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ABSTRACT: This paper presents a novel method of creating and updating geographical population
microdata. In particular, it presents a prototype modelling technique which forms a component of the
SimBritain modelling project. The paper first briefly discusses some of the key conceptual and practical
issues involved in microsimulation, in particular highlighting the differences between spatial and aspatial
microsimulation models. The paper then outlines a potential alternative to fully stochastic event-driven
spatial dynamic microsimulation. This alternative uses longitudinal data to produce and project Generic
Household Spaces Through Time (GHOSTs), all within a spatial modelling framework. To this end the
paper first outlines how to derive GHOSTs from longitudinal data, then explains how the attributes of

these GHOSTs can be projected forward in time.
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1. INTRODUCTION

One key distinction between microsimulation
models, rarely noted in the literature, is that
between spatial and aspatial microsimulation.
Microsimulation has a long history in economics
which led to the acceptance of the microsimulation
method as a standard tool for the evaluation of
economic and social policy and in the analysis of
tax-benefit options and in other areas of public
policy (Falkingham and Lessof, 1992; Hancock
and Sutherland, 1992; Harding, 1996a; Mitton et
al., 2000; Sutherland and Piachaud, 2001). The
standard non-geographical microsimulation
models now rest upon solid foundations built-up
through systematic research by economists over
the last forty years. However, during that period
geography has been persistently ignored by
microsimulation researchers, for several reasons:

e lLack of good quality geographical data: there
were very few sources of geographical socio-
economic data. Even today population
microdata, which form the baseline datasets
used by economic microsimulation models,
lack small-area spatial coding

e Computational intensity: the incorporation of
geography into standard microsimulation
models increases significantly the
computational demand

e Concerns with simulation accuracy

e Belief that geography is not important

e Unfamiliarity —with geographical data and
methods

Some of these problems have been recently
tackled due to an accelerating growth in the
volume, variety, power and sophistication of the
computer-based tools and methods available to
support urban and regional analysis and policy-
making. Developments in hardware and software
systems have enabled significant advances to be
made in the storage, retrieval, processing and
presentation of spatially referenced data. There
has also been significant progress in the
development of Geographical Information Systems

(GIS) for socio-economic applications (see for
instance Longley et al., 2005). Further, there has
been an increasing availability of a wide range of
new geographical data sources in both the public
and private sectors and an increased power and
portability of personal computers (Bertuglia et al.,
1994; Birkin et al., 1996).

Recently many spatial models (such as spatial
interaction models and location-allocation models)
have been developed that have shed new light on
patterns and flows within cities and regions. These
models, when combined with relevant
performance indicators, have been very useful in
measuring the quality of life for residents in
different localities (Bertuglia et al., 1994; Clarke
and Wilson, 1994). However, relatively little is
known about the interdependencies between
household structure or type and their lifestyles,
including the events they routinely participate in
and hence their ability to raise and spend various
types of income and wealth. The modelling of
interdependencies requires a different level of
urban and regional system representation.

In this context, spatial microsimulation offers a
potentially powerful framework for policy analysis.
Adding spatial detail to traditional microsimulation
involves creating a microdata set, as well as using
it. There are very few sources of geographically
detailed microdata sets, so there is a need to
create these datasets using static geographical
microsimulation techniques. It is interesting to
note at this stage that economists would probably
not use the term microsimulation for the creation
of a microdata set, whereas in geography, most of
the effort in microsimulation models had been in
constructing good quality geographically
disagaggregated population microdata.
Geographical microsimulation techniques involve
the merging of census and survey data to
simulate a population of individuals within
households (for different geographical units),
whose characteristics are as close to the real
population as it is possible to estimate.
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In contrast, dynamic microsimulation involves
forecasting past changes forward to produce as
best an estimate as possible of individual's
circumstances in the future (O’'Donoghue et al.,
2009; Holm et al., 1996; Mertz, 1991). Both static
and dynamic microsimulation models are typically
underpinned by probabilistic or deterministic rules
(Williamson, 2007; Ballas et al., 2005a,b).

This paper presents one of the dynamic
components of SimBritain, which is a spatial
microsimulation model, aimed at generating and
projecting small area microdata in Britain. The
paper draws on and builds upon recent work
(Ballas et al., 2005a, 2007) and is structured as
follows. Section 2 briefly reviews the aims and
objectives of SimBritain and describes the method
that it uses to generate small area microdata.
Section 3 presents a novel method of updating the
survey microdata and also describes a regression
framework for the projection of continuous and
non-continuous variables. Section 4 offers some
concluding comments

2. THE SIMBRITAIN PROJECT

At the root of SimBritain lies a relatively simple
idea: that by using information from a relatively
small number of people - for example from a
sample or panel survey - and combining it with
unrelated information from an extensive large-
scale enumeration - such as the decennial Census
of Population - it should be possible to add value
to the survey microdata set and extrapolate its
findings over both space and time (Ballas et al.,
2005a). Much of the methodology underlying
SimBritain is well-established. However it is
important to recognise that all microsimulation
models incorporate error. Even static spatial
microsimulation models - those which model
patterns or behaviours across space at one point
in time - will not produce exact matches when
tested against independent data. When these
static models are made dynamic, projecting
estimated variables into the future, the scope for
error increases. In these circumstances it is
important that the assumptions underlying the
projections are both defensible and readily
interpretable.

