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The aim of Copenhagen municipality to attract socio-economically strong residents with its 

green infrastructure strategy inspired the analysis which aimed to assess whether improving 

access green areas in the city has had any impact on socio-economic mobility of its residents. 

Additionally, the concerns of potential displacement of socio-economically weaker residents 

warranted consideration of how income inequality affects the impact of access to green spaces. 

The objective of the research thus to investigate how access to green spaces within 300 meters 

is related to socioeconomic migration in Copenhagen, specifically if the development of access 

to green spaces in Copenhagen municipality significantly attracted higher income residents, and 

if this effect have simultaneously displaced low-income residents. The scope of the analysis 

covers the 67 neighborhoods in Copenhagen over the year intervals of  2008, 2012 and 2018. 

The research supported the hypothesis that overall increased access to green spaces has a 

positive impact on attracting increasing income levels through migration, and especially so at 

negative migration levels, which suggested that displacement of poorer residents occurs. 

Furthermore, it specified how the effect of access to green space varies for areas with different 

income inequality levels, finding that with increasing levels of access to green space in a 

neighborhood the gentrification effect is mostly evident in areas with high income inequality, 

while areas with lower income the effects of green space show less evidence of gentrification. 

The findings should be of interest to historic as well as current green infrastructure policies of 

Copenhagen municipality aiming toward improvements of agglomeration economics through 

urban environmental sustainability, while having to balance these changes with measures to 

ensure socially responsible outcomes. The results of the analysis may help narrow down the 

parameters and conditions where green infrastructure policies can achieve their desired effects. 
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1 Introduction  

Urban areas are the source of many of today’s environmental challenges – not surprisingly, 

since two out of three Europeans live in towns and cities. To this end, local governments and 

authorities can provide the commitment and innovation needed to tackle and resolve many of 

these problems (European Commision, 2022). Green space as an urban public good has distinct 

characteristics that benefit health and recreation, reduce flash floods and improve air quality 

and urban climate (Kim & Wu, 2022). Green areas thus play a key role in improving urban 

quality of life and sustainability, and thus green areas should be carefully accounted and 

evaluated in the urban planning (Cömertler, 2017). Hence, the European Commission's 

European Green Capital Award recognizes and rewards local efforts to improve the 

environment, and thereby the economy and the quality of life in cities. The award is given each 

year to a city, which lead the way in environmentally friendly urban living, and encourages 

cities to commit to ambitious goals for environmental improvement, attaching great importance 

to urban green areas (European Commision, 2022). Scandinavian countries are often mentioned 

as forerunners in sustainable urban development. Green infrastructure planning has played an 

important role and in practice largely takes the place of the ecosystem services, where social 

values are the main focus of the plans, particularly in regards to recreation and access to green 

(Nordh & Olafsson, 2021). As part of the green infrastructure strategy the development of 

urban green spaces can alleviate the sustainability challenges through benefits to biodiversity 

and climate change adaptation,  as well as recreational impacts on life quality and health. Local 

policy makers are increasingly recognizing the potential benefits associated with the reduction 

of distances to green space (Schipperijn et al., 2010), and Copenhagen has become a leading 

city in sustainable and environmentally friendly urban green places with potential as a role 

model for both small and big cities around the world. In 2014, Copenhagen was awarded the 

European Green Capital as a highly successful model for the rest of Europe (Cömertler, 2017). 

In Copenhagen access to green areas is a seemingly major factor in attraction of urban residents 

(Nielsen & Hansen, 2006), as better access to green spaces can benefit residents in the area and 

create activity opportunities, which may help attract more affluent residents, as was the case in 

the Vesterbro district of Copenhagen. Urban green areas have been shown to help make the 

city a great place to live by improving climate and life quality and are thus a key priority when 

people choose a home in Copenhagen. Good accessibility to green spaces is increasingly 

becoming a parameter in the competition between metropolitan areas to attract and retain 

investment, businesses, research, and talents. Livability is thus a crucial position of strength 

for Copenhagen, and as such it is essential that the capital's position as active, attractive, and 

green is maintained until 2030, even under population growth pressure. The real estate market 

consistently demonstrates that many people are willing to pay higher prices for a property 

located close to a green space. As such, proximity to green areas has a positive influence on 

property values and a significant impact on urban life in the local area.  
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The higher values of these residences result in higher property taxes, which makes the process 

an interest to policymaking. Therefore, the City of Copenhagen considers improving access to 

green spaces as an important resource for the city’s economic development and aims to increase 

easy and free access to green spaces to attract citizens and create growth. While enjoying a 

high standard of green accessibility in an international perspective, Copenhagen aims to occupy 

a third-place in accessibility to green spaces, surpassed only by Stockholm and Helsinki 

(Government of Denmark, 2019; The Technical and Environmental Administration, 2015). 

The goal is thus to make Copenhagen a greener city, with 75% of Copenhageners experiencing 

Copenhagen as a green city by 2025 (The Technical and Environmental Administration, 2018).  

The municipality has long worked deliberately with access to green spaces as a factor in 

retaining and attracting citizens to the municipality to create growth (Rosenbak & Jørgensen, 

2009). Since the 1990s Copenhagen been transformed from a challenged metropolis into an 

attractive alternative to the suburbs for the many who want good housing, green communities, 

short commuting distances and a safe environment combined with a vibrant and diverse urban 

life, self-realization, and career opportunities. As such, Copenhagen attracts and retains to a 

greater extent the able-bodied and resourceful population groups that previously moved out of 

the city, and the demand for housing is increasing – both for internal migration and among 

newcomers. This development is seen as combinedly resulting from housing policy, new 

outlays for residential purposes, and massive public investments in the metro, urban 

environment, and cultural and leisure facilities. While net immigration numbers varied in the 

post-1995 period, there has since 2007 steadily been a positive net immigration. However, 52 

percent of the population still report that short distance to green areas as a priority when 

choosing where to live in Copenhagen, mainly consisting of the population segments of 

families with children and adults without children, while scoring lower in priority for elderly 

and lowest for the young. In order to continue to attract and retain these segments, it is therefore 

still seen as important that Copenhagen continues to offer a housing market with attractive 

nearby green spaces (Center for Urban Development, 2014).  

Hence in Copenhagen, green infrastructure is promoted in local strategies, and Copenhagen 

has worked to ensure that the city’s urban green space is developed and maintained to enhance 

biodiversity and nature experiences, as well was with concern for cultural history, recreational 

needs, and biological considerations, and actively supports green initiatives on non-municipal 

land by motivating and engaging in private partnerships (Heward, 2022; Koefoed, 2019). 

Copenhagen has over the past decade adopted several strategies which are relevant to the 

creation and support of green infrastructure, and has developed a number of strategies to ensure 

involvement of the city’s green structure in other municipal planning, and the quality of parks 

and natural areas is being maintained and developed (Cömertler, 2017), including: 

In 2007 Copenhagen adopted the policy “Eco-metropolis - Our vision for Copenhagen 2015,” 

which aims for the city to become a “green and blue capital city,” where reduction of distance 

to urban green areas is an overall goal for blue and green area development (Cömertler, 2017).  

The strategy “Nature in Copenhagen 2015-2025” aims to ensure that the city develops into a 

“green and climate-friendly” city, with the primary goals to create more nature in Copenhagen 

and to improve the quality of the natural areas in Copenhagen.  



 

 3 

Additionally, the “CPH 2025 Climate Plan” running from 2011 - 2025, the city aims to become 

Europe’s first carbon neutral city by 2025, which includes the creation of additional larger 

green areas as well as smaller greening throughout the city.  

Finally, “Co-create Copenhagen” is a vision targeting technical and environmental issues 

towards 2025, and aims for Copenhagen to be “a livable city,” “a city with an edge” and “a 

responsible city”. One of the tools for achieving this vision has been to enhance access to urban 

green spaces (Green Infrastructure, 2022).  

However, promoting green space access does not always provide socioeconomic benefits. 

Gentrification and displacement of marginalized long-time residents resulting from rising 

property values in response to new and restored green spaces is a especially of critical concern  

(Goossens, Oosterlynck & Bradt, 2020). Mobility patterns show the movement of low-income 

people from high-green areas to low-green areas over time, influencing the replacement of the 

poor with wealthier inhabitants, and worsening inequality in green access (Sharifi et al., 2021). 

Urban green spaces may thus have positive and negative immediate impacts on the residential 

well-being, residential location choice, housing, and land markets. Policy-makers need to know 

how access to public green space varies across society, and whether those who enjoy the 

greatest access include those who are most in need, and should thus consider both positive and 

negative factors in the development of green spaces. (Schwarz et al., 2021).  

The City of Copenhagen thus aims to improve access to green areas high quality in 

Copenhagen, with the municipal plan 2015 stating that the development of the urban green 

areas must be seen in the context of the development and composition of the population and 

that the City of Copenhagen must promote the establishment of publicly accessible green areas 

as part of the urban development. In order to ensure effective and equitable effects of improved 

access to urban green space, a thorough analysis of local neighborhoods, their population, and 

the available green spaces is needed before deciding on a viable strategy to increase the use of 

green space (The Technical and Environmental Administration, 2015). 

1.1 Aim and Scope 

Considering the aim of Copenhagen municipality to attract socio-economically strong residents 

with its green infrastructure strategy it would be interesting to investigate whether improving 

access green areas in the city has had any impact on socio-economic mobility of its residents. 

Additionally, the concerns of potential displacement of socio-economically weaker residents 

warrants a consideration of how income inequality affects the impact of access to green spaces. 

As such, the aim of this paper is to investigate the following research question: 

How is access to green spaces in the city of Copenhagen related to socioeconomic migration? 

Specifically, has the development of access to green spaces in Copenhagen municipality  

significantly attracted higher income residents, and/or displaced lower income residents?   
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The geographical scope of the analysis is limited to the 67 different neighborhoods inside 

Copenhagen municipality, while the temporal scope of the analysis is restricted by availability 

of data on green spaces in the study area and covers the interval of years 2008, 2012 and 2018.  

 

1.2 Outline of the Thesis 

Chapter 1 covers the introduction to the green infrastructure policies of Copenhagen, where 

increasing access to green space is a key to its environmental and socioeconomic objectives. 

Chapter 2 investigates the literature review of theory on the effects of access to green space on 

socioeconomic migration, from which the hypothesized interaction models are derived. 

Chapter 3 overviews the key variables of wage, net immigration, green service area, gini index, 

as well as control variables, and considers the ecological inference of aggregated panel data. 

Chapter 4 outlines the methodology used to conduct the analysis, namely analysis of margins 

in fixed effects regressions with two-way and three-way interactions between the key variables. 

Chapter 5 examines and the results of the average marginal effects and predictive margins, and 

discusses the validity of the findings, which ultimately support the hypothesized relationships.  

 

Figure 1. Reference map of Copenhagen municipality (2018). Cartography by the author. 
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2 Theory 

This chapter examines the extant literature of research on the topics of the effects related to 

access to urban green spaces relating to its effects on socioeconomic mobility of residents in 

general and in Copenhagen in particular, notably regarding hedonic pricing and gentrification. 

Additionally, research on the potential parameters of these effects are covered, as well as the 

aims and goals of the green infrastructure policies of Copenhagen municipality in this regard.  

2.1 Previous Research 

Service area of 300 meters to green spaces 

Several Danish studies have found a clear correlation between distance to green areas and usage 

(Holm & Jakobsen, 2006; Nielsen & Hansen, 2006; Rosenbak & Jørgensen, 2009). Research 

from the Netherlands similarly documented this correlation between distance and usage 

regardless of degree of urbanity, size or shape, and underline the importance of accessibility 

(Bijker & Sijtsma, 2017; Maas et al., 2006). While the European Environment Agency (EEA) 

recommends that people should have access to green space within 15 min walking distance 

(roughly 900 meters), public agencies of other countries such as the English Nature in England 

recommend that people should live no further than 300 meters from the nearest green space 

(Barbosa et al., 2007). More than 80 percent of citizens in most of the Green Capitals live 

within 300 meters of a green area, including Copenhagen when counting small green spaces 

(Cömertler, 2017), while Danish public estimates find less than 50 percent of Copenhageners 

living within 300 meters of green space when considering only medium and large green areas 

(The Technical and Environmental Administration, 2018). In Denmark, living within 300 

meters from a green space has also been found to be the distance parameter where a significant 

increase in attraction, attendance, and health benefits occurs (Stigsdotter et al., 2010). Public 

assessments also found a correlation between distance, usage, and health at around 300-400 

meters while investigating the need for new large and medium-sized green spaces in 

Copenhagen at the service goals 500 meters, 800 meters, and 1000 meters. The study found no 

clear answer to which service target should be set, but concluded that the existing service target 

of 1000 meters did not correspond to the recommendations of the research results, and was 

unambitious compared to other cities, especially the Green Capitals (The Technical and 

Environmental Administration, 2018). The government has since asserted a vision for every 

Copenhagener to live within 300 meters of a green space (Politiken, 2019). Analysis of 

neighborhoods, population, and the availability of green spaces is recommended before 

deciding on a viable strategy to increase green space in the city (Schipperijn et al., 2010). 
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Hedonic pricing, residential mobility, and green spaces 

Studies have indeed found a that access to nearby green space is attractive in the housing market  

(Evangelio et al., 2019; Gehl, Kaefer & Reigstad, 2006; Kong, Yin & Nakagoshi, 2007; Luttik, 

2000; Razykova, Bartke & Schwarz, 2014; Sullivan, Kuo & Depooter, 2004). Specifically, 

households respond to variation in green space with their housing location decisions to the 

extent that the available properties and their income and lifestyle constraints permit (Cheshire 

& Sheppard, 2005; Sheppard & Cheshire, 1995; Wu & Plantinga, 2003). The variety of urban 

green spaces, i.e. trees, urban parks, forests, and backyards provide urban ecosystem services: 

recreation, local climate regulation, as well as air quality improvement that might considerably 

influence where people prefer to live. Residential mobility and locational choice are as such 

major drivers of urban land use change (Razykova, Bartke & Schwarz, 2014).  

The real estate market consistently demonstrates that many people are willing to pay higher 

prices for a property located close to a green space. Additionally, the higher values of these 

residences result in higher property taxes, which makes the process an interest to policymaking. 

