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1.Introduction

It is an international priority that healthcare be equally accessible to all [1-7]. This is because
equitable access to healthcare is strongly linked with reducing ill health and suffering [11]. In
order to provide the population with the best service, it is important for researchers, policy
makers and planners to be aware of current healthcare accessibility needs. Modelling
geographical accessibility in a GIS is one way to assess accessibility needs but there are data
and methodological limitations. At present, spatially aggregated data sets are commonly used.
Datasets are often only available as aggregate data but it is also used as a way of protecting
the privacy of individuals by collating them into a non-identifiable spatial units and reducing
computational and storage requirements [8]. However, spatial aggregation introduces
ecological fallacy by smoothing local variation leading to erroneous results [9]. Anonymised
data linkage systems make it possible to analyse geographical and health data based on
individual residences [10]. Anonymised databanks are, however, relatively new and not a
widely available alternative. It is therefore important to be aware of the error associated with
spatially aggregate data. The method and results presented here contribute towards
quantifying the error associated with aggregate data.

2. Background

Geographical accessibility describes how easily the population can travel to health services
and it is an important and relevant issue in public health [13, 16-24]. In practice, equal
geographical access to healthcare facilities is unrealistic to attain [19]. Health services are
more concentrated in areas that are more densely populated so to serve an optimum catchment
of the population. Usually urban populations have shorter distances to travel to health services
compared to rural populations.

For successful policy and infrastructure planning it is important for researchers to be aware of
current accessibility needs and communicate this effectively to planners. GIS software can be
used to generate meaningful and accurate representations of geographical accessibility to
health services [12-17]. Representations of modelled road networks can be used to calculate
network distances between points; including turns, road and speed limits.
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Anonymised data linkage systems make it possible to analyse geographical and health data
based on individual residences [10]. This data type produces realistic representations that are
less susceptible to bias. A successful example is the Secure Anonymised Information Linkage
databank (SAIL), which uses a split file method to anonymously link environment and health
data [10]. The SAIL databank contains health data for over 3 million Welsh residents and has
been recognised as a powerful tool used in public health research [8, 18]. Spatially referenced
environmental data are anonymised by a trusted third party before linking to individual level
health data using Residential Anonymous Linking Fields [10, 19-21]. This maintains
geoprivacy while allowing trusted researchers to analyse data at individual level within a
secure environment. Perhaps the biggest challenge in encouraging individual level analysis is
the availability of data. Although databanks such as SAIL adhere to data protection legislation
and confidentiality guidelines, many data sets are not widely available at individual level due
to data protection constraints, the lack of available data at this resolution, and computational
problems associated with large datasets [22—24].

Most accessibility studies use data that has been aggregated for small areas. Spatially
aggregated data sets are a popular choice because 1) aggregate data has been used as a way of
protecting the privacy of individuals by collating them into a non-identifiable spatial units; 2)
often the datasets in use may only be available at lower spatial resolutions; 3) aggregation
reduces computational and storage requirements [8]. However, spatial aggregation introduces
ecological fallacy, smoothing local variation, potentially leading to erroneous results [9].

This report takes a novel perspective by calculating network distances from address level data
to nearest GP surgery. These distances are used to represent “real life” distances travelled by
the population. These “gold standard” distances are compared with distances calculated from
centroids of aggregated spatial units. Four different size spatial units are used in distance
calculations. Geometric and population weighted centroid types are used in the analysis. The
difference between urban and rural spatial units are also compared.

3. Data & Methods

The spatial units were obtained from the 2011 UK Census of Population, Office for National
Statistics (ONS) [25]. These were Postcode, Output Area (OA), Lower Super Output Area
(LSOA), and Middle Super Output Area (Table 1.). Postcode data from Postcode Address
File, supplied by Royal Mail, provided boundary polygons for each postcode. The road
network for Swansea was provided by the OS MasterMap Integrated Transport Network
(ITN) Layer [26].

Address points were linked to their containing aggregation units (Figure 1.), retaining the
address point to area level relationships. Geographically and population weighted centroids
were calculated for each boundary dataset. From each centroid, the distance to the nearest GP
surgery was calculated for Euclidean and Network distances. Each address was classified as
Rural or Urban, according to the ONS rurality index.



