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Abstract— This paper analyses the 2016 EU Referendum
results, correlates the results with the 2015 General Election
results and aims to further uncover discrepancies in London.
In London, the Referendum was organised into 33 voting
regions, whereas there are 73 Westminster constituencies for
the General Election and 637 wards which provide additional
data of interest. This creates a problem when attempting to
find insight without losing information and attempts have
been made to address this issue and also how the results are
subsequently impacted.

The Referendum and General Election results are correlated
and compared. Using the relationship models which have been
created in an attempt to discover how individual constituencies
and local wards in London voted in the Referendum. Accuracy
and performance of the model is reviewed and suggestions on
how to improve results are made for future work.

I. INTRODUCTION
The United Kingdom European Union membership

referendum took place on the 23rd June, 2016, resulting in
51.9% of votes in favour of leaving the European Union.
Since this date, there has been much debate and analysis
performed to establish the reason, or reasons, for the
unexpected outcome.

A theme of discussion, both before and after, is whether
the leave campaign was driven by anti-austerity and racist
motives [1]. Much analysis has been carried out in order
to discover the reasons for ‘Brexit’ [2]. The common
conclusions suggest that regions of low education, low
income and impoverishment were more likely to support
leaving the EU. This conclusion has drawn a divide between
the ex-industrial North and the prosperous South and more
specifically London.

London is often referenced as being in support of
remaining in the EU. However, there are still large
discrepancies between the London boroughs to explore.

A. Overview of the domains
The majority of the data used has no missing values as

they are publicly available voting results.

London was divided into 33 voting regions, known as
boroughs, used in the Referendum [3]. For each of the
regions the real amount and percentages of remain or leave
votes and the number of rejected ballot papers are known.
The rejected ballot papers are considered void and have not
been counted towards the results and have been removed

as they add no value to the analysis. Performing an initial
analysis shows that central regions were more likely to
vote to remain whereas outer regions voted to leave. This
is particularly true for regions in the east of London and
it is possible to draw some conclusions based on previous
knowledge that are similar to those mentioned on a national
level. In detail, east London is known for being less affluent
than central and western London regions. However, it
remains to be proven that this is the cause of the rise in
leave votes in the east London regions.

The UK general elections regions, known as Westminster
constituencies, are linked to the number of seats in the
House of Commons and within London there are 73 regions.
General elections occur once every five years and provide
historic data with which we can compare the Referendum
results. Comparisons have mostly been made with the most
recent General Election on 7th May 2015 [4] as this offers
the most relevant information. The results have real and
percentage of votes obtained by each candidate for the
constituencies and the party which they represented.

A number of data sets are available for London [5] which
are often organised by even smaller regions, known as
wards. There are 637 wards in London that subset both the
Referendum and the General Election regions. The aim is
to organise the Referendum and General Election data in
such a way to allow the introduction of more variables from
additional sources. It may be possible to use these to prove
or disprove the claims made previously by other analysis
by introducing such variables as age, income, number of
residents from countries and industry types.

For additional anaylsis we have introduced mid-year age
estimate (November 2015) [6] for each ward. Variables
includes the number of people aged from 0 to 90+ and
separated by male and female demographics as well as the
total population estimate of each ward.

In summary, the local wards (extra data) are contained
within the Westminster Constituencies (general election) that
are in themselves contained within the Boroughs (referen-
dum), i.e.:

Boroughs ⊆Constituencies ⊆ LocalWards (1)



B. Hypothesis
The General Election results can be used to estimate

the Referendum results in smaller regions of London.

The results of this hypothesis are further explored and, if
we are able to accept our hypothesis, further estimates are
performed on even smaller regions (known as wards).

