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ABSTRACT

Over the last five years, there has been an increase in interest in the application of spatial Microsimulation (MSM). The advantage of this methodology is its ability to model at the individual level on a very local scale (zip-codes). In addition, it is very useful for linking different data sets used to build a simulated population from a small sample.

The aim of this paper is to show the usefulness of (spatial) MSM to decision making in spatial planning. Therefore we describe the development of and choices made in the framework of a spatial MSM: SIMtown. This model combines a micropopulation of town and hinterland households with a multinomial logit model, explaining the spatial shopping behaviour of households. SIMtown enables us to simulate the effects of different retail developments on the spatial shopping behaviour of local households. The results can be seen as useful input into the spatial decision making process.

1. Introduction

A main challenge in a (spatial) planning process is ‘how to grasp spatial complexity’. Therefore, many different tools are used to understand spatial situations. Many of them are respectively used to promote, present and discuss spatial complexities. For example, concepts, cartographic representations and scenarios are useful examples of communicative tools in the field of planning (Van Duinen, 2004; Healey, 2004; Jensen and Richardson, 2004). However, although they are based on situations of actual space, they often lack a basis of accurate geographical information (van Leeuwen et al., 2007). 

Microsimulation models (MSM), are models that can include communicative qualities along with more analytical qualities. In these models, agents represent members of a population for the purpose of studying how individual (i.e., micro) behaviours generate aggregate (i.e., macro) regularities from the bottom up (e.g., Epstein, 1999). This brings about a very natural instrument to anticipate on trends in the environment through monitoring and early warning as well as to predict and value the short-term and long-term consequences of implementing certain policy measures (Saarloos, 2006). 

Whereas many planning approaches focus either on predictions based on actual situations or on pathways to reach a desired situation, MSM tends to focus on a kind of space that is ‘in between’, namely on possible situations. This approach fits in the planning field that needs accurate information about possible developments, while recognizing the limitations of such knowledge in practice, such as the existence of high spatial ‘system uncertainties’ together with high ‘decision stakes’ (Funtowicz and Ravetz, 1993). In addition, especially these uncertainties require the exploration of a bandwidth of possible spatial developments, as can be done with MSM. Simulations can be helpful in showing spatial dynamics, especially if linked to geographical information systems (Ballas and Clarke, 2000). These dynamic insights are useful in planning activities, like problem setting and discussions about consequences of future (spatial) decisions.  

An important subject of discussion, in many European countries, is the future development of retail activities. These developments are illustrative examples of complex decisions affecting both physical and social aspects of space. As such, MSM can be used to break through scales, e.g., by showing ‘regional’ impacts of ‘local’ actions. This is crucial for planners and designers who are often involved in multi-faceted problems (van Leeuwen et al., 2007).

In this paper, we will show how MSM can be used to explore the effects of a bandwidth of possible retail developments in a medium-sized town. The purpose of the simulation exercise is to create a micro-population which has the right characteristics to determine the shopping behaviour of its households. Therefore, a multinomial logit model (MNL model) has been developed to analyse the relevance of a set of household characteristics on the revealed location choice for shopping. This MNL model derives the probability that a household makes a certain choice, in this case to shop in the town itself, in the direct hinterland (7 km zone), in the extended hinterland (16 km zone) or in the rest of the world. Therefore we developed four utility functions.

The micropopulation will be used to analyze the effect of a retail development at different locations on the behaviour of households.  

To promote MSM as a useful tool in spatial planning, we will start with a thorough description of the simulation of micropopulation (including the choice of constraints and micro dataset). Then we will link the micropopulation to the behavioural model, in this case a MNL model. In the last part of the paper, we will simulate different, possible, retail developments in and around Nunspeet, a Dutch medium-sized town.

2. MSM framework design

2.1 The Micro-dataset

For the simulation we have chosen two different towns: Oudewater and Nunspeet. The small town Oudewater (10,000 inhabitants), is situated in a relatively urbanized area with many other small towns and Woerden (50,000 inhabitants) at a distance of 7 km and Utrecht (250,000 inhabitants) at a distance of 25 km. The medium-sized town Nunspeet (20,000 inhabitants), on the other hand, is situated in a more rural region, with a large nature area nearby and Elburg (20.000 inhabitants) at a distance of 7 km and Harderwijk (40,000 inhabitants) at a distance of 10 km.

