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Design Guidelines



Rule #1: Use the Best Uisual
Channel Flvailable
for the Most Important

FAspect of your Data



Book Recommendation

Great book with simple
design guidelines ,

| cole nussbaumer knaflic

Not a “Visualization” book,

but a “charting” book storytelling

a data
visualization



Edward Tufte
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Design Excellence

“Well-designed presentations of interesting data are
a matter of substance, of statistics, and of design.”



Tufte: Sparklines™

Where the Race Has Shifted

To understand what is driving the national trend, it’s worth taking a
look at the states where the winning probabilities have changed most
over the last two weeks:

°0 Trump's chances
in North Carolina

56 Trump's chances
in Ohio

88 Clinton's chances
in Minnesota
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43 Trump's chances
in Nevada

41 Trump's chances
in Colorado 35 in Florida
13 Trump's chances

in Delaware 72

-7 Trump's chances
in Arizona

Trump's chances
in New Mexico

57 Clinton's chances
in New Jersey

.4 Trump's chances
in Maine 13

> Trump's chances
in Pennsylvania

Trump's chances
in New Hampshire

http://www.nytimes.com/interactive/2016/upshot/presidential-polls-forecast.html#recent-state-changes



every time you make a powerpoint
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Graphical Integrity

Magnitude in data IF BUSH TAX CUTS EXPIRE

must correspond to
magnitude of mark
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Flowing Data


http://flowingdata.com/2012/08/06/fox-news-continues-charting-excellence/

Scale Distortions

If Bush tax cuts expire...
Top tax rate
0% 39.6%

Now Jan. 1, 2013

Flowing Data



What’s wrong?

Viele Bezieher mit "ungeklarter Staatsbiirgerschaft”
Die grolite Gruppe in der Liste der Mindestsicherungsbezieher ist aber jene der

‘ungeklérten Staatsburgerschaft”. Dass es sich bei den 16.7 12 Personen um



What’s wrong?

Mindestsicherungbezieher in Wien nach Land
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Viele Bezieher mit "ungeklarter Staatsbiirgerschaft” Viele Bezieher mit "ungeklarter Staatsbiirgerschaft"
Die grolBte Gruppe in der Liste der Mindestsicherungsbezieher ist aber jene der Die grofBite Gruppe in der Liste der Mindestsicherungsbezieher ist aber jene der

‘ungeklérten Staatsburgerschaft”. Dass es sich bei den 16.7 12 Personen um Abe "ungeklérten Staatsburgerschaft”. Dass es sich bei den 16.7 12 Personen um



What's wrong?

Grafik der
Kronen-
zeitung

Zusatzlich geht die Mindestsicherung in Wien auch an 1314 Deutsche, 369 Italiener,
66 Schweden, 59 Schweizer, zehn Kanadier, dazu an einen Liechtensteiner, einen

Islander sowie an einen Burger von Andorra

Mindestsicherunghezieher in Wien nach Land
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Viele Bezieher mit "ungeklarter Staatsbiirgerschaft" ;;';‘ Viele Bezieher mit "ungeklarter Staatsbiirgerschaft" ;;‘;(
Die groBte Gruppe in der Liste der Mindestsicherungsbezieher ist aber jene der mes Die groBte Gruppe in der Liste der Mindestsicherungsbezieher ist aber jene der Mes

"ungeklarten Staatsburgerschaft”. Dass es sich bei den 16.7 12 Personen um abe "ungeklarten Staatsburgerschaft”. Dass es sich bei den 16.7 12 Personen um Abe
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Start Scales at 0?

Median household income in 2010 inflation adjusted dollars
560,000 - - $54,000
$50,000 - - $53,000

- $52,000

540,000 -
- $51,000

$30,000 -
- $50,000

$20,000 -
- 549,000
510,000 - - $48,000
SO T T T T T T T T T T 547,000

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Zero-Based — e==Non-Zero Based

A. Kriebel,VizZWiz


http://vizwiz.blogspot.com/2011/12/using-non-zero-based-axis-i-dont.html

Scales atO



https://www.youtube.com/watch?v=14VYnFhBKcY

Global Warming?
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The Daily Mail, UK, Jan 2012


http://www.dailymail.co.uk/sciencetech/article-2093264/Forget-global-warming--Cycle-25-need-worry-NASA-scientists-right-Thames-freezing-again.html

Global Warming?