Table 1. Sample of comparable international spatial unit

Spatial Unit | Average Comparable International Units
Population
Postcode 50 Japan: Prefecture
OA 100 Australia: Meshblock
LSOA 1500 Japan: Municipality
MSOA 7500 USA: ZIP
Codes; Australia; SA2s
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Figure 1. Aggregation unit polygons and the geometric centroids associated with an

example address point. Level of generalisation: A= postcode, B= OA, C= LSOA, D=

MSOA. The total number address points also encompassed by the each polygon are
postcode= 64, OA= 107, LSOA= 657, MSOA= 3422.

4. Results

As the spatial unit size increases, there is a greater distance difference from ‘real life’
distances. Weighted centroids perform better than geometric centroids. Distance calculations
using population weighted centroids have lower range and median values than the distances
calculated using geometric centroids. The lowest errors (RMSE) in the largest spatial units are
calculated using weighted centroids. For every spatial unit size in urban populations,




population weighted centroids perform the best with 4-54% smaller errors than corresponding
geometric centroid distances. Population weighted centroids also have smaller range and
median error values than the distances calculated using a geometric centroids. For LSOAs and
MSOAs, errors are greater by 30.8% and 32.3%, respectively, for geometric centroids and
network distances, compared to geometric centroids and Euclidean distances.

The smallest spatial units (Postcode and OA) have the most accurate representations from
network distances calculations. Euclidean distances perform best at the largest spatial unit
scale.

Urban areas produce less varied distance measures and smaller positional errors than rural
areas. Rural regions see a larger level of positional error in every measure compared to urban
regions.

a. Urban areas using network distance calculations and two centroid types.
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b. Urban areas using Euclidean distance calculations and two centroid types.
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¢. Rural areas using network distance calculations and two centroid types.
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d. Rural areas using Euclidean distance calculations and two centroid types.

=

2 MSOA pomnnm-e | | |ommmmm e 4

PO E——— |

12

E OA e T I it 1

€ Postcode L T I R 4

© \ I \ \ T \ [ I
0 1000 2000 3000 4000 5000 6000 7000

=1

T s i +

8

R — +

2

5 0A e I R i

=
\ T \ \ T \ \ I
0 1000 2000 3000 4000 5000 6000 7000

Distance error (metres)

Figure 2. Distance error represents the difference, in metres, between ‘real life distance travelled’ and
distances calculated for each spatial unit, in rural and urban areas, using Euclidean and network distance
calculations and two centroid types.
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Figure 3. Root mean square error between ‘real life distance travelled’ and the
corresponding centroid location of spatial unit, in meters.

Urban position error (m

Postcode Geom.

OA

LSOA

MSOA

Network 35
Euclidean NA

OA
110 290
210 205

565
240

Weighted
85
415

Weighted
195
220

Weighted
400
260

Rural position error (m

OA

LSOA

MSOA

Postcode Geom.

Network 65
Euclidean NA

OA
286 740
380 370

1895
510

Weighted
150
1220

Weighted
400
435

Weighted
1030
540

Table 1. Positional errors relative to address associated with each aggregate unit type to nearest 5m.
Calculated from median distances. Note that no postcode weighted centroid was calculated because it is

5. Discussion and Conclusions

not a widely used product.

The increased methodological complexity of calculating network distances based on small
spatial units with weighted centroids is justified because of the small associated error for
urban areas (35m, Urban Postcode/ 65m, Rural Postcode). However, distances calculated
using geometric centroids in urban areas do not benefit from more sophisticated network
distances (565m, MSOA Geom Network/240m, MSOA Geom. Euclid). Euclidean distances
perform best at the largest spatial unit scale; providing adequate representations for larger
spatial units (540m, MSOA Rural Euclidean/ 1030m MSOA Rural Network).



Rural areas are likely to introduce positional errors more than double the equivalent method in
urban areas (290m, Urban Network Geom. LSOA/ 740m, Rural Network Geom. LSOA).

Where possible the lowest aggregation unit size should be used for accessibility calculations.
These values can then be summed into larger aggregation units if necessary for representation
at different geographic scales or for linking to lower resolution datasets. It is more desirable to
use individual data than a single point to represent an average value for an area. The former
method will highlight variation within the spatial unit. Calculating accessibility at the
household level allows researchers to aggregate data to any spatial unit required. Ecological
fallacy will be reduced because data may be aggregated centred on each individual/household.

If available, the use of individual level data should be encouraged. Health databanks now
have the facility to link exposures to each residence and then to individual level health data
[27]. If aggregate data are to be used, the unit size being analysed should be recorded and the
associated flaws discussed and justified.
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