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Abstract

This study combines socioeconomic measures and municipality characteristics from 381 mu-
nicipalities in Norway with 1,204,506 actual sales of dwellings, to examine the relationship
between nine variables and changes in house prices. This differs from existing literature
which uses house price indices to represent the development in the housing market. We find
that an increase in the population, the number of people that have completed higher educa-
tion, the number of students relative to the population, the proportion of immigrants or the
mean salary positively affect house prices. When further examining demographic factors,
an increase in the proportion of the population aged over 66 is found to affect house prices
negatively, while an increase in the proportion of the population aged between 18 and 66 is
shown to have the opposite effect. Finally, an increase in income inequality or unemployment
rate is found to have a negative effect.
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Sammendrag

Dette studiet kombinerer sosioøkonomiske faktorer og kommunekarakteristikker fra 381 kom-
muner i Norge med 1.204.506 faktiske salgsdata på boliger, for å studere effektene av ni
variabler på boligprisene. Dette skiller seg fra eksisterende litteratur som bruker boligprisin-
dekser for å representere utviklingen i boligmarkedet. Vi finner at en økning i innbygger-
tall, antall personer som har fullført høyere utdanning, antall studenter relativt til folketall,
andelen innvandrere eller gjennomsnittslønn påvirker boligprisene positivt. Ved nærmere
demografiske undersøkelser kommer det fram at en økning i andelen over 66 år påvirker
boligprisene negativt, mens en økning i andelen mellom 18 og 66 år har motsatt effekt.
Videre viser resultatene at en økning i inntekstforskjell eller arbeidsledighet har en negativ
effekt.
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Abbreviations

B2C Business-to-Consumer
CEE Central and Eastern Europe
CV Coefficient of Variation
GDP Gross Domestic Product
HPI House Price Index
MSA Metropolitan Statistical Area
NAV The Norwegian Labour and Welfare Administration
NSD Norwegian Centre for Research Data
NUS The Norwegian Standard Classification of Education
OECD The Organisation for Economic Co-operation and Development
SSB Statistics Norway
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1 Introduction

Purchasing a house is a big decision to make for most people. In addition to serving as a
home, it also functions as a financial investment. Certain factors are commonly acknowledged
to directly affect the housing market in different ways. Some examples of these are key
figures reflecting the general level of a nation’s economy such as the real GDP, the policy
rate, stock market indices and the unemployment rate. Looking at other factors such as
immigration, there is no consensus as to how, if at all, they affect house prices. Moreover,
the increasing interdependence between nations worldwide, known as globalization, adds
another level of complexity to the market dynamics. This became evident during the global
financial crisis which affected housing markets all around the world. On a more local level,
however, socioeconomic factors and characteristics that are specific to various regions are of
high interest. Demographic measures such as income, population, age and educational level
may vary dramatically across the different regions of a country. Hence, when studying the
housing market of an economy, it is important to acknowledge the potential effects of these
regional variations.

As of 2018, over 80% of all Norwegian households own their dwelling, which is relatively
high when compared to neighbouring countries such as Sweden and Denmark, with 64.1%
and 60.5% respectively (Eurostat, 2019). Therefore changes in the housing market are of
high interest to most Norwegians. Also, high participation in the housing market in Norway
makes it particularly relevant for research, because, relative to other countries, house prices
are influenced more by the general population instead of just the high-income population.
The market is furthermore considered very transparent, with most listings being published
on the online marketplace FINN.no (Eiendom Norge, 2019) and 90% of all sales following
the English auction standard (Olaussen et al., 2018). Moreover, several public institutions
report detailed data on demographics and socioeconomic factors. Altogether, this makes
Norway very well suited for studies on house prices. We benefit from these sources and
create a large data set consisting of actual transactions of dwellings, instead of house price
indices. Using this, we are studying the effects of changes in municipality characteristics on
house prices.