To test this hypothesis the following analytic strategy is
taken:

1) Analyse the 2015 and 2010 General Election results
across the constituencies

2) Analyse the Referendum results to observe key trends
across the boroughs

3) Merge the two data sets, grouping constituencies into
the larger boroughs

4) Introduce data of even smaller regions (wards)
5) Merge with the Referendum and General Election data

and perform dimension reduction
6) Look for correlations between the Referendum and

General Elections results
7) Use the correlation to model the Referendum voting

patterns in the smaller constituencies
8) Attempt to apply a similar model on a correlation

within ward regions
9) Comment on accuracy and steps for improvement

C. Initial analysis of the General Elections results
The 2015 General Election results show that the majority

of seats in London were either won by the Labour or
Conservative parties. The Liberal Democrats lost all their
seats in London held 2010 except that of Carshalton and
Wallington in south west London.

Fig. 1. 2010 and 2015 general election results in London [4]

It may seem from this that London is controlled by just
two main parties. However, UKIP has seen a large increase
in votes since 2010.

In 2010, UKIP did not have a candidate in 13 con-
stituencies whereas in 2015 they had one in each London
constituency. Furthermore, the party gained an increase in
each constituency in 2015 compared to 2010. Figure 2 shows
this increase and we will explore the key regions and how
they relate to the Referendum in more detail.

Fig. 2. General election results in London for 2010 and 2015

D. Initial analysis of the Referendum results
As stated previously, we have the results for each borough

in London and will analyse the percentage of leave votes
in each. Within London there are five regions that had a
majority vote to leave:

1) Hillingdon - 56.37%
2) Sutton - 53.72%
3) Bexley - 62.75%
4) Barking and Dagenham - 62.44%
5) Havering - 69.66%
The figure below (figure 3, which is interactive visual

in Tableau) shows the percentage of leave votes in each
borough where the darkest colour indicates regions with
the most votes to leave. The regions with a majority of
its population voting leave stated previously are highlighted.
Certainly it would be possible to make assumptions from the
initial analysis that the whole of east London was heavily in
favour of leaving the EU and we will examine whether this
conclusion is indeed correct.

Fig. 3. Percentage leave by borough of the referendum results in London.



II. DATA WRANGLING
Due to the nature of the voting regions being of dif-

ferent sizes, a complex wrangling issue is generated. As
mentioned previously, local wards are contained within the
constituencies and both are contained within the Referendum
boroughs and steps are required to connect all three. Each of
the following processes were performed in R, predominantly
using the merge function.

A. Merging the General Election and Referendum results
In the 2015 General Election results the variables of

interest are ‘Party’ and ‘Share of vote’. These provide
information on the party each candidate represented and
the percentage of vote they obtained in their constituency.
Subsequently, the data is much ‘longer’ than is required as
there are multiple entries for each constituency. The initial
step is to re-organise the percentage of votes to the parties
(Conservatives, Labour, Green, UKIP and Lib Dems) into
their own variable with their share of vote so that we may
aggregate each constituency into one observation.

To merge our data we must first label each of the 73
constituencies with the borough of which it is a member.
This can be achieved by using matching data available
[7] and using the ‘merge’ function in R and using the
constituencies names as a reference. This creates a new
column in the General Election data that shows the
corresponding Referendum zone for each constituency.

The data sets can now be merged using the new label
as a reference, ensuring that the borough label from the
General Election data exactly matches the boroughs given in
the Referendum results. One example of when this caused
issues was for one data set we had ‘Barking and Dagenham’
and in the other ‘Barking & Dagenham’, although they are
equivalent they are considered different within the scope
of the function and would not match. In hindsight it may
have been optimal to use the reference codes rather than the
names. However, even the codes can be incorrectly assigned
and therefore rigorous checks are required at each stage.

Assuming the data sets are merged without errors, it is
important to aggregate the General Election results as there
are now 73 regions reduced to just 33. Due to the use of
percentages, an average was taken of the constituencies
across the corresponding boroughs.

