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SUMMARY
This paper presents MicroMaPPAS (Micro-simulation Modelling and Predictive Policy Analysis System),
which is a Spatial Decision Support Systems (SDSS) under development for Leeds City Council. The
innovative feature of this system is the use of spatial microsimulation techniques for the enhancement of
local policy decision making. The paper addresses the relevant data issues and technical aspects of the
linkage of spatial microsimulation modelling frameworks to SDSS and deals with the wider implications
that such a linkage may have to local governance procedures. It will therefore be of interest to local
government policy makers and practitioners as well as to researchers interested in the prospects of policy
simulation models for the enhancement of local decision making and democracy.
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INTRODUCTION
This paper presents a spatial microsimulation-based decision support system. Traditionally,
confidentiality concerns have been the main reason why demographic and socio-economic data on
individuals, despite being collected from censuses and surveys, have not been available for researchers.
Microsimulation is a methodology that attempts to estimate the demographic and socio-economic
characteristics of human behaviour of individual people or households (Clarke, 1996). Ballas and Clarke
(2003) have recently provided a detailed review of the development of the methodology from Orcutt’s
original work in the 1950s (Orcutt, 1957).
In this paper we present a spatial decision support system for Leeds City Council. The system is based on
a microsimulation model which is capable of constructing a list of 715 thousand individuals within
households along with their associated attributes for any point in time, past or future. There are various
different ways of calibrating the model but the results are particularly valuable because they combine data
from different sources to provide estimates of the probabilities that individuals or households will have
particular characteristics and thus create new population cross-classifications unavailable from published
sources. So, for example, it becomes possible to identify individuals with the characteristics of being aged
18, a lone parent, unemployed and living in private accommodation in an area prone to high levels of
crime. Alternatively, households can be identified in the outer suburbs that contain five persons and have
a head of household who is a professional working in another city and earning over £50,000 per year.
Once the long list of individuals and their attributes has been simulated, the individuals and households
(and the attributes which they possess) can be aggregated to any geographical scale which is deemed
appropriate such as output areas, wards or postal sectors for example, or more specific areas designed for
policy implementation such as regeneration areas.
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The system presented in this paper utilises spatial microsimulation techniques to provide a spatial
decision support tool for local council officers. In particular, the system can be used to describe current
conditions and issues in neighbourhoods, predict future trends in the composition and health of
neighbourhoods and conduct modelling and predictive analysis to measure the likely impact of policy
interventions at the local level. The overall aims of the project underpinning the system presented here
has are as follows: (i) to develop a static microsimulation model to describe current conditions in Leeds;
(ii) to enable the performance of ‘What if?’ analysis on a range of policy scenarios; and (iii) to develop a
dynamic microsimulation model to predict future conditions in Leeds under different policy scenarios.
This paper reports progress in meeting the above aims and outlines the associated difficulties and data
issues. In particular, section 2 briefly describes the data used and introduces the combinatorial
optimisation spatial microsimulation technique that has been adopted. Section 3 describes the spatial
decision support MICROMaPPAS system and section 4 offers some concluding comments.

DATA AND METHODS
The spatial decision support system presented in this paper utilises a spatial microsimulation model
which links a wide range of data sets, including 2001 Census data for Output Areas and sample data from
the British Household Panel Survey. The framework for the spatial decision support system presented in
this paper is illustrated in Figure 1.

