


Shape of Britain*

Geographic shape of Britain is
understood
The shapefiles provided by
ONS include Scotland and
Northern Ireland
Examples studied will only be
England and Wales
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Shape of Britain* 2

Maps can be coloured to understand
geographic spread
Example here is proportion of residents in
NSSEC 1
Yellows are the higher values - concentrate
around London
Lighter colouration around Manchester is also
seen
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Shape of Data

What is the Shape of Data?
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The Datasaurus (Matejka and Fitzmaurice, 2017)

Imagine a scatterplot for the following data:

Variable Mean Std Dev Correlation
X1 54.26 16.77 -0.064
X2 47.83 26.94

Most will think of the Gaussian cloud, but
no information in the table says that the
data is a Gaussian cloud
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Topological Data Analysis (TDA)

Data has Shape and Shape
has Meaning

Seminal work Carlsson (2009)
Mapper algorithms after
Singh et al. (2007) - Stability?
Applications in dynamic
systems, visualization and
modelling
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Mapping Data

What is meant by Mapping Data?
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Point Clouds

Point Cloud - Set of data points plotted with 1 axis per dimension

Simplest point cloud is scatter plot
We are trained to understand scatterplots
See Cleveland and McGill (1984a,b) for reviews of the “many faces of a scatterplot”
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Key Motivating Arguments for Ball Mapper

Visualising data is an essential phase of the modelling process (Anscombe, 1973)

Humans cannot see in multiple dimensions - dimension reduction

Mapping helps rationalise space - look to map our data

Summary statistics (1st and 2nd moments) are insufficient (Matejka and Fitzmau-
rice, 2017)
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Topological Data Analysis Ball Mapper (Dłotko, 2019)

TDABM “covers” data with “balls” of fixed
radius ϵ (single parameter)
TDABM has advantage of stability over mapper
(Dłotko, 2019; Carriere and Oudot, 2018)
Benefits of visualisation to understand Brexit
(Rudkin et al., 2024)
Capturing trajectories in regional development
time series (Rudkin and Webber, 2023)
Culture and migration (Tubadji and Rudkin,
2025)
Finance (Qiu et al., 2020), Dłotko et al. (2024)
Points in ball are “similar” in all dimensions
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Core Elements of TDABM

Axis Variables - Must be continuous with sufficiently many observations. Would
be plotted using a scatterplot

Outcome Variable - Must be available for each data point

Colouration Function - How should outcome values for each point be combined
within the ball? (default is geometric mean)
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TDABM Setup

Dataset X - N observations on K variables, x1, x2, ..., xk , ..., xK
Point pi , i ∈ [1,N] has co-ordinates x1i , x2i , ..., xki , ..., xKi
Cover B(X ) - pi is assigned to at least one ball Bb(lkb, ϵ).
lk is co-ordinate of point at centre of ball on axis k

l iteratively selected randomly from uncovered points
ϵ - ball radius - only choice parameter
V shown as discs to represent balls - E connect pairs where B(p1, ϵ)∩B(p2, ϵ) ̸= ∅
Produce abstract two-dimensional visualization of B(X , ϵ), G (V ,E )
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An Economic Topology of Brexit

Joint work with Dr Pawel
Dlotko (Discouri Centre in
Topological Data Analysis),
Dr Wanling Rudkin
(University of Exeter) and Dr
Lucy Barros (Cardiff
University)
Also appears as a blog on
“UK in a Changing Europe” in
2019
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An Economic Topology of Brexit 2

Leave percentage by constituency
Concentration of Leave versus Remain

Annotation from Otway and Rudkin
(2024)
London constituencies in right arm
University cities group together
Groups of constituencies form in space
All balls are fully explorable
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Changes in NSSEC

Some levels have been falling (e.g 0), others rising (e.g. 1)
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Changes in NSSEC 2

There is a negative correlation between
no car and having more NSSEC 1
residents than 2011
Group of points to the top right which
go against relationship

Similar story for social rent
Proportion with Level 4 qualifications
is proportional
Colouring shows where the rises in
NSSEC 1 have been greatest
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Changes in NSSEC 3

Variable sf Mean s.d. Min Max
No Car in Household car021 22.85 11.55 7.563 69.72
Full Time Employment efull21 33.97 4.35 21.60 51.70
Health Very Good hvg21 40.55 4.65 29.38 58.63
High Qualifications q421 33.30 8.895 17.50 65.49
Social Rental soc21 16.87 6.763 5.333 47.78
Dummy for Increase in NSSEC 1 dn1p 0.728 0.446 0 1

Variables used in basic example. Dummy is 1 if percentage in NSSEC1 has risen by 2
percentage points
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Changes in NSSEC 2

Proportion with changes in NSSEC 1
above 2 percentage points

Proportion of NSSEC Other increasing
Households without cars highest to the
lower right
Similar colouration for the social rent
but see balls to the lower middle with
high social rent but lower proportions
without a car
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Changes in NSSEC 3

Ball 6 is Battersea, Chelsea and
Fulham, Streatham and Tooting
Ball 13 is Cities of London and
Westminster, Hampstead and Kilburn,
Kensington, Westminster North
Ball 1 contains 79 constituencies
including Altrincham and Sale West,
Beckenham, Woking, Wycombe and
Gower

18 / 25



Changes in NSSEC 4

Are the inferences from TDABM Con-
sistent?
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Changes in NSSEC 4

Proportion with changes in NSSEC 1
above 2 percentage points

Changing the axes to have part-time
work, private ownership, highest
qualifications and good health
Expanded dataset with all previously
used together with students and
private rental
Consistent inference is reached
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Further Work

Resilience - Does regional similarity assist in the preparedness of areas?

Politics - How does the socio-demographic mapping of data align with election
results (Otway and Rudkin, 2024)

Unpaid Care - Patterns of unpaid care provision on the socio-demographic space
reveal clear concentrations

Education Inequality at the Ward Level - Coursework on this years DATA70302
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Summary

Socio-economic phenomenon are the conflation of many factors
Topological Data Analysis Ball Mapper offers new chance to see data
Inference from the BM plots and summaries of the balls
Each ball represents data - can take more characteristics from that data to discuss
Interested in whole picture - BM shows the picture and enables understanding
social phenomena and policy decisions
Mapping Census data reveals patterns and directs further work
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Optimum Radius? Example Datasets

(a) Full Dataset (b) Zoomed Section
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Optimum Radius ? (Full Dataset)
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Optimum Radius ? (Zoomed Section)
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