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Abstract:  

 
Stockholm is constantly changing. New buildings are built, new 
infrastructure replaces old infrastructure, and the city grows with the 
addition of new areas. We ask whether specific changes impact 
surrounding areas in desirable ways. Using difference-in-difference 
methodology, we have analysed several new construction projects in 
Stockholm, Sweden, from 2009 to 2014. The outcome variables that we 
are most interested in are whether the projects themselves affected the 
socio-economic background of the residents (gentrification) and whether 
they have affected, or even impaired, affordability. Our results indicate a 
limited effect of new housing investments on the proportion of people with 
higher education and on the proportion of younger people. However, we 
found a positive effect on income and affordability, which may result in 
more significant gentrification and population displacement over time. 
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1. Introduction 

Stockholm is undergoing constant change; new areas are taken over, new buildings are built, and old 

ones are demolished. Of course, not only does the city change—so do its inhabitants. New ones move 

in, and others move out or move to other areas within the region. Some move due to physical changes 

within the city, while others move to take advantage of other opportunities. We are especially interested 

in investigating what happens when the city changes physically, as with new housing investments.  

This research question has been analysed in many studies over time (see, for example, Rabiega et al., 

1984; Simons et al., 1998; Ding et al., 2000; Ellen et al., 2001; Schwartz et al., 2006; Ooi and Le, 2013; 

Zahirovich-Herbert and Gibler, 2014; Kurvinen and Vihola, 2016; Brunes et al., 2020; Fernandez et al., 

2021). Most of these studies have analysed the effect of new housing investments on housing prices and, 

in a few isolated cases, on rental prices in nearby areas. For example, Beena et al. (2019) and Mast 

(2021) recently analysed affordability after new housing units were built in the neighbourhood. The 

question remains as to whether new housing investments lead to gentrification of entire residential areas 

over the long term when new residential buildings are built. Lower affordability is a step toward 

gentrification that can eventually lead to displacement of the individuals who originally inhabited the 

area. However, few studies have analysed the issue of gentrification by measuring the change in 

population in terms of educational background and age distribution. One exception is Dong (2017), who 

analysed various indicators of gentrification in connection with rapid train development. There is a 

research gap regarding new housing investments and their effects on gentrification. 

The study's primary purpose is to explore whether residential projects in and of themselves have affected 

the socio-economic background of residents and housing affordability. The main research questions are 

whether new housing construction affects gentrification and affordability in Stockholm. 

We address these questions by analysing several new residential construction projects in Stockholm, 

Sweden, from 2009 to 2014. We explore the influence of construction projects on residents' socio-

economic background and affordability. We use an unbalanced panel data set during the years 2000–

2020 for the following variables: education, demographics, income, and housing prices across 2,168 

geographical units, where units are 250 x 250-meter squares. We have used difference-in-difference 

with propensity score matching and inverse probability weighting. 

This article contributes to gentrification and affordability literature in three respects. The main 

contribution of our paper is an empirical analysis to determine the spill-over impacts of new residential 

constructions in the Stockholm municipality and to document the variability of these impacts. We 

implement a set of simulation estimates to explore the influence of new residential constructions on the 

socio-economic characteristics of residents and on housing affordability. Although difference-in-

difference has been used in many studies (see, for example, Ellen et al. 2001; Schwartz et al., 2006; Ooi 

and Le, 2013; Diamond and McQuade 2019; Brunes et al., 2020; Fernandez et al., 2021), we contribute 



4 

 

to developing the methodology by combining the method with propensity score weighting, by including 

spatial covariates, and by estimating models where new housing investments are excluded from the 

treatment effect. Most previous studies have focused on the price effects of new housing investments in 

nearby housing areas, although some also analyse the effect on rental housing market affordability. No 

studies, as far as we know, have previously analysed gentrification effects in combination with 

affordability resulting from new housing investments. 

The remainder of the paper is divided into six major sections. Section 2 reviews previous studies related 

to city change and residential construction, and we explain our research methodology and the different 

modelling approaches in section 3. Section 4 describes the case study of Stockholm, and section 5 

presents the data sets and descriptive statistics. Section 6 discusses the results of difference-in-difference 

estimates. Finally, the paper discusses the study's implications, limitations, and possible future studies 

in section 7. 

2. Literature review 

There is a rising debate about whether new residential constructions affect the surrounding area in terms 

of gentrification and affordability. Some argue that new constructions contribute to a supply effect, 

which should relieve the demand for existing housing and reduce rents and prices. Others argue that 

new construction will lead to gentrification by attracting high-income households and new amenities, 

increasing housing prices and rents, and by impacting the affordability of surrounding housing (Li, 

2019). Beena et al. (2019) and Mast (2021) conclude that adding new housing units lowers the number 

of price increases and contributes to making housing more affordable for low- and middle-income 

households. Li (2019) studied the effect of new high-rises on nearby residential rents and sales in New 

York City. The results found that for every 10% increase in housing stock within a 500-foot buffer, rents 

decrease by 1% and sale prices decrease where newly-built housing units reduce demand for existing 

housing units. The inability of the supply of new homes to meet the demand for housing results in an 

increase in the price of existing homes (Glaeser and Gyourko, 2018). 

On the other side, there is growing opposition to new development in the face of rising prices, where 

scepticism exists as to whether increasing the supply of market-rate housing will enhance housing 

affordability. One of the arguments is the rise in land prices in many cities and that the failure to allocate 

land to affordable housing will contribute to rising prices. New housing at market price causes other 

housing to be designated for low-income families. Land-use regulations, supply, affordability, and more 

stringent regulations for local land use result in fewer new constructions and higher prices (Been et al., 

2019). 

