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Abstract

Reliable estimates of housing values have been a source of considerable uncertainty in

studies of wealth inequality in Norway. The tax-assessed values that before 2009 formed the

basis for evaluating the housing wealth of Norwegian households constitute only a fraction

of the market value of the dwellings they own. By applying the hedonic method we estimate

price indices in order to appraise all dwellings in Norway and replace the tax-assessed values

by market values. Statistics Norway has already developed a similar framework for estimating

market values for dwellings after 2009, but we extend their work in three ways. First, using a

new source of transaction data we estimate the indices back to 1995, allowing us to examine

the development in the distribution of wealth between 1995 and 2015. Second, we include

holiday houses in the indices since holiday houses arguably constitute a significant portion of

household wealth. Third, we take different approaches to the construction of the price indices

in order to better predict housing values after 2009 as well. We then evaluate the inequality in

the distribution of wealth by applying Gini’s nuclear family of inequality measures. We find

that housing wealth inequality was rather stable throughout the period, but that a modest

downwards trend emerged overall. The inequality in net wealth was also stable until 2005,

but increased slightly thenceforth.
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1 Introduction

Housing is by far the most important asset of households in Norway and thus plays a very

important role for the distribution of wealth. It is a very particular component of the house-

hold wealth in that it is both a consumption good and an investment good. In addition to the

direct value it provides as a residence, housing is also used as collateral for borrowing, and

gives rise to increased consumption through wealth effects when its value increases1. This

makes housing a crucial determinant of the welfare of households. In 2015, 82 per cent of

Norwegians over the age of 16 lived in a dwelling owned by the household they belonged to2.

It seems obvious that we need an accurate account of housing values to understand how the

distribution of wealth has changed over time.

In his book Capital in the 21st Century, Thomas Piketty (2014) shows how the capital

share of national income in the large European economies and the US has increased and

argues that this explains the increased wealth inequality since the 1980s. Furthermore, he

argues that since the rate of return on capital is higher than the growth rate of the economy,

we will see explosive dynamics of wealth inequality. Piketty has received criticism for not

making a distinction between the functional and the personal income distribution. Bonnet

et al. (2014) demonstrated that the increase in capital share of the national income in France

can be explained mostly by rising housing prices. They argue that scarcity in the housing

market has driven increased housing values and thereby increased the capital share, while

the “productive” capital/income ratio has only risen slightly over the last few decades and

not at all over the longer run. Since they find that rents have remained stable relative to

income while the housing prices have increased, they call into question his conclusions:

“First, the author’s [Piketty] result is based on the rise of only one of the com-

ponents of capital, namely housing capital, and due to housing prices. In fact,

housing prices have risen faster than rent and income in many countries. It is

worth noting that “productive” capital, excluding housing, has only risen weakly

relative to income over the last few decades. Over the longer run, the“productive”

capital/income ratio has not increased at all. Second, rent, not housing prices,

should matter for the dynamics of wealth inequality, because rent represents both

1There is discussion in the litterature about the significance of the wealth effects is in the short run, but
in the long run the wealth effect of housing is no doubt important

2https://www.ssb.no/bygg-bolig-og-eiendom/statistikker/bo/hvert-3-aar/2015-11-25
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the actual income of housing capital for landlords and the dwelling costs saved

by “owner-occupiers” (people living in their own houses). Logically, to properly

measure capital, the value of housing capital must be corrected by measuring it

on actual rental price, and not housing prices. Third, when we apply this change,

we find that the capital/income ratio is actually stable or only mildly higher in

the countries analysed (France, the US, the UK, and Canada) except for Germany

where it rose. These conclusions are exactly opposite to those found by Thomas

Piketty. However, this does not mean that housing prices do not contribute to

other forms of inequality. When housing prices rise, owners of the housing capital

hold a higher value that can be transformed into consumption. It is also more

difficult for young adults to become homeowners. Housing incomes of owners how-

ever do not necessarily increase which casts serious doubt on Piketty’s conclusion

of a potential explosive dynamics of inequality based on these trends.”

It would be interesting to attempt to shed some light on the proposition made by Bonnet et

al. using Norwegian data. Unfortunately, the value of the housing assets in the wealth data

before 2009 is far lower than their market value, as is also acknowledged by Waldenstrom

and Roine (2014):

“For the period since 1993, we use tabulated wealth distributions published on

the Statistics Norway’s website. Somewhat ironically, the uncertainty about these

data is perhaps largest since both asset coverage and valuations are highly prob-

lematic. For example, tax-assessed values of housing are heavily discounted and

represent on average no more than a fifth of their true market value, with the

discount being larger for more expensive dwellings (Epland and Kirkeberg, 2012).

For this reason, household net tax-assessed wealth is negative for practically

every Norwegian household. Furthermore, it is not obvious that the distribu-

tional trends in tax-assessed net assets are the same as those in market-valued

assets if there are also trends in market-to-tax values of dwellings.”

As Roine and Waldenström state, the uncertainty about the data on Norwegian housing

before 2009 is “highly problematic”. Since 2009, Statistics Norway has used a hedonic price

model to assess the market value of all dwellings in Norway and next used these values as

basis for households’ wealth rather than the much less accurate tax-assessed values. Before

2009 however, tax-assessed values are still in use. Because of this, Norwegian data have often

been left out of cross-national studies of net wealth. Thus to get a more reliable picture of the

development of the distribution of wealth from 1995 and onwards, estimates of market values

of housing are required. One purpose of this paper is to estimate hedonic price indices for
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the entire period 1995-2015 based in part on the same data that Statistics Norway used, but

also on data that go further back in time. The present model is based on housing transaction

data from the internet marketplace FINN.no, which covers essentially all housing transactions

that have taken place in Norway since 2005. However, by employing additional sources of

transaction data, the index can also be estimated from 1995 to 2004. Although the main

purpose of the paper is to extend Statistics Norway’s work further back in time, we also aim

at improving the accuracy of the predicted market values after 2009. Section 2 provides a

discussion of available data on housing wealth, with particular focus on comparability issues.

Section 3 gives a description of the data sources and the methods used in estimating the

index. Using the market values obtained from the hedonic index allows us to re-evaluate the

development in the wealth distribution during the last two decades and in particular the role

of housing. We will examine the distribution of housing values in Section 4 and consider the

distribution of net wealth in Section 5. Section 6 concludes.

2 Description of data and methods

2.1 Data on wealth inequality

Although there has been plenty of research on economic inequality, the majority of this

has been focused on income rather than wealth. Little work has been done on examining

the evolution of the distribution of wealth in Norwegian households. Kirkeberg and Epland

(2012) study the wealth inequality in 2009 using the best available sources of data, including

the then fairly new evaluation of market values of houses. Epland and Kirkeberg do however

not study the evolution of wealth inequality over time. Roine and Waldenström (2014) has

summarized the available data to make a coherent historical overview, but the data they use

suffer from serious shortcomings (the housing data in particular), making this an incomplete

measure of wealth inequality. What we can gather from these studies is that wealth is indeed

very unequally distributed in Norway. Epland and Kirkeberg find a Gini coefficient of 0.777

(0.674 when setting negative net wealth values to 0), while Roine and Waldenström conclude

that the development in the distribution of wealth in Norway follows the same patterns as in

most other countries with a declining wealth inequality during most of the twentieth century

and rising inequality in the last 30-40 years. Statistics Norway has published annual summary

statistics of the wealth distribution since 1986. However, since very low tax-assessed housing

values form the basis of these statistics, we are left with at best an incomplete understanding

of the wealth distribution and its dynamics. Table 1 shows gross wealth shares by deciles and

the Gini coefficient for a few years in which only tax-assessed housing values are available.
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Table 1: Gini coefficients and decile shares of gross wealth based on official statistics

Year Gini coefficient Decile 10 Decile 9 Decile 8 Decile 1-7

1995 .598 44.5 16.7 11.7 27.5
1996 .596 44.4 16.6 11.7 27.7
1997 .601 45.3 16.2 11.5 27.0
1998 .624 48.5 15.3 10.8 25.4
1999 .636 50.2 15.0 10.4 24.8
2000 .639 50.2 15.0 10.4 24.8
2001 .621 48.6 15.1 10.6 25.7
2002 .622 48.2 15.5 10.8 25.5

Notes: The numbers in the Table 1 are from Statistics Norway’s “Income and Property statistics for House-
holds”.

2.2 Comparability

Statistics Norway publishes annual wealth statistics largely based on data from the Director-

ate of Taxes with detailed individual information about taxable real capital, gross financial

capital and debt for every household. However, the real estate information in the wealth

statistics is a major weakness. Studies on tax-assessed values and market values between

2006 and 2009 revealed that the tax value constitutes on average only 20 per cent of the

market value, and consistently lower for the more expensive dwellings (Statistics Norway

(2009)). The fact that the relative error in valuation is higher for the expensive dwellings

might contribute to a larger underestimation of the wealth of the richest individuals. In 2009,

Statistics Norway introduced a hedonic price model in an attempt to replace the tax-assessed

housing values with market values. Since then the housing wealth statistics have been signi-

ficantly improved. Before 2009 however, tax-assessed values still form the basis of the wealth

statistics. Therefore, wealth statistics before and after 2009 are not comparable. To improve

comparability across time, this paper aims at replacing the tax-assessed values with market

values for every year from 1995 to 2015.

Comparability across time is a problem more generally as well. Comparing different

studies of wealth inequality covering different time periods is not necessarily straightforward,

even with rich data. Institutions may change and variables may be measured in different

ways. Thus, to be able to study the evolution of the wealth inequality, both the measure

of wealth and the variables used in calculations should be the same. Particularly, different

ways of defining the unit of observation over time and in different countries is a cause for

concern with respect to comparability. This is discussed in Section 2.3.1. We believe that the

method we use will give grounds for comparison across time as we apply a consistent model
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for predicting housing values for each year in the period.

2.3 Measurement of wealth

A couple of definitions are in order before we try to answer the question of how the wealth

inequality has changed over the recent years. First of all, we need to define what population we

are studying. Both the unit of observation and age cut-offs obviously influence the measured

inequality to some extent. Furthermore, there are different ways to define wealth. To have

comparability across time the unit of observation and the measure of wealth must be carefully

defined and consistent.

2.3.1 The wealth holding unit

The definition of the wealth holding unit is particularly important when studying wealth,

since the wealth holdings of different members of a household might not be equally distributed.

It might be the case that the head of the household is registered with ownership of most

of the assets for practical reasons, while in reality enjoying no more economic well-being

than his/her spouse or partner. In this case, if our goal is to evaluate the economic well-

being of a particular population, defining the wealth holding unit as the individual would be

misleading. Therefore, it might be more appropriate to study the population of households

rather than individuals. However, this is not straightforward either, as different countries

operate with different definitions of what constitutes a household with no general consensus

reached. A cost household3 in the official statistics in Norway is defined as a group of

people living in same dwelling on a permanent basis and sharing expenses4. In their study of

wealth inequality in 2009, Epland and Kirkeberg (2012) define households as in the Central

Population Register (CPR). All persons that according to the CPR are registered at the

same address are considered members of the same household. Applying this definition will in

some cases be misleading, as individuals living in the same dwelling do not necessarily share

expenses5.

The wealth data we have access to come at the individual level. We would like to define

the wealth holding unit as cost households because it is most commonly used in wealth

studies generally, and especially in Norway. Between 2004 and 2015, we have information

about which cost household individuals belong to. Were we to use this household information

3Private households are divided in to living household and cost households. The cost household is the
relevant definition for the purposes of this paper, as we are concerned with the economic well-being of the
households.

4http://www.ssb.no/a/metadata/definisjoner/statistiske enheter.html
5For instance, it is not uncommon to live together in housing collectives without sharing expenses.
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we would have comparability issues before and after 2004 since we have no such data from

1995 to 2003. The next best solution is therefore to utilize what information we have about

marriages and birth year – available for all years – allowing us to make pseudo-households

that will be the same way throughout the period. The unit of observation that we will operate

with in the main analysis is the following:

i) Married couples count as a household

ii) Unmarried individuals of 18 or above count as a household

This is the same definition as Ohlsson et al. (2006) use for the unit of observation in

their study of wealth concentration in Sweden. Individuals under the age of 18 are dropped,

as they are unlikely to live alone and even more unlikely to have large wealth. Ideally we

would have liked to merge them with their parents, but because we lack information about

household affiliation, we are not able to do this. In the case that the individuals below the

cut-off age have substantial wealth we would have wanted to include them, but the loss we

incur by setting a strict cut-off at 18 years is likely negligible. The number of households

in 2015 using our definition is 2 647 675, while the more complete definition of households

available from 2004 to 2015 gives 2 489 900. The difference between the two will consist

mainly of students living at home, individuals over 18 yet to move out from their childhood

home and unmarried partners that we are unable to match.

The broadest choice of wealth holding unit should give the lowest wealth inequality6.

As it turns out, although the level of inequality is affected by the definition of the wealth

holding unit, the developments over time seem to be similar regardless of the definition of

households. We should therefore be justified to draw conclusions about the changes from

1995 and onward as long as we stick to the same definition wealth holding unit for the entire

period. For comparison, we also report the inequality levels we measure when applying

more complete definition of households from 2004 and onward. The similarity between the

developments of the inequality measures produced by the more complete household definition

and our simpler definition suggests that the procedure described above is justified.

2.3.2 The definition of wealth

The definition of personal wealth that is most commonly used in the studies of the wealth

distribution is net wealth, also called net marketable wealth or net worth. The net marketable

wealth is clearly sensitive to the valuation of assets. Ideally, the assets are valued at their

current market price, reflecting the owner’s ability to convert the asset into consumption.

6Broadest here meaning the definition of wealth holding unit that would result in the fewest number of
observations.
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Historically though, the market value of the assets has been unobservable and tax-assessed

values have been used for inequality estimates. The tax-assessed value of assets depends on

the tax laws which may differ across countries, as well as across time within a country. Hence,

using tax-assessed asset values for wealth distribution analysis might be problematic.

The wealth concept that we apply in the inequality analysis of Section 5 is taxable net

wealth from the tax records. It covers all Norwegian individuals and provides information

about real and financial taxable capital as well as debt. Ultimately, even with a perfect

valuation of housing assets, there are still many sources of wealth that are not sufficiently

covered. Unlisted shares is one problem with the current measurement of personal wealth.

Consumer durables certainly constitute a significant share of the wealth of many house-

holds, but remain notoriously hard to evaluate. One could make the case that durables of a

certain value and a low depreciation rate (like cars and boats) should be a part of the wealth

concept. In practice however, this class of assets is generally completely absent from wealth

tax returns – primarily for evasion reasons – as there is simply no incentive for households

to report every item of value that they own.

