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This article provides a brief 
introduction to the Area 
Classification of Output Areas. 
The classification uses data from 
the 2001 Census to group the 
223,060 output areas into groups 
of similarity based on their census 
attributes. The classification is freely 
available as a ‘National Statistic’ via 
the National Statistics website.

Introduction

Social Area Classification is the classifying of areas into groups 
of similarity based on the socio-economic characteristics of their 
residents. Geodemographics is a term that has grown in prevalence over 
the last 20 years, with the development an industry that produces small 
scale area classifications (usually at postcode level) for commercial 
purposes such as target marketing and business or service site selection. 

Geodemographics is not just a set of off the shelf consumer targeting 
products it is “the analysis of people by where they live”1. Sleight’s 
definition of geodemographics needs little elaboration as it is simple and 
to the point. Another definition that is worth noting is “Demography 
is the study of population types and their dynamics therefore 
geodemographics may be labelled as the study of population types and 
their dynamics as they vary by geographical area”2. This definition 
identifies the blend of geography and demography that underpins 
geodemographics.

Area classifications provide a unique way of bringing together areal 
patterns from a range of variables, and identify similarities and 
dissimilarities between areas.3 However, the idea of sorting things into 
categories based on similarities is not a new one; the basic premise of 
classification is fairly primitive. The nouns of the English language 
are little more than labels to describe classes into which objects can 
be placed.4 In its widest sense, a scheme of classification represents 
a convenient technique for the organisation of a large dataset to 
enhance the efficiency of information recovery. Class labels describing 
arrangements of differences and similarities between objects provide a 
convenient summary of data.4 
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The notion that distance between locations has an important role in 
determining their similarity is not one that is limited to population 
geography. It is a concept that is fundamental to all geographical 
study. Tobler’s first law of geography states that “Everything is related 
to everything else, but near things are more related than those far 
apart”.5 Geodemographics takes Tobler’s law and gives it a twist, 
using his principle that two houses next to each other are likely to be 
fairly similar and contain people with comparable characteristics. It 
is straightforward to visualise how zones of similarity can be created 
within an individual town or city (indeed geodemographics has its roots 
in single city studies). Building on this geodemographics not only can 
group areas in the same locality, but can also group similar areas together 
which are not geographically connected. There is no reason why an area 
of Bournemouth cannot share similar characteristics with an area of 
Inverness even though they are at opposite ends of the British Isles.

This article outlines the creation and publication of the Area 
Classification of Output Areas, which was released on 29 July 2005 via 
the National Statistics website. The publication represents the first small 
scale area classification published by the Office for National Statistics 
(ONS) following on from larger scale classifications of wards and local 
authorities from the 2001 and previous censuses. The publication of the 
National Classification of Census Output Areas is a substantial advance 
in the field of social area classification. The classification is the first 
such small scale classification of the UK, which is both available free of 
charge and supported by ONS.

Despite this being an unprecedented move for ONS, small scale area 
classification can be traced as far back as 1886 when Charles Booth 
began his study of the Life and Labour of the People of London.6 Area 
classifications have developed in the 120 years since Booth set out on 
his study into what is today called Geodemographics, an industry with a 
£200 million turnover.1 

Output areas (OAs) are the smallest geography at which demographic 
data are released from the 2001 Census. OAs are available for the whole 
UK, but differ slightly in development and definition. OAs replaced the 
previously used enumeration districts (EDs), the difference between 
the two being that EDs were created for the purpose of data collection 
rather than for the publication of outputs. The new OAs were created 
principally for data dissemination. They were built after the collection 
of the census data using the data collected in their design, in order to 
produce a new output geography independent of the data collection 
areas.7

The classification comprises each of the UK’s 223,060 census output 
areas from the 2001 Census. However the design and size of output 
areas does differ between the constituent countries of the UK. There are 
175,434 output areas in England and Wales with an average population of 
297 people and 124 households. Scotland is comprised of 42,604 output 
areas with an average population of 119 people and 52 households. 
Northern Ireland is made up of 5,022 output areas with an average 
population of 336 people and 125 households.6