The basic methodology underlying the static
spatial microsimulation component of SimBritain
relies upon a technique known as iterative
proportional fitting (Mosteller, 1968). SimBritain
uses the iterative proportional fitting method in a
reweighting fashion to generate an estimated
small area microdata on the basis of the British
Household Panel Survey (BHPS) and the Census of
the UK population (Ballas et al., 2005).
Specifically, we use samples of households from
the BHPS and record their values in each of our
six dimensions of interest — region, demography,
household type, economic position, housing
tenure and car ownership. We then decide upon
the geographic area we are interested in
modelling and the spatial units for which we wish
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to produce estimates. We then use the Census of
Population to determine, for each spatial unit, the
number of households falling into each category
across our six dimensions of interest. A series of
iterations is next performed, area by area,
dimension by dimension. At each step, the
weighted contribution of each BHPS household is
adjusted so that, for a given spatial unit the sum
of all household weights across a given dimension
matches the corresponding Census total. Once a
convergent set of weights emerges - typically
after a dozen or fewer iterations — we have a list
of household weights for each spatial unit, the
weight being the number of times that household
is represented in the simulated population for that
area.

More information on this “deterministic
reweighting” spatial microsimulation methodology
is provided by Ballas et al. (2005a, 2007). This
method represents an alternative to reweighting
methods that involve random number generator
reweighting approaches such as simulated
annealing (first applied in such a context by
Williamson et al., 1998). The method has also
been used in combination with a small area
population projection technique in order to
estimate small area microdata for future points in
time (by reweighting the survey data to the
projected future dimension totals), thus adding an
“implicitly dynamic” dimension (Ballas et al.,
2005a). This modelling framework can also
perhaps be described as a “dynamic model with
static ageing” (for a detailed discussion of
different types of microsimulation models see
Harding, 1996b; O’Donoghue, 2001; Dekkers,
2003), and has been used to produce small area
microdata for various points in time that can be
used for policy analysis (Ballas et al., 2007). For a
report on-going developments and refinements of
the original method see Smith et al. (2009).

The key drawback of this framework is that it does
not exploit the longitudinal nature of the BHPS.
SimBritain was intended to eventually be a
dynamic microsimulation of Britain that would fully
exploit the panel nature of the survey data
available to us to project existing trends into the
future (i.e. to make use of the full set of year-on-
year observations captured for each household,
rather than simply exploiting a particular cross-
sectional view of that household). However, two
difficulties with this approach became apparent,
following plausibility testing. First, the idea of
allowing households to ‘move around’ SimBritain,
constrained only by known and projected patterns
of migration within the UK, proved impossible,
primarily because of the lack of suitable migration
data. A dynamic spatial microsimulation model, to
work, has to incorporate migration, emigration,
and immigration processes which can rapidly
change the nature of small area. Second, the idea
of ‘splicing’” household histories together, thereby
extending for example a ten-year household
record from the BHPS through to 2021, came up
against fundamental difficulties of household
definition, exacerbated by the effects of attrition
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upon panel surveys. The “splicing” idea was, to
put it simply, to join the end (2001) of a
household, in a household with similar
characteristics in 1991 and use that to project
forward to 2011.

In an attempt to overcome these difficulties, we
developed the concept of a GHOST: a Generic
Household Space through Time. Instead of
making the household our centre of attention we
concentrated instead upon the household spaces
within which those households live. By moving
away from the idea of ageing households over
time and instead concentrating upon filling
notional buildings with the sorts of households
that typically inhabit them, we are able to use far
more of the data in the panel survey, exchanging
emphasis on consistency within a household’s
history for plausibility in the history of the spaces
which households inhabit. The following section
discusses this process in some detail, developing a
set of GHOSTs for Wales for the period 1991-
2021. Section 4 then goes on to describe how
these entities can be used for projection purposes.

3. CREATING GENERIC HOUSEHOLD SPACES
THROUGH TIME

3.1 Exploiting observed household histories
In order to exploit the panel nature of the BHPS, a
method of creating household histories, which
could be used to populate areas was developed. A
BHPS life history database is relatively simple in
concept: a row for each household and separate
columns for each year for which data exists. A
third dimension would contain whatever variables
of interest are selected. @ When a household
ceased to exist the row would cease and when a
new household formed a new row would be
created. Insofar as the composition of the country
was changing, this would be reflected in the
varying proportions of households of different
types present in the database.

The task of creating these histories raises a critical
question of definition. The standard definition of a
household used in the BHPS and the Census is
cross-sectional: the sharing of facilities at a given
point in time. However, there are arguments
about what constitutes a “longitudinal” household,
given that the address or the composition of a
household might change over time. As such, the
question arises whether a household remains the
same unit, given that individual household
members may have left, due to death or moving
out. By contrast new household members may
enter the household over time, such as through a
new birth or persons moving in.

