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1. Introduction

1.1

Background

An actualized transaction price in housing market is always a result from a
bargaining process between a seller and a buyer. In this study, we want to find
out whether the bargaining process is favoring either market participant and
therefore leading to inefficiencies in the Helsinki housing market. To address
this research question, we estimate a hedonic price model and, with techniques
from econometric efficiency analysis (Greene 2008a; Kuosmanen and Kortelainen 2012), find out whether the realized transaction price has been “fair” in
terms of apartment characteristics. If the actualized price from a housing transaction differs from the estimated price, we can conclude that there is some inefficiency present in the market. Our results suggest that, on aggregate level, buyers have advantage over sellers in Helsinki housing markets. But there are also
some market segments where sellers seem to have bargaining power against
buyers.
Why are we interested in studying the efficiency of the housing market in Helsinki? The understanding of housing markets and their functioning has become
an important research topic in economics since several depressions have been
linked to housing markets. The recent global financial crisis in 2008 began from
uncontrolled subprime mortgages to low-income households in the United
States (Financial Crisis Inquiry Commission 2011; Shiller 2012). Also European
countries, among them Ireland and Spain, have suffered from overheated housing markets in recent years. Since then, macroprudential indicators that prevent
housing market booms have become essential elements in financial supervisory
authorities’ toolbox. The aim of these macroprudential tools and regulation is
to reduce especially the systemic risk (Eerola 2016).
The macroeconomic perspective to housing market is not, however, the focus
in this research. Instead, we aim our attention to the microeconomic level. To
motivate the choice, we could always state that the macroeconomic picture is a
constitution of microeconomic particles, and therefore the understanding of
price formation of housing in the micro-level is crucial for several reasons. First,
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statistics related to housing prices are always constructed from micro-level
transaction data, so it is important to measure the price changes as well as possible (see e.g. Hulten 2003; Diewert 2003). Different measurement techniques
to construct housing price indices are used (Koev 2003), but all of them make
use of micro-level data. Second, housing prices have a straightforward connection to households’ wealth and spending. As most of households’ wealth is in
real estate, the changes in housing prices determine variations in the wealth of
households. Also the agents in housing markets are always single households,
so enhancing the functionality of those markets is in the households’ interests.
Thirdly, the housing prices and their changes are frequently in the news as the
media likes to promote issues that are close to the majority of the households.
Thus, the situation in the housing market has influence on the expectations of
buyers and sellers operating in the market.
We estimate a hedonic price function from real transaction data that consists
of all housing transactions carried out in Helsinki during a period between 2011
and 2012. Our data consists of almost 3,500 housing transactions from blocks
of flats. Helsinki is a natural choice to examine Finnish housing markets since
housing markets are always local and they have to be large enough. As a capital
city of Finland, Helsinki satisfies these requirements well.
To guarantee that the reader understands the aim of the study, we need to
clarify four basic concepts in our thesis. These are 1) hedonic price, 2) semiparametric estimation, 3) frontier estimation and 4) efficiency. Next we briefly go
through all of these concepts and more exhaustive presentation is following in
forthcoming chapters. We start from the hedonic pricing.
Hedonic pricing is a concept where the realized and observed transaction
price of a given commodity is explained by its characteristics and other uncontrolled factors. Thus, the observed price is regressed on the characteristics to
obtain marginal effects of different attributes. Meanwhile, all uncontrolled factors affecting price are captured in the regression error term. The history of hedonic pricing dates back to 1920 when the first economic applications considered land values (Lloyd 1920). Even before the last century, land prices had been
in the central focus in economics (Smith 1776; Ricardo 1815; von Thünen 1826).
Since Lloyd (1920), research related to the hedonic pricing was quite scant. The
field of hedonic modeling emerged after the seminal works of Lancaster (1966),
Griliches (1971) and Rosen (1974), which made the hedonic price theory a very
popular research area. Hedonic theory has also numerous applications in the
housing market context (see e.g. Horowitz 1992; Sirmans et al. 1995; Harding
et al. 2003; Goetzmann and Peng 2008; Haupt et al. 2010; Lisi and Iacobini
2013).
Sherwin Rosen (1974) was the first to explicitly associate the markets and
price formation with hedonic values. After Rosen’s seminal work, countless
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studies have applied hedonic pricing, but still the methodological challenges remain. How should hedonic price function be estimated? As computational capacity has increased rapidly from the 1970’s, problems that are more complex
than those a few years earlier are nowadays possible to calculate. Combining
new estimation methods of common problems can open new interesting venues
for future research.
Semiparametric estimation is a combination of parametric and nonparametric methods. Chen (2007) defines them as follows:
“An econometric model is termed “parametric” if all of its parameters are in
finite dimensional parameter spaces; a model is “nonparametric” if all of its
parameters are in infinite-dimensional parameter spaces; a model is “semiparametric” if its parameters of interests are in finite-dimensional spaces but
its nuisance parameters are in infinite-dimensional spaces; a model is “seminonparametric” if it contains both finite-dimensional and infinite-dimensional
unknown parameters of interests.” Chen (2007), p. 5552, footnote 1.
Therefore, in parametric estimation, distributional assumptions as well as the
functional form are a priori fixed. Whereas, in the case of nonparametric estimation, all pre-assumptions are relaxed. This implies that semiparametric estimation has some preconditions regarding the functional form and it can be
based on distributional assumptions or not. By its nature, semiparametric estimation has two consequences (Greene 2008b). First, semiparametric estimator
is more robust than the parametric version since it is not so sensitive to misspecification of the functional form. On the other hand, better robustness of
semiparametric estimator leads to slower rate of convergence compared to parametric estimator if the parametric model has the correct specification. However, the second consequence arises as a cost of robustness. Without distributional assumptions, semiparametric estimator is inefficient when compared
against the parametric one. This of course requires that the distributional assumption in the parametric estimation is correct.
Frontier estimation is based on the production function that characterizes
how given inputs are turned to observed output(s). Production frontier then defines the maximum production. In the production frontier context (Koopmans
1951; Debreu 1951; Farrell 1957), all producers are not assumed to operate efficiently. The one-sided deviation from the frontier is then denoted as inefficiency. Production frontier can be derived also without an estimation procedure
by using mathematical programming techniques (Charnes et al. 1978). Despite
the method for producing the frontier, the objective is typically to obtain a yardstick and, with the help of that, compare different firms or other decision-making units to each other.

3

In the frontier estimation context (Aigner et al. 1977; Meeusen and van den
Broeck 1977), the focus is towards regression residuals instead of parameter values of regressors, which is the more common case in the standard estimation
framework. In our context, we estimate the hedonic price frontier with semiparametric method (Kuosmanen and Kortelainen 2012) which represents the ‘fair’
or ‘market optimal’ price for an apartment with given characteristics. To be precise, we are not setting a frontier in a more familiar context (Kumbhakar and
Lovell 2000; Fried et al. 2008; Coelli et al. 2005) where the function envelopes
the data points or is shifted by the inefficiency term but more as an average price
function which will go through all observations. Therefore, actualized market
price can be either higher or lower than estimated fair price.
Efficiency in this thesis is determined to mean the ratio of observed transaction price to the estimated transaction price with given characteristics. These
estimated transaction prices form a hedonic price function where all points
characterize the estimated market equilibrium between buyers and sellers. The
existence of an equilibrium is supported by earlier studies (Turnbull et al. 1990;
Turnbull and Sirmans 1993; Kumbhakar and Parmeter 2010). Market is then
efficient if the sum of observed price deviations from the hedonic price function
is zero. If this is not the case, we say that the market is inefficient. In this case
the regression residuals are skewed either positively (favoring buyers) or negatively (favoring sellers). Based on skewness we are able to say which one the
market participants is gaining in the market on aggregate level and we can
choose the correct specification to model the inefficiency. We cannot say anything about efficiency of individual transactions since point estimates are inconsistent, but based on the skewness of regression residuals, some inferences regarding efficiency of the market can be drawn (Kuosmanen and Fosgerau,
2009). An efficient buyer is the one who is paying the lowest possible amount of
the product being bought. Respectively, an efficient seller gets the highest possible price from the product being sold. This means that inefficiency for buyer
means paying higher price and for seller paying lower price than model estimates. This inefficiency loss can be measured also in monetary terms.
In the field of economics, efficiency as a term can have multiple interpretations, and therefore it is important to be explicit with the concept. As in the case
of frontier estimation discussed above, efficiency is measured as technical efficiency, and, by combining the allocative and technical efficiencies, it is relevant
to talk about productive efficiency. Earlier studies have used the concept of technical efficiency when estimating the hedonic price frontiers in the housing market context (Samaha and Kamakura 2008). Although the concept might have
been termed differently by the authors, the meaning is the same in our allocative
efficiency case. In this study the concept of allocative efficiency characterizes the
deviation of market surplus between buyers and sellers. Thus, we want to find
out whether one or the other of the market participants has bargaining power
in terms of allocative efficiency.
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Introduction

This study contributes in several ways to the existing literature. First, to our
knowledge this is the first application that uses these specific econometric methods to housing market analysis. Second, we estimate with a hedonic price function in terms of efficiency analysis to find out the bargaining situation in the
housing market. There are only few previous studies that apply a similar kind of
an approach, and none of them are identical to the approach considered in this
study. Our paper differs for example from Kumbhakar and Parmeter (2010) that
we do not have information about the buyer and seller types. With their data
they could estimate the willingness to pay and willingness to accept measures in
housing market context. Moreover, Samaha and Kamakura (2008) applied geographically weighted model to estimate the willingness to pay on real estates.
We are not deriving the demand functions since we do not have the data on list
prices but we are able to say something about the functionality of housing markets and suggest some policy recommendations.
Why is the efficiency of the housing market important? In answering this
question, we limit our point of view to microperspective. We point out three aspects, namely information, labor market and wealth issues. First, as in every
market setting, a higher efficiency measure indicates well-performing trade, as
the price formation is apparent. The information regarding the housing market
and housing prices has increased enormously in the space of 20 years as the
internet makes price data available for everyone. In Finland, the relevant authority also reports the realized transactions, which helps both market participants to find out the appropriate price level of a given apartment. Increased
availability of information has improved the housing market, thus making it
more efficient. However, even though price information may be visible also in
rural areas, the market there is not as liquid as in cities. Therefore, besides the
increase in information we should pay attention also to the volume of trade.
Good liquidity guarantees that it is possible to sell an apartment despite any
macroeconomic shock.
Secondly, a well-functioning housing market is relevant also for labor market
(see e.g. Saks 2008; Andrews 2011). Efficient housing market reduces the barriers that households must overcome when they are making decisions regarding
migration to some other labor market region. As in other countries, the housing
markets in Finland are always local and they have their special characteristics
arising from factors such as demographics and economy. In addition, urbanization is an ongoing process that polarizes the housing market between regions.
In these circumstances, it is quite relevant how the housing market performs. A
better performing housing market can help households in search of a job to
move, and consequently it improves the total economy by allocating labor in
those industries and firms that are more productive.
Our third point is related to households’ assets. Most of households’ wealth is
in real estate. This wealth is determined by released statistics on housing prices.
Housing prices and their movements have immediate influence on household’s
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decisions on spending, debt and savings. A house or an apartment is typically
the most expensive single purchase that a household makes. Indeed, homeownership is seen as natural and rather secure format of saving for households.
Also governments create incentives through the tax code.
In addition, ageing Europe and especially Finland are finding ways to release
housing equity to finance their increasing health care costs. An efficient housing
market enables one to keep track of how much each household has wealth in
real estate and of the possibilities to liquidate that into cash. Thus, increasing
people’s knowledge of housing price formation and the efficiency of housing
market are important also from this perspective.

1.2

Objectives of the study

This study is based on quantitative techniques used in economic analysis. Our
study is more application-driven than theory-orientated, which provides fruitful
conditions also for policy analysis. The objectives of this study are as follows:
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x

We try to increase the methodological possibilities in estimating hedonic
housing price function. Namely, we estimate the hedonic housing price
function with a nonparametric method referred to as the convex nonparametric least squares (CNLS) method. To our knowledge, this study
could be one of the first studies that uses CNLS in estimating hedonic
price function.

x

We estimate the bargaining power of housing market participants by using an econometric efficiency analysis. Housing markets are a widelystudied research area, but there are rather few studies that combine
econometric efficiency analysis with housing markets. In this respect,
this is the first study that uses this combination in Helsinki housing markets. The main idea behind our analysis is to divide the unexplained part
of the econometric model into two parts where the random part that cannot explain the housing price follows normal distribution assumptions
and the deterministic part is denoted as the inefficiency cost. To calculate that cost, we apply a rather new estimation technique known as stochastic nonparametric envelopment of data. We estimate two separate
models, one for buyers and one for sellers and the categorization between models is done by the skewness of residuals.

x

Besides contributing to quantitative methods used in economics, this
study combines, in a unique manner, strands from production economics, urban economics and information economics. As an application-
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driven study in a quantitatively-orientated field can easily lack substance, we argue that this study can contribute in some way to interdisciplinary research in economics.
x

1.3

The last objective of this study is to improve the functionality of housing
markets in order to increase information to consumers and enhance the
conditions for practicing better housing policy. Research should always
make contributions also outside academic circles. Therefore, we try to
popularize our results, without employing statistical jargon, by interpreting them in monetary terms.

Structure of the study

The study is organized as follows. After this introductory chapter, we present
the theory of hedonic prices. The presentation follows directly Rosen’s (1974)
seminal paper. After that, earlier research is summarized in the style of literature review. Then we discuss the form of hedonic price function. Finally, in Section 2.4 we discuss the empirical challenges related to the hedonic pricing
framework.
In Chapter 3, we present the data used in our analysis. First, we discuss the
traditional modeling approach in estimating hedonic housing price functions.
After this, in Section 3.3, we analyze our data in detail and describe the special
properties related to Finnish housing markets. At the end of Chapter 3, we present our results and perform our specification tests.
Chapter 4 is devoted to the nonparametric estimation of hedonic price function. We apply the convex nonparametric least squares (CNLS) method to our
housing data. This hedonic price function is estimated with constrained optimization, and it utilizes the least-squares technique while incorporating more flexibility in the terms of the functional form. However, with larger samples the
computation is time-consuming: the dimensions are exponentially increasing
as the number of variables included in the model increases. In the end of this
chapter, we present the results and discuss the appropriateness of this estimation technique.
In Chapter 5, we test the distributional assumptions of CNLS regression residuals. Based on this analysis, we can decide whether it will be worthwhile to continue addressing our main research question any further. If the residuals exhibit
skewness behavior, we can proceed to investigate whether inefficiencies are present in the housing market.
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Finally, Chapter 6 consists of estimation of the efficiency measures for every
submarket. The regression results concerning the marginal effects remain the
same as in Chapter 4, the StoNED estimation technique having been built on
the CNLS approach. Therefore, our focus is on the composite residual terms
from each regression. We estimate separate models for buyers and sellers. We
know which one of the market participants are gaining at the expense of other
due to the skewness of regression residuals. After the statistical analysis, we try
to describe the market situation with monetary terms related to bargaining
power. At the end of Chapter 6, we briefly point out some policy recommendations and consider possible future research directions. Finally, in Chapter 7, we
briefly summarize our study and its findings. In addition, we assess the way we
achieved our objectives. At the end, we discuss the limitations of our study and
pave the way for future research.
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2. Theory of hedonic price functions

2.1

Introduction

Housing is a typical example where the price is determined by various nonpriced characteristics. In traditional consumer choice theory, consumer faces
the problem of choosing consumption levels of the various goods and services
that are available for purchase in the market. In the case of housing, these apartment characteristics can be interpreted because they are formed from a bundle
of various consumption decisions by consumer. As all houses are different from
each other with respect to these characteristics, housing markets provide a fruitful setting to examine how these quality factors influence the market price of a
house. This valuation of non-priced characteristics is called hedonic pricing, and
housing markets is probably the most active research area in this field.
Housing prices have attracted economists’ attention for several reasons in recent years. Besides the importance of housing prices to macroeconomic stability
discussed previously in the introduction, housing prices are also highly relevant
on the microeconomic scale. They determine households’ behavior regarding
their decisions on spending, saving and debt. Therefore, it is important to understand the price formation of housing as accurately as possible. Next we present the tradition of hedonic price theory, which is the key concept when studying the housing prices on the microeconomic level. The theory of hedonic prices
is presented in Rosen (1974), and we encompass the basic concepts of it here.
The same kind of representation can also be found in Laakso (1997).

2.2

Hedonic price function

The existence of hedonic price function is first examined from the viewpoint
of demand as a decision problem of a buyer in the housing markets. After that,
we characterize the same problem for the seller or for the producer, which solves
the supply side of the housing market. Once these optimization problems have
been solved, the hedonic price results and the market forms an equilibrium.
9

Suppose we have a product with n characteristics  ݖൌ ሺݖଵ ǡ ݖଶ ǡ ݖଷ ǡ ǥ ǡ ݖ ሻ which
are objectively measured. All consumers can perceive these characteristics in
the same way, but their valuation of these characteristics can vary. Assume also
that there are enough products in markets that are competitive and consumers
can choose the product from a continuum of characteristics ݖ. In the original
paper, Rosen (1974) assumes as simplification that there are no secondary markets, and thus all products are consumed as they are bought. In the case of housing markets, we dismiss this proposition since housing is to a great extent dominated by secondary markets.
Every product has a market price determined by its characteristics ሺܢሻ ൌ
ሺݖଵ ǡ ݖଶ ǡ ǥ ǡ ݖ ሻ, which is called the hedonic price function. The function relates
prices and characteristics and gives the minimum price of a product with characteristics ݖ. We assume that ሺܢሻ is increasing and continuous in all its arguments. Additional regularity conditions are not needed since market consists of
differentiated products which are sold separately. The linearity assumption of
ሺܢሻ is also irrelevant since buyers’ valuations of characteristics can vary in a
nonlinear fashion regarding the characteristics.
A) Buyer’s optimization problem
To characterize the buyer’s decision problem suppose that the buyer bought
only one unit of a certain good with certain characteristics z. The consumer utility function is then written as ܷሺݔǡ ݖଵ ǡ ݖଶ ǡ ǥ ǡ ݖ ሻ, where  ݔrepresents the consumption of goods other than housing. We assume that ܷሺሻ is strictly concave
and a twice-differentiable continuous function. If we set the price of  ݔto unity
and denote the buyer’s income with ݕ, the buyer’s optimization problem can be
characterized as
 ܷሺݔǡ ݖଵ ǡ ǥ ǡ ݖ ሻ
ݏǤ ݐǤ ݕൌ  ݔ ሺݖሻ

(2.1)

The solution to this maximization problem gives us  ݔand ሺݖଵ ǡ ݖଶ ǡ ǥ ǡ ݖ ሻ, which
satisfy the budget constraint and first-order conditions1
ܷ௭
߲
ൌ  ൌ  ǡ݅ ൌ ͳǡ ǥ ǡ ݊Ǥ
߲ݖ
ܷ௫
Thus, the buyer reaches the optimum by buying a product with a desired set
of characteristics. Then the marginal price of a particular characteristic is the
same as the marginal utility of that characteristic.

1 If the optimum is found as a corner solution, FOC’s are invalid.
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The valuation of different characteristics is presented by the buyer’s bid function ߠሺݖଵ ǡ ݖଶ ǡ ǥ ǡ ݖ Ǣ ݑǡ ݕሻ, which is incorporated to a utility function as
ܷሺ ݕെ ߠǡ ݖଵ ǡ ǥ ǡ ݖ ሻ ൌ ݑ
The bid function reveals how much the buyer is willing to pay for various characteristics with a given income. If we differentiate ܷሺሻ with respect to its arguments, we obtain the following properties:
ߠ௭ ൌ

ܷ௭
 Ͳǡ
ܷ௫

ߠ௨ ൌ

െͳ
൏ Ͳǡ
ܷ௫

ߠ௬ ൌ ͳ
ߠ௭ ௭ ൌ

ܷ௫ଶ ܷ௭ ௭ െ ʹܷ௫ ܷ௭ ܷ௫௭  ܷ௭ଶ ܷ௫௫
ܷ௫ଷ

൏Ͳ

From the above properties, we see that the bid function is increasing with respect to characteristics  ݖand the marginal utility of  ݖis decreasing. Now the bid
function, ߠ, represents the buyer’s willingness to pay for characteristics ݖ, and
the hedonic price function represents the minimum price to be paid for  ݖon the
market. Therefore, the buyer’s utility is maximized when
ߠሺ כ ݖǢ  כݑǡ ݕሻ ൌ ሺݖሻ
and
ߠ௭ ሺ כ ݖǢ  כݑǡ ݕሻ ൌ  ሺ כ ݖሻ
where  כ ݖand  כݑrepresent the optimal values of  ݖand ݑ. Consequently, the
optimum is reached when the optimal bid function is tangent to the hedonic
price function. In other words, the marginal price equals the marginal value.
This situation is illustrated in Figure 2.1, where we have two buyers with bid
functions ߠଵ and ߠଶ when the utility is fixed in level  כݑ. The buyer with value
function ߠଶ offers more ݖଵ and thus purchases the product.
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ǡ ߠ

ܲሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כሻ

ߠଶ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݑଶ כሻ

ߠଵ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݑଶ כሻ

ݖଵ
Figure 2.1. Two optimal bid functions with respect to characteristic ࢠ .

If ሺܢሻ behaves smoothly, higher income of the buyer leads to a higher utility
level as every characteristic is consumed at the optimal level. However, it is not
reasonable to assume that this would occur since other characteristics could increase as others decrease.
In the above example, buyers share the same utility function, which in reality
is not a realistic assumption. To incorporate variation to buyers’ preferences, we
could write the utility function as ܷሺݔǡ ݖଵ ǡ ݖଶ ǡ ǥ ǡ ݖ ǡ ܽሻ, where ܽ is the coefficient
of parameters that can vary between buyers.

B) Producer’s optimization problem
The optimization problem of the producer can be derived analogously to the
buyer’s problem. Let ܯሺݖሻ denote the produced products with characteristics ݖ.
We examine a case where production is limited by a firm specializing only in
one product. As a simplification, we also assume that firms act independently of
other firms and that the market is under a perfect competition.2
Suppose the total costs of production plants are ܥሺܯǡ ݖǢ ߚሻ, where ߚ represents
different production technologies and input prices. Let ܥሺሻ be convex with
ܥሺͲǡ ݖሻ ൌ Ͳ and ܥ  Ͳ and ܥ௭  Ͳ. Marginal costs of producing more products
are positive and increasing. All firms maximize their profits
ߨ ൌ ܯሺݖሻ െ ܥሺܯǡ ݖଵ ǡ ǥ ǡ ݖ ሻ

2

(2.2)

Joint production of firms would require cost dependencies between characteristics ݖ. This was out of the
scope of Rosen’s (1974) paper, and therefore we do not address this joint production issue either.

12

Theory of hedonic price functions

by choosing the optimal levels of  ܯand ݖ. The hedonic price function, ሺݖሻ,
reflects now the unit price of the product with ݖ. Since markets are competitive,
ሺݖሻ is independent of ܯ.
The optimal values of  ܯand  ݖsatisfy
 ሺݖሻ ൌ

ܥ௭ ሺܯǡ ݖଵ ǡ ǥ ǡ ݖ ሻ
ǡ݅ ൌ ͳǡ ǥ ݊
ܯ

(2.3)

ሺݖሻ ൌ ܥெ ሺܯǡ ݖଵ ǡ ǥ ǡ ݖ ሻ

(2.4)

and

In this optimum, marginal revenue from additional characteristics equals the
costs of producing them per unit sold. In addition, products are manufactured
until unit revenue ሺݖሻ equals the marginal production cost at the optimum of
given characteristics. Since the convexity of ܥሺሻ does not assure second-order
conditions due to nonlinearity of ሺݖሻ, we need some stronger conditions to
satisfy what follows.
As with the buyer’s problem, we define an offer function, ߶ሺሻ, indicating the
unit prices the producer is willing to accept on different products at constant
profits when quantities produced are optimally chosen. Thus, the family of the
producer’s indifference curves is defined by ߶ሺሻ. Then ߶ሺሻ can be found by
eliminating  ܯfrom
ߨ ൌ  ߶ܯെ ܥሺܯǡ ݖଵ ǡ ǥ ǡ ݖଶ ሻ
and
ܥெ ሺܯǡ ݖଵ ǡ ǥ ǡ ݖଶ ሻ ൌ ߶
and then solving ߶ሺሻ as a function of ݖ, ߨ and ߚ. Furthermore, it is possible to
show that
߶௭ ൌ

ܥ௭
Ͳ
ܯ

߶గ ൌ

ͳ
Ͳ
ܯ

and

In optimum, we have
ሺ כ ݖሻ ൌ ߶ሺݖଵ כǡ ǥ ǡ ݖ כǢ ߨ  כǡ ሻ
and
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 ሺ כ ݖሻ ൌ ߶௭ ሺݖଵ כǡ ǥ ǡ ݖ כǢ ߨ  כǡ ሻǡ݅ ൌ ͳǡ ǥ ǡ ݊
At the optimum, the firm’s offer function is tangent to the hedonic price function, which is illustrated in Figure 2.2 depicting two producers with respect to
one characteristic ݖଵ .

ǡ ߶

ܲሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כሻ
߶ଶ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݒଶ כሻ

߶ଵ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݒଵ כሻ

ݖଵ
Figure 2.2. Two producers and their offer functions with respect to characteristic ࢠ .

When Figures 2.1 and 2.2 are combined together, it is possible to show that
the hedonic price function produces equilibrium. Following Rosen’s presentation of equilibrium in the hedonic market, we characterize first the short-run
and then the long-run equilibrium.