This process of capitalization of green spaces into the value of nearby properties is termed the 

“proximate principle, whereby the competitive market conceptually will bid up property values 

equal to the capitalized value of the benefits that property owners perceive they receive from 

the presence of green spaces, a mechanism known as "hedonic pricing”. A comprehensive 

literature study found that the capitalization of benefits ceased at selected distances, usually 

between 150 meters and 1000 meters from green spaces in urban contexts (Crompton, 2001).  

Hedonic pricing based on the distance to green spaces seemingly also occurs in Copenhagen. 

The project "Gains from investments in urban life and urban quality" (a collaboration between 

some Danish municipalities, City and Port Development, and University of Copenhagen) 

concludes that there is a direct correlation between proximity to green areas and property value. 

Overall in Danish cities the value of a property increases by up to 10% on average for every 

additional 10 hectares of park or urban natural area found within 500 meters walking distance, 

while both valuation and range are slightly lower for apartments in cities such as Copenhagen 

(The Technical and Environmental Administration, 2018). 

Gentrification and green spaces 

In the context of hedonic pricing and residential mobility, promoting green space access does 

not always provide socioeconomic benefits. Gentrification and displacement of marginalized 

long-time residents resulting from rising property values in response to new and restored green 

spaces has been documented extensively (Goossens, Oosterlynck & Bradt, 2020; Rigolon & 

Nemeth, 2018) (Anguelovski et al., 2018; Wolch, Byrne & Newell, 2014) (Connolly, 2019; 

Haase et al., 2017; Immergluck & Balan, 2018; Rigolon & Németh, 2020). Mobility patterns 

show the movement of low-income people from high-green areas to low-green areas over time, 

influencing the replacement of the poor with wealthier inhabitants, and worsening inequality 

in green access. Yet, this focus is recent, and there is a gap in the knowledge on the role of 

population mobility and residential relocation in shaping urban spatial patterns over time 

(Sharifi et al., 2021).Thus, the relationship between urban green spaces and residential 

development is complex: Urban green spaces have positive and negative immediate impacts 

on residential well-being, residential location choice, housing, and land markets.  
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As such, urban planners need consider both positive and negative factors in the development 

of green spaces (Schwarz et al., 2021). Strong short-term green gentrification effect are 

observed in medium-sized green spaces. Taking these short-term and local-level gentrification 

effects of green space characteristics into consideration allows more inclusive development 

and equitable outcomes (Kim & Wu, 2022). This suggests that analyzing medium and large 

green spaces, without including smaller areas, is a crucial point for policy making (The 

Technical and Environmental Administration, 2018). 

2.2 Theoretical Approach 

Based on the findings from the literature review we hypothesize that hedonic pricing based on 

distance to green increases the average income level of an urban area through the attraction of 

higher income residents, i.e. better taxpayers, while simultaneously in areas with higher income 

inequality this population mobility may foster gentrification by displacing long-time lower 

income residents, thus worsening socioeconomic differences in distance to green space.  

The findings from the literature review suggest a focus on the effects of distance to medium 

and large green spaces at the neighborhood level with a distance parameter set to 300 meters, 

which should be investigated over a short-term time span to capture the effects of gentrification. 

In order to investigate the full hypothesized mechanism of access to green space increasing 

neighborhood income levels by attracting higher-income residents, and potentially displacing 

lower-income residents, it is first necessary to investigate whether there is an independent 

interaction in the first relationship between access to green space, migration, and income levels. 

Thereafter, the second interaction is investigated by including the effect of income inequality. 

Hence, the thesis conducts a panel regression analysis of a two-way and three-way interaction. 

Specifically, expect a two-way interaction with average income levels as response variable, 

migration levels as the predictor variable, while access to green space act as moderator variable 

on the relationship between the predictor variable and response variable, shown in Figure 2. 

Figure 2. Theoretical model for two-way interaction effects. Author’s own work. 



 

 8 

If the moderator effect of green space is found to be significant, hence begins an investigation 

of the expected three-way interaction where average income levels is the response variable, 

migration is the predictor variable, while both access to green space and income inequality act 

as moderators for the independent variable, as shown in Figure 3. 

The expected key variables are thus “average income” as the response variable, which should 

be a good direct estimation of the effect of hedonic pricing via access to green space attracting 

higher income residents to the study area, and potentially displacing lower income residents. 

We expect the main predictor variable to be “net immigration,” while “access to green areas” 

should be a moderator variable, since there is no expected direct relationship with income, and 

only an expected effect of green space on income via its interaction with immigration. Also, 

since the focus in on whether socioeconomic differences in access to green space affect the 

interaction by displacing lower income residents, thus increasing average income levels, the 

expectation is that “income inequality” has an effect as a co-moderator with to green access on 

the relationship between net migration and average income at the neighborhood level.  

Figure 3. Theoretical model for three-way interaction effects. Author’s own work. 
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3 Data 

In order to examine whether the relationship between immigration and income levels is 

moderated by levels of access to green space alone and jointly with income inequality levels 

secondary quantitative data is collected according to the established theoretical motivations. 

This chapter covers a critical examination of the sourcing, collection and specification of the 

different data utilized in the analysis following the guidelines of (Creswell & Creswell, 2018).  

3.1 Source Material 

Neighborhoods form the panel variable consisting of macrounits of aggregated numbers of 

residents in each neighborhood and is therefore ecological in nature. Neighborhoods are used 

as unit of analysis since they are the smallest scale of available socioeconomic statistics for 

Copenhagen municipality. Neighborhoods are a subdivision of Copenhagen municipality, 

consisting of 67 areas as shown in Appendix A. The designations of the neighborhoods was 

created for the purpose of allowing for the smallest geographic division of Copenhagen at 

which open statistical data can be utilized without potential issues of privacy discretion. 

Neighborhood designations were designated by the Copenhagen local district committees in 

2020, however, official socioeconomic statistics by Statistics Denmark for years earlier than 

2020 has been compiled back in time according to neighborhood boundaries (Copenhagen 

Municipality, 2022). Meanwhile official GIS data from DAGI is used to obtain geographic 

borders of the neighborhood used to calculate the green service area variable (Agency of Data 

Supply and Infrastructure, 2022). The small scale of neighborhoods as unit of analysis should 

allow for a detailed analysis of the effects of access to green space.  

Socioeconomic panel data for each neighborhood obtained from Copenhagen Municipality 

(City of Copenhagen: Statbank - Data and Statistics, 2022) are used to create the response 

variable Average Income, the predictor variable Net Immigration, one of the two moderator 

variables Gini Index, as well as theoretically motivated control variables. Thereafter the 

different extracted statistics are manually combined to achieve the full dataset. The data is 

collected by Statistics Denmark (StatBank Denmark, 2022), which as the central authority on 

Danish statistics collects, compiles and publishes statistics on the Danish society. The 

requirement for official statistics follows on the Act on Statistics Denmark, which provides the 

formal framework for official statistics in Denmark. The statistics meet the requirements 

developed in international cooperation, and satisfy quality requirements formulated in the 

European Statistics European Code of Practice (Quality in the Production of Statistics, 2022). 

Thus, the data should present the best available quality in reliability and representativity. 

Validity of the selected data is discussed for each variable in this section of the chapter.  
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Geographical Information Systems (GIS) data is used to calculate the green space service area. 

Some considerations must be made when obtaining data for access to green space within 300m, 

as the data needs to be calculated manually, of which the method will likely dictate the results. 

Firstly, in order to calculate the 300 meters according to the stated theoretical specifications, 

geodata consisting of land cover and land use data at a high spatial resolution is needed to avoid 

omitting medium to large green spaces which could bias the estimates. To this end, geodata for  

Copenhagen municipality is collected from Copernicus Land Monitoring Service (CLMS), a 

European programme which collects and combines satellite data with observation data from 

sensor networks on the earth’s surface, which provides geographical information on land cover 

to a broad range of users in the field of environmental terrestrial applications. CLMS offers 

two different geodata sets of land cover for Copenhagen: Urban Atlas and CORINE Land 

Cover. (Urban Atlas — Copernicus Land Monitoring Service, 2022) offers a high spatial 

resolution with 17 distinct land cover designations for the years 2006, 2012 and 2018. On the 

other hand, (CORINE Land Cover — Copernicus Land Monitoring Service, 2022) offers 

geodata for a longer time span of 1990, 2000, 2006, 2012, and 2018 with 44 land use classes, 

however at a much lower resolution. Upon inspection the CORINE dataset is missing many 

medium-sized green areas when compared to the data from Urban Atlas. Since focus is on the 

effect of medium to large green spaces the CORINE dataset is likely too low resolution to 

provide unbiased estimates. Additionally, the longer time span of CORINE would have been 

useful for a better estimation of effects over time of green spaces, but some of the key control 

variables needed for the analysis, such as education, only has data available from year 2008. 

Thus, the inclusion of years 1990, 2000 in CORINE does not add more utility than Urban Atlas. 

As such, due to the higher spatial resolution Urban Atlas is deemed the better fit to calculate a 

more precise and unbiased variable for access to green space. 

3.2 Specification & Evaluation 

3.2.1 Response Variable: Income  

While the theoretical motivation recommends the use of real estate prices as response variable, 

this data was unavailable. Instead, income serves as the response variable, as it should similarly 

be able to capture the effects of green space and potentially income inequality via immigration. 

We use the dataset KKIND3 to obtain statistics on average personal income in 1000 kr. of 

people above 14 years of age in order to obtain income average only of people for which it is 

relevant. In year 2008 one neighborhoods has a mean annual income of 0 kr. and a population 

of 1, probably being either a mistake or an extreme outlier which can cause abnormal 

distribution and is therefore excluded. As seen in Appendix B, the data is asymmetrically 

skewed, and does not exhibit a normal Gaussian distribution, which is problematic as it makes 

realistic interpretation of the regression results difficult. However, incomes commonly follow 

an exponential distribution, and since our raw income data follows a log-normal distribution, a 

natural logarithmic transformation is used to specify the distribution in a linear functional form 

which helps to ease interpretation. The transformed variable, as is visualized in Appendix B, 

and the raw data are statistically equivalent, and thus the transformed income variable is used, 

while the main estimates are tested for robustness with estimates derived from the raw variable.   
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Table 1. Summary statistics of dependent variable "Income" and log transformation 

3.2.2 Predictor Variable: Net Immigration 

Immigration serves as the main independent variable through which the hypothesized effect of 

the moderator variables access to green service areas and income inequality will be examined. 

Immigration data is obtained from the dataset KKBEF6 where net immigration numbers are 

used to capture the effect of both retention, immigration, and emigration, which should be a 

valid representation of the different facets of the hypothesized effects of the moderators. 

Examining the summary statistics of the variable in Table 2 it is clear that the change in mean 

and standard deviation over the time is minute, and as such the variance in the data is largely 

due to a relatively small number of observations, which is also clear from the visual relationship 

between wage and net immigration in Figure 4. While this does not necessarily run contrary to 

the theoretical expectations, it does limit the expected effect of both the moderator variables.  

Table 2. Summary statistics of Net Immigration. 

Net Immigration Obs. Mean Std. dev. Min Max 

Total 200 0,011 0,013 -0,035 0,093 

2008 66 0,013 0,016 -0,001 0,093 

2012 67 0,010 0,009 0,000 0,050 

2018 67 0,009 0,013 -0,035 0,052 

 

Figure 4. Relationship between (log)Wage and Net Immigration. 

 
Obs Mean Std. dev. Min Max 

Average annual income in kr. 
     

Total 200 316388 82520 182816 635578 

2008 66 286081 60232 182816 510834 

2012 67 309188 78813 185390 570329 

2018 67 353443 91556 200357 635578 

(Log)Wage      

Total 198 12,628 0,229 12,116 13,254 

2008 66 12,544 0,197 12,116 13,144 

2012 67 12,613 0,234 12,130 13,254 

2018 65 12,727 0,220 12,208 13,229 
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3.2.3 Moderator Variable: Income Inequality  

Income inequality in each neighborhood is obtained from the dataset KKIND6 as Gini-index, 

a measure of statistical dispersion used to represent the income inequality within a social group. 

The Gini index is widely used as a stable measure of income inequality due to its natural 

characteristics of the Lorenz curve (Farris, 2010; Gastwirth, 1972). The summary statistics in 

Table 3 how a relatively stable mean and low standard deviation with high variance in 

minimum and maximum values, and Figure 5 in shows a strong relation between Gini Index 

and income which follows theoretical expectations, while showing a more minute relationship 

between Gini Index and Net Immigration, which suggest that the moderator effect is minor.  

Table 3. Summary statistics of Gini Index. 

 

 

 

Figure 5. Relationship (log)Wage and Gini Index (left), and Net Immigration and Gini Index (right). 

3.2.4 Moderator Variable: Green Service Area 

Calculating the access to green areas was done using the GIS software ArcGIS Pro (Esri, 2022). 

As shown in Appendix C, Urban Atlas 2006 and 2012, 2018 have minor differences in land 

use classifications, yet these are easily reclassified into useful themes necessary for calculation. 

Following the same scheme as official research channels (The Technical and Environmental 

Administration, 2018), the data is classified into: “residential areas”, “green areas”, and other 

non-relevant areas. While previous studies on access to green space in Copenhagen have 

utilized Network Analysis using road network and housing geodata to calculate access to green 

space for each residential building, these methods are unfortunately not possible with the lack 

of available housing data this study. Network Analysis methods cannot be used in this analysis 

as there is no publicly available precise population geodata at the time of writing. Instead, a 

buffer zone of 300 meters around each green area is generated to serve as a proxy service area. 