There are also problems related to people’s wealth holdings abroad. The tax authorities

believe that there is a considerable amount of wealth7 concealed abroad in tax havens, though

that number is coming down through self-reporting in recent years after revelations like

Panama Papers. Concerning properties abroad, even in cases where they are reported to

the tax authorities, there is currently no way to evaluate their true value. It seems obvious

that it is predominately the persons in the top of the wealth distribution that engage in

evasion activities, so the inability to include assets abroad should lead to an underestimation

of wealth inequality.

Another important wealth factor is pension rights. These would, if accounted for, con-

stitute a significant part of the wealth holdings of households. They differ in nature from

the traditional constituents of the wealth concept in that they cannot be converted to con-

sumption at any time, but there is an argument to be made that they nevertheless should

be regarded as part of the wealth. Gale (1998) finds that expectations of future pensions

tend to reduce the incentive to accumulate private wealth. Thus a comparison of wealth in-

equality across systems with different pension coverage may be misleading without actually

quantifying the extent of their future entitlements. Wolff (2007) and Frick et al. (2013) show

that the inequality falls substantially in the US and Germany respectively when taking into

account pension entitlements.

7See the answer to question 7: http://www.aftenposten.no/okonomi/7-sporsmal-og-svar-om-
skatteparadiser-54737b.html
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2.3.3 Treatment of negative values

The question of how to treat individuals or households with negative wealth is a pressing one.

In Table A.5 in appendix A we can see that the poorest quartile as a whole has negative wealth

and as a result, the inequality measures we apply are distorted. It is not clear how we should

interpret negative wealth shares and Gini coefficients well above 1. This is related to the

life-cycle issue of wealth inequality. Life-cycle accumulation models predict a hump-shaped

pattern of wealth over a person’s lifetime (Davies and Shorrocks (2000)). Many households

will have negative net wealth in a certain period of the life-cycle, typically after they incur

mortgage debt or in the years after they finish their education. It follows that if we study the

wealth holdings of a population in a single year, we will find a certain amount of households

with negative net wealth irrespective of the overall affluence of the individuals over their

life-cycle. In fact, we would observe substantial wealth inequality in an economy comprised

of identical individuals only due to life-cycle effects. This issue arises when studying income

distributions as well, but is more pronounced in wealth distributions. Our data show that

more than half of the individuals with negative net wealth belong to the group aged 19-30.

Particularly for students, it seems unreasonable to compare them with other segments of

the population by applying an inequality measure that treats them as equals. The fact is

that students with many years of education – likely registered with a high amount of debt

relative to assets – are individuals with a lot of human capital and high potential income.

Borrowing patterns can differ between countries, and being able to safely incur substantial

amounts of debt at certain stages in the life-cycle should arguably be regarded as a positive

aspect, rather than a source of economic ill-being as one could conclude on the basis of certain

inequality measures. Treating young indebted individuals in the same way as someone in their

fifties is therefore questionable, and doing an analysis on cohorts of the population might be

more helpful when trying to evaluate the reduction in well-being of households resulting from

unevenly distributed wealth.

Stiglitz et al. (2010) highlights the importance of considering income and wealth jointly

when assessing the economic well-being of households. Many of the households that are net

wealth rich have a relatively low income, and it is not necessarily the case that a net wealth

rich household with low income is better off than households with negative net wealth and

high income. Another possibility is conducting studies of wealth inequality using age-adjusted

inequality measures. Approaches like these could be interesting extensions of this work. In

this paper, we will restrict ourselves to simpler solutions to the problem of negative wealth

values. One possibility is to avoid the problem entirely by focusing on gross wealth. This

could be interesting in and of itself, but it completely neglects debt. Since we are generally

concerned with wealth as a means of consumption opportunities, leaving out debt does not

8



seem justified. Another way to deal with the problem, which is often applied when studying

wealth distributions, is to set negative observations to 0. With this approach we preserve

at least some of the information contained in the negative observations while the inequality

measures are not distorted to the same extent. We will apply this method in the main

analysis, but for completeness we will also present the inequality measures when including

the negative values.

2.4 Measurement of inequality

In the main part of the analysis of the wealth distribution, we will apply a particular class of

scale invariant measures of inequality which will be defined below. The inequality measures

take values between 0 and 1 and summarize the information contained in the Lorenz curve,

which again is just another way of representing the relative cumulative distribution function.

We let X be the wealth variable with CDF F (.) and mean µ. The domain of F is [0,∞) and

F−1(0) = 0. The Lorenz curve for F is then defined as

L(u) =
1

µ

uˆ

0

F−1(t)dt, 0 ≤ u ≤ 1 (1)

where F−1 is the left inverse of F . Note that F can be either a continuous or a discrete

distribution function. Although the latter is what we actually observe, we have a large

enough sample to approximate the former, which allows for simpler derivation of theoretical

results. Through a simple transformation of the Lorenz curve Aaberge (2007) introduces an

alternative representation of the information content of the Lorenz curve

M(u) ≡ E [X | X ≤ F−1(u)]

µ
=

 1
uµ

´ u
0
F−1(t)dt, 0 ≤ u ≤ 1

0, u = 0
(2)

M(u) can be considered a modified Lorenz curve and is called the scaled conditional mean

curve. For a fixed u, M(u) is the ratio between the mean income of the poorest 100u per

cent of the population and the overall mean. Based on the scaled conditional mean curve,

Aaberge (2007) introduces three closely related measures of inequality, called Gini’s nuclear

family. The kth order moment of the scaled conditional mean curve for F, Ck(F ), is defined

by
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Ck(F ) =

1ˆ

0

ukdM(u) (3)

{Ck : k = 1, 2, ...} constitute a family of inequality measures with range [0, 1], where C1,

C2 and C3 represent the first, second and third order moments of the scaled conditional mean

curve. C2 is equal to the Gini coefficient, and is particularly sensitive to changes occurring

in the central part of typical income and wealth distributions. We immediately see that for

k = 1, 3, more weight is placed on the lower and upper part of the distribution respectively.

Together, these three measures provide a good summary of the information contained in the

scaled conditional mean curve and consequently also the Lorenz curve.

Gini’s nuclear family consists of three coefficients which puts weight on changes occurring

in different parts of the wealth distribution. If we suspect that changes are occurring at the

tails of the distribution, C1 or C3 will more be more efficient at capturing the significance of

the changes than the Gini coefficient.

Note that the domain of F in (1)-(3) is [0,∞) while net wealth regularly takes values

outside this domain. In this case the measures defined by (3) might take values larger than

1. Valid interpretations of the inequality measures derived above thus require that we either

drop negative observations or set them equal to zero, as discussed earlier.

The inequality measures defined by (3) have several desirable properties. First and fore-

most, Pigou-Dalton’s principle of transfers is satisfied. This principle says that if one income

distribution can be obtained from another by a sequence of progressive transfers, then the

latter is considered more equal than the former. This means that a transfer from a person in

the lower part of the distribution to one in the higher part will lead to an increase in Ck.

The inequality measures are also scale invariant, meaning that they will be unchanged

if we multiply the wealth of each individual in a population by a common factor. This is

a desirable property because it allows for comparison of inequality levels across time and

country borders without having to consider differences in price levels and currencies.

Another advantage of using the Gini family to evaluate inequality is that we can interpret

changes over time in a specific way. Aaberge (1997) showed that an increase in the Gini

coefficient from G to (1+k)∗G corresponds to levying an equal-sized lump sum tax of 100∗k%

to the entire population followed by redistributing the collected tax revenue as proportional

transfers where each individual receives 100 ∗ k% of its income before the tax. To illustrate

the impact of such a transfer, consider the following example. We have a population of 10

individuals i = (1, 2, ..., 10) with income i ∗ 100000 in year 1 and mean µ1 = 550000. Say

there is a 10 per cent increase in the Gini coefficient from year 1 to year 2. This corresponds

to introducing a lump sum tax of 0.10 ∗ µ1 = 55000 and next to redistribute the revenue
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such that each individual receives 10 per cent of their year 1 income. We end up with the

following income distribution:

Individual Year 1 income Year 2 income

1 100 000 55 000 100 000 - 55 000 + 10 000

2 200 000 165 000 200 000 - 55 000 + 20 000

3 300 000 275 000 300 000 - 55 000 + 30 000

4 400 000 385 000 400 000 - 55 000 + 40 000

5 500 000 495 000 500 000 - 55 000 + 50 000

6 600 000 605 000 600 000 - 55 000 + 60 000

7 700 000 715 000 700 000 - 55 000 + 70 000

8 800 000 825 000 800 000 - 55 000 + 80 000

9 900 000 935 000 900 000 - 55 000 + 90 000

10 1 000 000 1 045 000 1 000 000 - 55 000 + 100 000

Sum 5 500 000 5 500 000

Gini 0.3 0.33

Note that while the mean of course remains unchanged, the 10 per cent increase in the

Gini coefficient has (in this case) a significant effect on the relative distribution of incomes.

We will also estimate the share of wealth held by different portions of the population.

This is perhaps the most common measure of wealth concentration. This is partly because

traditionally, we have not had access to as rich data as we have now, so wealth shares have

been estimated based on incomplete sources. The rising shares of the super rich have received

much attention recently where studies based on US data show that the richest 1 per cent holds

up to 40 per cent of total wealth8. Studies in many other developed countries have revealed

a similar pattern of rising top wealth shares over the second half of the 20th century. Top

shares themselves cannot – unlike the Gini coefficient – provide a complete characterization

of the wealth distributions since they by definition consider only parts of the distribution.

Tracking the wealth share of the richest decile over time says little about what goes on in

the lower parts of the distribution and drawing conclusions on the basis of them might be

ill-advised. Nevertheless, wealth shares are very intuitive and simple to interpret, so they

provide good supplements to the more comprehensive Gini coefficient.

8https://www.chartbookofeconomicinequality.com/inequality-by-country/usa/
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3 Measurement of housing values

3.1 A short introduction to hedonic price indices

The hedonic method can be traced back to Waugh (1928), and it started receiving atten-

tion with Griliches (1961) though the conceptual basis for the method was not thoroughly

developed before Lancaster (1966) and Rosen (1974). The aim of the approach is to determ-

ine the relationship (causal or otherwise) between the price of a product and the attributes

making up its value by regressing the price on the attribute variables. The resulting equation

relating the attributes and the price is a reduced form equation that is determined by supply

and demand. The rationale for employing hedonic theory seems obvious. Dwellings are very

heterogeneous, so to find a valuation of each individual dwelling, their specific attributes

must be taken into consideration. In principle, the hedonic index can be used for two main

purposes. The first is to obtain estimates of the willingness to pay for certain attributes like

a unit increase in size of the dwelling on the free market, or even the underlying supply and

demand functions for the attributes. However, observed prices and attribute quantities are

determined jointly in the market with sellers and buyers of a scarce product, so one must be

careful when inferring causal interpretations of attribute coefficients.

The second reason why hedonic price models are used is for constructing quality adjusted

price indices. This avoids the problems associated with the interpretation of the individual

coefficients, as the only relevant statistic by which to evaluate the index is how close its

predictions match the observed values. For this reason, using the hedonic method to predict

household wealth in housing assets appears attractive.

A problem associated with the use of hedonic indices is changes in the preferences of the

consumers over time. The hedonic price index assumes that the way the market values each

component of the index does not change over time. This means that if we estimated the

index over a long time period, changes in tastes and other plausible changes in effects of

the attributes on the market value will not be captured in a satisfying way. Another typical

challenge with the hedonic approach is that a large amount of data is needed to get precise

coefficient estimates.

3.2 Description of the hedonic price method

The method we use for predicting the market value of the dwellings is similar to the approach

used by Thomassen and Melby (2009). They estimated a hedonic price index by regressing

the market value of dwellings on specific attributes such as size, location and age. We divide

the country into labour market regions and estimate a separate index for each region. The
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definition of regions by labour market is based on Bhuller (2009). In addition to estimating

different indices for different regions, there is also a separation in terms of the types of

dwelling. A separate index is estimated for detached dwellings, semi-detached dwellings/row

houses, apartments and holiday houses. A detached dwelling is a single-family residence that

shares no walls with another house. This is the most common type of dwelling in Norway.

A semi-detached dwelling is a single-family dwelling built as one of a pair that share one

common wall. Row houses are a series (more than two) of dwellings that share walls. An

apartment is a dwelling in a building that has at least two storeys, three dwellings and a

common entrance. A holiday house is a dwelling other than the owner’s primary residence

that is used for recreational purposes.

The function that best describes the assumed relationships between the market values

and the attributes of the dwellings is found by applying multivariate regression analysis to

the available data of transaction values. The bulk of the variation in the market value of

the model is explained using various geographical information, age of the building and size.

When the index has been estimated, we use it to predict the market value for all dwellings

registered in the housing registry by simply inserting the attributes of each dwelling into the

estimated model.

The following relationship between price and the attributes has been assumed:

P i
t = Ft(x

1i
t , ..., x

mi
t , ε

i
t), i = (1, ..., n)

where P i
t is the market value of dwelling i at time t, xjit represent attributes (j = 1,...,m),

εit is a random component and n is the number of dwellings. We assume εit is standard white

noise with mean 0 and variance σ2.

For detached dwellings, the price function is specified as

lnP = α + β1 ln(Size) + β2Age+ β3V illage+ β4Municipality + β5Y ear + ε

where Year, Age and Municipality are vectors of indicator variables for the year the

dwelling was sold, the age of the building at the time of the sale and to which municipality

the dwelling belongs. We find that this specification generally gives the best model fit of the

data. Note that since we assume ε ∼ N(0, σ2), the back transformation of ln(price) to price

after acquiring predicted values of ln(price) will yield negatively biased values. We would

normally acquire an estimate of the market value as

P̂ = eα+β̂2Age+β̂3V illage+β̂4Municipality+β̂5Y ear ∗ (size)β̂1
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However, a result from statistical theory says that if a random variable X is distributed

X ∼ N(µ, σ2), then a random variable Y defined as Y = eX has mean eµ+
1
2
σ2

. Thus, we

must add a correction term to our predicted value to correct for the bias. We estimate the

bias as 1
2
σ̂2. The predicted price then becomes

P̂ = eα+β̂2Age+β̂3V illage+β̂4Municipality+β̂5Y ear ∗ (size)β̂1 ∗ e
1
2
σ̂2

which will be an unbiased estimate of the mean if σ̂ is a consistent estimator of σ.

The size of the dwelling is obviously a very important determinant of its market value.

It is the single regressor with the highest predictive power of the price. The nature of the

decreasing effect of an additional square meter on the price makes the logarithmic function a

natural choice. We also experimented with quadratic terms to capture any diminishing price

effects of size, but found little or no effect.

The geographical data are used in several ways. In addition to dividing the country

into labour market regions and estimating a model for each region, we use dummies to

measure municipality specific effects within the region. These also explain a large amount

of the variation in price. Furthermore, whether the dwelling is in a village is an important

determinant of the market value. Statistics Norway has developed a variable that classifies

addresses as being in a village or a rural area. We use this information to create a dummy

indicating whether the dwelling is in a village or not, assuming a positive correlation between

proximity to a city or village and the price.