Creating the classification

The goal of the variable choice for this classification was to select the 
minimum possible number of variables that satisfactorily represent 
the main dimensions of the 2001 Census. The variables were selected 
solely from the 2001 Census. This was the strategy adoped for offical 
classifications based on the 1991 Census.8,9 There are several reasons why 
it was felt that using non-census data would be inappropriate. The census 
is the most complete and reliable socio-economic dataset available in 
the UK.10 No other dataset has the same amount of data with such a 
comprehensive geographic coverage. Another important factor is the 

scale of the data. At present the only substantial body of official statistics 
available at OA level are data from the 2001 Census, therefore to use data 
from other sources would require converting the data from other scales to 
OA scale. Linking of datasets at different spatial scales would create all 
kinds of reliability issues, as discussed by Vickers.11 Complete confidence 
in all data included in the classification is needed if the classification is to 
be published as a ‘National Statistic’.

The classification comprises 41 variables all selected from the Key 
Statistics tables of the 2001 Census. The variable choice for the output 
area classification was done in conjunction with that for the classification 
of statistical wards. This was done to make the two classifications as 
comparable as possible thus aiding the understanding of the user.

By reviewing the census data available at OA level, five main 
domains have been identified: Demographic Structure, Household 
Composition, Housing, Socio-Economic and Employment. An initial 
selection of 94 variables was made covering the main domains of the 
census. This list was then reduced significantly following a detailed 
assessment of each variable. For a more detailed description of 
how the original list of 94 variables was reduced see Vickers et al.11 
The final list of variables was selected to represent the key social, 
economic and population trends within the UK. A number of variables 
raised practical and statistical issues, which meant that they could not 
be included in the cluster creation process. Strong correlations within 
a dataset are undesirable for cluster analysis, because they represent 
data redundancy. A number of strong correlations were found in the 
initial set of variables. Correlations between variables must be carefully 
examined. Highly correlated variables must be judged on the individual 
merits of each variable against every other variable. A decision must be 
made whether to reject a variable based on whether the variable adds 
significant information to the classification, or whether the information 
it contains is already covered by other variables and therefore largely 
redundant.

Methods of clustering and standardisation work reliably with data that 
have a normal distribution. However, highly skewed distributions can 
create problems in both the standardisation and clustering procedures. 
The skew observed most often in census data and the one that causes 
the most problems when clustering is a positive skew. That is to say 
the majority of the data are found at the lower end of a 0–100 scale. 
The most common form of this in census data is when a variable only 
identifies very small sectors of the population. This leads to clustering 
based on absence rather than presence of a particular feature. 

Some variables that show interesting geographic variations are not 
available in all four countries of the UK. For example, the Knowledge 
of the Welsh language question was only asked of residents of Wales. 
Some questions were asked in all countries but their results were reported 
in different ways. An example of this is the religion question, where 
in Northern Ireland the results were reported by splitting the data into 
several different categories of Christian and Other Religion variable, 
in which all other religions were combined. In England and Wales the 
situation was reported in the opposite way by reporting all types of 
Christians into a single variable and reporting other religions separately. 
The religion variable was therefore not included; nor were variables 
derived from questions only asked in the censuses of Wales, Scotland or 
Northern Ireland.

For variables to work in the classification they need to show variation 
over space; otherwise a distinction between areas cannot be made. 
Not all ethnic groups show the same distribution over space. Some 
are distributed fairly evenly others show a more spatially segregated 
population. Peach12 explores this phenomenon by asking the question; 
‘Does Britain have ghettos?’ to investigate to what extent different ethnic 
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groups are dispersed throughout Britain. Peach found that for all groups 
apart from White and Chinese, over 60 per cent of that group are found 
in the four major urban centres. These ethnic groups have a distinct urban 
pattern to their distributions. White and Chinese populations vary less 
significantly over space. 