One of the most extensive discussions of
operational longitudinal household definition is
provided by Ernst et al. (1984). In particular they
concentrate on definitions in terms of what they
term Same Householder, where a household is
defined by reference to the head of household and
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Reciprocal Majority, where a household is defined
by reference to the proportion of household
members who are present in the household at
time t and at time t+1. The difficulties with the
first approach relate to the definition of the head
of household, which for most statistical purposes
pays greater attention to economic activity than
household continuity; and with the second that it
can produce somewhat arbitrary results depending
on the size of the household and the time period
employed.

An alternative approach is provided by Frick and
Haisken-DeNew (2001) using the German Socio-
Economic Panel. They concentrate on change of
address as the critical factor in identifying
household dissolution and formation. Specifically,
new households evolve when one or more
individuals leave a pre-existing household and
become resident at a new address. The drawback
of this approach is that, as the authors recognise,
“after several years a ‘household’ might consist of
totally different persons than in the first wave”.
However the identification of change of address as
one element in a possible definition leads to a
focus on the spatial dimension. Much of the
literature reviewed had as its fundamental concern
the dynamics of household formation and change.
The perspective here is somewhat different. The
concern is not so much with household processes
per se, rather with their effects on the
composition of local areas through time. If the
emphasis is shifted from the household to the
space in which that household lives, then a
simpler approach can be adopted.

Specifically, the result is a database not of
household histories, but rather of household space
histories. As soon as the emphasis is shifted from
the social to the physical the problem becomes
much easier to conceptualise. What we are
creating are thirty-year histories for a set of
generic household spaces; while these are not
identifiable dwellings, they can effectively be
thought of as such, and over time they may see
many changes in household composition. The
resulting transition and new building, demolition
and vacancy are also simpler to deal with than
migration. The remainder of this section presents
an illustrative example of using this method in
Wales.

3.2 Creating GHOSTS for 1991-2000

The initial aim is to create a GHOST - a Generic
HOusehold Space through Time - covering the
period 1991-2000. It is generic, in that individual
dwellings are not differentiated, but rather
dwelling types; it concentrates on household
spaces, defined as the physical spaces within
which household units live; and it is considered
through time (ten years in this case).

How are these GHOSTs created? The starting
point is the BHPS 1991-2000. This contains
information on all the households interviewed over
that period of time. Unfortunately it does not
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1991 1992 1993 1994 1995 1996 1997 1998 1999 2000
OSH ahid Bhid chid Dhid ehid Fhid ghid hhid ihid jhid pid
101 101 201 301 401 501 601 701 801 901 1001 P1
102 102 202 302 402 502 602 702 802 902 1002 P2
103 103 203 303 403 503 603 703 803 903 1003 P3
104 104 204 304m 404 No con. 604 704 804 refusal no con. P4
105 105 205 305 Refusal refusal Refusal X X X X P5
106 106 206 306 406 506 606 706 806 906 1006 P6
107 107 207 307 407 507 607 707 807m 907 1007 P7
107 | not HRP | not HRP | not HRP | not HRP | not HRP | no con. no con. 808m 908 1008 P8
109 109 Refusal refusal X X X X X X X P9
109 | not HRP 210m 310 410 510m 610 710 810 910 1010 P10
109 X 211m 311 X X X X X X X P11
112 112 212 312 412 512 612 712 812 912 1012 P12
113 113 213 313 413 513 613 713 813 913 1013 P13
114 114 214 314 414 514 614 714 814 914 1014 P14
115 115 not HRP 315 not HRP | not HRP | not HRP | not HRP | not HRP 915 not HRP | P15
115 not HRP 216 not HRP 416 516 616 716 816 not HRP 1016 P16
117 117 217 317 417 517 617 717 817 917 1017 P17
118 118 218 318 418 518 618 718 818 918 1018 P18
119 119 219 319 419 519 619 719 819 919 1019 P19
120 120 220 320 420 refusal 620 720 no con. | nocon. | nocon. | P20

NOTES: not HRP - not Household Reference Person; no con. — no contact; for guide to variable names see text.

Figure 1 Individual interview histories for twenty Welsh members of the BHPS

identify the buildings in which these people live
(while there are person identifiers and household
identifiers there is no dwelling identifier).
However it does contain information on various
characteristics of the property (notably tenure,
number of rooms and dwelling type) as well as the
local authority area and whether individual
members of the household have moved in the last
year. Hence change or stability in dwelling may
be inferred. On this basis it is possible to create a
set of GHOSTs for Wales to cover the period 1991-
2000.

3.2.1 Extracting histories of senior household
members

The first step is to identify all senior household
members who at any time during the period were
interviewed in Wales. The household response for
each year? is established and a record is created
for each household reference person® or spouse?
or partner® or other person recorded as head of
household®. For each of the above individuals
interviewed a full history of their interviews,
whether in Wales or not, and of the households to
which they belonged at the time is extracted.

Figure 1 lists a sample of twenty such individuals
together with their personal identifying number
(pid) and their household identifying number (hid)
at each wave. It also contains a newly derived
variable called OSH or Original Sample Household.
This is similar to the BHPS concept of OSM
(Original Sample Member) in that every person
interviewed in the BHPS is interviewed because
they themselves were interviewed in the first
wave (they are OSMs) or because they are
currently in the same household as an OSM. The
OSH is simply the first BHPS wave household
identifier (BHPS variable ahid) for that OSM.
When sorting out household histories the OSH is
an invaluable indicator because it helps to

disentangle some of the more complicated
household histories (for example where members
of families split off from original households only
to rejoin at a later date) as well as clarifying
apparent discontinuities in histories (for example
where the family reference person changes
between times despite no change in household
composition, or where it is the result of the gain
or loss of a member of another generation).