The population will be simulated on zip-code level (small areas with in general a population of between 100-4,000 persons). The area of Oudewater and the direct hinterland consists of 18 different zipcodes, the area of Nunspeet of 9. For a Microsimulation, this number is relatively small.

The micro-dataset we use for the reweighting is a result from a trans-national project, the European Union research project ‘Marketowns’
. The dataset consists of information about characteristics of the household (number and age of persons, owning a car, income level, length of residence) and the employment situation in the household (single or double income, place of job, hours worked).
This information has been collected in 2002 using self-completion survey techniques sent to households living in 6 Dutch towns (of which Oudewater and Nunspeet are two) or in the 7 km zone (direct hinterland) around these towns. In total, the dataset consists of 1500 completed surveys, around 250 per town.

When simulating a micropopulation, one often has to choose between different possible micro-datasets, such as (larger) national micro-datasets with general data or smaller local, more specific ones. To see whether it is essential to use local information instead of general information, we will compare the outcomes of a simulation using the total dataset or only the households living in either Oudewater or Nunspeet. In addition, we will also compare the outcomes from simulations with a small and a larger number of constraint variables.

2.2 Constraint variables

Constraint variables are used to fit the micro-data to the real situation/number in the zip-code areas. The choice of which variables to use is an important one as it affects the outcomes. In some models, also the order of constraints in the model has an effect on the results.

Unfortunately the best variables to be used as a constraint are not always available. Especially when using small areas, the available data can be limited. In our case, some of the information was only available at the municipality level instead of zip-code level. Then we tried to adapt it, as good as possible, to the smaller areas, as is described in the next part. We used 7 constraint variables in total (which are of course also part of the survey).

2.2.1 Type of household

The constraint variable ‘type household’ refers to the composition of the household. We made a distinction between single households, households with young children (under 18 years) and other households. This information is available on zip-code level, although the Dutch Bureau of Statistics (CBS) uses ‘households with children’ instead of ‘households with young children’. We adapted this by using information about the age of the children (available on municipality level).

2.2.2 Income level

The level of income of the households is measured on a 10% scale. We used national decile-groups
.  Unfortunately, this information is not available for zipcodes but only for municipalities. To be able to make a distinction between the different zipcodes in the municipality we used the level of urbanity: we combined information about income levels in each municipality, with the income levels for five levels of urbanity (in general) and the level of urbanisation of the zip-codes.

2.2.3 Car ownership

We used car ownership as a constraint variable because it plays a (minor) role in the logit model and most of the information is available. Four classes are distinguished: owning no car, owning 1 car, owning 2 cars and owning more than 2 cars. For each zip-code we know the total number of cars. Again, we used the level of urbanisation to distinguish the four classes.

2.2.4 Job in zone A, B or C

The place of job is a relevant variable, as it plays a significant role in the logit model. Therefore it is important to include it as a constraint. Eventually, it was possible to include 3 constraints; having a job in zone A, zone B and/or zone C. We started with a file from 2001, describing for each municipality where most of the persons have a job. For up to 30 towns, the number of persons working there and living in the municipality concerned is given. As the municipality borders do not correspond with our zones (A, B and C) we used number of households and number of jobs available at zip-code level to disaggregate the totals. We checked the outcomes with available information about the total number of working persons per zip-code and it appeared quite correct.

2.2.5 Agricultural or non-agricultural households

Finally we used the constraint of number of households living on a farm and number of households who do not. As location characteristics for farm households can be different from those of non-farm households (e.g. in terms of accessibility or remoteness) it can be helpful to make this distinction. The information of number of farms is available at zip-code level, however only for the year 2004. We used this information, bearing in mind that the actual number might have been slightly higher in 2002.

In addition to the constraint variables, two control variables are used. These variables are not part of the reweighting procedure, but are used to check if the results are reliable. 

The control variables are number of persons (instead of households) and the number of single and double income households.

2.3 Validation and Choices

To evaluate the outcomes of the different simulation models, we used the standardized absolute error measure (SAE) as described by Voas and Williamson (2001).  The measure sums the discrepancies divided by the number of expected households (Equation 1):
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In which Tk is the observed count of cel k (e.g. zip-code 3448), Ek, the expected count for cel k and N the total expected count for the whole table (e.g. Oudewater as a whole).

