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Spotlight: directing users' attention on large displays (2005)

Azam Khan, Justin Matejka, George Fitzmaurice, and Gordon Kurfenbach

We describe o new interoction technique, colled o spotlight, for directing the visual ottention of an audience when viewing
data or presentations on large wallsized disploys. A spollight is simply o region of the display wheve the conlents are
displayed normally while the remainder of the £play is somewhat darkened. In this poper we define the behavior of

spotlights, show unique affordances of the technique, and discuss design chorocleristics. We afso r:gxr on experiments tho!
show the benefit of using the spollight a large display and standard deskiop configuration. Our resufts suggest that the. ..

www.outodeskresearch.com/projects/citeology
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Data graphics visually display measured quantities
by means of the combined use of points, lines, a
coordinate system, numbers, symbols, words,
shading, and color.

Tufte, 1983



Effective data graphics should

1. Show the data

2. Induce the viewer to think about the substance of the data
rather than about graphic design

3. Avoid distorting what the data have to say
4. Present many numbers in a small space
5. Make large data sets coherent
6. Encourage the eye to compare different pieces of data

7. Reveal the data at several levels of detail
from a broad overview to a fine structure

Tufte (1983: 13)
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Selective: Change in this visual variable alone is enough to allow a
symbol to be selected from a group.

Associative: Symbols that are alike in all other ways can be grouped
according to change in this visual variable.

Quantitative: A numerical reading is obtainable from changes in this
visual variable.

Order: Changes in this variable perceived as ordered




Cleveland & McGill’s Results
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ggplot2

Data

Aesthetics

Geom

Facets

Statistics

Coordinates

Themes

variables you want to represent
mapping of data to visual channels

shapes to represent data (point, line, bar)

split on a (hominal/ordinal) variable to generate
small multiples

aggregates using statistical models

plotting space you are using

non-data ink: design with a particular visual
fonts, colours and other design elements.

+ informed defaults
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LAs ordered by share of

Leave
Summary of mappings - specification
data channel aes geom referendum_data %>%
ggplot(data=.,
rank leave X position bar aes(x=reorder(area,-share_leave),
share leave y position bar y=share_leave) +
geom_bar()

0.0

Boston Slough Lamb:e
LAs by Leave



LA share of Leave

0.6

o
~

0.2

0.0

LAs ordered by share of
Leave

0.7
0.6
0.5
0.4

0.3

Boston

LAs by Leave

Lambeth



LA share of Leave
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LAs ordered by share of

Leave
Summary of mappings - specification
0.7
referendum_data %>% 0:6
data channel aes geom ggplot(data=., 0.5
rank leave X position bar aes(x=reorder(area, -share_leave), 0.4
share leave y position bar y=share_leave, 0.3
share leave fill (cont) bar fill=share_leave) +
geom_bar()
Boston Slough Lambeth
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Summary of mappings - specification

aes
X position
y position
fill (cont)
fill (hue)

geom
bar
bar
bar
bar

referendum_data %>%
mutate(margin=share_leave-0.5) %>%
ggplot(data=.,

aes(x=reorder(area, -share_leave), '02

y=margin_leave,
fill=margin_leave) +
geom_bar()
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LAs ordered by geospatial
position



LAs ordered by geospatial
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LAs ordered by geospatial
position

x

Summary of mappings - specification

referendum_data %>%

data channel aes geom ggplot(data=.,
la position X,y position  poly aes(x=easting,
margin size fill (cont) poly y=northing,

fill=share leave) +

margin direction fill (hue) poly
geom_polygon()
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data channel
la position
la area

margin size

margin direction

1

LAs ordered by geospatial

Summary of mappings - specification

aes
X,y position
size

fill (cont)
fill (hue)

geom
poly
poly
poly
poly

referendum_data %>%
ggplot(data=.,
aes(x=easting,
y=northing,
fill=share_leave,
size=area) +
geom_polygon()
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Leave vote by degree-level education
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Leave vote by degree-level education

Summary of mappings - specification

referendum_data %>%

data channel aes geom ggplot(data=.,
share leave X position point aes(x=share_leave,
share degrees y position point y=degree_educated,

size=electorate) +

op size size (area oint .
L ( ) k geom_point()

Share LA with degrees
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Leave vote by degree-level education




Leave vote by degree-level education

faceted bv reaion



Leave vote by degree-level education

Scot faceted bv reaion
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Leave vote by degree-level education

Scot faceted bv reaion
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Summary of mappings - specification

referendum_data %>%

data channel aes geom ggplot(data=.,
aes(x=share_leave,

share leave X position point
y=degree educated,
share degrees y position point size=electorate) +
pop size size (area) point facet _grid(smwgX~smwgyY) +
region plot position pont geom_point()
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Combining information visualization theory and the grammar of graphics to
do and teach modern data analysis
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Combining information visualization theory and the grammar of graphics to

do and teach modern data analysis
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RESEARCH ARTICLE

