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Common missteps
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Sorting reveals patterns
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Trust Index Number of .

rank rank Borough Amount approved (£) grants

1 3 Tower Hamlets £9,692,642 269 Ta b | e S e a S I |y

2 2 Hackney £7,809,608 225

3 12 Southwark £7,266,118 232 °

4 14 Camden £6,140,419 136

5 4 Islington £5,424,137 156 h I d e p a tte r n S

6 8 Lambeth £5,257,941 156

7 2 Newham £5,217,075 154

8 13 Hammersmith and Fulham £4,085,708 109

9 29 Merton £3,656,112 113

10 20 Croydon £3,629,066 127

11 9 Lewisham £3,537,049 144

12 17 Westminster £3,357,911 100

13 15 Ealing £3,057,709 84

14 30 Bromley £3,038,621 131

15 19 Kensington and Chelsea £2,979,468 74

16 11 Brent £2,898,224 85

17 10 Greenwich £2,837,658 87

18 24 Barnet £2,796,587 99

19 21 Wandsworth £2,592,453 89

20 5 Waltham Forest £2,505,730 131

21 28 Sutton £2,468,511 87

22 18 Hounslow £2,383,393 75

23 7 Haringey £2,360,290 101

24 22 Redbridge £2,285,173 75

25 33 Rechmond upon Thames £2,249,983 133

26 23 Hullingdon £2,181,566 103

27 16 Enfield £2,145,800 86

28 6 Barking and Dagenham £1,943,597 68

29 25 Havering £1,934,424 95

30 26 Bexley £1,631,415 103

31 27 Harrow £1,516,193 62

32 31 Kingston upon Thames £1,353,125 55

33 32 City of London £402,060 11 Tota I gra ntS S pe N d by
Several Additional Inner London Borough
Bouroughs £18,704,677 481
Several Additional Outer September 1995 to March 2011
Boroughs £6,392,100 164
Other £28,566,830 566
London-wide £86,583,750 1214 http://www.storytellingwithdata.com/
— TSR TERVE =150 blog/2012/02/grables-and-taphs




Total grant spend by London Borough
September 1995 - March 2011

Index |N
Borough rank |of grants wount approved (£)

see patterns

Tower Hamlets 1 3 269

Hackney 2 2 225

Southwark 3 12 232 °
Camden 4 14 136 In tables
Islington 5 4 156

Lambeth 6 8 156

Newham 7 2 154

Hammersmith and Fulham 8 13 109

Merton 9 2 13

Croydon 10 20

Lewisham 1" 9 144

Westminster 12 17 100

Ealing 13 15 84

Bromley 14 30 13

Kensington and Chelsea 15 19 74

-
N
~

Brent % 1 85

Greenwich 7 10 87

Bamet 18 24 99

Wandsworth 19 21 89

Waltham Forest 20 5 131

Sutton 21 28 87

Hounslow 2 18 75

Haringey 23 7 101

Redbridge 24 22 75

Rechmond upon Thames 25 33 133

Hullingdon 26 23 103

Enfield 27 16 86

Barking and Dagenham 28 6 68

Havering 29 25 95

Bexley 30 26 103

Harrow 31 27 62

Kingston upon Thames 32 31 55

City of London 33 32 1"

Several Additional Inner Bouroughs 481 18,704,677
Several Additional Outer Boroughs 164 6,392,100
Other 566 28,566,830
London-wide 1214 86,583,750 http://www.storytellingwithdata.com/

Total 6,180 252,883,123 blog/2012/02/grables-and-taphs




Help viewers interpret tables

* Limit and standardize
decimal places

* Emphasize important
values with color, bold
text and annotations

e Sort rows by values

e Turn table into
another chart or a
handout

https://dpt.duhs.duke.edu/files/Group%2011.pdf



Leave out non-story details
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Leave out non-story details
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All the data doesn’t tell a story

A Mixed Recovery

Industries in the health care and energy sectors grew

substantially over the last five years, while jobs in real estate

and construction continued to shrink. Industries that paid in Internet publishing,
the middle of the wage spectrum generally lost jobs. And while broadcasting, search
the economy overall is back to its pre-recession level, it hasn't

added the roughly 10 million jobs needed to keep up with

growth in the working-age population. NEXT»
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http://www.nytimes.com/interactive/2014/06/05/upshot/how-the-recession-reshaped-the-economy-in-255-charts.html