1

https://www.finn.no/realestate/browse.html


Several papers discuss which factors that drive the house prices such as the variable mortgage
rate (Otto, 2007; Tsatsaronis and Zhu, 2004), the stock market and real GDP (Pillaiyan,
2015), changes in migration, income and other demographics (Pashardes and Savva, 2009;
Poterba et al., 1991). The effect of the different factors may vary across countries (Englund
et al., 1996; Geng, 2018; Kasparova and White, 2001; Taltavull de La Paz and White, 2012).
Case and Shiller (1990) use quarterly data from 1970-Q1 to 1987-Q3 for Atlanta, Chicago,
Dallas and San Francisco to run a time series cross-sectional regression. The results state
that both changes in per capita real income and in the adult population are positively
related to price changes over the subsequent year. Anundsen and Jansen (2013) find that
house prices depend on real disposable income, household borrowing and the housing stock
in the long-run. Green and Hendershott (1996) measure how real house prices are impacted
by demographics such as age structure, education and income. They find that holding all
else constant, the ageing of the population does not seem to lower real house prices. Galati
et al. (2011) investigate both macro and micro drivers of house price dynamics using Dutch
data and find that household-specific and house-specific factors such as income and wealth,
educational level, cohort and year of construction are strongly related to subjective house
prices.

There are several studies on the effect of immigration on house prices. Saiz (2007) studies
the local economic impact of immigration in U.S. destination cities and finds that average
rent and housing values increase by about 1% if there is an immigration inflow equal to 1% of
a city’s population. Mussa et al. (2017) argue that an increase in immigration inflow in one
particular MSA will also lead to increased rents and house prices in neighbouring MSAs. This
positive relationship between immigration and house prices is also found in studies done in
Switzerland and Spain (Degen and Fischer, 2009; Gonzalez and Ortega, 2013). Larkin et al.
(2018) use 474 estimates on the impact of immigration on house prices from 14 developed
countries. They find that, on average, immigration increases house prices. In countries that
are less welcoming to immigrants, however, this increase is more limited. Sá (2015) draws a
different conclusion, finding that immigration has a negative effect on the house prices in the
UK. This is explained with the mobility response of the native population; a negative income
effect arises when those at the top of the wage distribution leave areas with immigration, and
thus these areas experience a decline in house prices. A study done by the central bank of
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Norway concludes that when controlling for changes in the unemployment rate and domestic
population, the house prices in an area will increase by about 3% when the proportion of
immigrants increases with 1 percentage point of the original population (Nordbø, 2013).

Changes in the age structure of the population is another interesting topic when studying
house prices. Mankiw and Weil (1989) study the effects of major demographic changes
on the housing market in the U.S. They find that the increase in real house prices in the
1970s is mainly due to the baby boomer generation reaching its house-buying years. Levin
et al. (2009) use a difference-in-difference methodology to examine how population ageing
and population decline affect the house prices in Great Britain. The results show that
both population decline and population ageing have negative impacts on the house prices.
Using a data set with house prices from 22 advanced economies to investigate the effect of
demographics on real house prices, Takáts (2012) also finds that an ageing population affects
house prices negatively.

Inequality can be measured in many ways and is often a hot topic for debate in governments
around the world. Goda et al. (2016) use both absolute and relative income inequality
measures to test whether this affects house prices. They conclude that increasing income
inequality contributed to the rise in real house prices, measured by yearly averages of HPIs, in
the studied OECD countries between 1975-2010. Özmen et al. (2019), however, conclude that
income inequality measured by the Gini coefficient is negatively correlated with house price
changes, using regional data from Turkey. Määttänen and Terviö (2014) analyse six U.S.
metropolitan areas, and conclude in similar terms, finding that increased income inequality
on average has a modest but negative effect on house prices.

The unemployment rate is a measure which is frequently monitored by political leaders.
When reported on a national level it is viewed as a key indicator of the health of the economy.
Liu and Shen (2005) find that the housing prices of new dwellings in China decrease as the
unemployment rate increases. Abelson et al. (2005) find that the long-run elasticity of real
house prices is negative with respect to unemployment, using data from Australia.

Fack and Grenet (2010) investigate how the quality of education offered by schools nearby
affect house prices using data from Paris. They find that a standard deviation increase in the
performance of public schools, increase house prices by 1.4%-2.4%. Black (1999) examines
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how parents value school quality measured through house prices. The results suggest that
parents are willing to pay about 2.1% more for houses located in school districts where the
test scores are 5% higher than the mean, i.e. approximately one standard deviation.