2.3

Equilibrium

In equilibrium, the buyer’s bid function is tangent to the producer’s offer function and the hedonic price function is the gradient for both of them at every
point. Therefore, the hedonic price function, p(z), is the joint envelope of a set
of bid functions and a set of offer functions. The equilibrium is characterized as
a solution to this decision-making processes of buyers and producers. This situation is depicted in Figure 2.3.
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ܲሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כሻ
߶ଶ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݒଶ כሻ
ߠଶ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݑଶ כሻ

߶ଵ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݒଵ כሻ
ߠଵ ሺݖଵ ǡ ݖଶ כǡ ǥ ǡ ݖ כǢ ݑଶ כሻ

ݖଵ
Figure 2.3. Equilibrium with two buyers and two producers.

In this equilibrium, it is assumed that both buyers and producers are accepting the market price as given. Thus, the impact of individual decisions is negligible on the price formation in hedonic market settings.

2.3.1

Short-run equilibrium

A short-run equilibrium for a product with just one characteristic can be derived as follows. Assume that the cost function of producers has the form of


ܥሺܯǡ ݖሻ ൌ ቀ ቁ ܯଶ ݖଵଶ ,
ଶ

where the assumption that firms are uniformly distributed by characteristic ଵ
holds. In addition, the number of consumers is assumed to be fixed, and they all
have the same income. Consumers’ utility function is linear with respect to  and
ଵ , and the marginal rate of substitution ɏ varies between consumers. When the
price clears the market at every quality, the price function has the form of
ሺሻ ൌ
where
 ൏ Ͳ.

ଵ

and

ଶ

୰
ଵ ଵ



ୱ
ଶ ଵ

are constants and  and  are parameters satisfying   Ͳ and

As pointed out in Laakso (1997), general conditions for the existence and
uniqueness of the short-run equilibrium have not been derived. The above
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presentation by Rosen holds only in the case of one characteristic. Therefore,
the existence of short-run equilibrium is proven to hold only for special cases.

2.3.2

Long-run equilibrium

After presenting the short-run equilibrium, Rosen (1974) continues to determine the long-run equilibrium. Suppose firms may vary between producing the
qualities and decide on the optimal size. In the long-run, the equilibrium is determined by the supply, and all firms must have an offer function such as
߶ሺݖǢ ሻ ൌ

ܥሺܯǡ ݖǢ ሻ
ܯ

where quality of  ݖis produced with minimizing costs. If the average minimum
cost function for producing  ݖis assumed to be ݄ሺݖǢ ሻ, in the long-run
ܥሺܯǡ ݖǢ ሻ ൌ ݄ܯሺݖǢ ሻ
The profit is maximized when
߶ሺݖǢ ሻ ൌ ݄ሺݖǢ ሻ
and
ሺݖሻ ൌ ݄ሺݖǢ ሻ
Thus, the hedonic price function, ሺݖሻǡ is then determined solely by supply or
by the envelope of family ݄ሺݖǢ ሻ with respect to different production technologies .
When we consider the above Rosen’s representation of the long-run equilibrium where ሺݖሻ is determined solely by supply, we need to remember that it
does not hold in the housing market context. In real life, consumers’ demand is
driving ሺݖሻ as the supply of new houses cannot react rapidly on changes of demand. Typically, a new supply of goods to the housing market is only on the
scale of one percent of the total stock of existing housing. Consequently, it is
natural to assume that demand, to a great extent, determines ሺݖሻ.

2.4

Research literature after Rosen’s seminal work

In his seminal paper, Rosen (1974) argued that hedonic price function (henceforth HPF) must be nonlinear. If HPF is linear, then either all buyers or all
sellers should have homogeneous preferences. The nonlinearity of HPF is the
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only implication of the theory of hedonic prices (Rosen 1974). Thus, it leaves the
researcher with rather free hands to use any functional form in estimation.
A natural starting point for econometric modeling is a linear model, where
coefficients are easily interpreted. The linear model is also appropriate to use if
some apartment characteristics are unobserved or replaced by a proxy (Cropper
et al. 1988). However, linearity was rejected head-on by Goodman (1978) as too
restrictive, and he suggested using Box-Cox transformation instead. Rosen
(1974) had mentioned that a feasible econometric modeling of HPF needed
some transformations to variables but did not specifically recommend using
Box-Cox transformations. The use of Box-Cox transformations was widely supported also by simulation studies (Halvorsen and Pollakowski 1981; Cropper et
al. 1988). The difficulty of these derivative transformations is that the regression
coefficients are hard to interpret (Cassel and Mendelson 1985). As the theory of
HPF lacks a connection to traditional economic theory, all traditional functional
forms such as linear, semilog and translog, and Box-Cox transformations are
widely used without questioning their meaningfulness (Laakso 1997).
As the theory of HPF implied nonlinearity of HPF, less restricted functional
forms in estimations were required. All parametric models have a structure that
is too restrictive, and a semiparametric model offers more flexibility. Anglin and
Gencay (1996) proposed a semiparametric model where the nonparametric part
of the model was estimated with a kernel method and the parametric part with
OLS. This approach increases the model’s flexibility, but the variables included
in the parametric part must be carefully chosen since wrong variables might give
unrealistic results (Parmeter et al. 2007). However, Anglin and Gencay (1996)
found that their semiparametric model outperforms the parametric benchmark
model and gives also more accurate predictions of the mean price. How the
model performed against nonparametric model remained unanswered even
though suggestion to favor fully nonparametric estimation had been done a few
years earlier.
Pace (1993) noted that the parametric and the semiparametric estimation
techniques are too sensitive on the assumption regarding functional forms and
variable selection. He proposed the use of flexible nonparametric estimation
techniques. According to Pace (1993), hedonic valuation estimator should have
1) low sensitivity to specification error and outlying observations, 2) superior
out-of-sample prediction capabilities and 3) known statistical properties. Nonparametric kernel estimator has all these properties and is preferable in comparison to parametric estimators. Since the study of Pace (1993), the computational capacity has increased rapidly and nonparametric methods have become
more popular.
Recently, the superiority of nonparametric model has been recognized (Martins-Filho and Bin 2005; Parmeter et al. 2007). Parmeter et al. (2007) argued
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that as the estimated implicit prices of characteristics are dependent on the levels of these characteristics, a priori functional form cannot be assumed. The authors replicate the models estimated in Anglin and Gencay (1996) plus an additional nonparametric model. This nonparametric model gave more reliable results and produced richer analysis, according to the authors. In the latest findings, nonparametric estimation techniques are seen as importing in-depth analysis also to the parametric estimation (Haupt et al. 2010). Thus, nonparametric
methods can improve the comparisons between different estimation techniques.
The relationship between appropriate functional form and empirical evidence
has recently been investigated with matching models (Lisi 2013). These findings
support the nonlinearity of HPF, which results in an equilibrium outcome. This
study also remains convinced that the sale price is determined also by invisible
factors such as information costs of the buyer and/or seller.
Furthermore, Bajari and Benkard (2005) show that hedonic model can be constructed even though three assumptions made by Rosen (1974) are relaxed.
When these three assumptions, namely perfect competition, continuum of
products and perfect observability of characteristics are relaxed there still exists
a function that maps characteristics to prices. Also Nesheim (2006) considers
hedonic price functions, its estimation and identification as well as mapping it
with product characteristics in different market environments.
Which is the best model to use in estimating HPF? No consensus exists, but
the nonparametric models have become more popular as techniques have developed. The appropriate model depends heavily on the characteristics of variables. A categorical variable is better than a continuous variable in some cases.
On the other hand, continuous variables gather more information about complex environment than for example binary variables. The interaction between
variables is also crucial for model selection. An example of this the interaction
between an elevator and floor level.

2.5

Concave hedonic price function

As stated in Rosen’s (1974) paper, it is possible to assume that hedonic price
frontier is convex in nature and the utility function of buyer as well as the profit
function of seller are concave. When we are estimating the hedonic price function in the housing market context, we believe that the demand of housing is the
main determinant of the shape of the hedonic price function. Thus, we argue
that the HPF has the same form as the utility function, ܷሺ ሻ, of consumer,
namely concavity. In deterministic utility theory the ordinal utility function is
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quasi-concave by definition (Mas-Colell et al. 1995). As the ordinal utility function is invariant to increasing transformations of the utility, we need to assume
cardinal utility to obtain the concavity. This kind of representation can be found
for example from the expected utility theory (von Neumann and Morgenstern
1944) where risk-averse decision maker has a concave utility function. Diewert
(2003) argues why usual assumptions in traditional consumer theory may not
apply in hedonic context:
“In normal consumer demand theory, f (z) can be assumed to be quasi-concave without loss of generality because linear budget constraints and the assumption of perfect divisibility will imply that “effective” indifference curves
enclose convex sets. However, as Rosen (1974, 37–38) points out, in the case of
hedonic commodities, the various characteristics cannot be untied. Moreover,
perfect divisibility cannot be assumed, and not all possible combinations of
characteristics will be available on the marketplace. Thus, the usual assumptions made in “normal” consumer demand theory are not satisfied in the hedonic context.” Diewert (2003) p. 323 footnote 13.
Next we point out two arguments which favor our assumption of concavity.
First, the demand side in the housing market is crucial since it determines the
need for housing services. Demand is driven for example by population change
(e.g. urbanization, birth rate and migration), job market activity, households’
income levels, interest rates, and mortgage loan practices. Demand for housing
is the highest in city regions, and hence planning has a pivotal role in adjusting
supply to increasing demand. As the planning process is slow and also the construction of new homes takes a while, increasing demand will guarantee that the
housing prices keep on increasing. At least in the short term.
Secondly, the supply function in the housing market differs from a conventional production setting where scaling properties are more easily available.
Supply of housing covers both old residential construction and new residential
construction. The existing stock of housing determines the possibilities since
new residential construction is typically only one percent of the total stock of
housing. Consequently, the supply cannot react rapidly to changes in the demand. Therefore, in the short term, the supply in the housing market is rather
marginal in terms of equilibrium. But, in the long term, sufficient supply of new
housing is critical since lack of housing builds up barriers also to the labor market in terms of mobility of workers. In a summary, the supply of housing determines the regional level of housing prices whereas the demand side (preferences) determines the price differences between apartments.
Based on these two arguments, we believe that the shape of the hedonic price
function is mainly determined by the consumer’s utility function, ܷሺ ሻ, which
is concave by approximation. In addition, in the econometric efficiency literature related to hedonic price function estimations the shape of HPF is discussed
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and at least non-convexity is found to be a proper assumption (Fernandez-Castro and Smith 2002; Lee et al. 2005; Chumpitaz et al. 2010). This brand of literature starts from the notion of Lancaster (1966), namely that combinability of
various characteristics of a product is not feasible or sensible. Of course, the
non-convexity does not imply concavity.
Utilizing shape constraints in determining the utility function within this context has been done earlier (Heckman et al. 2010; Sojourner 2010; Chernozhukov
et al. 2014). These papers contribute to nonparametric identification and estimation of hedonic models while the aim of these papers is more on the identification of structural technology and preference parameters. Also Sojourner
(2010) assumes hedonic function to be concave in nature because assuming
concave hedonic price function we are able to identify and estimate the continuous price function much more easily than without this assumption. Sojourner
(2010) is relevant contribution from the perspective of concave price function
although his application is very different than ours.
One could also wonder whether possible arbitraging in housing market might
speak against the concavity assumption? For example, Glaeser and Gyorko
(2007) argue that arbitraging in the housing market either with respect to space
or from the financial perspective is not noteworthy. From the financial perspective, Nesheim et al. (2015) find out that when the selection is made between
owner-occupied and rental housing, decision is done more by physical characteristics rather than location. Based on earlier findings, we cannot find any reason why arbitraging could be harmful to our assumption of concavity of hedonic
price function.
In order to characterize the concave hedonic price frontier, we need to define
some general properties. A recent study by Keshvari (2017) considers a concave
hedonic price frontier with the following properties:
1)
2)
3)
4)

ሺܢሻ is nondecreasing in ܢ
ሺܢሻ is homogeneous of degree 1 inܢ
ሺܢሻ is concave in ܢ
ሺܢሻ is continuous in ܢ

The concave hedonic price function is illustrated in Figure 2.4 below. The concavity of the hedonic price function in housing markets can be supported also
by empirical facts. Concave function implies that ԢԢሺܢሻ ൏ Ͳ. The negative second derivative implies that the effect of increasing the volume of apartment
characteristic has less impact on housing price. This can be empirically verified
since for example the price of a square meter is at its highest with single room
apartments and lowest with bigger apartments. Thus, additional floor space in
a single room apartment raises the housing price more than increasing the floor
space in a family-size condominium. Of course, as Rosen (1974) points out,
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other characteristics could have a positive impact on the price while at same
time some other characteristics could have a negative impact.

𝑝

𝜙2 (𝑧1 , 𝑧2∗ , … , 𝑧𝑛∗ ; 𝑣2∗ )

𝜙1 (𝑧1 , 𝑧2∗ , … , 𝑧𝑛∗ ; 𝑣1∗ )

𝑃(𝑧1 , 𝑧2∗ , … , 𝑧𝑛∗ )

𝜃2 (𝑧1 , 𝑧2∗ , … , 𝑧𝑛∗ ; 𝑢2∗ )

𝜃1 (𝑧1 , 𝑧2∗ , … , 𝑧𝑛∗ ; 𝑢2∗ )

𝑧
Figure 2.4. Illustration of a concave hedonic price function.

We have to stress that convexity/concavity is not a sufficient condition to characterize the nature of HPF. Only property that can be said of HPF is the nonlinearity as buyers’ preferences over the characteristics vary. Hence, nonlinear
HPF can be both convex and concave depending on the apartment characteristics.

2.6

Empirical challenges in estimating hedonic price function

Realized sale price is always a result from a negotiation process between a
buyer and a seller. In a hedonic framework, realized sale price is seen as a product of various characteristics of a house that the buyer prefers with certain valuations. In this discussion, we discard the possible effects of negotiation power
and information costs that can have effect on sale price and concentrate more
on visible characteristics that can be valued. The following discussion about data
and variables is mostly based on Laakso (1997).
The range of possible variables that can be used in hedonic price regression is
enormous. Typically, the basic characteristics such as the number of rooms and
floor area are included in all regressions. In addition, various environmental
factors such as amenities and socioeconomic variables are also widely used. As
the list of possible variables is long, finally the aim of the study determines
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which variables are relevant to be included in the model. Malpezzi (2003) lists
the most used variables:
x
x
x
x
x
x
x
x
x

x

Rooms, as an aggregate, rooms by type (bedrooms, bathrooms, etc.)
Floor area of the unit
Structure type (single family, attached or detached; if multifamily, the
number of units in the structure, number of floors)
Type of systems for heating and cooling
Age of the unit
Other structural features, such as presence of basements, fireplaces, garages, etc.
Major categories of structural materials, quality of finish
Neighborhood variables, perhaps an overall neighborhood rating, quality of schools, socioeconomic characteristics of the neighborhood
Distance to the central business district and perhaps to sub-centers of
employment; access to shopping, schools and other important amenities.
Date of data collection (especially if the data is collected over a period of
months or years).

There are two concerns related to the data: reliability and consistency of the
measures used. The information about characteristics and environmental factors can be from several sources where the quality is not the same as in the official statistics. A wider range of miscellaneous variables can be a problem when
data is merged into one data set. Even if the source of the data is valid, the consistency of the measured variables is uncertain. This is typical among housing
characteristics where different types of characteristics might be recorded very
differently.
The more variables are included into the regression model, the better is the
explanatory power of the model. The consequence of adding more variables is
that multicollinearity and the curse of dimensionality problems emerge. Multicollinearity is a very common problem with the estimation of HPFs in housing
markets. Many of the characteristics are highly correlated with each other. For
example, as the number of rooms increases the floor area increases. The multicollinearity problem is more severe the more variables are included. Using only
a few variables makes the interpretation of the estimates easier and reduces
multicollinearity. One strategy to avoid multicollinearity is to use some summary indicators based on principal component analysis or factor analysis. Although these methods are suspicious, they are widely used in urban economics
(Laakso 1997).
The large number of variables in estimation is problematic, especially in nonparametric estimation. The curse of dimensionality makes nonparametric estimation difficult, the number of equations increasing with increasing numbers
of variables entered into regression. Thus, including only a few variables into
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the regression is enough, even though the risk of misspecification and spatial
correlation increase.
The last feature of variables used in the HPF estimation is the assumption of
monotonicity. In housing market context, monotonicity is a complex matter
since there are variables that are not monotonic. Consider for example the effect
of the age of a building to the sale price. New and old buildings tend to have a
higher sale price since they represent either the latest in the technology or are
located in a city center, respectively. Thus, it is suggested that monotonicity in
variables needs classification and then transformation to a dummy variable. Despite that, relevant information is missed in this operation.
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3. Impacts of heterogeneity in the hedonic modeling of the Helsinki housing markets

3.1

Introduction

The theoretical framework of hedonic prices by Rosen (1974) has been extensively applied in earlier research, especially in the housing market context. In
the existing literature, hedonic housing price function is mostly estimated with
parametric methods such as linear regression and flexible functional forms
(Taylor 2008; Lisi 2012). More recent studies have applied semi- and nonparametric techniques, which have expanded the modeling alternatives to more nonrestrictive approaches in terms of functional form (Pace 1993; Anglin & Gencay
1996; Martins-Filho & Bin 2005; Parmeter et al. 2007; Haupt et al. 2010). Even
though there are an enormous number of applications considering the estimation of hedonic housing price function (Malpezzi 2002), methodological issues
have not attracted researchers’ interests that much.
The popularity of linear model specification, to a great extent, has been a consequence of simulation study by Cropper et al. (1988). In a paper by Kuminoff
et al. (2009), the authors argue that after twenty years it was worth to replicate
the simulation study that preferred linear specification over more flexible functional forms. In this replication, they find that linear and semi-log models are
the poorest performers in both cross-section and panel data models. However,
ordinary least squares (OLS) is not the worst alternative when time-variant variables are omitted from the regression. Still, applying linear models in estimating the hedonic price function (HPF) in housing markets requires caution because the nonlinearity of HPF is found to be a common property (Ekeland et al.
2004).
Although the recent research literature finds the flexible and also a priori unknown functional forms in estimating the HPF promising, we start our econometric modeling with the linear ordinary least squares (OLS) technique. The
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reason why we begin with linear regression is threefold. First, despite our methodological research interest, a simple OLS is a natural starting point for any
econometric modeling before more complex methods are applied, if needed.
Secondly, even though HPFs have been studied earlier in countless studies with
OLS, we want to focus our attention to the variable choice that has not been
considered carefully enough before. With variable choice, we exert caution at
this preliminary stage and carefully consider which variables should be included
in the regressions. We remind that as we are choosing the appropriate variables
we also keep in mind the forthcoming estimations with more complex estimation techniques. Thus, thirdly, all estimations in this thesis are performed with
the same group of variables in order to maintain the comparability. In this respect, OLS estimation regression results serve as a benchmark for our later analysis where we apply nonparametric estimation methods.
The idea of this Chapter is to give an overview of the data, housing market
specifics and serve some comparative estimation results for the semiparametric
estimation in the following chapters. The scope of this Chapter is therefore wide
but we believe it captures the essentials needed to know about the Helsinki
housing market and housing in Finland in general.
Our results suggest that housing price formation can vary greatly across city
regions. A city center area deviates from other parts of the city, which is a consequence of capital accumulation. Regions closest to the city center have the
highest sale prices. This finding is not a new, but it is a critical for those studies
that have included data from several cities in one pooled regression. Of course,
the variation in price formation increases the more we have information about
spatial characteristics. Incorporating spatial analysis into the estimation of HPF
is essential, and interesting insights from that area can be discovered. However,
in this chapter we are more interested in methodological issues.
When dividing our data into regional subsamples, we found that room type is
also a critical submarket criterion. We estimated HPFs for different room types
in various regions. These regressions with specification tests support the division of the whole sample into smaller subsamples.
The rest of the chapter is organized as follows. Section 2 represents the estimation technique. In Section 3 we clarify the properties of Finnish housing market in general and describe also the used data. The results are presented the in
Section 4 and finally Section 5 concludes the chapter.
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3.2

Model specification and estimation strategy

Consider a standard hedonic price model
 ൌ ݂ሺܢ ሻ  ߝ

(3.1)

where  is the price of a house i, ܢ is the vector of observed characteristics,
݂ሺሻ is the unknown function that maps the characteristics ܢ to price  and ߝ
is the statistical error term. In this chapter, we assume that ݂ሺሻ is a linear function of ܢ as
݂ሺܢ ሻ ൌ Ԣܢ

(3.2)

where  is a ݇ ൈ ͳ parameter vector. A common protocol in the estimation of
hedonic housing price function is to find out the values of , which represents
the shadow or marginal prices of different attributes. We estimate the model in
Eq. (3.1) with ordinary least squares (OLS). The critical assumption for OLS is
the independence of regressors and the error term, namely ܧሺߝ ȁܢ ሻ ൌ Ͳ. We recognize that this assumption is most likely to be violated by the nonlinearity behavior of function ݂ሺሻ. Nevertheless, a linear OLS is a standard starting point
for statistical analysis from which the analysis can proceed to other methods if
the conditions imposed on the linear model are not satisfied.
The second argument against the OLS method besides its relationship to functional form is the possible presence of heterogeneity. What do we mean in this
context with heterogeneity? The answer is two-fold. First, parameter vector 
can vary with respect to apartment size. It is reasonable to assume that the
shadow prices of the characteristics of apartments with different size have dissimilar effects. Consider, for example, that an additional floor area in a single
room apartment has a greater marginal price than an additional square-meter
area in a large apartment. Moreover, values of  are dependent also from the
district where the apartment is situated. Therefore, to reduce the heterogeneity,
it is advisable to run separate regressions with respect to number of rooms while
controlling the district effect also.
The second issue regarding the heterogeneity lies in the error terms. It is also
likely that the variance of the error terms ܸܽݎሺߝ ȁܢ ሻ can differ with respect to
apartment size and thus heteroscedasticity exhibits. Typically, some apartments
can have unique attributes that raise their prices above their estimated market
price. This, of course, could have the opposite effect if a characteristic beyond
our model has influence on the realized price in certain apartments. As apartments are all heterogeneous, the presence of heterogeneity in the error term is
then implicitly a natural phenomenon.
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A critical assumption in housing market applications is that there is a homogeneous market across the observed housing transactions. When transactions
are spatially divergent, price formation can vary between different locations. We
recognize that this might be the case also in our sample, which contains only
one city. Therefore, we test the model specification with the structural Chow
test, which is the standard test for comparing models based on F-distribution.
The exact test statistic is
൫ܴܵܵ െ ܴܵܵ െ ܴܵܵ ൯Ȁ݇
̱ܨሺ݇ǡ ݊ െ ʹ݇ሻ
ሺܴܵܵ  ܴܵܵ ሻሺ݊ െ ʹ݇ሻ
where ܴܵܵ , ܴܵܵ and ܴܵܵ are the residual sums of squares from the pooled
region A and region B regressions, respectively. ݇ is the number of variables and
݊ equals sample size. The test statistic follows F-distribution with ݇ǡ ݊ െ ʹ݇ degrees of freedom. The null hypothesis is that there is no structural break present,
so the pooled estimation is then preferred.
The performances of our linear models are tested with the regression specification test by Ramsey (1969). Considering the previous studies, we expect that
our linear specification would be incorrect, and thus the test is deemed to fail.
The improper functional form is not the only possible factor behind the rejection
since omitted variables and dependent error terms can also result in misspecification. Our attention is focused on residuals since we expect to detect heteroscedasticity showing that the magnitude of residuals varies systemically with
respect to price. We test the presence of heteroscedasticity as proposed in
Breusch-Pagan (1979).

3.3

General remarks of the Finnish housing markets

The Finnish housing markets have much in common with those in other countries, but still they also have unique features. Finland subsidizes owner-occupied housing through the tax code. While this kind of policy is common in several other countries as well, the desired positive externalities are not found to
emerge in Finland (Kortelainen and Saarimaa 2015). The interaction between
housing prices and school quality in Finland has been also studied (Harjunen et
al. 2014). In Finland school quality is found to capitalize to housing prices with
the same magnitude as in U.K or U.S although the school system varies much
between countries. Furthermore, in Finland the price premium in housing
prices were found to be related to the socio-economic background of pupils rather than school effectiveness.
Lenient taxation of owner-occupied housing combined with Finns’ habit to
own real estate makes housing property a central part of the national wealth.
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The taxation of owner-occupied housing and its reflections to capital allocation
and income distribution is well documented in Saarimaa (2008). The author
found that more lenient taxation in favor of rental housing or more stringent
taxation of owner-occupied housing produces welfare gains.
The approximation of the total real estate property in 2011 was 400 billion
euros, from which about 30 percent (124 billion) is located in the Helsinki metropolitan area.3 In 2011, the total amount of housing loans in Finland was 77
billion euros. These loans were 73 percent of the total household debt, which
equaled 106 billion. The debt-income ratio increased little from the previous
year to 114 percent. Although the debt-income ratio has increased rapidly in the
past ten years, Finnish households are still only moderately indebted compared
to the other Nordic countries.
The amounts of housing loans in the first decade of the 21st century increased
as repayment periods increased from 15 to 20 or 25 years. This transition increased households’ prospects in housing investment while their disposable income did not change significantly. Growing indebtedness is not a major issue
since Finnish households differ from those in many countries with respect to
loan repayments. Banks do not grant interest-only loans4, and the majority of
households have piled up their own savings in real estate by repaying their
loans. Repayments are also welcome since over 90 percent of housing loans are
tied to market interest rates. Thus, amortization decreases the interest rate risk
significantly.
When banks grant housing loans, they demand collateral to hedge the credit
risk. A loan must have 100 percent collateral, which can include 70 percent of
the value of the real estate that is being credited. For example, if you are buying
real estate worth 100,000 euros and you have 10,000 euros of your own savings
for it, it is possible to cover, of the total of 90,000-euro housing loan granted,
70,000 euros worth by collaterals. The rest of the loan without collateral
(20,000 euros) can be covered by a government security or other kind of collateral such as relatives’ property.
A current issue related to Finland’s housing markets arises from the European
Union’s target to increase macroeconomic stability in the euro area. A legislation package provides tools for national financial authority to set strict limits for
bank lending if it seems necessarily. These instruments include loan-to-value
(LTV) ratios which can prevent households from obtaining too massive loans
and force households to have their own savings. The legislation packet has been
implemented, and the new legislation came to effect in 2016.