The longevity of the classification has to be considered as the 
classification is likely to remain the most current ONS area classification 
until a new classification is produced, which is unlikely to be until the 
release of the 2011 Census results. Any variable whose understanding by 
the user may change over the life course of the classification should not 
be included as it may cause confusion. A variable that was considered 
for use in the classification was born in other European Union (EU) 
(excluding UK and Republic of Ireland). On Census Day 29 April 2001 
there were 15 members of the EU; on 1 May 2004, ten more countries 
joined increasing membership to 25 countries. The consequence of this 
is that the Born in other EU variable in the census no longer reflects 
the current membership of the EU. It is therefore easy to see how the 
inclusion of this variable would cause increasing confusion over time, as 
the user maybe unaware of either the time at when the data was created 
or the changing membership of the EU. 

Using the reasoning outlined in further analysis in Vickers et al.11, the list 
of variables to be included in the classification was reduced to 41. The 41 
variables that were used to create the classification are listed in Table 1. 

Variable standardisation

Before any clustering can be done the variables need to be standardised 
over the same range. This ensures that each variable has the same 
weighting on the classification. This is especially important when there 
are different types of data. For example, population density will give 
number of people per an area, whereas detached housing is a percentage 
of all households. The range of the population density is only limited by 
the number of people who can fit into a specified area.

The data were standardised by the method of range standardisation 
between 0 and 1 for each variable. The range standardisation method is 
defined for a variable xi for output area i as:

 Ri =  
xi – xmin                                  (1)

 xmax – xmin

where  xmax
  is the maximum value of  x  and  xmin  the minimum value 

of  x  and  Ri   is the range standard variate. After the data have been 
standardised as above each variable has a range of 1 with the maximum 
value being 1 and minimum value being 0. 

Clustering the data

To form the classification the output areas need to be placed into groups 
of similarity based on their values for the specified census variables. 
This is done using a statistical technique known as cluster analysis. The 
clustering was done using the k-means clustering algorithm. The k-means 
algorithm is a simple non-parametric clustering method, where k stands 
for the number of clusters. The objective of the k-means algorithm 
is to minimise the within cluster variability. The k-means clustering 
function in a statistical package such as SPSS will move objects (in this 
case OAs) between clusters with two specific aims, firstly to minimise 
variation within clusters, and secondly to maximise variation between 
clusters. K-means is one of the most commonly used methods in the 
geodemographics industry.13 

Full list of 41 variables selected for input to the 
classification

Table 1

Demographic

v1 Age 0–4

v2 Age 5–14

v3 Age 25–44

v4 Age 45–64

v5 Age 65+

v6 Indian, Pakistani or Bangladeshi

v7 Black African, Black Caribbean or Other Black

v8 Born outside the UK

v9 Population Density

Household composition

v10 Separated/Divorced

v11 Single person household (not pensioner)

v12 Single pensioner household

v13 Lone Parent household

v14 Two adults no children

v15 Households with non-dependant children

Housing

v16 Rent (Public) 

v17 Rent (Private)

v18 Terraced Housing

v19 Detached Housing

v20 All Flats

v21 No central heating 

v22 Average house size

v23 People per room

Socio-economic 

v24 HE Qualification

v25 Routine/Semi-Routine Occupation 

v26 2+ Car household

v27 Public Transport to work 

v28 Work from home

v29 LLTI (SIR)

v30 Provide unpaid care

Employment 

v31 Students (full-time)

v32 Unemployed

v33 Working part-time

v34 Economically inactive looking after family

v35 Agriculture/Fishing Employment

v36 Mining/Quarrying/Construction Employment

v37 Manufacturing Employment

v38 Hotel & Catering Employment

v39 Health and Social work Employment

v40 Financial intermediation Employment

v41 Wholesale/retail trade Employment 
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K-means is an iterative relocation algorithm based on an error sum of 
squares measure. The basic operation in the algorithm is to move a case 
from one cluster to another to see if the move would improve the sum of 
squared deviations within each cluster.14 The case will then be assigned/
re-allocated to the cluster to which it brings the greatest improvement. 
The next iteration occurs when all the cases have been processed. A 
stable classification is therefore reached when no moves occur during 
a complete iteration of the data. After clustering is complete, it is then 
possible to examine the means of each cluster for each dimension 
(variable) in order to assess how distinct the clusters are.4 The k-means 
clustering algorithm is comparatively simple and works as follows in its 
SPSS implementation:4, 15

1. Choose an initial grouping of objects into the desired k clusters; 
compute the means for the groups over all variables and the sums of 
squared deviations of objects from group means.