When conducting studies across various cities or countries, it is often convenient to use panel
data. Gallin (2006) examines the long-run relationship between house prices and income by
using a panel of 95 U.S. cities over 23 years. He finds that there is no evidence of cointegration
between these variables. Goodhart and Hofmann (2008) use a panel of 17 industrialized
countries over 37 years and find that there is evidence of a significant multidirectional link
between house prices, monetary variables and the macroeconomy. Égert and Mihaljek (2007)
study how eight transition economies of central and eastern Europe (CEE) and 19 OECD
countries respond differently to changes in fundamental determinants of house prices, such as
GDP per capita, real interest rates, housing credit and demographic factors. They find that,
in addition to such conventional fundamentals, the house prices in CEE are also determined
by institutional development of housing markets, and housing finance and quality effects.
Mikhed and Zemčík (2009) use annual data from 1978 to 2007 on 22 MSAs to examine
whether the U.S. housing market recently experienced a bubble. They conclude that there
was such a house price bubble before 2006 and that the correction has not been sufficient.

The housing market is frequently discussed in Norway. Larsen and Sommervoll (2004) in-
vestigate what factors decide the prices in the Norwegian housing market, and describe a
complex market driven by mortgage rates, changes in income and unemployment. They also
point to the level of optimism or pessimism for the future among households and banks as
an influential factor for the house prices. Moreover, urbanization, the increased number of
single people and changes in the age distribution, typical family structure and immigration
are said to affect the housing market. Jacobsen and Naug (2004) estimate an empirical
model and aim to find the most important explanatory variables describing changes in Nor-
wegian house prices. Their report conclude that newly constructed homes, income, interest
rate and unemployment rate are the main factors. Larsen (2018) investigates how micro and
macroeconomic factors affect the housing market in three of the largest cities in Norway,
using two different empirical models; one of these being the model developed by Jacobsen
and Naug (2004) and the second is a difference-in-difference model inspired by Levin et al.
(2009). The study compares the results from the two methods and finds that unemployment
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rate, interest rate, oil price and level of debt are statistically significant in all or some of the
cities.

We contribute to the literature by studying the relationship between nine socioeconomic
factors and changes in house prices. Unlike other studies, we use actual sales data of unique
dwellings instead of house price indices. The data set contains more than 1.9 million sales
from 1995 to 2015 from the whole of Norway, with nine variables describing characteristics
across 381 municipalities. In 2015 these municipalities housed more than 98% of the Norwe-
gian population. This allows us to study the housing market on a more precise level. Such
a comprehensive data set has never been applied in the existing literature. Also, by includ-
ing dummy variables for the municipalities and time periods in the panel, we can control for
general economic development at municipality level. Hence, we can better explain the effects
of these variables on house prices and describe both differences and similarities across the
country. Therefore, the microeconomic depth of the data set makes this study an important
extension of the existing literature.

First, Section 2 provides a detailed presentation of the data set. Section 3 describes the
model, while the results are presented and discussed in Section 4. The findings are concluded
in Section 5.
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2 Data

The data set used in this study consists of data from four different sources. Section 2.1
elaborates on the data on sales of dwellings provided by Alva Technologies, while Section
2.2 presents the data on characteristics of Norwegian municipalities, provided by Microdata,
NAV and SSB. Data cleaning is addressed in Section 2.3, and descriptive statistics of the
data set are presented in Section 2.4.

2.1 Sales Data

Data on sales of dwellings for the whole of Norway is provided by Alva Technologies, a com-
pany developing an innovative and transparent solution to create a more efficient real estate
market. They obtained the data from mainly two public registers; Grunnboken, containing
all juridical binding transactions, and Matrikkelen, containing information about land and
dwellings. These are both published by the Norwegian Mapping and Cadastre Authority.
Alva Technologies have further improved this with data from both disclosed private and
publicly accessible data sets, and user input from their B2C-service virdi.no. This service
lets owners of dwellings correct information, as well as give an estimate of the quality of the
dwelling. Altogether, this becomes a thorough data set covering the whole of Norway, with
1,904,532 sales from 1995 to 2015.