3

According to Statistics Finland, the total floor area in Finland in 2011 was 224 million square meters (38
Million m2 in Helsinki metropolitan area), from which 55 percent (25 %) were in single-house apartments.
The housing prices of block of flats and terrace houses were 2,179 €/m2 (3,355 €/m2) and with singlehouse apartments 1,508 €/m2 (3,021 €/m2) in 2011.
4
Actually interest-only loans, finding favor with some banks, have become more popular among households
during the past two years.
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Real estate forms an important asset class also for private investors. A great
share of rental apartments in Finland are owned by private investors, and real
estate is seen as secure investment for households. Although owner-occupied
housing is subsidized through the tax code, also rental housing is still in high
demand. This is very true in the Helsinki metropolitan area, where internal and
external immigration is the highest in Finland. Also, uncertainty in the economic sentiment raises the households’ demand for rental housing. Higher unemployment levels raise rents and temporarily increase the return on the landlord’s capital.
Finnish housing market has been extensively studied before. In naming only
a few of the important studies related to the Finnish housing market, we can
begin from the study of Laakso (1997), where demand and supply functions
were derived from the hedonic framework and the housing markets in the Helsinki metropolitan area were characterized in a general way. Two years earlier,
Vainio (1995) used hedonic estimation techniques to evaluate the effect of negative externalities such as pollution etc. to housing prices in the Helsinki area.
Since then, Helsinki housing market has been studied by Kauko (2002). He used
rather unfamiliar techniques, namely neural networks (Kohonen 1982) and
value tree approaches in evaluating the Helsinki housing markets. He also considered the effects of behavioral, cultural and institutional aspects. Analyses of
more recent origin on the functionality of housing markets in the Helsinki region can be found for example in Lyytikäinen (2008), Eerola and Lyytikäinen
(2015), Oikarinen (2009), and Lönnqvist (2015). While housing markets play a
central role in the economic picture, research in Finland, especially from the
microperspective, has rarely focused on them, as was noted in Hyytinen et al.
(2006).

3.4

Background of the macroeconomic environment

The macroeconomic environment in this one-year cross-section period is also
worth to look at closely. In spring 2011, economic problems in the euro area
seemed to find relief as tighter monetary policy actions from the European Central Bank (ECB) were expected. Interest rates were still increasing with a slow
pace, but they got more speed on July 2011 when the ECB lifted its interest rate.
After this, there was another interest rate hike, and loan costs increased towards
a more normal level. However, the uncertainty in the economic environment
was not over.
The situation changed rather rapidly at the end of 2011 when the gravity of the
economic problems in the Mediterranean countries was exposed. Monetary policy returned to an easing phase when the ECB announced the start of long-term
refinancing operations (LTRO) to decrease the interest rates of government
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bonds. At the same time, the ECB decreased its own interest rate, and consequently market-based interest rates which are widely used, especially in Finland
as a reference rate of interest, decreased. General uncertainty among households continued, and this appeared as very cautious behavior in the housing
market.
How this exceptional macroeconomic environment might have influenced the
transactions made during that period? There are no clear answers, but we can
raise a few points that can clarify the effect. As a consequence of uncertainty,
home buyers became more careful in their actions, and therefore the time on
sale increased. Immediately this created a downward pressure on prices. On the
other hand, those who are selling their homes do not like time-on-sale periods
that drag on for too long. Consequently, the supply on the housing market will
adjust to the changing demand. Of this, we could infer that all the participants
have been more patient and price-conscious than they would in a more normal
market environment.
This exceptional market situation raises questions about how the pricing is
affected by apartment sizes. The uncertainty increases the demand of rental
housing, which raises the investor’s profit. Therefore, we might assume that
small apartments are sold within shorter periods. This conclusion is supported
by the fact that during uncertainty immovable property is generally seen as a
safe haven. This is true, and affects larger three- to four-room apartments, but
single- and two-room flats still have high demand as they also are sold to investors.
The second divergent feature relates to large and valuable apartments. As the
profits from every property class have diminished, real property is seen as an
alternative safe haven in a declining environment. Thus, even though the price
formation of large apartments especially in city centers is unique, the uncertain
macroeconomic environment can increase the demand for these apartments.
Hence, the marginal valuations of characteristics might be influenced by the low
profits from other asset classes.
Taking into account these considerations, we find it necessary to model more
liquid assets such as single- or two-room apartments separately from less liquid
larger apartments. Based on previous arguments, it is reasonable to assume that
various apartment sizes can constitute their own markets where other flats have
higher prices even though they have the same floor area in square meters.
Therefore, we examine apartments with different number of rooms in separate
regressions.
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3.5

3.5.1

Data

Data description

Our data was collected from a public website administrated by the Finland’s
Ministry of Environment.5 This free-access data is based on statistics from major real estate brokers, and it covers only the transactions made during the previous year. Our data was collected on 1st of June 2012, and after data checking
we had a total of 3,447 observations. All observations are from the City of Helsinki, and the data includes only housing transactions from multi-store buildings.
There exists also more comprehensive data set6 including variables characterizing neighborhood effects. This kind of data set has been used for example in
previously mentioned studies by Kortelainen and Saarimaa (2015) and Harjunen et al. (2014). This extensive data set includes variables such as distance of
amenities from a given which of course could enrich the analysis and incorporate more reliable conclusions. However, we believe that our data performs well
enough in our purpose and can enough light to our research question.
Before we discuss the data in more detail, we want to emphasize its unique
features. First, prices in our data set are based on real transactions and therefore
reflect the actual price of certain apartments. The reason why we want to stress
this is that one could also use the asking price data to estimate the hedonic price
function. We find this more problematic since list prices can vary quite a lot
compared to realized sale prices, and they do not reveal the true hedonic price
since traders can bargain over price. The second interesting feature is the homogeneity of the data. Our data includes only one city and one period, so it constitutes a rather homogeneous group of observations compared to studies which
have combined several cities over multiple years in one data set. Finally, we have
detailed information about the crucial characteristics of the apartments. These
include for example location and subjectively estimated condition.
To catch the effect of location within Helsinki, we define the average district
price at the level of zip codes. The average district prices at the precision of zip
code for each observation were obtained from Statistics Finland. We find this
variable to be a sound proxy for the attractiveness of the location. We recognize
that a more specific location parameter, such as exact coordinates, could be
5

A data from the period for the previous can be found online at asuntojen.hintatiedot.fi. The data used in
this study is available upon request from the author.
6
This more detailed data was not obtainable with reasonable price at the time so we decided to proceed
with chosen data set.
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more suitable. However, as the original data is at the zip code level grounded on
official statistics we find it more convenient to proceed with a larger scope with
respect to location.
The district price is categorized with respect to zip code and the number of
rooms, the price in square meters decreasing as the number of rooms increases.
An important issue related to the district price is worth to mention at this stage.
Typically, official statistics on housing prices are hedonically adjusted, meaning
that all deviations in market structure on a certain period are quality-corrected
with hedonic regression to measure the true price change. Therefore, if during
some period for example only small apartments are sold in the market, this is
taking into account in compiling official statistics. But, these district prices with
respect to zip code and the number of rooms are still only crude indicators of
true prices and not quality-corrected. For observations which do not have average price from official statistics for the period, we used the mean from data.
The summary of variables is presented in Table 3.1. The housing characteristics included in the data are realized sale price, total floor area, number of
rooms, floor area per room (calculated from the data), age, floor level, average
square-meter price in euros at zip code level, condition, elevator, possible balcony, sauna, car parking lot, terrace, and location of the flat in Helsinki. We have
included the skewness in distribution statistics to increase the information
about the distribution of the variable. Positive (negative) skewness means that
most of the density mass is smaller (greater) than the average value. We return
to this skewness measure in a further analysis in Chapter 4.
The sale price is the total realized transaction price in euros of the particular
apartment. The mean price refers to two-room apartments, but highly positive
skewness indicates that data covers also many large and expensive apartments
which increase the mean. The floor area represents the total floor area of the
apartment, including the kitchen and bathrooms. The floor area of single-room
apartments typically varies between 15 and 40 square meters, that with two
rooms between 40 and 65 square meters, the ones with three rooms between 65
and 85 square meters, and apartments with at least four rooms have floor space
over 85 square meters.
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Table 3.1. Summary statistics of variables.
Variable

Mean

Sale price (€)
Floor area

(m2)

Number of rooms
Floor area per room

(m2)

Std. Dev.

Skewness

Min

Max

75,000 1,650,000

224,197

144,265

3.210

56.75

25.28

1.516

15.0

2.17

0.97

0.831

1

8

210.5

27.06

6.43

1.347

10

69.5

Age of building (y)

54

26

0.060

1

141

Floor level

3.0

1.7

0.989

1

14

3,965

1,126

0.135

Good

0.496

0.500

0.018

0

1

Satisfactory

0.442

0.497

0.234

0

1

Poor

0.063

0.242

3.609

0

1

Elevator

0.568

0.495

-0.276

0

1

Balcony

0.348

0.476

0.639

0

1

Sauna

0.161

0.368

1.844

0

1

Parking lot

0.022

0.147

6.510

0

1

Terrace

0.013

0.115

8.482

0

1

Helsinki-1

0.148

0.355

1.983

0

1

Helsinki-2

0.430

0.495

0.282

0

1

Helsinki-3

0.221

0.415

1.342

0

1

Helsinki-4

0.200

0.400

1.496

0

1

District price (€/m2)

1,990

6,551

Condition (broker estimate)

Area classification

The age of buildings is measured in years as the difference from the year 2013,
so that apartments located in the most recently constructed buildings in the data
have value 1, which does not prevent us taking logarithms of the given variable.
The average value of 54 thus refers to year 1959. The stock of buildings in our
sample is relatively smooth as the skewness is close to zero. The age is not monotonic with respect to price. Typically, newest apartments are more expensive
than older ones because the quality of housing has developed during decades.
On the other hand, apartments in very old buildings are commonly the most
expensive as the buildings are located in the center of the city where the land is
scarce. The cheapest sold apartments in our data set were constructed in 1966.
Therefore, we take the absolute value of age from year 1966 to have an age variable which is monotonic. This is illustrated in Figure 3.1 below.
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0

Housing prices and the age of building

0
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40
60
80
Absolute value from year 1966 (years)

Figure 3.1. Housing prices and the age of building.

In Helsinki, the majority of buildings have less than ten floors. The maximum
floor level in our data is 14 while the average is three. The district price which
measures the attractiveness of the neighborhood is distributed, with the mean
close to 4,000 euros.
From the subjective condition estimates, we can see that almost all apartments
were at least in satisfactory condition. Only six percent were in poor condition.
The low share of poor-condition apartments can result from various reasons.
This can signal brokers’ tendency to overestimate their condition, or it can be
the result of sellers’ behavior to prevent apartments with poor condition entering the market. It can also mean that buyers in fact avoid apartments that are in
poor condition, and no transactions then take place. Regardless of the reason,
these summary statistics related to condition should be viewed critically since
the broker’s estimates can vary extensively between apartments.
Considering the other descriptive statistics, we can conclude that 57 percent
of apartments have one elevator or more in their building. Approximately one
third of the apartments have some sort of balcony. Surprisingly, apartment
sauna is rather common: it is a Finnish characteristic in particular, 16 percent
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of flats having their own sauna. A little more than two percent of transactions
have included a car parking lot, which can be quite expensive. A terrace can be
found in fewer than 50 apartments.
In total, 15 percent of transactions have taken place in the city center, namely
in the Helsinki-1 region. The greatest share is in the second tier Helsinki-2 region, which has 43 percent of all transactions. Helsinki-3 and Helsinki-4 cover
both approximately one-fifth.
Over half of the apartments have an elevator in the same building, which in
the case of a binary variable leads to negative skewness. Interaction term between floor level and elevator was also included in the pre-estimations but found
to be unnecessary and therefore dropped out of our analysis. As only 15 percent
of transactions are carried out in the Helsinki-1 region, this leads to positive
skewness. All variables except elevator have positive skewness.
In summary, our data includes four continuous variables: sale price, floor
area, floor area per room, and district price. The discrete variables include number of rooms, floor level, and age. The rest of the variables are binary, such as
condition, elevator, balcony, sauna, parking lot, terrace, and region.
In total, the data includes 875 single room flats, 1,491 flats with two rooms and
1,081 flats with three or more rooms (Figure 3.2). To clarify the classification of
room types in Finland, it is worth mention that we include bedrooms and the
living room in the number of rooms but exclude the kitchen and the bathroom.
Thus, in our notation, a single-room apartment refers to a flat which has one
combined bedroom and a living room.

875

1081

Single room
Two rooms
Three rooms or more

1491

Figure 3.2. Distribution of room types.
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The average price per square meter in the data is 4,001 euros, which is close
to the mean of district price of 3,965 euros. The standard deviation of squaremeter price in data is approximately 200 euros higher than with the district
price.
The number of apartments that have an elevator in their building is 1,959,
which is over half of all apartments. Of the flats, as estimated by the real estate
broker, 1,708 (49,6%) are in good condition, whereas 1,523 (44.2%) are in satisfactory and 216 (6.3%) in poor condition.
To avoid the multicollinearity problem discussed in the previous chapter, it is
essential to examine the correlations between the variables. These correlations
are presented in Table 3.2. All variables have positive impact on sale price except those in poor or satisfactory conditions, which supports the theory of hedonic prices, namely that increasing the amounts of characteristics should produce a better product and consequently raise the price.
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Sale price (€)
Floor area (m2)
Number of rooms
Floor area per room (m2)
Age of building (y)
Floor level
District price (€/m2)
Good
Satisfactory
Poor
Elevator
Balcony
Sauna
Parking lot
Terrace
Helsinki-1
Helsinki-2
Helsinki-3
Helsinki-4

Sale price (€)

1
0,77
0,56
0,24
0,18
0,16
0,42
0,16
-0,14
-0,03
0,26
-0,05
0,22
0,23
0,04
0,49
-0,03
-0,16
-0,24

Floor area (m2)

1
0,87
0,11
-0,05
0,05
-0,07
0,07
-0,05
-0,04
0,12
0,09
0,25
0,22
0,04
0,20
-0,18
0,00
0,05

1
-0,33
-0,15
0,02
-0,25
0,05
-0,02
-0,05
0,04
0,18
0,20
0,11
0,02
0,05
-0,15
0,05
0,09

Number of rooms

Table 3.2. Correlations between variables.

Floor area per room (m2)

1
0,17
0,03
0,32
0,06
-0,06
0,01
0,12
-0,15
0,07
0,16
0,02
0,22
-0,03
-0,08
-0,08

Age of building (y)
1
0,07
0,57
-0,12
0,06
0,12
-0,04
-0,30
-0,51
0,14
-0,11
0,43
0,26
-0,37
-0,32

Floor level
1
0,14
0,04
-0,03
-0,02
0,37
0,00
0,01
0,05
-0,06
0,09
0,05
-0,09
-0,05

District price (€/m2)
1
0,01
-0,06
0,09
0,29
-0,30
-0,11
0,14
-0,05
0,65
0,28
-0,34
-0,57

Good
1
-0,88
-0,26
0,09
-0,06
0,20
-0,02
0,03
0,02
-0,02
-0,03
0,04

Satisfactory
1
-0,23
-0,09
0,09
-0,15
0,01
-0,02
-0,04
0,00
0,06
-0,02

Poor
1
-0,01
-0,05
-0,10
0,03
-0,02
0,05
0,05
-0,06
-0,03

Elevator
1
-0,08
0,18
0,09
-0,03
0,18
0,06
-0,14
-0,09

Helsinki-3

Helsinki-2

Helsinki-1

Terrace

Parking lot

Sauna

Balcony

1
0,05
1
-0,06 -0,04
1
-0,07 0,11 -0,02
1
-0,19 -0,04 0,10 0,01
1
-0,04 -0,20 0,05 -0,06 -0,36
1
0,16 0,18 -0,08 0,01 -0,22 -0,46
1
0,05 0,10 -0,08 0,06 -0,21 -0,44 -0,27

1

Helsinki-4
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Only the correlation between floor area and number of rooms is causing serious multicollinearity problems. Heavily dependent variables distort the detection of true effect on realized sale price. Therefore, we do not use the number of
rooms variable in the regression as such, but we estimate our own hedonic price
functions for various room types. This allows us to examine the effect of number
of rooms on the realized sale price, but this does not correlate with size.
Based on correlations tabulated in Table 3.2, we find that balcony and terrace
have neither positive nor negative correlation with price. Also parking lot does
not have any significant effect on price. All these variables have also some measuring problems and the classification is ambiguous. For example, in the case of
balcony and terrace original data set includes various notations such as French
balcony, balcony, windowed, terrace, yard, terrace yard etc. The same applies to
parking lot, which is a pity as they are expensive especially in the city center and
thus could have a major impact on selling price of an apartment. Therefore, to
reduce the risk of measurement errors and endogeneity we exclude these variables from the forthcoming estimations.
We also calculated the variance inflation factors (VIFs) to check the multicollinearity. We regressed all variables reported in Table 3.2 to total sale price of
an apartment. These VIFs are reported in Table 3.3 below.

38

Impacts of heterogeneity in the hedonic modeling of the Helsinki housing markets

Table 3.3 Variance inflation factors.

Variable

VIF

Number of rooms
Floor area
Helsinki-4
Helsinki-3

(m2)

District price (€/m2)
Floor area per room
Helsinki-2
Age of building (y)
Sauna
Elevator
Balcony
Floor level
Good
Parking lot
Poor
Terrace

(m2)

Mean VIF

1/VIF

20,47

0,049

18,98
8,24
6,82

0,053
0,121
0,147

5,76

0,174

4,73
4,57
2,54
1,65
1,40
1,21
1,18
1,13
1,12
1,09
1,04

0,212
0,219
0,394
0,607
0,712
0,827
0,846
0,884
0,892
0,920
0,962

5,12

Results suggest that there may be serious multicollinearity problems with
number rooms and floor area as the VIFs are both near 20. This is not a surprising result. Also various areas seem to have high VIF as their value is over 4 which
is considered to be sign of high multicollinearity. Based on these findings we get
support to divide our sample into subsamples.

3.5.2

Regional submarkets in Helsinki

Helsinki is the capital city of Finland. The metropolitan area of Helsinki 7 differs from other parts of Finland in many respects. The whole metropolitan area
has over 1.5 million residents, which is about 25 percent of the total population
of Finland. The continuing urbanization in Finland has benefited especially the
Helsinki area, where various job opportunities emerge as more people move to
the area. The Helsinki area is also a natural arrival destiny to immigrants. The
growing population density has also straightforward reflections to housing
prices. Capital accumulation leads to better productivity, which raises wages

7

The metropolitan area includes also Espoo, Kauniainen and Vantaa, which are neighboring cities of Helsinki. Also smaller municipalities are included in the definition.
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and increases the demand for housing besides other consumption opportunities. Consequently, housing prices in the Helsinki area are about twice of those
in other parts of Finland.
As the price formation might be spatially different across Helsinki, it is justified to examine whether the price formation there varies regionally. As our district price data from the official statistics is at the zip code level, we use the same
area classification as Statistics Finland. In that classification, Helsinki is divided
into four different regions based on zip codes. The city center area is denoted by
Helsinki-1, and Helsinki-4 refers to regions which are located at the longest distance from the city center. All these regions are depicted in Figure 3.3.
Helsinki-1

Helsinki-2

Helsinki-3

Helsinki-4

Figure 3.3. Helsinki regional classification. Source: Google Maps.

The center area, Helsinki-1, has the oldest buildings as the city has expanded
during the years. Therefore, this area has unique characteristics with respect to
architecture and location, which might influence the realized sale price to a surprising degree. As the agglomeration benefits are highest in this region, these
benefits capitalize also to the housing prices in that region.
Helsinki-1 differs to a great extent from the other regions. The city center is
surrounded by the sea except in north, while the other parts of Helsinki are located over land. Thus the land is scarce as the geography sets the limits 8 to it,
and this capitalizes into land prices and eventually into housing prices. Several
firms’ headquarters, universities and government institutions are located in the
cape of Helsinki. Therefore, as in other cities as well, the center serves mainly
as a working area for many residents due to capital accumulation which raises

8

Of course the scarcity can be increased with planning and other factors which are real problems in the whole metropolitan area.
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housing prices in the district and in its immediate vicinity. Consequently, employees have to optimize between transportation time as well as cost expenditure and housing expenditures.
In total, we have 510 housing transactions in Helsinki-1, which covers about
15 percent of all housing transactions in the data. The shares in Helsinki-2, Helsinki-3 and Helsinki-4 are 43%, 22% and 20%, respectively.
Why should we divide the data set into regional subsets? And are there sound
arguments to do that? We address these questions by examining the means of
the variables for different regions. We test the difference of the means, and the
results are tabulated in Table 3.4. From the table, we see that the mean of sale
price differs from the total in every region except Helsinki-2. The average sale
price is 224,197 euros, and the mean of the floor area is little less than 57 square
meters. The most expensive transactions are made of course in Helsinki-1,
where the floor area is the largest among the different regions. Several variables
are statistically significant when the regional mean is compared to the total
mean.
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Table 3.4. Comparison of the means of variables in Helsinki regions.
Variable

All areas

Helsinki-1

Helsinki-2

Helsinki-3

Helsinki-4

Sale price (€)

224197

395357**

219323

180976**

156055**

Floor area (m2)

56.75

69.02**

51.44**

56.74

59.10**

Number of rooms

2.17

2.28*

2.01**

2.26**

2.36**

Floor area per room (m2)

27.06

30.38**

26.86

26.10**

26.08**

Age of building (y)

54

81**

62**

36**

37**

Floor level

3.0

3.4**

3.1**

2.7**

2.8**

District price (€/m2)

3965

5717**

4328**

3240**

2691**

Good

0.496

0.520

0.481

0.471

0,535*

Satisfactory

0.442

0.390*

0.443

0.495**

0.418

Poor

0.063

0.090*

0.076**

0.034**

0.047*

Elevator

0.568

0.780**

0.601**

0.440**

0.482**

Sauna

0.161

0.129*

0.075**

0.286**

0.232**

N

3447

510

1483

763

691

Condition (broker estimate)

** = significant at 1% level
* = significant at 5% level

These results give support to our line of reasoning, namely that heterogeneity
for apartments is clearly present in our city of interest. As a conclusion, we find
it convenient to separate the data into subgroups to avoid the most evident heterogeneity problem.
While the transaction data is spatially different, it is intuitive to assume that
the housing market is also divergent with respect to apartment size. Typically,
the share of single-room apartments used as rental flats is higher than that of
bigger apartments. Hence, on both sides of the market participants, it is more
likely that investors’ interests are related to small apartments. By this argument,
the price formation might differ with respect to the number of rooms. Consequently, we implemented the mean comparison tests also with respect to the
number of rooms in the different regions. The results are tabulated in Table 3.5.9

9
The significance of the results is denoted with ”yes” (y) or ”no” (n) for compact reporting.
The exact means and test statistics are available from the author upon request.
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Table 3.5. Results from the mean comparison tests with respect to number of rooms in different
regions.

Floor area

(m2)

Helsinki-3

Helsinki-4

Helsinki-1

Helsinki-2

Helsinki-4

Helsinki-2

y

y

y

y

y

y

y

n

y

y

Helsinki-3

Helsinki-1

n

Helsinki-2

Helsinki-4

Sale price (€)

3+ rooms

y

Helsinki-1

Variable

2 rooms
Helsinki-3

1 room

n

n

n

n

y

y

y

n

y

y

y

y

Age of building (y)

y

y

y

y

y

y

y

y

y

y

y

y

Floor level

n

y

y

y

y

y

y

y

y

n

y

n

y

y

y

y

y

y

y

y

y

y

y

y

Good

n

n

y

n

y

n

n

n

n

n

n

n

Satisfactory

n

n

y

n

y

n

n

n

y

n

n

n

Poor

n

n

n

n

n

n

n

n

y

n

y

n

Elevator

y

n

y

n

y

y

y

y

y

n

y

y

Sauna

y

y

y

y

n

y

y

y

n

y

y

n

N

139

489

143

104

198

622

352

319

173

372

268

268

District price

(€/m2)

Condition (broker estimate)

y = significant at 5% level
n = not significant at 5% level

Based on the mean comparison test results, it seems that the estimation of
hedonic price function should be done at the regional and room level. As the
housing market differs in Helsinki in many respects, the result from the tests
above is not surprising. The market for single-room apartments in the Helsinki4 region is totally different from the market for large apartments in the city center.
Another interesting background information concerns the tenure status in
Helsinki regions. The owner-occupied housing shows no great variation between the city regions as can be seen from Figure 3.4 That is due to the rental
apartments and the variation between the market and subsidized rents. It is evident that the tenure status of market rent is highest in the city center and decreases as we move away from the center. There is an opposite phenomenon
with subsidized rental markets. The highest share of households living in subsidized rental apartments is in the Helsinki-4 region. That share diminishes the
closer we get to the city center. Hence, the variation in tenure status between
regions also supports our decision to divide the data into subsamples.
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Tenure Status of an Apartment
60%
50%
40%
30%
20%
10%
0%
Owner-occupied
Helsinki-1

Market rent
Helsinki-2

Subsidized rent
Helsinki-3

Helsinki-4

Figure 3.4. Tenure status of an apartment in block of flats in 2011. Source: Helsinki Region Statistics.

We believe also that when estimating the HPF separately for pooled data and
its subsets, we obtain better fit in regressions with the subsets. If this indeed is
the case, fewer observations in estimations make more complex methods also
available as large data sets are rather time-consuming to solve due to computational burden. Next we continue to estimate the HPF from our data.