Some of the cells in Figure 1 are shaded gray: this
indicates either that although the individual was
interviewed in the identified household, (s)he was
not the head of household, household reference
person (hrp) or spouse/partner at that time - eg
pid P8 in wave a; or although an attempt was
made to interview the person this was not
successful - eg pid P9 in wave b. Where no entry
appears in a cell this is because the individual did
not appear on the interview schedules: either
because the individual had been dropped by the
BHPS (because of death, emigration, repeated
refusal etc) - for example pid P9 from wave d
onwards; or because (s)he was not an OSM and
was not at that time living with an OSM - eg pid
P11 in wave a. Changes of address are denoted
by the suffix m.

The real value of these data will become apparent
when household space histories are created, but
Figure 1 also demonstrates some of the difficulties
in assembling ‘simple’ household histories from
panel data such as the BHPS. For example, OSH
115 did not move during the ten years of the
study, but did contain varying numbers of people
throughout that time. Furthermore two
individuals were identified as household reference
person at different times and with no apparent
consistency: the parent (P15) was accorded that
status in waves a, c and i, whereas the child (P16)
was HRP in the remaining waves. By organising
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1991 1992 1993 1994 1995 1996 1997 1998 1999 2000
ahid Bhid Chid dhid ehid Fhid ghid hhid ihid jhid
101 201 301 401 501 601 701 801 901 1001
102 202 302 402 502 602 702 802 902 1002
103 203 303 403 503 603 703 803 903 1003
106 206 306 406 506 606 706 806 906 1006
112 212 312 412 512 612 712 812 912 1012
113 213 313 413 513 613 713 813 913 1013
114 214 314 414 514 614 714 814 914 1014
115 216 315 416 516 616 716 816 915 1016
117 217 317 417 517 617 717 817 917 1017
118 218 318 418 518 618 718 818 918 1018
119 219 319 419 519 619 719 819 919 1019
107 207 307 407 507 607 707

807 907 1007
104 204
304 404 no con. 604 704 804
210 310 410
510 610 710 810 910 1010
105 205 305
808 908 1008
109
211 311
120 220 320 420 no con. 620 720

NOTES: no con. — no contact

Figure 2 Individual household space histories derived from Figure 1

the data as shown in Figure 1 it becomes possible
to identify the continuity which exists beneath
apparent instability and underlines some of the

potential pitfalls facing a mechanistic
implementation of the Same Householder
approach.

3.2.2 Constructing household space histories
(1991-2000)

The next step is to convert these household
interview histories into household space histories,
a process which is achieved in two stages. As
discussed above, a rigorous definition of
household is not necessary: the ultimate aim is to
create a history of each household space rather
than household histories. However this
methodology is effectively based upon the Same
Householder approach described by Ernst et al.
(1984), though with a (necessarily) flexible
approach to the identification of the appropriate
householder.

The first part of the process, represented in Figure
2, involves the separation and reordering of the
various individual household histories identified
above. First, any household which was identified
in all waves of the study and which did not move
address during those ten years is accorded a
single row. Second, those household histories
interrupted by changes of address are listed in
consecutive rows with a new row for each new
address. Finally come the remaining interview
responses, with a row for each.

In terms of the twenty histories already identified
in Figure 1 this produces: first, the eleven
continuous household histories which did not
involve a change of address (which in the case of
OSH 115 involves the collapsing of two rows from

Figure 1 to one in Figure 2); second, the sole
example of a continuous history incorporating one
change of address, producing two rows in Figure
2; and third, the seven remaining rows from
Figure 1 which produce nine rows in Figure 2
because of the two changes of address affecting
chid 304 and ehid 510 respectively. In terms of
the entire Welsh subset of the BHPS, this
approach distinguishes 140 households which
were identified for ten years and which did not
move during that time; 45 households (covering
102 rows) that have a full history but which did
move; and the remaining interview responses
which between them cover over 800 cells,
equivalent to a further 80 ten-year household
histories.

The second part of the process, represented in
Figure 3, involves the compression and
combination of information from the movers to
create virtual histories for those household spaces
which at the moment are represented by
fragments. The first eleven rows of Figure 3
correspond to the first eleven rows of Figure 2,
with household id information replaced by a code
providing information on the dwelling in which the
interview took. These rows are shaded gray to
indicate the match with corresponding cells in
Figure 2. It is worth noting that despite the fact
that none of these households reported moving,
there are not infrequent changes in household
space information (which as the accompanying
key explains, consist of information on tenure,
dwelling size and type). Some of this will be real
(changes in tenure or the building of extensions to
homes, for example), but the remainder must
reflect coding/response errors either in the
household space information or else in the
question on moves. For present purposes any
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hs91 hs92 hs93 hs94 hs95 hs96 hs97 hs98 hs99 hs00
132 132 132 121 132 122 132 132 112 122
121 121 121 121 121 122 121 131 121 121
222 222 222 222 222 222 222 222 222 222
121 121 121 121 121 121 121 121 121 121
121 121 121 121 120 121 120 121 121 121
130 131 131 131 131 131 131 131 131 131
121 122 122 122 122 122 122 122 121 122
122 122 122 122 122 122 122 122 122 122
111 114 111 111 111 111 111 111 111 111
121 122 121 121 111 122 121 121 121 122
120 121 121 121 121 121 121 121 121 121
122 122 122 122 122 122 122 122 122 122
123 123 123 123 123 123 123 123 123 123
223 223 223 322 | 321 [ 322 322 322 322 322
131 131 131 131 0 131 131 131 | 131 131
222 | 232 222 212 212 222 222 222 223 323
222 212 212 222 222 212 212 212 212 212
222 223 223 | 223 223 223 223 223 223 | 223
331 331 321 311 312 | 322 322 322 322 322
222 222 222 222 222 222 222 222 222 222
122 122 112 | 131 131 | 113 112 113 113 113
120 121 121 111 0 111 111 I 111 111 111