Many studies also concentrate on the consequences of residential constructions and the negative impact 

of gentrification. Higher housing costs (in terms of raised rents or house prices) in low-income 

households worsen affordability and result in the displacement of existing residents (Atkinson, 2014; 
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Chum, 2015; Walks et al., 2021). Hankinson (2017) indicates that homeowners are sensitive to housing 

proximity, unlike renters who typically do not express NIMBYism (not in my backyard). Instead, renters 

show high support for new residential constructions citywide. However, in cities where both housing 

prices and rents are high, renters show the same degree of NIMBYism as homeowners, despite their 

support of significant increases to the citywide housing supply, where renters view new nearby 

developments as economically threatening in terms of increasing local prices. Renters therefore support 

new residential developments—but not developments in their own neighbourhoods. Brunes et al. (2020) 

analysed how nearby property prices are affected by new construction projects in Stockholm. Their 

study sample included more than 90,000 observations from 2005–2013, on which they used the 

difference-in-difference method in a hedonic model. The results indicated an increase in housing prices 

in nearby areas following the completion of infill development, resulting in a positive spill-over effect 

on nearby property prices only in lower-income areas. Wilhelmsson et al. (2021) measured gentrification 

and related gentrification to property values in a case study in Stockholm, Sweden. They used Getis-

Ord statistics to identify and quantify gentrification in different residential areas. The results indicate 

that proximity to the gentrified area increases property values by 6%–8%. 

Zahirovich-Herbert and Gibler (2014) examined the effect of new residential construction on 

surrounding property values in Baton Rouge, Louisiana, over 18 years. The results show a positive 

correlation between newly-constructed houses and surrounding residential property values. The results 

of Ooi and Le (2013) indicated a positive impact of new constructions on local housing prices in 

Singapore. In the same vein, Kurvinen and Vihola (2016) studied the impact of multi-story apartment 

constructions on surrounding apartment values in the Helsinki Metropolitan Area in Finland. The results 

showed significant evidence of a positive impact on apartment values within a 300-meter radius. 

Many empirical studies, such as Zahirovich-Herbert and Gibler (2014), focused on the effect of 

subsidised housing on surrounding property values. Diamond and McQuade (2019) analysed the effect 

of affordable housing constructions on surrounding neighbourhood residents by estimating spill-overs 

of residential construction financed by the Low-Income Housing Tax Credit (LIHTC), using the 

difference-in-differences method. LIHTC is a program founded in 1986, which financed 21% of all 

multifamily constructions from 1987–2008 to ensure low-income households had access to affordable 

housing. The spill-over effect of affordable construction on surrounding neighbourhood residents varies 

across demographically different neighbourhoods. LIHTC development in low-income areas increases 

house prices by 6.5%, revitalises neighbourhoods, and attracts households with diverse incomes and 

ethnic backgrounds; while in high-income neighbourhoods, new developments decrease house prices 

by 2.5% and attract lower-income households. Supporting their results, Baum-Snow and Marion (2009) 

and Schwartz et al. (2006) examined the external effects of subsidised housing in New York City, using 

hedonic regression with a difference-in-difference model. The results indicated significant and positive 

spill-over effects of subsidised housing investment. The spill-over effects increase with project size, 
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while external effects decrease with distance from project sites. These results correspond with the results 

of Rabiega et al. (1984), Santiago et al. (2001), and Ellen et al. (2001). DeSalvo (1974) studied a sample 

of 50 New York City neighbourhoods. Their results showed a positive effect of subsidised housing 

construction on property values. Assessed values increased by 9.89% annually, while the increase in 

control areas was 4.64% annually. Olsen (2003) emphasises the role and importance of affordable 

housing to address failures in the housing market and to provide access to housing for low-income 

households. 

Regarding the size of residential construction and its effect on nearby property values, Ding et al. (2000) 

analysed the influence of new and rehabilitation residential investments on nearby property values in 

Cleveland, Ohio. The results indicated a positive effect of new construction on property values, where 

houses within 150 feet of new construction sell for $4,500 more. There is no effect on house values 

further than 300 feet away and the effect is more significant in lower-income neighbourhoods. The 

research infers that small-scale construction investments have no impact on nearby property values. 

Influence varies with the number of units in the new residential construction (size). Thus, investment 

policy must promote and encourage significant investments to enhance neighbourhoods. Ding et al. 

(2000) study is considered an extension of Simons et al. (1998). 

Finally, there is a growing literature concentrating on the role of amenities in attracting higher-income 

individuals and potentially increasing rents and sale prices (Kennedy and Leonard, 2001; Diamond and 

McQuade, 2019). Local amenities play an essential role in capitalising on real estate values (Banzhaf 

and Farooque, 2013; Bayer et al., 2017). 

 

3. Methodology 

We analysed the effect of more than 200 building projects from 2009–2014 in Stockholm, Sweden. Of 

course, the issue of causality and control for confounding factors is central. Using only observational 

data, we set up a quasi-experimental design similar to a treatment effect study. We used difference-in-

difference methodology (Heckman et al., 1997; Angrist and Pischke, 2009) with propensity score 

matching (Rosenbaum and Rubin, 1983; Dong, 2017) and inverse probability weighting (Abadie, 2005). 

Ellen et al. (2001), Schwartz et al. (2006), Ooi and Le (2013), Diamond and McQuade (2019), and 

Fernandez et al. (2021), and have all used the difference-in-difference approach in order to empirically 

analyse the impact of new residential construction on property values. Dong (2017) is an example of the 

difference-in-difference approach with propensity score weighting. 

The construction of apartment multifamily buildings is the event/treatment that may affect the 

surrounding area (treated area) compared to a control area (untreated area). We collected data on 

outcome and control variables before and after new construction. Moreover, not all residential areas in 
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the study area are equally subject to housing construction. Additionally, investigated residential 

development areas are not randomised, which can create problems and result in selection bias. This is 

why we have also estimated a weighted least square. We have therefore utilised propensity score 

methodology, where we weigh observations (weighted least square) with regard to their probability of 

being a construction area. Thus, we had included areas that were equal in terms of income and price 

level, as well as in distance to public transportation and to the area’s central business district (CBD) 

before project implementation. 