Temperature Anomaly -- Annual Mean (°C)
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Mother Jones


http://motherjones.com/kevin-drum/2012/01/lying-charts-global-warming-edition

Global Warming - Frame the Data
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Temperature Anomaly -- Annual Mean (°C)
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http://motherjones.com/kevin-drum/2012/01/lying-charts-global-warming-edition

What’s wrong?

How 2012 STACKS UP

THE VWARMEST YEARS ON RECORD
CONTIGUOUS U.S.

543 54.32
S

1999

538I

Source: NOAA's National Climatic Data Center - State of the Climate IO




Scale Distortions

JOB LOSS BY QUARTER

15 MIL
13.5 MIL
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Temporal Data

UNEMPLOYMENT LEVEL BY RANDOM QUARTER




What’s wrong?

Republican Party presidential primary schedule - 2016
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The Lie Factor

Size of effect shown in graphic

Size of effect in data

This line, representing 18 miles per

'i:'..i“l:'rl i 1'-,|T-'i'i, 15 0.6 '111‘]1:_"-. ||_l|:|-;1_,

Fuel Economy Standards for Autos |
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tirmi T LR P & 2 24 Department. In miles per gallion.

= I S 26

This line, representing 27,5 miles per
Eiil'l.'lﬂ i !Il_iI:"nj-'., 15 5.3 it1l'.|||.'.=- ||.1||'_1.

Tufte,VDQI



The Lie Factor

0.3 —0.6 27.5—18
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Tufte’s Integrity Principles

Show data variation, not design variation

Clear, detailed, and thorough labeling and appropriate
scales

Size of the graphic effect should be directly proportional
to the numerical quantities (“lie factor”)



Death to Pie Charts

Networks/Hosting Investor 1% _PR 1% Cleantech 1%
1%

News 2%

Other 2%
Enterprise 2%

No Category 3% 4

Video 3%

Advertising 3%

Share of coverage
on TechCrunch

Entertain

“l hate pie charts.
| mean, really hate them.”

www.storytellingwithdata.com/201 1/0//death-to-pie-charts.html Cole Nussbaumer


http://www.storytellingwithdata.com/2011/07/death-to-pie-charts.html

Redesign

TechCrunch Coverage: 2005 - 2011

A slightly better pie?
Network/Hosting, 1% Investwmeantech, 1%

Other, 2% ———

Enterprise, 2%

No Category, 3% —
Video, 3% —

Advertising, 3%

E-Commerce, 5%
Hardware, 6%

Entertainment, 6%
Softward,
8%

General Consumer
Web, 23%

Social Networks, 12%

Search, 10%

Mobile, 9%

TechCrunch Coverage: 2005 - 2011

Bars are best!

General Consumer Web
Social Networks
Search

Mobile

Softward
Entertainment
Hardware
E-Commerce
Advertising
Video

No Category
Enterprise
Other

News

Music
Network/Hosting
Investor

PR

Cleantech



Can you spot the differences?

A B C
2 4
4 2
4 ¢
3 3 3




Can you spot the differences?




My favorite pie chart

B sky

Sunny side of pyramid

~ Shady side of pyramid




My second favorite pie chart

" Pie |l have eaten

" Pie | have not

yeleaten




So, what to use instead?

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

BBored WNotgreat ®mOK ®Kindof interested = Excited BBored WNotgreat ®mOK ®Kindof interested ™ Excited

imagine you just completed a pilot summer learning program on science aimed at improving perceptions of the field among 2nd and 3rd grade elementary children

http://www.storytellingwithdata.com/blog/2014/06/alternatives-to-pies


http://www.storytellingwithdata.com/blog/2014/06/alternatives-to-pies

Alternative #1: Show the
Number(s) Directly

After the pilot program,

8%

of kids expressed interest towards science,
compared to 44% going into the program.




Alternative #2: Simple Bar Graph

How do you feel about science?

BEFORE program, the majority of children felt just
OK about science

40% 389% AFTER
program,
30% more
e children
were Kind of
19% interested &
| Excited
hf72 about
5% science.

Bored Not great OK Kind of Excited
interested




Alternative #3: 100% Stacked
Horizontal Bar Graph

How do you feel about science?

Bored Not great Kind of interested Excited

0% 10% 20% 30% 40

% 20% ©60% 70% 80% 90% 100%
o ‘|||||\||| ||||||||||||||\||||||||||I
o ||||||I‘||\ ‘||||||||||||||||\||||||||||||||||||||||



Alternative #4: Slopegraph

How do you feel about science?