Locally-varying explanations
behind the United Kingdom’s vote
to leave the European Union

Roger Beecham!, Aidan Slingsby?, and Chris Brunsdon®

'University of Leeds, UK
2City, University of London, UK
*Maynooth University, Republic of Ireland
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Abstract: Explanations behind area-based (Local Authority-level) voting preference in the
2016 referendum on membership of the European Union are explored using aggregate-level
data. Developing local models, special attention is paid to whether variables explain the
vote equally well across the country. Variables describing the post-industrial and economic
‘successfulness’ of Local Authorities most strongly discriminate variation in the vote. To
a lesser extent this is the case for variables linked to ‘metropolitan” and ‘big city” contexts,
which assist the Remain vote, those that distinguish more traditional and ‘nativist” val-
ues, assisting Leave, and those loosely describing material outcomes, again reinforcing
Leave. Whilst variables describing economic competitiveness co-vary with voting pref-
erence equally well across the country, the importance of secondary variables — those dis-
tinguishing metropolitan settings, values and outcomes — does vary by region. For certain
variables and in certain areas, the direction of effect on voting preference reverses. For ex-
ample, whilst levels of European Union migration mostly assist the Remain vote, in parts
of the country the opposite effect is observed.

Keywords: European Union; referendum; multi-level modelling; geographically-weighted
statistics; LASSO; area-based analysis.
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variables distinguishing LAs that are within London and Scotland. The line through the
regression coefficients in Figure 4 and their transparency is determined by 95% confidence
intervals calculated via a bootstrap.

The model created under this LASSO procedure identified six variables. Degree-educated
contributes the largest coefficient effect. Holding the other variables constant, a one per-
cent point increase in the degree-educated population decreases the leave vote by 0.9 percent
points. The fact that Scotland is selected by the LASSO procedure is instructive: there is
something fundamentally different about Scotland, not accounted for completely by census
variables, that lowers preference for Leave (by 16% points after controlling for demograph-
ics). The effect of the EU-born variable is counter to that expected. In Figure 1 the variable
appears negatively correlated with Leave and we speculate might represent economic op-
portunity and relative diversity. After controlling for variation in other demographic char-
acteristics, the model suggests an increase in the EU-born population in fact increases the
Leave vote. Notice, however, the large confidence interval around this coefficient. Given
the resampling procedure used to generate our bootstrap, this interval indicates that the
effect of EU-born is likely to vary across LAs.

4.3 Region-specific explanations implied by local models
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Figure 4: Coefficients for multivariate models fit to data for GB (4a) and super-regions (4b) and
annotated with adjusted R?. Positive coefficients are green, negative purple and colour lightness
varies according to a 95% Confidence Interval calculated via a bootstrap. Note that the GB model
was specified with additional dummy variables for Scotland and London.
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Vega-Lite
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Vega-Lite
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"data": {"url": "data/data_gb.csv"},
"repeat” : {"column": ["degree_educated”, "not_good_health”,
“private_transport_to_work"]},
“spec”: {
"mark": {"type*: "point", "filled": true},
"encoding”: {
"x": {("field": {"repeat®: "column"}, "type”: "quantitative®},
"y"1 {"field": "share_leave", "type": "quantitative"},
"color": {"field": "region", "type": "nominal®}
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Grammar of Interaction

selections
map user input (e.g. mouse moves)
into data queries
which drive conditional encodings, filter data points etc.

"data": {"url": "data/data_gb.csv"},
"mark": {"type": "point", "filled": true},
"selection” : {"picked": {"type": "single",
"encoding": {

"x": {"field": "degree_ educated", "type": "quantitative"},

"y": {"field": "share leave", "type": "quantitative"},

"color": {

"condition":
{"selection": "picked", "field": "region", "type": "nominal"}, "value": "grey"}

on":"mouseover"}},



Declarative Visualization in Python
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Altair is a declarative statistical visualization library for Python, based on Vega-Lite.

With Altair, you can spend more time understanding your data and its meaning. Altair’s APl is

simple, friendly and consistent and built on top of the powerful Vega-Lite visualization grammar.

This elegant simplicity produces beautiful and effective visualizations with a minimal amount of
code.

elm-vega
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Declarative visualization for Elm

This library allows you to create Vega-Lite specifications in Elm providing a pure functional interfa
visualization construction.

The library does not generate graphical output directly, but instead it allows you to create a JSON
sent to the Vega-Lite runtime to create the output. This is therefore a ‘pure' EIm package without
dependencies.

github.com/altair-viz/altair

github.com/gicentre/elm-vega


http://github.com/altair-viz/altair
http://github.com/gicentre/elm-vega

Teaching materials github.com/rogerbeecham/intro-visual-data-analysis/

Paper and code github.com/rogerbeecham/brexit-analysis/


http://github.com/rogerbeecham/brexit-analysis
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