“Projects” refers to housing projects with both rental housing and owner-occupied housing apartments. 

Some of the projects are large and are part of a larger residential development area, while others are 

more isolated development projects inside city limits. 

The outcome variables that we analysed are as follows: household income, affordability, educational 

background, and age. Similar outcome variables have been used in Dong (2017). Differences in outcome 

variables are analysed before and after construction, as is the difference between the immediate area 

where the project can be expected to have an effect (treatment area) and a comparison area where it 

cannot be expected to have an effect (control area).  

Assumptions about the size of the treatment and control areas are essential, and we have handled this 

mainly through different assumptions made using the Euclidian distance to the projects.  

The observation units consist of squares of 250x250 meters, and the total number of squares amounts to 

more than 2,168 geographical units. We have estimated models where the quadrant where the building 

project is located has been both included and excluded in the estimates. Our model is a so-called ‘two-

way fixed-effect model’, commonly used in difference-in-difference methodology relying on panel data. 

We include fixed effects for planning areas (so-called “DeSo” areas) and time in order to control for 

omitted variable bias. The areas under study are similar but smaller than the ZIP code used in Ellen et 

al. (2001), and the census tract fixed effect used in Schwartz et al. (2013). The difference-in-difference 

approach, combined with fixed effects, decreased the risk of time-invariant confounding factors. 

However, the interpretation of estimated treatment effects can be problematic when we include fixed 

area effects as a constant over time and fixed time effects are assumed to occur constantly in space (Imai 

and Kim, 2020). Some caution when interpreting the results is necessary. The result from the difference-

in-difference model will be presented with and without fixed effects. 

We have also included accessibility measures among our variables by including the distance to the CBD 

and the distance to the closest metro station. We visually tested the parallel trend assumption by graphing 

the trends before and after the event. The difference-in-difference equation can be stated as follows: 

𝑌𝑖,𝑡 = 𝛼𝑘,𝑡 + 𝜆1𝑇𝑟𝑒𝑎𝑡𝑖,𝑗 + 𝜆2𝑃𝑜𝑠𝑡𝑖,𝑡 + 𝜆3(𝑇𝑟𝑒𝑎𝑡 ∗ 𝑃𝑜𝑠𝑡)𝑖,𝑗,𝑡 + 𝛽𝑋𝑖,𝑡 + 𝜀𝑖,𝑡  (1) 
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Where subscript i equals the lowest geographical unit of the square, j equals the treatment area, k equals 

the planning area, and t equals the year. The outcome variable is Y, and “Treat” equals the treatment 

area. The variable “Post” equals the years after the construction, and (Treat*Post) is the interaction 

variable between the treatment area and the period after construction. X is a vector of other covariates 

such as distance to public transportation and distance to CBD. The models have been estimated with 

ordinary least squares (OLS). In the weighted least square model, we use W as a probability weight. 

These are based on propensity scores, and the weights will be equal to a [1/propensity score] for areas 

with residential construction, and [1/(1–propensity score)] elsewhere, following Freedman and Berk 

(2008) and Cole and Hernán (2008).  

All the Greek letters are the parameters that will be estimated, and the parameter of concern is parameter 

λ3. If the parameter is positive, it is interpreted as a positive causal relationship between the residential 

constructions and the outcome variable in the treatment area, as compared to the control area. Parameter 

λ1 indicates if the outcome variable has changed over the study period (before and after the construction), 

and parameter λ2 indicates whether the outcome variable was statistically different in the treatment area 

before construction. 

In model 1, we assume that ak,t is constant and that β is equal to zero, while in model 2, we relax the 

assumption that ak,t is a constant. In model 3, we relax the assumption that β equals zero; in model 4, we 

exclude square i where actual construction occurs. These models have been estimated with OLS, while 

the final model, model 5, is estimated with weighted least squares (WLS). 

As previously stated, we use propensity score weighting to reduce selection bias. However, there are 

indications that weighting using the propensity score will increase random error, and estimated standard 

error will have a downward bias (Freedman and Berk, 2008). Imai and Ratkovic (2014) showed that the 

risk of misspecification of the propensity score model might affect treatment effects substantially. 

Therefore, caution is necessary when interpreting the causal relationships estimated by the weighted 

least square using propensity scores as weights, and we also present OLS results for comparison. 

 

4. The case study of Stockholm 

Our case study is the city of Stockholm, Sweden's capital, with approximately 1 million inhabitants. 

From an international perspective, it is a relatively small city; including the surrounding municipalities 

(Stockholm country), the population is approximately 2.3 million inhabitants. The population has grown 

by 0.7 million from approximately 1.6 million inhabitants since 1990. 

The municipalities' housing construction plans in Stockholm County for 2019–2030 include 

approximately 280,000 apartments. The majority of these plans refer to apartment buildings (85%). The 

expansion plans mean that the total number of homes will increase by approximately 25% in just ten 
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years. Compared with the previous 10-year period, expansion plans are almost doubled. Thus, these 

plans are very ambitious and will place significant demands on where and how to build. About a third 

of the planned housing construction will occur inside the Stockholm municipality. The municipality is 

relatively densely populated, and buildable land for new projects in existing areas is scarce. 

The goal of the residential construction is to meet the need stemming from increased immigration to 

metropolitan regions. Housing supply is the biggest challenge for future economic growth in the region. 

At the same time, there is a need to reduce the threshold for entering the housing market both for young 

adults and newcomers. Residential construction aims to create more attractive, high-quality living 

environments that meet today's environmental requirements. In addition to quantifiable objectives 

regarding the number of new homes in the municipality, Stockholm's goal is for housing stock to 

counteract segregation and promote attractive living environments throughout the city. 

Economic, environmental, and social sustainability are all essential ingredients for housing construction. 