38% Excited

30% Kind of
Interested
25%

19%

119% P | 2%/0  Bored
50/, @mm— 6% Not great

Before After



Uisualization
Design Principles



Maximize Data-Ink Ratio




Maximize Data-Ink Ratio




Avoid Chartjunk

Extraneous visual elements that distract from the
message

15%

10% [

5%

Jan Feb Mar Apr May Jun Jul Aug Sep


http://www.tbray.org/ongoing/data-ink/di1

Avoid Chartjunk

15%

10% [

5%

Jan Feb Mar Apr May Jun Jul Aug Sep

ongoing, Tim Brey


http://www.tbray.org/ongoing/data-ink/di1

Avoid Chartjunk

15%

10% [

5% —

Jan Feb Mar Apr May Jun Jul Aug Sep

ongoing, Tim Brey


http://www.tbray.org/ongoing/data-ink/di1

Avoid Chartjunk

15%

10% [~
5% |- I

Jan Feb Mar Apr May Jun Jul Aug Sep

ongoing, Tim Brey


http://www.tbray.org/ongoing/data-ink/di1

Avoid Chartjunk

15‘:‘!'5 s
10% —

5% —

Jan Feb Mar Apr May Jun Jul Aug Sep

ongoing, Tim Brey


http://www.tbray.org/ongoing/data-ink/di1

Avoid Chartjunk

15%
10%

5%

Jan Feb Mar Apr May Jun Jul Aug Sep

ongoing, Tim Brey


http://www.tbray.org/ongoing/data-ink/di1

Which is better?

DIAMONDS WERE A GIRL'S BEST FRIEND DIAMONDS WERE A GIRL'S BEST FRIEND

Average price of a one-carat D-flawless “17 Avetage price of 4 one-carat D-flawless

560,000
' $60,000
$50.000
$50,000
$40.000
$40,000
$30.000

\ $20,000
$20,000

N

1979 1980 1981 1982

A A | | . )
1978 1979 1980 1981 1982

[Bateman et al. 2010]


http://infosthetics.com/archives/2010/04/why_chart_junk_is_useful.html

Which is better?

MONSTROUS COSTS

Total House and Senate
campaign expenditures,
in millions

MONSTROUS COSTS
Total House and Senate campaign expenditures, in millions

$300

250

200

150

100

50

1972 74 76 ‘78 ‘80 ‘82 est.

[Bateman et al. 201 O] https://eagereyes.org/criticism/chart-junk-considered-useful-after-all



Useful Junk? The Effects of Visual Embellishment on
Comprehension and Memorability of Charts

Scott Bateman, Regan L. Mandryk, Carl Gutwin,
Aaron Genest, David McDine, Christopher Brooks
Department of Computer Science, University of Saskatchewan, Saskatoon, Saskatchewan, Canada
scott.bateman(@usask.ca, regan(@cs.usask.ca, gutwin(@cs.usask.ca,
aaron.genest(@usask.ca, dam085@mail.usask.ca, cab938(@mail.usask.ca

ABSTRACT
Guidelines for designing information charts often state that
the presentation should reduce ‘chart junk’™ — visual

embellishments that are not essential to understanding the
data. In contrast, some popular chart designers wrap the
presented data in detailed and elaborate imagery, raising the
questions of whether this imagery is really as detrimental to
understanding as has been proposed, and whether the visual
embellishment may have other benefits. To investigate
these 1ssues, we conducted an experiment that compared
embellished charts with plain ones, and measured both
interpretation accuracy and long-term recall. We found that
people’s accuracy in describing the embellished charts was
no worse than for plain charts, and that their recall afier a
two-to-three-week gap was significantly better. Although
we are cautious about recommending that all charts be
produced in this style, our results question some of the
premises of the minimalist approach to chart design.

Author Keywords
Charts, information visualization, imagery, memorability.

ACM Classification Keywords
HS5.m. Information interfaces and presentation (e.g., HCI):

Miscellaneous.

General Terms
Design, Human Factors

INTRODUCTION

Many experts in the area of chart design, such as Edward
Tufte, criticize the inclusion of visual embellishment in
charts and graphs; their guidelines for good chart design
often suggest that the addition of chart junk, decorations
and other kinds of non-essential imagery, to a chart can
make interpretation more difficult and can distract readers
from the data [22). This minimalist perspective advocates

data-ink — or the ink in the chart used to represent data.