Figure 1: Data sets and system architecture of the Micro-MAPPAS project

The data sets described in figure 1 are linked on the basis of a spatial microsimulation model which
implements a combinatorial optimisation approach to generating spatially disaggregated population and
household microdata sets at output area (OA) level for the metropolitan district of Leeds as defined in
2001. In particular, the modelling exercise involves the construction of micro-level population using
existing 2001 Census Key Statistics (KS) tables for population and household characteristics of all 2,439
OAs in Leeds together with sample data from the British Household Panel Survey (BHPS), a national
microdata set of household characteristics. The BHPS contains data on different variables (such as
income) for households and their occupants that can be used to derive estimates of ‘new’ variables for
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OAs. The technique we have adopted is known as ‘simulated annealing’ and is distinguished from other
methods such as iterative proportional fitting (Ballas, 2001; Norman, 1999; Ballas and Clarke, 2000).
Simulated annealing involves reweighting the microdata sample from the BHPS so that it fits OA data for
Leeds from the Census. In the first instance, the BHPS microdata set has been reweighted to estimate its
parent population at the micro-spatial scale. The BHPS provides a detailed record for a sample of
households and all of their occupants. The reweighting method can enable the sampling of this universe
of records to find the set of household records that best matches the population described in the KS tables
for each OA.
The actual procedure works as follows. First, a series of Census (KS) tables that describe the small area
of interest must be selected. The next step is to identify the records of the BHPS microdata that best
match these tables. However, there are a vast number of possible sets of households that can be drawn
from the BHPS sample. Clearly, it would be impractical to exhaustively consider all possible sets so this
is where the simulated annealing57 (Ballas et al., 1999; 2003) is used to find a set that fits the target tables
well. The Micro-MaPPAS simulation model builds on a previous computer software known as SimLeeds
(Ballas, 2001) and uses the 10th wave of the BHPS to provide a detailed record for a sample of households
and all of their occupants.
A simple example can be described for clarification. Let’s assume that, according to the Census, in a
particular OA there are 100 households, of which 60 are owner occupiers, 10 are renting from a local
authority (LA) or housing association (HA), and the remaining 30 are privately rented. The simulated
annealing procedure would select a combination of BHPS households that would have tenure
characteristics as close as possible to the actual data. An exact match would be possible if the tenure KS
table is the only ‘constraint’ in the procedure. However, the purpose of using a combinatorial optimisation
technique is to select households that match several KS table constraints. Let’s assume that we introduce
the number of cars by household KS table as a further constraint and that our OA contains 50 households
with 1 car, 20 households with 2 or more cars; and 30 households with no car. The aim of the annealing
would now be to find a set of 100 BHPS households that best fit both tenure and car ownership
constraints. To do this, an initial random sample of records is selected from the BHPS until sufficient
households are represented (i.e. if there are 100 households in the OA, then 100 households will be
selected at random). These records are used to create tables that match the selected target KS tables. An
initial random selection of 100 BHPS households could result in the distribution described in the first row
of Table 1. The total absolute error of 88 is the sum of the differences between the simulated and the
actual Census values on the bottom row.

57

Annealing is a physical process in which a solid material is first melted in a heat bath by increasing the
temperature to a maximum value at which point all particles of the solid have high energies and the
freedom to randomly arrange themselves in the liquid phase. This is then followed by a cooling phase, in
which the temperature of the heat bath is slowly lowered. The particles of the material attempt to arrange
themselves in a low energy state during the cooling phase. When the maximum temperature is sufficiently
high and the cooling is carried out sufficiently slowly then all the particles of the material eventually
arrange themselves in a state of high density and minimum energy (Kirkpatrick et al. 1983; Dowsland,
1993; Pham and Karaboga, 2000; Van Laarhoven and Aarts, 1987). In geography, simulated annealing
has been applied in various contexts for different problems (see for instance Alvanides, 2000; Ballas,
2001; Openshaw and Rao, 1995; Openshaw and Schmidt, 1996; Williamson et al., 1998).
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Household car ownership
characteristics

Household tenure characteristics

1 car

2+ cars

No car

Owneroccupier

LA/HA
rented

Other

Simulation

27

24

49

39

17

44

Census

50

20

30

60

10

30

Absolute error

23

4

19

21

7

14

Table 1: Calculating the absolute error

The task in the simulated annealing procedure is to minimise the total absolute error. In order to do so a
record in the originally selected household set is selected at random and replaced with one chosen at
random from the universe of records. The error is recalculated and the change in error (∆e) is calculated.
If ∆e is less than zero then there has been an improvement and the change is accepted; if not, then exp(∆e/t) is compared to a random number between 0 and 1. If it is greater than the random number, then the
change is accepted; otherwise the change is rejected and reversed. So, in the above example, a randomly
selected household out of the 100 originally sampled would be swapped with another household. Let’s
assume that a LA/HA renting household is swapped with an owner occupier household from the BHPS.
This would result in the reduction of error by 1, as the new owner occupier simulated total would be 40
(instead of 39) and therefore closer to the actual Census total (60 households) and the LA/HA rented total
would be 16 (instead of 17), which is closer to the Census actual total of 10. This household swap would
therefore be accepted. Conversely, if the change increased the error it would be rejected and another
household selected. It is evident from this example that the simulated annealing model is a very
computationally intensive, particularly when several table constraints are introduced.