Therefore, the question of the effects of housing construction on segregation, gentrification, and 

affordability is central and more research is needed. 

There may be an inherent contradiction between creating attractive living environments and 

gentrification. Gentrification implies a social process where the composition of the neighbourhood 

population changes—households with higher incomes move in and displace households with lower 

incomes and lower social status. New construction projects can contribute to gentrification in that the 

living environment within the district becomes more attractive, which results in higher housing prices. 

Over time, only households with higher incomes can move into the neighbourhood, and the 

neighbourhood becomes gentrified over the long term. The process is relatively slow, as there is a certain 

sluggishness to the housing market, making analysing gentrification and its causes difficult. As a case 

study, Stockholm is interesting to analyse as it has a goal of a substantial housing expansion but at the 

same time, it has a clear social ambition regarding future housing expansion and does not want to create 

increased segregation and gentrification in existing neighbourhoods. 

 

5. Data and descriptive statistics 

We are using an unbalanced panel data set of the years 2000–2020 across 2,168 geographical units. 

Units are squares of 250 x 250 meters, and data on education, demographics, income, and housing prices 

are available for each square. In total, our panel data consists of 45,352 observations. Concerning 

income, we only have data for 2000, 2007, and 2013–2020, and housing prices are available for the 

years 2005–2018. Data on educational backgrounds and population demographics are available for all 

years. All observational units are geo-coded. Besides the outcome variables, we also have information 

on access to the nearest subway station and proximity to the city centre in all locations in the study area.  
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Our sources were Statistics Sweden for data on income and population. Information on housing prices 

came from Swedish Brokerage Statistics (Svensk Mäklarstatistik), and statistics regarding new 

multifamily residential houses come from the City of Stockholm. The number of constructions was 216 

from 2009 to 2014, and most of the new apartments were constructed during 2012–2014 (148 new 

multifamily houses). Constructions are depicted in Map 1.  

Map 1. Residential constructions in the city of Stockholm (2009–2014).  

 

Three things can be noted regarding the geographical spread of new residential properties. There has 

been a greater concentration of construction in the southern parts of Stockholm, and the size of the 

projects has varied considerably. Project areas in the North are concentrated in only a few areas, while 

there are several project areas in the South which are spread over a larger geographical area. What may 

be important in estimating the difference-in-difference models is that there may be an inevitable 

interdependence between new buildings, and project size may have a particular significance for the 

outcome. Higher concentrations of projects and larger projects are expected to have more significantly 

potential impacts on affordability and gentrification. 

Descriptive statistics regarding the outcome variables and some of the covariates (distance to subway 

station and distance to CBD) are presented in Table 1. Statistics refer to the mean and standard deviation 

in the treated group (observations within 1 kilometre from new construction) and the untreated group 

(observations further than 1 kilometre but within 10 kilometres of new construction). The ring around 

the new housing investments is larger than what has been used in, for example, Ooi and Le (2013), who 

used 500 meters, and Schwartz et al. (2006) and Ellen (2001), who used 2000 feet (around 610 meters). 
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As an alternative to a 1000-meter radius around new housing, we have also tested the variables using a 

500-meter radius. 

Table 1. Descriptive Statistics 

Variables Treated    Untreated   

 No. of obs Mean Std.dev.  No. of obs. Mean Std.dev. 

Income 14,430 311,561 108,590  4,632 318,257 145,610 

Affordability 9,936 0.0911 0.0374  2,992 0.0951 0.0557 

Education 33,605 0.5403 0.1887  10,800 0.5044 0.1910 

Younger 14,616 0.3209 0.1421  4,684 0.2685 0.1382 

        

Distance to subway 34,246 0.6910 0.1421  11,106 1.2721 0.8044 

Distance to CBD 34,246 6.5328 3.1548  11,106 9.6911 3.7023 

Note: In Table 1, we are presenting descriptive statistics concerning the four outcome variables: income (SEK), 

affordability (ratio between average income and average house prices), education (share with higher education out 

of total population), and younger (share in the age group 25–44 out of the total population). The same outcome 

variables have been used in Dong (2017). The covariates “distance to subway station” and “CBD” are measured 

in kilometres. The number of observations (No. of obs.), mean, and standard deviation (Std.dev.) are presented in 

Table 1. The treated group is within 1 kilometre of the new residential construction, and the untreated group is 

between 1 and 10 kilometres from the new residential construction. 

As we analyse more than 200 construction projects spread throughout the city, a treatment area of 1 

kilometre will cover a large part of the city and thus a large part of the analysis units. There are 

approximately 45,000 squares in the panel; approximately 75% of these are treated, while only 25% are 

untreated. This, of course, requires that the characteristics of the treated squares should be equivalent to 

those that are untreated. As previously mentioned, the panel is unbalanced, so we lack information on 

income and affordability for previous years. In essence, we can only analyse the effect of the two or 

three observations we have before the new residential constructions had taken place. 

Regarding household income, we can state that we have 14,430 treated units and 4,632 untreated units. 

The average income is comparable between the two groups, but variation around the average income is 

significantly greater in the untreated group. “Affordability” is defined as average income divided by 

average housing prices in the geographical unit (the inverse of the income affordability used in, e.g., 

Gan and Hill, 2009). Affordability follows the same geographical pattern; i.e., mean value is equivalent 

between the two groups, but standard deviation is slightly higher in the untreated group.  

“Higher education” is the share of people in the area with a college education, and “younger” is the 

share of the age group 25–44 in the area, following Dong (2017). Regarding higher education and 

younger people, the share is higher in the treated group while the spread is equal. In the treated group, 



12 

 

54% have a college education, as does 50% of the untreated group. The proportion of individuals aged 

25–44 is 32% in the treated group, but only 27% in the untreated group. 

