
IN DEGREE PROJECT THE BUILT ENVIRONMENT,
SECOND CYCLE, 30 CREDITS

,  STOCKHOLM SWEDEN 2017

Modeling Election Results as a 
Function of Geodemographical 
and Lifestyle Variables

CHRISTOFOROS SKOUTARIS

KTH ROYAL INSTITUTE OF TECHNOLOGY
SCHOOL OF ARCHITECTURE AND THE BUILT ENVIRONMENT



 

 

 

Modeling Election Results as a 

Function of Geodemographical and 

Lifestyle Variables 

 
 

Christoforos Skoutaris 

 

 

 

Master of Science Thesis in Geoinformatics 

 

 

 

School of Architecture and the Built Environment 

Royal Institute of Technology (KTH) 

Stockholm, Sweden 

 

 

 

June 2017 

 



2 
 

Table of Contents 

Table of Contents ...................................................................................................................... 2 

Abbreviations ............................................................................................................................ 4 

Abstract ..................................................................................................................................... 5 

Aknowledgements ..................................................................................................................... 5 

1. Introduction ....................................................................................................................... 6 

2. Related Work ..................................................................................................................... 8 

2.1. Spatial Data Particularities ........................................................................................ 8 

2.2. Interpolation Techniques ........................................................................................... 8 

2.2.1. Cartographic ...................................................................................................... 9 

2.2.2. Intelligent ......................................................................................................... 10 

2.2.3. Geostatistical ................................................................................................... 10 

2.2.4. Summary ......................................................................................................... 11 

2.3. Exploring Spatial Dependencies .............................................................................. 12 

2.3.1. Globally Static Models .................................................................................... 12 

2.3.2. Regionally Static Models ................................................................................ 12 

2.3.3. Continuously Dynamic Models ....................................................................... 15 

2.4. Spatial Decision Support Systems ........................................................................... 16 

2.4.1. Decision Making Process and Decision Support ............................................. 16 

2.4.2. Principles of SDSS .......................................................................................... 17 

3. Problem Specifics and Context ....................................................................................... 18 

3.1. Swedish Election System ........................................................................................ 18 

3.2. Datasets ................................................................................................................... 19 

4. Methodology ................................................................................................................... 20 

4.1. Data Preparation ...................................................................................................... 20 

4.1.1. Areal Interpolation ........................................................................................... 20 

4.1.2. Compositional Data Transformation ............................................................... 22 

4.2. Modeling ................................................................................................................. 23 

5. Results and Discussion .................................................................................................... 25 

5.1. Models ..................................................................................................................... 25 

5.1.1. OLS-GWR Model ........................................................................................... 25 

5.1.2. Multilevel Model ............................................................................................. 27 

5.2. SDSS ....................................................................................................................... 30 

6. Conclusions and Future Work ......................................................................................... 32 



3 
 

References ............................................................................................................................... 33 

Appendix A: Mosaic Sweden Geodemographical and Lifestyle Variables ............................ 37 

Appendix B: Electoral Variables ............................................................................................. 39 

  



4 
 

Abbreviations 
GIS: Geographic Information Systems 

SDSS: Spatial Decision Support Systems 

LULC: Land Use – Land Cover 

DSS: Decision Support Systems 

DDM: Dialog, Data, and Modeling 

DBMS: Database Management System  

MBMS: Model Base Management System  

DGMS: Dialog Generation and Management System  

CAR: Conditionally Autoregressive 

SAR: Simultaneously Autoregressive  

GWR: Geographically Weighted Regression 

OLS: Ordinary Least Squares  

AIC: Akaike’s Information Criterion 

 

  



5 
 

Abstract 

 
There is the widespread belief that demographic and lifestyle variables largely influence and 

characterize people’s interests and that the political affiliation and vote largely depend on how 

these interests are addressed by the political agenda of different parties. Resting on this 

assumption this thesis explores relevant spatial dependencies and proposes a framework for 

the exploitation of the extracted knowledge by a given party or candidate in order to improve 

the voting outcomes relative to its opposition. Consequently, the objective of this thesis is to 

construct and evaluate models that provide actionable knowledge to political parties or 

candidates. 

The modeling development and evaluation is based on two datasets of Stockholm 

Municipality, i.e., a geodemographic and lifestyle Mosaic dataset and a voting results dataset. 

Since, these two datasets are in a different spatial aggregation unit, as is the general case, a 

binary dasymetric areal interpolation is performed to homogenize the two datasets. Two 

different approaches to modeling spatial relationships are proposed in the present thesis. The 

first approach utilizes standard ArcGIS procedure and functionalities to build multivariate 

OLS models and then uses GWR to obtain actionable knowledge regarding the parameters of 

the model in different regions of the study area. The second approach uses insight from 

exploratory OLS regressions to build univariate multilevel models and uses the models 

parameters to obtain actionable knowledge. Results from both approaches are available on 

ArcGIS Online with basic SDSS functionality. 

The first approach has the advantage of being a well established procedure, however the final 

results do not overlay with the election constituencies. The second approach, on the other 

hand has the advantage of incorporating the electoral spatial partitioning in the model, 

however it is preferable for univariate models only. Both approaches provide promising 

results since the extracted knowledge is tangible and can be used in political campaigns in a 

flexible manner. 

KEYWORDS: GIS, SDSS, electoral geography, multilevel modeling 
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1. Introduction 
During the past decade there has been an increased interest in political geography (Crespin et 

al., 2011). This emerging interest can be rationalized by three factors; the significant increase 

in rich geodemographic datasets, the advances in geospatial modeling, and finally the 

possibilities emerging from rapid advances in computing technology that enable complex 

spatial estimations. Given these factors, there is room for a wide variety of geospatial analysis 

and modeling possibilities. Electoral geography can be considered a subfield of political 

geography that deals with the identification and explanation of spatial patterns in relation to 

voting in public elections (Demko and Wood, 1999 cited in McGahee, 2008). Both political 

and electoral geography address the relationship between political institutions and the 

interactions of individuals across different spatial scales (Zuckerman, 2005). However, the 

study of electoral geography is not limited to mapping the spatial aspect of elections, but is 

based on the belief that there are inherent geographical processes that affect the voting 

outcome and tries to understand and explain these processes (Johnston, 2005). That is, 

electoral geographers attempt to show where parties or candidates gain their popular support 

and to predict what types of people are most likely to vote for these parties or candidates 

(Zuckerman, 2005). 

Analyzing voting patterns has been a central concern of electoral geographers. Their goal is 

twofold: firstly, to show where parties and/or candidates have performed relatively well and 

poorly, and secondly, by regressing performance against other variables, to suggest what sort 

of people voted for which candidates and parties, and where. Accordingly, the aim is to 

sustain the general case that place matters as an influence on voting decisions (Johnston, 

2005). Geographic Information Systems (GIS) provide a promising environment to test these 

two goals, but their potential is not explored in detail in relevant literature (Cho & Gimpel, 

2012). Given that, the projects’ overall aim is to explore the use of GIS and SDSS in the 

electoral process. 

More in detail, resting on the widely accepted assumptions that demographic and lifestyle 

variables largely influence and characterize people’s interests and that the political affiliation 

and vote largely depend on how these interests are addressed by the political agenda of 

different parties this thesis explores relevant spatial dependencies. In addition, the thesis aims 

to identify and characterize regions where a given party or candidate can improve the voting 

outcomes relative to its opposition based on that spatial information. Given the above overall 

aim and its implications, the objectives of the project are to: 

1. Construct a multi-level, geospatial model for the relationship between a set of 

independent demographic and lifestyle variables and a set of dependent voting 

outcome variables 

2. Use the model to identify and characterize regions where a given party can improve 

the voting outcomes relative to its opposition 

In order to achieve these objectives, it is necessary to set specific goals that provide tangible 

results. The dataset used to develop the model provides spatial information (i.e., lifestyle and 

geodemographic variables) in a different aggregation unit than the one desired (i.e., election 

districts). It is important to mention that this is not a rare exception but the most common 

case, since these two datasets are intended for different purposes. Hence, the first goal is to 

transfer spatial information from the one set of aggregation units to another. To this end, it is 

also necessary to examine and choose the most suitable method. Subsequently, the second 
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goal is to model the relationship between these two datasets (i.e., demographic and lifestyle 

variables, and voting outcomes) at different levels (i.e., election district level, municipality 

level, and regional level) using a suitable regression method. Moreover, because the extracted 

knowledge (relationships, characterizations, predictions) is primarily of value it should be 

easily understood and readily used in campaigns by political parties and candidates. As a 

consequence, the third goal is to use the model in order to characterize regions of interest, that 

is, regions where a given party or candidate can improve the voting outcomes relative to its 

opposition. 