The age of the building is also an important explanatory variable. Generally, newer

buildings have a higher market value. The age of the building is divided into three categories.

0 to 9 years old, 10 to 19 years old, 20 to 34 years old and older than 35. This is following

the convention in Thomassen and Melby (2009) who found that this particular definition was

desirable through experimentation.

Since we have one data set with transactions from 1995 to 2004 and one from 2005 to 2015,

we estimate one set of indices for each of these periods. The contribution of each attribute

to the price of the dwellings is thus assumed constant within each period. The variable year,

indicating the year that the transaction took place functions as an adjustment for upwards

trend of housing prices. Ideally, we would have wanted to estimate year specific coefficients

for the attributes to better capture the effects of changing tastes over time, but this approach

is too data intensive.

We use two different functional forms when estimating the models:

i) Full price on logarithm form

ii) Price per square meter
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The right hand side is the same in both formulations. These different formulations have

significant effects on the fit of the model in some cases. Specifically, there seems to be a

connection between the size of the labour market region and which formulation of the model

that best fits the data. We will not try to justify or explain the differences, but simply choose

the formulation with the best fit for each region.

Unfortunately, many of the relevant attributes determining the value of the dwelling are

unobserved. Some of the most important omitted variables are whether the dwelling has

a garage, the size of the property on which it is built and whether an apartment has a

balcony. Also, due to problems concerning completeness of the data sources available, there

are a number of variables that we are unable to use. Number of rooms, bathrooms and toilets

(which in fact is registered for many dwellings) would certainly give higher explanatory power

to the model. However, as mentioned in Section 3.1.1, having enough observation is essential

when using the hedonic method, and including too many variables which may have missing

values leaves us with too few observations to estimate the models precisely. There is thus

a trade-off between the accuracy of each prediction and the number of observations we are

able to include in the estimation of the index.

We generally use the same explanatory variables in all regressions, but there are certain

exceptions. For instance, for apartments we include the storey and for holiday houses we

drop age9. For a detailed list of which variables are included in the different regressions, see

appendix B.

Below is an example of how the price index is used to predict the market value of a

dwelling. The numbers are taken from Table B.3 in appendix B, which is the regression

output of Lister for detached dwellings. Take a detached dwelling sold in year 2011 of size

202 square metres in Flekkefjord (municipality number 1004). Suppose it is built in 1994

placing it in the age group 2 (in 2011) and that the dwellings is in a village. The mean

squared error of the regression is 0.258. We then get the following equation for the log price:

lnPrice = 11.36 + 0.565 ∗ ln202− 0.104 + 0.0481 + 0.0935 + 0.414 +
1

2
(0.258)2

And the predicted price thus becomes

Price = e11.36−0.104+0.0481+0.0935+0.414+0.0333 ∗ 2020.565 = 2796987

The calculation above provides the expected market value of a dwelling with the specified

attributes.

9For reasons discussed in the data section.
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3.3 Comparison with the housing predictions of Statistics Norway

Although the method we apply resembles the method of Melby and Thomassen (2009), it

is also different in an number of ways. As suggested above separate model estimates are

made available for each region. Statistics Norway divides the country into 19 regions based

on counties and each region into 4-12 price zones. These price zones are chosen through

examining the market values of dwellings sold in different areas. We take a different approach.

Since housing prices might be closely associated with the division of the labour market, it

appears attractive to replace the zones used by Statistics Norway by the labour market regions

proposed by Bhuller (2009). Bhuller divides the country into 46 labour market regions, based

on amongst other things commuting statistics between municipalities from 2000-2006. If there

is sufficient commuting between certain municipalities in an area, they are joined together

into a labour market region. Bhuller argues that the division into counties that Statistics

Norway’s model relies on is too restrictive since commuting takes place across county borders,

and that therefore the labour market approach is more appropriate for empirical work. The

a priori assumption in taking this approach is that the various labour market regions have

different characteristics driving the willingness to pay for housing.

Further we use a dummy for each municipality within each labour market region, as op-

posed to Melby and Thomassen’s price zones. This increases the explanatory power of the

model significantly, as we increase the amount of geographical information used in explaining

the variation in price10. A potential worry of taking such an approach is that fewer obser-

vations are available for each zone so that the estimated coefficients could be less precisely

estimated. For the 2005-2015 sample this does not seem to materialize to any noticeable

extent, as we observe highly significant coefficients. For the 1995-2004 sample we are forced

to conform to something closer to the Melby and Thomassen (2009) approach for row houses

and apartments due to the previously mentioned concern.

An important extension to Statistics Norway’s housing prediction is that we also estimate

indices for holiday houses. Using tax-assessed holiday house valuations for inequality analysis

is clearly a weakness. However, we are only able to predict the marked value of about 50 per

cent of the holiday houses in 201511. Almost half of the holiday houses are missing from the

housing registry, so we are not able to get a complete picture of the distribution of holiday

house wealth. Consequently, we will understate the effect of introducing market values for

10The number of zones (the number of municipalities) in total for the whole country is higher with our
approach. If there were 12 price zones per county (recall that there is between 4 and 12 price zones per
county with Melby and Thomassen’s (2009) approach) the total number of price zones would be 228, while
the number of municipalities in Norway (by 01.01.2017) is 426.

11Statistics Norway reports that the total number of holiday houses is 455 768 in 2016
while we can identify only 255 650 in the registries. https://www.ssb.no/bygg-bolig-og-
eiendom/statistikker/bygningsmasse/aar/2016-02-24
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holiday houses.

Unlike Statistics Norway, we estimate the model allowing for different functional forms

in different labour market regions. We see no reason why the mechanisms linking the price

of the dwelling and its attributes should be the same in for instance the capital and a small

village. Thus the explanatory power of the model increases by selectively choosing the most

fitting functional form for each labour market region.

Another difference is the definition of the size of the dwelling. In 2008, it became standard

procedure to measure the size in P-rom, whereas before it had been BRA12. Therefore, all

new buildings as well as a fair amount of the older ones are registered with P-rom as well as

BRA. P-rom has slightly better explanatory power of the price, but it is more often missing

from the registries than BRA. While Statistics Norway’s model uses P-rom, we use BRA so

that we are able to predict the market value for those dwellings that are not registered with

P-rom. We believe that the nature of this project justifies the choice of BRA as the size

variable due to the importance replacing as many of the tax-assessed values as possible.

3.4 Evaluation of the models

Since we estimate models for two time periods, four different types of dwellings and up to 47

regions13, the number of regression outputs is very large. Therefore, we present a few typical

regression outputs in appendix B and restrict our attention to a more general summary of

the results in this section.

12BRA is the measurable area inside the outer walls of the dwelling. For an area to be measurable the
height must be 1.90 meters and the width must be 0.60 meters. P-rom is the parts of the BRA in which one
can stay. For instance, storages and stairs are not counted towards P-rom.

13See appendix B for information about the labour market regions.
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Figure 1: Number of predicted and observed market values in different quantiles, 2005-2015

(a) Detached dwellings

Number of observations: 246589
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(b) Semi-detached dwellings and row houses

Number of observations: 92613
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(c) Apartments

Number of observations: 470897
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(d) Holiday houses

Number of observations: 54720

0
5

,0
0

0
1

0
,0

0
0

1
5

,0
0

0
2

0
,0

0
0

2
5

,0
0

0
N

u
m

b
e

r 
o

f 
d

w
e

lli
n

g
s

< p10 p10−p25 p25−p50 p50−p75 p75−p90 > p90

Observed market values Predicted market values

Notes: Figure 1 shows how many of the predicted market values that end up in different quantiles that are
constructed based on the observed market values. For instance, if 10 per cent of the observed transaction
values are below 1 200 000, then 1 200 000 is the limit defined by the “< p10” group in the figures above,
and the columns show how many predicted and observed market values that fall in the interval 0 - 1 200 000.
The regressions that produce panels (a)-(c) use data from FINN.no while panel (d) uses data from Ambita.

The panels of Figure 1 show the distribution of predicted and observed market values

based on quantile groups defined by the observed market values. They demonstrate that we

consistently predict too many housing values in the third and fourth group and too few in the

first and second group. This is a direct consequence of the inability to distinguish between

for instance a relatively small house which has been renovated recently and one that has not.

The overall distributions of predicted market values in figures (a)-(c) are nevertheless quite

similar to the distributions of observed market values. For holiday houses we see that the

performance of the models is considerably worse, and we end up predicting too many market

values in the p50-p75 group.
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Figure 2: Number of predicted and observed market values in different quantiles, 1995-2004

(a) Detached dwellings

Number of observations: 161389
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(b) Semi-detached dwellings and row houses

Number of observations: 72338
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(c) Apartments

Number of observations: 62285
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(d) Holiday houses

Number of observations: 24571
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Notes: Figure 2 shows how many of the predicted market values that end up in different quantiles that are
constructed based on the observed market values. I.e., if 10 per cent of the observed transaction values are
below 1 200 000, then 1 200 000 is the limit defined by the “< p10” group in the figures above, and the
columns show how many predicted and observed market values that fall in the interval 0 - 1 200 000. All
panels are produced using data from Ambita.

Figure 2 shows that the Ambita data produces distributions of market values that are

not as close to the distributions of observed values as the FINN.no data. However, for panels

(a)-(c) the performance is again reasonably good. The tendency of predicting too few market

values in the lower quantiles is the same as in Figure 1. Figure A.1 and A.2 in appendix A

present alternative representations of the performance of the models.

3.5 Data and sample restrictions

The data set from FINN.no covering the years 2005-2015 contains about 920 000 observations

of transactions of dwellings on the free market. Each observation is recorded with the trans-

action value (total price paid for the dwelling in NOK), an identification of the building and

its location, and various attributes of the dwelling. The data is merged with administrative

registers provided by Statistics Norway to supplement or provide information where it is miss-

ing for each dwelling. Some observations are left out of the regression so as to not distort the

estimated coefficients. For instance, observations with unreasonably high or low transaction

19



values or size are dropped. In terms of square meter price, we found it reasonable to drop the

5 per cent lowest and 1 per cent highest values, getting rid of many obvious wrong entries

like 1 and 0.1. We also dropped the 5 per cent lowest and 1 per cent highest observations in

terms of size. The total number of observations used in the regressions from this data set is

810 099. The data from FINN.no do not contain transactions of holiday houses, so for the

index of holiday houses in the period 2005-2015, data comes from the source described below.

The data set covering the years 1995-2004 is collected by Ambita which is a company

that processes and distributes real estate information and geographical data. This data set

also contains transactions from 2005-2015, but since the data set from FINN.no covers this

period we use only dwelling transactions between 1995 and 2004. There are more outliers,

missing values and fewer observations per year which makes the estimated index for these

years less reliable than for the later years. Similar sample restrictions are made on square

meter price and size, but we also drop detached dwellings sold for less than 200 000 NOK.

We end up with a data set of 320 583 observations. The size of the final sample from the

Ambita data is notably smaller than that from FINN.no, which has concequences for the

division into regions in the estimation.

The variables that we use to predict the value of the dwellings are those we can find

in both our data sets with transactions and the housing registry. The data from FINN.no

includes quite a lot of data that we are unable to use, like whether the apartments have a

balcony and whether the house has been renovated recently, which could potentially explain

quite a bit of the variance in the prices. The reason for this is that using the hedonic method,

we can only use the variables that are also in the housing registry.

When applying the price index to the registry of dwellings, a problem arises when the

size and/or age are missing, which is the case for a significant body of the dwellings. To get

a predicted market value in these cases, we replace the missing value with an average value.

This will obviously give a wrong estimate of the market value, but it will in most cases be

vastly better than the tax-assessed value.

The housing registry is based on data from Matrikkelen14 and data which was collected

from the specific households in “Folke- og boligtellingen 2001” (FoB 2001). The size of

the dwelling measured in square meters is registered in most of the cases. The year that

the building was raised is also registered for most, but not all of the dwellings. Generally,

the newer buildings have accurate information about size and age while the older buildings

sometimes have missing values. Sufficient geographical information exists in nearly every

case. The administrative register data is supplemented by data on the individual dwellings

14“Grunneiendoms-, adresse- og bygningsregisteret”
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from SERG15, which is particularly useful for adding building size where it is missing. We are

presently not able to identify all of the dwellings. Statistics Norway reports that there are 2

446 686 individual dwellings in Norway in 2015, while we are able to identify and match to

their owners about 2 144 641 that same year, which leaves 302 045 unaccounted for16. About

half of the difference can be attributed to the fact that the dwellings are in buildings that

are not registered as housing buildings, which makes them harder to identify.

When matching the dwellings to their owners, we also use both registry data and data from

SERG. The registry data provided by Statistics Norway have good coverage for freeholds17

(which constitute about 82 per cent of the dwellings), especially after 2004. Each observation

in the data contains a dwelling identifier, a person identifier (recoded birth number), the

day, month and year the dwellings was bought and sold and the share owned by the person.

Before 2004 the ownership records are not complete, which accounts for some of the lacking

coverage before 2004 as observed in Table 2.

For cooperatives18, we rely on data from SERG. The fraction of dwellings in cooperatives

is about 18 per cent in 2015. After 2013, we can match owners to the cooperatives to which

their apartment belongs, but not to each individual share of the cooperative. Therefore, we

calculate the average market value of the shares in the cooperative and assign this value to

the owners. Before 2014 however, the cooperative itself is registered as the owner, and there

is thus only one entry per cooperative in the register. It follows that before 2014, none of the

dwellings in cooperatives can be matched with certainty to their owner. As an attempt to

remedy this problem, we look at the tax records to try to determine whether it is likely that

the dwelling that a person is registered with in 2013 is the same dwelling that we know the

person owned in 2014. If, in 2013, a person is registered with the same tax-assessed housing

value as in 2014, we can be reasonably certain that they own the same dwelling as in 2014. If

the dwelling they owned in 2014 was a share in a cooperative, we assume that they own the

same share in 2013. In this way we extrapolate back in time as far as we can the information

in 2014 while correcting for price growth each year. So in total, we are able to match owners

and dwellings in most cases. The only real problem is shares in cooperatives.

15Skatteetatens Eiendomsregister
16https://www.ssb.no/bygg-bolig-og-eiendom/statistikker/boligstat/aar/2016-06-21
17A freehold property can be defined as a property which is “free from hold” of any entity besides the

owner. That is, the owner enjoys free ownership of the property.
18A cooperative is a legal entity which owns real estate consisting of one or more residential buildings.
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Table 2: Share of tax-assessed housing values replaced

Year 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Share replaced .65 .69 .76 .81 .87 .90 .90 .91 .92 .93 .91

Notes: Table 2 shows for each year what share of the tax-assessed housing values we are able to replace.

Table 2 shows that the fraction of tax-assessed values that we are able to replace with

market values is well above 80 per cent for most years. For the unmatched observations in

a given year, the tax-assessed values are scaled up by the median ratio19 between market

values and tax-assessed values in that year. If we were to use the tax-assessed housing values

as the housing wealth for the individuals that we cannot match to the dwelling they own, we

would overestimate the wealth inequality20. By adjusting the tax-assessed values we believe

we get a better picture of the distribution of housing wealth.