To analyze the effect of the constraint variables on the outcomes, we simulated 6 different models (see Table 1) with 3 different datasets (all, Nunspeet and Oudewater households). The models differ in the selection and number of constraint variables, the datasets in if the total micro-dataset is used or only the part related to the specific town. It is interesting to look at the differences between these models, to learn whether it is better to have more constraint variables, or to see how a larger micro-dataset or a more site specific dataset affects the outcomes.

Table 1 Constraint variables included in the 6 different models

	Model
	Constraints

	3C
	Joba, Jobb, Household

	3CC
	Income, Joba, Jobb

	4C
	Household, Joba, Jobb, Income

	5Ccars
	Household, Income, Joba, Jobb, Cars

	5Cfarm
	Household, Income, Joba, Jobb, farm

	6C
	Household, Income, Joba, Jobb, Jobc, cars


The different outcomes are evaluated with help of standardized absolute errors (SAE) for income, jobs and the total model, the lower the SAE, the better (see appendix 1 for the results per model). It appears, on the one hand, that more constraints lead to a better ‘total’ fit of the model. For all 4 datasets, the model with 6 constraints has the lowest SAE, and model 3CC the highest. However, also the choice of constraints is important: 5Ccars shows better results than 5Cfarm, and also 4C has better results than 5Cfarm. Apparently, the constraint ‘farm household’ does not have a relevant effect.

When the different datasets are compared, it appears first of all that Nunspeet has in general lower SAEs compared to Oudewater. This latter area has more and perhaps less homogeneous zipcodes. Furthermore, we can see that in almost all cases the larger dataset gives better results. There are a few exceptions for Oudewater where the local dataset results in a lower SAE, such as for jobs and the average SAE from model 6C.

To summarize, we can conclude from this simulation exercise that in general a larger number of (relevant) constraint variables, as well as a larger dataset result in the best outcomes of the simulation.

2.4 SIMtown, the final framework

The model chosen for the final simulation is the 6C model in which constraints related to household type, income, job in zone A, job in zone B, job in zone C and car ownership are included. We used these six constraint variables to reweight the total dataset (consisting of 1500 Dutch households).

Unfortunately, the calculated weights are not 100% correct. This is due to the fact that 0.7 households do not exist, so that the calculated weights (in decimals) need to be round up to integers, which can cause small number problems. However, after some final improvements, the SAE values indicate that we simulated two usable micro-population datasets (see Table 2). Only the constraint variable ‘number of households without a car’ causes some troubles, because there are so few of them.

Table 2 SAE values for the constraint variables

	
	SAE average

	
	Oudewater 
	Nunspeet

	Income (1-10)
	0.08
	0.09

	Cars (=0)
	0.33
	0.14

	Job (A,B and/or C)
	0.05
	0.02

	Household (1-3)
	0.11
	0.05

	Total
	0.09
	0.07


Finally, we also have to look at the results for the control variables. Table 3 shows the SAE values for the two control variables number of persons and number of single- and double income households. 

Table 3 SAE values for the control variables number of persons and number of single- and double income households.

	
	
	 SAE average
	# zipcodes above 0.10
	# zipcodes above 0.15

	Oudewater
	persons
	0.10
	5
	2

	
	single/double income
	0.14
	7
	2

	Nunspeet
	persons
	0.04
	1
	1

	
	single/double income
	0.13
	7
	2


It still appears that the simulation is (relatively) robust. Especially for Nunspeet, the number of persons is very well simulated. Considering that the number of single and double income households is a more difficult variable (related to jobs and only households with two or more adults are considered) these results are satisfying as well.

In our opinion and based on the constraint and control variables of the simulation of households, the new micropopulation of Nunspeet is a good representation of the actual population and the new micropopulation of Oudewater a fairly good representation. Therefore, we will use the micropopulation of Nunspeet in the second part of this paper.

3. SIMTOWN and the Multinomial Logit model

In the former part, we simulated a micropopulation for the area of Nunspeet and its hinterland in two ways: while using all the households and only the Nunspeet households. During the validation of the results of the simulations, it appeared that the micropopulation simulated with all households resulted in the most accurate outcomes.

In addition, we also developed two MNL models to predict the spatial shopping behaviour of households: a general model based on the same 1500 households and local models, based on the questionnaires from each town, in the case of Nunspeet around 200 households. In this second part, we will make the choice for a local or a genera; MNL model (see Figure 1).