It is clear from the statement of the goals that the project has different interrelated parts. 

While the literature on specific subparts of the project is rich, the author is unaware of 

publications on exactly the same topic. So, it is necessary to divide the literature study into 

three parts each related with a different stage of the thesis project: political and electoral 

geography, spatial analysis methods, and SDSS. The first part political and electoral 

geography provides the theoretical background for the project. Even though the topic of this 

project constitutes a major topic of electoral geography (e.g., Johnston 2005, Agnew 1996) 

the author is unaware of publications on research where concepts of electoral geography are 

incorporated in a GIS environment. This is especially pointed out by Cho and Gimpel (2012), 

who examine the use of GIS in several research questions related to politics. The second part 

spatial analysis methods provides a review of analytical methods necessary to 1) incorporate 

data from different spatial units and 2) explore spatial dependencies between variables. The 

problem of incorporating data from different spatial units is one of the earliest spatial analysis 

problems and is discussed extensively in literature (among others, Goodchild & Lam 1980, 

Gotway & Young 2002, Guan et al. 2011, Holt & Lu 2011). The potential of exploring spatial 

dependencies is also discussed in detail. Therefore, a variety of methods are available; e.g., 

spatial regression (Anselin 2009), hierarchical regression (Banerjee et al. 2004), multi-level 

modeling (Gelfand et al. 2007), and GWR (Brundson et al. 1996). Finally, the third part 

SDSS provides the theoretical framework on decision making and decision support, as well as 

DSS and SDSS (Densham 1991, Keenan 2003). 

As mentioned earlier electoral geography literature provides a rich theoretical background for 

exploring spatial dependencies in the electoral process. However, there is little use of GIS in 

these approaches. Cho and Gimpel (2012) pinpoint in their study that there are rich 

unexplored possibilities from the use of GIS in electoral geography. Given the above outlined 

methodology and its empirical evaluations, the contributions of this thesis are as follows. 

First, the thesis proposes a framework for the use of GIS in electoral geography. Second, the 

thesis proposes a geographical predictive model for voting outcomes based on 

geodemographic and lifestyle variables. Finally, the thesis provides insights on SDSS 

functionality in the electoral process. 

The remainder of the thesis is organized as follows. Section 2 presents related work on 

interpolation, regression of spatial data, and SDSS. Section 3 presents information related to 

the example used to test the model, i.e., Swedish election system and Stockholm Municipality 

datasets. Section 4 presents and explains the methodology followed. Section 5 presents the 

results and discussion and finally, section 6 provides the necessary conclusions of the thesis. 
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2. Related Work 
As mentioned in Section 1 the author is unaware of publications on research where concepts 

of electoral geography are incorporated in a GIS environment. However, there are numerous 

papers related to the sub-parts of the project providing a variety of methods to use. Therefore, 

it is necessary to provide the theoretical framework for the sub-parts of the project and to 

examine different methods and choose the most appropriate one. 

2.1. Spatial Data Particularities 

First of all, an integral component of the thesis is the analysis of spatial data using spatial 

analysis methods. To this end, it is important to introduce the key characteristics of spatial 

data that distinguish spatial analysis from conventional statistical analysis. Most notably, 

spatial data exhibit two characteristics known as spatial heterogeneity, and spatial 

autocorrelation (Fotheringham et al., 2009). Spatial heterogeneity refers to the uneven 

distribution of a trait, event, or relationship across space (Anselin, 2010). Spatial 

autocorrelation refers to the fact that data from locations near one another in space are more 

likely to be similar than data form locations further remote from one another (Fotheringham 

et al., 2009). Tobler (1970) introduced this phenomenon (i.e., spatial autocorrelation) as the 

First Law of Geography: “All things are related, but nearby things are more related than 

distant things.” 

This nonrandom distribution of phenomena across space has a series of implications that 

complicate the use of conventional statistics in a spatial context (O'Sullivan & Unwin, 2010). 

In geostatistical analysis it is common to assume data stationarity (Honarkhah, 2011). 

Essentially, the concept of stationarity is the idea that the rules that govern a process and 

control the placement of entities, although probabilistic, do not change, or drift over space 

(O'Sullivan & Unwin, 2010). However, for most spatial processes this is rarely the case 

(Brundson et al., 1996, Honarkhah, 2011, Vieira et al., 2010). Usually, regarding spatial 

processes first-order and second-order stationarity are used. A spatial process is first-order 

stationary if there is no variation in its intensity over space, and it is second-order stationary if 

there is no interaction between events. The violation of these assumptions leads to the 

equivalent order non-stationarity, i.e., first-order non-stationarity, second-order non-

stationarity (O'Sullivan & Unwin, 2010). 

2.2. Interpolation Techniques 

As described in Section 1 a primary task of the model is to incorporate data from different 

sources. This problem is described extensively in relevant literature as the areal interpolation 

problem (Goodchild & Lam, 1980), the spatial incongruity problem (Voss et al., 1999), the 

polygon overlay problem (Gotway & Young, 2002), or the change of support problem 

(Kyriakidis, 2011) etc. The most common term and the one used hereafter is areal 

interpolation. 

Areal interpolation is first mentioned by (Goodchild & Lam, 1980) as the problem of 

obtaining comparable estimates for a different set of regions which do not in general respect 

the boundaries of the first set. A more refined definition is given by (Brindley et al., 2005) 

who defines areal interpolation as the process whereby data from one zonal system for a 

region are estimated for another. The zonal units for which data are available are termed the 

source units and the zonal units for which data are required are termed the target units 

(Markoff & Shapiro, 1973 cited in Brindley et al., 2005). The type of areal attribute used in an 
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areal interpolation can be classified as extensive (e.g., populations) or intensive (e.g., 

population densities). Extensive variables are statistics that correspond to areal totals; i.e., a 

spatially extensive variable is expected to take half the regions value in each half of the 

region. Intensive variables are statistics that correspond to areal averages; i.e., a spatially 

intensive variable is expected to have the same value in each part  of a region as in the whole. 

Both of these definitions assume that there is no or little intra-zonal variation (Goodchild & 

Lam, 1980). 

In most cases, the problem that requires areal interpolation falls under one of the following 

categories. The alternative geography problem (i.e., the estimation of attribute information for 

different geographic partitionings at the same scale), the small area problem (i.e., the 

estimation of attribute information for spatial partitionings at a finer resolution, the temporal 

mismatch problem (i.e., the estimation of attribute information for reconciling boundary 

changes in spatial units over time), and the missing data problem (i.e., the estimation of 

attribute information for incomplete coverage) (Qiu and Cromley 2013). 

Following Haining (2003) two main families of areal interpolation methods are identified, 

cartographic and intelligent. In the first family, geometrical characteristics of the source and 

target units are treated as the main factor in spatial estimation. In the second family, ancillary 

data are employed to model spatial variation and produce a better spatial estimation. In 

addition to these two families, an emerging third family of areal interpolation approaches 

could be identified (i.e., geostatistical approaches, which involve areal kriging models, block 

kriging etc.), invoking principles of geostatistics that build on previous kriging methods used 

for point interpolation (Guan et al., 2011). 