2. Move each object from its own group to each other group and  
re-compute the sums of squared deviations (the clustering criterion).

3. Choose the change which leads to the greatest improvement in the 
clustering criterion.

4. Repeat steps 2 and 3 for all objects until no transfer of an object to a 
new group results in improvement in the clustering criterion.

Often, when hierarchical classification methods are used, a k-means 
algorithm is used to check that the cluster solution chosen is the best. 
In this case we use a k-means algorithm, applied many times to each 
tier of the hierarchy, to produce the classification. So conditional on the 
sub-setting adopted and the number of clusters selected at each stage, the 
classification is the best that can be achieved.

The clustering criterion is to minimize the Euclidean sums of squared 
deviations of objects from the cluster mean, Ec which is defined as:
   nc   m

 

 Ec =  ∑  ∑  (Zij – Zcj) 
2                                  (2)

 i=1  j=1

where Zcj is the mean value for cluster c of variable j and Zij is the value 
for object i of variable j and nc is number of objects in cluster c.

Selecting the number of clusters

The classification takes the form of a three tier hierarchy. The first tier 
with the fewest number of clusters would be known as ‘super-groups’. The 
second tier is known as ‘groups’ and the third tier with the greatest number 
of clusters is labelled as ‘sub-groups’. The hierarchy was created by first 
clustering the whole dataset to create the super-group level. Then the 
dataset was split up, and each ‘super-group’ is then re-clustered separately 
to create the ‘groups’. The ‘groups’ are then re-clustered individually to 
create the ‘sub-groups’.

When selecting the number of clusters for use in the classification it is 
as important if not more important to select a number of clusters that 
are most convenient for use in further analysis than a number that most 
accurately reflects what is being depicted. It had been suggested that 
the most useful number of clusters at the ‘super-group’ level would 
be around 6.16 Taking this as a starting point clusters from 2–12 were 
examined to see how the average within cluster distance from centre 
changed. Distance from cluster centre reduces as the number of clusters 
increases, however this does not happen at an equal rate with some 
numbers of clusters being more compact (relative to the number of 
clusters) than others. The solutions that are most compact are the ones 
that show the greatest reduction in the average distance from cluster 
centre in comparison to the solutions containing a greater number of 
clusters. Figure 1 shows how the average distance to cluster centre 
increases as the number of clusters is reduced. Within this range it was 

not evident that there is any significant difference in the increase in the 
average distance from cluster centre, although there appears to be a peak 
at 5 which leaves a choice between 4, 6, 7 and 8. 

Another factor that has to be taken into consideration when choosing 
the number of clusters to use in a classification is the relative size of 
the clusters (in terms of number of members). It is preferable to have 
the clusters as closely sized to each other as possible. For example, if 
creating two clusters from 10 objects, both containing 5 members would 
be a preferable solution. Oppositely, a solution of one cluster with 9 
members and another with only 1 member would be the worst solution. 
This would not have actually created two clusters, but only removed an 
outlier from the original dataset. An explanation using ten objects and 
two clusters is fairly simple, but the principle is true with any number of 
objects and clusters. 