 
Obs. Mean Std. dev. Min Max 

Gini Index 
     

Total 200 30,418 5,911 20,48 48,62 

2008 66 28,873 5,893 20,48 47,57 

2012 67 30,094 5,233 21,22 44,28 

2018 67 32,264 6,148 23,59 48,62 
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This service area is used to summarize how much of each residential area is covered by the 

service area, and thus serviced by green spaces within 300 meters. Afterwards the service area 

are segmented into the geographic borders of each neighborhood. Appendix A shows the 

product including neighborhood borders, the reclassified green areas, residential / urban areas 

inside and outside the 300 meter service area, and non-relevant areas. In order to obtain the 

final variable the green service areas are normalized by the size of the residential area to obtain 

a percentage and avoid bias due to overall neighborhood size. The service area are not 

normalized by residential density since green spaces are considered sharable, thus a percentage 

coverage should be better. The variable should be a somewhat smooth, yet valid proxy, 

capturing most relevant residents. Importantly, since the control variable for education only 

goes as far back as 2008 this causes an inconsistency between the green service area variable 

for year 2006. Since the inclusion of education as a control variable is a necessary to avoid 

potential issues of omitted variable bias, the green service area for year 2006 is held constant 

for year 2008 by assuming that the slow changes of the variable allow for a lagged effect. 

Table 4. Summary statistics of the created variable "green service area".  
Obs. Mean Std. dev. Min Max 

Green service area 
     

Total  200 0,531 0,159 0,061 0,841 

2008 66 0,527 0,153 0,165 0,831 

2012 67 0,533 0,165 0,061 0,826 

2018 67 0,533 0,162 0,100 0,841 

Summary statistics in Table 4 show very minute changes in the mean service area coverage 

from year 2008(2006) to 2012, while there is no mean change from 2012 to 2018, which fits 

our expectations derived from the literature. However, the mean value of 2008 is a little higher 

than that found in other studies (The Technical and Environmental Administration, 2018), 

likely due to lack of density in the variable. Yet, the changes in in minimum and maximum 

coverage values is noticeable, indicating significant variance over time for some 

neighborhoods. Which may be able to capture effects on immigration and wage. Figure 6 shows 

no clear relationship between wage and green service area coverage, while showing a minor 

noticeable relationship between immigration, which follows our expectations, as green spaces 

should relate to wages only via its effect on migration and retention of productive residents. 

Figure 6. Relation (log)Wage and Service Area (Left), and Net Immigration and Service Area (right). 
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3.2.5 Control Variables 

Education Levels 

The “Mincer earnings equation” is a widely used econometric model in empirical economics, 

which stipulates that log earnings can be modelled as the sum of a linear function of years of 

education and as well as a quadratic function of years of potential experience (Mincer, 1974). 

While modifications have been suggested over the years, it is still considered a robust model 

(Lemieux, 2006). As such, education should be an important theoretical control variable which 

should be included in an encompassing model to avoid omitted variable bias. Importantly, data 

for education is only available starting from year 2008, and since its inclusion in the analysis 

is needed to avoid potential omitted variable bias, all collected panel data will start at year 

2008. The education data is collected from the dataset KKUDD1 which contains categorically 

aggregated numbers of residents by highest completed education levels. In order to ease the 

estimation process, these are grouped into categories of similar relations with wages:  

Elementary school and high school are grouped as “lower education.” Professional school, 

short upper education and bachelor education are grouped as “middle education.” Finally, both 

middle and long upper education, and Ph.D. and above are grouped as “upper education.” 

These variables are then normalized by the total number of residents to obtain a percentage 

misspecification of variables due to differences in residential numbers in each neighborhood.  

Age  

In wage regressions a variable for years of education can be problematic if an ability or 

experience variable is missing from the equation (Kennedy, 2008). At the time of writing there 

are no available such as aggregated years of working experience, thus aggregated age cohort 

data is used as a proxy for potential work experience. Potential work experience is usually 

calculated as age minus years of education minus 6 (school age) to capture the number of years 

the average person could have been working since graduating (Zveglich Jr., Rodgers & Lavina, 

2019). Since the data is ecological, this method would be meaningless, and a different method 

is used. The dataset KKBEF1 is used to obtain data containing number of residents by 10 year 

cohorts, which are recoded into three themes: Cohorts 0-19 years are grouped into “young age” 

which are not expected to have much if any working experience, or income. Thereafter cohorts 

70-99+ years are grouped into “retirement age”, which should similarly have lower wages. 

Cohorts 20-69 years are finally grouped into “productive age”, which includes the productive 

population with working experience and thus higher incomes (Skirbekk, 2004). 

Apart from the modified Mincer equation, additional control variables are included to add 

explanatory power, including gender ratio, employment, ethnicity, population density, housing. 

These are discussed further in Appendix I.  

3.2.6 Panel Data 

With the collected and specified panel data there is thus a strongly balanced panel data set, 

meaning that all cross-section units have observations on all time periods, which gives us a 

relatively large N=67 and a small T=3. Ecological socioeconomic panel data such as ours tends 

to be short and wide, consisting of a very large number of cross-sectional units observed over 
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a small number of time periods, in other words with large N and small T. Using panel data for 

our analysis has several advantages: It can deal with heterogeneity cross-sectional data by 

avoiding the omission of time-series variables which may otherwise causes bias in estimation. 

Similarly it corrects for problems of omitted time series variables that influence the behavior 

of the units uniformly, but differently in each time period. Additionally, using panel data 

creates more informative data variability by combining unit variation with time variation, 

which alleviates multicollinearity problems and allows for more efficient estimation. 

Additionally, panel data tends to be aggregated, which averages away heterogeneity and leads 

to data and relationships with continuity and smoothness features. However, statistical results 

using aggregated data in this context do not necessarily reflect the underlying individual 

behavioral relationships. Therefore, ecological inference using of aggregate data to study the 

behavior of individuals (a case such as ours inferring the aggregate migration choices of 

individuals in relation to their personal preferences of access to green space and the 

socioeconomic makeup of the area) should be done with great care (Kennedy, 2008).  

Ecological inference usually generates inaccurate conclusions about the empirical world, 

which gives rise to the ecological inference problem. It is, however, necessary for conducting 

policy analysis where individual-level surveys are unavailable and must therefore be dealt with. 

The inference problem concerns mainly aggregation bias, which causes information loss when 

individual-level data are aggregated into the observed marginals. For aggregate data collections 

sometimes the types of information loss may be selective, which the inference must consider 

in order to avoid bias. Also, a secondary cause of inaccurate ecological inferences is a variety 

of basic statistical problems common to data used for ecological inferences, i.e. ecological data 

usually having high levels of heteroskedasticity, as well as other statistical normality issues.  

A well-cited solution has shown in smaller geographic parameters such as neighborhood units, 

the inference problem is circumventable under a number of conditions, from which follows:  

(1) The model should be scientifically validated extensive collections of real aggregate data. 

(2) All components of the model are largely verifiable in aggregate data, thus while information 

is lost in aggregation some observable implications of model should remain in aggregate data. 

(3) The assumptions on which the model concludes should remain robust to aggregation bias.  

(4) The model should correct statistical problems that affect ecological inference (especially 

heteroskedasticity in aggregate data) and include extensive known information in the model. 

(5) Stating the uncertainty of one’s conclusions is especially important in ecological inference. 

(6) The estimates should be accurate of the cross-tabulation cells at different geographic scales 

and should allow precinct-level parameters to vary in order to avoid geographic selection bias. 

As such, the solution to the ecological inference problem is more or less a solution to the 

“modifiable areal unit problem”, which occurs if widely varying estimates result when most 

methods are applied to alternate reaggregations of the same geographic units (King, 1997).  

Solution 1, 2, and 3 should have been verified in this chapter and the previous chapter. 

Meanwhile, solution 4 is related to methodology and is discussed in Chapter 4, while solutions 

5 and 6 are related to estimates and future research, and are discussed in the Chapters 5 and 6.   
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4 Methods 

The main methods used is analysis of interactions in fixed effects OLS regression of panel data. 

Two models are used to analyze the hypothesized two-way and three-way interaction effects. 

This chapter covers the methodology of specifying and testing interaction effects in general 

and with fixed effects, followed by method, calculation, and interpretation of the moderation. 

All calculations are done in Stata. The final section covers model specification and selection.  

4.1 The Approach 

4.1.1 Interaction Effects 

This section covers the concept of moderation, or interaction effects, and describes how 

moderator effects are tested and interpreted for the model types which are used in this analysis 

(Aiken & West, 1991; Dawson, 2014; Dawson & Richter, 2006), focusing on the methodology 

of two-way interactions, three-way interactions, and curvilinear interactions.  

Testing for two-way interactions 

Generally, an interaction is considered the measurement of how the effect of an independent 

variable changes with the size of another moderator variable. The simplest moderation form is 

a two-way interaction, where the relationship between an independent variable X and a 

dependent variable Y changes according to the value of a moderator variable Z. The statistical 

test for a two-way interaction involves an ordinary least squares (OLS) regression where the 

dependent variable Y is regressed on the interaction term XZ and the main effects X and Z. 

Including the main effects in the equation is essential, otherwise the results are uninterpretable. 

First, a simple test of a linear X-Y relationship is given by the regression equation of Y on X: 

Y = α + β1X + ε 

where α is the intercept, β1 is the coefficient of X, and ε is the residual. The two-way interaction 

expands to include the interaction term XZ created by multiplying X and Z together: 

Y = α + β1X + β2Z + β3XZ + ε 

The coefficients β1 and β2 determine whether there is any independent main effect of X or Z, 

but only the coefficients of the interaction term β3 determines whether moderation is observed, 

and thus if Z is a statistically significant moderator of the linear relationship between X and Y. 

Normally, mean-centering (where the mean is subtracted from its variable) is advisable for 

continuous predictors (as is used in this analysis), since it eases interpretation of moderations, 

as the interpretation of the X coefficient is the relationship between X and Y when Z = 0.  
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Testing for three-way interactions 

The moderating effects of a variable may itself depend on the values of another moderator, i.e.  

the relationship between net immigration and average income is assumed to be moderated by 

access to green spaces, while the moderating effects of green access may itself depend on the 

values of another moderator, such as income inequality, termed a three-way interaction. 

Statistically, it is represented by an extension to the two-way equation: 

Y = α + β1X + β2Z + β3W + β4XZ + β5XW + β6WZ + β7XZW + ε 

where W is a second moderator. The equation requires inclusion of the main effects of each of 

the three predictor variables, the three two-way interaction terms between each variable pair,  

as well as the three-way interaction term. All parts are required for meaningfully interpretation.  

The significance of the three-way interaction term β7 coefficient determines if the moderating 

effect of the variable Z on the X–Y relationship is itself moderated by the other moderator W.  

Testing for curvilinear effects in interactions  

Sometimes non-linear effects are expected in moderation. Even if a curvilinear effects is not 

hypothesized it may still be useful to check if one exists, as linearity of the model is one of the 

assumptions for regression analysis. Insignificant effects in a linear model may miss an 

untested significant curvilinear effect where the X–Y relationship is significant at a particular 

value thresholds of X, which may be of interest to the analysis. Non-linear effects can be 

modeled in different ways, such as logarithmic, exponential, trigonometric, or reciprocal 

effects. This models the X-Y relationship by accounting for various effects such as curvilinear 

or U-shaped relationships, or where effects of X on Y vary more at higher, or lower, values of 

X. Statistically, a simple extension of the two-way regression is to include a quadratic element: 

Y = α + β1X + β2X
2 + β3Z + β4XZ + β5X

2Z + ε 

where X2 is the independent variable X squared. Testing if Z moderates the relationship between 

X and Y is slightly more complicated. The significance of the coefficient β5 shows if the 

curvilinear portion of the X–Y relationship is altered by the value of Z, and as such, if the form 

of the relationship is altered. Yet, it does not show if the strength of the relationship between 

X and Y is changed by Z. Testing the latter requires a joint test of coefficients β4 and β5 by using 

an F-test between the complete moderated quadratic regression model and an unmoderated 

quadratic model (excluding XZ and X2Z), where H=0 is that the excluded variable coefficients 

equal zero. Testing yields a prob > F = 0.0318, and H=0 is rejected at 95% confidence value. 

Curvilinear three-way interactions are similarly calculated as a quadratic three-way extension: 

Y = α + β1X + β2X
2 + β3Z + β4W + β5XZ + β6X

2Z + β7XW + β8X
2W + β9ZW + β10XZW + β11X

2ZW + ε 

Here β11 determines if the curvilinear three-way interaction between the variables is significant. 

Curvilinear relationships between independent and dependent variables are not uncommon, 

which can normally be comprehensively captured by a quadratic regression. However, stronger 

correlations between X and Z impose an increasing risk that the true curvilinear X-Y relationship 

is instead erroneously picked up as an interaction between X and Z. Examining the analysis’ 

variables suggests the presence of a curvilinear x–y relationship. Yet, testing yields a -0.0434 

x-z correlation, which suggests a curvilinear interaction effect of a quadratic x-y relationship. 
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4.1.2 Fixed Effects vs. Random Effects 

Cross-sectional heterogeneity in panel data is generally considered the normal state of affairs, 

as the influence of the unmeasured variables that determine Y yield different unit intercepts. 

The OLS may be biased unless the influence of these omitted variables is uncorrelated with the 

included explanatory variables. Usually causal estimation can be improved by modeling the 

presence of a different intercept for each cross-sectional unit via two different methodologies. 

This section discusses methods for exploiting the features of panel data to study causal effects, 

focusing on the choice between utilizing Fixed Effects (FE) and Random Effects (RE) models.  

FE estimation is solely based on variation within units, thus automatically controlling for all 

observable and unobservable unit-specific characteristics (Allison, 2009; Wooldridge, 2010). 

The FE approach allow estimating causal effects in analyses of units measured over time,  

removing the effects of confounding time-invariant causes, measured and unmeasured, 

allowing the FE to alleviate omitted-variable bias even in a less-than-fully-specified model. FE 

models are especially useful where important causes of Y are hard to measure and tend to 

change slowly or immeasurably over time, a common situation in nonexperimental research 

(Firebaugh, Warner & Massoglia, 2013), i.e. the moderators green service area and gini index. 