A number of variables were removed during the merging
process as they offered no value to the analysis. These
included void votes from the Referendum and values that
no longer hold true, such as the winning party for each
constituency from the General Election data (i.e. the variable
does not provide the winning party for the borough when
aggregated). Similar steps were taking to introduce the 2010
General Election results, making sure to differentiate the
variables by the year they represent.

B. Introducing additional data
Introducing data separated by the local wards can be

performed by similar steps. However, as there are over 600
wards it becomes increasingly difficult to ensure that no
errors occur when merging data.

It is recommended that the reference codes for boroughs,
constituencies and wards be used rather than names to
reduce the chance of errors occurring. However, even when
using the codes, there maybe problems, such as being
incorrectly assigned in the domain.

The additional data we have decided to include are the
mid-year age estimates from 2002 until November 2015 for
each ward in London. A decision has been made to only
include the data from 2015 for the most up-to-date results
and to improve comparison to the Referendum and most
recent General Election. This decision is also in reference
to the data being for ages. The estimates from 2002 will,
in theory, shift with the 13 year difference. A notable
consideration is for those aged 70 or older in 2002 are
much less likely to be included in the 2015 data compared
with the younger generation. This highlights why estimates
from previous years are invalid and cannot be used for our
comparison.

1) Dimension reduction: Information about those under
the legal voting age in the UK, age 18, have been removed
as they provide no value for the comparison with voting
patterns.

The data set is very wide as each age is its own variable,
there are almost 150 dimensions. To reduce this amount and
to also make analytical comparison more effective we have
grouped ages into ‘age brackets’. Keeping gender separated,
we now have just 14 variables: ‘m18-25’, ‘m26-35’, ‘m36-
45’, ..., ‘f76+’. It is important for the analysis to preserve
the demographics (age brackets and male and female).
There is no guarantee that the variables being combined
are ‘similar’, however, as we are using population counts
we can simply add the variables in the respective brackets
to produce new totals. This method is optimal for the data
we are using but not for all data. More rigorous methods,
such as Principal Competent Analysis, may need to be used
when additional data is included in the future.

The other key variable, ‘Total ward estimates’, must also
now be updated as counts for those ages below 18 have been
removed. A new variable, defined as ‘Total of eligible voting
ages’, is simply the sum of estimates for each ward. This does
not take into consideration of those ineligible to vote or even
the fact that, in most locations, much of the population chose
not to vote in either the General Election or the Referendum.
An assumption is made for these population estimates to be
representative of each ward and, by using relative (to each
ward) proportions, we consider the data valid for comparison
with the other data sets.



III. ANALYSIS

A. Comparing the Referendum and General Election re-
sults

The initial analysis performed previously on the
independent data shows the General Election results, from
2010 and 2015, and the regions that had a high proportion
of leave votes in the Referendum. We now must look to
find correlation between the two.

1) Initial comparison: UKIP’s success is highlighted in
the General Election analysis due its analytical interest.
However, it is also important to consider some background
knowledge of the party’s goals. A focal point of their
manifesto was anti-EU bureaucracy. A clearly defined aim
was to: ‘Cut the massive burden of EU red tape’ [8]. It is no
surprise then that the Referendum results are correlated to
the support for UKIP in 2010 and 2015. The figures below
shows this correlation where each constituency results are
averaged across the boroughs of which they are a member.

Fig. 4. UKIP’s 2010 and 2015 election results vs referendum results in
London

The dashed line shows the 50% mark for the Referendum
and highlights the five boroughs, mentioned previously, that
had a majority vote to leave.

The graphs show that there is a strong correlation between
the Referendum leave vote and the percentage of votes for
UKIP in the General Election for 2015 but less so for 2010.
This is an interesting result as we already know that the
party had a large increase in votes in 2015 compared to
2010 and confirms the suggestion that this is related to the
interest in Britain leaving the EU as a key aim of UKIP’s
2015 manifesto.

It is important to remember that the maximum proportion
of votes in one constituency obtained by UKIP was only 5%
(Hornchurch and Upminster) in 2010 whereas this increased
in 2015 to almost 30% (Dagenham and Rainham).