Our data on personal wealth comes from the tax records. They contain detailed informa-

tion about each person’s taxable net wealth, gross wealth and housing wealth (tax-assessed)

for each year. This allows us to subtract the tax-assessed housing wealth and replace it with

market valued housing wealth.

3.6 Potential for improvement

There is substantial room for improvement in the use of geographical information. The fact

that we have coordinates for all dwellings should allow us to find the proximity to schools,

different workplaces etcetera, which could increase the explanatory power of the models. For

holiday houses in particular, it should be possible to improve the prediction of market values

by using additional geographical information. For holiday houses one could create indicator

variables for popular areas like along shorelines or close to skiing resorts. Such enhancements

of the models will be left for a future project.

The fact that the we do not know the size of the property on which the dwelling is situated

is a weakness of the model. This would be a natural place to start if we wanted to improve

on our estimates, but presently we do not have the information required to do it.

However, the most important challenge of our approach is not improving on the predicting

market values, but matching dwellings and owners. A new registry that will allow matching

the owner to the each share in the cooperative is under development, so there should be close

19The mean ratio would result in a overestimation in most cases since there are some very large values that
distort the mean.

20The overestimation would probably be quite substantial in the years for which the matching is particularly
problematic (that is, especially before 2004).

22



to perfect match from 2016 and onward. For earlier years, however, it will not necessarily be

possible improve on the current situation.

4 Distribution of housing wealth

4.1 Overview of the distribution of housing wealth in Norway

For the reasons described in Section 2, our knowledge about the distribution of housing

wealth has been quite limited. In the following, we will provide a brief characterization

of the distribution of housing wealth that arises after substituting the tax-assessed values

from the tax returns with the newly estimated market values. Clearly, looking only at the

housing wealth is not sufficient to understand the wealth inequality, but there are nonetheless

interesting features worth mentioning that were not apparent before we had micro data with

market values instead of tax-assessed values.

One purpose for which the new housing data can be used is to compare recent develop-

ments in housing wealth inequality and developments in home ownership rates and housing

values. Substantial growth in housing prices leading to an increase in the inequality of housing

wealth is a plausible hypothesis. If a relatively small amount of people own a disproportion-

ate amount of the dwellings in an area experiencing surges in housing prices – as in Oslo – we

would expect that inequality increases. Another possibility is that the real estate ownership

is so widely dispersed that growth in housing values lead to a more equal wealth distribution

as the relatively capital poor lower middle class experience asset value growth.
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Figure 3: Share of housing wealth owned by groups of quantiles

(a) Housing wealth shares in the richest decile
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(b) Housing wealth shares by groups of quantiles
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Notes: Figure (a) plots the share of the total housing wealth in the Norwegian economy that is owned by
the 90-95 percentiles, 95-99 percentiles and the 99-100 percentile. Figure (b) plots the share held by the 0-50
percentiles, 50-70 percentiles, 70-90 percentiles and the richest decile. The quantile groups are defined in
terms of housing wealth. That is, the richest percentile group in Figure 3 (a) is the one per cent with most
housing wealth.

Figure 3 provides an overview of the distribution of housing wealth by different groups of

quantiles. The share of housing wealth owned by the richest 10 per cent lies between 36 and

39 per cent between 1995 and 2015, with a modest downwards trend throughout the period.

The 70-90 percentiles also see a decline in their share of housing wealth, while the 50-70

percentiles have been unchanged. The share owned by the 50 per cent poorest increased

from 3.5 in 1995 to 8.1 per cent in 2007 after which it declined slightly.

Figure 4 shows that the Gini coefficient is close to 0.6 for most of the period. The

development over the last 21 years indicates that distribution of housing wealth has become

more equal. The Gini coefficient declined by 5.6 per cent between 1995 and 2015 overall,

but has been essentially unchanged since 2005. Gini’s nuclear family of inequality measures

calculated for housing wealth is reported in Table A.1 in appendix A. The largest change is

in C3, with a 6.6 per cent decrease between 1995 and 2015. The smallest decrease is in C1,

because while the house-owners in general profit from increasing house prices, the individuals

in the bottom of the distribution (individuals with no housing wealth) are made worse off

relative to the rest of the population.
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Figure 4: Gini coefficient of housing wealth, 1995-2015
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Notes: Figure 4 plots the Gini coefficient when including only housing wealth in the calculation.

Figure 5: Distribution of housing wealth by age groups
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(a) 1995
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(b) 2002
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(c) 2009
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(d) 2015
Notes: The figures above show the mean value of net wealth across age groups measured as a share of the
total population mean. The bar labelled 20 is the group consisting of persons between 20 and 24 while 25 is
between 25 and 29 and so on.
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As expected, the panels of Figure 5 display the hump-shaped housing wealth distribution

predicted by the life-cycle wealth accumulation theories. However, the older part of the

population has more housing wealth relative to the young today than they did in 1995. In

1995 individuals in their late twenties had higher average housing asset value than individuals

over 90. This is reversed in 2015.

4.2 Discussion of the changes in housing inequality

The conclusions we can draw from the results on the basis of our data is that the inequality

in the distribution of housing wealth across the population has decreased over the last 21

years. Both the Gini coefficient and the housing wealth share of the richest decile declines

almost monotonically. We cannot rule out that some of the decline in the housing inequality

is due to the fact that for each year until about 2004, we replace more of the tax-assessed

values with market values. The decrease in the Gini coefficient – that coincides well with the

increase in the fraction of tax-assessed values replaced – would in this narrative be the result

of more and more people being lifted out of poverty as we gradually replace more tax-assessed

values. However, since we scale up the tax-assessed values where market values are missing

– and the means of the adjusted tax-assessed and market values are roughly equal – this

effect should not be significant. The latter statement is backed up by the fact that the Gini

coefficient remained stable between 1999 and 2001 even though the fraction of tax-assessed

values replaced increased from 0.76 to 0.81. We have also done several tests on the part of

the population for which we replace the tax-assessed values versus the part for which we do

not replace, and there is nothing that indicates that the reduction in inequality is driven by

problems with the data (see footnote 30).

Owning property is more common in Norway than in most other countries21, which has

consequences for how increases in housing values impact the distribution of wealth. Norway

is currently ranked 11th worldwide at 82.8 percent, while countries like Sweden, Denmark

and Switzerland are 31st with 70.6 per cent, 43rd with 62.7 per cent and 49th with 44.5 per

cent respectively. Also, the tax records indicate that the share of individuals owning houses

(not to be confused with the home ownership rate) in Norway has increased substantially22.

This could indicate that having a widely spread ownership of real estate as in Norway in

itself contributes to a reduction in housing inequality in the long run, as a larger part of the

population reap the benefits of increased housing values. This is not to say that housing price

growth cannot lead to increased inequality. It is increasingly difficult for individuals without

initial wealth to become homeowners, and the emergence of dynasties is not implausible. It

21https://en.wikipedia.org/wiki/List of countries by home ownership rate
22See Table A.6 in appendix A.
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is also conceivable that increases in housing prices to some extent correlates positively with

rents (at least in certain areas) and thus increases the wealth of the landowners. The effect

of the increasing prices on housing wealth inequality and wealth inequality in general is still

uncertain, but the wide dispersion of housing wealth could be part of the explanation for the

reduction in housing inequality that we observe.

Due to the high home ownership rate in Norway it might be reasonable to assume that the

Gini coefficient would be lower than for most other countries. Currently, the only other study

having produced housing Gini coefficients that we know of is Lundberg and Waldenstrom

(2017) for Sweden. They estimated the Gini coefficients based on capitalized income tax

data between 2000 and 2012. Their definition of wealth holding unit is individuals over 19,

so we have re-estimated the Gini coefficients with the same definition and reported the results

alongside theirs in Table A.2 in appendix A. For Norway, the change in definition results in

a slightly higher Gini coefficient and a more pronounced downwards trend. Meanwhile in

Sweden, the housing inequality increased by 3.2 percent, from 0.748 to 0.772.

When collecting wealth tax, the tax authorities calculate a tax value of each dwelling based

on the estimated market value. The taxable amount is 25 per cent for primary dwellings23,

and 80 per cent for secondary dwellings24. In 2006 the real estate tax laws were changed to

allow the individual municipalities to collect real estate tax for all properties. The number

of municipalities with a real estate tax increased from 63.1 per cent to 85.3 percent, and the

total real estate tax revenue raised increased from 5.6 to 11.1 billion NOK between 2007 and

201525. It is possible that this change, and the relatively high taxation of secondary dwellings

has contributed to keeping the housing inequality down through disincentivizing investment

in secondary dwellings.

We still have reasons (some of which have been addressed earlier) to believe that the

housing wealth of the very richest is underestimated. Underestimation of the most expensive

dwellings is an inherent feature of the method we apply, as we try to predict the value of

the average dwellings at the same time as the most expensive ones without access to data on

the attributes that separate them (apart from size). We will thus always underestimate their

value. Then there is the limited coverage of holiday houses. We cannot rule out that a better

valuation of the expensive dwellings could have consequences for some the developments we

observe above.

23The person’s home at the end of the year. One can only have one primary dwelling, and any additional
dwellings are considered secondary dwellings.

24Changed to 90 per cent from 2017. http://www.skatteetaten.no/en/person/Tax-Return/Topic-and-
deductions/Housing/tax-value/Tax-value-of-residential-properties/

25https://no.wikipedia.org/wiki/Eiendomsskatt
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5 Wealth Inequality

Table A.3 in appendix A makes a comparison of the gross wealth and net wealth in our data

with the National Accounts (NA). The totals show to be slightly higher than NA estimates.

It seems that this is first and foremost due to a higher total housing value. Part of the reason

for this could be the market valued holiday houses. The difference between our total housing

values an the NA total housing values is 391 billion in 2015, and the total value of holiday

houses is 322 billion. Table 3 reports the mean and median net wealth for every second year

between 1995 and 2015.

Table 3: Mean and median of net wealth, 1995-2015

Year Mean Median Number of
households

1995 411 074 164 181 2 458 245
1997 525 038 202 204 2 079 483
1999 700 385 287 665 2 100 462
2001 839 028 345 350 2 133 452
2003 894 850 354 907 2 152 517
2005 1 162 871 523 316 2 186 873
2007 1 535 243 691 318 2 246 033
2009 1 472 518 536 372 2 342 932
2011 1 635 434 590 082 2 439 272
2013 1 760 227 604 641 2 548 083
2015 1 976 189 633 162 2 647 655

Notes: Mean and median values of net wealth calculated for the population of households every other year
from 1995 to 2015.

5.1 Contribution of housing

To illustrate the importance of housing, Figure A.3 in appendix A plots the percentile shares

of gross wealth when excluding housing assets. We see that the richest decile owns almost

80 per cent and the richest percentile about 40 per cent of the non-housing wealth.

Figure 6 (a) shows that the housing share of the gross wealth in the economy has gone

from 60 per cent in 1995 and ending up at 68.2 per cent in 2015. The NA reports a share

of 67 per cent in 2015. Figure 6 (b) shows that as we would expect, housing is relatively

less important for the richest. As well as underlining the importance of housing wealth for

Norwegian households, these observations bring us back to the critique of Piketty. The data

series that he bases his conclusions on do not make explicit the difference between wealth

and productive capital. Thus, when housing wealth as a share of national income increases,
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he implicitly assumes that this is translated into a higher share of productive capital as well.

However, unless rents have increased along with the housing prices, the housing capital cannot

contribute to the explosive dynamics of inequality that characterizes his narrative. Piketty

does not address the issue of the productivity of housing as capital in his book. Evidence

from France, US, UK and Germany suggests that rents and housing prices have actually

diverged, as rents over income has remained stable since 1985 (Bonnet et al. (2014)). It

would be premature to conclude that the developments we observe contribute to increased

inequality through the channels he discusses.

Figure 6: Housing share of gross wealth

(a) Entire population
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(b) Decile 1-9 and 10
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Notes: The figures plot the year to year share of the gross wealth that consists of housing assets. Figure (b)
splits the households into three groups depending on their net worth.

5.2 Including estimated market values in the wealth concept

Figure A.4 in in the appendix shows how the Gini coefficient changes when we replace tax-

assessed values by market values. The Gini coefficient is substantially lower when considering

market values rather than tax-assessed values. The medium run trend seems to be qualit-

atively similar whether we use market values or tax-assessed values, although the variation

in the inequality measures is lower when using market values. This is as expected, as the

financial components of wealth which are more volatile become relatively less important.

Table 4 displays net wealth shares by deciles in Norwegian households for the last four

years. Since Statistics Norway uses market values in their wealth analysis after 2009 the

official statistics can be compared with our results when we use the broad definition of a

29



household26.

Table 4: Net wealth shares by deciles

Notes: The shaded areas are the wealth shares we have estimated, while the white areas are those of Statistics
Norway. Note that negative net wealth values are not set to 0, so the poorest deciles have a negative share of
the total. The eight richest deciles therefore end up with a share greater than 1. Note that because we use
the broader definition of a household, the wealth shares reported in this table cannot be directly compared
with what we present later on.

Table 4 shows that the wealth shares we estimate closely match those estimated by Stat-

istics Norway. However, there are a few small differences. There are several reasons why we

would expect there to be differences, perhaps even larger than those we observe. First, Statist-

ics Norway’s net wealth concept still uses tax-assessed values for holiday houses. Interestingly,

even though we find – as expected – that the owners of holiday houses are disproportionately

old and wealthy27, including market valued holiday houses in the wealth concept leads to

a reduction in both the top shares and the Gini coefficient28. Second, the definition of the

wealth holding unit differs slightly as we are (unlike Statistics Norway) not able to leave

out student households when measuring inequality. However, many students are counted

towards the household of their parents, so the effect should be limited. Third, our model for

estimating market values differs in several regards, which necessarily has certain effects on

the resulting wealth distribution.

Figure 7 plots the Gini coefficient for net wealth from 1995 to 2015 when setting negative

values to 0. The Gini coefficient was relatively stable between 1995 and 2004, but increased

by around 5 per cent between 2005 and 2015

26The definition that most closely resembles the one that Statistics Norway employs, as discussed in Section
2.

27We calculate the mean age for households that own a primary dwelling and a holiday house and compare
them to households that own a primary dwelling but not a holiday house. The mean age of the former group
is 8 years higher than the latter. The mean net wealth is 12.3 million vs 1.9 million.

28When not including market valued holiday house wealth in the calculation of decile wealth shares, our
numbers are even closer to the Statistics Norway estimates.
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Figure 7: Gini coefficient of net wealth, 1995-2015
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Notes: Figure 7 plots the development of the Gini coefficient (C2) with negative net wealth values set to 0.
The red line marks the first year in which the models using data from FINN.no are used in estimation of
market values. Note that the scale on the y-axis runs from 0.4 to 1.