The data set contains two different prices per dwelling-transaction; the sales price and the
total price. The former is the value of the bid that won the English auction. Most condo-
miniums in Norway have common debt, especially newly built dwellings which sometimes
have debt as large as the price of the dwelling. The sales price would therefore, in cases like
this, be artificially low compared to the actual price of the dwelling. To account for this, the
total price of the dwelling is used in our study (denoted total_price when referred to as a
variable). This is also the price which SSB uses (Medby and Takle, 2020).

6
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2.2 Municipality Characteristics

Yearly data on different characteristics and socioeconomic measures for each municipality
are gathered and merged from three sources. Panel data on salary and number of people
that have completed higher education are provided by Microdata, an online service funded
by the Research Council of Norway and developed by SSB and NSD. Furthermore, SSB
provides socioeconomic measures as population, distribution of age, number of immigrants
and number of students. Finally, NAV issue monthly statistics on unemployment in Norway.

As several municipalities merged and/or changed their ID throughout the sample period, the
data set required careful treatment to make sure the merge with the sales data was correct.
The sales data from Alva Technologies use the municipality IDs from mid-2019, hence these
IDs were used as a reference.

Thus, nine time-varying variables were created for each of the municipalities in Norway.
These variables are shown in Table 1.
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Variable Source Description
population SSB Number of inhabitants registered in the

National Population Register.
population_middle SSB Number of inhabitants between the age of 18 and 66

in percentage of population.
population_old SSB Number of inhabitants over the age of 66 in

percentage of population.
immigrants SSB Number of immigrants in percentage of population.

Here, an immigrant is defined as a person born abroad
of two foreign-born parents and four foreign-born
grandparents.

higher_education SSB Number of inhabitants that have completed higher
education (defined by NUS2000-level being equal to
6, 7 or 8) in percentage of population.

salary_CV Microdata Coefficient of variation for salary, given as the ratio
of the standard deviation to the mean.

salary_mean Microdata Mean salary (including benefits in kind, sick pay and
child benefits throughout the calendar year).

students SSB Number of students divided by the population. Here,
the former consists of all the students registered
at a university or college in that municipality,
regardless of where they are registered in the
National Population Register.

unemployment NAV Unemployed people in percentage of the workforce.

Table 1: Description of municipality characteristics used in this study.
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2.3 Data Cleaning

For the data set to be in its most meaningful condition, thorough data cleaning is performed.
On the data containing sales of dwellings, the following cleaning is done:

• Remove transactions where the total_price is missing or has a value of zero.

• If a dwelling has multiple sales within the same year, the average value of the to-
tal_price is used to represent the price for that year. As the municipality characteris-
tics are recorded yearly, we require a dwelling to have a maximum of one total_price
per year.

• If a dwelling is only sold once throughout the period, it is removed as we require
repeated sales.

• Remove sales from municipalities where we do not have consistent data on either
transactions or municipality characteristics throughout the sample period.

The following modifications are applied to the data on municipality characteristics:

• Microdata winsorize all numeric data on a 2% level. This means that the 1% high-
est values are set to the 99th percentile, and the 1% lowest values are set to the 1st

percentile.

• The unemployment rate is reported monthly, thus the average of the 12 months are
used to represent the year in our study. In some municipalities, however, a month or
two are missing for a certain year. In these cases, we use a linear interpolation based
on the closest preceding and subsequent months containing real data. If a municipality
is missing data on more than two months during a year, the municipality is deleted
to preserve the correctness of the data set. A similar linear interpolation is applied to
the number of inhabitants with higher education, if data on one year is missing for a
municipality.
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2.4 Descriptive Statistics

After the cleaning procedure is complete and the data from the different sources are merged,
we are left with a data set consisting of 1,204,506 sales from 381 of the 422 municipalities in
Norway. These municipalities are housing more than 98% of the total population in Norway,
based on 2015-numbers.

The dwellings in the data set are sold 2.56 times, on average. Figure 1 shows the distribution
of sales during the sample period. 62.8% of the dwellings have only been sold twice and 24.4%
have been sold three times, indicating that the average Norwegian family does not move very
frequently.

Fig. 1: Distribution of number of sales for unique dwellings in the data set.

Figure 2 displays the number of sales per year in the sample period. Sales of cooperative
shares were not added to the public register Grunnboken before 2007 which explains the
noticeable increase in the number of sales.
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Fig. 2: Number of sales of dwellings for each year in the sample period.