All the data doesn’t tell a story

The Medical Economy

The middle-wage industries that have added jobs are
overwhelmingly in health care. Labs , home-care providers
and dentist offices all pay between $18 and $29 an hour on
average — and all have grown. But these gains have not
offset losses in other middle-wage industries, such as

airlines and construction. NEXT»

Outpatient care centers,
except mental health

OO0 00O e@O0O0o

Home health care
services

Psychiatric and
substance abuse
hospitals

Specialty hospitals (not
psychiatric/substance

Community care facilities abuse)

for the elderly
Blood and organ banks,
h

healt y .
/ acreenings/ programs Offices of physicians
Residential disability

facilities

Increased —

Diagnostic imaging
centers

Nursing care facilities

Jobs since recession

-4— Decreased

-4— Lower Wages Industries Higher Wages —»

http://www.nytimes.com/interactive/2014/06/05/upshot/how-the-recession-reshaped-the-economy-in-255-charts.html




All the data doesn’t tell a story

A Long Housing Bust

Home prices have rebounded from their crisis lows, but home
building remains at historically low levels. Overall, industries
connected with construction and real estate have lost 19
percent of their jobs since the recession began — hundreds of
thousands more than health care has added. Next»
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Original

Percentage of target that never fails the criteria
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Reworked as single plot

Percentage of target that never fails the criteria
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Reworked as
small multiples
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Original
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Reworked

Color Coordinate Distance (Au'v’)
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Reworked

Color Coordinate Distance (Au'v’)
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ColorBrewer for good colormaps

http://colorbrewer2.org/

Number of data classes: 5 i

Nature of your data: i
©sequential (diverging () qualitative

Pick a color scheme:
Multi-hue: Single hue:

I [

i

color transparency

Only show: 5-class YIGnBu
") colorblind safe D N &
) print friendly HEX
—] photocopy safe

#ffffcc
Context: i

: #aldab4

—Iroads [E
 cities m #41b6cd
borders [ § #2c7fb8

#253494
Background:
©solid color
Dterrain
—

140dX3

T 11 7T ]

® Cynthia Brewer, Mark Harrower and The Pennsylvania State University

) source code and feedback
Back to Flash version
Back to ColorBrewer 1.0

{® axismaps

Number of data classes: | 7

i

Nature of your data:
Dsequential () diverging @ qualitative

i

Pick a color scheme:

i (R I

Only show: i | 7-class Set1
—I colorblind safe <,’?4> x -
") print friendly HEX B
| photocopy safe
#edlalc
Context: i
onte - #377eb8
“Jroads M "
T cities [ § #4dafda
borders [ H #984ea3
#ff7f00
Background:
©solid color #ITFE33
terrain . #a65628
[ —
color transparency




Do data have a natural center?

How whites born in 1948 have

leaned politically over their lives %0 e w0 Ts o e e ss .m0 W 0
At age 10 20 30 40 50 60 70
1058 1068 1078 1088 1008 2008 2018
Number of data classes: | 7 i
Nature of your data: i
“sequential @diverging () qualitative
;e;ﬁuoncan" Pick a color scheme:
M»‘gé@l:nlcli HQEH Hiﬂﬂ
AN EISENHOWER FK JOHNSON NIXON FORD | CARTER REAGAN BUSH CLINTON GW. BUSH OBAMA Only show: i | 7-class RdBu

"~ colorblind safe D X ,X D‘g

http://nyti.ms/1kzfR04

average presidential election. Preferences for children are inferred | print friendly

—| photocopy safe

Context:
—Iroads

| cities
borders
Background:

©solid color
Oterrain

T

color transparency

.-

Hex B

#b2182b
#ef8a62
#fddbc7
#f71717
#d1e5f0

#67a9cf
#2166ac




Text to clarity



Keep text horizontal
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http://www.storytellingwithdata.com/2012/09/some-finer-points-of-data-visualization.html




Annotate figures directly

AAPL stock example
Steve
Jobs iMac iPod
Returns Release Release
$150
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$50 3 : SN
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50 T T . T 1
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Netflix
Challenges
HBO at the
2017 Emmys

http://d3-annotation.susielu.com/#examples




Annotate figures directly

Jobs
Returns

Lty HBO

Netflix
Challenges
HBO at the
2017 Emmys

A8 NETFLIX

S P P Y
vesdd an'ny
........
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http://d3-annotation.susielu.com/#examples ame




Use descriptive titles

Active titles summarize trends in the figure and reinforce your
message.

Accuracy versus

Color and Shape

100%
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40%
20%

0%

Control

Color

Shape
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40%
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Accuracy Improved by
Color, not Shape

Control

Color  Shape