Figure 8: Net wealth shares, 1995-2015

(a) Shares of net wealth in the richest decile
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(b) Shares of net wealth in different segments of the
population
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Notes: Figure (a) plots the share net wealth owned by different segments of the richest decile, while Figure
(b) considers different segments of the entire population. The red line marks the first year in which the
models using data from FINN.no are used in estimation of market values.

The panels of Figure 8 show the developments of the wealth shares of different quantiles.

As seen in panel (a), the wealth share of the richest percentile is much more volatile than

the other series. The very richest own more than 20 per cent of the net wealth in Norway

in 2015, a significant increase from the 16 per cent they owned in 1995. The drop in the

share of the richest percentile in 2005 could be due to the change from the Ambita index to
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the FINN.no index. The largest increase comes between 2002 and 2009 (barring the already

addressed 2005 drop) before it declines somewhat over the next few years. This might be

associated with the global financial crisis which probably affected the financial wealth of the

top 1 per cent more than the other groups. After 2012, the share of the top 1 per cent started

rising rapidly again. The 95-99 percentiles also get a relatively large increase in their share

of net wealth between 2007 and 2015, while no long term trend are apparent for the 90-95

group.

Panel (b) makes it clear that the increase in the share of the richest percentiles has come

at the expense of both the 70-90 group and the 0-70 group. Note that the share of the richest

decile that we observe in Figure 8 (b) is slightly higher than in Table 4. This is the effect of

using a more narrow definition of the wealth holding unit.

In addition to the shares of net wealth, it could be instructive to look at the gross wealth

shares of different percentiles, because the gross wealth statistics allows us to compare directly

with Statistics Norway’s wealth statistics between 1995 and 2002 as reported in Table 1 of

Section 2.

Figure 9: Shares of gross wealth
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Notes: Figure 9 plots the share gross wealth owned by different segments of the population.

Figure 9 shows that the richest ten per cent hold more than 40 per cent of the gross

wealth throughout the period, with a modest upwards trend emerging overall. Comparing

with Table 1 we see that Statistics Norway consistently report a higher top decile share than

we find in our data. Although the wealth holding unit might be slightly differently defined,

it almost certainly cannot explain the entire difference of 8 per cent for the top decile in

1999. It is more likely that the use of tax-assessed housing values lead to a relatively larger

underestimation of the gross wealth of the nine poorest deciles since their wealth is comprised
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mainly of housing.

Table 5: Gini’s nuclear family 1995-2015

(a) Net wealth

Year C1 C2 C3 C2*

1995 .819 .698 .613
1996 .825 .706 .621
1997 .821 .701 .617
1998 .825 .709 .626
1999 .822 .704 .621
2000 .820 .700 .617
2001 .821 .702 .618
2002 .820 .700 .616
2003 .824 .705 .621
2004 .825 .707 .624 .655
2005 .815 .693 .609 .639
2006 .815 .693 .610 .639
2007 .818 .698 .616 .644
2008 .827 .712 .632 .658
2009 .834 .721 .642 .668
2010 .833 .721 .641 .665
2011 .833 .720 .640 .664
2012 .832 .719 .639 .663
2013 .835 .723 .643 .662
2014 .838 .727 .648 .667
2015 .840 .731 .654 .671

Pct. change 2.6 4.7 6.3 2.44**

(b) Gross wealth

Year C1 C2 C3 C2***

1995 .746 .603 .513 .598
1996 .747 .603 .513 .596
1997 .746 .602 .512 .601
1998 .753 .613 .526 .624
1999 .752 .611 .523 .636
2000 .753 .613 .525 .639
2001 .753 .613 .524 .621
2002 .747 .605 .516 .622
2003 .746 .603 .514
2004 .747 .605 .516
2005 .743 .600 .511
2006 .744 .602 .515
2007 .747 .606 .519
2008 .749 .609 .523
2009 .752 .613 .527
2010 .751 .612 .525
2011 .752 .612 .525
2012 .751 .611 .522
2013 .755 .615 .527
2014 .755 .616 .529
2015 .759 .622 .534

Pct. change 1.7 3.2 4.1

Notes: Gini’s nuclear family of inequality measures for net wealth in Table 5 (a) has been calculated setting
negative net wealth values to 0. Table 5 (b) presents the same coefficients for gross wealth. The percentage
change is the percentage difference between the coefficients in 1995 and 2015.
* Gini coefficients calculated when employing Statistics Norway’s household definition which is available from
2004 to 2015.
** Percentage change from 2004 to 2015.
*** Gini coefficients from Statistics Norway are taken from “Inntekts- og formuesstatistikk for husholdninger”
for the years 1995 to 2002.

Table 5 presents the change in net wealth inequality as measured by the three members

of Gini’s nuclear family of inequality measures. C2 in panel (a) is the Gini coefficient plotted

in Figure 7. All three measures are slightly higher in 2015 than in 1995. The largest rise in

inequality is captured by C3 which is 6.3 per cent higher in 2015 than in 1995. This makes

sense because C3 better captures the increase in the wealth share of the richest percentile

that we saw in Figure 9 (a). Note also the rather sizeable difference between the two Gini
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coefficients when using different definitions of the wealth holding unit by comparing C2 with

C∗
2 in Table 5 (a).

Similarly to what we find when considering net wealth, panel (b) shows that also gross

wealth exhibits a modestly increasing inequality. It would be natural to assume that the

changes in gross wealth inequality are closely linked to the developments in housing, but as

it turns out, the trends are of opposite sign. Looking again at Figure A.3 in appendix A we

see why, as the top shares of non-housing wealth has increased monotonically throughout the

last 21 years.

Because setting negative net wealth values to 0 might understate the changes that take

place in the bottom of the distribution, we will now briefly discuss the development when

including them in the calculation of Gini coefficients.

Figure 10: Gini coefficient for net wealth with negative values included
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Notes: Figure 10 plots the development of the Gini coefficient (C2) when including negative net wealth values
in the calculation. The red line marks the first year in which the models using data from FINN.no are used
in estimation of market values.

Figure 10 demonstrates that we get more volatile series when including negative values

in the calculation of the Gini coefficients. Naturally, the levels are now higher, but an overall

downwards trend emerges in all three measures29. Recall, however, that interpretation of the

Gini coefficient is only valid – strictly speaking – when the input variable is in the domain

[0,∞). Nevertheless, the fact that C1 now falls by more than 14 per cent between 1995 and

2015 suggests that there is something going on in the bottom part of the distribution. The

29See Table A.4 in appendix A.
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increasing net wealth share of the poorest quartile that we observe in Table A.5 in appendix

A sheds some light on the reasons for the relatively large change in C1. Related to what we

mentioned in Section 4.2, there is the concern that the strongly negative wealth share of the

poorest quartile observed in 1995 is due to an underestimation of their assets since we only

replace 65 per cent of the tax-assessed values. However, there is no significant difference in

net wealth between the group of individuals for which we replace tax-assessed market values

and the group for which we do not30. Since the inability to match dwellings and owners

should be completely random with respect to the owner’s characteristics, we see little reason

to believe that what we observe is driven by improvements in the data.

Figure 11: Distribution of net wealth by age group
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(a) 1995
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(b) 2002
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(c) 2009
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(d) 2015

Notes: The figures above show the mean value of net wealth across age groups measured as a share of the
total population mean. The bar labelled 20 is the group consisting of persons between 20 and 24 while 25 is
between 25 and 29 and so on.

30We look at the set of houseowners with negative net wealth and compare the subsets i) persons for which
the tax-assessed values are replaced with market values and ii) persons for which the housing wealth is scaled
up tax-assessed values. As it turns out, subset ii) has slightly higher net wealth, so if anything, replacing the
tax-assessed values should lead to a more negative wealth share.
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As we would expect, Figure 11 shows that average net wealth rises with age up to around

the age of 65. Economic theory typically predicts – and empirical evidence supports – the

patterns of increasing net wealth during the working age and then declining after retirement.

Interestingly though, the decline in the later stages of the life cycle seems to be less pro-

nounced now than 20 years ago. Changes in the composition of the population can probably

account for much of the observed age related changes over time. The level of education of

today’s old is higher than what it was in 1995, which could explain why the distribution shifts

to the right. Atkinson (1971) points out that if the inequality that we observe can to a large

extent be attributed to individuals being in different stages of the life-cycle, then we need

not necessarily worry as much about its consequences for economic well-being. What is more

important then, is to consider the distribution of inherited wealth as opposed to the current

distribution. The developments we observe above could indicate that inherited wealth will

be more unequally distributed in the future, as the old do not seem to spend their wealth

before they die to the same extent as in 1995. However, the fact that the group over 90 hold

more wealth now than in 1995 can in part be explained by the increased life expectancy. The

life expectancy is about 4 years higher in 2015 than in 199531.

5.3 Discussion of the development in the wealth inequality

The stability of the decile shares and the Gini coefficient might seem surprising, given that the

Norwegian economy has been through numerous internal and external shocks and transitions

during the period we study. In 1995, we are just coming out of the banking crisis of 1987-

1992 with an initially high but gradually slowing of growth before the strong years of the

mid 2000s. We then plunged into the global financial crisis along with the rest of the world,

seeing negative economic growth for a couple of years before gradually recovering. It is

interesting that throughout this entire period of fluctuations in GDP, increasing globalization

and financialization and a rapid development of the oil sector, changes in the distribution of

wealth have been almost negligible. The most notable changes we observe are the increases

in the share of the richest percentile and the poorest quartile.

One explanation for this could be the extent of the Norwegian welfare state. Social

security nets, a strong public health care sector, free education with favourable loan terms

and progressive income taxation should dampen the mechanisms that lead to increasing

wealth inequality. The heritage tax, wealth tax and property tax make it harder to build

up large fortunes. Up until the 1970s the wealth taxation of Norwegian households was

increasingly progressive. With the tax reform of 1992 the wealth tax rates were reduced

31https://www.ssb.no/befolkning/statistikker/dode

36



substantially. Moreover, the company wealth tax of 0,3 per cent was removed. In connection

with the tax reform of 2006, the limit for wealth tax exemption was increased, and the rates

for the top wealth taxation were reduced. The reductions in the wealth tax can possibly

account for some of the increase in the share of wealth held by the richest decile.

Comparing the results in Section 4 and 5, it seems that housing has been a brake on the

increase in inequality rather than a driver. The very modest increase in inequality that we

see over the last 21 years goes against the development of inequality in housing. It would

premature to conclude that the increasing housing prices actually tend to reduce overall

inequality, but it seems like most of the increase in inequality that we observe is unrelated

to housing. The non-housing wealth inequality has increased significantly (judging by the

wealth shares of Figure A.3 in appendix A) while the housing wealth inequality has declined.

Again, we cannot rule out that also the non-housing wealth inequality increase is driven to

some extent by increased rents for landowners and thus is related to housing prices through

this channel.

Due to amongst other things the age effects we have addressed, a certain level of wealth

inequality is inevitable or even desirable. To get a sense of the significance of the results

we have presented, it would be instructive to compare with other countries. Table A.7 in

appendix A shows how Norway compares with other developed countries around the year

2000 in a study from by Davies et al. (2007). The wealth share of the richest decile that they

present for Norway is similar to what we have found. According to this study, Norway does

not stand out in any way, but the wealth share of the top decile is lower than most of the

countries that we usually compare ourselves with. Also note that countries scoring high on

the HDI32 like Switzerland and Denmark have significantly higher top shares than Norway.

Alvaredo et al. (2017) report long run wealth concentrations for France, China, Britain

and the US up to 201533. The development of the top 1 per cent share in Britain is similar

to what we observe in our data, both in terms of levels and trends. The wealth shares in

France are much more volatile, with the share of richest percentile falling by about 8 per cent

during the 2000s and ending up at about 3 per cent higher than Norway in 2012. For US

and China both the trends and levels are very dissimilar to those of Norway, except for the

feature that is common to all the series, namely the reduction in the top shares around the

time of the financial crisis.

Comparable estimates of Gini coefficients spanning long time periods are hard to come

by in the literature, but we have found a few. We will discuss them in the following, but

with this caveat: it is not necessarily justified to compare the Gini coefficients estimated for

32Human Development Index: http://hdr.undp.org/en/content/human-development-index-hdi
33See Figure A.5 in appendix A
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different countries without knowing exactly how they are constructed. We have seen that the

inequality measures we apply are quite sensitive to the choice of the unit of observation and

the treatment of negative values. Lundberg and Waldenstrom (2017) (discussed in Section

4.2) also estimated Gini coefficients for net wealth including negative values. They found a

gradual decrease from 0.974 in 2000 to 0.860 in 2007 before it rapidly rose to 1.017 in 2012.

This is quite different from our findings presented in Figure 1034 which depict a clear negative

trend overall. The levels are quite similar, however, especially for the early years. They also

estimate a top decile and percentile wealth share of 68.6 and 22.0 per cent respectively (more

or less the same throughout the period), which is substantially higher than what we find for

Norway. The Gini coefficients of net wealth for Norway and Sweden are plotted in Figure

A.6 in appendix A.

For Germany, there are estimates of the Gini coefficient of net wealth for a number of

years between 1973 and 201235. The coefficient is between 0.74 and 0.77 for the entire period

1993-2012. The stability of the Gini coefficient corresponds well to what we observe in

Norway.

Wolff (2016) reports Gini coefficients for net wealth in the US from 1962 to 2013. He finds

a modest increase from 0.828 in 1995 to 0.871 in 2013. The Gini coefficients for Germany,

Norway and the US are plotted in Figure A.7 in appendix A.

Cowell and Kerm (2015) estimate Gini coefficients for net wealth for 15 Euro-zone coun-

tries based on survey data from the European Household Finance and Consumption Survey

from late 2010/early 2011. They employ a more sophisticated way of dealing with negative

net wealth values, so it is unclear how comparable their findings are to ours. 13 of the 15

countries get a lower Gini coefficient than we estimate for Norway. The Gini coefficients are

presented in Table A.8 in appendix A.

6 Conclusion

There are still many aspects of wealth that are not sufficiently covered, but we believe that we

provide some interesting insights by extending Statistics Norway’s housing valuation back to

1995 and discussing the developments in the wealth distribution in the light of the new data.

The most interesting observation is perhaps the stability in the measures of inequality, even

though there has been no shortage of events that could conceivably impact the distribution

of wealth.

34We should look at Figure 10 rather than Figure 7 because Lundberg and Waldenström include negative
values in their calculation of the Gini coefficient.

35https://www.chartbookofeconomicinequality.com/inequality-by-country/germany/
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Furthermore, we assert the importance of housing as a wealth component (particularly for

the lower wealth quantile groups) and that replacing tax-assessed housing values by market

values leads us to measure a significantly lower inequality throughout the last 21 years.