The graph for 2015 shows all five regions that were
majority leave in the Referendum have a very large
proportion of votes in the General Election for UKIP.

2) Comparing regions geographically: The graphs
perform well for overall comparison but do not represent the
geographic location for each borough which is important for
the analysis. To best show the correlation at each location
we can use the map visualisation where it becomes clear
that regions supporting UKIP had an increase in the votes
for leave.

Fig. 5. Referendum results in London

Fig. 6. UKIP’s 2010 (1) and 2015 (2) election result in London

These maps show that the outer London regions are more
supportive of UKIP and have a higher proportion voting
leave in the Referendum. The 2015 map is remarkably
similar to the Referendum results map. The 2010 map
shows that certain regions, particularly the north east of
London, have historically had a relatively higher support for
UKIP than the other regions.

The maps used are created in Tableau and are interactive.
This includes another interactive map separated by 637
wards instead of boroughs. These visual representations
provide an effective means to compare the distribution of
correlation to the Referendum results. This means we are
able to add in additional variables or new data sources and
create similar visualisations to support any future analysis.

These visualisations have been particularly useful in order
to discover if errors have occurred in the data wrangling
and, more specifically, the merging steps. If a mistake had
been made then the plot will clearly show the region that
has been incorrectly merged as being the wrong colour
and/or label.



3) How has UKIP’s increase in popularity in each
borough affected the Referendum results?: To calculate
the relative percentage increase of UKIP support in each
borough the following formula has been used:

((2015%−2010%)/2010%)∗100 (2)

where 2015% and 2010% are the proportion of votes (as
a percentage) obtained by UKIP in the 2015 and 2010
General Elections respectively.

We are then able to plot the increases for each constituency
against the percentage leave vote in the Referendum. An
attempt is made to see if there is a correlation between
constituencies that had a large increase in UKIP support
and the boroughs of high support for leaving the EU.

Fig. 7. Comparison of the increase in UKIP support from 2010 to 2015
to percentage leave votes in the Referendum

The figure has been separated into two colours that
demonstrate the boroughs in 2015 that had greater and less
than 5% of the votes for the UKIP candidate. The regions
which are greater than 5% represent all the regions that now
have more support than the constituency with the largest
proportion of votes for UKIP in 2010.

Some boroughs have seen an increase of over 800% in
support for UKIP since 2010 However, there seems to be
little correlation between the increase and the percentage of
leave votes in the Referendum.

4) Are UKIP’s results from the 2010 General Election
relevant?: It is increasingly clear that the 2010 results have
far less value to the analysis than the 2015 results. This lack
of meaningful information from 2010 is due to a number of
reasons:

• The maximum vote obtained in any constituency is 5%
and it is hard to distinguish trends when the range of
values is so small

• 13 constituencies did not have a candidate and are
considered to be ‘0%’ and affect the results when
averaged across boroughs

• The percentage increase in support for UKIP is skewed
by certain locations being so low in 2010 and, sub-
sequently, having little correlation to the Referendum
results

• In general, the 2010 UKIP results have less correlation
to the Referendum results than in 2015

Indeed it seems that the Referendum leave support is
correlated to UKIP’s strength. However, it seems more likely
that the cause of this correlation is the other way round than
the order would suggest. That is, rather than the referendum
(in 2016) gaining support from the increased support of
UKIP (in 2015), UKIP has gained increased strength in the
build up to 2016 due to their pressure to have a Referendum
and for Britain to leave to EU. It will be interesting to see if
UKIP’s support over the next few years diminishes in London
now that the Referendum has been completed.

B. Fitting a model to estimate Referendum results in
constituencies

It has been established that the 2010 General Election
results for UKIP add little value to the analysis and,
therefore, we will use the 2015 General Election results for
UKIP.