The data set contains four different types of dwellings that are common in Norway:

1. Apartment: Several designated rooms to live in. Often part of a bigger complex.

2. Detached: Separate from other dwellings.

3. Semi-detached: Dwellings with one common wall shared with a similar dwelling.

4. Terrace: Similar dwellings in a row sharing multiple walls.

Figure 3 shows the proportion of these four types of dwellings in the data set. More than
70% of the transactions are sales of detached dwellings and apartments.

11



Fig. 3: Distribution of the various types of dwellings in the data set.

Figure 4 illustrates the number of years between sales of the same dwelling in the data set.
The mean is 4.74 years, and the distribution is right-skewed. Interestingly, the mode is only
2 years, a short period considering the findings from Figure 1 and the belief that dwellings
often are regarded as long-term investments.
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Fig. 4: Time (in years) between two sales of the same dwelling.
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3 Methodology

In this section, we present the models and the theory behind them. A repeat sales approach
is used, with the change in the price of a dwelling as the dependent variable. One major
advantage of our detailed data set is that it allows us to use a simple model. In particular,
a fixed effects model, with both time and municipality dummy variables, is applied when
running panel data regressions.

3.1 Repeat Sales Pairs

The variables are divided into two sets (see Table 2). Variables in SK are reported as absolute
numbers, whereas those in SQ are reported as a relative number.

Variables in SK Variables in SQ

population higher_education
salary_CV immigration
salary_mean population_middle
total_price population_old

students
unemployment

Table 2: The variables are divided into two sets, SK
& SQ

.

Instead of using a complex hedonic method to account for all factors explaining the house
price, we use the repeat sales method where the dwelling characteristics are assumed to
be constant over time. The repeat sales method uses the change in house price between
two sales of the same dwelling. Therefore, we construct repeat sales pairs, i.e. we arrange
sales of the same dwelling in pairs. If a dwelling has been sold more than two times during
the sample period, a non-overlapping decomposition is chosen when constructing repeat sales
pairs. Hence, a dwelling sold in 2000, 2003 and 2008 would in the data set be presented as two
repeat sales pairs describing consecutive price changes, i.e. 2000 ! 2003 and 2003 ! 2008.
Thus, each line in the data set represents a single sales pair and contains the change in
total_price as well as changes in the nine explanatory variables. Table 3 shows an example

14



of an entry in the data set. Note that the Address ID has been censored for privacy concerns.
In total, the data set consists of 733,739 such sales pairs. For variables in SK we take the
logarithmic relative change, whereas for those in SQ we take the simple difference. Hence, if
x 2 SK and y 2 SQ, then we use � ln(x) = ln(x2

x1
) and �y = y2 � y1.

Entry Value

Address ID ******
Municipality ID 403
Year of first sale 1997
Year of second sale 2003
� ln(total_price) 0.737599
� higher_education 1.967
� ln(population) 0.047621
� immigrants 1.582
� ln(salary_mean) 0.269378
� population_middle 0.193
� population_old -1.385
� ln(salary_CV) 0.0
� students 11.44
� unemployment 0.017

Table 3: Example of a repeat sales pair from the data set.

Figure 5 shows a map of the 422 municipalities in Norway, where the municipalities are
color-coded based on how many sales pairs that are included in the data set. As expected,
the municipalities with the largest cities in Norway have the most sales pairs. Due to the
geography of Norway, it is not surprising that the middle part of Norway is light blue, as
this is mainly mountains.
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Fig. 5: Map of Norway showing the distribution of sales pairs across the municipalities. If a

municipality is white, it means that either data is missing or there are no sales pairs during the

sample period.
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3.2 Model

A fixed effects approach is used for the regression model when analysing the historical sales
data. To account for the geographical variations across Norway, municipality dummy vari-
ables are included. Furthermore, time dummy variables are also included to capture changes
in the general level of the economy.

With the sets defined as in Table 2, the fixed effects model used in this study can be written
as follows:

ln(
Pmt0
i

Pmt
i

) = ↵+
TX

⌧=1

�⌧D⌧
i +

JX

j=1

µjDj
i +

X

k2SK

bk · ln(
xmt0
ik

xmt
ik

) +
X

q2SQ

cq · (ymt0

iq � ymt
iq ) + "mtt0

i (1)

where Pmt
i , is the total price of a dwelling i, located in municipality m, sold at time t (t < t0).