Although Statistics Norway has implemented a similar method for dwelling valuation since

2009, we extend it to include holiday houses and show that this further reduces wealth

inequality in the population. As we have alluded to throughout the paper, there are many

possible extensions of our work. Improving the holiday house data or taking into account

pension entitlements are natural places to start in order to provide a better picture of wealth

inequality in Norway. Analysis of different age cohorts could help separate out the life-cycle

effects that clearly are responsible for much of the observed wealth inequality.

We also bring the attention to the critique of Piketty’s predictions for the developments

in inequality in some of the large economies. We find evidence that much of the increase in

the capital share of national income could simply be due to the rising housing values. To

conclude that this will lead to increased inequality through the channels Piketty proposes

would require better justification with reference to the developments of real income and rents.
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A Tables and figures

Figure A.1: Estimated/observed market value for dwellings using for data from FINN.no in
the years 2005-2015.

(a) Detached dwellings

Number of observations: 246814
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(b) Semi-detached dwellings and row houses

Number of observations: 92630
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(c) Apartments

Number of observations: 470897
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(d) Holiday houses

Number of observations: 87994
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Notes: The four panels of Figure A.1 shows to what extent the different models are able to estimate a market
price that corresponds to the observed market values from FINN.no. The estimated market values have
been divided by the observed transaction values. Grouping the estimated values according to the percentage
deviation from the observed transaction values produces the figures above. The height of the columns shows
what percentage of the observations end up in the groups specified on the x-axis. Observations for which
the estimated market value divided by the observed transaction value is between .81 and 1 is placed in the
81-100 column etc.
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Figure A.2: Estimated/observed market value for dwellings for the data from Ambita in the
years 1995-2004.

(a) Detached dwellings

Number of observations: 166964
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(b) Semi-detached dwellings and row houses

Number of observations: 78134
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(c) Apartments

Number of observations: 62285
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(d) Holiday houses

Number of observations: 85519
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Notes: The four panels of Figure A.2 shows to what extent the different models are able to estimate a market
price that corresponds to the observed market values from FINN.no. The estimated market values have
been divided by the observed transaction values. Grouping the estimated values according to the percentage
deviation from the observed transaction values produces the figures above. The height of the columns shows
what percentage of the observations end up in the groups specified on the x-axis. Observations for which
the estimated market value divided by the observed transaction value is between .81 and 1 is placed in the
81-100 column etc.
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Figure A.3: Gross wealth shares, non-housing wealth, 1995-2015

(a) Gross wealth shares of different segments
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(b) Gross wealth shares in the top decile
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Notes: Figure (a) presents the developments in shares of gross wealth excluding housing wealth for different
quantile groups. Figure (b) shows different quantile groups within the richest decile.

Figure A.4: Gini coefficient of net wealth, tax-assessed housing values and market values
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Notes: Figure A.4 shows the difference between using tax-assessed housing values and market values when
calculating the Gini coefficient of net wealth.

44



Table A.1: Gini’s nuclear family, housing wealth, 1995-2015

Year C1 C2 C3

1995 .773 .626 .527
1996 .770 .623 .524
1997 .768 .620 .521
1998 .767 .619 .520
1999 .763 .614 .515
2000 .763 .615 .516
2001 .762 .613 .514
2002 .757 .608 .508
2003 .753 .601 .502
2004 .750 .598 .500
2005 .743 .589 .490
2006 .740 .585 .487
2007 .739 .584 .485
2008 .783 .584 .485
2009 .740 .586 .487
2010 .739 .584 .485
2011 .741 .587 .488
2012 .741 .586 .487
2013 .745 .591 .492
2014 .743 .588 .489
2015 .745 .591 .492

Pct. change -3.6 -5.6 -6.6

Notes: Gini’s nuclear family of inequality measures calculated for housing wealth. The percentage is calcu-
lated between 1995 and 2015.
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Table A.2: Housing wealth Gini coefficient, Sweden and Norway, 2000-2012

Year Sweden Norway

2000 .748 .665
2001 .756 .663
2002 .759 .654
2003 .757 .647
2004 .759 .644
2005 .748 .636
2006 .748 .629
2007 .750 .624
2008 .751 .619
2009 .753 .616
2010 .760 .604
2011 .768 .603
2012 .772 .596

Pct. change 3.2 -10.4

Notes: Housing wealth Gini coefficients for Sweden and Norway from 2000 to 2012. The wealth holding unit
is defined as individuals of 20+. The numbers for Sweden are taken from Lundberg and Waldenström (2017)
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Table A.3: Total gross wealth, net wealth and housing wealth, 1995-2015

(a) Our data

Year GW NW HW HW
GW

1995 1 490 1 020 888 .596
1996 1 620 1 120 980 .605
1997 1 810 1 290 1 120 .619
1998 2 060 1 520 1 270 .616
1999 2 370 1 730 1 490 .631
2000 2 690 1 990 1 730 .643
2001 2 870 2 100 1 870 .651
2002 3 070 2 220 2 040 .664
2003 3 230 2 280 2 130 .661
2004 3 580 2 520 2 390 .667
2005 4 110 3 010 2 820 .686
2006 4 780 3 520 3 270 .683
2007 5 440 4 050 3 720 .683
2008 5 550 4 020 3 730 .672
2009 5 740 4 070 3 810 .664
2010 6 300 4 430 4 290 .680
2011 6 730 4 700 4 640 .693
2012 7 240 5 010 5 050 .697
2013 7 680 5 300 5 330 .694
2014 8 080 5 540 5 530 .685
2015 8 840 6 140 6 020 .681

(b) National Accounts

Year GW NW HW HW
GW

1995
1996
1997
1998
1999
2000
2001
2002
2003
2004 1 539* 290*
2005 1 650* 242*
2006 1 986* 402*
2007 2 245* 475*
2008 2 409* 504*
2009 2 608* 586* 3 567
2010 5 900 3 750
2011 6 340 4 030
2012 6 930 4 440
2013 7 350 4 690
2014 7 730 4 910 5 179 .670
2015 8 430 5 450 5 629 .668

Notes: GW = gross wealth, NW = net wealth, HW = housing wealth. Numbers in billion NOK. For the

empty spaces in Table (b) we did not find the NA estimates.

* Market valued housing wealth not included
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Table A.4: Nuclear family of Gini coefficients with negative values included

Year C1 C2 C3

1995 1.245 .877 .737
1996 1.266 .889 .749
1997 1.209 .865 .730
1998 1.175 .856 .730
1999 1.146 .839 .715
2000 1.119 .826 .705
2001 1.144 .837 .712
2002 1.159 .842 .714
2003 1.191 .860 .729
2004 1.175 .857 .729
2005 1.114 .815 .692
2006 1.083 .805 .687
2007 1.085 .807 .691
2008 1.114 .832 .715
2009 1.121 .846 .729
2010 1.093 .832 .719
2011 1.093 .830 .717
2012 1.078 .823 .711
2013 1.090 .832 .719
2014 1.085 .833 .722
2015 1.067 .829 .722

Pct. change -14.3 -5.5 -2.0

Notes: The three members of Gini’s nuclear family in Table A.4 are calculated using net wealth and without
setting the negative values equal to 0.

Table A.5: Net wealth share by quartiles

(1) (2) (3) (4)
1995 2002 2009 2015

0-25 -11.21 (0.000) -8.861 (0.000) -7.645 (0.000) -5.929 (0.000)
25-50 2.801 (0.000) 2.706 (0.000) 2.360 (0.000) 2.102 (0.000)
50-75 23.44 (0.000) 23.07 (0.000) 20.69 (0.000) 19.17 (0.000)
75-100 84.98 (0.000) 83.09 (0.000) 84.59 (0.000) 84.65 (0.000)

p-values in parentheses

Notes: The table shows the net wealth of the four quartiles in 1995, 2002, 2009 and 2015. Note that the
negative wealth shares arise because the sum of the net wealth of the households in the poorest quartile is
negative (net wealth is not set to 0). Therefore, the sum of the wealth share of the three richest quartiles
sum to more than 1.
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Table A.6: Share of population over the age of 18 registered with housing wealth

Year 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015
Share .43 .44 .49 .50 .52 .54 .56 .56 .58 .59 .59

Notes: The numbers are calculated using data from the tax returns. This is not to be confused with the
home ownership rate, which is based on households. The home ownership rate will naturally be higher than
the share of the population owning property since many individuals belong to households that own a
dwelling without owning one themselves.

Table A.7: Wealth shares from several countries worldwide around year 2000

Notes: Table A.7 is taken from Davies et al. (2008).
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Figure A.5: Development in the wealth share of the richest percentile: China, France, Britain
and the US

Notes: Figure A.5 is taken from Alvaredo et al. (2017). It plots the net wealth share of the richest percentile
in Britain, France, China and the US.

Figure A.6: Development in the Gini coefficient of net wealth in Norway and Sweden
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Notes: Figure A.6 plots Gini coefficients over time Sweden along with the Gini coefficient we presented in
Figure 10. Negative net wealth values are included. The series for Sweden is taken directly form Lundberg
and Waldenström (2017).
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Figure A.7: Development in the Gini coefficient of net wealth in Norway, Germany and the
US
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Notes: Figure A.7 plots Gini coefficients over time in Norway, Germany and the US. The treatment of
negative net wealth values and unit of observation used in the estimation of the Gini coefficient for Germany
and the US is not clear, so a direct comparison between the three series might not be justified. The series
for Norway is the same as the one presented in Figure 7.

Table A.8: Gini coefficient of net wealth for 15 Euro-zone countries in 2010/2011

Country Gini

Austria .762
Belgium .608
Cyprus .698

Germany .758
Spain .580

Finland .664
France .679
Greece .561
Italy .609

Luxembourg .661
Malta .600

Netherlands .654
Portugal .670
Slovenia .534

Slovak Republic .448

Notes: The table presents the Gini coefficients of 15 Euro-zone countries in 2010/2011 as estimated by
Cowell and Van Kerm (2015).
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B Regressions

The labour market regions as defined by Bhuller (2009) are:

Oslo, Sor-Ostfold, Vestfold, Kongsberg, Hallingdal, Valdres, Gudbrandsdalen, Lilleham-

mer, Gjovik, Hamar, Kongsvinger, Elverum, Tynset/Roros, Nordvest-Telemark, Ost-Telemark,

Sor-Telemark, Arendal, Kristiansand, Lister, Stavanger, Haugesund, Sunnhordaland, Sunnf-

jord, Sognefjord, Nordfjord, Sondre Sunnmore, Aalesund, Molde, Nordmore, Kristiansund,

Bergen, Trondheim, Midt-Trondelag, Namsos, Ytre Helgeland, Indre Helgeland, Bodo, Nar-

vik, Vesteraalen, Lofoten, Harstad, Midt-Troms, Tromso, Alta, Hammerfest, Vadso.

Note that we estimate one index for the city of Oslo and one index for the labour market

region Oslo (excluding Oslo), making it 47 regions in total.

B.1 Detached dwellings

B.1.1 Ambita sample (1995-2004)

Regressors: size, age, year, village dummy, municipality (City region dummies (bydel) instead

of municipality for Oslo)
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Table B.1: Aalesund

LnPrice Sqmprice
Age==2 0.164∗∗∗ (6.53) 570.0∗∗ (3.24)
Age==3 0.0160 (0.78) -438.5∗∗ (-3.05)
Age==4 -0.191∗∗∗ (-10.12) -1585.5∗∗∗ (-11.95)
Komm==1523 -0.333∗∗∗ (-3.62) -1845.8∗∗ (-2.87)
Komm==1524 -0.524∗∗∗ (-4.30) -3436.5∗∗∗ (-4.02)
Komm==1525 -0.430∗∗∗ (-15.74) -2469.5∗∗∗ (-12.89)
Komm==1526 -0.623∗∗∗ (-4.38) -4431.1∗∗∗ (-4.44)
Komm==1528 -0.344∗∗∗ (-13.37) -2049.7∗∗∗ (-11.35)
Komm==1529 -0.236∗∗∗ (-8.74) -1637.3∗∗∗ (-8.64)
Komm==1531 -0.375∗∗∗ (-17.94) -2468.3∗∗∗ (-16.85)
Komm==1532 -0.349∗∗∗ (-15.38) -1879.0∗∗∗ (-11.81)
Komm==1534 -0.383∗∗∗ (-10.18) -2151.5∗∗∗ (-8.15)
Komm==1546 -0.576∗∗∗ (-7.10) -3288.0∗∗∗ (-5.78)
Year==1996 0.142∗∗∗ (4.97) 548.1∗∗ (2.72)
Year==1997 0.321∗∗∗ (10.81) 1562.6∗∗∗ (7.50)
Year==1998 0.357∗∗∗ (12.34) 1630.7∗∗∗ (8.04)
Year==1999 0.465∗∗∗ (16.38) 2404.3∗∗∗ (12.07)
Year==2000 0.576∗∗∗ (20.76) 3110.6∗∗∗ (15.99)
Year==2001 0.659∗∗∗ (23.72) 3718.6∗∗∗ (19.08)
Year==2002 0.726∗∗∗ (25.74) 4140.6∗∗∗ (20.94)
Year==2003 0.717∗∗∗ (25.87) 4129.3∗∗∗ (21.26)
Year==2004 0.801∗∗∗ (29.70) 4729.3∗∗∗ (25.01)
Village 0.166∗∗∗ (7.69) 984.0∗∗∗ (6.49)
Size 0.318∗∗∗ (16.21) -5087.8∗∗∗ (-36.96)
Constant 11.79∗∗∗ (113.47) 31108.8∗∗∗ (42.71)
Observations 2612 2612
R2 0.549 0.586
Adjusted R2 0.545 0.582
rmse 0.315 2211.3

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.2: Kongsvinger

LnPrice Sqmprice
Age==2 -0.0552 (-1.67) -877.4∗∗∗ (-4.63)
Age==3 -0.141∗∗∗ (-4.73) -1294.8∗∗∗ (-7.57)
Age==4 -0.297∗∗∗ (-10.16) -2016.3∗∗∗ (-12.03)
Komm==0418 -0.236∗∗∗ (-10.77) -1277.6∗∗∗ (-10.13)
Komm==0419 -0.0525∗∗ (-3.23) -315.5∗∗∗ (-3.38)
Komm==0420 -0.243∗∗∗ (-13.83) -1349.4∗∗∗ (-13.38)
Komm==0423 -0.325∗∗∗ (-15.93) -1708.2∗∗∗ (-14.61)
Komm==0425 -0.215∗∗∗ (-12.34) -1058.0∗∗∗ (-10.56)
Year==1996 0.0339 (1.27) 54.92 (0.36)
Year==1997 0.173∗∗∗ (6.67) 579.2∗∗∗ (3.89)
Year==1998 0.266∗∗∗ (10.17) 936.3∗∗∗ (6.23)
Year==1999 0.382∗∗∗ (14.50) 1376.9∗∗∗ (9.10)
Year==2000 0.505∗∗∗ (19.86) 1978.8∗∗∗ (13.57)
Year==2001 0.588∗∗∗ (22.75) 2413.6∗∗∗ (16.28)
Year==2002 0.630∗∗∗ (25.25) 2666.1∗∗∗ (18.61)
Year==2003 0.667∗∗∗ (27.35) 2845.6∗∗∗ (20.32)
Year==2004 0.758∗∗∗ (30.17) 3524.9∗∗∗ (24.46)
Village 0.144∗∗∗ (12.40) 746.9∗∗∗ (11.21)
Size 0.369∗∗∗ (22.66) -3429.6∗∗∗ (-36.73)
Constant 11.45∗∗∗ (129.25) 22553.3∗∗∗ (44.36)
Observations 2548 2548
R2 0.593 0.601
Adjusted R2 0.590 0.598
rmse 0.279 1600.7