THE MICRO-MaPPAS SYSTEM
The Micro-MaPPAS software is written in the Java programming language version 1.4, which means that
it can be installed and operated on any computer system and platform. A default set of simulations
generated for OAs is loaded when the system is booted up. The structure of the Micro-MaPPAS system is
illustrated in Figure 1. Through the graphical user interface (GUI), the user has access to various
modules: the model controller, the model diagnostics, the data analyser, the mapping controller and the
scenario builders.
First, the model controller module allows the user to set the parameters for a small area simulation. The
user can set the temperature, the number of model iterations and the number of restarts (Figure 2) and also
apply weights to input tables (Figure 3) using slider bars. A simulation can take several hours to run if
results are required for all OAs in Leeds and if relatively high temperature and large number of iterations
or restarts are selected. It is also possible to run the simulation model for OAs contained within individual
wards or community areas.
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Figure 2: Model controller interface

Figure 3: Weights controller interface
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The model diagnostics module provides details of the accuracy of the microsimulation. It compares the
simulated data for OAs with the actual census variables and produces a set of basic statistics (minimum,
maximum, absolute mean, mean, standard deviation) and also the percentages of values that have been
over-predicted and under-predicted. Each simulation generated has a corresponding model diagnostics
table and Figure 4 illustrates the statistics associated with the single year of age variables from 0 to 12.
The mean error is lowest (closest to zero) for those aged 10 and highest for those aged 12, for example.

Figure 4: Model diagnostics table for simulated data for OAs

It should be noted that the model generates a simulated set of data of individuals but these are never
visible through the interface. The simulated data are aggregated to OAs and the data analyser module
provides a table view of this information (Figure 5). Below the table are a number of buttons that enable
the user to run queries on the OA data to select the information required but also to aggregate the data to
another spatial scale if required. The query builder interface is shown in Figure 5 and, once a query has
been constructed, the results are returned to a table in the bottom half of the data analyser window. As
an example, a query is undertaken which selects the number of individuals in each ward aged between
20 and 30 whose household income is between £20,000 and £30,000. The results of the query are shown
in the bottom section of the data analyser and these can then be mapped.

Figure 5: Data analyser and query interface with age drop down menu in use
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Further, the mapping controls module allows the user to select a variable from a query and map the
results at any of the geographical scales of OA, community area, ward or postal sector. Figure 6
illustrates the mapping of the query relating to persons aged 20-30 with incomes of £20-30,000.
Mapping functions include panning and zooming and symbology editing.

Figure 6: The results of the query as shown in the mapping controller

Finally, one of our immediate priorities is to render the system capable of designing and running
simulations for future scenarios based upon different assumptions about population change in the future,
and also to undertake some evaluation of ‘what if’ scenarios. Thus, we are currently developing two
additional modules: projection scenarios and impact scenarios modules.

CONCLUDING COMMENTS
It has long been argued that spatial microsimulation has a great potential for socio-economic impact
assessment (see for instance, Ballas and Clarke, 2001a) and for the geographical analysis of the impacts
of social policies (Ballas and Clarke, 2001b; Ballas et al., 2003). In this paper we demonstrated this
potential further by presenting the first attempt to link spatial microsimulation modelling frameworks to
Spatial Decision Support Systems (SDSS). In particular, we presented Micro-MaPPAS, which is a system
that added spatial decision making capabilities to a spatial microsimulation model. We believe that
systems such as Micro-MaPPAS can play a very important role in the on-going debates on the role of
potential of new technologies to promote local democracy and electronic decision-making. This paper
addressed the relevant data issues and technical aspects of the linkage of spatial microsimulation
modelling frameworks to SDSS and described the capabilities of the Micro-MaPPAS system. The latter
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has a great potential for local policy analysis and may have wider implications for local governance
procedures. It also demonstrates the prospects of policy simulation models for the enhancement of local
decision making and democracy.
Further, it can be argued that systems such as Micro-MaPPASa model such as SimLeeds developed in
JAVA, which is a platform independent programming language, can be put on the World Wide Web and
linked to Virtual Decision-Making Environments (VDMEs). The latter are Internet World Wide Web
based systems that allow the general public to explore 'real world' problems and become more involved in
the public participation processes of the planning system (Kingston et al., 2000). Systems such as MicroMaPPAS can potentially be used not only to provide information on the possible consequences and the
local multiplier effects of major policy changes but also to inform the general public about these and to
enhance, in this way, the public participation in policy making procedures (Ballas, Kingston and Stillwell,
2003).
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