Despite these minimalist guidelines, many designers
include a wide variety of visual embellishments in their
charts, from small decorations to large images and visual
backgrounds. One well-known proponent of visual
embellishment in charts 1s the graphic artist Nigel Holmes,
whose work regularly incorporates strong visual imagery
into the fabric of the chart [7] (e.g., Figure 1).

MONSTROUS COSTS

Total Mouse and Senate
CAaMPaign axpenditures,
in milkons

MONSTROUS COSTS
Total Howse and Senate Campagn eapendtwes in mllans

+5300

T 250

T 20

+ 1%

1100




EXPERIMENTAL RESULTS

1. No difference for interpretation accuracy
2. No difference in recall accuracy after a five-minute gap

3. Significantly better recall for Holmes charts of both the chart topic
and the details (categories and trend) after long-term gap (2-3
weeks).

4. Participants saw value messages in the Holmes charts significantly
more often than in the plain charts.

5. Participants found the Holmes charts more attractive, most enjoyed
them, and found that they were easiest and fastest to remember.




Use Chart Junk? It depends!

PROS CONS
persuasion unbiased analysis
memorability trustworthiness
engagement Interpretabllity

space efficiency
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Don'’t

Convictions in England and Wales for class A drug supply.

® White: 6584
Black: 2356
Asian: 1161

© Mixed Race: 508 i

© NS (Not Stated): 1046 - |
Other: 124

https://www.vice.com/en_uk/read/foi-uk-drug-conviction-ethnicity-282



Alighment Matters

Trump
Bachmann
Cruz
Gingrich
Palin
Santorum
Walker
Perry
Ryan
McCain
Rubio
Romney
Rand Paul
Christie
Biden
Kasich
Sanders

J Bush

H Clinton

Obama

g

Who Lies More: A Comparison

PolitiFact, an independent fact-checking website, has graded

more than 50 statements since 2007 from each of these
candidates. Here is how they rank.
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https://twitter.com/infowetrust/status/760521739092627457



No Unjustified 3D

Depth judgment is bad
N = 0.67 Sensation=Intensity”N

Occlusion

Steven'’s Psychophysical Power Law: 5= IR

Perspective Distortion

Color: Lighting / Shadows /
Shading

Tilted Text illegible

Perceived Sensation

Physical Intensity



e: Hierarchy Visualization
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[F. van Ham ; J.J. van Wijk, 2002]




Eyes Beat Memory

Don’t make people memorize: Show them

USA and Japan Fertility Over Time

0.3
Total Fertility Rates
USA: 1.98

0.2

- Japan: 1.43

$

g

.50.1

0.0

10 20 30 40 50

Age

http://www.randalolson.com/2015/08/23/small-multiples-vs-animated-gifs-for-showing-changes-in-fertility-rates-over-time/



http://www.randalolson.com/wp-content/uploads/usa-vs-japan-fertility.gif

Eyes Beat Memory: Small Multiples

Fertility in USA and Jzpan, 1947 - 2010

2.99 271

Ealratyn A lot of charts

Do we need all of them?
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Eyes Beat Memory: Small Multiples

Fertility in USA and Japan, 1947 - 2010
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Simplify!

Total fertility rate in USA and Japan, 1947 - 2010

5

4
Q
-
E 3
>
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=
Q
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o

Japan
1
1950 1960 1970 1980 1990 2000 2010

Data source: Human Fertility Database (humanfertility.org)
Author: Randy Olson (randalolson.com / @randal_olson)

Average age when giving birth in USA and Japan, 1947 - 2010

30 Japan

28
USA

27

Average age of women when giving birth

25
1950 1960 1970 1980 1990 2000 2010

Data source: Human Fertility Database (humanfertility.org)
Author: Randy Olson (randalolson.com / @randal_olson)



Design Critique /
Redesign



Most important issues

https://goo.gl/IHWp4x

Sunday Star Times, 2012


https://goo.gl/lHWp4x

B Crime/Violence
- Race relations

10%

119%

i - 3%
2005 2006 2007

2004

o WL
& S . B
2010 2011

Fixing that:

o . 2002 2003 2004 200% 2008 2007
él:w -.1 j’
» ~ q
A
2010 2011

—

R. Cunliffe, Stats Chat


http://www.statschat.org.nz/2012/02/13/more-bubble-charts-your-feedback-please/

But is this visual encoding appropriate in the first place?

30%

Line graph
25%
20%
15%
Crime/Violence
10%
w\
S% 4
0%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 201 I+ Cunifie, Stats Chat


http://www.statschat.org.nz/2012/02/13/more-bubble-charts-your-feedback-please/

Tasks

Why are we using Visualization!?