To make sure that the classification did not fall foul of this problem, a 
method of comparing the range of cluster sizes (with a different number 
of clusters) was devised. By calculating the average difference between 
the number of members in each cluster from the mean (the mean is the 
optimal solution as all clusters will have the same number of members), 
it is possible to ascertain which is the best solution in terms of the 
number of members in each cluster. A minimum cluster membership 
target of 50 per cent of the average membership size for each cluster 
levels was set. Therefore if the first level contains 6 clusters the minimum 
size would be (223,060/6) × 0.5 = 18,588. If the middle layer consisted 
of say 25 clusters the minimum target would be (223,060/25) × 0.5 = 
4,461. This target was put in place to try and get groups of fairly even 
sizes, however, it was viewed flexibly. Also smaller groups were allowed 
if it meant that their non-formation would have prevented the splitting of 
a cluster into a lower level. Figure 2 presents how the range in sizes of 
the clusters differed between solutions.

Two separate forms of analysis have been run on the clusters to establish 
which cluster solution is most suitable to represent the ‘super-group’ 
level of the hierarchy. The choice is based on the solution which performs 
well on both tests. 

The 4 cluster solution performs well in Figure 1 but poorly in Figure 
2. The 5 cluster solution performs poorly in both tests. The 6 cluster 
solution performs reasonably in both tests; the 7 cluster solution performs 
reasonably in Figure 1 and well in Figure 2; the 8 cluster solution 

Average distance from cluster centre for different 
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Figure 1

12 11 10 9 8 7 6 5 4 3 2
0.75

0.80

0.85

0.90

0.95

Av
er

ag
e 

di
st

an
ce

 fr
om

 cl
us

te
r c

en
tre

Number of clusters



Nat ional  S tat i s t i cs19

Populat ion Trends  125 Autumn 2006

performs reasonably in both tests. Therefore solutions 4 and 5 can be 
rejected for performing badly in one or both of the tests. This leaves 
cluster solutions 6, 7 and 8 which all performed equally well in Figure 
1, but in Figure 2 the 7 cluster solution out performs 6 and 8 suggesting 
that it is the best solution. Therefore cluster solution 7 was selected as the 
solution for the first level of the hierarchy.

Once the super-group level of the classification had been decided upon as 
containing seven clusters, this then needed to be broken down to create 
the ‘group’ level of the hierarchy. This was done in a similar way to the 
‘super-group’ level, by examining the average within cluster distance. 
However, at the ‘group’ level only two, three or four clusters were 
considered to ensure that the number of clusters reflected as closely as 
possible the target number of clusters of around 20 and that the super-
groups were broken down into a broadly similar number of groups. Also 
taken into consideration was the number of OAs in each cluster, with 
the intention of keeping the clusters as similar in size as possible. The 
‘group’ level was created containing of 21 clusters, splitting cluster 1 into 
1a, 1b and 1c, cluster 2 into 2a and 2b etc. The ‘groups’ then needed to 
be split down again to create the ‘sub-groups’ with a target size of around 
50 clusters. To create the sub-groups the ‘groups’ were spilt into two, 
three or four clusters, again considering the within cluster difference and 
the number of OAs in each cluster. The ‘sub-groups’ number 52 clusters 
by splitting cluster 1a into 1a1, 1a2 and 1a3, cluster 1b into 1b1 and 1b2 
etc. For a more detailed description of the clustering process and how the 
clustering methodology developed over time refer to Vickers et al.11

Naming, describing and visualising the clusters

One of the world’s most underrated art forms must be the naming and 
labelling of the clusters of an area classification. The process can be long 
and drawn out, as everybody will have a different opinion of what to call 
each group. Like much of the rest of the classification process there is no 
right or wrong answer. The objective is to come up with something that 
is thought to be the most accurate and acceptable name to describe each 
cluster. The naming of the clusters is a near impossible task and one that 
always provokes much debate, as if it is done wrongly it can give a false 
impression of the areas within a cluster.