FE is defined by an ordinary least squares (OLS) estimation on unit-mean centered data, which 

improves the potential of causal interpretations for the estimator (Gangl, 2010; Morgan & 

Winship, 2014). FE regressions are routinely utilized in empirical research, especially for panel 

data analysis (Young & Johnson, 2015). Many scholars have addressed the analytical 

properties of the FE estimator (Baltagi, 2005; Brüderl & Ludwig, 2014; Cameron, Trivedi & 

Trivedi, 2005), dealt with different approaches to its specification in regression frameworks 

(Andreß, Golsch & Schmidt, 2013; Firebaugh, Warner & Massoglia, 2013; Mundlak, 1978), 

theory-into-practice problems (Halaby, 2004; Plümper, Troeger & Manow, 2005), and 

inferential problems (Bell, Fairbrother & Jones, 2019). The methodology of FE is shown 

stepwise here (Firebaugh, Warner & Massoglia, 2013), Starting with standard regression 

model, which can be expressed in the following generic form, βX = β1 X1 + β2 X2 + ⋯  + βK XK: 

Yi = α + βXi + εi 

Yi is the value of the dependent variable for the ith unit, α is an intercept, β is a row vector of 

regression coefficients, X is a column vector of the K causes of Y, and ε is a random disturbance. 

Assuming that ε has a mean of zero and constant variance, and is uncorrelated with the variables 

in X, the equation is restated to distinguish the measured (X) and unmeasured (X*) causes of Y: 

Yi = α + βXi + β* X*i + εi 

The vector X includes only a subset of the causal variables; the unmeasured causes are in vector 

X*. Because some of the causal variables are missing, the regression of Y on X will generally 

result in biased estimates of the coefficients in β. However, with panel data the FE approach 

can alleviate the effects of confounding variables without measuring them, even without 

random assignment. This can be done by first amending the previous equation to represent an 

analysis based on panel data with t = 1, 2, …., T measurements for each unit: 

Yit = αt + β Xit + β* X*i + β** X**it + εit 



 

 19 

By modeling different intercepts for each point in time, the term αt allows for period effects 

that change the response variable by the same amount for each unit, permitting values to change 

for the ith unit over time. β in the equation have no subscript t, as coefficients are time constant. 

Critically, the unmeasured causes are subdivided into time-variant (Xit) time-constant (Xi) 

Hence, for each of the stable unmeasured causes Xi, the product β* X*i is constant over time. 

Subsequently, the sum of the products is also time-constant for individuals, in other words, 

β*X*I = β*1X*i1 + β*2X*i2 + ⋯ + β*iX*iP = μi, where μi is a constant for the ith individual. 

Substituting μi for β*X*i yields the following equation: 

Yit = αt + μi + βXit + β**X**it + εit 

If all the unmeasured causes are time-invariant, then X**it is empty by definition, and the 

previous equation can be reduced to yield the foundational FE model: 

Yit = αt + μi + βXit + εit 

As such, the FE model allows for both period-specific (αt) and unit-specific (μi) fixed effects. 

The key term μi that varies across persons but is constant for each person over time then 

captures all relevant differences between individuals that time-invariant and unaccounted for 

by the other independent variables in the model. With panel data having multiple observations 

for each individual there are sufficient degrees of freedom to include dummy variables for μi. 

Hence, one common way to estimate a fixed effects model is with unit-specific dummies, 

which remove the stable effects (constant β) of time-invariant unmeasured causes (constant Xi).  

As a result, the FE approach is less prone to bias because its assumptions about unmeasured 

causes are more realistic than the assumptions that is usually needed about those causes. 

Importantly, FE does not remove the biasing effects of time-varying confounders, so the key 

assumption that unmeasured causes are constant must still be met. However, the FE model has 

potential drawbacks: Including all individual dummies incurs a high loss in degrees of freedom. 

Additionally, since FE models remove the effects of all time-invariant causes the standard FE 

model is unable to estimate the effects of time-invariant measured causes. However, none of 

the included variables are time-invariant, thus this issue is inconsequential for this analysis. 

Finally, the focus on within-unit variance in FE also reduces its statistical power, since the μi 

term is an ignorance term, that is, it is a fitted value for each unit that reflects unit differences 

without indicating why the units are different. Although this makes FE effective in alleviating 

the confounding effects of unmeasured time-invariant causes, it involves loss of information.  

Hence, the FE method is often less efficient than other estimation methods that are based on 

between-unit variance as well as on within-unit variance, such as the RE method. The RE 

method is the primary alternative method to estimating causal effects with panel data. The 

random effects approach treats the individual-specific effect as randomly varying, and unlike 

the FE method, RE makes use of between-unit as well as within-unit variance. In short, RE is 

computed using generalized least squares (GLS) to calculate a data transformation, creating a 

spherical variance-covariance matrix, then performing OLS on the transformed data. 

Potentially RE can yield more powerful hypothesis tests and narrower confidence intervals by 

retaining time-invariant variables, while saving degrees of freedom by not using unit dummies. 

Yet, it is more vulnerable to omitted-variable bias from unmeasured time-invariant causes.  
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When there is no positive correlation between X and intercept of individuals, OLS, FE, and RE 

estimators are all unbiased, but RE is most efficient. If a positive correlation between X and the 

intercepts of individuals is found, OLS and RE estimators are biased, but the FE is unbiased. 

Generally the RE estimator is only used whenever there is confidence that the model’s 

composite error is uncorrelated with the explanatory variables (Kennedy, 2008). FE estimators 

are used in this analysis based on the Hausman test, which is covered later in this chapter.  

4.1.3 Interactions in Fixed Effects models 

The specification of interactions between continuous time-varying variables in Fixed Effects 

estimators follows the guidelines of previous work (Giesselmann & Schmidt-Catran, 2022; 

Kühhirt, 2012). In standard longitudinal regressions an interaction is specified by including the 

product of the original variables (Allison, 1977; Jaccard & Turrisi, 2003):  

𝑌𝑖𝑡 = 𝛼t + 𝜇𝑖 + 𝛽𝑋𝑋𝑖𝑡 + 𝛽𝑍𝑍𝑖𝑡 + 𝛽𝑋𝑍(𝑋𝑖𝑡𝑍𝑖𝑡) + 휀𝑖𝑡 

Where 𝛽𝑥𝑧 measures the interaction between X and Z; 𝛽𝑥 and 𝛽𝑧 measure main effects at 

reference values of Z and X; and 휀 it is the error term, which may include both unit-specific and 

time-specific components. The standard specification of an interaction in FE models is to treat 

the interaction term as a variable and demean it accordingly, with each realization of the 

product subtracted by its unit-specific mean before entering the regression: 

𝑌𝑖𝑡 − �̅�𝑖. = 𝛽𝑋(𝑋𝑖𝑡 − �̅�𝑖.) +  𝛽𝑍(𝑍𝑖𝑡 − �̅�𝑖.) + 𝛽𝑋𝑍(𝑋𝑖𝑡𝑍𝑖𝑡 − (𝑋𝑍)̅̅ ̅̅ ̅̅
𝑖.) + 휀𝑖𝑡(𝑓𝑒) 

This specification for interactions in FE regression has been widely used in empirical practice 

(Killewald & Gough, 2013; Schofer & Longhofer, 2011), usually dubbed a within-estimation 

(Abendroth, Huffman & Treas, 2014; Kühhirt, 2012; Oesch & Lipps, 2013). Introduced as a 

desirable specification in methodological discourses, it is numerically equivalent to an OLS 

interaction estimation with unit dummy variables (Schunck, 2013), and is computed by default 

in statistical programs such as Stata (Cameron & Trivedi, 2010).  

Yet, this strategy does not yield a within estimator of the interaction, only for the main effects. 

In the previous equation the FE estimator 𝛽𝑋𝑍 exploits the between-unit differences in effects 

of Z, X, or both Z and X since the FE interaction estimator picks up unit-specific effect 

heterogeneity of both variables. This is contrary to the common view that FE estimates use 

only within-individual differences by dropping information about individuals differences 

(Allison, 2009; Halaby, 2004). As such, interactions estimated with standard FE may be subject 

to bias if both interacted variables vary within units, caused by the effects of heterogeneity 

across units if the effect of X on Z is influenced by two variables: observed time-varying Z1 and 

unobserved time-constant Z2. Using not just within-, but also between-unit differences in Z1, 

the standard FE interaction estimator of 𝛽𝑋𝑍 includes the moderating properties of any 

unobserved unit-specific characteristic correlated with 𝑧1. Generally, the standard FE 

interaction estimator assumes that unit-specific specified and unobserved variables do not 

moderate the effect of X and uncorrelated with moderators Z and W. If this assumption holds, 

the standard FE estimator remains unbiased and can be used for interpretating the interaction. 

Otherwise, using an alternative double-demeaned within-unit interaction estimator can avoid 
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the effect of unobserved heterogeneity (Giesselmann & Schmidt-Catran, 2022; Shaver, 2019). 

Considering which estimator is preferred in models with two time-varying interacted variables 

concerns the debate on trade-offs between consistency and efficiency of within-estimators. 

Some studies advocate cutting between-variation and using within-estimators in causal analysis 

(Brüderl & Ludwig, 2014; Halaby, 2004), while others justify the use of between-unit variation 

in the absence of time-constant unobservable confounders (Allison, 2009; Wooldridge, 2010). 

The issues above mainly concerns longitudinal microdata with cross-sectional heterogeneity, 

and should be less of a problem in aggregated panel data, which averages away heterogeneity.  

Given the ecological nature of the data in this analysis, the tested absence of omitted variables, 

as well as residual normality, the effects of heterogeneity on variables is assumed to be zero. 

Thus, it is assumed that no unit-specific specified and unobserved variables moderate the effect 

of net immigration (x) or correlate with moderators green service area (z) and gini index (w). 

Hence, the standard FE estimator with included between-variation of the interactions should 

be unbiased and more efficient, and is therefore used for interpretation of interaction effects.  

4.1.4 Interpreting Interaction Effects 

Interpretation of interaction effects will take inspiration from the methodology “simple slopes” 

(Dawson, 2014; Dawson & Richter, 2006). From a significant interaction term the slopes of 

the lines are known to be significantly different from each other (Aiken & West, 1991), and 

the direction of the relationship is known. A significant interaction gives only the result that 

the association between X and Y differs according to the level of Z (and W), yet it is not entirely 

clear how it differs, e.g. a positive interaction coefficient suggests that it becomes more positive 

at higher values of Z, yet the size and nature of the effect is not clear, and is further difficult to 

probe if some coefficients are negative, or the standard deviations of X and Z are very different.  

One way to overcome this is to plot the interaction effects visually for eased interpretation by 

calculating simple slopes of the moderation at different low and high levels of the predictor 

and the moderators, and then examine the specific X-Y relationship at these particular levels, 

and if the moderation is significant, which may be done via simple slope tests or other tests. 

Also, for a three-way interaction testing whether the difference between a pair of slopes is 

significant may be useful,  as there are several possible pairs of lines for different combinations 

of the two moderators, and the interaction term alone cannot tell if each line pair is different. 

Additionally, testing whether a curvilinear X–Y relationship significant at a particular Z values 

requires distinguishing between testing if the curvilinear relationship a significant at that value 

and testing if there is any relationship at all at that value. As there is no hypothesis on the 

curvilinear nature of the x-y relationship at specific z values, testing the significance of 

curvilinearity is meaningless, hence only the interaction significance at each z value is needed.  

For two-way models, slopes are calculated for predicted X-Y relation at different conditions of 

high and low values of X and Z, while three-way models calculate the predicted X-Y relation at 

different conditions of Z and W. The question is what values are meaningful to be plotted. A 

common method is using values at one standard deviation above and below the mean. 

However, this method may result in simple slope tests using arbitrary values of the moderator, 

and can be problematic as significance of the slope may depend on specific moderator values.  
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For the standard FE regression model, the most popular method for probing interactions is the 

“pick-a-point” approach (Rogosa, 1980), which plots and tests the conditional effect of the 

focal predictor at designated levels of the moderating variable (e.g., high, medium, and low), 

where these conditional effect estimates are commonly referred to as “simple slopes” (Aiken 

& West, 1991; Jaccard & Turrisi, 2003). However, choosing moderator values to plot the slopes 

demands theoretical justification (Bauer & Curran, 2005; Hayes, 2022), to which the literature 

review provided little specific insights. While higher values of z green service area are expected 

to increase the slope of the x-y relationship, the exact values where this moderation may affect 

the relation are not theorized. Lacking theoretical justification there are other options available 

for choosing which values of moderation for the simple slopes are to be tested.  

A popular alternative to circumvents such arbitrariness is evaluating regions of significance 

(Aiken & West, 1991), which seeks to identify a region of values of Z where the X–Y 

relationship would be statistically significant. This may help understanding the x-y relationship 

of this sample, as it can indicate the values of green service area where immigration is more 

likely to be important for neighborhood wages. It should still be interpreted with caution, as 

there is nothing special about the identified region, which is merely the value in the particular 

dataset where the relationship is significant. Importantly, the size of the region of significance 

is dependent on the sample size, and the boundaries of the region do not represent estimates of 

any meaningful population parameters. Yet, if correctly interpreted, region of significance is 

more useful than the simple slope tests. Thus, regions of significance are used as a starting 

point for plotting the two-way interaction.  

One approach is to testing the region of significance is the Johnson–Neyman (J–N) technique 

(Johnson & Neyman, 1936), which describes the variability about the estimates by obtaining 

regions of significance by calculating a critical value through the construction of confidence 

bands around the simple slopes of the moderation (Bauer & Curran, 2005; Preacher, Rucker & 

Hayes, 2007). Simple slopes and J-N techniques both rely on traditional null hypothesis testing 

logic. However, confidence intervals are generally considered to provide more information 

than hypothesis tests and it is increasingly recommended to use of confidence intervals in 

addition to or in place of hypothesis testing. Thus, regions of significance are commonly 

calculated using delta method standard errors, where the formula for a 100 × (1 − α)% CI for a 

simple slope is as follows:  

𝐶𝐼�̂�1
± 𝑡𝑐𝑟𝑖𝑡𝑆𝐸�̂�1

 

As the formula for 𝑆𝐸�̂�1
relies on a particular z value, 𝐶𝐼�̂�1

varies as a function of the moderator. 

When 𝐶𝐼�̂�1
is plotted across all relevant values of z, the result is a pair of confidence bands 

(Preacher, Curran & Bauer, 2006). While extensions of the J-N technique allow testing 

continuous-by-continuous interactions (Finsaas & Goldstein, 2021) it is not easy to directly 

implement in Stata. Hence, a similar approach is utilized to identify the region of significance 

where moderator values are significantly different from zero, via continuously plotted 

confidence intervals around slopes of the interaction effect at all moderator values.  