We can observe a more significant difference when analysing covariates' distance to the nearest metro 

station and the city. Areas with new construction are closer to the metro stations than untreated areas, 

although variation in the untreated group is substantial. In the treated group, the minimum distance to 

the nearest metro station is approximately 700 meters, while the distance in the untreated group is 1,300 

meters. Surprisingly, we can observe that the new construction projects are closer to the city than the 

areas that have not yet been built up. The average distance to the city is 6.5 kilometres in the treatment 

group, and 9.7 kilometres in the untreated group. This justifies out use of covariates in the difference-

in-difference estimates. In Map 2, we illustrate the geographical spread regarding affordability (left) and 

higher education (right). 

Map 2.  Affordability and share with higher education across space in Stockholm (2015). 

   

The left map shows the geographical spread of affordability. The redder an area is, the more affordable 

it is, while the yellower an area, the less affordable it is. There is no clear tendency suggesting that the 

closer we get to the city, the less affordable housing is, but there are areas in the city centre where prices 

are lower relative to income, and in the suburbs, prices are relatively higher than income. 

The map on the right illustrates the geographical distribution of the proportion with higher education. 

The bluer an area becomes, the more people with higher education live in the area. Here, the pattern is 

much clearer with more people with higher education in the central and North-North-western parts of 

the city. Both affordability and higher education are outcome variables. In the difference-in-difference 

models, we will include fixed geographical effects that will effectively capture the geographical spread 

that exists in the city for all outcome variables. 
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6. Difference-in-difference estimates 

 

In this section, we will present our results from the difference-in-difference models. Four different 

outcome variables will be used: income, affordability, the proportion with higher education in the 

population, and the proportion in the age group 25-44 years. Income and affordability refer to the effects 

that can trigger a gentrification process to start and higher education and age structure are more long-

term effects due to a gentrification process. All outcome models have been estimated in five different 

model specifications presented previously. In addition to these models, we will present two models 

regarding the outcome variable income where we (1) relax the assumption about the control area and 

(2) analyse a larger impact area (treatment area). 

Income and affordability effects 

Table 2 shows the difference-in-difference estimates the effect on income from the construction of 

apartment buildings. Table 3 shows the results on affordability. 

Regardless of specification (except the first model which was without fixed effects and additional 

covariates), housing projects generally increase incomes in the immediate area. The degree of 

explanation is about 44 % in models where fixed area and year effects are included, which can be 

considered relatively good. In the model that includes other covariates, the degree of explanation 

increases to approximately 56%. We can also note that we meet the parallel assumption of the trends 

before and after construction (see Table A1 in the appendix); even though the number of observations 

before construction is limited.  
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Table 2.  Difference-in-difference estimates (outcome variable = income)  

Residential construction, 2009–2014. 

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post 0.302*** 0.524*** 0.403*** 0.397*** 0.222*** 

 (18.58) (33.13) (28.36) (25.58) (12.54) 

      

Treat –0.0532*** -0.122*** -0.0539*** -0.0509** -0.0527* 

 (–3.30) (–7.81) (–3.74) (–3.23) (–2.36) 

      

(Treat*Post) 0.0605*** 0.0564*** 0.0401** 0.0394** 0.0345* 

 (3.36) (3.93) (3.14) (2.83) (1.98) 

R2 0.104 0.457 0.571 0.561 0.522 

Adjusted R2 0.104 0.441 0.556 0.545 0.501 

AIC 19415.7 11735.0 5943.0 6299.1 6148.1 

Observations 17307 17307 15166 13502 11873 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm during the period 2000–2020. The outcome variable is income 

and is transformed into natural logarithms. Model 1 includes only the Treat, Post and (Treat*Post) variables. The 

variable “Treat” refers to locations up to 1 kilometre away from the new building. The variable “Post” refers to 

the period after the apartment buildings were constructed. The variable “(Treat*Post)” is an interaction variable 

between the variables Post and Treat. Of primary interest is the coefficient regarding (Treat*Post). In Model 2, we 

have included fixed geographical effects defined by planning areas (DeSo) and fixed annual effects. In Model 3, 

we have included several covariates; namely distance to the subway station and CBD, as well as socio-economic 

variables, educational background, and the proportion of younger people in the area. In addition, we have included 

six variables that measure the minimum distance to the nearest new construction area during the years 2009–2014. 

In Model 4, we have excluded the area where the new construction project has taken place, and finally, in model 

5, we have estimated a weighted least square model where propensity scores have been used as weights. t statistics 

in parentheses. *p <0.05, **p <0.01, ***p <0.001 

 

We can state that incomes have increased over time, before and after treatment, and that new 

construction projects are found in areas with slightly (but statistically significantly) higher income 

levels. In general, we can notice that the models without fixed effects produce a slightly higher estimate 

than the models where we have a lower omitted variable bias. Results also indicate that they are 

relatively robust across the different models. 

Housing projects have had a positive and statistically significant effect on income, which amounts to 

approximately 3–5 % a relatively strong impact. It is also interesting that new production primarily 

occurred in lower-income areas than the control areas. On average, incomes are 5% lower in areas where 

the municipality later built homes. It is worth noting that the difference between Models 3 and 4 is that 

squares, where there had been residential construction, are not included in Model 4; i.e., household 

income in the newly-constructed dwellings will not be included as a treatment effect. The difference in 

effect between Model 3 and Model 4 is not statistically significant. 
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Table 3.  Difference-in-difference estimates (outcome variable = affordability) 

                        Residential construction, 2009–2014. 