Notes:

First digit Second digit Third digit

0 no information 0 no information 0 no information

1 owner occupied 1 <=3 rooms 1 detached

2 social rented 2 4/5 rooms 2 semi-detached

3 other rented 3 >=6rooms 3 Terraced

4 flat or maisonette

Figure 3 Generic household space histories derived from Figure 2

apparent changes in household space information
have been ignored and it has been assumed that
the question on moves was correctly answered.

The first seven cells of the twelfth row reflect the
actual history of OSH 115, but as pid P7 moved
between waves g and h (from a semi-detached to
a terraced house) the virtual history for the semi
is completed by the history of another household
which moved into just such a dwelling in wave h.
The history is virtual, in that the chances are
infinitesimally small that the move was into the
exact same dwelling, but there is a perfect match
on tenure, dwelling type and size. The remainder
of pid P7’s history appears in the next row, where
it complements that of another Welsh household
which lived in a terraced house until moving
between waves g and h. The key issue here is
that, although the chances of these histories
applying to actual dwellings is unlikely, in
aggregate they provide a plausible and unbiased
estimate of all changes in an area.

Figure 3 provides five further examples of perfect
matching on household space variables while the
remaining four rows contain a close, but not
perfect match. In the first such example in Figure
3 (row 14) an otherwise perfectly matched history
is completed by the incorporation of one year’s
data from a detached, rather than a semi-
detached dwelling, in both cases privately rented
with 4/5 rooms.

In terms of the entire Welsh subset of the BHPS,
in addition to the 140 household spaces containing
residents who did not move over the ten-year
period there are: a further 66 rows which have
been produced by perfect matching of household
space descriptors; another 38 rows where the
match is perfect on tenure but where there is a
small difference in one of the other elements - a
semi rather than a detached house or a small one
rather than a medium-sized one; and 11 further
rows where greater liberty has been taken with
matching (but where two-thirds or more of the
history for each row is consistent and whose
inclusion helps to redress what would otherwise
be a bias against rented tenures). This leaves
some 140 cells (approximately 5% of the total
valid interview record for Welsh households in the
BHPS) which could not meet this standard. As a
result of this flexible matching strategy the
sample contains a changing profile of household
spaces which (more or less) matches the changing
profile of Welsh household spaces over the ten
years in question, for all households in Wales.

From Figures 1 to 3 it should be clear how we
have now created a representation of change in
Wales with 255 household space histories covering
the period 1991-2000. They are generic, in that
115 of them do not refer to the same physical
dwelling, but each contains contemporaneous
information.
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3.3 Creating household ‘histories’ for 2001-
2020

The next task is to project these histories through
time: to project the 255 household space histories
through to the year 2020. This is done in two
stages. First the 255 GHOSTs for 1991-2000 are
projected forward to 2010. The process is then
repeated to project forwards another 10 years to
2020.

To project foward to 2010 the existing household
space histories (from Figure 3) are duplicated and
copied to their right thereby producing ten more
columns (hs01-hs10). Then the pre-existing half
of the table (columns hs91-hs00) is sorted by
hs00 and the new half of the table is sorted by
hs01. Within each category of hsO0 and hs01,
rows are further sorted by income so that the less
affluent households appear first and the most
affluent at the end of each respective category.

If there had been no change in the relative
proportions of the different combinations of
household space characteristics, there would be
an identical match between hs00 and hs01 for
each row in the table. In our Welsh sample all but
thirty of the 255 rows are matched. Furthermore,
because of the sorting by income, similar
households (as well as household spaces) are
matched.

Where there is no match between hs00 and hs01,
the net was cast wider to allow for perfect
matches between hs00 and hs02 or between hs99
and hs01 - this produces another 24 pairings.
This still leaves six cases where no acceptable
match was possible. This is inevitable given the
changing profile of household spaces over time;
indeed it is somewhat remarkable that as few as
six out of 255 Welsh histories failed to pass the
matching test. In these six cases the 2001-2010
history was produced by duplicating six records
already matched - in each case using that record
which perfectly matches on household space
characteristics and most closely matches on
income.

The second stage, taking the projections through
to 2020, is achieved in analogous fashion. In
total, 226 of the 255 rows are perfectly matched,
23 are matched on a best-fit basis, while another
six histories were produced by duplication. This
results in the 255 Welsh GHOSTs covering the
period 1991-2020.