The approach is thus: For the two-way model to identify the region of significance for the 

moderation effect by calculating the slope confidence intervals of the x net immigration effect 

on y log wage at combinations of x and the moderator z green service area. Three-way models, 

due to the complex nature of multiple moderators, are advised to choose conditional values of 

one moderator and obtain regions of significance for the other moderator at those conditions 
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(Preacher, Rucker & Hayes, 2007). The moderation effect of interest is (z) green service area 

at different conditions of (w) Gini index, thus the moderated region of significance of the x-y 

relationship is calculated for all combinations of x and z, at conditional values of w.  

Margins 

To this end, analysis of margins is used as an approximation to calculate the regions of 

significance for the moderation effects, which can subsequently be visualized and interpreted 

(UCLA, 2022a, 2022b). Margins is a postestimation command in Stata to estimate and report 

margins, which is a statistic obtained from predictions of a fitted model calculated over a 

dataset in which some or all the covariates are fixed at values different than their actual value, 

and averaging or integrating over the remaining covariates. The margins command produces a 

variety of estimates, of which those important for this analysis are the margins of responses 

(a.k.a. predictive margins) and the margins of derivatives of responses (a.k.a. marginal effects). 

In short, marginal effects provide summaries of the models, while predictive margins provide 

unit-specific and sample average predictions from the models (Stata, 2021; Williams, 2012). 

Marginal effects can summarize the moderation effect and yield the region of significance, 

while the predictive margins can plot the significant predicted values of the moderation effect, 

thus both marginal effects and predictive margins are used for analysis to allow interpretation. 

First, marginal effects are calculated for the response surface of the x-y relationship at 

representative fixed moderator values to identify the region of significance for the effect. 

Hereafter, predictive margins are used to plot and visualize the slopes of the predicted changes 

in the x-y relationship at the representative moderator values within the region of significance.  

Predictive margins are estimates of the response mean used when fixing some, but not all, 

predictors in the model at specified values, as is case here. As such, predictive margins are 

model summaries in the form of adjusted predictions, which allow extracting the equivalent of 

the main effects and interaction effects from a model. Thus, predictive margins provide 

predicted measures of changes in the response for change in a covariate, in other words, 

predictive margins predict the y value at the fixed values of the predictor and the moderators.  

Marginal effects, on the other hand, are partial derivatives of the regression equation with 

respect to each variable in the model for each unit in the data, and refers to the derivative of y 

and the derivative of x. Derivatives are of interest because they are an informative way of 

summarizing fitted results, making the change in a response for a change in the covariate easy 

to understand and to explain. Marginal effects are referred to as average marginal effects when 

some covariates are not fixed, as is the case in this analysis, where only x, z, w, are fixed at 

different values. The average of the marginal effects over the observations thus measure the 

effect of the continuous predictor on the response mean. This obtains average marginal effects, 

which are simply the mean of these unit-specific partial derivatives over some sample. 

Specifically, average marginal effects of a continuous predictor at a representative observation 

estimates the slope of the mean response curve at that observation's setting of the predictors, 

and is computed as the partial derivative of the mean with respect to the predictor. Therefore, 

it can be interpreted as the instantaneous rate of change of the response mean at that point.  

Marginal effects with the dydx(x) at(z) at(w) options are used for evaluating the marginal 

effects over the response surface to find the significance of slopes of the x-y relation at all 

modifier values, which allows identifying the region of significance for the moderated effects. 



 

 24 

Using the dydx() option estimates marginal effects for specified covariates values of interest, 

by means of using dy=d(varname) as response variable. The formulas is: dydx() = dy=dx 

which can be interpreted as a change in y for a change in x. Importantly, dydx() is a rate, and 

all such interpretations are valid only for small (infinitesimal) changes in x, therefore the casual 

interpretation of dydx() is that it represents the response to a unit change. In other words, 

dydx() = value means that y increases with x at a rate such that, if the rate were constant, y 

would increase by value if x increased by 1. Where marginal effects dydx() calculates effects, 

predictive margins yields predictions, yet, calculating marginal effects also uses predictions by 

changing values by a small amount. 

Applying the frequently used option at() with marginal effects makes it easier to understand 

how the response varies by exploring the nature of the response surface. The at() option 

calculates marginal effects at potentially representative specified values by replacing observed 

values with specified replacement values before calculating marginal effects. Margins controls 

the values in each z vector via the marginlist and the at() option, where the at() option sets 

model covariates to fixed values, temporarily setting x to that value for each observation in the 

dataset before computing any predictions. Calculations are made at the observational level and 

are then averaged. For predictive margins, the at() option can similarly specify the simple 

slopes at the representative values within the region of significance of x and z in the two-way 

model, and of z and w in the three-way model.  

Additionally, the option pwcompare with marginal effects performs pairwise comparisons 

across the levels of factor variables from the model, and compares estimated marginal slopes 

and reports the comparisons as differences of margins along with significance tests or 

confidence intervals for the contrasts. This option can thus be utilized for to test for pairwise 

statistical significance of the slopes in the three-way interaction model. Significance test for 

pairwise differences may use the Bonferroni correction, which usually used for discovered 

rather than an expected interactions and is more conservative. Since the interaction is 

hypothesized and the interaction term is weakly significant, the Bonferroni correction can 

accommodate this uncertainty in the test. 

Finally, the standard errors and confidence intervals produced by margins are based on the 

delta method applied to the VCE of the estimates, and treat the covariates at which the response 

is evaluated as given or fixed, which is appropriate when the at() option is used to fix the 

covariates. Appendix D elaborates on statistical formulas for the computations. 

4.2 The Model 

Before regression, both the existence and the form of an interaction effect must be predicted, 

specifically if a moderator increases or decreases the association between two other variables, 

as priori hypotheses is a requirement for meaningful significance testing of moderation 

(Dawson, 2014). As such, this section overs the expected signs and effects of the moderations 

in both the two-way and the three-way model, and follows up with the methodology applied to 

specification and selection of parsimonious models based on predictions and goodness of fit.   
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4.2.1 Two-Way Model 

For two-way interactions it is sufficient to simply state the direction of the interaction, although 

hypothesizing whether the main x-y effect is positive, negative, or null at high and low values 

of the moderator is necessary for generating meaningful simple slope tests at these values. 

Based on theory the hypothesized FE two-way interaction model of the moderating effect of 

green service on the relationship between immigration and log wage is: 

𝑦𝑖𝑡 log wage = 𝛼𝑡 +  𝜇𝑖 + 𝛽1𝑥𝑖𝑡net immigration + 𝛽2𝑧𝑖𝑡green service area + 𝛽3(𝑥𝑖𝑡𝑧𝑖𝑡)

+ 𝛽𝑘𝑐𝑖𝑡 + ε𝑖𝑡 

where 𝛽𝑘𝑐 are the added control variables. The coefficient of the interaction term 𝛽3 is expected 

to show positive signs, and as such the main effect of (x) net immigration should have a positive 

impact on the linear predictions of on (y) log wage at higher values of (z) green service area, 

as access to green space may attract wealthy residents to the neighborhood and increase wages. 

The coefficient for the x-y relationship term 𝛽1is similarly expected to be positive, whereas the 

z-y relationship term 𝛽
2
 is expected to be positive, but statistically insignificant, as per theory. 

However, the linear interaction may be statistically insignificant since the expected relationship 

between net immigration and log income is suspected of being curvilinear, as seen in Figure 4. 

To test for non-linear moderation uses the following FE quadratic two-way interaction model:  

𝑦𝑖𝑡 log wage = 𝛼𝑡 + 𝜇𝑖 + 𝛽1𝑥𝑖𝑡net immigration + 𝛽2𝑥𝑖𝑡
2 + 𝛽3𝑧𝑖𝑡green service area +

𝛽4(𝑥𝑖𝑡𝑧𝑖𝑡) + 𝛽5(𝑥𝑖𝑡
2 𝑧𝑖𝑡) + 𝛽𝑘𝑐𝑖𝑡 + 휀𝑖𝑡  

where the quadratic interaction 𝛽5 is expected to show statistically significant positive signs. 

The expected main effect of the moderation is similar to the linear interaction, however 

considering the nonlinearity of x covering negative and positive values, the main moderation 

effect is expected to be positive at both increasing negative and increasing positive values of x. 

4.2.2 Three-Way Model 

For three-way interactions priori hypothesis is more complex, and requires hypothesizing how 

the slopes of the interaction should differ for different value combinations of the moderators. 

The hypothesized FE two-way interaction model of the moderating effect of green service area 

and gini index on the relationship between net immigration and log wage is thus as follows: 

𝑦𝑖𝑡 log wage = 𝛼𝑡 + 𝜇𝑖 + 𝛽1𝑥𝑖𝑡net immigration + 𝛽2𝑧𝑖𝑡green service area +

𝛽3𝑤𝑖𝑡gini index + 𝛽4(𝑥𝑖𝑡𝑧𝑖𝑡) + 𝛽5(𝑥𝑖𝑡𝑤𝑖𝑡) + 𝛽6𝑧𝑖𝑡𝑤𝑖𝑡 + 𝛽7(𝑥𝑖𝑡𝑧𝑖𝑡𝑤𝑖𝑡) + 𝛽𝑘𝑐𝑖𝑡 + 휀𝑖𝑡  

where the interaction term 𝛽7 is expected to be statistically significant. Theory suggests that 

the moderating effect of green service area at higher levels of gini index income inequality 

should exacerbate the effect of socioeconomic displacement, where net negative migration of 

poor residents should increase the average wages of a neighborhood. Conversely, the higher 

levels of green service area at lower income inequality levels should have a more positive 

moderating effect on the relation between net immigration and average wages, as there may be 

fewer poorer migrants to displace, and thus a stronger effects of inward migration of the richer. 

Testing for a quadratic three-way interaction with a curvilinear predictor x uses the following: 
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𝑦𝑖𝑡 log wage = 𝛼𝑡 + 𝜇𝑖 + 𝛽1𝑥𝑖𝑡net immigration + 𝛽2𝑥𝑖𝑡
2 + 𝛽3𝑧𝑖𝑡green service area +

𝛽4𝑤𝑖𝑡gini index + 𝛽5(𝑥𝑖𝑡𝑧𝑖𝑡) + 𝛽6(𝑥𝑖𝑡
2 𝑧𝑖𝑡) + 𝛽7(𝑥𝑖𝑡𝑤𝑖𝑡) + 𝛽8(𝑥𝑖𝑡

2 𝑤𝑖𝑡) + 𝛽9(𝑧𝑖𝑡𝑤𝑖𝑡) +

𝛽10(𝑥𝑖𝑡𝑧𝑖𝑡𝑤𝑖𝑡) + 𝛽11(𝑥𝑖𝑡
2 𝑧𝑖𝑡𝑤𝑖𝑡) + 𝛽𝑘𝑐𝑖𝑡 + 휀𝑖𝑡  

The interaction term 𝛽11 is not expected to be significant, since the opposing effects of the two 

slopes at different moderator conditions would likely tend toward 0 impact on the x-y relation 

in a nonlinear interaction, due to the previously discussed nonlinear nature of x covering  

positive and negative values. As such, the term may show either positive or negative signs, but 

in case of non-significance further interpretation may not be meaningful.  

4.2.3 Model Specification  

Model Selection  

In order to select a parsimonious model, a combination of two main approaches are conducted, 

approximating Average Economic Regression (AER) and The Test, Test, Test (TTT) methods 

(Kennedy, 2008). The AER approach is used as the initial method for model selection, 

beginning with a hypothesized specification of a simple model derived from theory and 

thereafter proceeding with testing-based forward model selection to identify a general model. 

Considering the fact that the hypothesized specification is only partially derived from theory, 

while investigating the nature of a known phenomenon at specific parameters, the approach of 

this analysis thus differs from the standard AER approach. Statistical diagnostic tests are 

interpreted not only in terms of estimation problems, but also for potential misspecification. 

Hereafter the TTT approach is similarly approximated in order to discover tenable models. 

First, the initial specification is made more general than the expected model specification, 

whereafter testing of various restrictions is undertaken to simplify the general specification, i.e. 

backwards testing-based selection, which avoids selection bias from pure forward selection. 

Models are continually respecified until diagnostic tests can conclude that the model is 

congruent with the evidence, for which there are five main criteria, where models should be: 

(1) Data-admissible, thus not capable of producing predictions that are not logically possible; 

(2) Theory-consistent, following expectations of the economic theory from which it is derived; 

(3) Parameter-consistent, able to adequately predict observations not used in the specification; 

(4) Data-coherent, with random distribution of residuals to ensure regularity is not excluded; 

(5) Encompassing, where rival models have no information able to improve the current model. 

Throughout both processes, the models are subjected to a variety of diagnostic tests, which in 

unison are considered to identify the most parsimonious models. Diagnostics tests include:  

• Evaluating coefficients for correct signs, expected significant t values, and consistency. 

• Multicollinearity is tested for before applying FE, as it is not testable with the FE estimator. 

• Heteroskedasticity is tested graphically, and autocorrelation is tested statistically. 

• Normality of residuals is tested statistically and graphically. 

• R2 values are considered only casually for model selection, as additional variables increase 

the statistic, and the adjusted R2 is not applicable when using robust standard errors. 

• The Ramsey Regression Equation Specification Error Test (RESET) is utilized to check for 

misspecification of functional form of variables. 

• The Akaike information criterion (AIC) and Bayesian information criterion (BIC) are used 

as algorithmic selection to guide the selection of models, in unison with other diagnostics. 
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Estimator and Standard Errors 
In order to test whether FE or RE is the correct specification, a variant of the Hausman test 

(Hausman, 1978) is generally utilized to comparing the results from the fixed and random 

effects models to determine if there is sufficient evidence to reject the null hypothesis that the 

unobserved individual differences are orthogonal to the regressors in the model. If the null 

hypothesis cannot be rejected, then it is assumed that the unobserved heterogeneity is 

uncorrelated with the regressors, and thus that the RE estimates are consistent. Alternatively, 

if the null hypothesis is rejected, the RE estimates is inconsistent, and must be rejected in favor 

of the FE estimates (Firebaugh, Warner & Massoglia, 2013). Hence, the Hausman test is 

performed on both interaction models to select between FE or RE (Table 5), where in both 

cases the null hypothesis rejected at a 1% confidence level, and FE estimator is used. 