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post –0.223*** –0.221*** –0.212*** –0.223*** –0.224*** 

 (–9.25) (–10.75) (–10.31) (–10.06) (–8.99) 

      

Treat –0.0681** –0.0280 –0.0633** –0.0646** –0.0631 

 (–2.74) (–1.24) (–2.73) (–2.58) (–1.95) 

      

(Treat*Post) 0.0413 0.0394 0.0364 0.0469* 0.0444 

 (1.58) (1.91) (1.78) (2.14) (1.81) 

R2 0.022 0.444 0.472 0.477 0.484 

Adjusted R2 0.021 0.419 0.445 0.447 0.454 

AIC 13174.6 7515.2 6155.4 5645.1 5763.4 

Observations 11748 11748 10255 8976 8976 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm during the years 2000–2020. The outcome variable is 

affordability (income/property values) transformed into natural logarithms. Model 1 includes only the Treat, Post 

and (Treat*Post) variables. The variable “Treat” refers to locations up to 1 kilometre from the new building. The 

variable “Post” refers to the period after the apartment buildings were constructed. The variable “(Treat*Post)” is 

an interaction variable between the variables Post and Treat. Of primary interest is the coefficient regarding 

(Treat*Post). In Model 2, we have included fixed geographical effects defined by planning areas (DeSo) and fixed 

annual effects. In Model 3, we have included several covariates: namely distance to the subway station and CBD, 

as well as the socio-economic variables, educational background, and the proportion of younger people in the area. 

In addition, we have included six variables that measure the minimum distance to the nearest new construction 

area during the years 2009–2014. In Model 4, we have excluded the area where the new construction project has 

taken place, and finally, in Model 5, we have estimated a weighted least square model where propensity scores 

have been used as weights. t statistics in parentheses. *p <0.05, **p <0.01, ***p <0.001 

 
How can the result from the affordability model be interpreted? As with the income model, the degree 

of explanation is around 50%. A higher degree of explanation would have been desirable, as there is a 

risk of omitted variable bias or an endogeneity problem. The estimate shows that housing affordability 

decreased before and after the period 2009–2014. This means that housing prices have risen more than 

domestic prices, which is unsustainable in the long run. It is also clear that the housing projects carried 

out during this period did not occur in areas that were either more nor less affordable than the rest of 

Stockholm. We can also state that there has not been a causal effect on affordability in the areas where 

housing construction occurs. This can be due to many things, but it is clear that the increase in income 

level that we observe has led to housing prices rising at the same rate, thus not affecting affordability. 

The interpretation is the same regardless of model specification. 

Educational background and demographic effects 

As we have discussed before, changes in the composition of households in different residential areas is 

a slow-moving process. We analyse the effect of housing investments made between 2009 and 2014 and 

measure the effect from 2015 to 2020. Of course, this is a short period if it is the long-term effects we 

want to analyse. In this section, we intend to analyse the effects of housing investments on gentrification, 

i.e., has there been a social process where residents in the area have moved out after the investment. We 
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analyse the population's educational background and the population's age structure in the area of 

influence. The results from the difference-in-difference models are presented in Table 4 and Table 5. 

Table 4.  Difference-in-difference estimates (outcome variable = education)  

                        Residential construction, 2009–2014. 

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post 0.111*** 0.293*** 0.0854*** 0.0936*** 0.0325* 

 (20.80) (36.48) (8.60) (8.75) (2.14) 

      

Treat 0.00919 –0.0308*** 0.000159 0.00835 0.00916 

 (1.75) (–5.80) (0.02) (0.81) (0.61) 

      

(Treat*Post) 0.0747*** 0.0161*** 0.00756 –0.00225 –0.00157 

 (12.76) (3.58) (0.90) (–0.25) (–0.13) 

R2 0.057 0.623 0.700 0.699 0.702 

Adjusted R2 0.056 0.618 0.690 0.687 0.689 

AIC 28006.7 –7029.4 –6867.5 –5397.0 –5905.9 

Observations 39299 39299 14954 13304 11712 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm over the period 2000–2020. The outcome variable is 

affordability (income/property values), transformed into natural logarithms. Model 2 includes only the Treat, Post 

and (Treat*Post) variables. The variable “Treat” refers to locations up to 1 kilometre from the new building. The 

variable “Post” refers to the period after the apartment buildings were constructed. The variable “(Treat*Post)” is 

an interaction variable between the variables Post and Treat. Of primary interest is the coefficient regarding 

(Treat*Post). In Model 2, we have included fixed geographical effects defined by planning areas (DeSo) and fixed 

annual effects. In Model 3, we have included several covariates: namely distance to the subway station and CBD, 

as well as the socio-economic variables, income, and the proportion of younger people in the area. In addition, we 

have included six variables that measure the minimum distance to the nearest new construction area during the 

years 2009–2014. In Model 4, we have excluded the area where the new construction project has taken place, and 

finally, in Model 5, we have estimated a weighted least square model where propensity scores have been used as 

weights. t statistics in parentheses. *p <0.05, **p <0.01, ***p <0.001 

 

The effect of higher education is not as straightforward as for household income. Some models show a 

causal effect of housing construction on higher education, while others show no effect. All model 

estimates show that the proportion with higher education has generally increased between the pre-and 

post-period. Except in the fixed-effect model, in which case the results indicate that areas for new 

housing construction do not differ regarding the proportion with higher education. The treatment effect 

is not conclusive. In the default and fixed-effect model, we can estimate that housing construction has 

increased the proportion of people with higher education in the treatment areas compared with the 

control areas. Hence, there has been a form of gentrification in the immediate area surrounding the new 

homes. The effect is not statistically significant in the models where we control covariates such as 

proximity to the metro station and city centre and the distance to other housing projects. This also applies 

to other models that excluded the construction area and the WLS model. 
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Table 5.  Difference-in-difference estimates (outcome variable = young)  

                        Residential construction, 2009–2014. 