3.6

Results

The results are divided into two parts. First, we estimate the HPF with pooled
regression including the whole data set. Pooled regression is estimated by using
variables for the levels as well as for logs. After this, we estimate HPFs for every
region in the log-log model.
At the second stage of our results, we concentrate on cross-sections with respect to the number of rooms. We estimate the HPFs for every room type in
every regional area. As our data consists of three categories for room types and
four for regional areas, we end up with 12 HPFs in total. As we noted in the
previous section, housing transactions may differ from each other spatially and
with respect to size. Thus, it is justified to estimate separate regressions on each.
At the end of the section, we test the specification of our models and discuss the
problems related to the chosen method.

44

Other

Impacts of heterogeneity in the hedonic modeling of the Helsinki housing markets

3.6.1

Pooled regression

The results from the pooled linear regression model are summarized in Table
3.6. The variables in the regression equation are for levels as well as for log-log.
The reason for this is that we want to show the marginal effects both in euros
and in relative terms. In the regression that follows, we use only relative terms
(log-log), which enables us to compare the results between estimations.
In addition to variables summarized in Table 3.1, we have included from our
data set a new variable which is related to age. Year 1966 is the common factor
for the lowest sale price. This is due to required renovation of plumbing since
plumbing pipes last approximately 50 years in multi-store buildings. Thus,
apartments in multi-store buildings constructed in the 1960’s are commonly regarded as being in poor condition if the renovating has not taken place. Therefore, we have included in the regression a variable which measures the absolute
deviation in years from 1966 onwards. This should have a positive impact on the
sale price. This variable also replaces the age variable in the regressions.
All estimated parameters have the expected signs. An increase in housing
characteristic increases the price except in the case of elevator. The negative sign
for elevator arises from the cost of the elevator. The apartments on lower floor
levels do not benefit from the elevator as much as the apartments on higher floor
levels. Typically, these costs are fully covered where the apartments are located
at least on the fourth floor. Regional dummies are all negative since Helsinki-1
is the benchmark. The marginal effect on floor area equals 4,373 euros, which
can be interpreted as the square-meter price. It is a little bit higher than the
average district price in our data. On the other hand, the marginal effect of district price is 50.4, which characterizes the average floor area per apartment. This
is a little bit lower than the average floor area in the data set.
The results from the log-log model also seem to be interesting. The sale price
increases very proportionally with the increase in floor area. In this model, all
variables except regional dummies have positive impact on the sale price. Even
elevator raises the sale price by more than two percent.
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Table 3.6. Pooled regression results for levels and log-log.

Levels

Log-log

Dependent variable

Sale price

Log(Sale Price)

Variable

Coeff.

Std. Err.

Coeff.

Std. Err.

Intercept

-249064.2**

12816,2

2.848**

0,151

Floor area

4372.6**

43,4

0.886**

0,006

District price

50.4**

2,0

0.692**

0,017

|Age from 1966|

505.6**

78,8

0.043**

0,003

Floor level

4082.5**

613,4

0.027**

0,004

Elevator

-1656,1

2255,9

0.023**

0,005

Good

30420.9**

4149,6

0.124**

0,009

Satisfactory

9888.0*

4147,7

0.037**

0,009

Sauna

17306.6**

3115,7

0.066**

0,007

Helsinki-2

-16913.3**

4072,9

-0.072**

0,008

Helsinki-3

-24102.3**

5790,6

-0.145**

0,012

Helsinki-4

-30014.0**

6624,7

-0.169**

0,014

R2

0,85

0,93

N

3 447

3 447

** = significant at 1% level
* = significant at 5% level

Our linear model fits rather well as the ܴଶ statistic is 0.85. All coefficients except elevator are statistically significant at least at 5% level. This result is not
surprising since regression with thousands of observations gives us statistically
significant results as minor changes are also regarded as significant.
The ܴଶ statistic for the log-log model is 0.93 which can be considered being
high. The explanatory power of log-log model is better than in levels but as the
explanatory variable is not the same in these regressions we cannot compare
them. Higher ܴଶ statistic is not surprising, considering the heterogeneity in our
data set. The log-log model reduces the heterogeneity compared to the model
with levels. Also regional divergence is evident in both models. This suggests
that separate regressions for areas should be considered.
We also checked the variance inflation factors for both models to check
whether the multicollinearity problem still exists. Results are tabulated in Table
3.7. Based on results we can say that multicollinearity is not concerning issue
anymore. Highest VIFs are recorded with regional variables and district price.
This gives us a more evidence that separate regressions on each regions should
be considered.
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Table 3.7 Variance inflation factors from estimated models.

Dependent variable

Sale price

Variable Level/Log

VIF

1/VIF

Log(Sale Price)
VIF

1/VIF

Helsinki-4

7,55

0,132

6,77

0,148

District price

5,58

0,179

5,15

0,194

Helsinki-3

6,21

0,161

5,11

0,196

Good

4,62

0,216

4,62

0,216

Satisfactory

4,56

0,219

4,56

0,219

Helsinki-2

4,37

0,229

3,49

0,287

|Age from 1966|

1,93

0,519

1,84

0,544

Sauna

1,41

0,710

1,47

0,680

Floor area

1,29

0,775

1,34

0,746

Elevator

1,34

0,746

1,29

0,773

Floor level

1,17

0,855

1,13

0,884

Mean VIF

3,64

3,34

Based on these findings, we continue to estimate the HPFs for every region by
using the log-log model. Then the parameter estimates, or elasticities, are comparable in spatial terms since the price level, and therefore the parameter estimates for levels, would be higher in the regions close to the city center.
The results from separate regressions for the Helsinki regions are reported in
Table 3.8. Besides elevator in Helsinki-1 and Helsinki-2 and satisfactory condition in Helsinki-4, all variables have significant effect on price in every region.
As the price in the city center is relatively higher the nearer we are to the city
center, we have a higher marginal effect of increase on floor area in Helsinki-1
and Helsinki-2 when compared to suburbs. The district price differs between
regressions, being more than one in the city center and less than one in suburbs.
An interpretation to this estimate is given by the marginal effect of additional
square meters, but there is more information about the spatial effects related to
housing transaction. In this manner, an estimate above one indicates that apartments are sold with higher prices than the average district price of apartments
with a particular size. Respectively, in suburbs parameter values less than one
indicate that cheaper apartments are sold than on average on a given zip code
level.
How this bias can occur if our data is the same as the official data? The answer
is found from different sources. Our data is based on real-estate brokers’ statistics, whereas Statistics Finland data is based on housing transaction tax data
from the Finland’s tax authority. Therefore, the official data based on property
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tax is more comprehensive since it includes trades that are carried out privately
without a broker. As was mentioned in the previous data-description chapter,
district prices on the zip code level are not hedonically adjusted by the Statistics
Finland as usually is the practice. District prices are just raw means of all transactions without quality corrections. Thus, the only source of variation is due to
different data sources. This might have a slight influence to our estimation results regarding the district price.
When the age is the absolute value from year 1966, the parameter values are
higher in suburbs: if a building was constructed there recently, it is strongly reflected in the sale price. The elasticity of the floor-level in Helsinki-1 is 0.064,
meaning that every additional floor level increases on average 6.4 percent the
sale price when all other factors are fixed. The extra floor level has weaker influence to price in suburbs.
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-0.503
0.913**
1.048**
0.061**
0.064**
0.017
0.18**
0.082**
0.141**

Intercept
Floor area
District price
|Age from 1966|
Floor level
Elevator
Good
Satisfactory
Sauna

R2
0.93
N
510
** = significant at 1% level
* = significant at 5% level

Helsinki-1
Coeff.

Variable
1.175
0.014
0.133
0.011
0.012
0.017
0.024
0.025
0.021

Std. Err.

Table 3.8. Regressions in log-log for different regions.

0.91
1483

1.679**
0.920**
0.815**
0.032**
0.025**
-0.001
0.102**
0.027*
0.072**

Helsinki-2
Coeff.
0.230
0.008
0.027
0.004
0.006
0.007
0.012
0.012
0.013

Std. Err.

0.88
763

4.080**
0.793**
0.558**
0.057**
0.026**
0.051**
0.162**
0.070**
0.032*

Helsinki-3
Coeff.
0.269
0.015
0.030
0.007
0.009
0.011
0.026
0.025
0.013

Std. Err.

0.86
691

4.484**
0.773**
0.521**
0.055**
0.019**
0.047**
0.087**
-0.005
0.083**

Helsinki-4
Coeff.

0.306
0.018
0.032
0.005
0.007
0.010
0.021
0.021
0.015

Std. Err.
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An elevator is more important in suburbs. On the other hand, the broker’s estimations of apartment condition have higher impact in the city center than in
suburbs.
To test whether there are structural breaks in terms of spatial dimension in
our data, we performed the Chow test. If the Chow test results indicate that regression should be performed separately on different regions, we continue to
maintain the regional differences in our models. The test results are tabulated
in Table 3.9. We find that all test statistics are statistically significant. As the
null hypothesis is that there is no spatial diversification present, we can conclude that running HPFs for every region is justified.

Table 3.9. Chow test results for different regions.

Test-statistics
Region

F-value

df

Helsinki-1
Helsinki-2
Helsinki-3
Helsinki-4

13.57**
7.88**
19.26**
11.58**

(9, 3429)
(9, 3429)
(9, 3429)
(9, 3429)

** = significant at 1% level
Next we continue to estimate HPFs for different room types in various regions.
This reduces the number of observations per estimation quite radically. However, as the HPF is found to be non-linear in nature, reducing the sample sizes
also eases the computational burden in the forthcoming complex estimations.
Before concluding this, we of course test whether the split is necessary and valid.

3.6.2

Cross-section by the number of rooms

Next we examine how the results change when we regress the sale price to its
characteristics with respect to number of rooms. The idea behind this approach
is that flats with the same number of rooms constitute one submarket. The single-room apartments are more likely to be bought for rental use than apartments with four rooms. Thus, we expect to see variation on how much the characteristics explain the realized sale price when the number of rooms changes.
The regression results for different regions with respect to number of rooms
are shown in Tables 3.10, 3.11 and 3.12. All the variables are on a logarithmic
scale to clarify the comparison effects of the chosen variables. Transactions are
categorized into three groups: single room, two rooms and at least three rooms.
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In comparisons with suburbs, our linear models have a better fit again in the
center area. Also the model fit is better with one-room apartments than with
larger ones. Even though the number of observations is less than with apartments having two or at least three bedrooms, the higher fit could be explained
by the fact that single-room apartments form most of the bulk in housing markets. By this we mean that even where all the apartments have unique characteristics, single-room flats do not vary so much with respect to larger flats, the
floor plan in small apartments being simpler. The second reason why the model
performs best in terms of ܴ ଶ with single-room apartments is the investor behavior in the sense that the price formation can be more accurate with small apartments because the transaction volumes of these flats are higher than those of
larger ones. Therefore, in the light of the estimation result it seems that dividing
the sample into cross-sections by the number of rooms is justified.
The floor area estimate increases with number of rooms which is a rather unexpected result. Furthermore, with smaller apartments the marginal effects are
higher in the city center areas than in suburbs. This result sounds counterintuitive since single-room apartments always have the highest square-meter prices.
The result is still in line because, as the apartment size continues to grow, it has
more impact on the sale price than any other explanatory variable. Even though
the effect is statistically significant, it has clearly milder impact on two-room
apartments in the Helsinki-3 and Helsinki-4 regions. Thus, in those regions
characteristics other than floor size have more importance in determining the
sale price.
District price also increases as a reflection of the floor area, which increases
with the number of rooms. Interesting results follow from the district price effect in Helsinki-1 in case of apartments with two or more rooms. Only for these
apartments the estimate exceeds one. This is explained by the fact that in our
data every third of these large apartments is located in the city center. This can
be partly explained by the uncertainty in the economic environment: these expensive apartments are seen as safe havens during periods of uncertainty.
The age and floor level variables have no explanatory power for the sale price
with small apartments. The marginal effect of age is distributed between room
types more evenly with large apartments. Elevator hasn’t significant meaning to
sale price as regressions are done by the room types.
The condition estimate is less important with large apartments, especially in the
suburbs. Sauna is important for the price formation of two-room apartments. If
the apartment is large and located in the city center, a sauna raises the sale price
significantly.
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1.168
0.728**
0.938**
0.055**
0.023
0.010
0.122**
0.082**
0.070

Intercept
Floor area
District price
|Age from 1966|
Floor level
Elevator
Good
Satisfactory
Sauna

R2
0.90
N
139
** = significant at 1% level
* = significant at 5% level

Helsinki-1
Coeff.

Variable
2.308
0.024
0.267
0.013
0.013
0.019
0.025
0.024
0.053

Std. Err.

Table 3.10. Regression results for single rooms in Helsinki regions.

0.82
489

1.623**
0.664**
0.924**
0.022**
0.010
-0.001
0.124**
0.048**
0.049

Helsinki-2
Coeff.
0.452
0.018
0.053
0.006
0.008
0.010
0.015
0.015
0.044

Std. Err.

0.85
143

4.656**
0.625**
0.555**
0.067**
0.018
0.029
0.173**
0.068*
0.060*

Helsinki-3
Coeff.
0.842
0.054
0.102
0.010
0.015
0.017
0.031
0.031
0.030

Std. Err.

0.88
104

5.589**
0.470**
0.507**
0.066**
0.007
0.025
0.129**
0.071*
0.020

Helsinki-4
Coeff.

0.749
0.051
0.090
0.011
0.012
0.015
0.028
0.029
0.030

Std. Err.
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-2.806
0.803**
1.351**
0.087**
0.073**
0.035
0.202**
0.066
0.081*

Intercept
Floor area
District price
|Age from 1966|
Floor level
Elevator
Good
Satisfactory
Sauna

R2
0.78
N
198
** = significant at 1% level
* = significant at 5% level

Helsinki-1
Coeff.

Variable
2.004
0.044
0.231
0.016
0.018
0.026
0.042
0.043
0.032

Std. Err.

Table 3.11. Regression results for two rooms in Helsinki regions.

0.82
622

1.773**
0.788**
0.860**
0.045**
0.025**
-0.006
0.112**
0.036*
0.079**

Helsinki-2
Coeff.
0.339
0.023
0.042
0.006
0.008
0.010
0.017
0.017
0.018

Std. Err.

0.75
352

5.771**
0.443**
0.513**
0.061**
0.015
0.059**
0.191**
0.095**
0.053**

Helsinki-3
Coeff.
0.372
0.045
0.042
0.009
0.012
0.015
0.033
0.033
0.019

Std. Err.

0.79
319

6.425**
0.478**
0.418**
0.048**
0.014
0.027*
0.138**
0.048
0.151**

0.437
0.045
0.047
0.007
0.009
0.013
0.027
0.027
0.021

Helsinki-4
Coeff.
Std. Err.
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-2.551
0.889**
1.297**
0.057*
0.074**
0.045
0.200**
0.093
0.171**

Intercept
Floor area
District price
|Age from 1966|
Floor level
Elevator
Good
Satisfactory
Sauna

R2
0.80
N
173
** = significant at 1% level
* = significant at 5% level

Helsinki-1
Coeff.

Variable
1.968
0.053
0.226
0.023
0.027
0.042
0.050
0.051
0.033

Std. Err.

0.87
372

0.903*
0.878**
0.929**
0.055**
0.036**
-0.009
0.09**
-0.009
0.039

Helsinki-2
Coeff.

Table 3.12. Regression results for three or more rooms in Helsinki regions.

0.387
0.029
0.048
0.010
0.012
0.016
0.031
0.031
0.021

Std. Err.

0.81
268

2.713**
0.846**
0.707**
0.052**
0.033*
0.036
0.136
0.067
0.022

Helsinki-3
Coeff.
0.466
0.056
0.051
0.013
0.016
0.019
0.096
0.097
0.023

Std. Err.

0.82
268

3.192**
0.849**
0.654**
0.054**
0.000
0.09**
0.036
-0.069
0.053*

Helsinki-4
Coeff.

0.492
0.057
0.052
0.010
0.014
0.017
0.041
0.041
0.024

Std. Err.

We note that the explanatory power of the models at subsample level is lower
than that of the pooled model. This is due the fact that the variance of the explanatory variables decreases as data are partitioned to more homogeneous subsamples, and hence the model is not able to explain the price variation so well
at the subsample level as at the level of the pooled sample.
We also tested the convenience to model the hedonic regression with respect
to room size. Based on the Chow test results (Table 3.13), cross-section analysis
over the number of rooms is preferred to pooled regression in every case except
for single-room apartments in the Helsinki-3 region. These findings support our
previous thoughts about different markets depending on the number of rooms
and regions. Of course, price formation can be due to various reasons, as pointed
out earlier, but classifying regressions into smaller and more homogeneous
groups can help to reduce generally known econometric problems such as heteroscedasticity.
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2.55**

8.55**

Two rooms

At least three rooms

** = significant at 1% level

5.86**

F-value

Single room

Room
size

Helsinki-1

(9, 493)

(9, 493)

(9, 493)

df

Table 3.13. Chow test results with respect to room size and regions.

12.08**

5.43**

27.12**

F-value

Helsinki-2

(9, 1466)

(9, 1466)

(9, 1466)

df

6.02**

9.68**

1.25

F-value

Helsinki-3

(9, 746)

(9, 746)

(9, 746)

df

7.35**

9.59**

4.28**

F-value

Helsinki-4

(9, 674)

(9, 674)

(9, 674)

df
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As a conclusion, in estimating the hedonic housing price function, we find it
necessary to asses more detailed and homogeneous apartments, which is
achieved by using separate regressions. In the forthcoming analysis in the next
chapter, we take the regional and room type classifications as granted. But before continuing to more sophisticated estimation techniques, we expose our
models to specification tests.

3.6.3

Specification testing

To test the model specification, we performed Ramsey’s (1969) RESET tests
for detecting the regression specification. The null hypothesis of RESET test is
rejected if we have 1) incorrect functional form, 2) omitted variables from the
regression or 3) error terms are correlated with regressors. The test results are
reported in Table 3.14. When we performed the RESET test to our models, null
hypothesis was rejected in the Helsinki-2 region with smaller apartments and
in Helsinki-1 and Helsinki-4 with large apartments. Still, in the majority of cases
the null hypothesis was accepted. This could also be regarded as a surprising
result considering the fact that we used the linear estimation strategy and only
a few variables.

Table 3.14. Ramsey test results.

Room type
Single room
Two rooms
At least three rooms

Helsinki-1
n
n
y

Helsinki-2
y
y
n

Helsinki-3
n
n
n

Helsinki-4
n
n
y

y = significant at 1% level
n = not significant at 1% level

As we noticed the possibility of misspecification of the functional form beforehand, we do not tackle that at this stage but instead propose a remedy for further
analysis in the conclusions section. We then focus our attention to the regression residuals.
In Figures 3.5 and 3.6, we have plotted the residuals versus fitted values (in
logarithms) from the cross-section regressions.10 Based on an ocular analysis,
10

Plots from other regressions are available in Appendix 1.
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we can conclude that in regressions with small apartments heteroscedasticity is
not present. However, in the case of larger and expensive apartments, we see
that the linear model is too rigid and the residuals deviate indicating the presence of heteroscedasticity. These apartments are of course rare, and their price
formation is more unique compared to other apartments.

-.2

-.1

0

.1

.2

.3

Helsinki-1, 1 room

11.5

12

Fitted values

12.5

Figure 3.5. Regression residuals and fitted values from Helsinki-1 single room regression.
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-.4

-.2

0

.2

.4

.6

Helsinki-4, +3 rooms

11.5

12

Fitted values

12.5

13

Figure 3.6. Regression residuals and fitted values from Helsinki-4 three or more rooms regression.

We performed the Breusch-Pagan heteroscedasticity tests for assuring the
presence of inconstant variance of regression residuals. The test results are tabulated in Table 3.15. All test statistics with large apartments were clearly above
the critical level, indicating strong modeling problems. With single-room apartments, the residuals were found to be homogeneous. The difference with respect
to the residuals variance between apartments is in line with our expectations.
Larger apartments have more complex variations with respect to the characteristics that the regression model cannot handle so well.

Table 3.15. Breusch-Pagan test results for heteroscedasticity.

Room type
Single room
Two rooms
At least three rooms

Helsinki-1
n
n
y

Helsinki-2
n
n
y

Helsinki-3
n
y
y

Helsinki-4
n
n
y

y = significant at 1% level
n = not significant at 1% level

To overcome the heteroscedasticity problem, we could use the White estimator, which allows robust standard errors in residuals. However, we see a kind of
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systematic pattern in Figure 3.6, and therefore, heteroscedasticity may be a
symptom of the misspecification of the functional form. We emphasize that
while heteroscedasticity is not a major problem as such, functional form misspecification would be a problem, and this is the reason why we pay attention to
heteroscedasticity in this Chapter as an additional motivation to consider more
flexible semiparametric estimation in the following chapters.
Based on specification analysis, our linear models do not pass the statistical
requirements of being valid tools in analyzing housing transaction prices. The
results are not surprising since we took a conscious risk using only a linear regression model in our estimation. Nevertheless, we find this exercise useful in
many respects, and the linear OLS method is a natural starting point for every
statistical analysis.
However, we learned several lessons from our analysis. First, with variable selection we detected possible problems that can have impact on estimation results. Second, based on specification analysis, more flexible methods are needed
to obtain sound results. Third, these results can be seen as a benchmark for our
forthcoming analysis.

3.7

Conclusions

The theoretical framework of hedonic prices by Rosen (1974) has been extensively applied in earlier research, especially in the housing market context. Even
though there are an enormous number of applications for the estimation of the
hedonic housing price function (Malpezzi 2002), methodological issues have
not attracted enough researchers’ interests.
We estimated a hedonic housing price function with the linear ordinary least
squares (OLS). Our results suggest that housing price formation can vary greatly
across city regions as well as across different room types. The area effect is a
consequence of capital accumulation due to urbanization. Regions closest to the
city center have the highest sale prices. This finding is not new, but it is a critical
for those studies that have included data from several cities in a single regression. Of course, the variation in price formation increases with increasing
amount of information about spatial characteristics. However, rather than incorporating here an in-depth spatial analysis, we are more interested in methodological issues.
Our estimation results indicate that transaction price increases with the increase in size, district price, floor level or condition. Age exerts positive impact
when it is calculated as absolute deviation from year 1966. Also elevator and
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sauna raise the price to some extent. These findings produce rather trivial results, adding no new information to the existing literature.
Based on the specification tests, we have evidence that our data set should be
split into subsamples. This increases the explanatory power of linear models as
housing market in real world is different across regions and room types. The
specification tests also suggest that more flexible estimation methods are
needed to characterize the price formation with both theoretically and empirically sound methods. Therefore, we suggest continuing the analysis with semiparametric estimation techniques.
We can find several interesting venues for future research. To our knowledge,
the discussion about the estimation of HPF has not mentioned the possibility to
use the least-squares estimation with shape constraints. To address this question, we will apply in the next chapter a specific nonparametric estimation
method known as the convex nonparametric least squares (CNLS) method,
which dates back to Hildreth (1954). We believe that applying this method to
the estimation of HPF several obstacles arising from both theory and practice
can be eliminated.
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4. Convex nonparametric least-squares
estimation of the hedonic housing
price function

4.1

Introduction

While the hedonic price model by Rosen (1974) has found countless applications in the research literature related to housing (see e.g. Malpezzi 2003; Taylor 2008), still the issues related to the econometric model specification are actively debated. The reason for this stems from the fact that the hedonic framework lacks connection to the traditional economic theory. Therefore, a strong
argument against the hedonic modeling in measuring welfare effects is the crucial notion that presently there isn’t any exact theory about how hedonic prices
are related to consumer welfare in the traditional economic context. Or as Nesheim (2006, 16) states, the lack of theoretical predictions has led to controversy
about functional form in empirical hedonic price work. Thus it is not surprising
that in the existing literature there is no consensus about which is the best functional form when estimating the hedonic price function (HPF).
The theory of hedonic price functions has only one implication, namely the
nonlinearity of HPF (Ekeland et al. 2004). In housing markets, the relationship
between an apartment’s sale price and its characteristics is rarely monotonic.
Therefore, researchers should prefer as flexible functional forms as possible
when estimating the HPF. With nonparametric estimation techniques, a priori
assumptions concerning the functional form are irrelevant and they have been
found to be superior to more restrictive parametric methods (Pace 1993; Anglin
and Gencay 1996; Parmeter et al. 2007; Haupt et al. 2010). The majority of nonparametric estimations of HPF are implemented by using flexible kernel methods. The advantages of these and other nonparametric approaches are that they
do not impose any structural assumptions about the functional form and fully
utilize the nature of the data. However, the nonparametric kernel method needs
a bandwidth selection that has an impact on evaluating the goodness of the
model. The bandwidth selection method is crucial and it has substantial effect
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on kernel estimation results (Haupt et al 2010). Furthermore, besides requiring
the researcher only to take care in the bandwidth selection process, the appropriate kernel has to be chosen. By overcoming these aforementioned challenges,
the researcher can obtain more robust predictions.
In the previous chapter, we estimated HPF by using the standard linear regression model. Consequently, we encountered several modeling problems
which are typical in empirical research. A linear model is too restrictive, and it
generalizes too heavily the influence of the characteristics on the realized transaction price. Thus, an improper functional form caused heteroscedasticity in our
regression residuals. Therefore, we came to a conclusion that we need to use
more flexible estimation methods to obtain sound results.
In this paper, we estimate the HPF by using the convex nonparametric least
squares (CNLS) method, the origin of which dates to Hildreth (1954). More recent representations of CNLS are also available (Hanson and Pledger (1976);
Mammen (1991); Mammen and Thomas-Agnan (1999); Kuosmanen (2008)).
As with other nonparametric methods, CNLS does not require a priori functional form assumptions and therefore supports the nonlinearity of HPF. In addition, the arguments in favor of the CNLS approach compared to other nonparametric methods are two-fold. First, the CNLS method does not require
bandwidth selection, which is obligatory with nonparametric kernel estimation.
Second, although we do not need to impose a priori assumptions about the functional form, the CNLS method finds out the well-behaving piecewise linear function that fits best to the data from a family of continuous, monotonic and concave functions. In addition, with CNLS statistical tests for regression, estimates
are available. These are not available with nonparametric kernel methods.
The contributions of this paper are three-fold. First, the most important contribution arises from the method we use. At least to our knowledge, this could
be the first CNLS-based application used in the estimation of the hedonic housing price function. Second, we are able to tackle those heteroscedasticity problems that we encountered in the previous chapter because our empirical results
are based on the data represented in the previous chapter. Therefore, we can
also find out whether CNLS is a better estimation method than OLS. Third, with
the help of the CNLS method presented in this chapter, we are easily able to add
the efficiency aspect into the analysis in the forthcoming chapter. In this respect,
the connected nature of the chapters creates a reader-friendly whole.
The rest of the chapter is organized as follows. Section 2 presents the estimation technique. As the detailed description of the data has already been presented in the previous chapter, Section 3 is devoted to results. Finally, Section 4
concludes the chapter.
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4.2

4.2.1

Estimation strategy

Convex nonparametric least-squares method

Consider a standard hedonic price model that was presented in the previous
chapter as
 ൌ ݂ሺܢ ሻ  ߝ

(4.1)

where  is the observed sale price of property i, ݂ is the unknown function to
be estimated,  ܢis a vector of ݇ ൈ ͳ characteristics and ߝ is the error term. In the
previous chapter, we assumed that ݂ is linear, and we estimated it with basic
OLS. This procedure is a natural starting point for a parametric modeling approach where some functional form of ݂ is a priori assumed. Several arguments
support the a priori approach when estimating a statistical model. However, if
the assumption of the functional form is incorrect, wrong conclusions about the
relationships between explanatory and explained variables are easily made.
Therefore, it is relevant to consider whether to impose a specific structure between the variables and derive the right functional form by theoretical arguments beforehand. Earlier we stressed the concavity assumption of hedonic
price function. This our view stems from the assumption that demand is the
main determinant of the shape of hedonic price function. Furthermore, hedonic
price function is often estimated with the Cobb-Douglas functional form (previously with Box-Cox transformations). Cobb-Douglas is itself quasi-concave by
nature and so are Box-Cox transformations if the transformation parameter is
set to less than zero.
Would we draw more accurate conclusions if the data “generated” its own
functional form satisfying only some given assumptions arising from the economic theory? These questions are considered when we estimate the hedonic
price function with nonparametric estimation techniques. Next we present the
estimation method used in this analysis.
We estimate this standard hedonic price model by using the convex nonparametric least squares technique (Hildreth 1954; Kuosmanen 2008). Next we
shortly state the CNLS problem. A more rigorous presentation can be found in
Kuosmanen (2008).
The CNLS problem is to find function ݂ which belongs to a set of continuous,
monotonic increasing and globally concave functions (Kuosmanen 2008) which
minimizes the sum of squared residuals. If we convert the HPF in (4.1) into the
CNLS problem, we have
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ଶ

 ൫ െ ݂ሺܢ ሻ൯


(4.2)

ୀଵ

where ݊ is the number of observations. This infinite optimization problem can
be converted into a finite quadratic programming problem as


  ߝଶ 
ఌǡఈǡ

ୀଵ

ݏǤ ݐǤ
 ൌ ߙ  ᇱ ܢ  ߝ 
ߙ  ᇱ ܢ  ߙ  ᇱ ܢ ݄ǡ ݅ ൌ ͳǡ ǥ ǡ ݊
  Ͳ݅

(4.3)

where the first constraint represents a basic linear regression formulation and
ߚ characterizes the marginal utilities of housing characteristics for each observation. We assume that these marginal utilities are all non-negative so the monotonicity is ensured. Even the age variable is not a problem since we have included this variable in the form which is monotonic in terms of transaction
price. The second constraint imposes concavity by using Afriat’s inequalities
(Afriat 1967).