3.1 The Multinomial Logit Model (MNL)

To study existing linkages between Nunspeet and its hinterland, four zones are distinguished. The town of Nunspeet is classified as zone A, then circles are drawn of 7 km
 and 16 km around Nunspeet, respectively labelled as zones B and C. The area outside the 16 km circle is labelled as zone D, rest of the world. 

The MNL model aims at deriving the probability that a household (i) makes a certain choice, in this case to shop in zone A (town), B (hinterland), C (16 km zone) or in D (the rest of the world). Therefore we developed four utility functions (Equations 2-5).

Ui(A)= α lndistiA+ β lnflooriA+ γ jobiA+ δ(lndistiA*cari)+ θ(agei*lndistiA)+ ι lnyeari + εiA 
      (2)
Ui(B)= α lndistiB + β lnflooriB+ γ jobiB+ δ(lndisiB*cari)+ θ (agei*lndistiB)+ ι lnyeari + εiB
        (3)
Ui(C)= α lndistiC + β lnflooriC + γ jobiC+ δ(lndistiC*cari) + θ(agei*lndistiC)+ ι (0) + εiC
        (4)

Ui(D)= γ jobiD + ζ  incomei + η kidsi + κ Oudewateri + λ Gemerti + μ Dalfseni + ν Nunspeeti + ξ Schageni + ο Bolswardi  + εiD 








      (5)
Important variables in the utility functions dealing with zone A, B and C are: distance to the shop
; floorspace in the zone
; job in the zone, having a car (related to distance); age of head of household (related to distance) and the length of residence in the area (zone A and B). In the utility function of the rest of the world (zone D), having a job there is included, as well as the level of income of the households, having children or not and a dummy variable for each town. Because the utility of a household to shop in the distinguished zones depends on the kind of shopping, we run this model three times; for groceries, fun-shopping
 and goal-shopping
. Appendix 2 shows the model specifications and the parameter values.

Although the two MNL models are almost the same, the explained variance differs; the R²adj. (measure of explained variance) of the local logit model of Nunspeet is significantly higher than the R²adj. of the general logit model for all three product groups. This suggests better outcomes for the local model. In our next step, we use the simulated micropopulation as input for the two logit models. 

3.2 Micropopulation as (new) input for the MNL models

Table 4, shows the results of the questionnaires the local- and the general MNL model (for three product groups and four zones) and at the right-side the differences between the outcomes of the models and the questionnaires. 

The logit model of the spatial behaviour of households for buying groceries explains most of the variance (R²adj. of 0.60 for the general model, 0.73 for the Nunspeet model) when compared to fun or goal shopping. This also results in good outcomes: the average share of grocery shopping in zone A predicted by the Nunspeet model is almost as high as the average value from the questionnaires, 57% compared to 59%. For zone B, the share of purchases is underestimated (with around 3%) and for zone C overestimated, which results in an accurate prediction of the share in zone D.

Table 4 Spatial shopping behaviour of households (share of purchases in 4 zones) according to the questionnaires, the Nunspeet logit model and the general logit model

	
	
	Average (%)
	Difference between results questionnaires and logit models (%)

	Kind of Shopping
	Zone
	Question-naires
	Nunspeet logit model
	General logit model
	Nunspeet logit model
	General logit model

	Groceries
	A
	59
	57
	54
	-1.5
	-4.8

	
	B
	36
	33
	33
	-2.7
	-2.4

	
	C
	5
	8
	11
	3.7
	6.2

	
	D
	0
	1
	1
	0.5
	0.4

	Fun
	A
	32
	33
	31
	1.1
	-0.6

	
	B
	29
	21
	20
	-7.9
	-8.9

	
	C
	9
	11
	12
	1.9
	2.7

	
	D
	31
	35
	37
	4.9
	6.7

	Goal
	A
	46
	49
	46
	3.2
	0.8

	
	B
	37
	33
	31
	-4.1
	-5.2

	
	C
	12
	12
	15
	-0.3
	2.8

	
	D
	6
	7
	7
	1.2
	1.6


Also for fun shopping, the models predict the share of purchases in zone A relatively accurate, and the share in zone B is underestimated. Furthermore, fun-shopping in zone D is overestimated. When looking at Goal-shopping, it appears zone A is slightly overestimated in the Nunspeet model, the share in zone B is again underestimated in both models.

