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Abstract 

In their current form, geodemographic classifications are created without the knowledge of the 
contiguity structure of the geographic units. Spatially weighted geodemographics is created by adding 
spatial contiguity constraints, in addition to the attribute information, in the geodemographics building 
process. This paper presents a summary of our research to date in this area and describe a procedure 
of creating spatially weighted geodemographic classifications. 

 

1. Introduction 

Geodemographic classifications are created by the cluster analysis of multidimensional socio-
economic data. In their standard form, clustering algorithms do not account for spatial associations of 
the neighbourhood entities. Thus the final geodemographic classifications produced are not location 
aware. However, geodemographics gets power from Tobler’s First Law of Geography which states 
“Everything is related to everything else, but near things are more related than those far apart” (Tobler 
1970). Thus the socio-economic characteristics of neighbouring areas are expected to be similar than 
those of the distant areas. Incorporation of the spatial contiguity constraints could result in 
geodemographics where the two residential neighborhoods that are close to one another are most 
likely to be similar than the ones that are more geographically separated. Thus the procedure of 
creating the classifications account for both the socio-economic characteristics and spatial weights of 
the geographical areas.  

K-means clustering algorithm has remained the core algorithm for the computation of 
geodemographic classifications. In addition to k-means, several other algorithms have been proposed 
over the last two decades. However, they all deal with the case of independent data. Local measures 
of spatial autocorrelation, Local Moran's I (Anselin, 1995) and local Getis-Ord statistics (Getis & Ord, 
1992), give a basis for assessing the spatial clusters. These measures provide a way to assess 
univariate variables in the dataset based on the knowledge of geographical entities, whether close to 
one another or geographically separated. These methods combined with the standard k-means 
clustering algorithm enable us to create location aware geodemographic classifications. This paper 
provides preliminary work towards the creation of spatially weighted geodemographic classifications. 



 2. Measures of Spatial Autocorrelation 

Spatial autocorrelation is multidirectional and multi dimensional in nature, and thus it is complex than 
the normal correlation. (Boots, 2002) describe that there are global and local measures of spatial 
autocorrelation which can be used according to the problem definition. If a summary of spatial 
autocorrelation of entire region is required, then global measures are useful. However, local measures 
are useful to identify hotspots or local clusters in the dataset. A spatial autocorrelation is expected to 
be positive when similar values occur in two adjacent neighbourhoods, and vice versa. 

Moran's I is a well know global measure of spatial autocorrelation. Moran’s I is calculated as a ratio 
of the product of the variable of interest and its spatial lag, with the cross product of the variable of 
interest, and adjusted for the spatial weights used. 
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Where  is the i-th observation,  is the mean of the variable of interest, and  is the spatial weight 

of the link between i and j. Centering on the means is equivalent to asserting that the correct model 
has a constant mean, and that any remaining patterning after centering is caused by the spatial 
relationships encoded in the spatial weights. 

Global measures of spatial autocorrelation are useful when the spatial dependence is uniform over the 
study region because they emphasize on the average spatial dependence of the study region. If the 
underlying spatial dependence is not uniform or the size of the study region is large, then global 
measures may not be quite useful. This is essentially the case in creating geodemographic 
classifications, where different variables may not be uniformly distributed over all the geographical 
areas. Also, geodemographic classifications are created at very finest geographical levels e.g. 
Postcode or Output Area levels in the UK. Hence, global measures of spatial correlation may not be 
representative in this case. Local measures of spatial correlation are useful in this scenario because 
these measures aim at identifying patterns of spatial dependence within the study region (Boots, 
2002). 

There are different version of local measures of spatial autocorrelation. Local Moran's I and Getis-Ord 
statistics are famous once. Local Moran’s I was proposed by Anselin (1995) and it is defined as 
follows: 
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For any i=1,…., n. large positive  values indicate local clustering of data values around the i-th 

location. However, large negative values indicate that the sign of data value at i-th location is the 
opposite to those of its neighbours. 

 



Getis-Ord statistics was defined by Getis and Ord (1992). It is based on the definition of a 
neighbourhood for each location given by those observations that fall within a critical distance.  
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Where  is the (i ,j)-th element of a symmetric binary matrix of spatial weights,  i.e.   is 1 for 

neighbouring locations and 0 elsewhere.  

Local measures of spatial autocorrelation provide a basis for assessing and analysing the presence of 
spatial clusters. However, these measures are univariate in nature i.e. they operate on one variable at a 
time. But geodemographic classifications are created by the cluster analysis of multiple variables. 
Therefore, an automatic clustering procedure which optimize some criterion for the identification of 
clusters of spatial units based on both attribute information and their contiguity structure is required.   