4.2.2

Model specification

Analogously to the hedonic price model presented in (4.1), we consider a multiplicative hedonic price model which has the form of
୧ ൌ ሺܢ୧ ሻ ൈ ஔୈ ାக

(4.4)

where ୧ is the observed sale price of property i,  is the unknown function to
be estimated, ܢ୧ is a vector of  ൈ ͳ of continuous and discrete characteristics, ୧
is the vector of  ൈ ͳ binary characteristics and Ɂ is the parameter that measures
the marginal changes in ୧ . Finally, ɂ୧ is the statistical error term in exponential
form.
The reason why we choose to implement the multiplicative model instead of
the additive version is due to the possible heteroscedasticity in the regression
residuals. The multiplicative version of the model is easy to log-linearize, and by
taking the logs from both sides we reduce the variable scale and therefore also
heteroscedasticity. In relation to the transformation, it is worth to remember
that on the right-hand side of the equation we do not take the logarithms of
apartment characteristics but only on the function that maps them to the apartment price. The second benefit of using a multiplicative model is that we can
obtain relative measures of environmental variables. These measures are more
comparable between models than those of additive model specifications.
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When we estimate the model in (4.4) with CNLS, we assume that function  is
globally concave but not necessarily increasing with respect to all arguments.
Furthermore, as the apartment characteristics are additive and divisible, the assumption of linear homogeneity holds within the group of characteristics. As the
group of characteristics can be mixed,  has no universal constant returns to the
scale property. We estimate the model in Eq. (4.4) by taking logarithms on both
sides so that the model gets the following linear form:
 ୧ ൌ  ሺܢ୧ ሻ  Ɂ୧  ɂ୧

(4.5)

After the conversion of form this into a quadratic programming problem as
represented by Eq. (4.3), we have a CNLS-based estimation:


  ߝଶ 
ǡఋǡఌ

ୀଵ

ݏǤ ݐǤ
  ൌ  ߞ  ߜ۲  ߝ ݅
ߞ ൌ ߙ  ᇱ ܢ ݅
ߞ  ߙ  ᇱ ܢ ݄ǡ ݅
  Ͳ݅
Ƀ  Ͳ݅

(4.6)

where Ƀ୧ is the point estimator of the hedonic price function ሺܢ୧ ሻ. We impose
regularity conditions, namely, concavity and monotonicity on the marginal
prices of attributes Ⱦ୧ since they can have only positive impact on the sale price
of an apartment. In addition, we assume that estimated price Ƀ୧ should be nonnegative.
As the effects of binary characteristics are not observation-specific, we need to
calculate their statistical significance as proposed in Johnson and Kuosmanen
(2012). Thus, we apply the second stage of the least squares to estimate
 ୧ െ  Ƀ୧ ൌ Ɂ୧  ɂ୧

(4.7)

When the difference of true and estimated prices in logarithms is regressed on
binary characteristics, parameter estimates are equal to the estimates obtained
from the CNLS problem, but then we acquire also their standard errors and consequently have their significance levels.
To evaluate the goodness of the CNLS model, we calculate the coefficient of
determination, ଶ ǡ as
ଶ ൌ ͳ െ
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Ǥ ሺɂො୧ ሻ
Ǥ ሺ ୧ ሻ

(4.8)
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With the help of coefficient determination, it is possible to compare these
CNLS models to OLS models estimated in the previous chapter.
The main finding in the previous chapter was the heterogeneity of housing
capital. As a partial remedy to heterogeneity problems, we decided to divide the
data set into twelve subsamples with respect to spatial and number of rooms
characteristics. Dividing the data into subsamples also eases the computational
burden in estimations. Obviously the presence of significant heterogeneity leads
to modeling problems such that regression residuals have different variances
across observations. This heteroscedasticity problem was a serious flaw in the
OLS estimation implemented in the previous chapter.
To detect the heteroscedasticity in the CNLS estimation framework we apply
the White’s test (White 1980). This heteroscedasticity test is the appropriate
version for the CNLS model of the set of various test procedures since it does
not require any specific model specification and the estimator is also nonparametric as is the CNLS method. The null hypothesis in the test is that regression
residuals have equal variances and thus are homoscedastic. This null hypothesis
is rejected if the apartment characteristics in  and their interaction terms have
predicting power over the squares of residuals ൫ɂොଶ୧ ൯. The test statistic equals the
multiplication of the coefficient of determination in this regression, with a number of observations. White’s test statistic follows the Chi-distribution with degrees of freedom reflecting the number of variables in the original hedonic price
function estimation.

4.3

Results

The estimation results from the CNLS regression with respect to number of
rooms in various regions are tabulated in Tables 4.1, 4.2 and 4.3. The difference
to OLS estimation is that continuous and discrete variables are reported only by
means and standard deviations. Their statistical significance is not relevant
since they are only the means of each coefficient that sets the given piece-wise
linear function.
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Std. Err.
0.014
0.021
0.020
0.044

Estimate
0.005
0.123**
0.091**
0.051

Elevator
Good
Satisfactory
Sauna

R2
0.93
N
139
** = significant at 1% level
* = significant at 5% level

634605.6
5431.9
102.0
3893.9
138490.5

-138626.1
4855.3
25.4
816.2
26510.0

Intercept
Floor area
District price
|Age from 1966|
Floor level

Std. Dev.

Helsinki-1
Mean

Variable

Table 4.1. CNLS estimation results with single room apartments.

0.85
489

Estimate
-0.011
0.121**
0.046**
0.046

-50975.5
3279.0
25.2
626.8
4988.8

Helsinki-2
Mean

Std. Err.
0.008
0.014
0.014
0.040

454517.7
4898.2
113.0
5133.4
44971.5

Std. Dev.

0.91
143

Estimate
0.011
0.209**
0.094**
0.022

-5122.7
1010.7
21.8
2853.0
6415.4

Helsinki-3
Mean

Std. Err.
0.012
0.023
0.023
0.018

151910.9
5537.3
45.3
8187.6
33934.4

Std. Dev.

0.93
104

Estimate
0.018
0.096**
0.021
0.023

-3647.4
2180.8
9.7
1629.8
10645.6

Helsinki-4
Mean

Std. Err.
0.010
0.019
0.019
0.014

48740.1
2154.4
14.3
3550.6
42387.6

Std. Dev.
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Std. Err.
0.018
0.033
0.034
0.025

Estimate
0.057**
0.240**
0.095**
0.100**

Elevator
Good
Satisfactory
Sauna

R2
0.86
N
198
** = significant at 1% level
* = significant at 5% level

884907.5
2308.4
165.5
2781.4
447995.9

-356800.2
3402.5
69.3
1401.7
58506.3

Intercept
Floor area
District price
|Age from 1966|
Floor level

Std. Dev.

Helsinki-1
Mean

Variable

Table 4.2. CNLS estimation results with two-room apartments.

0.84
622

Estimate
0.002
0.092**
0.016
0.069**

-97427.1
3659.1
29.9
1420.3
23867.2

Helsinki-2
Mean

Std. Err.
0.008
0.016
0.016
0.016

482852.8
5408.6
70.9
7000.4
230037.4

Std. Dev.

0.83
352

Estimate
0.060**
0.176**
0.089**
-0.016

Helsinki-3
Mean
2342384.3
489.5
934.3
1853.9
30453.6
Std. Err.
0.012
0.027
0.027
0.013

30258917.2
8329.0
11632.1
8471.5
386174.9

Std. Dev.

0.86
319

Estimate
0.026**
0.126**
0.050*
0.116**

18954.1
910.2
23.6
2023.7
7243.7

Helsinki-4
Mean

Std. Err.
0.010
0.022
0.022
0.013

160300.9
2124.4
40.8
4353.9
26212.6

Std. Dev.
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Std. Err.
0.027
0.036
0.037
0.024

Estimate
0.068*
0.201**
0.105**
0.167**

Intercept
Floor area
District price
|Age from 1966|
Floor level

Elevator
Good
Satisfactory
Sauna

R2
0.89
N
173
** = significant at 1% level
* = significant at 5% level

3377518.5
5379.2
601.2
9287.3
155864.3

-1706378.5
3661.7
352.9
2249.1
39815.6

Variable

Std. Dev.

Helsinki-1
Mean

0.90
372

Estimate
0.001
0.107**
0.009
0.011

-323325.0
3769.3
109.7
4967.6
13275.7

Helsinki-2
Mean

Table 4.3. CNLS estimation results with three or more rooms apartments.

Std. Err.
0.012
0.027
0.027
0.016

2348984.6
5443.9
759.5
21924.2
51987.4

Std. Dev.

0.85
268

Estimate
0.053**
0.092
0.017
0.012

-169447.8
2555.1
79.5
1132.6
9185.6

Helsinki-3
Mean

Std. Err.
0.015
0.083
0.083
0.016

588582.9
4197.7
194.2
7117.2
40351.7

Std. Dev.

0.87
268

Estimate
0.090**
0.038
-0.065
0.019

-228648.4
2086.9
117.9
2796.1
2774.8

Helsinki-4
Mean

Std. Err.
0.013
0.035
0.034
0.016

1166091.2
2954.6
573.0
5369.7
15074.8

Std. Dev.

The CNLS model fits best to single-room apartments, where the coefficient of
determination is 0.93 in two cases. The explanation can be found from the homogeneity of these apartments when compared to larger apartments. The results from single-room apartment estimations indicate that the floor area dominates the impact of the characteristics as the mean is higher than for larger
apartments. From the results, we can see that better condition raises the transaction price by 10-20 percent. The condition is more important factor with
smaller apartments than with larger ones. However, neither an elevator nor a
higher floor-level is contributing significantly to the price.
With two-room apartments we see that a higher floor-level makes a clear contribution to the transaction price. With the largest apartments, the mean of
floor level is clearly less than that of smaller apartments. This due to the fact
that other characteristics dominate more than floor level. Also the variation of
floor level outside the city center is little since buildings are lower in the suburban areas. The other crucial characteristic for an apartment is sauna. A sauna
raises the price level from 7 to 10 percent on average. The effect is significant
especially with two room apartments and with larger apartments in the city center. Typically, single room apartments exhibit no sauna as a consequence of
space limitations.
The differences between the different room types can be explained by the variation in characteristics. We have characterized this with Table 4.4 below where
the means of all variables are calculated with respect to regions. The difference
to the previous is that the focus is now on regions. Table 4.4 shows that district
price is a variable which has the most variation with respect to regions. All single-room apartments are of the same size as regards the mean of the floor area.
There is an interesting detail here: every fifth single-room apartment in the Helsinki-4 region has its own sauna.
We also find in our data that the single-room apartments are more likely located in older buildings and lower floor-levels than larger apartments. A historical explanation to both of these observations is that the janitors used to live on
the ground floors of older buildings. Their apartments were typically small single-room apartments. Nowadays, these flats are in general residential use as
janitors have vanished.
In the case of two-room apartments, their floor area is the greatest in the city
center. The effects are in line with single-room apartments when we move from
city center areas to the suburban Helsinki-4 region. The price difference between Helsinki-1 and Helsinki-4 is the highest for apartments with three or
more rooms, also in relative terms. Also the floor level is higher up than in
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smaller apartments, and therefore no less than 86 percent of those apartments
have elevators in their buildings.
As the CNLS estimations are performed in levels, the results are not comparable in a straightforward manner to log-log estimations in the previous chapter.
The exception is made with dummy variables, which have their interpretation
in percentage terms when raised to exponent. Between the elevator and condition variables, the apartments differ in minor respects. As a conclusion, we find
that the CNLS estimation results do not differ that much from the OLS results
presented in the previous chapter.
However, the coefficients of determination are higher in every case for CNLS
when compared to OLS estimations. This finding indicates that our CNLS model
performs better than the traditional OLS model. Therefore, the flexible functional form which allows nonlinearity is found to be a promising approach also
in this case when estimating HPF.
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Table 4.4. Means of variables with respect to number of rooms in different regions.

Single room apartments
Variable

Helsinki-1

Helsinki-2

Helsinki-3

Helsinki-4

Price
Floor area
District price
Age of building
Floor level
Elevator
Good
Satisfactory
Sauna

190113
31.8
6012.6
39.5
3.1
0.73
0.38
0.49
0.02

144707
31.4
4705.2
25.0
3.1
0.56
0.47
0.43
0.01

117034
31.6
3686.1
13.0
2.5
0.34
0.36
0.57
0.13

111040
31.9
3531.3
11.8
2.6
0.51
0.53
0.39
0.20

Two rooms apartments
Variable

Helsinki-1

Helsinki-2

Helsinki-3

Helsinki-4

Price
Floor area
District price
Age of building
Floor level
Elevator
Good
Satisfactory
Sauna

333235
58.7
5676.1
38.5
3.4
0.75
0.59
0.35
0.13

213015
50.4
4209.0
18.9
3.2
0.64
0.48
0.45
0.07

166367
51.3
3237.2
17.3
2.7
0.47
0.48
0.48
0.27

142826
52.7
2666.8
12.4
2.7
0.47
0.54
0.42
0.19

Three or more rooms apartments
Variable

Helsinki-1

Helsinki-2

Helsinki-3

Helsinki-4

Price
Floor area
District price
Age of building
Floor level
Elevator
Good
Satisfactory
Sauna

631364
110.8
5526.8
42.2
3.5
0.86
0.55
0.36
0.22

327954
79.6
4030.5
17.6
3.0
0.60
0.50
0.45
0.17

234283
77.3
3007.0
17.6
2.8
0.46
0.51
0.48
0.40

189268
77.3
2393.2
11.7
3.0
0.48
0.54
0.43
0.29

As we discussed the arguments for our model selection earlier, the main argument for choosing the multiplicative model stems from the existence of heteroscedasticity of regression residuals. Thus, the interesting detail to be tested is
the presence of heterogeneity of residuals. In the earlier paper, we found that
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heterogeneity was prominently present in the data and had influence on regression results.
White’s test results for heteroscedasticity of residuals are tabulated in Table
4.5. The test statistics indicate that the null hypothesis of homoscedastic variances of residuals is rejected in every second case. Heteroscedasticity is present
especially in the city center. This is not a surprising since the real estate in the
city center in terms of apartment characteristics has a greater variation than in
suburban areas. Apartments in the suburban area are more homogeneous since
they were built mainly in the 1960’s and 1970’s when the city expanded quite
rapidly.

Table 4.5. White’s test results for heteroscedasticity of residuals.

White's
Region

R2

F-value

p>F

Single room

Helsinki-1

0.09

0.84

0.62

12.06

0.52

Helsinki-2

0.04

1.42

0.14

19.62

0.11

Helsinki-3

0.11

1.11

0.36

15.42

0.28

Helsinki-4

0.23

1.90

0.04

23.97

0.03

Helsinki-1

0.08

1.09

0.37

15.19

0.30

Helsinki-2

0.09

4.32

0.00

56.38

0.00

Helsinki-3

0.08

2.04

0.01

27.48

0.01

Helsinki-4

0.08

1.86

0.03

25.23

0.02

Helsinki-1

0.06

0.72

0.75

10.44

0.66

Helsinki-2

0.04

1.00

0.45

14.04

0.37

Helsinki-3

0.18

3.90

0.00

47.53

0.00

Helsinki-4

0.22

5.06

0.00

58.61

0.00

Two rooms

Three or more rooms

statistic (nR2)

Based on our findings, we can conclude that CNLS estimation reduces the
problem of heteroscedasticity in comparison to standard OLS estimation. However, heteroscedasticity remains in the regression residuals despite a more flexible estimation technique used. Thus, we are not able to overcome the problem
of heteroscedasticity with the CNLS method, either.
In order to find out whether the residuals from the CNLS regression differ
from the residuals from our previous linear regression, we performed the variance and normality tests. The test results are tabulated in Table 4.6. We also
compared the means of distributions, and they were equal in every case.
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Number of rooms

p-value
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Table 4.6. Variance and Kolmogorov-Smirnov test results.

Single room

Two rooms

Three rooms+

Variance

K-S

Variance

K-S

Variance

K-S

Helsinki-1

0.058

0.250

0.002

0.538

0.000

0.030

Helsinki-2

0.122

0.089

0.130

0.383

0.011

0.127

Helsinki-3

0.001

0.049

0.000

0.292

0.057

0.070

Helsinki-4

0.003

0.124

0.000

0.240

0.013

0.055

** = significant at 5% level
* = significant at 10% level

The test results indicate that the variances differ in many respect from each
other as only in four cases the test results suggest equal variances. Normality
test, where the difference between cumulative distribution functions (cdf) is
tested, is implemented with the Kolmogorov-Smirnov method. Normality tests
find that cdf varies only in the single-room case in Helsinki-3 and where there
are three or more rooms in Helsinki-1.
We have depicted cdf for these two cases, which are illustrated in Figures 4.1
and 4.2 respectively. Residual values are projected on the horizontal axis and
the cumulative probability on the vertical axis.

Cumulatives:
Cobb-Douglas and CNLS residuals

0

.2

.4

CDF

.6

.8

1

Helsinki-1, +3 rooms

-.4

-.2

0
.2
Value of residual
ECDF of CD

.4

.6

ECDF of CNLS

Figure 4.1. Cumulative distribution functions of regression residuals in Helsinki-1 with three or
more rooms apartments.
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Cumulatives:
Cobb-Douglas and CNLS residuals

0

.2

.4

CDF

.6

.8

1

Helsinki-3, 1 room

-.2

-.1

0
Value of residual

ECDF of CD

.1

.2

ECDF of CNLS

Figure 4.2. Cumulative distribution functions of regression residuals in Helsinki-3 with single room
apartments.

The difference between the residuals’ distribution arises from the strong kurtosis of CNLS residuals. There are a number of residuals equaling zero in the
CNLS case. The Cobb-Douglas specification is smoother and equipped with fat
tails with respect to distributional terms.
Why those two submarkets are the ones where residuals are not from the same
distribution in statistical terms? There is no clear explanation that would be
backed by evidence. First, large apartments in the city center have multiple attributes that fall beyond our data. But if we look at the kurtosis of CNLS residuals, we find that the effect is in many cases similar as major share of the mass of
residuals are located near zero. Therefore, it could be that the reason stems
from the robustness of the CNLS estimator compared to the Cobb-Douglas one.
The semiparametric CNLS estimator performs better with larger apartments
than the parametric Cobb-Douglas estimator does. On the other hand, the estimators’ performance cannot be applied to single-room apartments in the Helsinki-3 region since the variation of characteristics there is smaller. Thus, a reliable explanation to this question is hard to find.
Based on the test results, we can infer that our CNLS estimation method produces sound test results. Even though the variance of CNLS residuals is unequal
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when compared to the Cobb-Douglas specification, we find unanimous behavior
in terms of empirical distributions of residuals. As both residuals have normal
distributions, CNLS outperforms the Cobb-Douglas alternative since the CNLS
model fit is better than parametric specification.

4.4

Conclusions

As the hedonic framework lacks connection to the traditional economic theory, in the existing literature there is no agreement about which is the best functional form when estimating HPF. In this study we estimated the HPF by using
the convex nonparametric least-squares method (CNLS). To our knowledge,
this was probably the first housing market estimation made by an application
that applied CNLS.
Our estimation results suggest that CNLS performs better than the OLS implemented in the previous paper. With all the estimations, the coefficient of determination was higher than in the case of OLS. This is not surprising because,
as a consequence of the theoretical underpinnings of CNLS, in it R2 cannot be
smaller than in OLS.
The diagnostic tests for the regression residuals again indicated the presence
of heteroscedasticity. Even though we managed to reduce the heteroscedasticity
by using CNLS, we weren’t able to totally overcome the typical modeling problem.
In the next phase, we go into the details of regression residuals’ characteristics. We have three reasons for this. First, as we already pointed out, well-behaved residuals are needed to obtain reliable estimation results. Second, in the
econometric efficiency analysis, research interest is focused on residuals rather
than on estimation coefficients. This efficiency concept is derived by decomposing the residual into two parts. Thirdly, the residuals provide the information
source to the asymmetry in the housing markets, which gives rise to the main
research question in this research.
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5. Measuring the skewness of residuals
– evidence of information asymmetry?