1) Linear regression model: The correlation between
the UKIP 2015 General Election results and the proportion
of leave votes in the boroughs provides a good method to
apply a linear regression model. This will then be used to
estimate the leave proportions in the constituencies. Linear
regression has been chosen as it provides sufficient results
whilst also being the simplest method at this stage.

Applied to the correlation gives the following straight line:

Estimate = 1.95(UKIP 2015%)+23.52 (3)

Fig. 8. Regression model fitted to UKIP 2015 results and the percentage
leave from the Referendum

The model has a correlation coefficient of 0.86, which
means that the model explains 86% of the response data
around its mean. Likewise, we have a very low p value of
1.30e-10, and can conclude that the UKIP vote proportions
in the 2015 General Election are significant.



2) Accuracy of model (1): We can now use the linear
regression model to estimate the proportion of leave votes
for each of the 73 constituencies, see appendix table for
results. To confirm that these estimates are valid, we can
compare the estimate to the actual percentage leave votes
in three locations that are both a constituency and a borough.

TABLE I
COMPARISON OF ESTIMATE ON CONSTITUENCIES AND ACTUAL

REFERENDUM RESULTS

Constituency Actual Estimate
City of London 24.71% 33.67%

Richmond 30.71% 33.09%
Westminster 31.03% 30.94%

The table shows our prediction is effective in estimating
the proportion of votes for leave in the Referendum. The
City of London region is not as accurate and is due to the
nature of the region. ‘The City’, as it is known, has the
lowest population of any borough with only 4500 ballots
cast in the Referendum. It is in the centre of London and
previous analysis found that central regions were much
less likely to vote leave. Knowledge of The City being the
financial centre and a very affluent housing area of London
further supports the lower than expected leave percentage.

When attempting to classify each constituency into the
binary result ‘Leave’ or ‘Remain’ (>50% or <50%) the
model error causes uncertainty. Deviations as little as
0.1% can cause incorrect classifications when observing
constituencies close to 50% leave. Any model produced
will have this problem and, if this was our primary goal,
we may need to use additional methods to try and solve
this. The model could be improved but there will always be
some errors. The logical step is to consider those very close
to the 50% to be ‘evenly split’. The deviation between the
real amount of leave and remain votes in these regions is
so small that these constituencies do not provide enough
information to correlate to other findings.

C. Fitting model to estimate referendum results in wards
It is now possible to apply a similar method to the

proportion of ages groups and gender against the percentage
leave in wards. We have performed Pearson product-moment
correlation coefficient analysis across all of the 14 age
variables and discovered that the variable of females aged
76 and over has the highest correlation to percentage leave.

Applying linear regression again we have the line:

Estimate = 7.87( f 76 plus%)+9.72 (4)

This time the model is not as accurate. We still have a
p value less than 0.05% at 4.50e-04% and the correlation
coefficient is 0.71 (or 71%). Although this correlation
coefficient is 10% smaller than before, it suggests that the

variables chosen are suitable to make estimates in the wards.

1) Accuracy of model (2): Unfortunately we are not
able to check our results as we did before as no wards are
large enough to be equivalent to a borough. Instead we
will compare the results of the boroughs mentioned in our
initial analysis as those that had a majority vote to leave
in the Referendum. To achieve a comparison a weighted
average (using the estimate of females aged 76 and over)
of the ward estimates over the borough of which they are
members is compared to the actual Referendum results.

TABLE II
COMPARISON OF ESTIMATE ON WARDS AND ACTUAL REFERENDUM

RESULTS

Borough Actual Weighted avg of ward estimates
Barking and Dagenham 62.44% 43.41%

Bexley 62.75% 59.22%
Havering 69.99% 63.39%

Hillingdon 56.37% 47.91 %
Sutton 53.72% 51.89%

The table shows that our model produces estimates that
have a large variation in error. Although the method for
comparison is not ideal it still gives a clear indication that
estimates for some regions, such as Barking and Dagenham,
are not optimal. Our estimates would suggest that two out
of the five boroughs, when estimates are aggregated from
the corresponding wards, actually had a majority vote to
remain instead of leave.