2.2.1. Cartographic 

The first family of methods is referred as geometric by Kyriakidis (2011) or cartographic by 

Haining (2003), and Guan et al. (2011). In these methods the main factor of spatial estimation 

is the geometrical properties of the zonal units. The most discussed geometric methods are 

area weighting and point-in-polygon (Brindley et al., 2005). 

Area weighting estimates the value of the target unit as the area-weighted average of the 

values for those source units that overlap it (Brindley et al., 2005). The method was stated by 

Markoff and Shapiro (1973) and described in detail by Goodchild and Lam (1980). The main 

assumption of this method is that the source variable is uniformly distributed within the 

source units (Brindley et al., 2005). It can be used for extensive and intensive variables, but 

since the uniformity assumption can be easily tested by the use of ancillary data it should only 

be used when there is no information available on the spatial distribution of the variable 

within the source zones (Flowerdew & Green, 1994). 

Point-in-polygon methods assign the source data to representative points (polygon centroids, 

population weighted centroids etc.) which thereby summarize the area data (Brindley et al., 

2005). These methods reduce the problem to the widely covered point-to-area spatial 

interpolation problem (Goodchild & Lam, 1980). More recent approaches are included in 

Martin (1989), Bracken and Martin (1989), and Sadahiro (1999). These methods have been 

criticized for not satisfying the volume preserving principle (Lam, 1983). That is, they have 

been criticized because they do not conserve the total value within each zone. This may give 

rise to subsequent error and lower the fidelity of the approach. Additionally, these methods 

have been criticized for providing lower accuracy results (Brindley et al., 2005), and for being 
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prone to significant error  if source units are not small relative to target units (Sadahiro, 

2000). The latter happens because representative points are no longer representative in the 

given context because of their location. These methods are preferred for their processing 

speed and are usually utilized when large data volumes exist (Brindley et al., 2005) 

2.2.2. Intelligent 

The second family of methods that are arguably the most widely discussed in literature is 

intelligent methods. These methods employ ancillary data to model spatial variation and 

produce a better spatial prediction (Haining, 2003). The main assumption, therefore, is that 

the spatial distribution of the ancillary data is related to the variation in the source data 

(Eicher & Brewer, 2001). 

Langford (2006) further subdivides this category to dasymetric and statistical. However, 

according to Fisher and Langford (1995) statistical methods underperform compared to 

dasymetric methods because the estimate is based on global parameters. Recent attempts in 

statistical methods such as target-density weighting (Schroeder, 2007), geographically 

weighted regression (Lin et al., 2011) and geographically weighted expectation-maximization 

(Schroeder & Van Riper, 2013) address this problem. However, these methods have not been 

tested against other popular methods (geostatistical or dasymetric). Also, the geographically 

weighted expectation-maximization is only tested for the temporal mismatch problem. 

Holt & Lu (2011) distinguish 3 types of dasymetric mapping variations: binary, three-class 

(or N- class) and vector. Binary dasymetric mapping is the most basic dasymetric mapping 

technique and relies upon the classification of land use-land cover (LULC) categories as 

either populated or non-populated. An expansion of this method is the three-class (or N-class) 

which classifies LULC data on more than two classes (Holt & Lu, 2011). Finally, more recent 

approaches use vector data (road network etc.) or a combination of vector and raster as 

ancillary data (Langford, 2013), (Holt & Lu, 2011). Dasymetric methods preserve the 

pycnophylactic property (i.e., the volume preserving principle) as termed by Tobler (1979), 

are applicable across spatial scales (Holt & Lu, 2011) and account for spatial non-stationarity 

(Langford, 2006). Lastly, the wide availability of open source data makes dasymetric methods 

appropriate for a wide range of applications (Langford, 2013). 

2.2.3. Geostatistical 

The third family of methods that is more recently examined in literature is geostatistical 

methods (Guan et al., 2011). These methods invoke principles of geostatistics and build on 

previous kriging methods used for point interpolation. In this category target attribute values 

are predicted using different forms of kriging and a model of spatial correlation, while taking 

into account the source and target unit geometric differences (Kyriakidis et al., 2005). Recent 

work has formulated the geostatistical areal interpolation theory and methodology for 

different settings, so it can be used for intensive and extensive variables (Gotway & Young, 

2007). Also, there is evidence that it can be used to address the alternative geography problem 

(Gotway & Young, 2007). 

A major advantage of geostatistical methods is that they are formulated in a probabilistic 

setting, so the prediction error variance can be modeled and evaluated (Kyriakidis et al., 

2005). However, the major disadvantage is that despite recent efforts and computational 

advances they are extremely computationally intensive requiring massive memory space and 

computing power (Guan et al., 2011). In addition, there is no clear evidence that geostatistical 
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predictions satisfy the pycnophylactic property (Mrozinski & Cromley, 1999) (Kyriakidis, 

2011). Moreover, geostatistical methods honor data stationarity (Krivoruchko et al., 2011). 

Under this assumption the population density should change smoothly across the landscape. 

In general this assumption does not hold for socio-economic data since human populations 

tend to cluster in cities. 

2.2.4. Summary 

As Zandbergen and Ignizio (2010) acknowledge all methods have assumptions, flaws, and 

errors that their performance may vary with location and data conditions, and that no single 

“best method” has yet been established. However, from the examination of the candidate 

methods provided in this subsection there is evidence that the dasymetric method is the most 

suitable for socio-economic data. Which type of dasymetric (binary, n-class, and vector) is 

more appropriate depends on the area of interest. For example, Tapp (2010) suggests a 

method suitable for rural areas. Work on all different areal interpolation families has 

formulated the relevant framework so that they are applicable for intensive and extensive 

variables. Therefore, the choice of method relies on the following two dimensions; the size of 

the source units in relation to the target unit, and intra-zonal variation (i.e., the variation 

within the source units) (Brindley et al., 2005). As seen in Figure 1 different methods are 

suitable based on these two dimensions described. Area weighting methods are used when the 

intra-zonal variation is insignificant, i.e., there are no big spatial gaps in the data. Point-in-

polygon methods are used when the source units are significantly smaller than the target units 

and the majority of source units lie completely within one target unit (see Figure 1). Arguably 

the part of intelligent interpolation can be further subdivided (e.g., binary vs 3-class 

dasymetric methods). However, it is apparent that for most cases the choice of an intelligent 

method is necessary. Despite the fact that geostatistical methods are promising they are 

omitted because there is not enough evidence that they can be used for socio-economic data. 

 

Figure 1. Graphical representation for optimal choice of method based on the two most common 

dimensions; source units size in relation to target units size and intra-zonal variation of source units. The 

general case is that a method is preferable if it is simple and accurate. The dotted lines enclose the regions 

where each family of methods provides the best results with the least processing speed. If the source-to-

destination unit size ratio is small then point-in-polygon methods are optimal regardless of intra-zonal 

variation. If the source-to-destination unit size ratio is big and the intra-zonal variation is small an area-

weighting method is optimal. For most cases and especially for socio-economic data, these assumptions do 

not hold and an intelligent method is more appropriate.  



12 
 

2.3. Exploring Spatial Dependencies 

The second and most important part of the spatial analysis performed in the project is to build 

and evaluate linear and geographical regression models to model the relationship between 

geodemographic and lifestyle variables and voting outcomes. Regression is a technique that 

allows modeling the relationship between a dependent variable and a set of independent 

variables. The mathematical model underlying simple regression is: 

   =    +       +      …+     …+   =    +   
 
      +                   (2:1) 

where, the value of the independent variable at each location yi is modeled as the sum of a 

constant b0, a sum of products of each independent variable value xij and a coefficient bj, and a 

error term εi. The following assumptions regarding the error term are required. The error term 

should be independent, it should have a mean of zero, it should be normally distributed, and it 

should have constant variance. The model is fitted to the observed data using a least squares 

regression procedure, which ensures that the sum of the squared errors at all locations in the 

data set is minimized (Fotheringham et al., 2009). 