3.4 An illustrative history

As an example of what the generated household
space histories mean in practice, consider the
GHOST which had OSH 117 as its founder
member. The household which lived in this
smaller than average owner-occupied detached
house in 1991 comprised a single pensioner who
continued to live alone in the same house right
through to 2000. The successor household for
hs01 also comprised a single pensioner. However,
within two years that pensioner had married and
the couple continued to live in the same house for
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the next six years. No interview was achieved
with the couple in wave h and hence new
occupants were used to fill the generic household
space. The new household comprised a married
couple with their three children who provide the
history for hs09 and hs10. The successor
household for hsi1 was similar to that in hs10,
though with one fewer child. This situation
persisted up to and including hsi4, after which
one of the parents left, leaving a single-parent
household with two dependent children to live in
the house up to and including hs20.

This example serves to illustrate the important
characteristics of the approach. In this case a
plausible history is generated for the household
space in question. This will not always be the
case, of course, with discontinuities concentrated
at the changeover points between 2000/2001 and
2010/2011. Nevertheless many of the histories
are credible and can be used to illustrate the
nature of change affecting household spaces over
time. Furthermore it should be noted that the
primary use of GHOSTs is to provide plausible
area estimates over time, the concomitant
aggregation involved subsuming any
inconsistencies in individual histories within the
resultant aggregate spatial statistics.

4. PROJECTING CHANGES IN HOUSEHOLD
ATTRIBUTES

While a methodology for populating household
spaces over time is a necessary condition for the
success of SimBritain, it is not sufficient. For this
to be achieved we also need to provide a
methodology for updating household attributes.
This methodology falls into three parts.

At the moment, the household occupying a
specific GHOST in, say, 2009 has the attributes of
a real household interviewed in 1999. In a first
step, therefore, the six known constraint variables
for that household are used to predict the
expected value of the variable of interest in 2009
for that ‘type’ of household (section 4.1). In a
second step, account is taken of the deviation of
the actual from expected 1999 value to produce
the 2009 projection (section 4.2). Finally, account
must be taken of projected compositional changes
in local area populations (section 4.3).

4.1 Projecting changes in
household attribute values

For household attributes that are a time-invariant
function of the external ‘compositional’
constraints, the reweighted GHOST estimates
should provide plausible projections. However, an
additional step is required to update the values of
other household attributes, such as income or
personal computer (PC) ownership, that are time-
variant functions of the constraint variables. The
approach outlined here adopts a general
regression framework. To test this approach, it
was decided to use existing data from the BHPS to
model changes in two examples: household

expected
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income (strictly speaking log of household income
thereby compensating for income’s positively
skewed distribution and minimising the biasing
effect of extreme values) and personal computer
(PC) ownership in Wales.

4.1.1 A regression framework for continuous
variables

Initial modelling involved the specification of ten
equations for the dependent variable
(log(income)), one for each wave. This allowed
not only the general level of the dependent
variable to change over time, but also the pattern
of dependence. However, it left the task of using
the information from the ten models to project
patterns into the future. In the course of trying to
devise an appropriate methodology it became
clear that an alternative, conceptually far simpler
approach, was also available (Singer and Willett,
2003).

Consider the following set of simplified equations
for the first three waves of the BHPS:

LOG(INCOME wave a) = a + b11REGION +
b12CAR + b13TENURE

LOG(INCOME wave b) = a + b21REGION +
b22CAR + b23TENURE

LOG(INCOME wave c) = a + b31REGION +
b32CAR + b33TENURE

If an additional variable, WAVE, is specified then
data from waves a, b and c can be combined
within the same model as follows:

LOG(INCOME) = a + bOWAVE + b1REGION +
b2CAR + b3TENURE

The advantage of this model is that it pools the
data from the three waves, thereby increasing the
reliability of the parameter estimates. The
disadvantage is that the effect of each dependent
variable is held constant over time. Thus whereas
the first approach allows for changing patterns of
relationship between dependent and independent
variables (for example, the increasing gap in rates
of PC ownership between car owners and non-car
owners over the course of the ten waves), the
second approach does not. The solution to this is
to allow interaction effects between WAVE and
each of the constraint variables in the model:

LOG(INCOME) = a + bOWAVE +
b1REGION + b2CAR + b3TENURE +
b11WAVE*REGION +b12WAVE*CAR +
b13WAVE*TENURE

This gives two advantages: the increased
reliability of parameter estimates resulting from
the pooling of data together with a model that
allows changing patterns of dependence upon the
independent variables over time. The parameter
estimates for modelling both log of household
income and logit of pc ownership are shown in
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Table 1. In terms of the above equation, the
coefficients a, bl, b2 b3 appear in the column
main effect; while the coefficients b0, b11, b12,
b13 appear in the column wave effect.

As an example of how the estimated income of a
household is calculated, consider a Welsh
household in wave c (the third wave) with one car
living in an owner-occupied house with a medium
status head of household, married with two
children. The intercept, six main effects, wave
effect and six interaction terms are added (the
wave effect and interaction terms multiplied by
three because this is the third wave) and the
resulting value exponentiated:

INCOME = EXP (9.10 +.06 -.36 +.25 +.40 +.39
+.00 ...+ 3(.014 -.016 -.001 +.022 -.001
~.005 +.000))

= 19516

This value can be found in the third row of Table 1
where the estimated income of such a household
is given for the period 1991-2020.