Here ↵ is the constant term and b1, ..., bK are the price coefficients related to the explanatory
variables xmt

i1 , ..., x
mt
iK in set SK . Similarly, c1, ..., cQ are the price coefficients related to the

explanatory variables ymt
i1 , ..., ymt

iq in set SQ. The sample consists of T + 1 time periods (i.e.
from year t = 0 to year t = T ). D⌧

i is a time dummy variable, corresponding to the parameter
�⌧ , with value 1 for all t < ⌧  t0 and 0 otherwise. ⌧ iterates from 1 to T , i.e. we skip the
base period where t = 0 to avoid perfect collinearity. Dj

i is a municipality dummy variable,
corresponding to the parameter µj, with value 1 if j = m and 0 otherwise. Again we leave
out one dummy variable (i.e. J = 380, one less than the total number of municipalities
included in the data set). The error term, "mtt0

i , is assumed to have constant variance and
expected value E["mtt0

i ] = 0.

In addition to running (1), a regression without any dummy variables is run so that the
consequence of including fixed effects become evident. Section 4 also includes various models
where some of the variables are left out due to being highly correlated with each other. Also,
results from univariate regressions with and without fixed effects are included.
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3.3 Dealing With Autocorrelation and Heteroscedasticity

If the error terms from the regression are heteroscedastic, the variance changes over time and
violate the underlying assumption of homoscedasticity, i.e. var("t) = �2 < 1. A method
of dealing with heteroscedasticity when the form is unknown, is to use heteroscedasticity
robust standard errors or White-Huber-Eicker robust standard errors. This paper uses the
former.

Another basic assumption when running least squares regressions is that the error terms
are uncorrelated, i.e. Cov("i, "j) = 0 (i 6= j). If this is not the case, they are said to be
autocorrelated. If a dwelling is sold n times, it will generate n � 1 sales pairs. Still, one
particular sale will only be part of a maximum of two sales pairs. Therefore, if a sales price
is incorrect, it will only affect a maximum of two sales pairs. Hence, the model will not have
a problem with autocorrelation.
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4 Results and Discussion

This section will present and discuss the findings from this study. First, a correlation matrix
showing how the changes in variables are correlated with each other is presented in Figure
6. Then, the results from the panel data regressions for five different models are shown in
Table 4. Furthermore, the results from the univariate regressions both with and without
fixed effects, are presented in Table 5. Finally, the findings are discussed and compared to
those from existing literature.

Figure 6 presents how the changes in the variables, i.e. the regression inputs listed in Table
3, correlate with each other. It suggests that � ln(salary_mean), � higher_education,
� immigrants and � ln(population) are highly positively correlated with each other, all
with correlation values above 0.88. Due to a concern that this potentially could affect the
results, we choose to include four additional models. Each of these models include only one
of these four variables and are presented in Table 4.
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Fig. 6: Correlation matrix showing the correlation between changes in the variables under study.
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Model (1) Model (2) Model (3) Model (4) Model (5)

alpha 0.0618** 0.0618** 0.0618** 0.0618** 0.0618**
(0.0079) (0.0079) (0.0079) (0.0079) (0.0079)

� higher_education 0.0930** - - - 0.0709**
(0.0005) - - - (0.0008)

� ln(population) - 0.0083** - - 0.0014**
- (0.0001) - - (0.0001)

� immigrants - - 0.1109** - 0.0504**
- - (0.0007) - (0.0011)

� ln(salary_mean) - - - 0.0476** 0.0127**
- - - (0.0002) (0.0001)

� population_old -0.0475** -0.0333** -0.0422** -0.0327** -0.0480**
(0.0006) (0.0006) (0.0006) (0.0006) (0.0006)

� population_middle 0.0225** 0.0512** 0.0243** 0.0496** 0.0167**
(0.0008) (0.0007) (0.0007) (0.0007) (0.0007)

� ln(salary_CV) -0.0011** -0.0027** -0.0014** -0.0026** -0.0009**
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

� students 0.0049** 0.0080** 0.0036** 0.0078** 0.0036**
(0.0002) (0.0002) (0.0003) (0.0002) (0.0003)