2.3.1. Globally Static Models 

Ordinary least squares regression is frequently applied to data that are spatially distributed. 

This involves creating a global regression model so that the relationship between the variables 

is assumed to apply with the same coefficients at all locations (Equation 2:1). Then the 

parameters can be estimated from the sample data using the estimator: 

   =          y                      (2:2) 

For a model where the data are geographically distributed, a natural next step is to map the 

residuals. When any trend is discernible in the residuals, a regression model is said to be 

misspecified. In a geographic setting, when we observe spatial structure in model residuals 

(which is almost always the case); this implies that either (1) spatial dependence of the 

variables should be included in the model or (2) it may be reasonable to allow the model to 

vary spatially (O'Sullivan & Unwin, 2010). 

2.3.2. Regionally Static Models 

Simple linear regression that is previously described is used in a wide variety of fields. 

However, as described in Section 2.1.1. spatial data may exhibit certain characteristics, i.e., 

spatial autocorrelation and spatial heterogeneity, which violate certain OLS assumptions. 

Therefore OLS should be used cautiously in spatial models and always with these 

considerations taken into account. What would be desirable in order to tackle this problem is 

to allow the parameters to vary spatially to reflect the different processes that are being 

modeled. There are several approaches that try to tackle these problems like Casetti’s 

expansion method (1972), and spatial econometrics’ methods (Anselin, 1988).  

Spatial regression 

One approach that spurred from the spatial econometrics field and has a rich literature is 

spatial regression (Anselin, 2002). Spatial regression methods, build on the standard linear 

regression model extending it for spatial data. These methods identify neighborhoods and 

allow for dependence between neighboring observations (Anselin, 1988) (LeSage, 2008). 

Spatial dependence is introduced in the models in two ways, as spatial lag dependence or as 

spatial error dependence (Anselin, 2009).  
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Spatial lag models, also known as spatial autoregressive models, simply incorporate in the 

model a spatially lagged version of the dependent variable y (de Smith et al., 2013). The 

regression equation is transformed by including a function of the dependent variable observed 

at neighboring locations (Anselin, 2009). Essentially a spatial lag model is expressing the 

notion that the value of the dependant variable at a given location is related to the values of 

the same variable measured at nearby locations, reflecting some kind of interaction effect. 

Consequently, the model, called spatial autoregressive model takes the following form: 

   = ρ         +   β +                         (2:4) 

where ρ is the spatial autoregressive coefficient,     is the spatial weight and    is the 

measured dependant variable in location j (de Smith et al., 2013). This added variable is 

referred to as a spatially lagged dependent variable, or a spatial lag and accounts for spatial 

dependence in the data. Even when the spatial lag specification is not necessarily the result of 

a process of interaction among agents, it remains a useful model to deal with spatial 

autocorrelation but not with spatial heterogeneity, and can be interpreted as a filtering model 

(Anselin, 2009).  

Spatial error models attempt to incorporate spatial autocorrelation in the model in the form of 

a spatial process for the disturbance terms (Anselin & Bera, 1998). Thus, in a spatial error 

model specification, the observations are related only due to unmeasured factors that, for 

some unknown reason, are correlated across the distances among the observations (Ward & 

Gleditsch, 2008). The motivation behind this method is that effects not included in the model 

spillover across spatial units and result in spatially correlated errors. Most commonly a spatial 

autoregressive process is used to model the spillover process as follows: 

   = λ         +                               (2:5) 

Where λ is the autoregressive parameter,     is the spatial weight,    is the error of the 

neighboring location j and    is a random error term. This method represents a global pattern 

of spatial autocorrelation. There is evidence that these models exhibit heteroskedasticity1 

which complicates specification, testing, and estimation (Anselin, 2009). 

Multilevel regression 

It is usual that socio-economic data are collected in spatial aggregation units to preserve 

confidentiality. In addition, these spatial aggregation units often exhibit a nested hierarchy. 

For example, districts within municipalities, municipalities within counties etc. The multilevel 

modeling approach suggests that once these groupings have been established, even though the 

grouping might be completely arbitrary, the group itself will tend to exhibit distinct properties 

that become of interest (Goldstein, 1995). Consequently, any model in which outcomes, 

explanatory factors, and/or stochastic components occur at nested, micro and macro levels 

can be considered a multilevel or hierarchical model. Nevertheless, these models are of 

interest when some arguments vary only at macro levels, and others vary at micro levels, and 

especially when interactions occur across levels as seen in Figure 2 (Franzese, 2005). Various 

                                                            
1 If the spread of errors is not constant, for example if in some parts of the study area the 

residuals are much more variable than in others these errors are said to exhibit 

heteroskedasticity (de Smith et al., 2013). 
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definitions of multilevel models can be found in literature. Namely, hierarchical linear model 

(Raudenbush & Bryk, 1986), multilevel statistical models (Goldstein, 1995), and mixed 

models (Searle et al., 1992). 

 

Figure 2, Varying relationships across groups, (I): Fixed intercept-fixed slope, (II): Random intercept-fixed 

slope, (III)-(VI): Random intercept-random slope (Zeilstra, 2008) 

The simplest case of a multilevel model is the two level case, i.e., lower, micro-level data 

(level-1 units) nested within higher, macro-level units (level-2 units) (Jones, 1991). The 

number of levels in a hierarchy may, of course, extend beyond 2 levels, though the addition of 

multiple levels may exacerbate the statistical and interpretative complications of multilevel 

data structures (Jones 2007). Besides, in the majority of uses of multilevel models, the 

structural model is linear and involves interaction terms, such that for a simple model with 

two levels, one level-1 explanatory variable, and one level-2 explanatory variable (Bowers & 

Drake, 2005).  

The model is mathematically described as follows:  

    =  
  

 +  
  
    +                                         (2:6) 
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 +  
  
   +                                         (2:7) 
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   +                                         (2:8) 
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where j = 1…j for the number of level-2 units and i = 1…i for the number of level-1 units 

within a given level-2 unit. In this notation, x is considered the level-1 explanatory variable 

and z the level-2 explanatory variable (Bowers & Drake, 2005).  

Equation 2:6 gives a bivariate linear-regression model of outcome     as linear additive 

function of explanator     and additively separable stochastic component    . Equation 2:7 

adds model complexity with another explanator    which varies only across and not within 

macro level j also affects     and that it does so with some error     which also varies only 

across macro levels j. At this point, we have a (trivariate) random effects model with two 

explanators     and    and a compound error term     +     with     being the macro-unit-

specific random effect. Equation 2:8 adds further model complexity with     and    interact in 

determining the outcome    , implying that the effect of     depends on    and, vice versa, 

that the effect of    depends on    , and that these conditioning effects, too, occur with macro-

unit-specific error,     (Franzese, 2005). By combining the previous three equations, the 

model is transformed as follows: 

    =  
  

 +  
  
   +    + ( 

  
 +  

  
   +   )    +                                      (2:9) 
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 +  
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    +  

  
      + (       +     +    )                                (2:10) 

The main argument against multilevel models is that it is common to have relatively large 

samples of units like individuals nested within relatively small samples of units. Often these 

level-2 samples will be so small that will make inference about level-2 effects uninterpretable 

in the likelihood framework from which they were estimated (Bowers & Drake, 2005). 

2.3.3. Continuously Dynamic Models 

GWR offers an alternative approach that allows the model to account for data non-stationarity 

(Brunsdon et al., 1996), (Fotheringham et al., 2009). GWR is a relatively simple technique 

that extends the traditional regression framework of Equation 2:1 by allowing local variations 

in rates of change so that the coefficients in the model rather than being global estimates are 

specific to a location i (Brunsdon et al., 1996). 

It is assumed that (1) spatial coordinates are available for the sample observations and (2) the 

i-th observation is given by the vector i. The locations where data are sampled are referred to 

as sample points, and those where parameters are to be estimated as regression points. The 

model fitted using OLS is termed as global and the model fitted using GWR OLS as local. 