4.1.2 Regression framework for binary variables
Now consider the probability of the same
household owning a PC in the fourth wave.
Together with many of the topics of interest in the
BHPS, computer ownership is a binary variable
which is best modelled using logistic regression.
In our example this is calculated as follows:

PCOWN =1/ ( 1+ EXP( - (-1.51 -.16 -.04 +.20
+.31 +.18 +.54 ...
+ 4 (.125 +.022 +.006 -.001 -.015
-.011 -.035))))

= 0.47

This value can be found in the fourth row of Table
1 where the estimated percentage of such
households owning a computer is given for the
period 1991-2020.

The utility of this modelling approach is best
demonstrated by changing the selected
characteristics of the chosen household. Thus if,
for example, if this family lived not in Wales but in
London, the probability would rise to 0.57; but if
that London household was in social rented
accommodation, the probability would fall back to
0.43.

4.2 Projecting changes in actual household
attribute values

Using the above regression models provides a
methodology for projecting changes in the
expected value of variables of interest that
encompasses both inflation and distributional
change. However the actual 1999 value for a
specific GHOST might well deviate significantly
from the expected value for a household of that
type. This reflects the important within-type
heterogeneity captured in the original survey
data. But the regression model will replace this



Table 1 Parameter estimates for log (household income) and logit (PC ownership) together with example estimates for the period 1991-2020

Year Income (£)

INCOME main effect wave effect 1991 19015
intercept/wave 9.10 0.014 1992 19264
London 0.14 0.014 1993 19516

SE -0.04 0.018 1994 19772

SwW -0.19 0.022 1995 20030

Wales 0.06 -0.016 1996 20292

E Anglia -0.18 0.013 1997 20558

E Midlands -0.10 0.009 1998 20827
W Midlands -0.13 0.011 1999 21099
NW -0.07 0.020 2000 21375

Yorks & H -0.11 0.012 2001 21655
North -0.04 0.010 2002 21939
Scotland 0.00 0.000 2003 22226

No car -0.76 -0.002 2004 22516

One car -0.36 -0.001 2005 22811
Two+ cars 0.00 0.000 2006 23110
Owned 0.25 0.022 2007 23412
Social rented -0.03 0.030 2008 23718
Other rented 0.00 0.000 2009 24029
High status 0.63 0.007 2010 24343
Medium status 0.40 -0.001 2011 24662
Low status 0.41 0.001 2012 24984
Retired -0.10 0.010 2013 25311
Inactive 0.00 0.000 2014 25642
Married 0.39 -0.005 2015 25978
Single parent 0.13 -0.004 2016 26318
Other 0.00 0.000 2017 26662

No kids 0.10 -0.016 2018 27011

One kid 0.06 -0.005 2019 27364
Two+ kids 0.00 0.000 2020 27723

PERSONAL % with
COMPUTER Year a PC
OWNERSHIP main effect wave effect 1991 40
intercept/wave -1.51 0.125 1992 43
London 0.24 0.021 1993 45

SE 0.07 0.006 1994 47

SW -0.10 0.013 1995 49

Wales -0.16 0.022 1996 52

E Anglia -0.24 0.014 1997 54

E Midlands 0.16 -0.032 1998 56
W Midlands -0.23 0.010 1999 58
NW 0.10 -0.016 2000 61

Yorks & H -0.11 -0.007 2001 63
North 0.18 -0.032 2002 65
Scotland 0.09 0.001 2003 67

No car -0.41 -0.037 2004 69

One car -0.04 0.006 2005 71
Two+ cars 0.45 0.031 2006 73
Owned 0.20 -0.001 2007 74
Social rented -0.28 -0.024 2008 76
Other rented 0.08 0.025 2009 78
High status 0.48 0.024 2010 79
Medium status 0.31 -0.015 2011 81
Low status 0.10 -0.013 2012 82
Retired -0.95 -0.008 2013 83
Inactive 0.06 0.012 2014 85
Married 0.18 -0.011 2015 86
Single parent 0.16 -0.006 2016 87
Other -0.34 0.017 2017 88

No kids -0.71 0.036 2018 89

One kid 0.17 -0.001 2019 90
Two+ kids 0.54 -0.035 2020 90

Note: The estimated values are for a Welsh household with one car, living in an owner-occupied house, with a medium status head of household, married with two children.
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actual 1999 value with an expected (average)
value for 2009. How is the updating of the actual
1999 value to produce a projected 2009 value
that retains the heterogeneity captured in the
original survey?

In the case of a continuous variable, a relatively

simple procedure can be used. If a particular

variable, in this case household income, is defined

as:

AI99 to be the actual household income for the

selected household in 1999;

EI99 to be the expected household income for
the selected household in 1999;

EIO9 to be the expected household income for
the selected household in 2009;

PI09 to be the projected household income for
the selected household in 2009;

then
PI09 = ( EIO9 / EI99) x AI99

Following the example of the Welsh household,
then if this specific household had an income of
£15,000 in 1999, the projection for 2009 would
be:
PI09 ( EIO9 / EI99) x AI99
(24029 /21099 ) x 15000
17083

By applying multipliers specific to the type of
household wunder consideration, inflation and
distributional change are captured whilst at the
same time maintaining within-group variability -
i.e. the \variability which exists between
households which share the same values on all six
constraint variables.