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post –0.0340* –0.0715*** 0.102*** 0.116*** 0.0765*** 

 (–2.11) (–4.91) (6.69) (7.40) (3.96) 

      

Treat 0.130*** 0.0907*** 0.0450** 0.0694*** 0.0744*** 

 (8.13) (6.26) (3.11) (4.63) (3.42) 

      

(Treat*Post) 0.00213 –0.0149 –0.00655 –0.0175 –0.0152 

 (0.12) (–1.12) (–0.51) (–1.32) (–0.84) 

R2 0.017 0.482 0.515 0.527 0.547 

Adjusted R2 0.016 0.467 0.498 0.509 0.527 

AIC 18529.1 8527.7 5575.5 4561.8 3770.6 

Observations 17133 17133 14952 13299 11709 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm over the period 2000–2020. The outcome variable is 

affordability (income/property values), transformed into natural logarithms. Model 1 includes only the Treat, Post 

and (Treat*Post) variables. The variable “Treat” refers to locations up to1 kilometre from the new building. The 

variable “Post” refers to the period after the apartment buildings were constructed. The variable “(Treat*Post)” is 

an interaction variable between the variables Post and Treat. Of primary interest is the coefficient regarding 

(Treat*Post). In Model 2, we have included fixed geographical effects defined by planning areas (DeSo) and fixed 

annual effects. In Model 3, we have included several covariates: distance to the subway station and CBD and the 

area's socio-economic variables, income, and educational background. In addition, we have included six variables 

that measure the minimum distance to the nearest new construction area during the years 2009–2014. In Model 4, 

we have excluded the area where the new construction project has taken place, and finally, in Model 5, we have 

estimated a weighted least square model where propensity scores have been used as weights. t statistics in 

parentheses. *p <0.05, **p <0.01, ***p <0.001 

 

The estimate of the causal effect of housing construction on population age is perhaps the clearest, at 

least in the short term. We cannot note any effect at all. The outcome variable indicates the percentage 

of the population 25–44 years of age. Expectations were that newly-produced homes in a residential 

area would primarily attract younger households, which would affect other homes in the neighbourhood. 

That was not the case. Housing construction has not generated any impact on the population structure, 

at least not based on age. On the other hand, the new production has mainly taken place in areas where 

the population is already younger, which can be explained by the fact that many projects have taken 

place in areas further away from the city's central parts. 

Robustness tests 

Of course, our assumptions about treatment and control areas are central to estimating the difference-

in-difference model. To ensure that these assumptions do not drive the result, we have performed two 

robustness tests where we vary our assumptions about the size of the treatment and control areas. In the 

default model, we have assumed that the control area (untreated observations) is in the interval of 1–10 

kilometres from the residential construction projects. As an alternative to this assumption, we have 

expanded the control area to apply to the entire city of Stockholm. The second test we did was to change 
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the treatment and control areas. Here we have estimated a model where the treatment area is closer to 

the housing project (within 500 meters), and the control area now consists of an interval of 500 meters 

to 5 kilometres. Results are presented in Tables 6 and 7. 

Table 6.  Difference-in-difference estimates (outcome variable = income)  

                        Residential construction, 2009–2014. 

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post 0.312*** 0.527*** 0.412*** 0.406*** 0.239*** 

 (22.07) (37.45) (32.33) (29.25) (11.64) 

      

Treat –0.0574*** –0.0971*** –0.0361** –0.0318* –0.0255 

 (–4.00) (–6.80) (–2.70) (–2.18) (–0.92) 

      

(Treat*Post) 0.0487** 0.0462*** 0.0328** 0.0320* 0.0211 

 (3.03) (3.62) (2.87) (2.57) (1.09) 

R2 0.105 0.462 0.568 0.561 0.522 

Adjusted R2 0.105 0.446 0.554 0.545 0.503 

AIC 21154.0 12500.7 6474.6 6806.6 6588.3 

Observations 19062 19062 16709 14894 13092 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm over 2000–2020. The outcome variable is income, transformed 

into natural logarithms. Model 1 includes only the Treat, Post and (Treat*Post) variables. The variable Treat <1 

kilometre, and control area >1 kilometre. The variable “Post” refers to the period after the apartment buildings 

were constructed. The variable “(Treat*Post)” is an interaction variable between the variables Post and Treat. Of 

primary interest is the coefficient regarding (Treat*Post). In Model 2, we have included fixed geographical effects 

defined by planning areas (DeSo) and fixed annual effects. In Model 3, we have included several covariates, 

namely distance to the subway station and CBD, as well as socio-economic variables, educational background, 

and the proportion of younger people in the area. In addition, we have included six variables that measure the 

minimum distance to the nearest new construction area during the years 2009–2014. In Model 4, we have excluded 

the area where the new construction project has taken place, and finally, in Model 5, we have estimated a weighted 

least square model where propensity scores have been used as weights. t statistics in parentheses. *p <0.05, **p 

<0.01, ***p <0.001 

 

When we expand the control area to apply to the entire city of Stockholm, the result does not change the 

statistical significance or the economic interpretation of the result. In the basic model (1), without either 

fixed effects or covariates, we can see that incomes have generally increased significantly before and 

after examining housing construction projects. The results indicate that households' incomes are 

approximately 30% higher after 2014 than they were before 2009. We can also note that the new 

construction project has mainly occurred in areas with lower income levels. The estimate amounts to 

incomes approximately 5.7% lower in areas built during 2009–2014. The effect on the development area 

(treatment area) is statistically significant and positive. Household income has increased by almost 5% 

due to new construction projects. If we control for fixed effects (2), the effect on income decreases 

slightly, decreasing further when we include covariates (3). However, excluding the immediate area 

where the construction has taken place (4) has no effect. This means that it is not the project that drives 

the change in household income, but indirect spill-over effects. Like previous models, the estimate drops 

further in the WLS model (5). Including probability, weights have proved problematic, which may have 
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been caused by a specification error in the logistic regression model, but it can also mean that the effect 

on household income is negligible. 

Table 7. Difference-in-difference estimates (outcome variable = income)  

Residential construction, 2009–2014.  