Overall, both models tend to estimate the share of purchases in zone A very well, however they underestimate the share of purchases in zone B. Furthermore, the local, Nunspeet model results in the most similar outcomes to the questionnaire (see also Figure 2). Therefore we will use this model for the retail development simulations.
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Figure 1 Average share of purchases in the four zones derived with the questionnaires, Nunspeet logit model and general logit model

4. Simulation of New Retail Developments

Until recently, the development of out-of-town retail centres was not permitted in the Netherlands. The Dutch retail policy was based on a Christaller kind of theory implying that total shop floor space should be linked to the number of inhabitants and should be proportionally divided over the districts (Gorter et al., 2003). Outside this structure, new retail developments were not allowed. Nowadays, the national government has handed over the responsibility to local governments, so they can decide whether out-of-town retail centres are permitted in their area. Obviously, this decision is not easily made. For local policy makers it is difficult to oversee all possible spatial and socio-economic developments and to finally make a decision. MSM can offer useful insights into the current situation and new developments on a low geographical level (van Leeuwen et al., 2007).

4.1 Current Situation

A first useful outcome of the SIMtown is ‘a picture of the current situation’. The complex reweighting procedure leads to relatively robust estimation of current flows of purchases. Of course, also the questionnaires give a nice picture of these flows, however, certain groups of households are under- or over estimated. Table 5 shows, for each town located in the Nunspeet region (see Figure 3), the total share of products bought in the four distinguished zones.

Not surprisingly, households living in Nunspeet buy most products in the centre of Nunspeet, 71%. However, also households from Vierhouten en Hulshorst, two small settlements, tend to shop in zone A (Nunspeet).

	Zone
	A
	B
	C
	D

	Town
	%

	Nunspeet
	71
	6
	5
	18

	Hierden
	19
	15
	38
	29

	Vierhouten
	44
	10
	12
	35

	Hulshorst
	55
	6
	13
	26

	Elburg
	11
	59
	9
	20

	‘t Harde
	17
	41
	14
	28

	Doornspijk
	30
	36
	9
	25


4.2 Simulations of the future

Apart from giving insight in the current situation, MSM is especially useful for showing effects of future developments.

4.2.1 Building a new supermarket

In Nunspeet, the municipality is considering allowing a large supermarket to build a new store in the centre of the town. The total new shopping surface would be 1,240 m², a considerable amount compared to the existing 7,000 m².  With the help of the MNL model and the micropopulation dataset we can simulate the effect of this new supermarket. 

Table 5 The effects of a new supermarket on the total grocery expenditures in the four zones (in monthly expenditures per zone)

	
	Monthly expenditures per zone (€)
	Regional effect (€)

	 Zone
	A
	B
	C
	D
	 A+B

	Initial monthly expenditures* 
	3,131,331
	1,881,465
	467,806
	57,515
	

	Store in Nunspeet
	94,941
	-66,276
	-25,038
	-3,627
	28,665

	Store in hinterland (Elburg)
	-70,216
	93,144
	-19,458
	-3,470
	22,928

	Store in hinterland (‘t Harde)
	-57,723
	92,997
	-29,767
	-5,507
	35,274

	Store in zone C
	-21,152
	-6,585
	28,559
	-822
	-27,737


* of all households in town and hinterland

In addition, we can also simulate three alternatives: what if the supermarket would be built elsewhere in a large town in the hinterland (Elburg), in a small town in the hinterland (‘t Harde), or in a small city in zone C (Harderwijk at 10 km distance). We measure the effect in ‘changing expenditures per zone per month’, Table 6 shows the results.

It appears that, when the new supermarket is built in Nunspeet, the monthly expenditures on groceries there will increase with €95,000 (3 %) at the cost of expenditures in the other zones. When building the store in a slightly smaller town in the hinterland (Elburg), the expenditures there will increase with €93,000 (5 %), leading to a significant loss in Nunspeet. Obviously, for Nunspeet the best option is to build the store in Nunspeet itself, however, for the region Nunspeet-Elburg, it would be best to built the supermarket in ‘t Harde. 