Table 5. Hausman test for H=0: Difference in coefficients not systematic 

Three-way interaction model  Two-way interaction model 

chi2(1) = 43.56, Prob > chi2 = 0.0000 chi2(1) = 14.11, Prob > chi2 = 0.0002 

Heteroscedasticity and autocorrelation are common issues in panel data (Saeed et al., 2018), 

where heteroskedasticity can make ordinary OLS methods inefficient via biased error variance, 

and autocorrelation can lead to inconsistent estimates in dynamic panels. In use of panel data, 

clustering should be considered when heteroskedasticity and/or autocorrelation is suspected. 

Cluster robust standard errors account for heteroskedasticity in the unexplained variation, i.e. 

if the amount of variation in the outcome variable is correlated with the explanatory variables, 

robust standard errors account for this correlation, which thus also accounts for autocorrelation. 

Since the panel data consists of a comparatively large N=67 and a very small T=3 with time 

gaps, few tests are significantly able the Portmanteau IS-test can be used for panel data with 

gaps and significant N>T to check for autocorrelation in the FE, by testing if any off-diagonal 

element of the autocovariance matrix is a vector of error terms (Born & Breitung, 2016; Feng 

et al., 2020; Inoue & Solon, 2006). The test does not work in the presence of heteroscedasticity. 

Importantly, the significantly small T=3 of the panel data does not allow any statistical test to 

significantly check for groupwise heteroskedasticity. However, graphical checks by plotting 

the combined residuals against the fitted values indicates inconstant variance of residuals 

(Figure 7). Hence, the Portmanteau IS-test and similar cannot be used. Due to the presence of 

heteroskedasticity and possible autocorrelation cluster-robust standard errors are utilized. 

Figure 7. Graphical check for heteroskedasticity – combined residuals against linear prediction 
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5 Empirical Analysis  

This chapter covers the analysis of the two-way and three-way interactions of the relation 

between net immigration and wage at moderation of green service area and income inequality 

at the neighborhood level. The analysis first examines the regression results and then interprets 

the interactions via the marginal effects and predictive margins based on moderator values. 

5.1 Results 

5.1.1 Two-Way Interaction Results 

The quadratic two-way FE regressions produce statistically significant interaction terms 

throughout the specification process and is stable with additional control variables (Table 6). 

In the linear two-way model the interaction term is consistently insignificant (Appendix E). 

Table 6. Comparison of regression results - quadratic two-way models – fixed effects 

 Restricted Simple Full (selected) 

Net immigration 9.676*  5.980 2.584  

Net immigration2 -171.318*  -96.491* -61.954** 

Green service area  0.377 0.054 0.028 

Net immigration #  

Green service area 

-22.031*  -12.348* -6.497* 

Net immigration2 #  

Green service area 

326.181* 172.220* 101.210** 

Gini index .0385** 0.014*** 0.015*** 

N 0-19- years %     727* 0.837** 

N 79-99+ years %     1.316*** 1.596*** 

Higher education %     1.385*** 1.792*** 

Lower education %     -0.633** -0.849*** 

Unemployed %      -1.000*** 

Women %      -2.162*** 

Non-western ethnicity %   1.477*** 

Constant 11.281** 11.855*** 11.641*** 

R2 within 0.6738    0.907 0.9428 

R2 between 0.5287    0.747 0.8366 

R2 overall 0.5619    0.776 0.8540 

Correlation (ui, Xb) -0.3612 0.1799 0.1636 

AIC, BIC -593, -570 -836, -803 -863, -821 

Standard errors: *** p<0.01, ** p<0.05, * p<0.1 
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The quadratic interaction is generally stable throughout the model specifications in models 

which pass diagnostics tests. The parsimonious model should be congruent with the evidence, 

achieving good explanatory power under limited, yet theoretically required predictor variables.  

Hence, the quadratic interaction margins may be casually interpreted for the first part of the 

research question, which lay the foundation to contrast with analysis of the three-way model. 

Based on the beforementioned methodology the margins command is used in Stata to compute 

marginal effects for response variable y log wage and predictor x net immigration while holding 

the moderator z green service area constant for virtually all values of z at increments of 0.001 

between z = 0.05 to 0.85, which thus covers the upper and lower boundaries of the moderator. 

. margins, dydx (net immigration) at (green service area = (0.05 (0.001) 0.85))  

This obtains slope coefficients and confidence intervals of the marginal effects for each slope 

(Appendix F, generalized to increments of 0.1). The statistical output indicates that the 

moderating effects of green service area are only significant at values 0.44 and higher. Thus, 

the moderation slopes are then recalculated for the identified region of significance (Figure 8).  

. margins, dydx (net immigration) at (green service area = (0.044 (0.001) 0.85))  

The outputs show the average marginal effects of net immigration on the average wages levels 

being negative and decreasing with higher levels of green service area. From this it seems that 

access to green spaces within 300 meters has a negative effect on attraction of richer residents, 

which is the opposite effect than what was hypothesized based on theory. The marginal effects, 

however, show only the moderation on the average effect of net immigration. Considering the 

nonlinear nature of the interaction, it may be informative to plot the predictive margins as both 

linear and nonlinear to examine the differences in the moderation, calculated as (Figure 9): 

. margins, at (net immigration = (-0.05   0.1) green service area = (0.44 (0.1) 0.85))  

. margins, at (net immigration = (-0.05 (0.025) 0.1) green service area = (0.44 (0.1) 0.85))  

Figure 8. Average marginal effects of net immigration on wages at values in 

the region of significance for green service area. 
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Figure 9. Two-way interaction – simple slopes of predicted margins in the region of significance - 

linear(upper) and nonlinear(lower). 
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While simple slopes may have some merit in the moderation effect, it may be more illustrate 

to visualize the nonlinear interaction using contours (Huber, 2022; Rising, 2011) (Figure 10):  

. twoway contour y (log wage) (x) net immigration z (green service area) 

The figures seem to portray a somewhat more nuanced image of the moderating effect of access 

to green service area. The unmoderated relation predictor net immigration has a curvilinear 

negative relation with log wage (Appendix H). Yet, the moderation effect of green service area 

generally has a positive impact on the average relationship between immigration and log wage. 

The linear predictive margins indicates that on average higher levels of green service area 

increase the positive impact on the relation, i.e. decreases the strength of the negative relation. 

When measured on the nonlinear relation between net immigration and log wage, the positive 

moderation effect of higher levels of green service area is strongest mainly at net negative 

values and to a lesser extent at higher positive values of net immigration. The average marginal 

effects of the moderation are interpreted as the average rate of change of the response for one 

(infinitesimal) unit change in the predictor for each moderation level. Examining the average 

marginal effects of the moderating effect (Table 7), the average rate of change in the response 

of log wage to one unit change in immigration decreases by 1.55 over increasing green 

moderation levels (between individual neighborhoods over time). Of note, the negative values 

of net immigration are positively related with the response on log wage, and thus the 

moderation should be interpreted as positive when moving away from zero. Predictive margins 

(Table 8) show this by deriving a ca. moderated 1.92% higher predicted response value at high 

negative immigration, and ca. 1.26% higher response at high positive immigration levels. 

Figure 10. Two-way quadratic interaction - contour of predicted margins (region of significance). 
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Table 7. Average marginal effects: net immigration on log wage at green service area moderation – 

region of significance 

Net immigration at: dy/dx Delta-method std. err. z P>z [95% conf. interval] 

green = 0.45 -0.860 0.436 -1.970 0.049 -1.715 -0.005 

green = 0.55 -1.096 0.421 -2.600 0.009 -1.921 -0.271 

green = 0.65 -1.532 0.506 -3.030 0.002 -2.523 -0.541 

green = 0.75 -1.969 0.684 -2.880 0.004 -3.309 -0.629 

green = 0.85 -2.406 0.902 -2.670 0.008 -4.173 -0.638 

Table 8. Predictive margins of net immigration on log wage at green service area moderation – 

region of significance 

Linear prediction _at Margin Delta std. err.      

z 

P>z [95% 

conf. 

interval] 

1: net immigration=-.05 green=.45 12.61292 .0650559      193.88 0 12.48541 12.74042 

2: net immigration=-.05 green=.55 12.67350 .0585397      216.49 0 12.55876 12.78823 

3: net immigration=-.05 green=.65 12.73408 .0677684      187.91 0 12.60125 12.8669 

4: net immigration=-.05 green=.75 12.79466 .0879161      145.53 0 12.62235 12.96697 

5: net immigration=-.05 green=.85 12.85524 .1133002      113.46 0 12.63318 13.0773 

6: net immigration=0 green=.45 12.63695 .0071423    1769.32 0 12.62295 12.65095 

7: net immigration=0 green=.55 12.63974 .0047881    2639.82 0 12.63036 12.64913 

8: net immigration=0 green=.65 12.64254 .0121487    1040.65 0 12.61873 12.66635 

9: net immigration=0 green=.75 12.64533 .0206156      613.39 0 12.60493 12.68574 

10: net immigration=0 green=.85 12.64813 .0292432      432.51 0 12.59081 12.70545 

11: net immigration=.05 green=.45 12.57893 .0165144      761.70 0 12.54656 12.6113 

12: net immigration=.05 green=.55 12.57455 .0142136      884.69 0 12.54669 12.60241 

13: net immigration=.05 green=.65 12.57016 .017043        737.55 0 12.53676 12.60357 

14: net immigration=.05 green=.75 12.56578 .0231958      541.73 0 12.52032 12.61124 

15: net immigration=.05 green=.85 12.56139 .0307369      408.67 0 12.50115 12.62164 

16: net immigration=.1 green=.45 12.43887 .0778524      159.78 0 12.28628 12.59146 

17: net immigration=.1 green=.55 12.47791 .0710062      175.73 0 12.33874 12.61708 

18: net immigration=.1 green=.65 12.51695 .0680253      184.00 0 12.38362 12.65028 

19: net immigration=.1 green=.75 12.55599 .0694094      180.90 0 12.41995 12.69203 

20: net immigration=.1 green=.85 12.59503 .0749172      168.12 0 12.4482 12.74187 

Hence, casual inference is that higher levels of access to green within 300 meters is associated 

with increased neighborhood wages through migration, especially at negative migration levels, 

which follows the hypothesized expectations of hedonic pricing and possible displacement of 

socioeconomically weaker residents. Thus, analysis of the three-way moderation is warranted. 

5.1.2 Three-Way Interaction Results 

The FE regression yield a weak statistically significant linear three-way interaction (Table 9) 

for the predictor net immigration and the two moderators green service area and Gini index. 

The parsimonious model should be congruent with evidence, achieving good explanatory 

power under a theoretically required predictor variables while passing all diagnostics tests, yet 

the interaction term remains only weakly significant at a 90% confidence level in good models. 

Thus, the wider confidence interval warrants a slighter more casual interpretation of the effect. 
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Table 9. Comparison of regression results - linear three-way models – fixed effects 

 Restricted  Simple (selected) Full     

Net immigration -23.783*   -10.748 -7.693 

Gini index -.357    0.008 0.013* 

Green service area 0.027**  -0.391 -0.884** 

Net immigration #  

Gini index 
42.009**  0.363 0.330 

Net immigration #  

Green service area 
0.722*   23.124 32.84001** 

Green service area #  

Gini index  
0.021   0.013 0.037*** 

Net immigration #  

Green service area #  

Gini index 

-1.394**  -0.803* -0.967* 

N 20-69 years %  -0.936*** -0.999*** 

Medium education %  1.267*** 1.028*** 

Lower education %     -0.803*** -1.769*** 

Women %      0.152 

Unemployed %      -1.174*** 

Danish ethnicity %      0.425** 

Constant 11.682*** 13.056*** 

 
12.608 *** 

R2 within 0.668    0.904 0.863   

R2 between 0.506    0.785 0.805 

R2 overall 0.546    0.805 0.818   

Correlation (ui Xb)  -0.373 0.2207 -0.495 

AIC, BIC -588, -561 -829, -796 -754, -711 

Note: Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 

Also, no significant quadratic three-way interaction was found, with the term being consistently 

insignificant in the specification process of models which pass diagnostics tests (Appendix H). 

In order to calculate the simple slopes the margins command is used to compute the average 

marginal effects of net immigration on the linear prediction over the values of green service at 

high and low values of gini index (one standard deviation), which should yield the moderating 

effect of gini index on the previously established two-way moderation: 

. margins, dydx(net immigration) at(green service area=(0.05(0.1)0.85) low gini, high gini)  

The output in Table 10 and Figure 12 shows the area of significance for the green service area 

as a moderator for at high and low values of Gini index: At high Gini index the values of green 

service area are significant from ca. 0.05-0.30 and from 0.60-0.85. At low values of Gini index, 

the relationship is unchanged from the two-way model, with green service area significant at 

values 0.45 and above. With the identified region of significance for the three-way moderation 

the predictive margins are calculated, as seen in Table 12 and in Figure 11: 

. margins, at (net immigration = (-0.05(0.05)0.1) green service area = (0.05(0.2)0.85) gini 

index = (low gini index, high gini index))  
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Table 10. Average marginal effects of net immigration moderated by values of  green service area at 

high and low gini index (1 std.dev.) 