 (1) (2) (3) (4) (5) 

 Default Fixed Covariates Exclude WLS 

Post 0.335*** 0.556*** 0.424*** 0.421*** 0.244*** 

 (34.16) (46.73) (39.18) (35.92) (19.94) 

      

Treat –0.0749*** –0.0774*** –0.0318** –0.0283* –0.0186 

 (–5.53) (–6.17) (–2.77) (–2.25) (–1.18) 

      

(Treat*Post) 0.0413** 0.0339** 0.0300** 0.0222 0.0143 

 (2.70) (2.78) (2.77) (1.84) (0.98) 

R2 0.106 0.456 0.571 0.561 0.522 

Adjusted R2 0.106 0.440 0.556 0.544 0.501 

AIC 19377.7 11756.4 5948.9 6305.4 6154.2 

Observations 17307 17307 15166 13502 11873 

Note: The table shows five different difference-in-difference models. The observations refer to squares of 250 x 

250 meters and cover the entire city of Stockholm during the years 2000–2020. The outcome variable is income, 

transformed into natural logarithms. Model 1 includes only the Treat, Post and (Treat*Post) variables. The variable 

Treat <0.5 kilometres, and the control area >0.5 to ≤5 kilometres. The variable “Post” refers to the period after the 

apartment buildings were constructed. The variable (Treat*Post) is an interaction variable between the variables 

Post and Treat. Of primary interest is the coefficient regarding (Treat*Post). In Model 2, we have included fixed 

geographical effects defined by planning areas (DeSo) and fixed annual effects. In Model 3, we have included 

several covariates; namely distance to the subway station and CBD, as well as socio-economic variables, 

educational background, and the proportion of younger people in the area. In addition, we have included six 

variables that measure the minimum distance to the nearest new construction area during the years 2009–2014. In 

Model 4, we have excluded the area where the new construction project has taken place, and finally, in Model 5, 

we have estimated a weighted least square model where propensity scores have been used as weights. t statistics 

in parentheses. *p <0.05, **p <0.01, ***p <0.001 

 

As a result of reducing the presumptive impact area of 500 meters, we can conclude that the effect 

remains in most models. On the other hand, the effect in the model where we excluded the construction 

area will show statistically insignificant parameter estimates. This can occur when large parts of the 

treatment area disappear, and we have relatively few units that can actually be affected. In the model 

with the highest degree of explanation, we can note a causal treatment effect of housing construction on 

income. As before, it is clear that incomes have generally risen over time, and that the new residential 

buildings have been built in areas with lower incomes than control areas. 

 

7. Conclusion 

A city can grow in population by building new residential areas or increasing the population density of 

existing ones. Regardless of how the city grows, it will be a trade-off between enabling population 

growth and influencing the city's attractiveness. Of course, new districts and buildings can enrich and 

create a more attractive city, but they can also mean that expansion takes place at the expense of, for 
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example, reduced green areas and thus reduced attractiveness. New housing in existing housing areas 

can also trigger a process that results in higher housing prices due to new projects’ increasing demand 

in the area. Households with higher income levels move in, triggering a gentrification process and 

lowering affordability. 

There are a number of studies (Ellen et al., 2001; Schwartz et al., 2006; Ooi and Le, 2013; Diamond and 

McQuade, 2019; Brunes et al., 2020; Fernandez et al., 2021) that analyse new housing investments’ 

effect on housing prices in nearby areas. Many of these studies show that prices have increased in nearby 

areas. However, few studies have analysed the effects of new housing on gentrification and affordability. 

One exception is Dong (2017), which analysed the effect of public transport on income, the proportion 

of residents with higher education, the proportion of young people, and affordability. However, the 

results show minor effects from public transport investments on gentrification and affordability. The 

question we ask ourselves is whether new housing investments do not also have an impact on income, 

the proportion of people with higher education, the proportion of young people in the population, or on 

affordability. 

Using a combination of difference-in-difference and propensity score weighting, we have estimated the 

effect of approximately 200 new housing investments in Stockholm, Sweden, from 2009 to 2014. We 

have data at a detailed geographical level from 2000–2020. We have estimated five different difference-

in-difference models for each outcome variable: income, affordability, higher education, and younger 

population. The first model is a traditional model where we only included the treatment variable and the 

period after the investment, together with the interaction variable between these. Of primary interest is 

the parameter estimation of the latter variable. In the second model, we have included fixed geographical 

effects; in the third, we added spatial covariates such as distance to public transportation and the city 

centre. In the fourth model, we excluded the area where the actual investment was made. The reason for 

this is that we wanted to study the spill-over effect on nearby areas. Finally, we analysed the same model 

with propensity score weights. In general, we can state that the treatment effect decreases the more 

variables we control for, and perhaps most clearly when we include other covariates such as access to 

public transportation. 

Our results indicate a minimal effect of new housing investments on the proportion of people with higher 

education and the proportion of younger people. However, we can see a positive effect on income and 

affordability, and this may mean that there will be a more significant gentrification effect with 

displacement over time. These processes take time, as relocation chains usually take several years to 

establish, and the Swedish residential rental market is characterised by soft rent regulations (Enström 

Öst et al., 2014). The latter means that rents will not automatically go up just because demand increases 

and drives housing prices up in the owner-occupied housing market. 
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Future research should focus on differences in effect depending on what we build and where we build 

it. For example, is there a difference between multifamily or single-family houses, rental or owner-

occupied housing, and whether we build in areas that already have a large proportion of housing in the 

area? 

It is also important to analyse the urban context in which we build and the centrality of the area. It can 

be expected that the spill-over effect to nearby residential areas differs depending on whether there are 

different types of barriers in the public space in the form of roads and other infrastructure or, for that 

matter, natural amenities and disamenities. An interesting extension in future research would be to 

estimate a nonparametric difference-in-difference model, as Diamond and McQuade (2019) did to test 

whether new housing investments’ impact on gentrification and affordability varies with distance. This 

type of analysis, which is based on simple assumptions about a radius around new housing investments, 

can be developed.  
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Figure A1. Income  Figure A2. Affordability 

 

 

Figure A3. Higher education  Figure A4. Younger population 

 

 

 