Domain and Abstract Tasks

Infinite numbers of domain tasks
Can be broken down into simpler abstract tasks
We know how to address the abstract tasks!

ldentify task - data combination: solutions probably exist



Tasks

Analyze
high-level choices
consume vs produce
Search

find a known/unknown item

Query
find out about characteristics of item
by itself or relative to others



E x a m p I e 1 QS World University Rankings® W and QS Stars

Filter by region v Filter by location v

Find gOOd universities with a h Ig h Fiter by faculty e s
faculty student ratio. S —

Ildentify high-ranked universities

In this subset: compare universities &
identify high faculty student ratio

OR

Derive a ranking with a high weight for
faculty student ratio



http://www.topuniversities.com/university-rankings/world-university-rankings/2014#sorting=rank+region=+country=+faculty=+stars=false+search=

QS World University Rankings® HEZ@ and QS Stars

Example 2

Filter by region v Filter by location v

C ontrast Harvard’s re p utation Ftrby acuty | T,

b | T
p
| | COMPARE
r W I t I M I T , RANK UNIVERSITY LOCATION | o eer | QS STARS ?
Overall . | . . -
Score Search for universities... Show only

Clickon a
table row to

Match up Harvard with Yale T

Massachusetts Institute of Technology (MIT)

"

University of Cambridge

/N

First, find Harvard and Yale, then
compare their (two) reputation scores

Imperial College London

/N

Harvard University =
: e S

University of Oxford
. il

UCL (University College London)

)%
/N



http://www.topuniversities.com/university-rankings/world-university-rankings/2014#sorting=rank+region=+country=+faculty=+stars=false+search=

Example 3

Find a combination of weights and parameters where

Harvard Is better than MIT

Produce a new dataset by deriving from the input parameters

Rank

O & 0NN

© ® N ®

10.
11

12.
13
14.
15

School Name
Filter:
<None>
Massachusetts Institute of Technology (M
Harvard University
University of Cambridge
UCL (University College London)
Imperial College London
University of Oxford
Stanford University
Yale University
University of Chicago
Princeton University
California Institute of Technology (Caltech
ETH Zurich (Swiss Federal Institute of Te
University of Pennsylvania
Columbia University
Cornell University

Country
Filter:
<None>
United States
United States
United Kingdom
United Kingdom
United Kingdom
United Kingdom
United States
United States
United States
United States
United States
Switzerland
United States
United States
United States

d World University Ranking

d':' :]0::‘;|
4 Academic reputation

10.00%  20.00% 20.00%
Empl Faculty/stu Citations p

50 5.0
In In

QS Stars



School Name

University of Cambridge

UCL (University College London)

Imperial College London

University of Oxford

Stanford University

Yale University

University of Chicago

. Princeton University

. California Institute of Technology (Caltech
. ETH Zurich (Swiss Federal Institute of Te

Hlmbvimemibr D As

© O NSO O s

Country

Filter:
<None>

. Massachusetts Institute of Technology (M United States

United Kingdom
United Kingdom
United Kingdom
United Kingdom
United States
United States
United States
United States
United States
Switzerland

4 Academic reputation Empl Faculty/stu Citations p

4 World University Ranking \

Il.....---l.l.-----_-- —
40.00% 10.00% 20.00% 20.00% 50 5.0

In In Rank

QS Stars

ISeparator

- Ill Illll-- I-ll-.. '
I BN Al

KRR Rk K

N

I IT IR
WA
W IR
I ITR
W I IT R

r Academic reputation Empl Facu

© N SE; e D

r World University Ranking

I.-——---------——-- — —
32.82% 8.21% 8.07%




High-level actions: Analyze

(®) Analyze

= Consume

Consume
discover vs present

= Discover > Present
classic split: explore vs explain - i il
enjoy: casual, social T O b,
Produce - Produce

=2 Annotate = Record

I\

s |

Annotate, record
Derive: crucial design choice }Q

> Enjoy

©

= Derive

4



Example: Annotate

\C\
‘\\'\\/f-,\\
o)
. e p - Ry ‘\\
OCCUPATIONS: Show &l Roll over | P
® Entertainment, education and law dots for (,5;-.‘3“ o % o
' information )% N a0
® Science, computers and health care : 192 s
) . . . IJC‘“\C _\fi‘ A
@ Management, business and financial N s
N
Production and transportation 1o
\

® Service, sales and office

Waomen's
median weekly
earnings

Male tenured professors,
many of whaom earned their
Ph.D.’s decades ago. ocutearn
female professors, whose
numbers have grown more
recently.