4.2.2 Building a new Retail Centre

The Netherlands Institute of Spatial Planning (RPB) described in their study ‘Winkelen in Megaland’ [shopping in Megaland] (Evers et al., 2005) six scenarios of future retail developments. First of all, following expert opinions, total floorspace will increase with 12% until 2010
. The distribution of floorspace over different kind of shops (grocery, fun or goal) depends on the kind of development. For now, we will focus on 2 scenarios: First of all the development of a retail centre in the centre of Nunspeet, Elburg (medium town in hinterland) or ‘t Harde (small town in hinterland). Such a centre will consist of 80% of fun and 20% of goal shopping. The second scenario is the development of a retail centre just outside Nunspeet. Such a centre would consist of 10% grocery, 60% of fun and 30% of goal shopping.

Contrary to the development of a new supermarket in Nunspeet (zone A), the development of a whole retail centre there results in a larger regional effect compared to building it in the centre of Elburg (see Table 7).  

Table 6 Changing flow of total expenditures (grocery, fun and goal shopping) for scenario 1 for different possible locations.

	Scenario 1
	Monthly expenditures per zone (€)
	Regional effect (€)

	Zone
	A
	B
	C
	D
	A+B

	Initial monthly expenditures* 
	7,790,159
	4,707,255
	1,814,834
	4,117,902
	

	Centre in Nunspeet
	121,840
	-30,674
	-19,558
	-70,951
	90,509

	centre in Elburg
	-34,615
	105,892
	-16,874
	-54,402
	71,276

	Centre in 't Harde
	-20,436
	97,307
	-19,712
	-57,158
	76,871

	Centre in Nunspeet and Elburg
	85,947
	74,038
	-36,027
	-123,958
	159,985


* of all households in town and hinterland

The extra local monthly expenditures are 15% higher in Nunspeet compared to Elburg, mostly as a result from lower expenditures in zone C and D. This can be explained by the fact that Nunspeet already has a larger supply of fun-shopping and thus a stronger regional function. Adding more shops makes such a centre more interesting for this kind of shopping.

Interestingly, building a retail centre in t’ Harde instead of Elburg results in a higher regional effect because of less expenditures in zone C and D. ‘t Harde has a population of around 6,000 households not including tourists and soldiers  encamped there. When the retail centre is built in ‘t Harde, these people, as well as people from surrounding areas will be less tempted to shop in zone C or D. For the Nunspeet-Elburg region, it would be best to have a new retail centre both in Nunspeet as in Elburg.

Table 7 Changing flow of total expenditures (grocery, fun and goal shopping) for scenario 2
	Scenario 2
	Monthly expenditures per zone (€)
	Regional effect (€)

	 Zone
	A
	B
	C
	D
	 A+B

	Initial monthly expenditures* 
	7,790,159
	4,707,255
	1,814,834
	4,117,902
	

	Centre just outside Nunspeet
	-317,059
	535,515
	-31,643
	-186,812
	218,456


* of all households in town and hinterland

Scenario 2, building a retail centre just outside a town (see Table 8), can only be simulated for Nunspeet because of the structure of the data. In this scenario, a retail centre will be developed just outside Nunspeet and also the kind of shops differs slightly from scenario 1.  Table 8 shows the effects, which seems to be rather large; more than 10% growth of total expenditures in zone B. This is mainly a result from households living in Nusnpeet spending less money on (fun) shopping in town or zone D and much more in the new centre located in zone B. Now that the distance to a shopping centre with a substantial floorspace in zone B has decreased significantly (from Elburg to nearby Nunspeet) many Nunspeet-households are more likely to go shopping there. Also the households living just around Nunspeet (in the hinterland) are likely to choose for this new retail-centre. However, except from buying less in Nunspeet, they also tend to buy less in zone C and D when this new retail centre would be developed. The total regional effect is a growth of 2% of total expenditures.

From this analysis, it appears that building extra shops in existing shopping areas, such as the centre of Nunspeet or Elburg, results in some (minor) changes in the shopping behaviour of households. However, developing a new retail centre in a smaller shopping area, as ‘t Harde (scenario 1) or outside a medium-sized town as Nunspeet (scenario 2), results in a much more significant  change. The reason for this is that these last developments create (totally) new opportunities to the households, changing the distance and therefore the travel costs (in time or money) to convenient shopping areas. 