Fitting a GWR model involves estimating the location specific parameters β(i), entailing one 

set of parameter estimates for each regression point. 

   =     (i) +     (i)    +    (i)   …+    (i)    +                  (2:11) 

The estimator is a weighted OLS estimator: 

  (i) =                  y                   (2:12) 

The geographical weighting for the i-th observation is given by a kernel (e.g., Gaussian). This 

is a square matrix whose leading diagonal contains the weights for the observations j relative 

to location i, the current regression point (Fotheringham et al., 2009). 
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The idea in GWR is to build many local models, as a way of better understanding the spatial 

structure in the model. At its simplest, this concept involves simply partitioning the data set 

into a number of regions and estimating a local regression model for each region individually 

of local models. There is evidence that GWR models produce better estimates than global 

model and are preferable despite the much larger computational time needed (O'Sullivan & 

Unwin, 2010). 

Despite the widespread use and acceptance of GWR there are some valid concerns that should 

be considered when using it. Most notably: 

 It is not always clear whether or not the observed variations in regression coefficients 

are statistically significant. 

 The size of the local window (i.e., bandwidth of Gaussian) that influences a certain 

point is questionable.  

 There is a tendency for GWR to overestimate how much the regression coefficients 

vary in space. 

 It is mostly an exploratory method and it should be used as a predictive method with 

caution. 

2.4. Spatial Decision Support Systems 

Even though an increasing number of GIS based applications are described as SDSS, there is 

no agreement on what a SDSS exactly constitutes. In general, SDSS provide computerized 

support for decision-making where there is a geographic or spatial component to the decision 

(Keenan, 2003). Spatial decision support systems can be seen as spatial analogues of decision 

support systems (DSS) developed by Simon (1960) (Densham, 1991). 

2.4.1. Decision Making Process and Decision Support 

Simon (1960) suggests that any decision-making process can be structured in three major 

phases: 

 Intelligence: Is there a problem or an opportunity for change? 

 Design: What are the decision alternatives? 

 Choice: Which alternative is best? 

DSS provide support in all three phases of the decision making process. However, DSS and 

SDSS are primarily used in semi-structured problems in order to assist decision makers 

(Malczewski, 1997) (Densham, 1991). SDSS provide decision support in two ways, 1) by 

helping decision makers explore the problem in detail and 2) by making possible the 

generation and evaluation of alternative solutions (Densham, 1991).  

In this thesis, support is provided in all three phases of the decision making process, but most 

importantly in the phases of intelligence and design. In particular, the model provides insights 

on correlations between variables and voting outcomes, giving the opportunity to exploit 

these correlations in political campaigns.  

The previous remarks are valid but don’t incorporate the spatial dimension of the problem. 

According to Jankowski and Nyegres  (2009) there are two main questions that can be used to 

develop SDSS, (a) “where to put something” and (b) “what to put there”. By building on the 

previous non-spatial remarks, this thesis will address the problem of where to put something, 

e.g., a political campaign has limited resources and wants to allocate these resources in the 
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region where the trade-off between the investment and the result is the best based on the 

designed SDSS. 

2.4.2. Principles of SDSS 

The technology for a DSS must consist of three sets of capabilities in the areas of dialog, data, 

and modeling (the DDM paradigm). A well-design SDSS should have balance among these 

three capabilities (Malczewski, 1997): 

 Database Management System (DBMS) contains the functions to manage 

the geographic database 

 Model Base Management System (MBMS) contains the functions to manage 

the model base 

 Dialog Generation and Management System (DGMS) manages the interface between 

the user and the rest of the system.  
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3. Problem Specifics and Context 
Since the context of the study is that of Swedish elections it is necessary to describe the basic 

features of the Swedish election system, and subsequently to examine the available dataset 

against the methods described in Section 2. This chapter covers these two topics. 

3.1. Swedish Election System 

The Swedish election system is proportional representation based on universal suffrage. 

Elections to the Riksdag (the Swedish Parliament), municipal and county councils are held on 

the third Sunday in September every four years.  

 

Figure 3, Representation of the three election levels using the example of Storskogens municipal elections. 

(Valmyndigheten, 2014) 

The election system for all elections (i.e., parliament, municipal, and county) consists of three 

levels. These are the election area, the constituencies, and the electoral districts. The election 

area is the geographical area covered by the election, which in the case of the parliamentary 

election is the entire country. The election area is divided into constituencies (see Figure 3), 

which are the units that actually elect members and are of primary interest for individual 

candidates. Election constituencies are, in turn, divided into electoral districts, with one 

polling station per electoral district. The sizes of electoral districts vary but generally each 

district includes approximately 1000–2000 people who are entitled to vote. There is no 
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absolute upper or lower limit to the size of electoral districts. The smallest district contains 

only a few hundred voters and the largest more than 2000 (Valmyndigheten, 2014). So, these 

three levels represent to varying extents the different interests of different groups involved in 

an election. Voters – districts, candidates – constituencies, Party – country.  

Sweden has 29 geographically defined constituencies, each of which has between 2 and 34 

seats. There is one multi-member constituency covering the whole country. Most 

geographical constituencies correspond to a county. However, Stockholm County is divided 

in two, Skåne into four and Västra Götaland (the Gothenburg area) into five. Voters cast votes 

for party lists, and are able to indicate a preference for a particular candidate on the list. If 

they do not express a preference, the candidates are chosen depending on their position on the 

list. The Riksdag has 349 seats. Of these, 310 are distributed according to the modified Saint-

Laguë method. The Sainte-Laguë method is a highest quotient method for allocating seats in 

party-list proportional representation used in many voting systems. After all the votes have 

been tallied, successive quotients are calculated for each party. The Equation for the quotient 

is: 

      
 

    
                     (3:1) 

where V is the total number of votes that party received, and s is the number of seats that 

party has been allocated so far, initially 0 for all parties. In Sweden, the modified Sainte-

Laguë method is used. So, the quotient formula for parties that have not yet been allocated 

any seats (s = 0) is changed from V to V/1.4. That is, the modified method changes the 

sequence of divisors used in this method from (1, 3, 5, 7, ...) to (1.4, 3, 5, 7, ...). This gives 

slightly greater preference to larger parties (Grofman & Arend, 2003). 

This means that to obtain one of the 349 seats in the Riksdag, a party must obtain at least 4 

percent of the total votes in the country or at least 12 percent of the votes in a given 

constituency. For a candidate to get elected thanks to personal votes, they need to get at least 

8 percent of the votes for their party in their constituency. The remaining 39 seats are 

distributed only to parties gaining over 4 percent of the national vote. These seats are 

distributed exactly according to each party’s share of the vote, and parties that have only 

obtained seats thanks to the 12 percent rule are excluded. 

3.2. Datasets 

Two primary datasets are used to develop the model. The first one is the Mosaic Sweden 

dataset which contains demographic and lifestyle data for each postcode unit of Stockholm 

municipality. There are 8 general groups of variables (i.e., age, education, occupation, 

income, type of house, type of car, and 2 mosaic groups for lifestyle classification) in this 

dataset which correspond to a certain demographic or lifestyle trait. These groups are 

subdivided into partitions (e.g., age 0-9, 9-19 etc). This type of data coined as compositional 

by Aitchison (1986) pose certain modeling challenges, more importantly, multicollinearity 

between variables and interpretation issues.  

The second dataset is the election dataset which contains the spatial partitioning of Stockholm 

municipality in 503 electoral districts and the results of the Swedish parliamentary election of 

2010. It is notable that this dataset also contains information about the number of persons 

entitled to vote in each district, the number of persons that voted etc. A detailed account of the 

variables at hand can be found in the appendix.  
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4. Methodology 
In this section the methodology is described and justified. Initially, the choice of method from 

the ones reviewed in the related work section is rationalized and then the chosen methodology 

is described in detail. 

4.1. Data Preparation 

4.1.1. Areal Interpolation 

The first step of the methodology that corresponds to the first goal is the areal interpolation in 

order to transfer spatial information between the primary datasets as described in Section 3.2.  