The figure below shows our model fitted to the correlated
percentage remain and proportion of females aged 76 and
over in the boroughs.

Fig. 9. Regression model fitted to count of females aged 76 by borough
and over and the percentage leave from the referendum



IV. CONCLUSION

The hypothesis for this paper is: ‘The General Election
results can be used to estimate the Referendum results in
smaller regions of London’. We have shown in our analysis
that this statement holds true and can therefore be accepted.
Whether the estimates produced are accurate is debatable.
However, now we have shown that it is indeed possible to
produce estimates, using wrangling techniques, the model
can be continually improved.

A large amount of this paper has been designated to
organising the data itself rather than producing accurate
results. This has been due to the time taken when introducing
new data, especially data on the 637 ward regions.

Visualisation techniques have been used, where
appropriate, to show the distribution and correlation
of key variables. The visualisations were also fundamental
in the continuous checking process of the wrangling section.
Any errors that occurred were highlighted on the maps.

The initial hypothesis has been confirmed. However, the
secondary aim to apply a similar method on smaller regions
has been much more problematic. The data used had a
good correlation to the Referendum results but it seems
to create inaccurate estimates. This is most likely due to
using the use of the boroughs, which are much larger, to
provide estimates the much smaller wards. This makes it
particularly difficult to find a correlation that can be used
to effectively create a model that will represent the interests
of the individual wards.

To reduce this problem it would be preferable to either
use the constituency as a ‘bridge’, relying on a very strong
correlation between this and the Referendum results, or to
find more informative data about the wards and introduce
more relevant variables.

One method to improve the ward data is to utilise
the geographic location as a variable to correlate with
the Referendum results. Figure 11 (appendix) shows the
distribution of percentage leave votes of the Referendum
boroughs using the City of London as the central point.
This locations are in vector form (latitude and longitude)
and a scalar distance measure can also be produced for each
borough and likewise for the constituencies and wards.

The new variable, ‘Distance from the City of London’,
connects the boroughs, constituencies and wards as they
are each defined by the same geographic locations. The
analysis performed shows that this distance has correlation
to the percentage of leave votes in the Referendum and is
something that would be extremely valuable to use in any
further analysis.

Finding more relevant data will indeed improve the
estimates and using this alongside an improvement of

the model itself will yield better results. More variables
would be included into each model rather than applying a
simple linear regression. Applying multivariate regression
analysis, or more advanced methods, and testing to improve
parameter selection will is most likely improve the estimates.

It has been shown that it is possible to create estimates
for the Referendum for both the constituencies and wards
in London. It is then possible to apply similar methods to
create estimate across the rest of the UK. If these were
to be improved and accurate results obtained then detailed
analysis may conclusively uncover the cause(s) of ‘Brexit’.
This would put a stop to inaccurate assumptions being
made or analysis that is highlighting differences between
large regions of the country. Most of the published analysis
does not make use of correlations within regions that offer
enough detail to draw concise conclusions. In every borough
has discrepancies that need to be explored in understanding
the Referendum results.

V. SOFTWARE USED

Jupyter Notebooks was used extensively in all of the data
organisation.

The majority of wrangling was performed in R. The
merge function mentioned previously allowed us to bring
combine the Referendum, General Election and ward data
sets.

Tableau was used to create the interactive map
visualisations. Each borough and ward is geographically
referenced by its longitude and latitude and then the regions
are mapped out. Additional data was added and linked by
borough or ward respectively to visualise the variables.