Men's median weekly earnings


http://www.nytimes.com/interactive/2009/03/01/business/20090301_WageGap.html

hes)

~
-

wiall (in

>NO

o
-

Example: Derive

Boston Snow Accumulation Distribution by Month

(n))
o

40

10

7/1/1890 2/1/2015

D Gaeel o i S e © — e ¢

November December January

Feb-2015

o -~ Snowfall. 59.10"

o

o
o
o
o

February March




Example: Derive

Ronaldo
Lahm
Robben
Khedira
Phogba

Mess|

Country
Portugal
Germany
Netherlands
Germany
italy

Argentina

Club
Real Madrid
Bayern MUnchen
Bayern Munchen
Real Madrid
Juventus

Barcelona

Club Continent
Europe
Europe
Europe
Europe
Europe

Europe



\ Soccer clubs wi
Portugal —=
oregal at least two n:

A1 Russia
A \\ f'/ A~
[ T / ™
[ oy
% e, . sae S. Korea
[ g S, /
‘? .:.. »,.'.:. A . S-",‘—"' o
L o Y RN
oits W i 'Spain
| y & I % ee 'y o
P \ Y \ “ \ . { Ig | . ) J,‘ —
- . g 1 5 | 3 s v 4 B

ltaly |
A

, ' N
s ‘Brazil
.-/ ! -\\‘. ‘\-u_r'
/ \
, , AlF, PN 0qmerwn
\ , -~ - ; ) 3 '
S’ °°5t"» o o (Chile,
\Rm Colombia

\.

..\\ / “~ _ _4'/

‘J'


http://www.nytimes.com/interactive/2014/06/20/sports/worldcup/how-world-cup-players-are-connected.html

Actions: Mid-level search, low-
level query ® st

What dOeS user knOW? Target known Target unknown

target, location nonn o lookp (o) rowse
@l @ s
how much of the data
matterS? N (f)uledr:ntify > Compare > Summarize
one, some, all S mRmmcann

_/




Example Compare (& Derive)

I Greece’s GDP

Greek recession v others
100=start of economic crisis

110
o United States
Britain (1929-39)
(2008-13)
100
Euro area
(2008-14)
90
30
Greece (2008-14)
Lt vt e bvr e b v b dr v by e v brra b 70

1 2 3 4 5 6 7 8 9 1011
Years since start of the crisis

Change on a year earlier

%

i

L L L L L L L O 10

2008

09

10

11

Sources: Angus Maddison, University of Groningen; Greek National Statistics; Haver Analytics; IMF

12

13

14



Why: Targets

(®) NETWORK DATA

(®) ALL DATA
> Topology
> Trends = Qutliers > Features .
L Y VAR .
2 Paths
(3) ATTRIBUTES A
> One 2> Many
> Distribution > Dependency = Correlation > Similarity @ S PATIAL DATA
Al - S > Shape
V Extremes :



Examples

Trends: How did the job market develop since the

recession overall?

Outliers: Looking at real estate related jobs

Jobs since recession Increased —-

-a—— Decreased

A Long Housing Bust

Home prices heve rebourded from their crisis [ows, but nome
building remains at historcelly low lz2vels. Overa |, ircustres

connactad with construction and real estata nave I0sT 19

percent of their joos & nce The recession began — huncreds o’
c

thousands mare thar heslth care bas added. NexT»

own and gaden
equipmert and supnly
gloras

Buiding mesteral 2rd
SLPDON declare

Hema furmizhing stoeee

Waord prccuct
menus solumg

Fozsidental rem

Genersl contrectors for
new Fomes

~d—— Lower Wagres

Reoaod CS10Te C3CI10w
< LN, Nidueery, ather

sasaces

Ganaral contractars for
ren artments and
candas

Archule

For-286 s bulcam

Aand sbdiniion

Industries Higher Wages ——i

cciurgl servees


http://www.nytimes.com/interactive/2014/06/05/upshot/how-the-recession-reshaped-the-economy-in-255-charts.html?abt=0002&abg=0

How? A Preview

Encode
(® Arrange
> Express - Separate
— ;I....
= Order = Align

Manipulate

® Change

® Select

‘@ e

® Navigate
< T

Facet

(® Juxtapose

(® Partition

-

(® Superimpose

Reduce

® Filter