Net immigration at:  

High Gini index and 

dy/dx Delta-method std. 

err. 

z P>z [95% conf. interval] 

1._at: green =      .05 3.864 1.462 2.640 0.008 0.998 6.729 

2._at: green =      .15 3.013 1.245 2.420 0.016 0.573 5.453 

3._at: green =      .25 2.162 1.033 2.090 0.036 0.137 4.188 

4._at: green =      .35 1.311 0.832 1.580 0.115 -0.319 2.942 

5._at: green =      .45 0.461 0.649 0.710 0.478 -0.812 1.733 

6._at: green =      .55 -0.390 0.506 -0.770 0.441 -1.383 0.602 

7._at: green =      .65 -1.241 0.444 -2.790 0.005 -2.111 -0.371 

8._at: green =      .75 -2.092 0.494 -4.240 0.000 -3.059 -1.124 

9._at: green =      .85 -2.943 0.629 -4.680 0.000 -4.176 -1.709 

Low Gini index and       

1._at: green =      .05 0.526 2.734 0.190 0.847 -4.832 5.885 

2._at: green =      .15 0.821 2.258 0.360 0.716 -3.605 5.248 

3._at: green =      .25 1.116 1.793 0.620 0.534 -2.399 4.630 

4._at: green =      .35 1.410 1.348 1.050 0.295 -1.232 4.052 

5._at: green =      .45 1.705 0.952 1.790 0.073 -0.161 3.570 

6._at: green =      .55 1.999 0.695 2.870 0.004 0.636 3.362 

7._at: green =      .65 2.294 0.741 3.100 0.002 0.842 3.746 

8._at: green =      .75 2.588 1.050 2.470 0.014 0.531 4.646 

9._at: green =      .85 2.883 1.464 1.970 0.049 0.014 5.752 

Table 11. Pairwise comparison of slopes in three-way model. 

Net immigration 

at: 

Contrast 

dy/dx 

Delta-method 

std. err. 

Bonferroni  Bonferroni 

   z P>|z| [95% conf. interval] 

2 vs 1 -.3377191 1.546737 -0.22 1.000 -4.41841 3.742971 

3 vs 1 .9406268 1.577193 0.60 1.000 -3.220413 5.101667 

4 vs 1 -3.054861 1.384636 -2.21 0.164 -6.707887 .5981649 

3 vs 2 1.278346 .6990888 1.83 0.405 -.5660303 3.122722 

4 vs 2 -2.717142 .7341573 -3.70 0.001 -4.654038 -.7802462 

4 vs 3 -3.995488 .7280521 -5.49 0.000 -5.916277 -2.074699 

1._at:  

Low Green, Low Gini 

2._at:  

Low Green, High Gini 

3._at:  

High Green, Low Gini  

4._at:  

High Green, High Gini 
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Table 12. predictive margins for three-way model. 

Net 

immigration  

at: 

Green 

Service 

area at: 

 
Margin Delta-

method 

std. err. 

z P>|z| [95% 

conf.  

interval] 

         

-0.05 0.05 High Gini 12.396 0.120 102.910 0.00 12.160 12.632 

-0.05 0.25 High Gini 12.576 0.083 151.010 0.00 12.413 12.739 

-0.05 0.45 High Gini 12.755 0.053 241.010 0.00 12.652 12.859 

-0.05 0.65 High Gini 12.935 0.046 281.820 0.00 12.845 13.025 

-0.05 0.85 High Gini 13.115 0.070 188.270 0.00 12.978 13.251 

-0.05 0.05 Low Gini 12.383 0.179 69.250 0.00 12.032 12.733 

-0.05 0.25 Low Gini 12.359 0.119 104.120 0.00 12.127 12.592 

-0.05 0.45 Low Gini 12.336 0.064 191.870 0.00 12.210 12.462 

-0.05 0.65 Low Gini 12.313 0.046 268.390 0.00 12.223 12.402 

-0.05 0.85 Low Gini 12.289 0.089 137.360 0.00 12.114 12.464 

0 0.05 High Gini 12.589 0.073 172.470 0.00 12.446 12.732 

0 0.25 High Gini 12.684 0.046 272.990 0.00 12.593 12.775 

0 0.45 High Gini 12.778 0.026 490.460 0.00 12.727 12.829 

0 0.65 High Gini 12.873 0.030 431.870 0.00 12.815 12.931 

0 0.85 High Gini 12.967 0.053 245.600 0.00 12.864 13.071 

0 0.05 Low Gini 12.409 0.063 196.180 0.00 12.285 12.533 

0 0.25 Low Gini 12.415 0.042 296.420 0.00 12.333 12.497 

0 0.45 Low Gini 12.421 0.025 498.570 0.00 12.372 12.470 

0 0.65 Low Gini 12.427 0.025 507.060 0.00 12.379 12.475 

0 0.85 Low Gini 12.433 0.041 302.070 0.00 12.353 12.514 

0.05 0.05 High Gini 12.782 0.083 154.610 0.00 12.620 12.945 

0.05 0.25 High Gini 12.792 0.052 245.150 0.00 12.690 12.894 

0.05 0.45 High Gini 12.801 0.026 497.120 0.00 12.751 12.852 

0.05 0.65 High Gini 12.811 0.026 500.010 0.00 12.761 12.861 

0.05 0.85 High Gini 12.820 0.052 246.600 0.00 12.718 12.922 

0.05 0.05 Low Gini 12.436 0.116 107.440 0.00 12.209 12.662 

0.05 0.25 Low Gini 12.471 0.074 168.300 0.00 12.326 12.616 

0.05 0.45 Low Gini 12.506 0.040 308.910 0.00 12.427 12.586 

0.05 0.65 Low Gini 12.542 0.043 292.270 0.00 12.458 12.626 

0.05 0.85 Low Gini 12.577 0.078 161.070 0.00 12.424 12.730 

0.1 0.05 High Gini 12.976 0.138 94.060 0.00 12.705 13.246 

0.1 0.25 High Gini 12.900 0.093 138.890 0.00 12.718 13.082 

0.1 0.45 High Gini 12.824 0.052 244.380 0.00 12.722 12.927 

0.1 0.65 High Gini 12.749 0.038 339.450 0.00 12.675 12.822 

0.1 0.85 High Gini 12.673 0.068 186.910 0.00 12.540 12.806 

0.1 0.05 Low Gini 12.462 0.245 50.810 0.00 11.981 12.943 

0.1 0.25 Low Gini 12.527 0.159 78.750 0.00 12.215 12.839 

0.1 0.45 Low Gini 12.592 0.085 148.510 0.00 12.425 12.758 

0.1 0.65 Low Gini 12.657 0.076 165.810 0.00 12.507 12.806 

0.1 0.85 Low Gini 12.721 0.146 87.340 0.00 12.436 13.007 
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Figure 12. Marginsplot: Average marginal effects of the three-way moderation 

Figure 11. Marginsplot: Predictive margins of the three-way moderation. 
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At high Gini index the average rate of change in the response of log wage to one unit change 

in immigration increases by ca. 6.8 over increasing levels of green service area moderation 

(between individual neighborhoods over time). At low Gini the average rate of change in the 

response of log wage to one unit change in immigration decreases by ca. 2.3 over increasing 

levels of green service area moderation (between individual neighborhoods over time). 

Predictive margins may be able to illustrate the magnitude more clearly on the predicted values:  

At high Gini index negative immigration yields ca. 5.8% increase and positive immigration 

yields a ca. -2.4% change in predicted values over the green service area region of significance. 

At low Gini index negative immigration yields a ca. -0.4% change and at positive immigration 

a ca. 1.0% increase in the predicted values of log wage. Thus, the magnitude of the moderation 

at high income inequality is more notable than at low income inequality. 

Next, comparing the pairwise differences in the slopes informs whether there is any significant 

difference in the main moderation based on the criteria of Gini index values. Plotting all the 

values of green service area yields too many slopes to meaningfully test pairwise differences, 

thus for this test one standard deviation above and below the mean is used for both moderators:   

. margins, dydx(net immigration) at(green service area=(0.05(0.1)0.85) low gini, high gini) 

pwcompare(effects) mcpmpare(Bonferroni) 

The output seen in Table 11 shows that the moderating effect of high green at high Gini is 

statistically significant from low green at high Gini. Also, high green at high Gini is 

significantly different from high green at low Gini. The differences are evident in the graphs,  

and supports an interpretation of the moderating effect of Gini index on the main moderation. 

Interpretating the predicted margins in the output and the graphs suggests that the moderating 

effect of green service area on the relation between net immigration and log wage is itself 

moderated by the level of gini index. Under conditions of high Gini index the moderating effect 

of green service area at higher value is largely unchanged. However, at high Gini index values  

the moderating effect of lower levels of green service area changes direction, still having a 

negative impact on the main effect at negative values of net immigration, but now show a 

positive impact on the main effect. Also, at lower Gini index levels the moderating effect of 

higher levels of green service area similarly has a positive impact on the main effect at high 

positive values of net immigration, while having a negative impact at negative net migration. 

Hence, the casual interpretation is that: High Gini, high green service area: In neighborhoods 

with high income inequality increasing access to green space in 300 meters positively affects 

the migration-wage relation at negative immigration rates (suggesting a possible displacement 

of lower income residents), while negatively affecting the immigration-wage relation at higher 

positive immigration rates (suggesting lower immigration rate of higher income residents). 

High Gini, low green service area: In neighborhoods with high income inequality lower 

access to green space positively affects the relation between immigration and wage at higher 

positive immigration rates (suggesting an increasing immigration of higher income residents) 

and negatively affects the main relation at negative migration rates (suggesting a possible 

emigration of higher income residents, yet not necessarily displacing lower income residents). 

Low Gini, medium to high green service area: In neighborhoods with low income inequality 

increasing access to green space is overall associated with higher wages as migration increase 

(suggesting that the low income inequality may have few poor residents that can be displaced). 

These findings seem to support the hypothesized moderation effect on socioeconomic mobility. 
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5.2 Discussion  

Based on the literature it was hypothesized that higher coverage of access to green spaces 

increases the average income level of a neighborhood by attracting higher income residents, 

while simultaneously in areas with higher income inequality this population mobility could 

foster gentrification by displacing lower income residents, thus also increasing wage levels. 

Specifically, based on the literature the aim of the research was to investigate whether these 

effects are evident for medium to large green spaces within a distance parameter of 300 meters.  

The two-way interaction supports the finding that overall increased access to green spaces has 

a positive impact on attracting increasing income levels through migration, and especially so 

at negative migration levels, which suggests that displacement of poorer residents does occur. 

Furthermore, the three-way interaction supports the hypothesized mechanism and elaborates 

on the findings by specifying how the effect of access to green space varies across levels of 

income inequality. It finds when increasing the level of access to green space in a neighborhood 

the gentrification effect is mostly evident in areas with high income inequality, while in areas 

with lower income inequality the hedonic pricing effect shows less evidence of gentrification. 

Additionally, both models provide rough estimates of the predicted magnitudes of moderation. 

The findings should be of interest to historic as well as current green infrastructure policies of 

Copenhagen municipality aiming toward improvements of agglomeration economics through 

urban environmental sustainability, while having to balance these changes with measures to 

ensure socially responsible outcomes. The results of the analysis may help narrow down the 

parameters and conditions where green infrastructure policies can achieve their desired effects. 

Of note, the analysis is built on the assumption that the relationship between net immigration 

and wage translates into socioeconomic mobility. While this outcome is likely, given the direct 

association between the two variables the connection to hedonic pricing and gentrification may 

not necessarily be the true relation between the two variables, since causes other than those two 

may cause the wage response to migration. Additionally, the moderating effect of Gini index 

levels only informs the responses on wage from the main moderation, but does not directly 

inform whether the area has a become more or less unequal in wages resulting from migration. 

The variable for access to green space is based on geographic designations of neighborhoods, 

which as was mentioned in Chapter 2, may be subject to geographic selection bias from the 

“modifiable areal unit problem,” as the parameters of the analysis remains untested for accurate 

cross-tabulation to ensure stable estimates at different geographic scales and parameters. 

Additionally, the data for green spaces is time lagged. While the effect is assumed to be 

accumulative, it may limit the preciseness when estimating the effects of access to green space. 

Finally, the analysis is based on ecological inference of aggregated data, which does not 

necessarily reflect the true behavior of individuals. Therefore, assuming that the fixed effects 

estimator allows for causal inference of between-unit effects for the interaction effects should 

be done so only with some confidence, which could be improved with individual level data.  

With those limitations in mind, the findings from the analysis should allow careful inference 

to the interest of policy making, and provides a good basis for further research on the topic, 

including different geographic and temporal parameters, analysis of individual-level data, and 

different specifications to better measure responses, e.g. housing prices and income inequality.  



 

 40 

6 Conclusion 

6.1 Research Aims 

The aim of Copenhagen municipality to attract socio-economically strong residents with its 

green infrastructure strategy inspired the analysis which aimed to assess whether improving 

access green areas in the city has had any impact on socio-economic mobility of its residents. 

Additionally, the concerns of potential displacement of socio-economically weaker residents 

warranted consideration of how income inequality affects the impact of access to green spaces. 

Based on the literature it was hypothesized that higher coverage of access to green spaces 

increases the average income level of a neighborhood by attracting higher income residents, 

while simultaneously in areas with higher income inequality this population mobility could 

foster gentrification by displacing lower income residents, thus also increasing wage levels.  

6.2 Research Objectives 

As such, the objective of the research was to investigate how access to green spaces within 300 

meters is related to socioeconomic migration in Copenhagen, specifically whether the 

development of access to green spaces in Copenhagen municipality significantly attracted 

higher income residents, and if this effect have simultaneously displaced low-income residents. 

The geographical scope of the analysis covers the 67 distinct neighborhoods in Copenhagen, 

while the temporal scope of the analysis covers the interval of years 2008, 2012 and 2018. In 

order to investigate the hypothesized mechanism of access to green space increasing 

neighborhood income levels by attracting higher-income residents, and potentially displacing 

lower-income residents, it is first necessary to investigate whether there is an independent 

interaction in the first relationship between access to green space, migration, and income levels. 

Thereafter, the second interaction is investigated by including the effect of income inequality. 

Thus, a fixed effects regression analysis of a two-way and three-way interaction was conducted.  

6.3 Practical Implications 

The two-way interaction supported the finding that overall increased access to green spaces 

has a positive impact on attracting increasing income levels through migration, and especially 

so at negative migration levels, which suggested that displacement of poorer residents occurs. 

Furthermore, the three-way interaction supported the hypothesized mechanism and specified 
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how the effect of access to green space varies for areas with different income inequality levels. 

It found that in increasing levels of access to green space in a neighborhood the gentrification 

effect is mostly evident in areas with high income inequality, while in areas with lower income 

inequality the hedonic pricing effect shows less evidence of gentrification. The findings should 

be of interest to historic as well as current green infrastructure policies of Copenhagen 

municipality aiming toward improvements of agglomeration economics through urban 

environmental sustainability, while having to balance these changes with measures to ensure 

socially responsible outcomes. The results of the analysis may help narrow down the 

parameters and conditions where green infrastructure policies can achieve their desired effects. 