Python was used in generating the plots, NumPy, PyPlot,
Pandas and Plotly (graph in appendix) were all used.
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VI. APPENDIX

TABLE III
ESTIMATES OF PERCENTAGE LEAVE FOR EACH CONSTITUENCY USING

UKIP 2015 RESULTS IN A LINEAR REGRESSION MODEL

Constituency UKIP 2015% % Leave estimate
Barking 22.2 66.89
Dagenham and Rainham 29.8 81.73
Chipping Barnet 7.8 38.75
Hendon 5.2 33.67
Finchley and Golders
Green

3.4 30.16

Erith and Thamesmead 17.3 57.31
Bexleyheath and Crayford 21 64.54
Old Bexley and Sidcup 18.2 59.07
Brent North 3.9 31.13
Hampstead and Kilburn 2.8 28.99
Brent Central 3.9 31.13
Bromley and Chislehurst 14.3 51.45
Beckenham 12.5 47.94
Orpington 16.7 56.14
Lewisham West and
Penge

7.8 38.75

Holborn and St. Pancras 5 33.28
Cities of London and
Westminster

5.2 33.67

Croydon South 10.5 44.03
Croydon Central 9.1 41.29
Croydon North 5.4 34.06
Ealing Central and Acton 3.8 30.94
Ealing, Southall 4.1 31.53
Ealing North 8.1 39.34
Enfield, Southgate 4.6 32.51
Edmonton 8.1 39.34
Enfield North 9 41.10
Eltham 15 52.82
Greenwich and Woolwich 8.3 39.73
Hackney South and
Shoreditch

3.8 30.94

Hackney North and
Stoke Newington

2.2 27.81

Hammersmith 4.4 32.11
Chelsea and Fulham 5.1 33.48
Tottenham 3.6 30.55
Hornsey and Wood Green 2.2 27.81
Ruislip, Northwood and
Pinner

10.9 44.81

Harrow West 4.4 32.11
Harrow East 4.8 32.90
Romford 22.8 68.06
Hornchurch and Upmin-
ster

25.3 72.94

Hayes and Harlington 12 46.96

.. ..

TABLE IV
CONTINUED...

Constituency UKIP 2015% % Leave estimate
Uxbridge and South Ruis-
lip

14.2 51.26

Feltham and Heston 12.6 48.13
Brentford and Isleworth 5.6 34.46
Islington North 4 31.33
Islington South and Fins-
bury

7.6 38.36

Kensington 4.5 32.31
Richmond Park 4.2 31.72
Kingston and Surbiton 7.3 37.78
Dulwich and West Nor-
wood

3.1 29.57

Vauxhall 2.9 29.18
Streatham 3.2 29.77
Lewisham East 9.1 41.29
Islington North 4 31.33
Islington South and Fins-
bury

7.6 38.36

Kensington 4.5 32.31
Richmond Park 4.2 31.72
Kingston and Surbiton 7.3 37.78
Dulwich and West Nor-
wood

3.1 29.57

Vauxhall 2.9 29.18
Streatham 3.2 29.77
Lewisham East 9.1 41.29
Lewisham, Deptford 4.2 31.72
Mitcham and Morden 9.5 42.07
Wimbledon 5.1 33.48
West Ham 7.5 38.17
East Ham 5 33.28
Ilford North 8.9 40.91
Chingford and Woodford
Green

12.9 48.72

Ilford South 5.2 33.67
Leyton and Wanstead 5.8 34.85
Twickenham 4.9 33.09
Bermondsey and Old
Southwark

6.3 35.82

Camberwell and Peckham 4.7 32.70
Carshalton and Wallington 14.8 52.43
Sutton and Cheam 10.7 44.42
Poplar and Limehouse 6.1 35.43
Bethnal Green and Bow 6.1 35.43
Walthamstow 6 35.24
Battersea 3.1 29.57
Putney 4.6 32.51
Tooting 2.9 29.18
Westminster North 3.8 30.94

A. Distribution of females aged 76 and over

..

B. Distribution of percentage leave votes in the referendum



Fig. 10. A) Map visualisation for distribution of females aged 76 and over

Fig. 11. B ) Bubble chart to show the distribution of boroughs that voted
to leave in the referendum