� unemployment -0.0461** -0.0518** -0.0446** -0.0508** -0.0439**
(0.0006) (0.0005) (0.0006) (0.0005) (0.0006)

Time fixed effects Yes Yes Yes Yes Yes
Municipality fixed effects Yes Yes Yes Yes Yes
Number of observations 733,739 733,739 733,739 733,739 733,739
R-squared 0.26 0.26 0.26 0.26 0.26

Table 4: Results of running five models with � ln(total_price) as the dependent variable. Model

(1) - Model (4) are described in the start of Section 4, while Model (5) is described in Section

3.2. Heteroscedasticity robust standard errors are included in parentheses for all models. * and **

denote statistical significance at the 1% and 0.1% levels, respectively.
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Using the data set described in Section 2.4, the results in Table 4 show that all of the
variables are significant at the 0.1% level when accounting for general economic development
over time and geographic variations across municipalities. This furthermore underlines the
strength of the comprehensive data set.

The first explanatory variable, � higher_education, is shown to have a significant positive
effect on changes in house prices, even when including � ln(salary_mean). Hence, this
indicates that � higher_education explains changes in house prices beyond the effects of
� ln(salary_mean). A potential explanation for this is that people with higher education
may be more aware of the potential returns from investing in real estate. Hence, they may
invest a larger percentage of their savings in the housing market. Furthermore, they are
likely to have a bigger expectation of increased income in the future compared to their
counterparts.

The results suggest that � ln(population) has a significant positive effect on � ln(total_price).
In general, an increase in population is likely to increase the demand for houses, and thus
positively affect house prices using simple economic theory. Furthermore, the results indicate
that � immigrants has a significant positive effect on � ln(total_price). Apart from immi-
grants, the population growth in a municipality is composed of net inflow of non-immigrants
and a possible birth surplus. In the short run, one would think that the demand for dwellings
is not heavily affected by births. On the other hand, as most immigrants are between the
age of 18 and 59 (Statistics Norway, 2019a), they are likely to increase the demand right
away. This reasoning could explain why the house prices will be positively affected if there
is an increase in the proportion of immigrants in the population.

The results reveal some interesting findings regarding the changes in the age structure of the
population. � population_old is found to have a significant negative effect on
� ln(total_price). Hence, an increase in the proportion of the population aged over 66 has a
negative effect on changes in house prices. On the other hand, an increase in the proportion
of the population between the age of 18 and 66 will positively affect house prices. This is not
surprising, as one would expect that the age group with the highest demand for dwellings is
somewhere between the age of 18 and 66.
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As an increase in � ln(salary_mean) leads to an increase in average household purchasing
power, it is not surprising that this variable has a significant positive effect on
� ln(total_price). On the other hand, an increase in � unemployment will affect � ln(total_price)
negatively. Unemployed people may be worried about the future and concerned with pre-
cautionary saving rather than investing in a dwelling. Furthermore, an increase in salary
inequality has a negative effect on � ln(total_price). This might be due to an increase
in inequality causing less pressure on the medium-priced dwellings, and thus spreading the
demand for houses more evenly over the whole distribution.

Finally, � students has a significant positive effect on � ln(total_price). One explanation
for this positive effect is that an increase in students is likely to increase the actual number
of inhabitants, as not all students necessarily are accounted for in the population-variable,
as explained in Table 1. The reason for this is that not all students register that they have
moved to a different city in the National Population Register.

Table 5 shows the results of running univariate regressions and various models with only
fixed effects, to further investigate what drives the R-squared measure.
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Looking at Model (6), the R-squared value is identical to those of the models in Table 4.
This suggests that the variables in this study do not explain the variations in house prices
beyond what is explained by the fixed effects. This is in line with what one would expect, as
we have left out important macroeconomic factors. Rather, we aim to investigate the effects
of specific municipality characteristics on house prices.