5.1

Introduction

The standard econometric analysis regarding estimation concentrates heavily
on parameter estimates from the regression equation. Excluding economic efficiency analysis, rather little attention is paid to the regression residuals, which
are assumed to satisfy a priori specified parametric assumptions such as normality. For example, the statistical inferences based on ordinary least squares
estimation require that error terms have the same variance (homoscedasticity)
and are serially uncorrelated to be considered as valid. However, it is possible
that there is heteroscedasticity present so that the model and consequently its
estimates are then biased. Thus to guarantee a proper econometric analysis, especially in linear context, it is critical to test whether the researcher’s crucial
task of selecting variables, model specification and pre-specified assumptions
are also valid after the estimation procedure (Parmeter et al. 2007).
Whether the normality assumption of residuals holds or not divides the economics research literature. The traditional modeling approach is more interested in regression estimates and interpreting the marginal effects of explanatory variables than concentrating on the distributional assumption of regression
residuals. On the other hand, methods which are related to econometric efficiency measurement and stochastic modeling have a special purpose to investigate the non-normality of regression residuals. In this research area, the presence of inefficiency arises from the distribution of residuals, which are divided
into two components: stochastic noise and inefficiency.
The approach presented in this chapter follows mainly the one presented in
Kuosmanen and Fosgerau (2009). In their paper, the authors justify the claim
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that researchers should consider the normality assumption and its violations
more often. Furthermore, they propose a test statistic to measure the normality
of regression residuals.
The asymmetry of regression residuals in the housing market context has interesting substance. First, non-normal residuals might result from uncontrolled
factors. However, these factors have also opposite effects; therefore, it would be
natural to assume that these effects can reverse themselves. Second, asymmetrically distributed residuals can emerge from the bargaining power of buyers
and sellers. As the price formation varies between apartment characteristics and
location, it might be possible that there is an advantage for either market participant in a particular submarket. This kind of setup with a two-tier frontier
estimation can be found in a labor-market context in Parmeter and Kumbhakar
(2009).
If we find evidence of non-normality by which we in this context mean skewness of residuals, we can conclude something about the functionality of housing
markets. Asymmetry in distribution indicates that the market is inefficient and
either buyers or sellers in aggregate have advantage over the other market participant. But in order to continue the analysis further, we must first test the
skewness.
The skewness of residuals is tested with a common test statistic, which is based
on sample moment estimators. We apply the proposed skewness test to our
CNLS residuals obtained in the previous Chapter 4. The statistical test we apply
is simple to calculate, and the critical values can be derived from the standard
normal distribution after a minor transformation. The sign of the test statistic
reflects straightforwardly whether the skewness is positive or negative. In our
housing market context, negative skewness implies that the majority of regression residuals are positive. Thus, in the frontier context, this means that the majority of actual transaction prices lie above the efficient price function and as
positive residuals are added to the estimated prices we obtain the actual transaction prices. This means that if the model is correctly specified the buyers are
paying more than the estimated ‘fair’ price, and thus there are some information
costs or a premium that the sellers can extract from the market.
The rest of this chapter is organized as follows. After this introduction, we
move on to discuss the backgrounds of different approaches in estimating the
price functions on a general level. In 5.2, we distinguish the two strands of economic literature in which the residual terms have a different meaning as a
standpoint. Then, in 5.3, we propose a test for detecting the asymmetry of residuals. Section 5.4 is devoted to the results, and finally Section 5.5 concludes
the chapter.
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5.2

Estimation Framework

Consider the standard price model
 ൌ ݂ሺܢ ሻ  ߝ

(5.1)

where  represents the transaction price of apartment ݅, ݂ denotes the price
function that maps the apartment characteristic set, ܢ    אԹ
ା is the vector of
characteristics and ߝ refers to exogenous error term such that ܧሺߝ ȁܢ ǡ ǥ ǡ ܢ ሻ ൌ
Ͳ for all ݅ ൌ ͳǡ ǥ ǡ ݊. The model above is treated as a standard version because it
characterizes the basic concepts in modeling price formation where exogenous
variables in vector ܢ are free to choose given the possibilities of the data set.
The rest of the unknown effects that relate to explanatory variable  are then
captured in the stochastic error term, ߝ .
When the model in (5.1) is estimated, we then have a unbiased estimator of
ܧሺȁܢሻ that does not depend on the true distribution of error term ߝ. Typically,
when the model represented in (5.1) is estimated, the interest is directed into
the estimated coefficients of marginal effects. The arguments that support this
arise from the additional assumption made about the error term ߝ . The focus
can be only on the estimated marginal effects if we assume that error terms are
independently and normally distributed. This means that the researcher implicitly assumes that, on average, error terms do not deviate from zero.
The assumption regarding the residuals is necessary in estimating the model
(5.1) with OLS. However, rather little attention is paid to checking whether the
estimated residuals are normally distributed and whether the interpretations of
the results are valid. Violations emerging from incorrect model specification can
be tested and some more sophisticated estimation technique that fits better in
the given problem can be applied. Still, we argue that problems encountered in
the sense of skewness of residuals can provide an interesting venue to search
for, and it should not always be treated as a problem. The distribution of residuals can tell something about the underlying phenomenon such as price formation of an apartment.
The alternative venue for research we suggested refers to frontier estimation
(Aigner et al. 1977; Meeusen and van den Broeck 1977), which also has generated a large body of literature but is still not treated as a part of mainstream
economics. Exaggerating the difference with neoclassical estimation approaches, we could say that in the frontier estimation context the marginal effects are irrelevant and everything is aimed at examining the distribution residuals. The reason behind this is that if we observe some skewness in the residuals
it could indicate that there is room for inefficiency at some scale. This concept
of inefficiency is central in the frontier estimation context (Kumbhakar and Lovell 2000; Fried et al. 2008; Coelli et al. 2005).
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If the model in (5.1) is estimated with a stochastic frontier estimation technique, we need to decompose the error term into two parts such as
 ൌ ݂ሺܢ ሻ  ݒ െ ݑ

(5.2)

where ݒ is the symmetric noise term with ܧሺݒ ሻ ൌ Ͳ and ݑ  Ͳ is a one-sided,
asymmetric inefficiency term with ܧሺݑ ሻ  Ͳ. A careful reader will notice that,
if we set ݑ ൌ Ͳ, we have the standard model represented in (5.1). The model
represented in Eq. (5.2) indicates negative residuals. This means that (5.2) is
used in buyers’ markets where actualized prices are lower than the estimated
ones. As we are interested in also positive residuals indicating sellers’ market,
we need to formulate a second model for detecting the opposite effect such as
 ൌ ݂ሺܢ ሻ  ݒ  ݑ

(5.3)

How do we decide which model we use in estimations? The choice between
two models is made by testing the skewness of CNLS residuals estimated in previous Chapter 4. As ܧሺݒ ሻ ൌ Ͳ, we know which sign the inefficiency term ݑ has.
The test procedure is explained in the forthcoming section.
Why do we include the inefficiency component ݑ into the regression model?
Suppose we do not decompose and we find that our residuals exhibit skewed
distribution. Then we could infer that our model specification is incorrect and
move to use some other specification or estimation method that is more convenient. But what if the reason for skewness is systematic? It could be a result
for example from the selling practices in housing markets how price determination happens based on apartment characteristics. If this is the case, we need to
incorporate the inefficiency term, ݑ , into the price model. But before we know
whether this is the correct empirical strategy, we need to measure the presence
of skewness. Next, we will discuss the skewness of distribution and propose a
test to detect it.

5.3

Skewness of distribution

When estimating the classic linear regression model, we assume that error
terms are homoscedastic and not serially correlated to have an unbiased estimator. Of course, we do not observe the homoscedasticity and serial correlation
conditions of residuals beforehand, and therefore we typically start by applying
ordinary least squares on the given data set. But from a theoretical standpoint,
it is crucial to assume that the conditions will obtain reliable estimates. In addition, if we have error terms that are also independently and identically distributed (i.i.d.) with zero mean, OLS estimator becomes the maximum likelihood
estimator.
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Normal distribution is the most commonly used means for estimating linear
models as it is supported by the central limit theorem. Normally distributed residuals are symmetrically divided on both sides of the zero mean. If this is not
the case, then we have some skewness present. Positive skewness indicates that
the majority of regression residuals have values below zero. This positive skewness distribution is illustrated in Figure 5.1a. Negative skewness means that the
left tail is longer than the right tail, and therefore the mass of residuals is greater
than the mean zero (Figure 5.1b). Beside skewness, non-normal behavior can
emerge also from the high kurtosis of distribution. This means that a great share
of the values is close to the mean so that the distribution’s peak is higher than
with a normal distribution. However, we concentrate almost solely on skewness
measure which indicates well the possible asymmetry in residuals.

a) Positive skewness

b) Negative skewness

Figure 5.1. Illustration of positive skewness and negative skewness of distribution.

What does this skewness of residuals mean in our housing market context? If
we have a negative skewness, it indicates that the actual prices have risen above
the efficient price frontier and the buyers are paying more than they should with
given apartment characteristics. This situation is illustrated in Figure 5.2. We
have depicted the negative skewness alongside the price frontier to characterize
the shape of distribution in regression context.
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Figure 5.2. Characterizing the skewness in the frontier context.

The logic for skewness of distribution and residuals is straightforward. When
we have positive skewness ሺ݂ሺܢሻ െ ܧሺȁܢሻ ൏ Ͳሻ, the residuals are negative, and
negative skewness ሺ݂ሺܢሻ െ ܧሺȁܢሻ  Ͳሻ implies that the residuals are positive.
By this logic, positive skewness favors buyers and negative skewness does the
same for sellers.
In order to measure the skewness of regression residuals, we apply a sample
moment test. We need to calculate the second and third sample moments
ଵ
ଵ
around sample mean ݔҧ as ݉ଶ ൌ σୀଵሺݔ െ ݔҧ ሻଶ and ݉ଷ ൌ σୀଵሺݔ െ ݔҧ ሻଷ , re



spectively. With these moments, we can then calculate test statistics ඥܾଵ as
ඥܾଵ ൌ

݉ଷ
݉ଶ ଷΤଶ

(5.4)

Now the sign of ඥܾଵ indicates whether the distribution of residuals is positively or negatively skewed. If ඥܾଵ has a positive sign it means that residuals are
positively skewed and the distribution of residuals has the shape as depicted in
Figure 5.1a. When the test statistic is positive, the greater mass of residuals has
values less than zero.
Kuosmanen and Fosgerau (2009) argue that a simple skewness statistic, ඥܾଵ ,
is enough to allow making conclusions about the symmetry of the underlying
distribution. The skewness test statistics has its own distribution with critical
values, but there is also a possibility to obtain a more familiar reflection to judge
the statistical significance of skewness. The critical values for ඥܾଵ , which follow
the ܰሺͲǡͳሻ distribution, can be calculated with the transformation introduced in
D’Agostino (1970) or obtain them by numerical simulation. The transformation
is as follows:
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ଵ

ሺܰ  ͳሻሺܰ  ͵ሻ ଶ
ܻ ൌ ඥܾଵ ቊ
ቋ ǡ
ሺܰ െ ʹሻ
͵ሺܰ ଶ  ʹܰ െ Ͳሻሺܰ  ͳሻሺܰ  ͵ሻ
ߚଶ ൌ
ǡ
ሺܰ െ ʹሻሺܰ  ͷሻሺܰ  ሻሺܰ  ͻሻ

(5.5)

ଵ

ܹ ଶ ൌ െͳ  ሼʹሺߚଶ െ ͳሻሽଶ ǡ
ߜ ൌ ͳΤඥ ܹ ǡ
ଵ

ߙ ൌ ሼʹΤሺܹ ଶ െ ͳሻሽଶ
where ܰ refers to sample size and ݉ଷ to the third sample moment described
previously. Then the ܼ-statistic that follows approximately ܰሺͲǡͳሻ with ܰ  ͺ is
derived as
ଵ

ܼ ൌ ߜ  ܻΤߙ  ሼሺܻΤߙ ሻଶ  ͳሽଶ ൨

(5.6)

Now the critical values for ඥܾଵ are familiar 1.92 for 5% and 1.28 for 10% significance level.
We have summarized how the skewness relates to inefficiency and market
conditions in Table 5.1. If we observe positive skewness in the CNLS residuals
estimated in Chapter 4, we could say that the market is favoring buyers. This
means that on aggregate level, actual transaction prices are below the estimated
ones, and therefore the expectation of inefficiency term and CNLS residuals are
negative. The skewness measure ඥܾଵ has a positive sign. Furthermore, in this
situation the price model is estimated with specification presented in Eq. (5.2).

Table 5.1 Skewness measures and market condition.

Buyers' market

Sellers' market

Price

p i ≤ ζi

p i ≥ ζi

Skewness
Expectation of inefficiency term
Residuals
Skewness measure

Positive
E(ui) < 0
Negative
√b1 ≥ 0

Negative
E(ui) > 0
Positive
√b1 ≤ 0

The proposed test procedure gives reasonable insight on whether regression
residuals exhibit skewness behavior. Furthermore, as our analysis is going to
continue to econometric efficiency analysis at the later stage, we argue that this
simple testing procedure gives valuable insight on what to expect. If the regression residuals are normally distributed, we will not find any significant inefficiencies present in the housing markets. On the other hand, if we find some evidence of skewness, it could be due to different regions and apartment types.
This serves as an interesting empirical fact that has not yet been discovered
about the housing market.
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5.4

Measuring the skewness of residuals

As we inspect further the CNLS regression residuals obtained in previous
Chapter 4, we find that in seven regressions out of 12 the distribution of residuals is positively skewed (Table 5.2). This means that in these cases there is more
mass below the average of residuals. If in some cases the residual term is an
extraordinarily large positive value, the fitted hedonic price in those cases must
be well under the realized transaction price. This would then indicate that the
seller has gained a higher price than the model predicts with given characteristics. The reasons behind the higher price could be in characteristics that we have
not observed: for example, a sea view, which can raise the transaction price significantly. One explanation is of course that there is some kind of information
advantage the seller has over the buyer who has paid a higher than reasonable
price.
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Table 5.2. Distribution statistics of regression residuals.

Number of rooms

Region

Std. Dev.

Min

Max

Skewness

Kurtosis

Single room

Helsinki-1

0.07

-0.19

0.27

0.21

1.70

Helsinki-2

0.09

-0.50

0.20

-0.86

2.48

Helsinki-3

0.07

-0.21

0.22

-0.11

1.05

Helsinki-4

0.05

-0.14

0.14

-0.35

2.05

Helsinki-1

0.11

-0.30

0.43

0.77

2.04

Helsinki-2

0.10

-0.39

0.34

-0.22

0.62

Helsinki-3

0.10

-0.29

0.59

0.49

3.64

Helsinki-4

0.08

-0.25

0.21

-0.21

0.08

Helsinki-1

0.12

-0.35

0.42

0.31

1.12

Helsinki-2

0.11

-0.36

0.56

0.02

2.16

Helsinki-3

0.11

-0.33

0.45

0.37

1.56

Helsinki-4

0.10

-0.35

0.53

0.14

2.90

Two rooms

Three or more rooms

The last column in Table 5.2 presents the kurtosis of residuals. A high value
for kurtosis indicates that a larger share of residuals is close to the mean of residuals. A high kurtosis implies also that the tails of distribution are short and
thinner compared to normal distribution.
From the descriptive statistics of residuals presented in Table 5.2, we can see
that in some cases skewness is more evident than with others. Also the kurtosis
varies heavily between residuals. To illustrate this, we have depicted the residuals from two interesting cases in Figure 5.3 and Figure 5.4. Both kernel densities are plotted against normal density to characterize the distribution’s difference. Kurtosis is present in both cases depicted in Figures 5.3 and 5.4. Also, the
skewness of residuals is evident. Figure 5.3 shows that the skewness is negative
as the mass of residuals is above zero. On the other hand, down below in Figure
5.4, the skewness is positive and the mass of residuals is less than zero. Other
interesting cases are depicted in the Appendix 2.

86

Measuring the skewness of residuals – evidence of information asymmetry?

Kernel and Normal Densities
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Figure 5.3. Kernel densities of regression residuals against normal densities in Helsinki-2 region
and single room apartments.

Kernel and Normal Densities
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Figure 5.4. Kernel densities of regression residuals against normal densities in Helsinki-3 region
and with two rooms apartments.

To find out the true source of skewness in residuals, we need to decompose
each regression residual into two parts as denoted in Eq. (5.2). The first term in
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the residual consists of a true random error that can occur in every point estimate which is normally distributed with the mean of zero and finite variance.
The second term in the residual then measures the information advantage in the
markets. We will implement this approach later to estimate the second term, ݑ ǡ
in the regression residual.
The skewness test statistics and critical values for various city regions with
respect to number of rooms are tabulated in Table 5.3. As the test statistic follows standard normal distribution, the critical values for Z-statistics in the twoway test are equal to 1.92 and 1.28 for 0.95 and 0.9 confidence intervals, respectively. Therefore, at 10 percent significance level, five out of 12 cases in our subsamples exhibit skewed residuals.

Table 5.3. Skewness test results.

Helsinki-1
Helsinki-2
Helsinki-3
Helsinki-4

Single room
√b1
Z-stat

Two rooms
√b1
Z-stat

Three rooms+
√b1
Z-stat

0.21
-0.86
-0.11
-0.34

0.77
-0.22
0.48
-0.20

0.31
0.02
0.37
0.14

0.70
-4.19**
-0.36
-0.98

2.55**
-1.46*
2.30**
-1.00

-1.12
0.12
1.60*
0.64

** = significant at 5% level
* = significant at 10% level

The results seem interesting. Three findings are to be presented shortly, before
a deeper analysis. First, as we examine the residuals from larger apartments, we
can see that the distributions are all positively skewed. Secondly, in the Helsinki-1 region residuals are positively skewed, indicating that the buyers obtain
apartments with a lower price than the model estimates. Thirdly, outside the
Helsinki-1 region all single-room apartments have negative skewness, implying
that sellers have higher price than the apartment characteristics should generate.
The test statistics have positive value in the majority of cases. This implies that
on aggregate we have positive skewness in the housing market. This favors buyers and punishes sellers since actual transaction prices lie below the estimated
price frontier in the aggregate level. The possible effects can result from the
model.
Why is positive skewness present in large apartments? One explanation stems
from the combination of different attributes between apartments. Larger apartments have more possible combinations of different characteristics, leading to
more unique price formation when compared with single-room apartments.
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This could favor buyers in our model since this unique price formation is harder
to estimate. Furthermore, the range of apartments is greater in the classification
of larger apartments as it includes those apartments that also have five- or sixroom apartments. Thus, the model underperforms when estimating the hedonic
price for these kinds of apartments.
The positive skewness in the Helsinki-1 region with all apartment sizes could
be explained by city center premium. As the city center is the oldest part of the
city and its accessibility is the best, it would be natural to this to have a premium
effect in the Helsinki-1 region. The second possible explanation stems from the
nature of our data. The positive skewness in residuals could result from the fact
that our variables in the data cannot capture enough variation in the explanatory variable. Therefore, our model is not performing adequately in the city center, where apartment characteristics vary more than in suburban areas. It is also
possible that especially in the city center where buyers seem to have advantage
to the sellers is caused by uncontrolled factors. By this we mean that there could
be some amenities or apartment characteristics that raises actual price higher
than our model estimates.
An interesting result is the negative skewness in single-room apartments outside Helsinki-1. The single-room apartments in suburban areas all have negative
skewness. The negative skewness implies that on aggregate level sellers get advantage over buyers on those three particular regions. In these cases, buyers
seemed to pay more than our model suggest.
We argue that we can explain the negative skewness cases with empirical facts.
Rental apartment market is especially hot in those city regions. The demand for
single-room apartments in Helsinki-2 is guaranteed since it is close to the city
center and has plenty small apartments with a reasonable rent level when compared to the city center. The same argument applies also to two-room apartments in the Helsinki-3 and Helsinki-4 regions. Those kinds of apartments in
these regions are in high demand; however, the profits are much higher as the
price-to-rent ratios are significantly lower than near the city center. Both of
these regions attract real-estate investors, which results in higher competition
and clearer price formation.
To draw better conclusions concerning the market participants’ behavior, we
would need data consisting also of asking prices of flats in addition to their
transaction prices. This would then enable us to estimate the discount factor as
a percentage change in the asking price and in the transaction price.
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5.5

Conclusions

In this chapter, we analyzed the distributional assumptions of residuals with
the help of our hedonic regression models. The reason for this analysis stems
from the main research question stated in this dissertation. If we are keen to
find out whether information asymmetry is present in the housing market, we
need to have evidence from regression residuals. Skewness of residuals could be
a sign about some advantage of market participant relative to other, and therefore we can proceed to the stochastic efficiency analysis in our examination.
Our results indicate that skewness has different signs across our chosen regions as well as room types. Based on our analysis, we found that regression
residuals are skewed over 40 percent of the submarkets. The magnitude of the
skewness varies between regions and also between apartment sizes. With small
apartments, negative skewness is present, which is in line with the expectations
as investors are operating in that market. Based on empirical evidence from the
real estate investors, we argue that these apartment sizes are within the range
where private real estate investors are active. This indicates that the actual
prices in those subsamples are higher than our model estimates, the sellers thus
getting an advantage over the buyers. There is logic behind this also. Investors
are typically more price-orientated than home buyers. This explains the opposite sign in those categories and also supports our model in that it takes into
account the essential factors that can explain the price of an apartment.
The opposite is true with the larger apartments where buyers seemed to have
advantage over sellers. This could be a result from prime location and other
characteristics. Of course, both results are infected to some extent by the fact
that our data does not cover all characteristics. Thus, our estimated hedonic
function is not mapping satisfactorily in every case.
After this we continue to estimate the hedonic price frontier model. Based on
this analysis, we now have solid arguments to justify the inefficiency in the analysis. We know that this skewness of residuals is already an important result but
we continue to further analysis. The proposed estimation technique in the frontier approach piles up all the previously presented material from CNLS and distributional assumptions. Thus we try to address the main research question with
this ongoing coherent analysis.
To answer the research question about the possible inefficiency in housing
markets, we will apply frontier estimation techniques from the field of econometric efficiency analysis in Chapter 6 ahead. With these methods, it is possible
to detect whether there is inefficiency present in the market. Then compiling the
inefficiency with the findings regarding the skewness presented in this Chapter
5 we know which one of the parties, buyers or sellers, are gaining from it.
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6. Stochastic semiparametric estimation
of hedonic housing price frontier –
evidence of bargaining power?

6.1

Introduction

A central concept in the economic theory is the assumption about perfect markets: rational agents interacting in a perfect competition with perfect information about the traded commodities and their prices. In reality, information
is not perfect among agents, which causes price dispersion even though the
products were homogeneous. This could lead to market failure, where the markets’ allocative efficiency diminishes. The functionality of housing market is especially interesting since it plays a central role in macro economy and households’ finances in many countries.
The heterogeneity of housing markets at first seems to be a fruitful area where
to investigate the efficiency and the presence of bargaining power between
sellers and buyers. As every real estate differs from others with respect to its
characteristics, there are no theoretical reasons for the formation of single price.
Earlier findings suggest that there exists an equilibrium in the market, that is,
neither buyers nor sellers have bargaining power against each other and one
cannot identify any characteristics which could explain a possible advantage in
the market (Turnbull et al. 1990; Turnbull and Sirmans 1993). The main studies
from our perspective are Kumbhakar and Parmeter (2010) and Samaha and
Kamakura (2008). Both of these apply methods related to econometric efficiency estimations, among them the stochastic frontier analysis to employ variants to the standard hedonic pricing model of Rosen (1974).
It is relevant to ask why there is no established research tradition about the
efficiency on the housing markets. There is no comprehensive answer, but we
could point out a couple of things that might have had an impact. First, as we
know from the theory of hedonic pricing, the conclusions about the possible
welfare effects based on hedonic model rely on a weak foundation. As there is
no straightforward connection between the traditional utility concept and the
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hedonic framework, the theoretical background remains in principle rather
thin.
Second, each concept has its own active research community, and those communities may lack information about other research areas. As housing markets
are of central research interest in the field of urban economics, bargaining-related issues are more close to the game theory and its applications. Moreover,
efficiency analysis is well established in the field of production economics,
where the optimality of input-output ratios is measured. By combining these
three research areas on some level into one study, we can contribute to the existing research literature and increase the knowledge of the functionality of
housing markets.
In this paper, we use a recently invented method from the field of efficiency
analysis to examine the information costs in the Finnish housing markets. This
method that is known as stochastic nonparametric envelopment of data
(StoNED) (Kuosmanen and Kortelainen 2012) combines the virtues of both the
data envelopment analysis (DEA) (Charnes et al. 1978) and the stochastic frontier analysis (SFA) (Aigner et al. 1977; Meeusen and van den Broeck 1977), which
are two widely used methods in production and efficiency analysis. We measure
the cost of information with the distribution of regression residuals to infer
whether sellers in aggregate are gaining prices over the estimated market prices
or whether buyers are paying less than they should.
Thus, our empirical investigation makes several contributions to the existing
literature. First, to our knowledge this is the first research paper which applies
the StoNED method in the context of housing markets. Second, we contribute
to a societally important theme by investigating the efficiency in the housing
markets. Third, this paper increases the knowledge of the functionality of Finland’s housing markets, the findings of which could be relevant also to other
countries.
This chapter continues from the CNLS residual distribution testing that we
left in the previous chapter. We apply the same data set as before, considering
nearly 3,500 real estate transactions which took place in Helsinki during 2011
and 2012. Furthermore, in the previous Chapter 4 we estimated the hedonic
housing price function with the convex nonparametric least squares (CNLS)
technique, which was found to be a valid method for analyzing the marginal effects of characteristics on housing prices. The method we apply here is based on
CNLS also. Therefore, this chapter is a convenient follow-up study to our previous work.
The chapter is organized as follows. Section 2 discusses the methods of efficiency estimation in general and also presents the StoNED method. After this,
we incorporate the information cost to the model. Section 3 is devoted to results,
and Section 4 concludes the chapter.

92

Stochastic semiparametric estimation of hedonic housing price frontier – evidence of bargaining
power?

6.2

6.2.1

Efficiency estimation

Framework of efficiency estimation

Econometric efficiency measurements in this chapter are based on the
StoNED method invented by Kuosmanen and Kortelainen (2012). Before we
proceed to the StoNED method itself, it is necessary to say a few words about
two other traditional efficiency-measurement methods. These methods are the
Data Envelopment Analysis (DEA) and the Stochastic Frontier Analysis (SFA).
The DEA method was launched by Charnes, Cooper and Rhodes (1978), its
origin having been already laid by Farrell (1957) and further formalized by Afriat
(1972). The DEA setup is a programming problem, where the objective is to find
the efficient frontier by maximizing the efficiency of each observation. Therefore, it needs to satisfy only convexity and free disposability conditions. No assumptions about the functional form of the efficiency frontier are needed, which
is common with stochastic estimation techniques. The only assumption needed
concerns the property of returns to scale where the default option is constant.
The second approach, namely SFA, is more closely related to econometric estimation than the mathematical programming-based DEA. SFA was developed
during the same year by Aigner et al. (1977) and Meeusen and van den Broeck
(1977). The main difference to the DEA approach is that SFA takes explicit error
term into account when estimating the frontier. This assumes an a priori specified functional form for the frontier. The error term is divided into two components: one of them is supposed to be true random noise and the other one is the
inefficiency component. Applying SFA enables the researcher to make statistical
inferences which are not available in methods based strictly on programming.
The classification of the methods into two main strands is of course quite simplified. In between these two methods there are multiple methods, which are
variations of DEA, SFA or both of them. These new methods have enriched the
DEA approach with properties of statistical inference, whereas flexible functional forms, non- and semiparametric as well as Bayesian techniques have provided some fruitful insights to the parametric SFA approach. As Fried et al.
(2008, 33) mention, the gap is no longer between different estimation techniques but between best-practice knowledge and average practice implementation, and the challenge is to narrow this gap.
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6.2.2

StoNED method

The method applied in this thesis to measure inefficiency is referred to as stochastic nonparametric envelopment of data (StoNED). It was invented by
Kuosmanen and Kortelainen (2012). The StoNED method combines the virtues
of both data envelopment analysis (DEA) and stochastic frontier analysis (SFA).
Why are we applying this method instead of DEA or SFA? The answer to this
question is four-fold. First, as we are estimating the hedonic price function of
housing market, we should remember that HPF always tends to be non-linear
by its nature (Ekeland et al. 2004). Therefore, HPF should be estimated with a
method that allows a flexible form for the function.
Secondly, we do not want to restrict ourselves to decide a priori about the functional form which is necessary with SFA. When estimating with the StoNED
method, the function should satisfy only some shape constraints arising from
the economic theory. By relaxing the a priori assumptions as much as possible,
we can also reduce the uncertainty related to the estimator itself. This is a benefit that SFA lacks.
Thirdly, we know that the housing market data is not perfect and it might contain for example measurement errors. Hence, we need to incorporate the noise
term into our analysis, which is not possible within the DEA framework. This
leaves us with the fourth and last point. As we are including the error term in
our estimations, we can apply the toolkit for statistical inference in our analysis.
We can now proceed to the formulation. Assume we have the previously-presented standard hedonic price model
 ൌ ݂ሺܢ ሻ  ߝ

(6.1)

where  represents the price of apartment ݅, ݂ denotes the price function that
characterizes the apartment features, ܢ    אԹ
ା is the vector of characteristics
and ߝ refers to an exogenous error term such that ܧሺߝ ȁܢ ǡ ǥ ǡ ܢ ሻ ൌ Ͳ for all ݅ ൌ
ͳǡ ǥ ǡ ݊.