The next section builds up a case study of creating a spatially weighted geodemographic classification 
by using a local measure of spatial autocorrelation i.e. Getis-Ord statistics. 

 

3. Building Spatially Weighted Geodemographics 

This section builds up a case study of creating a spatially weighted geodemographic classification by 
using Getis-Ord statistics. 2001 Census inputs to the National Statistics Output Area Classification 
(Vickers & Rees, 2007) aggregated at Ward level were used for this purpose. Greater London was 
used as the study area.  

For this case study, two variables "Rent (Public)" and "2+ car household" from 2001 census data, 
aggregated at Ward level for Greater London, were used. Following figures (1-2) show the 
distribution of data for these two variables in Greater London. 



 

Figure 1: Distribution of data for the variable "Rent (Public)" 

 

 

Figure 1: Distribution of data for the variable "2+ cars households" 



Our suggested way of computing spatially weighted geodemographics classification has following 
steps: 

a) Create spatial weights for the geographical areas 

b) Construct new variables by applying local measure of spatial autocorrelation 

c) Find the optimal number of cluster solutions 

d) Perform cluster analysis on the spatially weighted variables  

 

3.1 Create spatial weights for the geographical areas 

Creating spatial weights is the first step in performing an autocorrelation analysis. The process 
determines the set of neighbours for each geographical area and then assigns weights to each 
neighbourhood relationship.  

The following figure (3) shows the use of k-nearest neighbour technique to determine the neighbours 
of the 633 wards in Greater London. K-nearest neighbours method constructs a neighbourhood matrix 
by assessing the spatial context of a fixed number of its closed geographical areas. K (the number of 
neighbours) = 4 was used as the input, and K-nearest neighbour method uses 4 closed neighbours to 
the target geographical area in the computation.  

 

 

Figure 3: Determining Neighbours of each geographical entity (K=4 neighbours) 

 



After constructing the neighbourhood matrix, a distance constraint of was used to construct the final 
spatial weights. 

 

3.2 Construct new variables by applying local measures of spatial autocorrelation  

In this step, Getis-Ord statistics (Getis and Ord, 1992) was used to construct new variables. Getis-Ord 
statistics is explained in detail in section 2 of this paper. "Rent (Public)" and "2+ car household" 
variables from 2001 census data, aggregated at Ward level for Greater London, were used. These two 
variables were used in combination with the spatial weights matrix created in the previous step (3.1). 
The output of the Getis-Ord statistics are the variables which account for both the socio-economic 
characteristics and spatial weights of geographical areas.  

 

3.3 Finding the optimal number of clusters  

(Vickers & Rees, 2007), citing the reduced average distance to the cluster centre when the number of 
clusters was incremented, picked seven clusters when building the OAC geodemographic 
classification for United Kingdom. Bearing this point in mind, following figure (4) plots the change in 
'within sum of squares' by incrementing 'number of clusters', obtained by running k-means on the two 
spatial weighted variables created in the previous step (3.2). 

 

Figure 4: Within sum of squares by number of clusters 

 

K=4 could be taken as a desirable number of clusters. Reductions in the 'within sum of squares' figure 
are not great from k=4 to k=10. 
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3.4 Perform cluster analysis on the spatially weighted variables  

K-means was used to cluster the two spatial weighted variables variables into homogeneous groups. 
K-means seeks to find a set of cluster centroids that minimises expression (4) below. 
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Where n is the number of clusters, yµ  is the mean centroid of all the points xz  in cluster y. The k-

means algorithm assigns a set of n seeds within the data set and then proceeds by assigning each data 
point to its nearest seed. Cluster centroids are then created for each cluster, and the data points are 
assigned to the nearest centroid. The algorithm, then, re-calculates the cluster centroids and repeats 
these steps until a convergence criterion is met (usually when the switching of data points no longer 
takes place between the clusters).  

The following figure (5) shows the result of the k-means applied to the two spatially weighted 
variables.  

 

 
Figure 5: Output of the Cluster Analysis 

 



The result shows a clear grouping of areas closer to each other. The final outcome of the cluster 
analysis incorporates both the attribute information of the variables and the contiguity structure of the 
neighbourhood areas. 

 

4. Conclusion and future work 

This paper has presented preliminary work towards the creation of spatially weighted 
geodemographic classifications. A series of steps, important for the creation of location aware 
geodemographics, have been explained. The procedure is the implementation of k-means clustering 
algorithm applied to a set of variables expressing local spatial autocorrelation.  

Because this technique was applied to two variables, future work will involve the implementation of 
the same methodology on large number of variables e.g. 41 census variables (Vickers & Rees, 2007).  
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