The results from running Model (7) reveal that the time dummy variables explain roughly
25% of the variations in house prices. The time dummy variables account for the general
economic growth, as well as other macroeconomic variables that change over time, like the
policy rate and mortgage regulations. On the other hand, the R-squared value of Model
(8) which only includes municipality fixed effects, is only slightly greater than zero. This
is because the explanatory variables in this case, i.e. the municipality dummy variables,
are purely cross-sectional. Moreover, price levels may vary across municipalities, while the
relative price changes are likely to be more similar. Finally, Model (9) - (17) show the results
of running univariate regressions. This allows us to better understand how the different
variables explain the changes in house prices on their own. As expected, � ln(salary_mean)
gives the highest value of R-squared.

The existing literature is not directly comparable to this study, as we use a much larger data
set with cross-sectional data on municipalities, in addition to actual transactions of dwellings
instead of house price indices. Therefore, this study can be seen as an improvement to the
existing work rather than a similar study, as using actual sales data allows for a more
comprehensive analysis. However, all of the following papers have one or more similarities
to this study, and it is therefore relevant to look at how the results of these compare to our
findings.

Aligned with the results from our study, Levin et al. (2009) find that population ageing and
population decline are pressing the house prices downward, using data from England and
Scotland. However, they are using the average real house price instead of actual sales data.
The same effect of ageing is found by Takáts (2012) who studies house prices in 22 advanced
economies between 1970 and 2009, but again this relies on the use of house price indices
instead of sales data.

The effects of immigration on house prices is especially interesting as there is no clear con-
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sensus in the literature. Sá (2015) uses local house price indices in the UK and finds that
immigration has a negative effect which is said to be due to the mobility response of the
top-earning population. Nordbø (2013) is a more comparable study, as it accounts for the
effects of several other variables like salary-growth and change in unemployment rate using
house price statistics from Norway. His findings are in line with our results, suggesting that
an increase in the proportion of immigrants positively affects house prices.

The impact of proximity to high-scoring schools on house prices are previously studied in the
literature. However, the effect of changes in the students to population ratio is not studied
before in this context. Moreover, an increase the number of students in a municipality could
also be a sign of improved schools in this municipality, and as Black (1999) finds, prices are
higher in areas where the schools perform better.

Jacobsen and Naug (2004) use a monthly price index for used housing to study the Norwegian
market. In line with our findings, they conclude that the unemployment rate is significant
negative. They also find that an increase in total wage income in the economy affects house
prices positively.
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5 Conclusion

This study aimed to examine the relationship between nine socioeconomic variables and
changes in house prices. Unlike existing studies on this topic, we do not use a house price
index or a median index to track the changes in house prices. Instead, we use actual trans-
action data on sales of dwellings in Norway from 1995 to 2015. In total, 1,204,506 sales from
381 municipalities in Norway, where more than 98% of the total population are registered
(based on 2015-numbers), were included. We contribute to the literature with our approach
of using actual transactions to examine the effects of various factors on changes in house
prices, giving detailed and highly interesting results.

We conclude that several socioeconomic factors are found to have a significant effect on the
changes in house prices. Our findings agree with the existing literature, that increases in
population or mean salary have positive effects on the house prices. We also find that an
increase in the ratio of students to population, the number of inhabitants that have completed
higher education and the proportion of the population between 18 and 66 in a municipality,
all positively affect the house prices. Finally, in contrast to some other studies, we find that
an increase in the proportion of immigrants in a municipality positively affects house prices.

On the other hand, this study concludes that some variables affect house prices negatively.
In line with the existing literature, an increase in the unemployment rate is shown to have a
negative effect on house prices. In addition, we also find that an increase in the proportion of
people over the age of 66 has a negative effect on house prices. Finally, using the coefficient
of variation for salary, we find that an increase in income inequality affects house prices
negatively.

Further research can be done by including more municipality characteristics and socioeco-
nomic measures, which could give an even better understanding of the dynamics affecting
the house pricing market. However, a major challenge is to obtain such data for all mu-
nicipalities over the sample period. For instance, Gini-coefficients were not available on a
municipality level. Another variable we tried to include was property tax, and again this
proved hard to find as there is no national register and it can even vary across different areas
within a municipality. Also, the inclusion of crime rates could be interesting, but these data
were not publicly available for the whole sample period.

27



Using the results of this study and future findings, it could be interesting to create improved
local pricing models. The main benefit of such an automated valuation model is to give more
precise price estimates than brokers currently can offer. Furthermore, one could use machine
learning models with both macro and micro factors to create accurate prediction models for
house prices.
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