As seen in Figure 4 the two datasets do not overlap, making the areal interpolation task 

apparent. From the examination of available areal interpolation methods provided in Chapter 

2 the two most common dimensions to choose a method are the source units’ size in relation 

to target units size and intra-zonal variation of source units.  

The Mosaic Sweden dataset that contains geodemographic data is chosen as the source units’ 

dataset and the election districts’ dataset that contains election results data is chosen as the 

target units’ dataset. This direction of areal interpolation is based on two main arguments. 

Firstly, the election districts dataset is partitioned in actual election districts, which is the 

spatial partitioning that primarily interests political parties / candidates in an election context. 

Secondly, this spatial partition is part of the election hierarchical spatial structure, i.e., many 

election districts that form a constituency, many constituencies that form the election area, 

and as mentioned in Chapter 2.3.2 from a multilevel modeling perspective once these 

groupings have been established, even though the grouping might be completely arbitrary, the 

group itself will tend to exhibit distinct properties that become of interest (Goldstein 1998). 

According to Figure 1 two characteristics of the data must be examined to choose an areal 

interpolation method, source to target units’ size ratio and intra-zonal variation. Figure 4 

displays the spatial overlay of the source and target units. It is apparent that the source units 

are not significantly smaller and in some rare cases are even larger than target units. 

Therefore, a point-in-polygon method is not suitable.  

 

Figure 4. Median area for source units is 0,15km
2
 while for target units 0,22km

2
, but in some cases source 

units are larger than target units (e.g., see example polygon). 
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At this point, an auxiliary dataset is necessary to provide insights about the geographic 

distribution of the variables within spatial units. This dataset is the CLC2000 dataset which 

provides an inventory on land cover, at an original scale of 1: 100,000, using the classes of 

the 3-level Corine nomenclature. The minimum width of linear elements is 100 meters. Built-

up areas where considered all the cells with urban or rural fabric, continuous or 

discontinuous. In addition since the area in consideration is Stockholm Municipality and the 

land cover data is from 2000, industrial or commercial units where considered as built-up 

taking into account the many recent rehabilitation projects in the area.  

Figure 5 shows the built-up areas within source units. Source units record geodemographic 

and lifestyle variables. Since these variables are population related and it is clear that the 

population is not uniformly distributed within the source units, it is reasonable to assume that 

the variables of interest (i.e., geodemographic and lifestyle) are not evenly distributed within 

the source units. Therefore, the intra-zonal variation of source units is big and an area 

weighting method is not suitable.  

 

Figure 5. Built-up areas within source units; many units have large portions uninhabited. 

Finally, Stockholm has numerous water bodies throughout the city that are not included in the 

Mosaic Sweden spatial extent but are part of electoral districts. It is apparent that an 

intelligent method is necessary for this type of data. The literature review (Section 2) 

concluded that dasymetric methods are suitable for this type analysis. Furthermore, there is 

evidence that the binary dasymetric method provides equal or better results than the other 

dasymetric methods and is fast and simple in implementation (Eicher & Brewer, 2001). 

Therefore, it is chosen as the method of areal interpolation. 

Implementation 

The binary dasymetric method is formally described as follows: 



22 
 

    
        

   

 
                        (4:1) 

where,    is the estimated population at target zone t,      is the area of overlap between 

target zone t and source zone s having land cover identified as populated,     is the source 

zone area identified as populated and    is the total population in source zone s. 

However, as mentioned in Section 3 most variables are percentages. For percentages the 

binary dasymetric method is formally described as follows:  

 

    
        

   

 
                        (4:2) 

where,    is the estimated variable at target zone t,      is the area of overlap between target 

zone t and source zone s having land cover identified as populated,     is the target zone area 

identified as populated and    is the variable in source zone s. 

The implementation of the method is performed in arcgis 10.5 with the utilization of the 

model builder and the python scripting tools. An export of the model is provided in the 

appendix. Conceptually the model follows these steps. 

1. Create a mask of uninhabited areas, i.e., land uses classified as uninhabited (e.g., forest, 

water, see apendix) are selected and a polygon mask of “uninhabited” areas is created. 

2. Erase uninhabited areas from source and target zones, i.e., the areas identified as 

uninhabited from step 1 are erased from both the Mosaic Sweden and the electoral 

districts dataset. An original area factor is added to the shapefiles to “remember” the 

actual size of each zone. 

3. Identity operation, i.e., the geometric intersection of Mosaic Sweden and election datasets 

is computed. 

4. Calculate area weighting factor, i.e., the area weighting factor is calculated: F =     /    

5. Re-aggregate, i.e., all subregions created from step 3 of each target zone for the given 

target zone are added. 

Regarding the two count variables the same process described above applies with the 

appropriate factor.  

4.1.2. Compositional Data Transformation 

As mentioned in Chapter 3.2 most of the data are compositional data, i.e., they consist of 

vectors whose components are the composition / complementary proportions or percentages 

of some whole. Their peculiarity is that their sum is constrained to be some constant, typically 

equal to one for proportions (Aitschison, 1986). These properties distinguish this type of data 

from ordinary multivariate data, in which the information is absolute (Filzmoser et al., 2010). 

Because this constraint exists in the data, the geometrical space, as regards these variables, is 

not the usual Euclidean space, but the simplex sample space. As a consequence, the distance 

between two observations is not measured by the Euclidean distance that is used in daily life, 

but by the Aitchison distance (Aitschison et al., 2000). This observation means that standard 

statistical procedures, like drawing a histogram, or computing the arithmetic mean, have to be 

based on the Aitchison geometry (Filzmoser et al., 2010). 
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A series of methods have been proposed using logratio analysis to transform compositional 

data from the simplex sample space to the usual Euclidean space. The most prominent 

methods are additive logratio (Aitschison, 1986), centered logratio (Aitschison, 1986) and 

isometric logratio (Egozcue et al., 2003). The major advantage of the centered log-ratio 

approach is that it preserves the same amount of variables after the transformation of the data 

(Filzmoser et al., 2010). However, the sum of the resulting compositions is zero so, regression 

analysis should be conducted with caution, i.e., all resulting compositions of a group cannot 

be used in one model. Despite the aforementioned drawback, this type of transformation in 

this particular methodology is desirable since the results should be easily interpretable and 

communicated to decision makers without a statistical background. This method is formally 

described as follows: 

           
  

    
 
       

         with                  
                  (4:3) 

where xi is a composition and D is the number of compositions in the data (van den Boogaart 

& Tolosana-Delgado, 2013). The transformation is performed in each group of compositional 

variables described in Section 3.2, i.e., one transformation for age variables group, one for 

income variables group etc. 

One obstacle in the transformation is the presence of zero values in some compositions. It is 

possible to overcome it by substituting zero values with a very small value without hindering 

the reliability of the results (Leininger et al., 2013). A value of 0.000001 is used in the present 

methodology. The implementation of the method was performed in R-3.3.2 with the help of 

the R-ArcGIS bridge toolbox. 

4.2. Modeling 

The second step of the methodology that corresponds to the second goal is to model the 

relationship between the two datadsets datasets, i.e., demographic and lifestyle variables, and 

voting outcomes. 

After the data preparation step has been completed, an exploratory OLS regression is 

performed between each of the dependant variables against all the potential independent 

variables. The exploratory regression includes as independent variables all variables of the 

groups age, education, occupation, income, type of house, classification night, as well as the 

variables fortune, vehicles, and certain auxiliary spatial variables, i.e., Euclidean distance to 

Stockholm center, driving distance to Stockholm center, and transit time to T-Centralen. 

The results from the exploratory regression form the basis of the different models built. Two 

different approaches to modeling spatial relationships are proposed in the present thesis. The 

first approach utilizes the standard ArcGIS procedure and functionalities to build multivariate 

OLS models and then uses GWR to obtain actionable knowledge regarding the parameters of 

the model in different regions of the study area. The second approach uses the insight from 

the exploratory regression to build univariate multilevel models and uses the models 

parameters to obtain actionable knowledge. 