5. CONCLUSIONS

The aim of this paper was to show the usefulness of spatial MSM in spatial decision making. Therefore, as described in the first part of the paper, we developed a MSM named SIMtown. During the development process, a number of choices had to be made, for example concerning the micro-dataset and the constraint variables. It appeared that the best micro-dataset was the large general dataset, instead of the small-local one. Although, the households in the general dataset are not specifically related to the town population which was to be simulated, it resulted in the lowest statistical errors. Furthermore, we decided to use a (relatively) large number of constraint variables, namely 6. However, not all available constraint variables were included: the variable ‘being an agricultural household or not’ did not add anything to the model. The last choice to be made was which behavioural model to use; the local (Nunspeet) one or the general MNL model. It appeared the local one explained most of the variance and gave the best results.

Thus, from our analysis we can conclude that the best results come from a MSM framework using a large micro-dataset, a (relatively) large number of relevant constraint variables and a local behavioural model.

From the simulations of retail developments in Nunspeet using SIMtown, it became clear that MSM can be a useful tool in spatial planning. First of all, it gives a picture of the current situation, showing that the facilities in Nunspeet are mostly used by households living in Nunspeet itself, but also by households living in villages nearby, such as Vierhouten and Hulshorst.

The simulation of future developments gave us clear insights in the fact that building a new store, close to existing shops, does not result in major changes. Of course, the results are different for different kind of shopping: when focusing at fun shopping, it appears that Nunspeet, which already has a more important regional function, profits more from new developments than for example Elburg does. However, most important changes occur when a new retail centre is developed at a new location, such as in a small shopping area in a smaller town as ‘t Harde or outside a medium-sized town as Nunspeet. The reason for this is that these developments create (totally) new opportunities to the households, changing the distance and therefore the travel costs (in time or money) to convenient shopping areas. Nevertheless, the development of a new retail centre just outside Nunspeet only leads to 4% less purchases in the centre itself.

For local decision makers, these insights as well as the bandwidth of possible outcomes are very useful, enabling them to put the effects into perspective, both for themselves and for the communication with possible affected stakeholders.

FOOTNOTES
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Figure 3 Schematic map of Nunspeet and its hinterland





Table � SEQ Table \* ARABIC �4� Share of total purchases bought in the four zones
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Figure � SEQ Figure \* ARABIC �0� Simulated micropopulation used as input for the two multinomial logit models











� Information contained in this paper is drawn from the MARKETOWNS project which is funded by the European Commission under the Fifth Framework Programme for Research and Technology Development, Contract QLRT -2000-01923. The project involves the collaboration of The University of Reading (UK), the University of Plymouth (UK), Joint Research Unit INRA-ENESAD (France), Agricultural Economics Research Institute LEI (The Netherlands), Polish Academy of Sciences (Poland) and The University of Trás-os-Montes and Alto Douro (Portugal).


� All the Dutch households are sorted according to their level of income. Then 10 equal groups, according to the number of households in each group, are distinguished. The highest income level of each group is used as class boundaries (so-called deciles).


� These zones are chosen in the Marketowns project. 7 km is thought to be the maximum distance at which households do their daily or weekly shopping. In the Netherlands, 7 km is a distance which usually takes around 30 minutes by bike.


� Distance to the nearest place with a substantial shop in the concerning zone.


� Floorspace of shops in the nearest place (zip-code) with a substantial shop in the concerning zone.


� Shopping for cloths, shoes, and different kind of luxuries


� Shopping for furniture, gardening products, do-it-yourself products


� This leads to an increasing floorspace of 4,600 m² in zone A and 3,300 m² in zone B








REFERENCES


Ballas D and  Clarke G P (2000) ‘GIS and microsimulation for local labour market analysis’ Computers, Environment and Urban Systems, 24, 305-330.





Epstein  J M (1999) ‘Agent-based computational models and generative social science’,


Complexity, 4(5), 41-60.





Evers D, van Hoorn A and van Oort F (2005) ‘Winkelen in Megaland [Shopping in Megaland]’, Den Haag, Ruimtelijke Planbureau 





Funtowicz S O and Ravetz J R (1993)  ‘Science For The Post-Normal Age’, Futures, 25, 739-755.





Gorter C, Nijkamp P and Klamer P (2003) ‘The attraction force of out-of-town shopping malls: a case study on run-fun shopping in the Netherlands’, Tijdschrift voor Economische en Sociale Geografie, 94-2, 219-229. 





Healey P (2004) ‘The treatment of space and place in the new strategic spatial planning in Europe’, International Journal of Urban and Regional Research, 28, 45-67.