6.4 Future Research 

The findings from the analysis should allow careful inference to the interest of policy making, 

which provides a good basis for further research on the topic, and may include areas such as: 

Verification of estimates at different geographic and temporal parameters; Analysis of 

individual-level data for improved causal inference; Different specifications to better measure 

responses of the interaction effects, such as responses of housing prices and income inequality.  

6.5 Chapter Summary 

Chapter 1 covers the introduction to the green infrastructure policies of Copenhagen, where 

increasing access to green space is a key to its environmental and socioeconomic objectives. 

Chapter 2 investigates the literature review of theory on the effects of access to green space on 

socioeconomic migration, from which the hypothesized interaction models are derived. 

Chapter 3 overviews the key variables of wage, net immigration, green service area, gini index, 

as well as control variables, and considers the ecological inference of aggregated panel data. 

Chapter 4 outlines the methodology used to conduct the analysis, namely analysis of margins 

in fixed effects regressions with two-way and three-way interactions between the key variables. 

Chapter 5 examines and the results of the average marginal effects and predictive margins, and 

discusses the validity of the findings, which ultimately support the hypothesized relationships.  
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Appendix A 

Figure 14. Green space 300m service area (2006). 

Figure 13. Green space 300m service area (2012) 
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Figure C3. Green space 300m service area (2018) 

Figure 15. . Public designation of medium and large green spaces in Copenhagen (adapted from the 

Technical and Environmental Administration, 2018). 
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Figure 16. Service area at 300 meters for medium and large green spaces in Copenhagen – adapted 

from (The Technical and Environmental Administration, 2018). 
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Appendix B 

 
A1. Distribution of income. 

 
A2. Distribution of natural logarithmic transformation of income.  
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Appendix C 

Table 13. Urban Atlas - land use classification and reclassification: Residential areas (red), green 

areas (green), other land use (grey). 

Land use classifications: 2006 Land use classifications: 2012 & 2018 

11100: Continuous urban fabric  11100: Continuous urban fabric  

11210: Discontinuous dense urban fabric 11210: Discontinuous dense urban fabric 

11220: Discontinuous medium density urban fabric  11220: Discontinuous medium density urban fabric  

11230: Discontinuous low density urban fabric  11230: Discontinuous low density urban fabric  

11240: Discontinuous very low density urban fabric 11240: Discontinuous very low density urban fabric 

11300: Isolated structures 11300: Isolated structures 

12100: Industrial, commercial, public, military and private units 12100: Industrial, commercial, public, military, and private units 

12210: Fast transit roads and associated land 12210: Fast transit roads and associated land 

12220: Other roads and associated land 12220: Other roads and associated land 

12230: Railways and associated land 12230: Railways and associated land 

12300: Port areas 12300: Port areas 

12400: Airports 12400: Airports 

13100: Mineral extraction and dump sites 13100: Mineral extraction and dump sites 

13300: Construction sites 13300: Construction sites 

13400: Land without current use 13400: Land without current use 

14100: Green urban areas 14100: Green urban areas 

14200: Sports and leisure facilities 14200: Sports and leisure facilities 

20000: Agricultural areas   

  21000: Arable land (annual crops) 

  22000: Permanent crops 

  23000: Pastures 

  24000: Complex and mixed cultivation patterns 

  25000: Orchards 

30000: Forests and semi-natural areas   

  31000: Forests 

  32000: Herbaceous vegetation associations 

  33000: Open spaces with little or no vegetations 

  40000: Wetlands 

50000: Water 50000: Water 
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Appendix D 

Margins Methods and formulas. The following illustrates the default prediction for several 

of Stata’s estimation commands (Stata, 2021). Margins computes estimates of:  

 

Where ), 𝜃 is the vector of parameters in the current model fit, z is a vector of covariate values, 

and 𝑓(Zj𝜃) is a scalar-valued function returning the value of the predictions of interest. 𝛿𝑗(𝑆p) 

identifies elements within the subpopulation 𝑆P (for the prediction of interest),  

 

𝑀𝑆𝑃
 is the subpopulation size, and M is the population size, as: 

 

Hence, let 𝜃 ̂be the vector of parameter estimates, whereafter margins estimates 𝑝(𝜃)via: 

 

where:  

 

𝛿𝑗(𝑆p) indicates whether observation j is in subpopulation 𝑆p, 𝑤𝑗 is the weight for the jth 

observation, and N is the sample size.  

For marginal effects of continuous covariate x, margins computes from the previous equation: 

 

The marginal effect for level k of factor variable A is the simple difference comparing its margin 

with the margin at the base level: 
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Fixing covariates and balancing factors are done by controlling the values in each z vector 

through the marginlist, the at() option, among others. Suppose z is composed of the elements 

from the equation specification: 

A##B x 

where A is a factor variable with a levels, B is a factor variable with b levels, and x is a 

continuous covariate. To simplify the notation for this discussion, assume the levels of A and 

B start with 1 and are contiguous. Then: 

z = (A1, . . . , Aa, B1, . . . , Bb, A1B1, A1B2, . . . , AaBb, x, 1) 

where Ai , Bj , AiBj represent indicator values for factor variables A and B and interaction A#B.  

When factor A is in the marginlist, margins replaces A with i and then computes the mean of 

the subsequent prediction, for i = 1, . . . , a. When the interaction term A#B is in the marginlist, 

margins replaces A with i and B with j, and then computes the mean of the subsequent 

prediction, for all combinations of i = 1, . . . , a and j = 1, . . . , b.  

The at() option sets model covariates to fixed values. Margins specified with at(x=value) causes 

margins to temporarily set x to that value for each observation in the dataset before computing 

any predictions. Thus, each z vector will look like 

z = (1/a, . . . , 1/a, B1, . . . , Bb, B1/a, B2/a, . . . , Bb/a, x, 1) 

Standard errors are obtained by the delta method by default, which assumes that the values 

at which the covariates are evaluated to obtain the marginal responses are fixed. By default, 

margins uses the delta method to estimate the variance of �̂�: 

Var̂(�̂�|z) = 𝐯′𝐕𝐯 

Here v is a variance estimate for 𝜃 ̂as follows: 

 

The variance estimate is conditional on the z vectors used to compute marginalized predictions.  

Pwcompare calculates the margins as linear combinations of the coefficients. Let k be the 

number of levels for a factor term in our model. Then there are k margins for that term, and m 

unique pairwise comparisons of those margins. 
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Appendix E 

Table E1. Comparison of two-way linear interaction models – Fixed Effects 

 Restricted Simple  Theoretical 

Net immigration -.93454188    -4.1298136*   -.92975778    

Green service Area  .2732018    .1335044    .13805714    

Gini index .03762378*** .03975131*** .01808422*** 

Net immigration #  

Green service Area 

-1.359796    2.8994903    -.56408975    

N 0-19 years %     1.0561677*   .69394474**  

N 70-99+ years %     1.4760826**  1.0146187*** 

Social housing area / res     .00184893**  .00105687**  

Higher education %         1.3665387*** 

Lower education %         -.76826195*** 

Unemployed %         -1.0768081**  

Danish citizens %         .4916244*** 

Constant 11.357272*** 11.037754*** 11.338117*** 

R2 within .6454604    .69621871    .92258819    

R2 between .52097179    .4463894    .78737173    

R2 overall .55193264    .49598763    .81462671    

Note: Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
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Table E2. Comparison of three-way quadratic interaction models – Fixed Effects  

 Simple Parsimonious Theoretical    

Net immigration -36.594613    -13.589796    9.0222521    

Gini index -.11531867    -.28276359    -.10075384    

Net immigration #  

Gini index 
54.694216    22.847628    -12.04677    

Green service area .03200771*** .03548161*** .01758586*** 

Net immigration #  

Green service area 
1.3607586    .54834766    -.27146163    

Gini index #  

Green service area 
.01433391    .01269013    .00670553    

Net immigration #  

Gini index #  

Green service area 

-2.3292418    -1.0931657    .34176915    

Immigration2 722.96789    212.95307    -364.94248    

Immigration2 #  

Gini index 
-1075.4455    -190.14519    716.21479    

Immigration2 # 

Green service area 
-27.0346    -9.5447641    11.536161    

Immigration2 #  

Gini index #  

Green service area 

43.529147    11.641383    -23.81845    

N 0-19 years %     1.6287446*** .99869687*** 

N 70-99+ years %     1.173787**  .95330539*** 

Unemployed %     -2.2845801**  -1.2621525**  

Social housing area / res     .00175315*   .00143079**  

High education %         1.281011*** 

Lower education %         -.79460654*** 

Danish citizens %         .49843168**  

Constant 11.520453*** 11.153198*** 11.330194*** 

R2 within .70320769    .76743063    .93392304    

R2 between .51510745    .50612228    .799477    

R2 overall .55540247    .54947148    .82427066    

Note: Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1 
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Appendix F 

Table 14. Average marginal effects for simple slopes in the two-way quadratic interaction model 

(generalized for ten slopes). 

 dy/dx Delta-method 

std. err. 

z P>|z| [95% conf. interval] 

Net immigration  

at slope: 

      

1 2.835 2.331 1.220 0.224 -1.734 7.403 

2 1.743 1.867 0.930 0.350 -1.916 5.402 

3 0.651 1.421 0.460 0.647 -2.135 3.437 

4 -0.441 1.019 -0.430 0.665 -2.438 1.557 

5 -1.533 0.735 -2.080 0.037 -2.974 -0.091 

6 -2.625 0.725 -3.620 0.000 -4.046 -1.203 

7 -3.716 0.997 -3.730 0.000 -5.671 -1.762 

8 -4.808 1.395 -3.450 0.001 -7.543 -2.074 

9 -5.900 1.839 -3.210 0.001 -9.504 -2.296 

Simple slopes:  

1._at: green = .05 4.  at: green = .35 7.  at: green = .65 

2.  at: green = .15 5._at: green = .45 8.  at: green = .75 

3._at: green = .25 6.  at: green = .55 9.  at: green = .85 

 

  



 

 60 

Appendix G  

Homes serviced Service Area Homes underserviced 

Number Number 

Table 15. Green service areas at home-level. Adapted from (The Technical and Environmental 

Administration, 2018) 
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Appendix H 

 

 

 

 

  

Figure 17. Predicted margins of net immigration - baseline without moderation. 

Figure 18. Average marginal effects of net immigration at all values of green service area. 
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Appendix I 

Gender Ratio 

The gender wage gap has long been an area of intensive investigation as gender differences in 

occupation and industry continue to be important in terms of wages (Kim & Polachek, 1994; 

Kunze, 2008). As such gender ratio is included as a control variable obtained from the dataset 

KKBEF1 and is normalized to obtain percentage variables for male and female residents. 

Employment 

The ratio of unemployed residents should be expected to have a notable impact on wage 

levels, as their incomes  would be limited to social benefits, which is usually less than 

working salaries.  The dataset KKARB1 is used to obtain the data and is normalized to obtain 

a percentage. 

Ethnicity 

The race wage gap is well known in research (Ananat, Shihe & Ross, 2018), and would be a 

natural addition to the control variables. However, the only available dataset containing all 

residents by ethnicity does not cover the full temporal scope of the study. An alternate 

variable is thus used, which combines the race wage gap with the well-researched citizenship 

wage gap (Steinhardt, 2012). The dataset KKBEF8 contains data on citizenship by ethnicity 

and should therefore be a good control variable. The dataset contains residents by Danish 

ethnicity, western ethnicity, and non-western ethnicity, which is normalized by number of 

residents.  

Population Density  

Studies widely indicate that densely populated cities enhance worker productivity via effects 

such as knowledge spillover and better labor market access (Masayuki, n.d.; Wheeler, 2004), 

and as such this variable is included as a potential control variable. Area size of 

neighborhoods  is collected from KKAREAL, which is normalized by number of residents to 

obtain density.  

Housing  

Housing conditions are a crucial marker of socio-economic inequalities in Danish society 

(Damm, Schultz-Nielsen & Tranæs, 2016; Kristensen & Larsen, 2007). Therefore, KKBOL3 

is used to create control variables for coverage of diverse housing conditions in the study 

area, including private ownership, rental, housing association, social housing, and public 

buildings. Of these options private ownership and social housing are taken as opposite ends 

of the relationship with wage, and these are used as control variables. Since the areas are not 

sharable and are subject to density, an area percentage of the total area is therefore not useful. 

Instead the areas are normalized by number of residents to get a more correct specification.  
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Table 16. Summary statistics of variables. 

Variable Obs Mean Std. dev. Min Max 
      

Average income (kr.) 198 313229.4 76651.8 182816 570329 

log wage 198 12.62756 0.22939 12.11624 13.25397 

Net immigration % 198 0.01052 0.01299 -0.03503 0.093023 

Green service area % 198 0.53055 0.159682 0.060777 0.841291 

Gini index 198 30.37015 5.921243 20.48 48.62 

Lower education % 198 0.28012 0.061625 0.131105 0.604651 

Medium education % 198 0.28229 0.049672 0.176602 0.589147 

Upper education % 198 0.203635 0.081444 0.018377 0.372081 

N 019 years % 198 0.193878 0.037822 0.10828 0.325415 

N 20-69 years % 198 0.732071 0.054314 0.559036 0.872612 

N 70-99+ years % 198 0.074051 0.034983 0.002388 0.195268 

Unemployed % 198 0.025192 0.010499 0 0.069767 

Danish ethnicity % 198 0.854005 0.061916 0.506661 0.941282 

Western ethnicity % 198 0.079772 0.041052 0.023401 0.373673 

Non-western ethnicity % 198 0.066223 0.052981 0.014276 0.377351 

Private housing area / res 198 17.44561 40.88234 0 553.1705 

Private rental area / res 198 18.38004 38.49128 0 479.6124 

Housing associations area / res 198 20.87345 28.1515 0 190.0219 

Social housing area / res 198 13.61412 22.2866 0 149.1163 

Public buildings area / res 198 1.029209 4.381854 0 42.96623 

Population density 198 363.7327 1066.715 28.77628 11442.66 

Area (km2) 198 1388654 1268560 146750 8265918 

Residents 198 8350.389 5544.099 129 32088 

 

 