The first approach is arguably the most commonly used method among ArcGIS users when 

analyzing continuous data. Therefore it has the advantage of a well established methodology 

which is highly automated within the ArcGIS analysis framework, as well as being simple 

and easily interpretable. The second approach has the advantage that multilevel models better 
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fit with the electoral and campaigning system. It is not as well established and / or automated 

but can be implemented with the help of the R-ArcGIS bridge toolbox. The modeling process 

previously described is can be seen diagrammatically in Figure 6. 

 

Figure 6, Modeling methodology workflow. Two approaches stem from the data preparation and through 

different processes aim to acquire actionable knowledge that can be used in campaigns 

In the first approach the OLS model is evaluated based on six points, i.e., performance, 

complexity, significance, stationarity, bias and spatial autocorrelation. Only when the model 

passes these six checks GWR is used to obtain actionable knowledge as described previously. 

A key point to passing these six checks and most notably the spatial autocorrelation check is 

introducing a spatial variable to the OLS model. Several spatial variables have been tested, 

but finally the total transit time to T-Centralen provides the best results and is therefore 

chosen. 

In the second approach the models with an acceptable adjusted R2, i.e., higher than 0.10, are 

the candidate models for further investigation.  Consequently, the second step is to subject the 

candidate models to critical examination, i.e., is the relationship reasonable and meaningful? 

If the relationship is reasonable and meaningful based on party / candidate program and 

agenda the third step follows, which is to perform a properly specified OLS regression. 

However, since the data is spatial and the OLS regression can capture a global trend but not 

the underlying spatial structure the fourth step is to perform a multilevel regression in order to 

describe the spatial structure of the data as well as the trends. 
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5. Results and Discussion 

5.1. Models 

5.1.1. OLS-GWR Model 

In order to properly demonstrate the previously described methodology an example from each 

approach is thoroughly discussed hereafter. The example case for the first approach is that of 

party A2. The exploratory regression of party A produces the results shown in Figure 7. 

 

Table 1, Exploratory regression results of Party A. One passing model was found. 

The exploratory regression tool finds one passing model, i.e., Party A = Finans - Utbild - 

I150_399 + TRANSIT_T. The relationships between the dependant variable and the 

independent variables are reasonable. The last variable, i.e., total transit time to T-Centralen, 

is not from the original dataset of geodemographic and lifestyle variables but it proved to be 

necessary for the model to pass the spatial autocorrelation test. An OLS regression is 

performed in ArcMap using the OLS tool. Figure 8 shows the regression results and Figure 9 

the OLS diagnostics. 

 

Table 2 OLS regression results  

 

Table 3, OLS regression diagnostics 

                                                            
2 Party A is a liberal and agrarian political party in Sweden. Its focus leans towards free 

market economics, environmental protectio, gender equality and decentralisation of 

governmental authority. The party’s major issues are national economy, environment and 

integration. 
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Table 4, Diagnostics on spatial autocorrelation 

Model performance: The adjusted R2 is 0.36 which means that 36% of the variation is 

explained by the independent variables which is acceptable, given the complex context and 

type of relationship. 

Model complexity: The Koenker test is statistically significant so robust probabilities must 

be used. The explanatory variables robust probabilities are statistically significant so all the 

variables used are statistically significant. 

Model significance: The Koenker test is statistically significant so the Joint Wald statistic 

must be used. The model is statistically significant. 

Model stationarity: Based on the Koenker (BP) statistic the model exhibits statistically 

significant heteroscedasticity and / or nonstationarity. A spatial model should be used. 

Model bias: The Jarque-Bera statistic indicates that there is no statistically significant model 

bias. 

Spatial Autocorellation: Given the z-score (see Figure 10), the pattern does not appear to be 

significantly different than random. Therefore, the errors are not clustered. 

The model passes all the tests but the relationships are not stationary, so it is a good candidate 

model for GWR. Running GWR in ArcGIS gives a slightly better R2 of 0.37. More 

importantly, it is possible to take advantage of GWR outputs and identify regions where the 

party should emphasize its policy given the relationship previously described. An example of 

this can be seen in Figure 11. It maps the coefficients of the Finans variable in Stockholms 

electoral districts. Darker grey shows a stronger relationship, so the party could emphasize the 

communication of its relative policies in the darker region where they would have a higher 

impact. 
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Figure 7, Finans coefficients produced by GWR mapped for the municipality of Stockholm 

5.1.2. Multilevel Model 

The example case for the second approach is that of party B. The exploratory regression of 

party B3 produces the results shown in Figure 12. The candidate variable with the highest 

adjusted R
2
 and the lowest AICc is “PI 400+”, abbreviated as “400_.” 

 

Table 5, Exploratory regression results of Party B 

This relationship indicates that party B voting outcomes, has a high correlation with the 

percentage of higher (more than 400) incomes. This relationship is reasonable, since this party 

has a liberal economic agenda, and meaningful, since the party / candidate could, for 

example, advocate tax cuts beneficial for higher incomes. Therefore, it is an interesting 

relationship that should be further examined. 

A natural thing to do when examining a relationship is to plot the dependant variable against 

the independent variable as seen in Figure 13. From the plot, it seems that there is a 

relationship between the two variables. Adding the regression line as seen in Figure 14 makes 

the relationship even more apparent. 

                                                            
3 Party B is a liberal-conservative poltical party in Sweden. The party generally supports 

reducing taxation and economic liberalism. 
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Figure 8 & 9, Scatter plot of Party B and PI 400+ (without and with regression line) 

After the trend has been justified, a starting point is to perform an OLS regression in ArcMap 

using the OLS tool. Figure 15 shows the regression results and Figure 16 the OLS 

diagnostics. 

 

Table 6, OLS regression results 

 

Table 7, OLS regression diagnostics 

The OLS model is evaluated based on six points, i.e., performance, complexity, significance, 

stationarity, bias and spatial autocorrelation. 

Model performance: The adjusted R2 is 0.44 which means that 44% of the variation is 

explained by the independent variable which is very high, given the complex context and type 

of relationship. 

Model complexity: The Koenker test is statistically significant so robust probabilities must 

be used. The explanatory variable is statistically significant. 

Model significance: The Koenker test is statistically significant so the Joint Wald statistic 

must be used. The model is statistically significant. 

Model stationarity: Based on the Koenker (BP) statistic the model exhibits statistically 

significant heteroscedasticity and / or nonstationarity. A spatial model should be used. 
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Model bias: The Jarque-Bera statistic indicates statistically significant model bias. 

Spatial Autocorellation: Given the z-score (see Figure 17), there is less than 1% likelihood 

that this pattern is the result of random chance. Therefore, the errors are clustered. 

 

Table 8, Diagnostics on spatial autocorrelation 

Even though the trend is apparent, there is still no information about the spatial structure of 

the relationship. In addition the tests show model stationarity, bias and spatial autocorrelation. 

A spatial model is necessary to tackle these problems. To this end, a multilevel model will be 

used to examine this spatial structure and address to some extent the problems of the OLS 

model. The model is fitted using the lme4 library in R-3.3.2 as seen in Figure 18. 

 

Figure 10, R code for the multilevel model 

 

Table 9, AIC comparison of OLS and ML model 

In addition to the advantages of the mulilevel model described previously the AIC 

comparison (Figure 19) shows that it is the optimal model of the two. With the multilevel 

model specified it is necessary to examine the coefficients of each constituency to see if there 

is indeed spatial structure in the data. As seen in Figure 20, there is variation in intercepts and 

slopes. Especially interesting is the coefficient of constituency 018003 which is significantly 

lower than the rest, indicating an underperformance of the party in that particular area. 