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

B.1.2 FINN.no sample (2005-2015)

Regressors: size, age, year, village dummy, municipality (City region dummies (bydel) instead

of municipality for Oslo)
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Table B.3: Lister

LnPrice Sqmprice
Age==2 -0.104∗∗∗ (-3.37) -1271.1∗∗ (-3.06)
Age==3 -0.300∗∗∗ (-12.25) -3698.0∗∗∗ (-11.17)
Age==4 -0.399∗∗∗ (-17.93) -4805.4∗∗∗ (-15.96)
Komm==1004 0.0935∗∗∗ (5.11) 1257.6∗∗∗ (5.09)
Komm==1032 0.0625∗∗∗ (3.60) 720.3∗∗ (3.07)
Komm==1034 -0.278∗∗∗ (-5.27) -3149.5∗∗∗ (-4.42)
Komm==1037 -0.0445∗ (-2.11) -405.9 (-1.42)
Komm==1046 -0.212∗∗∗ (-4.15) -2436.6∗∗∗ (-3.54)
Year==2006 0.126∗∗∗ (3.41) 1106.1∗ (2.21)
Year==2007 0.302∗∗∗ (8.38) 3052.5∗∗∗ (6.27)
Year==2008 0.345∗∗∗ (9.74) 3300.9∗∗∗ (6.89)
Year==2009 0.316∗∗∗ (8.82) 2827.8∗∗∗ (5.84)
Year==2010 0.373∗∗∗ (10.60) 3590.5∗∗∗ (7.55)
Year==2011 0.414∗∗∗ (11.88) 3936.2∗∗∗ (8.36)
Year==2012 0.467∗∗∗ (13.47) 4658.4∗∗∗ (9.95)
Year==2013 0.522∗∗∗ (14.74) 5344.8∗∗∗ (11.17)
Year==2014 0.514∗∗∗ (14.57) 5186.7∗∗∗ (10.88)
Year==2015 0.555∗∗∗ (16.27) 5747.3∗∗∗ (12.48)
Year==2016 0.608∗∗∗ (15.58) 6409.2∗∗∗ (12.15)
Village 0.0481∗∗∗ (3.30) 283.6 (1.44)
Size 0.565∗∗∗ (27.90) -5574.2∗∗∗ (-20.35)
Constant 11.36∗∗∗ (104.74) 39335.2∗∗∗ (26.83)
Observations 1605 1605
R2 0.543 0.410
Adjusted R2 0.537 0.402
rmse 0.258 3489.6

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.4: Oslo (city)

LnPrice Sqmprice
Age==2 -0.0544∗∗∗ (-5.86) -1773.9∗∗∗ (-6.61)
Age==3 -0.129∗∗∗ (-16.54) -3985.6∗∗∗ (-17.70)
Age==4 -0.101∗∗∗ (-13.67) -3102.4∗∗∗ (-14.57)
bydel==02 -0.0194 (-0.73) -1035.7 (-1.35)
bydel==03 0.0123 (0.37) 76.30 (0.08)
bydel==04 0.228∗∗∗ (4.16) 5678.7∗∗∗ (3.58)
bydel==05 0.309∗∗∗ (11.93) 8473.1∗∗∗ (11.31)
bydel==06 0.135∗∗∗ (6.57) 3366.8∗∗∗ (5.66)
bydel==07 0.156∗∗∗ (7.89) 4035.1∗∗∗ (7.07)
bydel==08 0.155∗∗∗ (7.67) 3986.1∗∗∗ (6.81)
bydel==09 -0.119∗∗∗ (-5.51) -3989.5∗∗∗ (-6.41)
bydel==10 -0.280∗∗∗ (-12.69) -8455.8∗∗∗ (-13.25)
bydel==11 -0.308∗∗∗ (-15.14) -9133.8∗∗∗ (-15.52)
bydel==12 -0.320∗∗∗ (-14.73) -9244.4∗∗∗ (-14.71)
bydel==13 -0.0861∗∗∗ (-4.37) -3058.6∗∗∗ (-5.37)
bydel==14 0.00129 (0.07) -514.9 (-0.91)
bydel==15 -0.329∗∗∗ (-16.53) -9714.1∗∗∗ (-16.86)
bydel==17 -0.0878∗∗∗ (-3.99) -2928.6∗∗∗ (-4.61)
Year==2006 0.138∗∗∗ (14.38) 3242.4∗∗∗ (11.70)
Year==2007 0.262∗∗∗ (26.64) 6401.1∗∗∗ (22.55)
Year==2008 0.232∗∗∗ (22.29) 5442.8∗∗∗ (18.08)
Year==2009 0.207∗∗∗ (20.33) 4779.2∗∗∗ (16.27)
Year==2010 0.316∗∗∗ (32.76) 7717.4∗∗∗ (27.68)
Year==2011 0.382∗∗∗ (38.96) 9757.4∗∗∗ (34.42)
Year==2012 0.445∗∗∗ (44.99) 11780.4∗∗∗ (41.21)
Year==2013 0.491∗∗∗ (50.34) 13183.1∗∗∗ (46.79)
Year==2014 0.503∗∗∗ (49.91) 13573.0∗∗∗ (46.62)
Year==2015 0.587∗∗∗ (59.58) 16602.8∗∗∗ (58.31)
Year==2016 0.695∗∗∗ (61.51) 20791.0∗∗∗ (63.66)
Village 0.0153 (0.90) 536.0 (1.09)
Size 0.675∗∗∗ (97.14) -8894.1∗∗∗ (-44.27)
Constant 11.78∗∗∗ (273.98) 72637.5∗∗∗ (58.45)
Observations 8472 8472
R2 0.812 0.646
Adjusted R2 0.812 0.645
rmse 0.185 5348.5

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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B.2 Semi-detached dwellings and row houses

B.2.1 Ambita sample (1995-2004)

We divide the country into counties instead of labour market regions due to insufficient

number of observations. The number of municipality indicators per region is too high to fit

on a page, so the individual coefficients are not shown in the outputs below, but indicated

by “Komm dummies”. We are forced to drop the age of the building as a regressor due to

many missing values.

Regressors: size, year, type of dwelling, village dummy, municipality (city region (bydel)

instead of municipality for Oslo)

Table B.5: Buskerud

LnPrice Sqmprice
Year==1996 0.104 (1.84) 852.2 (1.27)
Year==1997 0.0534 (1.02) -205.7 (-0.33)
Year==1998 0.0827 (1.54) 171.5 (0.27)
Year==1999 0.215∗∗∗ (4.05) 1530.9∗ (2.42)
Year==2000 0.428∗∗∗ (8.56) 3910.3∗∗∗ (6.55)
Year==2001 0.426∗∗∗ (8.44) 3650.1∗∗∗ (6.07)
Year==2002 0.534∗∗∗ (10.61) 5070.3∗∗∗ (8.46)
Year==2003 0.536∗∗∗ (10.65) 4837.8∗∗∗ (8.07)
Year==2004 0.589∗∗∗ (12.31) 5396.2∗∗∗ (9.47)
Size 0.864∗∗∗ (34.43) -632.7∗ (-2.12)
Constant 8.754∗∗∗ (37.85) 5695.0∗ (2.07)
Komm dummies Yes Yes
Observations 3331 3331
R2 0.567 0.265
Adjusted R2 0.563 0.259
rmse 0.539 6425.4

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.6: Sogn og Fjordane

LnPrice Sqmprice
Type==Tomannsbolig 0.0591∗∗∗ (4.27) 618.1∗∗∗ (4.54)
Year==1996 0.0889∗∗ (2.68) 469.1 (1.44)
Year==1997 0.212∗∗∗ (6.54) 1241.2∗∗∗ (3.89)
Year==1998 0.213∗∗∗ (6.95) 1206.9∗∗∗ (4.00)
Year==1999 0.301∗∗∗ (9.79) 1875.8∗∗∗ (6.20)
Year==2000 0.370∗∗∗ (12.06) 2548.3∗∗∗ (8.44)
Year==2001 0.414∗∗∗ (12.83) 2830.6∗∗∗ (8.92)
Year==2002 0.435∗∗∗ (13.63) 3055.8∗∗∗ (9.74)
Year==2003 0.533∗∗∗ (16.92) 4139.5∗∗∗ (13.35)
Year==2004 0.651∗∗∗ (20.82) 5508.5∗∗∗ (17.92)
Village -0.00619 (-0.11) -2347.2∗∗∗ (-4.41)
Size 0.422∗∗∗ (17.00) -5397.5∗∗∗ (-22.10)
Constant 11.37∗∗∗ (94.49) 33447.6∗∗∗ (28.25)
Komm dummies Yes Yes
Observations 906 906
R2 0.704 0.675
Adjusted R2 0.692 0.662
rmse 0.179 1765.1

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

B.2.2 FINN.no sample (2005-2015)

We divide the country into counties instead of labour market regions due to insufficient

number of observations. The number of municipality indicators per region is too high to fit

on a page, so the individual coefficients are not shown in the outputs below, but indicated

by “Komm dummies”.

Regressors: size, year, age, village dummy, municipality (city region (bydel) instead of

municipality for Oslo)
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Table B.7: Nordland

LnPrice Sqmprice
Age==2 -0.0857∗∗∗ (-6.12) -1600.3∗∗∗ (-6.04)
Age==3 -0.220∗∗∗ (-16.03) -4165.5∗∗∗ (-16.06)
Age==4 -0.229∗∗∗ (-18.36) -4538.3∗∗∗ (-19.22)
Year==2006 0.206∗∗∗ (8.42) 3027.4∗∗∗ (6.55)
Year==2007 0.286∗∗∗ (12.64) 4105.0∗∗∗ (9.58)
Year==2008 0.257∗∗∗ (11.73) 3718.6∗∗∗ (8.97)
Year==2009 0.267∗∗∗ (12.52) 3799.6∗∗∗ (9.43)
Year==2010 0.317∗∗∗ (15.40) 4622.3∗∗∗ (11.86)
Year==2011 0.423∗∗∗ (20.07) 6355.0∗∗∗ (15.92)
Year==2012 0.490∗∗∗ (23.44) 7552.7∗∗∗ (19.08)
Year==2013 0.556∗∗∗ (26.13) 8734.0∗∗∗ (21.69)
Year==2014 0.599∗∗∗ (28.59) 9717.3∗∗∗ (24.51)
Year==2015 0.669∗∗∗ (31.52) 11322.7∗∗∗ (28.18)
Year==2016 0.700∗∗∗ (31.54) 12099.3∗∗∗ (28.80)
Village 0.0633∗∗ (3.11) 1169.0∗∗ (3.04)
Size 0.555∗∗∗ (37.85) -8074.0∗∗∗ (-29.10)
Constant 11.73∗∗∗ (159.78) 55243.2∗∗∗ (39.76)
Komm dummies Yes Yes
Observations 2257 2257
R2 0.764 0.715
Adjusted R2 0.760 0.710
rmse 0.164 3112.2

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.8: Nord-Trondelag

LnPrice Sqmprice
Age==2 -0.155∗∗∗ (-9.62) -3533.6∗∗∗ (-12.68)
Age==3 -0.253∗∗∗ (-17.46) -5107.1∗∗∗ (-20.32)
Age==4 -0.239∗∗∗ (-16.45) -4856.3∗∗∗ (-19.28)
Year==2006 0.164∗∗∗ (5.43) 1767.7∗∗∗ (3.38)
Year==2007 0.305∗∗∗ (11.02) 3697.6∗∗∗ (7.72)
Year==2008 0.258∗∗∗ (10.12) 2987.7∗∗∗ (6.76)
Year==2009 0.273∗∗∗ (11.05) 3124.6∗∗∗ (7.30)
Year==2010 0.370∗∗∗ (15.33) 4655.0∗∗∗ (11.14)
Year==2011 0.503∗∗∗ (20.33) 6542.3∗∗∗ (15.28)
Year==2012 0.560∗∗∗ (23.23) 7474.2∗∗∗ (17.91)
Year==2013 0.596∗∗∗ (24.16) 8256.8∗∗∗ (19.33)
Year==2014 0.610∗∗∗ (25.23) 8442.7∗∗∗ (20.18)
Year==2015 0.645∗∗∗ (26.48) 9201.0∗∗∗ (21.82)
Year==2016 0.680∗∗∗ (26.79) 9856.8∗∗∗ (22.44)
Village 0.0846∗∗∗ (3.75) 1847.5∗∗∗ (4.73)
Size 0.518∗∗∗ (28.51) -8230.3∗∗∗ (-26.17)
Constant 11.46∗∗∗ (125.29) 49456.5∗∗∗ (31.21)
Komm dummies Yes Yes
Observations 1283 1283
R2 0.807 0.791
Adjusted R2 0.803 0.787
rmse 0.140 2433.0

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

B.3 Apartments

B.3.1 Ambita sample (1995-2004)

We divide the country into regions as in Melby and Thomassen (2009) instead of labour

market regions due to insufficient number of observations. The number of municipality in-

dicators per region is too high to fit on a page, so the individual coefficients are not shown in

the outputs below, but indicated by “Komm dummies”. Regressors: size, age, year, storey,

municipality (city region (bydel) instead of municipality for Oslo)
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Table B.9: Vestfold

LnPrice Sqmprice
Age==2 -0.184∗∗∗ (-9.15) -3363.5∗∗∗ (-7.78)
Age==3 -0.283∗∗∗ (-9.01) -4542.8∗∗∗ (-6.74)
Age==4 -0.0525∗ (-2.41) -883.2 (-1.89)
Year==1996 0.0615 (1.12) 541.4 (0.46)
Year==1997 0.395∗∗∗ (8.05) 4621.8∗∗∗ (4.39)
Year==1998 0.403∗∗∗ (8.39) 3527.1∗∗∗ (3.42)
Year==1999 0.497∗∗∗ (10.54) 4483.8∗∗∗ (4.44)
Year==2000 0.622∗∗∗ (13.49) 5907.9∗∗∗ (5.98)
Year==2001 0.807∗∗∗ (17.53) 9439.6∗∗∗ (9.56)
Year==2002 0.843∗∗∗ (18.79) 9400.5∗∗∗ (9.77)
Year==2003 0.932∗∗∗ (20.90) 11243.5∗∗∗ (11.75)
Year==2004 0.970∗∗∗ (21.82) 12314.1∗∗∗ (12.91)
Storey==02 0.0490∗∗ (2.82) 527.8 (1.41)
Storey==03 0.111∗∗∗ (5.57) 1308.7∗∗ (3.07)
Storey==04 0.144∗∗∗ (5.01) 2401.9∗∗∗ (3.88)
Storey==05 0.284∗∗∗ (6.03) 5233.4∗∗∗ (5.17)
Storey==> 5 -0.0496 (-0.90) -1251.2 (-1.05)
Size 0.741∗∗∗ (26.76) -5646.1∗∗∗ (-9.50)
Constant 10.03∗∗∗ (74.91) 33905.2∗∗∗ (11.81)
Komm dummies Yes Yes
Observations 1624 1624
R2 0.670 0.387
Adjusted R2 0.664 0.377
rmse 0.274 5878.3