In the case of a binary variable, the issue is
somewhat more problematic. Here the actual
value for the selected household in 1999 can only
be zero or one; multiplication of the former will
have no effect while multiplication of the latter
produces a meaningless number. What is
required is not a multiplier but rather a
mechanism whereby sufficient of the zeros are
converted to ones (or vice versa depending upon
the direction of the change). This is tackled by
rescaling the probability rather than the outcome
itself. In the example Welsh household discussed
previously, its expected probability of owning a PC
in 1999 is .58, rising to .78 in 2009. We now
need a scaling factor that adjusts this probability
of computer ownership in a way which reflects the
fact that the 1999 outcome for this particular
household (non-ownership, despite an estimated
ownership probability of .58).

For the purposes of calculating this scaling factor
it is assumed that all those with a PC in 1999 have
a PC in 2009. Note that this is not an assumption
regarding the behaviour of actual households but
rather one required solely to allow calculation of
an appropriate scaling factor to update selected
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household attributes of our 2009 GHOSTs. Given
this assumption, a conversion rate (CR) can be
calculated which can then be applied to those
households without a PC in 1999:

CRy = (P -P) /(1 -Py)

Where P,! = probability of ownership for a
household of given type h in year t and t+n =
projection year, and where household type, h, is
given by the values of the regression model
determinants. For our example household,
therefore,

CR, = (.78 -.58) /(1 - .58)
=.20/ .42
.48

In other words, forty-eight per cent of type h
GHOST households without a PC in 1999 will be
“given” a PC in 2009 (via Monte Carlo sampling),
to bring the proportion of all GHOST households of
this type owning a PC up to the expected 78%.

4.3 Taking account of compositional change
Using the above approach results in a
methodology for projecting changes in variables of
interest that encompasses both inflation and
distributional change. All that remains is to take
account of compositional change (i.e. changes of
the relative share of given household types within
an area.) The solution to this draws upon
conventional static microsimulation projection
techniques.

As outlined in Section 2, for the base year, 1991,
the GHOSTS are reweighted to a series of local
area constraints, to provide representative,
spatially detailed, population microdata for Wales.
The values of these small area constraints
(aggregates) are then projected forward (see
Ballas et al., 2005a for details). Finally, these
projected values are used to reweight the
GHOSTS to provide small-area ‘projections’ for the
years 1992-2020. The outcome is projections of
outcome variables such as income and PC
ownwership that reflect not only inflation and
distributional changes, but also changes in the
projected composition of local area populations.

5. CONCLUDING COMMENTS

This paper has presented a novel method of
updating  spatial microdata, through the
development of generic household space histories,
instead of modelling household and individual
level transition probabilities, which is the more

conventional approach adopted by
microsimulation models. Given the huge
difficulties that face dynamic spatial

microsimulation modellers, such as the lack of
good quality data on many key household
transitions, we suggest that the method presented
here is worth exploring and implementing further.
The approach presented here is also much less
computationally intensive than conventional
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dynamic spatial microsimulation models based on
event modelling. Further, as is the case with all
other components of the SimBritain project, the
GHOSTs method does not rely on random number
generators at any stage. It therefore produces the
same results with each run.

Nevertheless, perhaps the most elusive aspect of
the project remains the concept of error. While
we already have some tangible idea of the
reliability of our static microsimulations (Ballas et
al., 2005a), it is clear that it varies depending
upon the question asked. One of our immediate
research priorities is to compare our projected
microdata set with actual data from the last UK
Census. For example the 2001 Census includes
new variables such as qualifications gained at
school (Dixie and Dorling, 2002). With education
constituting an important dimension of the
‘information society’, it will be important that
SimBritain predicts this variable well.

It should be noted that the main reason for
building geographical microsimulation models is
their capability of modelling the socio-economic
and spatial effects of policy change (Ballas and
Clarke, 2001a,b). For instance, SimBritain has
already been used to illustrate how it would be
possible to investigate the effects of policy
changes over the last 10 years (Ballas et al.,
2007). Overall, spatial microsimulation
frameworks such as the one presented here can
be used to provide useful “most probable”
information on socio-economic trends, as well as
on the possible outcome of policy reforms, at
different geographical scales. Further, spatial
microsimulation models can be used as tools that
could aid policy-makers to think more
geographically about the potential effects of policy
options they may consider.

It is hoped that the work presented in this paper
will stimulate debate about the potential of taking
geography into account in microsimulation
modelling. It is also hoped that the method and
related conceptual and technical issues that we
have discussed will challenge others to consider
alternatives to the conventional stochastic event
or transition driven approach to dynamic
microsimulation.
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Notes

! For more information on the BHPS see Taylor et
al., 2001

BHPS variable xhvfio

BHPS variable xhgr2r=1

BHPS variable xhgr2r =2

BHPS variable xhgr2r =3

BHPS variable xhoh=1
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