If the model in (6.1) is estimated with the stochastic frontier estimation technique, we decompose the error term into two parts such as
 ൌ ݂ሺܢ ሻ  ݒ െ ݑ

(6.2)

where ݒ is the symmetric noise term with ܧሺݒ ሻ ൌ Ͳ and ݑ  Ͳ is a one-sided,
asymmetric inefficiency term with ܧሺݑ ሻ  Ͳ. The arguments in favor of having
two term errors were presented in the previous chapter. We found that there are
non-normal residuals in some cases in terms of skewness and kurtosis
measures.
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The hedonic price frontier model is estimated with the StoNED method
 ൌ ݂ሺܢ ሻ ൈ ݁ ઼ܠା௩ ି௨

(6.3)

where  is the estimated transaction price,  is a nonparametric, concave price
function that maps apartment characteristics ܢ୧ , Ɂ is the parameter vector representing marginal effects of contextual variables  on price,  is a random symmetric noise term (normal) and  is a random non-negative inefficiency term
(half-normal). The model in Eq. (6.3) characterizes the situation where residuals are negative implying possible positive skewness and buyers’ market. Therefore, we need to have a second model for the sellers’ market the same way as
was proposed in previous Chapter 5 in Eq. (5.2) and Eq. (5.3) as follows:
 ൌ ݂ሺܢ ሻ ൈ ݁ ઼ܠା௩ ା௨

(6.4)

We choose the model to be estimated based on the skewness test results implemented for CNLS residuals and presented earlier in Chapter 5. Why do we
end up with the specification of Eq. (6.3) and Eq. (6.4) above? We want to reduce the heteroscedasticity. A common assumption in econometric analysis is
homoscedasticity, which means that all error terms have equal variances. As a
concept of econometric efficiency, this means that both ݒ and ݑ have the same
finite variances across all observations independent of the level of transaction
price. However, homoscedasticity is frequently violated and thus heteroscedasticity is often present.
Heteroscedasticity might arise from the variation of apartment characteristics. Price formation differs between apartment sizes, and therefore heteroscedasticity is a problem in the estimation of hedonic price function. To overcome
this problem, we have chosen a multiplicative specification where the error and
inefficiency term are related to the ratio of observed price and estimated transaction price instead of the level of transaction price. The multiplicative model is
constructed by an exponential function in Eq. (6.3) and Eq. (6.4). This procedure is a common way to handle the heteroscedasticity problem.
Problems caused by heteroscedasticity are well recognized in the econometric
literature. Typically, a good estimator has three properties to satisfy: namely
unbiasedness, consistency and efficiency. The presence of heteroscedasticity
will reduce the efficiency property while other two properties would not be influenced. In addition, heteroscedasticity raises the uncertainty of statistical tests
and confidence intervals as it has influence on the mean error of the estimator.
Hence, we should test the presence of heteroscedasticity in the StoNED regression residuals after the estimation. For a rigorous and holistic presentation
about the heteroscedasticity, the reader is advised to turn to Saastamoinen
(2014).
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The StoNED method is based on the CNLS estimator, which was presented
earlier in Chapter 4. The CNLS estimator of function ݂ is obtained as the optimal
solution to the infinite-dimensional least-squares problem

ଶ

 ൫ െ ݂ሺܢ ሻ൯


(6.5)

ୀଵ

where  is not specified beforehand. Function  is the best-fit function from the
family of infinite number of functions. Before we estimate the models in Eq.
(6.3) and Eq. (6.4) we first take logarithms on both sides and the problem stated
in Eq. (6.5) can be then transformed into a finite problem by minimizing the
sum of its residuals such as


  ߝ ଶ
ǡ઼ǡఌ

ୀଵ

ݏǤ ݐǤ
  ൌ  ߞ  ઼ ܠ  ߝ ݅
ߞ ൌ ߙ  ᇱ ܢ ݅
ߞ  ߙ   ܢ ݅ǡ ݄
  Ͳ݅
ߞ  Ͳ݅

(6.6)

where ɂ୧ refers to the regression residual from a given transaction and Ƀ୧ is the
point estimator of the hedonic price function ሺ ܑܢሻ. Furthermore, Ƚ୧ denotes the
intercept term and ୧ the slope parameters of tangent hyperplanes that characterize the estimated piece-wise linear hedonic price function.
After solving the problem stated in Eq. (6.6), we obtain the CNLS residuals.
With these residuals, it is possible to calculate the expected value of the inefficiency term Ɋ ൌ ሺ୧ ሻ. If the homoscedasticity is assumed so that the inefficiency is constant across transaction prices, it follows that the expectation is
then unconditional and also constant between firms.
There are many possible ways to estimate the expected value of inefficiency
term ୧ . First, it is possible to apply two parametric methods, for example the
method of moments or quasi-likelihood estimation. Our second option is to estimate ୧ with nonparametric methods, i.e. with kernel deconvolution. In this
thesis, we will apply the method of moments alternative.
For the method of moments approach we need to impose some parametric
distributional assumptions to our joint residual term. A standard assumption is
to have a normal noise term and a half-normal inefficiency term such as
ݒ ̱ܰሺͲǡ ߪ௩ଶ ሻ
and
ݑ ̱ܰ ା ሺͲǡ ߪ௨ଶ ሻ
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As the CNLS residuals sum to zero, we can calculate the second and the third
central moments of the residual distribution as
σୀଵ൫ߝƸேௌ ൯
ሺ݊ െ ͳሻ

ଶ

ଶ ൌ
ܯ

σୀଵ൫ߝƸேௌ ൯
ሺ݊ െ ͳሻ

ଷ

ଷ ൌ
ܯ

and

These second and third sample moments were already presented in the previous chapter where we calculated the skewness test statistics. Note that if we estimate the sellers’ market with the model presented in Eq. (6.4) the third sample
moment has to have a negative sign. Now, note that if our assumptions of distributions hold so that our estimates of the second and third sample moments
are true values of unknown central moments, we could then calculate the moments as follows:
ߨെʹ ଶ
൨ ߪ௨  ߪ௩ଶ
ܯଶ ൌ 
ߨ

(6.7)

Ͷ
ʹ
ܯଷ ൌ ቌඨ ቍ ͳ െ ൨ ߪ௨ଷ
ߨ
ߨ

(6.8)

From Eq. (6.7) and (6.8) we can calculate the standard deviation for both noise
and inefficiency term as
ߨെʹ
ଶ െ 
൨ ߪො௨
ߪො௩ ൌ ඨܯ
ߨ

ߪො௨ ൌ

య

ඩ

ଶ

(6.9)

ଷ
ܯ
ʹ
Ͷ
ቆට ቇ ቂͳ െ ቃ
ߨ
ߨ

(6.10)

The expectation of composite regression residuals can be calculated with the
help of the standard deviation of the inefficiency component as
ܧሾߝƸ ሿ ൌ ߤƸ ൌ ߪො௨ ඥʹΤߨ

(6.11)

The aggregate efficiency in percentage terms in the market is then derived as
 ݕ݂݂ܿ݊݁݅ܿ݅ܧൌ ݁ ିఓෝ

(6.12)
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To calculate the firm-specific inefficiencies, we apply the conditional expected
value formula developed by Jondrow et al. (1982). The conditional expectation
of the inefficiency is derived as
ܧሺݑ ȁߝ ሻ ൌ ߤ כ ߪ߶ כሺെߤ כΤߪ כሻΤሾͳ െ ߔሺെ ߤ כΤߪ כሻሿ

(6.13)

where ߤ כand ߪ כare the mean and the standard deviation of the zero-truncated
normal distribution denoted by
ߤ כൌ െߝ ߪ௨ଶ Τሺߪ௨ଶ  ߪ௩ଶ ሻ
and

(6.14)
ߪ כൌ ߪ௨ ߪ௩ ൗටߪ௨ଶ  ߪ௩ଶ

In addition, Ԅ and Ȱ are the standard normal density and cumulative distribution functions, respectively. Now, as stated in Keshvari and Kuosmanen
(2013), the conditional expected value of the inefficiency term can be calculated
as

ܧሺݑ ȁߝƸ ሻ ൌ

ߪො௨ ߪො௩



߶ ቀെߝƸ ߪො௨ ൗቂߪො௩ ඥߪො௨ଶ  ߪො௩ଶ ቃቁ

ඥߪො௨ଶ  ߪො௩ଶ ͳ െ ߔ ቀെߝƸ ߪො௨ ൗቂߪො௩ ඥߪො௨ଶ  ߪො௩ଶ ቃቁ
െ

ߝƸ ߪො௨
ߪො௩ ඥߪො௨ଶ  ߪො௩ଶ

(6.15)



This Jondrow et al. (1982) estimator presented above is unbiased. However,
the transaction-specific inefficiency terms are not so appropriate to estimate
since they are not consistent. This means that, even though the sample size increases, we are still left with the uncertainty of a given point estimate. Hence the
inefficiency as a measure is more plausible to interpret on the aggregate market
level.

6.2.3

Efficiency estimation in housing market context

The hedonic estimation framework (Griliches 1961, Rosen 1974, Epple 1987)
has numerous applications in the research literature. The same applies also to
the estimation of hedonic price function in the housing market context (Horowitz 1992; Sirmans et al. 1995; Harding et al. 2003; Goetzmann and Peng 2008;
Haupt et al. 2010; Lisi and Iacobini 2013). Earlier papers that combine the hedonic estimation framework in the housing market and econometric efficiency
analysis are scarce. From this perspective, empirical papers by Samaha and
Kamakura (2008) and Parmeter and Kumbhakar (2010) are close to our standpoint.
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In their paper, Samaha and Kamakura (2008) use hedonic estimation framework to assess the right property values from sellers’, buyers’ and real estate
appraisers’ point of view. They estimate a geographically-weighted stochastic
frontier model with housing characteristics to obtain the Pareto frontiers for
each market participants. The setup was in the same fashion as in our study, but
the data they used provided also details of list prices. By incorporating the list
prices into the analysis, they could find that buyers’ reservation values or maximum willingness to accept is higher than the list price which was set up by the
seller. By combining the geographical aspect with the standard SFA context, Samaha and Kamakura built up a model that provides interesting venues for future research. These include the functionality of housing markets as well as
methodological issues regarding the estimations.
The existence of price dispersions in the housing market context was studied
by Kumbhakar and Parmeter (2010). They estimate the hedonic price functions
for both buyers and sellers in order to characterize the discrepancies of the buyers’ maximum willingness to pay (WTP) and the sellers’ minimum willingness
to accept (WTA). In that paper, they estimate hedonic price function with twotier stochastic frontier method as presented in their earlier paper (Kumbhakar
and Parmeter 2009). Authors examined the buyer’s and seller’s attributes to
find out whether price dispersion or inefficiency loss is present. The results
showed that the impact of incomplete information is quite significant to both
market participants. The buyers found to pay 28 percent more than the lowest
WTA and the sellers gained 30 percent less than the highest WTP. When they
added the market participants’ characteristics into the model, the buyers benefited from the sellers’ incomplete information.

6.3

6.3.1

Results

Aggregate efficiency of housing markets

As the StoNED estimation is based on CNLS regression, which was presented
already in Chapter 4, we are not going to repeat the parameter estimates about
the marginal effects of characteristics. The StoNED estimation results differ
from the estimations presented in Chapter 4 only with respect the parameter
estimates of the error term. Hence, we will proceed directly to the interpretation
of the results from the inefficiency analysis.
The aggregate efficiency estimates with respect to the city regions and the
number of rooms are tabulated in Table 6.1. From the results we can see that
none of the submarkets is 100 percent efficient. The aggregate by observations-
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weighted efficiency for the Helsinki housing market is 92.0 percent. Thus there
seems to be 8.0 percent inefficiency present in the market.

Table 6.1. Efficiency scores in various submarkets.

Region
Single room Two rooms Three rooms+ Weighted average
Helsinki-1
94 %
87 %
89 %
90,0 %
Helsinki-2
89 %
92 %
96 %
92,3 %
Helsinki-3
96 %
90 %
90 %
91,2 %
Helsinki-4
96 %
94 %
93 %
94,0 %
Weighted average
92,0 %
91,6 %
92,6 %
92,0 %

If we look at the results in a more detailed way and first interpret the results
from the perspective of apartment size, we notice at first glance that the market
for single-room apartments seems to be the most efficient. But when we calculate the weighted average for single-room apartments, we find that it is not the
most efficient subgroup since more than half of the transactions are realized in
the Helsinki-2 region, where the efficiency is only 89 percent. Therefore, the
aggregate efficiency in the single-room group is 92.0 percent, whereas for apartments with three or more rooms the weighted efficiency reaches 92.6 percent.
The result that is interesting is that single-room apartments have the lowest efficiency score in the Helsinki-2 region for all apartments. In other regions, the
single-room apartments have the highest efficiency scores with respect to room
types.
In the two-room cases, the aggregated and weighted market efficiency is 91.6
percent, which is the lowest. With these apartments, we can see that of all submarkets the market is the most inefficient in the city center. Our CNLS model
performed poorest on the two-room apartment segment. This apartment type
can be rather heterogeneous since the floor size can differ greatly between apartments.
It is actually surprising that the market for bigger apartments has the highest
efficiency among the apartment types. As we pointed out earlier, as the apartment size increases, the number of possible combinations of characteristics increases simultaneously. This reduces the explanatory power of our model and
therefore should reduce also the efficiency scores as the price formation is more
unique than with smaller apartments. In our estimations, this does not occur.
Hence, it could be that the uncontrolled factors have a net effect of zero, which
means that even though we are neglecting some characteristics, such as sea
view, which could increase the sale price significantly, there might be characteristics that we are missing and have the same kind of negative impact, e.g. a noisy
bar in the vicinity. Therefore, the market of the largest apartments does not have
a high score for efficiency on any of the submarkets; they perform rather steadily
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in every case. Less variation between regions then results in high aggregate efficiency.
If we look at the efficiency scores with respect to regions, we find that Helsinki1 is the most inefficient. The efficiency score in this region equals 90.0 percent.
As we have been pointing out earlier, the historical city center exhibits a greater
number of detailed characteristics between apartments and therefore the price
formation there is more unique than in the suburbs. As we move away from the
city center, the building stock becomes more homogeneous and leads to a more
efficient housing market. The efficiency in the Helsinki-4 region is the highest,
equaling 94.0 percent.
The parameter estimates of inefficiency components and error terms are tabulated in Table 6.2. We can see from the table that those submarkets which have
low efficiency scores have a high total variance, and the inefficiency component
explains most of the variation. In the case of larger apartments, we can notice
that the variation is also relatively high but the source is more from the error
term itself. This explains why we have not included so much information in our
model in case of larger apartments, the uncontrolled part being the main reason
for greater variance.
Even though the price variation in absolute terms differs in great respect between the apartment types, it does not matter since the error terms were estimated in the exponential form and therefore they are proportional and comparable to each other.
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0.003
0.058
0.944

Expectation of inefficiency term μ

Market efficiency

0.005

Variance of error term σ2v

Variance of inefficiency term

0.009

Total variance σ2

σ2u

1

Number of rooms

0.874

0.135

0.002

0.029

0.031

2

Helsinki-1

Area

0.894

0.112

0.008

0.020

0.028

3+

0.894

0.112

0.001

0.020

0.020

1

0.923

0.080

0.006

0.010

0.016

2

Helsinki-2

Table 6.2. Parameter estimates of the inefficiency and error terms and the expectation of the market efficiency.

0.959

0.042

0.012

0.003

0.014

3+

0.959

0.041

0.003

0.003

0.006

1

0.905

0.100

0.004

0.016

0.019

2

Helsinki-3

0.897

0.109

0.006

0.019

0.025

3+

0.957

0.044

0.001

0.003

0.004

1

0.941

0.061

0.004

0.006

0.010

2

Helsinki-4
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0.931

0.071

0.008

0.008

0.016

3+

If we look at the results in Table 6.2 in more detail, we can see that the variance
of the inefficiency term is greatest in the Helsinki-1 region. The market of tworoom apartments in the Helsinki-1 region is the most inefficient. The aggregate
efficiency in this submarket is the lowest of all, only 87 percent. The efficiency
score is not much higher with larger apartments in this region. Inefficiency is
present also in the Helsinki-3 region. In that region, the market of bigger apartments has slack in the price formation as the efficiency reaches only 90 percent.
Also in volume terms the single-room market in the Helsinki-2 region is quite
interesting. We will come back to this later on when we estimate which one the
market participants is gaining money from the transactions.

6.3.2

Transaction-specific efficiency estimates

To detect what kinds of apartment transactions could be inefficient, we need
to calculate the transaction-specific efficiency estimates with the estimator by
Jondrow et al. (1982). In Figure 6.1, we depict the cumulative frequency distribution of efficiency estimates with respect to regions and apartment size. It is
evident that the market functions quite differently between regions. As was
stated previously, the housing market in the Helsinki-2 region is the most efficient as the majority of the apartments that were sold there have at least 95 percent efficiency estimate. Only with apartments with three or more rooms there
are efficiencies below 95 percent, but that is less than 3.0 percent of the cumulative frequency.
The Helsinki-1 region performed the worst at the aggregate level. If we look at
the transaction-specific efficiency estimates, we can conclude that approximately 5-6 percent of the cumulative frequency of the single- and two-room
apartments have their efficiency estimates below 95 percent. With apartments
of at least three rooms, the situation is even worse. Inefficiency below 95 percent
is present almost in every fourth transaction. Individual transaction may have
an efficiency estimate as low as 76 percent. The same kind of trend can be found
away from the city center. Even though larger apartments’ distribution tails are
wider in every region compared to smaller apartments, it does not mean that
they are more inefficient than small apartments. We found that weighted efficiency was the best with larger apartments. Therefore, the greatest variation between efficiency scores does not lead to worst inefficiency.
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Figure 6.1. Cumulative frequency distribution of transaction-specific efficiency estimates.
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How should the transaction-specific inefficiency estimates be interpreted?
Could we find some common explanation for the efficiency estimates that can
explain the whole data within every subsample? As we plotted the transactionspecific efficiency scores with respect to price ratio of the true transaction price
to the estimated transaction price, we could infer something from our model.
We illustrate this situation with a graphic, where the price ratio is located in the
y-axis and the efficiency estimates are located in the x-axis. If the ratio in the yaxis is more than 100 percent, the true transaction price has been higher than
our model estimates.
The current setup described above is presented in Figure 6.2 that we have plotted from the data from the regions of Helsinki-1, 3 and 4. Apartment sizes vary
from two rooms to three rooms. We can see that the efficiency estimates are
lower when the model underestimates the transaction price. This means that
the model performs poorly with expensive apartments, and therefore the efficiency scores are also low. The effect is quite systematic.
Of course there are those transactions where the true transaction price is significantly higher than the estimated transaction price. Based on Figure 6.2, we
can see that the model overestimates more in the case of Helsinki-4 and with
larger apartments. This is not a consequence of poor modeling since the ܴଶ coefficient in the CNLS estimation was on the average level. Also the efficiency on
aggregate level is better than the average efficiency. The overestimation might
result from the fact that the model assumes a higher marginal effect on the characteristics in that area while the true effect remains much milder. On the other
hand, with larger apartments in the suburban areas, we might neglect some aspect that is not incorporated in our model but could explain the overestimation.
However, the overestimation of the transaction price is not so serious a problem
as the true transaction price is only 30 percent lower than the estimated price if
we compare this to the underestimation where the difference is more than twice
the realized price.
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True price/Estimated price

240%
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Helsinki-4, +3 rooms
Helsinki-3, 2 rooms
Helsinki-1, 2 rooms

80%
60%
65%

70%

75%

80%
85%
Efficiency estimate

90%

95%

Figure 6.2. Transaction-specific efficiency estimates with respect to price ratio.

The housing markets are found to be inefficient and the inefficiency varies between the different submarkets. In the previous chapter, we tested the skewness
of regression residuals. These results indicate whether a particular submarket
is benefiting sellers or buyers in an aggregate level.
Next we are going to concretize this situation of gained surplus in the market
by interpreting the inefficiency of the Helsinki housing market in monetary
terms. We believe that this generalization of our research results makes this thesis more interesting to public and therefore contributes quite well also on the
substance level.
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6.3.3

Inefficiency loss in monetary terms

How we know which market participant is taking the advantage? We remind
that we tested the skewness of residuals in previous Chapter 5. Based on these
results we are able to estimate the price function either model in Eq. (6.3) or Eq.
(6.4). To even clarify, if the CNLS residuals exhibited positive skewness we know
that particular submarket favor buyers and we have estimated the model with
specification presented in Eq. (6.3).
First we explain how we can calculate inefficiency in monetary terms. Since
we know each transactions price and the number of transactions made, it is
straightforward to calculate the total turnover from our data set. This equals
approximately 772.8 million euros. As we know the turnover in every submarket
as well as their inefficiency scores, we can easily derive the efficiency in monetary terms as


ݕ݂݂ܿ݊݁݅ܿ݅ܧሺ̀ሻ ൌ ݁ ିఓෝ ൈ  

(6.16)

ୀଵ

Based on the results presented in Chapter 5, we know the sign of skewness for
each submarket. Hence we are able to say whether the market is preferring
sellers or buyers. Consequently, by dividing the aggregate efficiency in monetary
terms by the number of transactions, we obtain the average inefficiency for a
single transaction.
To calculate the gained surplus from the market, we could measure the difference between the true actualized transaction price and the estimated transaction price. However, if we use the total error term as a measure of surplus, we
also include the effects of uncontrolled factors into the interpretation. Therefore, we need to exclude the normal noise term, ݒ , from the calculation. This is
the reason why we are using inefficiency scores to determine the surplus from
the market.
For clarification, consider that the market is 95 percent efficient and the skewness test indicates positive skewness. Then we know that when the normal noise
term is symmetric the skewness has to arise from the inefficiency term ݑ .
Hence, the buyers have gained a 5 percent surplus in the market as there exists
positive skewness.
When these measures are summed up by all submarkets, we can say on the
aggregate level how the market functions. Note that, if the market performs perfectly, the aggregate efficiency estimates should be 100 percent, which was not
the case in any of the submarkets.

107

In Table 6.3, we have tabulated the efficiency scores and the sign of skewness
to show which ones of the market participants have bargaining power in a particular submarket. It is evident that single-room apartments favor sellers, except
in the city center. However, skewness is significant only in one case with singleroom apartments. The most significant segment is the two-room apartments,
where the skewness is significant almost in every case. With larger apartments,
the markets are for buyers but significant only in the Helsinki-3 region.

Table 6.3. Efficiency scores the sign of skewness in various submarkets.

Region
Helsinki-1
Helsinki-2
Helsinki-3
Helsinki-4

Single room
94%
89%
96%
96%

B
S*
S
S

Two rooms
87%
92%
90%
94%

B**
S*
B*
S

Three rooms+
89%
B
96%
B
90%
B*
93%
B

S = Seller
B = Buyer
** =significant at 5% level
* =significant at 10% level

In order to find out whether the significant skewness is related to the low efficiency score and poor ܴଶ , we have depicted this in Figure 6.3. It seems that low
efficiency is related to a relatively poor ܴଶ statistic. Those five submarkets that
exhibit significant skewness are the ones in the lower left corner in Figure 6.3.
Therefore, our model performs worse in the market segments where the efficiency scores are lowest. This could indicate that our model cannot capture
some specific effect on the market that interacts with inefficiency. However, the
ܴଶ statistics in those specific regions are not that drastically low compared to
other submarkets. In addition, if we have the ܴଶ statistics close 1, we do not have
any room for inefficiency as the model can explain the whole variation. Therefore, we need to have lower the ܴ ଶ statistics at least in some extent. But the systematic pattern of course raises the question of whether something that could
better explain the apartment price is missing from the estimations.
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97%
96%
95%

Efficiency score

94%
93%
92%

Helsinki-2, 2 S

91%
90%

Helsinki-3, 2 B
Helsinki-3, 3 B

89%

Helsinki-2, 1 S

Helsinki-1, 3 B

88%
87%
86%
0,82

Helsinki-1, 2 B
0,84

0,86

0,88
R2

0,9

0,92

Figure 6.3. R2 and the efficiency scores of the different submarkets.