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.10: Vest-Agder

LnPrice Sqmprice
Age==2 -0.159∗∗∗ (-5.48) -2669.1∗∗∗ (-3.65)
Age==3 -0.494∗∗∗ (-17.72) -8437.2∗∗∗ (-12.02)
Age==4 -0.355∗∗∗ (-15.75) -5028.6∗∗∗ (-8.86)
Year==1996 0.0548 (1.05) 658.1 (0.50)
Year==1997 0.192∗∗∗ (3.77) 2843.2∗ (2.22)
Year==1998 0.226∗∗∗ (4.55) 2861.4∗ (2.29)
Year==1999 0.368∗∗∗ (7.58) 4661.9∗∗∗ (3.81)
Year==2000 0.436∗∗∗ (8.62) 5110.2∗∗∗ (4.00)
Year==2001 0.732∗∗∗ (15.64) 12622.2∗∗∗ (10.70)
Year==2002 0.650∗∗∗ (13.60) 7904.4∗∗∗ (6.56)
Year==2003 0.682∗∗∗ (14.17) 8502.3∗∗∗ (7.00)
Year==2004 0.816∗∗∗ (18.11) 11325.4∗∗∗ (9.97)
Storey==02 0.0533∗ (2.50) 1480.7∗∗ (2.75)
Storey==03 0.0814∗∗∗ (3.53) 1349.0∗ (2.32)
Storey==04 0.122∗∗∗ (4.08) 2489.0∗∗∗ (3.31)
Storey==05 0.225∗∗∗ (5.41) 3041.6∗∗ (2.90)
Storey==> 5 0.121 (1.66) 865.7 (0.47)
Size 0.747∗∗∗ (28.90) -6767.8∗∗∗ (-10.38)
Constant 10.31∗∗∗ (83.42) 40728.0∗∗∗ (13.07)
Komm dummies Yes Yes
Observations 1644 1644
R2 0.667 0.309
Adjusted R2 0.662 0.298
rmse 0.331 8341.1

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

B.3.2 FINN.no sample (2005-2015)

Regressors: size, age, year, storey, municipality (city region (bydel) instead of municipality

for Oslo)
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Table B.11: Hamar

LnPrice Sqmprice
Age==2 -0.143∗∗∗ (-16.44) -3751.4∗∗∗ (-17.10)
Age==3 -0.228∗∗∗ (-25.27) -5641.1∗∗∗ (-24.82)
Age==4 -0.246∗∗∗ (-35.41) -6398.3∗∗∗ (-36.56)
Komm==0412 -0.221∗∗∗ (-27.03) -5227.0∗∗∗ (-25.35)
Komm==0415 -0.348∗∗∗ (-23.09) -8178.0∗∗∗ (-21.57)
Komm==0417 -0.163∗∗∗ (-18.98) -4122.5∗∗∗ (-19.09)
Year==2006 0.0823∗∗∗ (6.51) 1585.2∗∗∗ (4.98)
Year==2007 0.162∗∗∗ (13.06) 3068.9∗∗∗ (9.81)
Year==2008 0.154∗∗∗ (12.19) 3009.8∗∗∗ (9.46)
Year==2009 0.150∗∗∗ (12.11) 2929.2∗∗∗ (9.39)
Year==2010 0.227∗∗∗ (18.81) 4478.3∗∗∗ (14.78)
Year==2011 0.259∗∗∗ (20.99) 5159.0∗∗∗ (16.61)
Year==2012 0.331∗∗∗ (26.47) 6972.1∗∗∗ (22.19)
Year==2013 0.376∗∗∗ (29.69) 7968.2∗∗∗ (25.03)
Year==2014 0.407∗∗∗ (33.73) 8738.8∗∗∗ (28.78)
Year==2015 0.490∗∗∗ (40.57) 11028.1∗∗∗ (36.30)
Year==2016 0.549∗∗∗ (41.92) 12904.5∗∗∗ (39.15)
Storey==02 0.0218∗∗ (2.78) 555.1∗∗ (2.81)
Storey==03 0.0750∗∗∗ (8.16) 1880.7∗∗∗ (8.14)
Storey==04 0.0936∗∗∗ (8.81) 2504.0∗∗∗ (9.37)
Storey==05 0.130∗∗∗ (6.01) 4054.6∗∗∗ (7.47)
Storey==> 5 0.0421∗∗∗ (6.30) 1208.1∗∗∗ (7.19)
Size 0.779∗∗∗ (89.79) -4908.7∗∗∗ (-22.47)
Constant 10.87∗∗∗ (283.20) 42988.8∗∗∗ (44.51)
Observations 5035 5035
R2 0.762 0.530
Adjusted R2 0.761 0.528
rmse 0.175 4397.7

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.12: Stavanger

LnPrice Sqmprice
Age==2 -0.0959∗∗∗ (-34.26) -3285.0∗∗∗ (-33.63)
Age==3 -0.205∗∗∗ (-78.55) -7023.3∗∗∗ (-77.32)
Age==4 -0.207∗∗∗ (-89.68) -7171.0∗∗∗ (-89.23)
Komm==1102 0.290∗∗∗ (38.91) 8432.5∗∗∗ (32.43)
Komm==1103 0.446∗∗∗ (60.53) 13868.9∗∗∗ (53.99)
Komm==1111 -0.167∗∗∗ (-5.09) -3990.4∗∗∗ (-3.48)
Komm==1112 -0.346∗∗∗ (-6.18) -9017.3∗∗∗ (-4.62)
Komm==1114 -0.154∗∗∗ (-3.86) -4554.4∗∗ (-3.27)
Komm==1119 0.0920∗∗∗ (9.65) 1531.0∗∗∗ (4.60)
Komm==1120 0.215∗∗∗ (23.41) 5542.0∗∗∗ (17.28)
Komm==1121 0.205∗∗∗ (25.00) 5085.2∗∗∗ (17.78)
Komm==1122 0.153∗∗∗ (14.89) 3317.3∗∗∗ (9.25)
Komm==1124 0.366∗∗∗ (44.09) 10847.0∗∗∗ (37.50)
Komm==1127 0.390∗∗∗ (37.78) 11489.5∗∗∗ (31.88)
Komm==1129 -0.340∗ (-2.31) -1661.0 (-0.32)
Komm==1130 0.0401∗∗∗ (3.92) 169.7 (0.48)
Komm==1133 -0.0460 (-1.15) -2344.5 (-1.68)
Komm==1141 -0.0794∗ (-2.42) -3585.4∗∗ (-3.13)
Komm==1142 0.171∗∗∗ (12.57) 3449.0∗∗∗ (7.28)
Year==2006 0.204∗∗∗ (41.57) 4474.9∗∗∗ (26.19)
Year==2007 0.390∗∗∗ (82.42) 9564.3∗∗∗ (58.00)
Year==2008 0.371∗∗∗ (78.65) 9121.0∗∗∗ (55.40)
Year==2009 0.376∗∗∗ (82.29) 9270.1∗∗∗ (58.21)
Year==2010 0.499∗∗∗ (111.44) 13164.4∗∗∗ (84.20)
Year==2011 0.610∗∗∗ (134.13) 17182.5∗∗∗ (108.27)
Year==2012 0.694∗∗∗ (153.91) 20440.0∗∗∗ (129.98)
Year==2013 0.727∗∗∗ (159.84) 21720.3∗∗∗ (136.85)
Year==2014 0.701∗∗∗ (155.57) 20599.3∗∗∗ (131.08)
Year==2015 0.660∗∗∗ (141.80) 19045.5∗∗∗ (117.25)
Year==2016 0.611∗∗∗ (116.22) 17039.1∗∗∗ (92.91)
Storey==02 0.0170∗∗∗ (5.81) 671.1∗∗∗ (6.58)
Storey==03 0.0393∗∗∗ (11.48) 1585.4∗∗∗ (13.29)
Storey==04 0.0448∗∗∗ (11.00) 1950.3∗∗∗ (13.74)
Storey==05 0.102∗∗∗ (16.17) 4003.1∗∗∗ (18.26)
Storey==> 5 0.0202∗∗∗ (8.15) 873.1∗∗∗ (10.08)
Size 0.580∗∗∗ (213.30) -14779.4∗∗∗ (-155.91)
Constant 11.41∗∗∗ (803.17) 75264.5∗∗∗ (151.87)
Observations 29217 29217
R2 0.792 0.762
Adjusted R2 0.791 0.762
rmse 0.147 5124.9

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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B.4 Holiday houses

FINN.no data do not contain information about holiday houses, so only Ambita data is used.

B.4.1 Ambita sample (1995-2004)

We divide the country into counties instead of labour market regions due to insufficient

number of observations. The number of municipality indicators per region is too high to fit

on a page, so the individual coefficients are not shown in the outputs below, but indicated

by “Komm dummies”.

Regressors: size, year, municipality

Table B.13: Sor-Trondelag

LnPrice Sqmprice
Year==1996 0.0427 (0.57) 147.0 (0.20)
Year==1997 0.336∗∗∗ (4.48) 3037.4∗∗∗ (4.13)
Year==1998 0.177∗ (2.56) 1257.2 (1.86)
Year==1999 0.207∗∗ (2.87) 1422.9∗ (2.02)
Year==2000 0.215∗∗ (3.12) 1444.1∗ (2.14)
Year==2001 0.353∗∗∗ (5.22) 2860.9∗∗∗ (4.31)
Year==2002 0.283∗∗∗ (4.15) 2256.9∗∗∗ (3.37)
Year==2003 0.466∗∗∗ (6.92) 4290.3∗∗∗ (6.48)
Year==2004 0.403∗∗∗ (6.07) 3728.2∗∗∗ (5.72)
Size 0.712∗∗∗ (21.06) -2452.4∗∗∗ (-7.39)
Constant 9.640∗∗∗ (65.15) 15031.9∗∗∗ (10.35)
Komm dummies Yes Yes
Observations 1744 1744
R2 0.426 0.124
Adjusted R2 0.415 0.108
rmse 0.518 5085.7

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.14: Hedmark

LnPrice Sqmprice
Year==1996 -0.0351 (-0.54) -758.9 (-1.11)
Year==1997 -0.00509 (-0.08) -553.4 (-0.81)
Year==1998 0.0783 (1.26) 170.4 (0.26)
Year==1999 0.0360 (0.61) -505.2 (-0.81)
Year==2000 0.320∗∗∗ (5.37) 1953.2∗∗ (3.10)
Year==2001 0.506∗∗∗ (8.90) 4490.8∗∗∗ (7.47)
Year==2002 0.450∗∗∗ (7.74) 3195.6∗∗∗ (5.21)
Year==2003 0.515∗∗∗ (8.91) 3979.1∗∗∗ (6.52)
Year==2004 0.538∗∗∗ (9.52) 4272.1∗∗∗ (7.17)
Size 0.890∗∗∗ (25.85) -632.6 (-1.74)
Constant 9.129∗∗∗ (34.02) 10573.3∗∗∗ (3.73)
Komm dummies Yes Yes
Observations 2085 2085
R2 0.472 0.186
Adjusted R2 0.465 0.174
rmse 0.515 5433.3

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

B.4.2 Ambita sample (2005-2015)

We divide the country into counties instead of labour market regions due to insufficient

number of observations. The number of municipality indicators per region is too high to fit

on a page, so the individual coefficients are not shown in the outputs below, but indicated

by “Komm dummies”.

Regressors: size, year, municipality
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Table B.15: Rogaland

LnPrice Sqmprice
Year==2006 0.286∗∗∗ (4.65) 2640.9∗∗ (2.73)
Year==2007 0.348∗∗∗ (5.39) 4598.5∗∗∗ (4.53)
Year==2008 0.380∗∗∗ (5.97) 5013.3∗∗∗ (5.01)
Year==2009 0.505∗∗∗ (7.85) 7205.9∗∗∗ (7.11)
Year==2010 0.489∗∗∗ (7.88) 6527.9∗∗∗ (6.68)
Year==2011 0.511∗∗∗ (8.47) 6705.8∗∗∗ (7.06)
Year==2012 0.666∗∗∗ (10.94) 9755.7∗∗∗ (10.18)
Year==2013 0.610∗∗∗ (9.84) 9239.5∗∗∗ (9.46)
Year==2014 0.559∗∗∗ (8.99) 7326.1∗∗∗ (7.49)
Year==2015 0.673∗∗∗ (10.67) 10163.2∗∗∗ (10.24)
Size 0.760∗∗∗ (21.96) -3461.2∗∗∗ (-6.35)
Constant 10.19∗∗∗ (65.77) 27811.6∗∗∗ (11.40)
Komm dummies Yes Yes
Observations 2633 2633
R2 0.303 0.201
Adjusted R2 0.293 0.191
rmse 0.649 10223.8

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B.16: Oppland

LnPrice Sqmprice
Year==2006 0.147∗∗∗ (4.92) 1728.6∗∗∗ (3.90)
Year==2007 0.304∗∗∗ (10.46) 4127.9∗∗∗ (9.57)
Year==2008 0.359∗∗∗ (11.82) 4732.7∗∗∗ (10.50)
Year==2009 0.377∗∗∗ (12.27) 4792.3∗∗∗ (10.51)
Year==2010 0.323∗∗∗ (10.91) 4045.7∗∗∗ (9.20)
Year==2011 0.399∗∗∗ (13.02) 4939.0∗∗∗ (10.87)
Year==2012 0.351∗∗∗ (11.55) 4366.1∗∗∗ (9.69)
Year==2013 0.441∗∗∗ (14.44) 5610.4∗∗∗ (12.38)
Year==2014 0.489∗∗∗ (16.45) 6476.4∗∗∗ (14.69)
Year==2015 0.532∗∗∗ (18.36) 7098.8∗∗∗ (16.53)
Size 0.690∗∗∗ (42.98) -3454.5∗∗∗ (-14.50)
Constant 10.39∗∗∗ (132.39) 25126.9∗∗∗ (21.59)
Komm dummies Yes Yes
Observations 11239 11239
R2 0.286 0.116
Adjusted R2 0.284 0.113
rmse 0.669 9919.8

t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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