In Figure 21 this underperformance is depicted in an easily interpretable way. Constituency 

018003 has a significantly lower slope than the global average, and all the other 

constituencies. It is justifiable, then to assume that Party B underperformed in this region and 

did not communicate their policy correctly. Given that assumption, there is an opportunity for 

improvement for party B, in constituency 018003. 
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Figure 11, Coefficients for intercept and slope of the multilevel model & Summary plot for constituency’s 

relationship between Party B voting outcome and PI 400+ 

 

5.2. SDSS 

In this chapter the SDSS is presented and explained based on the two examples described in 

Section 4.2. Both SDSS developed answer to the where to put something question described 

in Section 2.4. 

The first type of SDSS is a web map with the coefficients outcome of GWR of the Finans 

variable mapped. This map is overlaid with the constituencies so it is easy to locate 

constituencies where a campaign on the given variable would have better trade-off. For 

example, in Figure 22, it is easy to identify one constituency with the best trade-off and two 

constituencies with slightly worse but still strong trade-off.  In that case a political party / 

candidate could prioritize the campaign in the “strong” constituency and if there are 

additional resources expand in the slightly “weaker” but still “strong” constituencies.  

The second type of SDSS is web map with the constituencies mapped according to 

performance. That is, the relationship between the dependent and independent variable as 

defined by the multilevel model is mapped according to strength (based on the slope 

parameter). Constituencies with parameters that deviated more than the standard deviation 

from the mean are considered to underperform / overperform while the other constituencies 

are considered to be the average. In addition, a pop-up window is configured so when a 

constituency is clicked information about that constituency are provided (see Figure 23).  

In both cases, the political party / candidate can have a general campaign throughout the 

election area and allocate more resources on certain constituencies that are more promising 

based on the models. 
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Figure 12, 1
st
 type of SDSS: Party A

4

 

Figure 13, 2
nd

 type of SDSS: Party B
5
 

                                                            
4 1st SDSS url:  http://arcg.is/z0r0S  

5 2nd SDSS url: http://arcg.is/1Lr0HT 

http://arcg.is/z0r0S
http://arcg.is/1Lr0HT
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6. Conclusions and Future Work 
This thesis proposes a framework for the use of SDSS in electoral geography in an automated 

way. In this section some remarks regarding the methodology as well as some potential 

improvements are briefly discussed. 

First of all, it must be noted that a considerably big amount of data preparation is necessary 

even for the simplest of models to be tested. It is, therefore, important that these data 

preparation is done in an automated and clearly defined way. There are, however, alternative 

methodologies with certain advantages and disadvantages for each step of data preparation, 

which should first be turned down justifiably before proceeding with this proposed 

framework. 

Also, it is important to note that the results of the elections largely depend on the global and 

local political campaign / agenda, therefore, the models cannot be used by political parties or 

candidates unless their campaign / agenda targets issues that are captured by a 

geodemographical trait or a certain lifestyle. On that matter, one way to test the models in 

consecutive elections would be, provided that the political campaign of the party remains the 

same, to repeat the methodology to see if the model fit remains in the same level.  

Multilevel multivariate models have been explored but are difficult to specify and 

communicate so simpler models which can provide actionable knowledge were chosen. Also, 

it is really important for the multivariate OLS model to have the proper spatial variable. This 

requires a thorough understanding of the study area. In the model presented in this thesis 

simpler spatial variables have been tried to no result, and only after the proper spatial variable 

was introduced the models passed the spatial autocorrelation required threshold. 

Unfortunately, the sample dataset contains data only from Stockholm Municipality making 

the development of models with lifestyle variables difficult. In a broader dataset where the 

spatial variation of these variables would be better, it would be interesting to explore models 

with this type of variables. 

One simple but important improvement on the SDSS is to include the number of seats for 

each constituency in the pop-up windows. This would instantly make the impact of a political 

campaign based on the SDSS easier to communicate. 

Finally, an interesting research question not explored by this thesis that is promising for future 

work is the investigation of the “what to put there” question as described in Section 2.4 

(Jankowski and Nyegres 2009). In the context of this thesis, this research question would 

correspond to the identification of areas with poor performance for a given party and the 

subsequent exploration of methods to improve this performance.  
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Appendix A: Mosaic Sweden Geodemographical and Lifestyle 

Variables  
 

Group Categories Explanation 

Age 

År 0-9 0 to 9 years old 

År 10-19 10 to 19 years old 

År 20-39 20 to 39 years old 

År 40-59 40 to 59 years old 

År 60+ 60+ years old 

Education 

Grundskola Primary school 

EGymn<3 Post secondary education less than 3 years 

EGymn>3 Post secondary education more than 3 years 

Övriga Others 

Occupation 

Jordbruk Agriculture, forestry, fishing 

Tillverk Manufacturing and mining 

Energi Energy, water, waste 

Bygg Construction 

Handel Commerce and communications 

Finans Financial and business services 

Utbildning Education and Research 

Vård Health and social care 

Kultur Personal and cultural services 

Offentlig Public administration, etc. 

Näringsgren okänd No information 

Income 

PI 0-149 Personal income 0-149 

PI 150-399 Personal income 150-399 

PI 400+ Personal income 400+ 

Fortune Förmögenh Average fortune (net) 

Type of house 

Småhus Single-family housing (including row and detached) 

Flerbostad Multi-family housing (rent and condominiums) 

Övriga2 Others 

Type of car 

Cabriolet Cabriolet 

Coupé Coupé 

Pick_up Pick up 

Sedan Sedan 

Semi_Sedan Semi Sedan 

Station W Station Wagon 

Towing T Towing Truck 

Van Van 

Övriga3 Others 

Vehicles Tot Bilar Number of Private vehicles 
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Group Categories Explanation 

Mosaic Sweden  

Classification Day 

A Day Mosaic Group A Day population 

B Day Mosaic Group B Day population 

C Day Mosaic Group C Day population 

D Day Mosaic Group D Day population 

E Day Mosaic Group E Day population 

F Day Mosaic Group F Day population 

G Day Mosaic Group G Day population 

H Day Mosaic Group H Day population 

I Day Mosaic Group I Day population 

J Day Mosaic Group J Day population 

K Day Mosaic Group K Day population 

L Day Mosaic Group L Day population 

Z Day Others Day population 

Mosaic Sweden  

Classification Night 

A Night Mosaic Group A Night population 

B Night Mosaic Group B Night population 

C Night Mosaic Group C Night population 

D Night Mosaic Group D Night population 

E Night Mosaic Group E Night population 

F Night Mosaic Group F Night population 

G Night Mosaic Group G Night population 

H Night Mosaic Group H Night population 

I Night Mosaic Group I Night population 

J Night Mosaic Group J Night population 

K Night Mosaic Group K Night population 

L Night Mosaic Group L Night population 

Z Night Others Night population 
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Appendix B: Electoral Variables 
 

Group Categories Explanation 

Party A 
A tal Total votes of party A 

A proc Percentage of party A 

Party B 
B tal Total votes of party B 

B proc Percentage of party B 

Party C 
C tal Total votes of party C 

C proc Percentage of party C 

Party D 
D tal Total votes of party D 

D proc Percentage of party D 

Party E 
E tal Total votes of party E 

E proc Percentage of party E 

Party F 
F tal Total votes of party F 

F proc Percentage of party F 

Party G 
G tal Total votes of party G 

G proc Percentage of party G 

Party H 
H tal Total votes of party H 

H proc Percentage of party H 

Party I 
I tal Total votes of party I 

I proc Percentage of party I 

Party J 
J tal Total votes of party J 

J proc Percentage of party J 

Party K 
A tal Total votes of party K 

K proc Percentage of party K 

Others 
O tal Total votes of other parties 

O proc Percentage of other parties 

Blanks 
BL tal Total number of blank votes 

BL proc Percentage of blank votes 

Invalids 
OG tal Total number of invalid votes 

OG proc Percentage of invalid votes 

Eligible Ell Total number of eligible voters 

Voted Vot Total number of people that voted 

Valid Val Total number of valid votes 

Turnout Tur Percentage of eligible voters who voted 

 

https://en.wikipedia.org/wiki/Voting
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