Jensen O B and Richardson T (2004) ‘Making European space: mobility, power and territorial identity’, London, Routledge





Saarloos D J M (2006) ‘A Framework for a Multi-Agent Planning Support System’, PhD thesis, Eindhoven, Eindhoven University Press Facilities





Van Duinen  L B J (2004) ‘Planning Imagery - The emergence and development of new planning concepts in Dutch national spatial policy, PhD thesis, University of Amsterdam





Van Leeuwen E S van, Hagens J E and Nijkamp P (2007) ‘Multi-agent systems: a tool in spatial planning. The example of a microsimulation of retail developments’, disP, forthcoming.





Voas D and Williamson P (2001) ‘Evaluating Goodness-of-Fit Measures for Synthetic Microdata’, Geographical & Environmental Modeling, Vol. 5, No. 2, 2001, 177-200











Appendix 1





Standardised Absolute Error (SAE) for income, jobs en total (average) simulated with 6 different models en 4 different datasets.


�
Oudewater�
Nunspeet�
�
�
Total�
Selection�
Total�
Selection�
�
Model�
SAE�
SAE�
�
Income�
�
�
�
3C�
0.50�
0.50�
0.38�
0.42�
�
3CC�
0.20�
0.22�
0.12�
0.15�
�
4C�
0.13�
0.15�
0.07�
0.12�
�
5Ccars�
0.10�
0.10�
0.06�
0.07�
�
5Cfarm�
0.13�
0.26�
0.07�
0.14�
�
6C�
0.22�
0.24�
0.17�
0.19�
�
Jobs (A,B,C)�
�
�
�
�
�
3C�
0.20�
0.21�
0.09�
0.20�
�
3CC�
0.19�
0.24�
0.14�
0.20�
�
4C�
0.20�
0.21�
0.12�
0.21�
�
5Ccars�
0.21�
0.20�
0.11�
0.26�
�
5Cfarm�
0.25�
0.22�
0.20�
0.26�
�
6C�
0.09�
0.07�
0.08�
0.15�
�
Average�
�
�
�
�
�
3C�
0.29�
0.31�
0.18�
0.24�
�
3CC�
0.29�
0.34�
0.22�
0.25�
�
4C�
0.26�
0.29�
0.18�
0.21�
�
5Ccars�
0.20�
0.20�
0.16�
0.22�
�
5Cfarm�
0.26�
0.29�
0.18�
0.21�
�
6C�
0.18�
0.16�
0.16�
0.19�
�






Appendix 2


Multinomial Logit model specifications and parameter values for 3 product groups and two models (first one using the characteristics of all households (n=1500) and the second one using only the characteristics of households living in Nunspeet (n=200).


 �
Groceries�
Fun �
Goal �
�
�
All HH*�
Nun HH�
All HH�
Nun HH�
All HH�
Nun HH�
�
lnDIST�
-1.34***�
-1.35**�
-0.63***�
-0.83�
-1.15***�
-1.79**�
�
lnFLOOR�
 0.59***�
 0.98***�
 0.34***�
 0.26�
 0.28***�
 0.44**�
�
JOB�
 0.50***�
 0.39�
 0.19**�
 0.16�
 0.40***�
 0.47*�
�
CAR*lndist�
 0.08�
-0.31�
 0.02�
 0.13�
 0.47**�
 0.55�
�
AGE*lndist�
 0.002�
 0.002�
-0.001�
-0.002�
-0.001�
 0.006�
�
lnYEAR�
 0.26***�
 0.31*�
 0.04�
 0.16�
 0.07*�
 0.10�
�
INCOME�
 0.08�
 0.01�
 0.14***�
 0.15**�
 0.10**�
 0.07�
�
KIDS�
-0.13�
-0.27�
-0.49***�
-0.38�
 0.33*�
 0.46�
�
Oudewater�
 0.24�
�
 1.66***�
�
-0.43�
�
�
Gemert�
 0.51�
�
 1.91***�
�
-0.34�
�
�
Nunspeet�
 0.09�
 3.67�
 2.17***�
1.46�
-0.38�
 1.06�
�
Schagen�
-0.31�
�
 1.10*�
�
-0.51�
�
�
Bolsward�
-0.21�
�
 1.96***�
�
-0.12�
�
�
 R²adj�
 0.60�
0.73�
 0.13�
 0.22�
 0.30�
0.47�
�
*HH=households, Nun= Nunspeet
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