

Russs

Sovaida
Southores

St Kietsd Nevis
Syria

Taan

Trinkiad 8 Tobago.
US. Virgin Islands
Venazvele

vemen

Differences in country lists
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Mathematical problems

@ Summing quantities to various levels of aggregation, such as buckets
of time — the amount of some quantity per week, or month, or year

e Dividing quantities in our data with other quantities in our data to
produce rates or ratios

@ Working with proportions or percentages

o Converting from one unit of measure to another



Mathematical problems

Strikes by month, all years

Number of Records
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The month withthe most total
number of reported wildlife ~
strikes (20,586) is July
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Agril
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September October Movember December

Recorded wildlife strikes by month (raw)
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Mathematical problems

By year

Number of Strikes

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Year of Incident Date *

Timeline of recorded wildlife strikes
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Mathematical problems

By year

g 10K

&

k]

ﬁ 5K

g 0K

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Year of Incident Date *
By Month

2000

g

Number of Strikes
"
© § §

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Month of Incident Date

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Incident Date #

Granularity shift reveals the source of the problem
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Mathematical problems

Cooks' strait (vs. Abel Tasman, 1642)
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Mathematical problems

Strikes by month, bars segmented by years
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Strikes again, now with attention
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Mathematical problems

Infectious diseases contracted by California residents from 2001 through
2015, Center for Infectious Diseases, California Department of Public
Health.

_id |& Dissase County Year Sex Count Population Rate Cl.lower Cl.upper Unstable

1 Amebiasis | Calfornia 2001 Female | 176 17339700 1.015 0.871 1177
2 Amebiasis California 2001 Male 385 17173042 2125 1913 2.358
3 Amebiasis | Calfornia 2001 Total 541 34512742 1.568 1438 1.705
4 Amebiasis | Calfornia 2002 Female | 145 17554866 0.826 0.697 0.972
5 Amebiasis California 2002 Male 219 173838624 1.605 1.422 1.808
6 Amebiasis | Calfornia 2002 Total 424 34938290 1.214 1.0 1.335
T Amabiasis California 2003 Female | 127 17782868 0.714 0.595 0.85

8 Ameblasis | Calfornia 2003 Male 261 17606060 1.482 1.308 1.674
9 Amebiasis Galffornia 2003 Total 388 35388928 1.096 099 1.21
10 Amebiasis California 2004 Female 101 17968347 0.582 0.458 0.683

Head of the diseases dataset



Mathematical problems

Question
Are there more for male or female?
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Mathematical problems

Question
Are there more for male or female?

Reported Infectious Diseases, California Residents, 2001-2015

oM 1M M 3mM aM 5M 6M ™ 8M M oM 1M 12Mm 13m 1aM 15M
Count

Something's off! Look at the head again!
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Mathematical problems
How are they distributed in the counties?
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Mathematical problems
How are they distributed in the counties?

Reported Infectious Diseases, California Residents, by County

Disease

Year

o
Rate (per 100,000)
0.00 N 33 34

What'’s "1 unknown"?
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Mathematical problems
How are they distributed in the counties?

Reported Infectious Diseases, California Residents, by County

[

Disease

Year
o

Rate (per 100,000)
0.00 N 33 34

What'’s "1 unknown"? California!
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Mathematical problems
How are they distributed in the counties?

Reported Infectious Diseases, California Residents, by County

i

Disease

Year
Rate (per 100,000)

0.00 N 33 34

What's “1 unknown”? California!

Wait, so we were. ..
counting twice for each gender, and then twice again for each county!

202/ 241



Mathematical problems

The World Bank data set with estimates of the percent of each country’s
population that lives in an urban environment. From 33.6% in 1960 to
54.3%in 2016.

Year: 2016
Pet Urban Population

0.00% 100.00%

Notice Eritrea (Asmara, 650K), St. | Martin and Kosovo



Mathematical problems

Percent Urban Population, 2016

Region Country Name  Pct Urban Population
North Bermuda 100.00%
America
Canada 82.01%
United States 81.79%

Let's think about North America

Question

How to calculate the percent for the entire region from these three
country-level figures?




Mathematical problems

Percent Urban Population, 2016

Region Country Name Pct Urban Population
North Bermuda 100.00%
America
Canada 82.01%
United States 81.79%

Average 87.93%

Let's average!



Mathematical problems

Percent Urban Population, 2016

Region Country Name Pct Urban Population
North Bermuda 100.00%
America
Canada 82.01%
United States 81.79%

Average 87.93%

Let's average! Or wait



Mathematical problems

Percent Urban Population, 2016

Region Country Name Pct Urban Population
North Bermuda 100.00%
America
Canada 82.01%
United States 81.79%
Average 87.93%

Let's average! Or wait

(urban US urban Canada urban Bermuda) urban US + urban Canada + urban Bermuda
me

total US ’ total Canada ’ total Bermuda total US + total Canada + total Bermuda



Mathematical problems

Percent Urban Population, 2016

Region

North
America

Grand Total

Country Name

Bermuda
Canada

United States

Calc Urban Pop Pct
(for aggregation)

100.00%
82.01%
81.79%

81.81%

Total population Calculated Urban Pop

65,376 65,376
36,264,604 28,739,151
323,127,513 264,279,530
359,457,493 294,084,057

You need the totals before you calculate!



Mathematical problems

The Difference Between Averaging the Percents (Left) and Calculatingthe
Percents (Right) by Region

Percent Urban Population

90%

80%

70%

50%

\th&mnm
Latin America & Caribbean
>/turnpg Central Asia
— Middle East & North Africa

East Asia & Pacific

b-Saharan Africa

Avg. Pct Urban Population Calc Urban Pop Pct (for aggregation)

A general picture
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Mathematical problems

TOEARTH  TOSUN
CASSINLHUY B g EARTH

One pound-force second (Lockheed) 15 Newton (NASA); $327.4 million




Mathematical problems

cost or revenue with different currencies

inventory with different units of measure: units, boxes, palettes etc.
temperatures: Celsius, Fahrenheit, Kelvin

doing math with any quantity with suffixes such as K or M

latitude and longitude in degrees minutes seconds (DMS) versus
decimal degrees (dd)

working with 2-D spatial location using cartesian versus polar
coordinates

working with angles in degrees versus radians

shipping dates when working with calendar days versus business days



Mathematical problems

o

cost or revenue with different currencies

inventory with different units of measure: units, boxes, palettes etc.
temperatures: Celsius, Fahrenheit, Kelvin

doing math with any quantity with suffixes such as K or M

latitude and longitude in degrees minutes seconds (DMS) versus
decimal degrees (dd)

working with 2-D spatial location using cartesian versus polar
coordinates

working with angles in degrees versus radians

shipping dates when working with calendar days versus business days

Solution

Prepare or read carefully the metadata.
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