When we calculate these monetary efficiencies in the total transaction activity
in monetary terms, we find that there is a 63.5 million euro efficiency loss in the
market, which is 8.2 percent of the total volume of the market. When this is
divided by the number of transactions, we can conclude that the inefficiency per
transaction is on average 18,400 euros.
Recall that we know which markets have benefited sellers and which buyers.
When we measure this inefficiency loss by subtracting the buyers’ extracted surplus from the sellers’ extracted surplus, we can say whether the market has favored one or the other of these market participants. In aggregate, the inefficiency loss is 20.5 million euro positive, which means that the buyers have benefited at the cost of the sellers. Suppose we divide this aggregate value into transaction levels. Then our results imply that a buyer has extracted on average approximately a 5,900 euro surplus from every transaction.
As the aggregate surplus was found to be 63.5 million euros and the inefficiency loss 20.5 million euros in the positive side, it means that the buyers have
a 42.0 million euro surplus from the markets. Also the sellers are having advantage over the buyers in so called investors’ markets, and this advantage
equals 21.5 million euros.
As we pointed out earlier, the submarkets vary to a great degree in our data.
Thus, it is relevant to examine how the surplus is extracted from different sub-
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markets. In Figure 6.4, we have divided the aggregate surplus into various submarkets. Almost 11.6 million euros, which is 18 percent of the total surplus, is
gathered from the largest apartments in the Helsinki-1 region. Recall that we
found the model behaving rather poorly with large apartments in the city center,
which are also the most expensive transactions in our data. The second largest
share is located in the Helsinki-2 region with two-room apartments.
The price formation varies greatly even between streets in the city center, so it
is not surprising that the results indicate that the buyers are getting apartments
with a lower price than they should. We stress that there are apartment characteristics in the city center, such as a sea view or other amenities, which can lift
the actualized transaction price higher than our model estimates. The effect of
these properties is now included only in the error term.
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Figure 6.4. The shares of surpluses with respect to submarkets.

The average gains with respect to submarkets as well as the gained surplus
relative to the true transaction price are depicted in Figure 6.5. The surplus relative to the transaction price varies from 4 to 13 percent. With the most expensive apartments in the Helsinki-1 region, the average surplus is almost 67,000
euros, which is almost 11 percent of the average transaction price. This means
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that within this submarket, buyers can buy a flat significantly cheaper than our
model estimates to be the “fair” price.
On the other hand, the sellers have received over 16,000 euro benefit from the
two-room apartments in the Helsinki-2 region. The absolute value of surplus
decreases along the x-axis, but the relative value rises in the middle of the series.
1-room apartments in Helsinki-1 and 3 and the apartments with more rooms in
Helsinki-4 have a high proportional surplus gain, which ranges from 6 to 7 percent.
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Figure 6.5. The average extracted surplus from transactions and the surplus relative to the true
transaction price with respect to submarkets.

The inefficiency loss between the regions and apartment size is also evident.
The single- and two-room apartments in the Helsinki-2 and Helsinki-4 regions
are the ones where the sellers have bargaining power over the buyers. In those
markets, the gain to a seller ranges from 4 to 11 percent of the transaction price.
In euros, this range is from 4,750 to 16,000 euros.
The housing price deviation can also be characterized as follows: as the surplus extracted from a single-room apartment in the Helsinki-1 region equals
10,677 euros, being almost six percent of the actualized transaction price, the
surplus from the largest flats in the Helsinki-4 region is 13,000 euros and seven
percent of the transaction price. The housing prices are much higher in the city
center than in the suburban areas, which can be explained by the agglomeration
benefits.
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The above analysis was conducted with the help of the residual skewness tests
performed in the previous chapter. The question whether the bargaining power
in monetary terms is significant also arises from the skewness test results. Significant skewness was found from the buyer-dominated markets, namely those
dealing with two-room apartments in Helsinki-1 and Helsinki-3 and the apartments with three or more rooms in Helsinki-3. Sellers’ markets are also significant in terms of skewness in the Helsinki-2 region for both single- and two-room
apartments.

6.3.4

Further considerations

Before moving to conclusions, we want to point out three issues which could
have influence on the results. The first of these is the development of housing
prices. We have depicted in Figure 6.6 the housing price indices of the four most
inefficient submarkets in Helsinki. The price development in all of these markets has been positive. In total the prices have risen in Helsinki 55 percent from
2005 to the autumn 2016. In the most inefficient markets the prices have risen
from 57 to 83 percent from 2005 to the autumn of 2016. This means that in
these inefficient markets the price development has been better than on the average market. Price development leads to compound annual growth rates from
4.5 to 6.2 percent. In the Helsinki-2 region, where the sellers had their advantage in the market, price development has been most promising. Besides a
monthly cash flow from rental markets, profits from housing prices have attracted investments in the residential sector and therefore the demand has
pushed up prices.
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Figure 6.6. Housing prices in top four inefficient submarkets and total market in Helsinki in 20052015. Source: Statistics Finland.

Nevertheless, it is evident that the price development of our cross-section data
set has been very positive throughout. This is a consequence of inadequate new
residential construction. Increasing demand has pushed the prices up as the
supply side has not reacted rapidly enough to the changes in demand. To tackle
the price rise, new residential construction should be concentrated on the most
expensive areas in Helsinki.
It is interesting to see that even though the prices have gone up there are still
markets that have benefited buyers. However, from the one-year cross section
data it is impossible to say whether efficiency would be different when the housing prices are decreasing. To address this, one would need panel data over several years. It would be even better if the panel data included also some time span
over which the prices have been decreasing.
When estimating the inefficiencies from housing transactions, the market situation could impact on results. Therefore, the marketing time of a single apartment could add some value to the analysis. Figure 6.7 below illustrates the marketing time of an old block of flats in Helsinki. During the 10-year period of
2005-2015, the marketing time was at its shortest in the spring of 2012. When
we described the marcoeconomic environment previously in Chapter 3, we
noted that the interest rates rose in spring 2011 before they started to decrease
rapidly due to the Euro crisis in 2011 and 2012. This period can explain also the
decrease in marketing times. Vast amounts of money were pouring into the
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property sector as the interest rates were historically low. The property sector
seemed attractive, and the residential market was active.
A sharp drop in the marketing time may partly explain why on aggregate level
the market has benefited the buyers more than the sellers. Decreasing marketing time does not straightforward indicate whether another market participant
had an advantage over other but it definitely tells that volume of trade has increased. If sellers had an urgent hurry to sell, prices may have fallen and thus
benefited buyers. On the other hand, increasing demand and the need of a safehaven for assets is in principle better for a seller who knows where to invest the
money received. Figure 6.7 depicts only the aggregate marketing time. For a
proper analysis, transaction-specific marketing times would be required. With
that information, it would be possible to improve our understanding of inefficiency in various submarkets. This aspect therefore paves the way for further
research.
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Figure 6.7. Marketing time of old blocks of flats in Helsinki 2005-2015. Source: Etuovi.com

The third interesting background information concerns the tenure status in
Helsinki regions. The owner-occupied housing shows no great variation between the city regions as we pointed out earlier in Figure 3.4 That is due to the
rental apartments and the variation between the market and subsidized rents.
It is evident that the tenure status of market rent is highest in the city center and
decreases as we move away from the center. There is an opposite phenomenon
with subsidized rental markets. The highest share of households living in subsidized rental apartments is in the Helsinki-4 region. That share diminishes the
closer we get to the city center.
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This tenure status illustrates the submarkets where the sellers seem to have
bargaining power against the buyers. In those regions, the share of the market
rent tenure has to be high in order to guarantee a properly working investment
market. Subsidized rental markets are not interesting in this respect, and they
are not included in our data set. The data in Figure 3.4 thus supports our belief
that in the Helsinki-1 and Helsinki-2 regions the investors’ market explains the
sellers’ advantage over the buyers.
By these three points we want point out that there are several aspects that can
influence the inefficiency results. Including these aspects to our analysis is outside our scope, but we recognize that housing markets are not separated from
their operating environment. Hence, pointing out history and recent developments helps us to form a holistic view on the research question at hand.

6.4

Conclusions

In this chapter we examined the efficiency of the Helsinki housing markets.
We estimated the StoNED model, which captures possible inefficiencies. Based
on skewness test results obtained in Chapter 5 we were able to find out whether
buyers or sellers have bargaining power against each other and how inefficiency
is present in particular submarkets.
Based on our results, we find that the housing market in Helsinki is on aggregate level 92.0% efficient. There is variation between apartment types and regions. Submarkets located outside the city center perform better than the housing market in the city center. In addition, we find that the markets for larger
apartments are more efficient than markets for smaller apartments. Our model
seems to explain the price variation rather poorly in the case of two-room apartments.
The results also indicate that the value of gained surplus from the market is
63.5 million euros. This means that the average surplus in every transaction is
approximately 18,400 euros. Our analysis shows that the buyers’ bargaining
powers over the sellers are extensive, especially in the city center and with larger
apartments. The extracted surplus from the market is in total 42.0 million euros
for buyers. The sellers have bargaining power over the buyers, especially in hot
investor markets in the Helsinki-2 region with smaller apartments. The sellers’
aggregate surplus equals 21.5 million euros. Thus, the net surplus from the market is 20.5 million euros and favoring buyers.
The conclusions from the analysis are the following. The buyers obtain a lower
price than the fair price in the case of expensive and large apartments. First, our
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model is not the best to handle the special cases in our data. Of course there are
always outliers in data sets. But within the limitations of our data and the model
used, we can argue that the buyers are gaining an average premium of 5,900
euros from the market from every transaction. Second, based on the negative
skewness of the residuals, we find that the sellers are in a better position in the
property market containing smaller apartments outside the city center. This
finding is almost intuitive since investors are very active in those market segments due to historically low interest rates.
It is relevant to ask whether there are any policy recommendations based on
our analysis. It could be that the extracted surplus on the buyers’ side could be
explained by the lower demand of larger apartments. Because the demand is
concentrated more on smaller apartments, and since the average size of a household is decreasing all the time, the buyers can take advantage on over-supply of
larger apartments. Therefore, to even out the market imbalances, one solution
would be to increase the supply of new housing and especially smaller apartments. During the period covered by our cross-section data, new house building
in Helsinki was very low compared to the demand. Since then the building activity has recovered, but the urbanization guarantees that the demand will continue to stay at a high level.
On the other hand, those market segments where the sellers have bargaining
power over the buyers are very good rental areas. Therefore, housing investors
hunt for yield in those areas, especially from small single- and two-room apartments. This is of course a reflection of insufficient supply because non-subsidized rents will increase if the supply of new apartments is inadequate. Hence,
restrictions on the supply side will increase housing prices, but we are not able
to say how this would influence the efficiency of housing markets. Thus, if the
supply of housing is low, the price of all apartments in high demand areas will
rise. This could lead to a situation where the seller of the apartment seems to
obtain a premium that would exceed the estimated fair price.
Moreover, we should always keep in mind that when we are working with hedonic modeling techniques we do not have any straightforward connection between the monetary terms and welfare effects. Therefore, as the hedonic framework by Rosen (1974) lacks the connection to the traditional consumer’s utility
theory, we cannot say much about the true welfare effects of our analysis. This
of course is a pity and might partly explain why, in the literature of econometric
efficiency, there are so few applications that utilize the hedonic framework.
Still, even though our model lacks a strong connection to the welfare effects,
we believe that the estimation techniques applied in this research have contributed to the existing research literature. There are three main arguments we can
point out. First, as the hedonic function has nonlinearity as a natural characteristic, we have used a flexible estimation technique to estimate the hedonic price
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frontier. Second, our model is based on assumptions, including those of concavity and monotonicity, arising from the economic theory. Especially the concavity
of the hedonic price function arises from the shape of consumer utility function
as we believe the demand is the driver in the housing market. These shape constraints we set were the only ones in estimating the hedonic price frontier. This
is an advantage compared to the estimation techniques where the functional
form should be pre-specified. Third, we have implemented a rather new estimation technique called StoNED, which at least in our knowledge has not been applied before to housing market data. StoNED also allows us to make statistical
inferences from estimates. That is not possible with strictly computational
methods.
For future research, one possible way to proceed could be the investigation of
directional distance functions combined with the hedonic framework. This approach has been studied at least by Cross et al. (2013). On the other hand, twotier frontier estimations like those done by Kumbhakar and Parmeter (2010)
could be an interesting concept to apply in the Finnish housing market context
if the data serves for this purpose.
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7. Concluding Remarks

The purpose of this study was to model housing market efficiency with a semiparametric estimation method. To find out whether inefficiencies exist in Helsinki housing market, we estimated the hedonic price frontier from the realized
transaction data from years 2011 and 2012. The data covered almost 3,500
transactions concerning the blocks of flats.
This thesis was conducted in the following manner. First, we presented the
theory of hedonic pricing and the existing research literature related to our
topic. Then we proceeded to describe our data set and estimated the standard
ordinary least squares regressions. After the first linear regressions, we moved
to estimate a semiparametric model, which could be among the first ones that
have been applied to the housing market context. Based on these semiparametric estimations, we focused on the regression residuals and tested their distributional properties to find out whether there are some prerequisites for inefficiencies. As the results indicated that some skewness was present, we estimated
the hedonic price function separately to buyers and sellers based on skewness
measures to characterize the inefficiency in various submarkets. We also popularized our results to wider audience by interpreting them also in monetary
terms.
Our empirical results can be summarized as follows:
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x

Helsinki housing market is 92% efficient. Per housing transaction, the
inefficiency is on average 18,400 euros. The range of inefficiency varies
between 4% and 13 % between the submarkets.

x

On aggregate level, buyers are gaining surplus from the market at the
expense of sellers. The buyers’ surplus equaled 42.0 million euros while
the sellers extracted the total of 21.5 million euros from the market. The
total surplus was 63.5 million euros, and the net surplus 20.5 million
euros. This means that for every housing transaction, the buyers gained
approximately a 5,900 euro surplus.

Concluding Remarks

x

The largest share of surplus is extracted from the largest apartments in
the city center. This totaled 11.6 million euros, which is 18.2% of the total
surplus.

x

The buyers gathered their surplus from larger apartments, while sellers’
markets came especially from smaller apartments. The buyers’ maximum gain per transaction was almost 67,000 euros on average from
apartments with at least three rooms in the Helsinki-1 region. Respectively, the sellers’ maximum was 16,300 euros from two-room apartments in Helsinki-2.

We also found that semiparametric estimation performs well in comparison
to the parametric alternative. Hedonic price function is convenient to estimate
with a CNLS-based method and assesses the housing market from the point of
view of econometric efficiency.
We stated our objectives in the introduction section. Next we briefly asses how
we achieved the objectives. Shortly stated, the objectives were: 1) Calculating
the efficiency in the Helsinki housing market, 2) applying a new estimation
method to the traditional hedonic pricing modeling, 3) contributing to interdisciplinary and 4) popularizing the results to improve understandability.
The estimations that we implemented showed that inefficiencies are present
in the Helsinki housing market. We found out that on average the inefficiency
per transaction is 18,400 euros. Whether the buyer or seller gets the benefit
from the market depends on the segment and this was determined by the skewness of regression residuals. Our results indicate that larger apartments, especially in the city center, favor buyers. This means that the realized transaction
price is lower than our estimated price with given characteristics. The sellers are
gaining from the smaller apartments just outside the city center. In these submarkets, the realized transaction price was higher than the price estimated by
our model. Our study is the first one to calculate the efficiency of housing markets in Finland. Thus we cannot compare our results to other studies since housing markets are always local.
Our research contributes also from the methodological point of view. There
are previous semiparametric estimations of hedonic price functions, but at least
to our knowledge this study could be the first to apply convex nonparametric
least squares (CNLS) estimation for defining the hedonic price function. This
semiparametric estimation provides a possibility to interpret the statistical
properties of our estimates, which would not be possible with nonparametric
methods. On the other hand, we are not so restricted to the a priori functional
form as is the parametric estimation since we only impose some regularity conditions for the hedonic price function that stem from the economic theory.
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The interdisciplinary contribution to the production, urban and information
economics was achieved. As the research question is related to several brands
of economics, the exact contribution to each brand is difficult to make. But we
believe that the contribution is a combination with which you can assess the
housing market from a different research perspective. We hope our study will
encourage open-minded experimentation with combinations of traditional theories, with the help of new methods, to produce interesting applications.
Estimating the semiparametric hedonic price function with shape constraints
and distributional assumptions is hard to understand by people outside academic circles. Therefore, we interpreted our main result also in monetary terms.
Besides this, in addition to our pre-assumptions, we pointed out some aspects
that could influence the efficiency calculations. Those were the historical price
development, marketing time of apartments and tenure status. We argue that
this fourth and last objective was achieved rather well.
Our study has also its limitations. We made four observations that are relevant. Estimating the hedonic price frontier from the transaction data and calculating the efficiency estimates for different housing market segments is not that
straightforward. Before we could start the analysis, and also during the analysis,
we needed to give up something to obtain a firm analysis, results and conclusions. First, the data used in this thesis is not optimal for sophisticated housing
market analysis. By this, we mean that although the location of each transaction
in the data set could have been measured more accurately our approach relied
on zip code level. In more sophisticated research papers, the data covers point
estimates as coordinates so that each apartment can be located much more accurately to reflect for example urban amenities.
Besides location, hedonic modeling usually includes multiple characteristics
that can explain the sale price. The reasons for these limitations arise from the
data itself. Some of the variables have to excluded from the analysis due to measurement errors. The free data set we used is only on the level of zip code. It
would have been possible to obtain more specific data sets, but not free of
charge. Moreover, as this thesis is more application-driven and concentrates on
estimating methods, we were satisfied with the data set used.
The second limitation concerns the estimation techniques we applied. Incorporating more variables into the regression equation significantly increases the
number of constraints. As the number of constraints increases, the computational burden becomes so heavy that the model cannot be solved. Actually, to
estimate models used in this thesis, we needed to divide the whole sample of
transactions into subsamples in order to perform the estimations. But we also
found strong arguments that favor this choice.
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Concluding Remarks

Our third remark relates to model performance. When we estimated the hedonic price function with the StoNED estimation technique, the model underperformed in the case of expensive apartments. This is not strictly a problem in
our model but rather with the data. We weren’t able to add variables such as sea
view or other characteristics because this kind of information was not available
that might explain the price deviation from the model estimate. On the other
hand, a model is always a compromise made of all data, and these expensive
apartments are more like outliers in the data set.
The fourth and the last limitation concerns the hedonic model and conclusions
about the welfare effects. As the theory of hedonic pricing lacks connection to
the traditional utility theory, we cannot make watertight inferences based on
our model about the welfare effects. Still, the caveat applies to all hedonic pricing-related research. We noticed this problem during the phase of conclusions,
but we believe that our results can extend the general findings in the research
area concerning housing market from microperspective. We also notice that the
results are depending on the distributional assumptions to inefficiency term.
Assuming some other kind of inefficiency than standard half-normal might lead
to a little bit different results.
We believe that our research design provides interesting venues also for further research. For example, instead of just focusing on cross-sectional data, one
could use longer time-series data for housing transactions. This could shed
more light especially on the investors’ perspective where their role in the given
submarkets is evident throughout the years.
Another dimensional issue regarding the data would be regional. How are
housing prices forming in cities other than Helsinki? Further investigation
could find whether there are differences across cities. The second aspect would
be to use even more detailed data consisting of coordinates for given apartments
under transaction. Why haven’t we used this approach in our study? We believe
that the zip code level provides enough information about the amenities in a
given area so that adding even more specific location information would not
have effect on our conclusions. Therefore, the marginal utility of knowing the
specific locations would be too small to add much to zip code level prices.
Possible further studies could focus also on matching asking prices to the realized transaction prices. Then, based on these kind of estimations, one could
make inferences about how the asking price reflects the actualized transaction
price and whether there are some factors that could shed more light on efficiency calculations.
All the previously mentioned ways to conduct further research have something
to do with the nature of data. Of course, different kinds of nonparametric methods could also prove fruitful to investigate. As computational capacity has increased massively in recent years, interesting venues could appear by extending
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the methodological tools to more flexible approaches. Also combining directional distance functions to hedonic framework might provide interesting setting.
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Appendix 1: Residuals versus Fitted Values

-.6

-.4

-.2

0

.2

Helsinki-2, 1 room

11.4

11.6

11.8
12
Fitted values

12.2

12.4

-.2

-.1

0

.1

.2

Helsinki-3, 1 room

11.2

130

11.4

11.6
11.8
Fitted values

12

12.2

Concluding Remarks

-.2

-.1

0

.1

.2

Helsinki-4, 1 room

11.2

11.4

11.6
Fitted values

11.8

12

-.5

0

.5

Helsinki-1, 2 rooms

12

12.5

Fitted values

13

13.5

131

-.4

-.2

0

.2

.4

Helsinki-2, 2 rooms

11.5

12

Fitted values

12.5

13

-.4

-.2

0

.2

.4

.6

Helsinki-3, 2 rooms

11.5

132

12
Fitted values

12.5

Concluding Remarks

-.4

-.2

0

.2

.4

Helsinki-4, 2 rooms

11.4

11.6

11.8
12
Fitted values

12.2

12.4

-.4

-.2

0

.2

.4

.6

Helsinki-1, +3 rooms

12.5

13

Fitted values

13.5

14

133

-.4

-.2

0

.2

.4

.6

Helsinki-2, +3 rooms

12

12.5

13
Fitted values

13.5

14

-.4

-.2

0

.2

.4

.6

Helsinki-3, +3 rooms

11.5

134

12

Fitted values

12.5

13

Concluding Remarks

Appendix 2: Kernel and Normal Densities
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Appendix 3: Example of GAMS code with positive skewness
sets k
"Apartments" /1*140/
j
'contextual and input and output variables' /X1, X2, X3, X4, Z1, Z2, Z3, Z4,
Y/
inp(j) 'input' /X1, X2, X3, X4/
dinp(j) 'dummyinput' /Z1, Z2, Z3, Z4/
outp(j) 'outputs' /Y/
alias (k,h)
;

PARAMETERS
data(k,j)
dataA(k,j)
Y(k)
output
Avalue(k)
Intercept
Evalue(k)
Residual
Bvalue(k,j) Estimated Beta-coefficient
Dvalue(dinp) Estimated Delta-coefficient
chatvalue(k) Estimated hedonic price of house k
sigmauvalue Estimated standard deviation sigma_u (inefficiency term)
sigmavvalue Estimated standard deviation sigma_v (noise term)
myyvalue
Estimated expected value of inefficiency u
n
sample size
;
VARIABLES
D(dinp) Coefficients of the z-variable
E(k) error term
SS
Sum of Square of errors
B(k,j) Beta-coefficients
A(k) Intercept
mresid
Average of residuals (approximately zero)
M2(k)
M3(k)
mM2
2nd central moment of residuals (sample variance)
mM3
3rd central moment of residuals (skewness)
sigmau
standard deviation sigma_u
sigmav
standard deviation sigma_v
sumsigma2
lamda
signal to noise ratio
myy
expected value of the inefficiency term u
;
POSITIVE VARIABLES
Chat(k) Estimated hedonic price of house k
;
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EQUATIONS
QSSE
objective=sum of squares of errors
QREGR(k) log-transformed regression equation
Qlog(k) supporting hyperplanes of the nonparametric cost function
Concav(k,h) concavity constraint (Afriat inequalities)
;
QSSE..
SS =e= sum(k,E(k)*E(k));
QREGR(k).. log(dataA(k,"Y")) =e=log(Chat(k))+sum(dinp,
D(dinp)*dataA(k,dinp))+E(k);
Qlog(k)..
Chat(k)=e= A(k) + sum(inp,B(k,inp)*dataA(k,inp));
Concav(k,h).. A(k) + sum(inp,B(k,inp)*dataA(k,inp)) =l= A(h) +
sum(inp,B(h,inp)*dataA(k,inp));
Model CNLS /QSSE, QREGR, Qlog, Concav/
OPTION solvelink = 0;
OPTION limrow = 0;
OPTION limcol = 0;
OPTION SOLPRINT = OFF;
OPTION optcr = 0.0;
OPTION iterlim = 10000000;
OPTION reslim = 10000000;
OPTION decimals=7;
OPTION NLP=MINOS;

$LIBInclude Xlimport dataA \\"directory"\hels1_1.xlsx Taul1!a1:j140
SOLVE CNLS using NLP Minimizing SS;
n = card(k);
mresid.l = sum(k,E.l(k))/n;
M2.l(k) = (E.l(k) - mresid.l)*(E.l(k) - mresid.l);
M3.l(k) = (E.l(k) - mresid.l)*(E.l(k) - mresid.l)*(E.l(k) - mresid.l);
mM2.l = sum(k,M2.l(k))/n;
mM3.l = sum(k,M3.l(k))/n;
sigmau.l =(-mM3.l/((2/Pi)**(1/2)*(1-4/Pi)))**(1/3);
sigmav.l = (mM2.l-((Pi-2)/Pi)*sigmau.l**2)**(1/2);
sumsigma2.l = sigmau.l**2 + sigmav.l**2;
lamda.l = sigmau.l / sigmav.l;
myy.l = (sigmau.l**2*2/Pi)**(1/2);

Option E:3:0:1;
Option mresid:3:0:1;
Option M2:3:0:1;
Option M3:3:0:1;
Option mM2:3:0:1;
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Option mM3:3:0:1;
Option sigmau:3:0:1;
Option sigmav:3:0:1;
Option sumsigma2:3:0:1;
Option lamda:3:0:1;
Option myy:3:0:1;
chatvalue(k)=(Chat.l(k));
Evalue(k)=E.l(k);
Bvalue(k,j)=B.l(k,j);
Avalue(k)=A.l(k);
Dvalue(dinp)=D.l(dinp);
sigmauvalue=sigmau.l;
sigmavvalue=sigmav.l;
myyvalue=myy.l;
$libinclude xldump Bvalue \\"directory"\hel1_1_STONED.xlsx Beta a1:eza4000
$libinclude xldump Dvalue \\"directory"\hel1_1_STONED.xlsx Delta a1:eza4000
$libinclude xldump Evalue \\"directory"\hel1_1_STONED.xlsx Residuaalit
a1:eza4000
$libinclude xldump Avalue \\"directory"\hel1_1_STONED.xlsx Vakiot a1:eza4000
$libinclude xldump sigmauvalue \\"directory"\hel1_1_STONED.xlsx sigmau
a1:eza4000
$libinclude xldump sigmavvalue \\"directory"\hel1_1_STONED.xlsx sigmav
a1:eza4000
$libinclude xldump myyvalue \\"directory"\hel1_1_STONED.xlsx myy a1:eza4000
$libinclude xldump chatvalue \\"directory"\hel1_1_STONED.xlsx EstHedHinta
a1:eza4000
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