Names and descriptions are a very contentious issue in geodemographic 
classifications. They can become an increasingly sensitive subject as 
the scale gets smaller and the classifications appear to be more person 
than area based. The names could and maybe should be seen as a very 
much a side issue to the whole classification process as no matter what 

each cluster is called it does not alter the variable values of the cluster. 
However, many users of classifications use only the name to get an idea 
of what the clusters are like ignoring any additional information that is 
provided. Names can also be easily pilloried by the media as they provide 
good headlines. Much of the criticism of geodemographics has been 
focused on the names of the groups. Make the name too specific and they 
only represent those areas very close to the centre of the same cluster. 
One could think of this as a form of the ecological fallacy. Users would 
think of the classification as being wrong as they find the very specific 
descriptions unrepresentative of the areas they are studying. Alternatively 
make the names too broad in an attempt to represent all of the areas that 
fall within a cluster and they become too vague and start to sound alike;  
a healthy balance needs to be found. 

It was decided (after discussion between the authors and ONS) that 
the first two levels of the hierarchy would be named and the third level 
would receive a subcategorised name from the second level. It was 
thought that the time taken to develop a set of 52 names for the third tier 
was not justified by the value that they would give to the classification. 
This therefore meant that 28 names needed to be developed to represent 
the first two tiers of the classification, seven for the ‘super-groups’ and  
21 for the ‘groups’.

Two general principles were followed in the naming of the clusters: they 
must not offend residents and they must not contradict other official 
classifications or use already established names. Coming up with 
descriptive, inoffensive names for some areas is easier than for others. 
For a pleasant area it is not such an arduous task as for areas where in 
general few would choose to live. ‘Rural’ and ‘urban’ were not to be 
used as they could cause confusion as the government have produced an 
urban/rural classification at OA scale.17

The names were created by firstly examining the variable values for each 
cluster to establish which variables have high and low values for each 
cluster to establish what kind of areas were represented by each cluster. 
The names given to the previous classifications (LA and ward level) 
and several commercial systems were examined to see what kind of 
names had been used previously. This was done to give guidance and to 
make sure that the names selected had not already been used in another 
classification. Repeating names from another classification system would 
have implications beyond simply being seen to steal someone else’s 
names. Someone who was comparing two classification systems and 
found that two groups had the same name would intuitively assume that 
the two groups were intended to represent the same set of areas/people 
when this is not necessarily the case. The results are shown in Table 2.

Cluster profiles were created for each of the clusters. Each portrait 
is represented by a radial plot which displays the average of the 
standardised values for each variable. An example of these cluster 
profiles is shown for super-group 5 in Figure 3. The numbers on the scale 
represent the difference from the mean value for that variable; therefore 
the mean for all variables is 0. The mean is represented by the middle 
ring at 0, the value of each variable for that super-group can then be seen 
by the amount that the blue line differs from the mean for each variable. 
From the cluster profile we can ascertain that super-group 5 has high 
values for such things as public renting and flats, it has low values for 
such things as detached housing and routine/semi-routine occupation. 
Profiles of every cluster are available via the National Statistics website.18

The final step of the classification, but perhaps the most important is 
to map it and thus bring it to life. Maps give the location back to the 
output areas and show how they are spread across the country, within the 
towns and cities and look for patterns that emerge. Without mapping the 
most important aspects of the classification will be lost. If the location 
and distribution of the different clusters is not known the attributes 
of the people who live inside them becomes just an act of statistical 

The range in the size of clusters when choosing 
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manipulation rather than a useful piece of information. By mapping the 
classification the real essence of the classification can be brought out, 
it comes alive and really starts to mean something, displaying the rich 
tapestry of the social geography of the UK at the start of the twenty-first 
century. The use of additional visualisations such as Ordnance Survey 
maps or aerial photos really help to discover just how the patterns of the 
clusters compare to features on the ground.

Figures 4 to 10 map the output areas belonging to the seven, top-tier 
super-groups, while Figure 11 maps the classification for South and 
West Yorkshire. Super-group 1 (Blue Collar Communities) output areas 
are found in city or town locations throughout the country (Figure 4). 
Super-group 2 (City Living) output areas are found principally in the 
centres of the larger cities (Figure 5). Super-group 3 (Countryside) 
output areas can be found over the greatest area of any top-tier cluster, 
with only the centres of large cities without examples of this Super-
group (Figure 6). Super-group 4 (Prospering Suburbs) output areas 
are found over wide areas of southern, midland and northern England 
being found in most parts of these regions, but with many examples in 
the North East, central Scotland and the Aberdeen area and Northern 
Ireland focussed on Belfast (Figure 7). Super-group 5 (Constrained by 
Circumstances) output areas have a geographical distribution similar 
to Super-group 1, but there are fewer areas where this super-group is 
found (Figure 8). Super-group 6 (Typical Traits) output areas occur in 
all cities and towns through the UK (Figure 9). The final super-group, 7 
(Multicultural) has the most restricted spatial distribution and is largely 
confined to the larger centres in the urban heart of the UK, running 
from London through Birmingham, Leicester and Nottingham to the 
cities of the North West, Manchester and its surrounding towns and of 
West Yorkshire (Bradford, Leeds, Huddersfield) (Figure 10). 

The text continues on page 28.

The cluster namesTable 2

1: Blue Collar Communities

1a: Terraced Blue Collar

1b: Younger Blue Collar

1c: Older Blue Collar

2: City Living
2a: Transient Communities

2b: Settled in the City

3: Countryside

3a: Village Life

3b: Agricultural

3c: Accessible Countryside

4: Prospering Suburbs 

4a: Prospering Younger Families

4b: Prospering Older Families

4c: Prospering Semis

4d: Thriving Suburbs

5: Constrained by Circumstances

5a: Senior Communities

5b: Older Workers

5c: Public Housing

6: Typical Traits

6a: Settled Households

6b: Least Divergent

6c: Young Families in Terraced Homes

6d: Aspiring Households

7: Multicultural
7a: Asian Communities

7b: Afro-Caribbean Communities

Source: Vickers et al.11. Note that these names are the responsibility of the authors and do not 

form part of the National Classification of Output Areas.

Cluster summary of super-group 5: Constrained by CircumstancesFigure 3
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Super-group 1 Output Areas (Blue Collar Communities)Figure 4

Note: The names in brackets are those provided in Vickers, Rees and Birkin (2005). They are not part of the National Statistics Classification Source: Office for National Statistics

London

Source: Office for National StatisticsNote:The names in brackets are those provided inVickers, Rees and Birkin (2005).They are not part of the National Statistics Classification

Orkney Islands Shetland Islands

Classification

1 (Blue Collar Communities)

Figure 4
National StatisticsArea Classification of OutputAreas 2001: Supergroup 1
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Super-group 2 Output Areas (City Living)Figure 5

Note: The names in brackets are those provided in Vickers, Rees and Birkin (2005). They are not part of the National Statistics Classification Source: Office for National Statistics

London

Source: Office for National StatisticsNote:The names in brackets are those provided inVickers, Rees and Birkin (2005).They are not part of the National Statistics Classification

Orkney Islands Shetland Islands

Classification

2 (City Living)

Figure 5
National StatisticsArea Classification of OutputAreas 2001: Supergroup 2
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Super-group 3 Output Areas (Countryside)Figure 6

Note: The names in brackets are those provided in Vickers, Rees and Birkin (2005). They are not part of the National Statistics Classification Source: Office for National Statistics

London

Source: Office for National StatisticsNote:The names in brackets are those provided inVickers, Rees and Birkin (2005).They are not part of the National Statistics Classification

Orkney Islands Shetland Islands

Classification

3 (Countryside)

Figure 6
National StatisticsArea Classification of OutputAreas 2001: Supergroup 3
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Super-group 4 Output Areas (Prospering Suburbs)Figure 7

Note: The names in brackets are those provided in Vickers, Rees and Birkin (2005). They are not part of the National Statistics Classification Source: Office for National StatisticsNote:The names in brackets are those provided inVickers, Rees and Birkin (2005).They are not part of the National Statistics Classification

London

Source: Office for National Statistics

Orkney Islands Shetland Islands

Classification

4 (Prospering Suburbs)

Figure 7
National StatisticsArea Classification of OutputAreas 2001: Supergroup 4


