n° 2018-07

April 2018

WORKING PAPERS

A residential land price index for
Luxembourg: Dealing with the
spatial dimension

Brano GLUMAC1
Marcos HERRERA-GOMEZ2
Julien LICHERON1

1

www.liser.lu

2

LISER, Luxembourg
National University of Salta, Argentina

LISER Working Papers are intended to make research findings available and stimulate comments and discussion.
They have been approved for circulation but are to be considered preliminary. They have not been edited and have not
been subject to any peer review.
The views expressed in this paper are those of the author(s) and do not necessarily reflect views of LISER.
Errors and omissions are the sole responsibility of the author(s).

A residential land price index for Luxembourg:
Dealing with the spatial dimension
Brano Glumac
Urban Development and Mobility, Luxembourg Institute for Socio-Economic
Research Institution, Luxembourg
Marcos Herrera-Gomez
CONICET – IELDE, National University of Salta, Argentina
Julien Licheron
Urban Development and Mobility, Luxembourg Institute for Socio-Economic
Research Institution, Luxembourg

April 2018*

Abstract
Urban development projects have many effects on society, such as improving
mobility, health, education, and sustainability. For policy-relevant measures, it is
important that policymakers are able to foresee how quality improvements influence the price of land. Therefore, our objective is to collect a set of variables able
to account for the effects of a multitude of land quality improvements. In addition,
surrounding plots and the natural and built environment might also influence urban land prices. However, most house price and land price indices do not control
for any potentially related spatial effects. The urban land price index detailed here
is based on land transaction prices for Luxembourg between 2010 and 2014 recorded in notarial deeds and cadastral data, together with geo-spatial characteristics. The proposed index includes many aspects in an initial hedonic model specification, the index also operates on a spatial model.
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1.

Introduction

The housing market represents the largest proportion of household expenditure in developed economies, and changes to house prices can have important macroeconomic
effects. The importance of this market sector was clearly exposed by the collapse of
the U.S. housing market and the subsequent global financial crisis that began in 2007.
As a consequence, nowadays there is a growing demand from government policymakers and independent sectors for reliable house price indices as economic indicators.
The general purpose of a house price index is to monitor economic activity. There
is a strong correlation between house prices and economic activity, and therefore the
house price index can be regarded as a barometer for the national economy (Hill 2013).
In this article, we argue that an urban land price index can be used in the same way,
because there is a high correlation between land prices and house prices and their
causal correlation has been well explained (E. C. Hui, Leung, and Yu 2014). Similarly
to a house price index, a land price index indicates changes in prices over time of land
of comparable quality. Therefore, to design adequate housing policies and to understand the dynamics of the housing market, a precise estimation of an urban land price
index across different regions or spatial units would be a very useful piece of information.
This article presents the first hedonic urban land price index with a national coverage. In addition, it incorporates a spatial dimension and extensive controls to capture
price dynamics. It is apparent that surrounding land and the natural and built environment might influence the price of a plot of land over time (Garza and Lizieri 2016).
However, most existing house price indices and land price indices do not control for
any of the potentially related spatial effects. After performing a spatial dependence
test, we constructed an index that is based on a hedonic model in order to cope with
several identified spatial effects. The assumed key advantage is that such an index will
better account for issues related to spatial and temporal dependence. In addition to a
sufficient number of land transactions or basic data, it is necessary to collect a set of
variables that accounts for the multitude of land quality improvements related to any
urban development. On the assumption that an urban development project will have a
multitude of impacts on society, such as improving mobility, health, education, and
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sustainability, it is essential for policymakers to be able to monitor how these improvements influence the price of the land itself. Therefore, the reported index includes
many aspects in the initial hedonic model specification.
One of the major difficulties in developing a land price index is the challenge of
collecting basic data, which results in there being very few reported land hedonic indices (Nichols, Oliner, and Mulhall 2013). This paper presents an urban land price
index for Luxembourg based on the land transaction prices reported by notarial deeds
(Administration de l'Enregistrement et des Domaines, AED) and cadastral data (Plan
Cadastral Numérisé, PCN), together with geo-spatial characteristics (GIS).
The rest of this article comprises five sections. A background section reviews existing understandings of land price valuations and indices. The methodology section
explains in detail the selected functional form, initial model specification, and the calculation of the index. We develop the analysis to a fully parametric model in order to
keep the results interpretable for practical purposes. Special attention is paid to describing data sources and the selection of treatments taken into account for selecting
the most appropriate outliers. The results section reports on the hedonic model and
double imputed hedonic index, and we complete the article with a general conclusion.

2.

Background

Land is a heterogeneous good, because of its different characteristics and different
uses, triggered by different dynamic processes. Furthermore, it can be stated that the
appreciation and depreciation of land prices within a given region are a function of
dynamic social, economic, legal, and environmental processes continuously interacting over time and across the space (Grigsby 1986). Similar to indexing any heterogeneous good, a land index illustrates changes in the prices of land of comparable quality
over time.
From a historical perspective, real estate and land valuation or appraisal were introduced into the scientific community in the second half of the nineteenth century
(Moore 2009). The first land price study based on a hedonic approach (Eurostat 2013)
was a master’s thesis on agricultural land values in 1922 at the University of Minne-
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sota, as suggested by Colwell and Dilmore (1999). In 1970, the first automated valuation – a mathematically based software estimating a market value (IAAO 2003), also
emerged from land valuations (Gwartney 1970). These facts are not a coincidence, and
perhaps the first valuation developments occurred based on land observations because
land features tended to be much more uniform than any real estate property. However,
land valuation provides a set of unique problems, such as the highly speculative nature
of transactions and few recorded transactions for analysis and modeling (IAAO 2003).
With regard to the prospects for urban land price indices, the applications are as
numerous as for house price indices, although they do not provide exactly the same
insights. It is important to highlight first the possibility to monitor national economic
activity, similarly to the house price index. A strong correlation exists between house
prices and economic activity, and therefore the house price index can be regarded as a
barometer for the national economy (Hill 2013). For example, in many countries in the
period leading up to the financial crisis, house prices rose faster than rents (Hill 2013).
The urban land index can be used in a similar way, because there is also a high correlation between land prices and house prices. In addition, an accurate measurement of
land price changes (across time and space) is important for local policy development
such as institutionalizing value capturing (E. C. M. Hui, Ho, and Ho 2004). Further,
for policy-relevant measures, it is important that policymakers are able to foresee how
quality improvements influence the price of land as urban development projects have
many effects on society, such as improving mobility, health, education, and sustainability. A land price index can also help us better understand real estate development
processes, because the land development process can be regarded as an outcome of
interrelated actors’ decisions, in which the land price stands for a considerable part of
a payoff function (Samsura, van der Krabben, and van Deemen 2010; Glumac et al.
2015). Furthermore, land supply and demand ratio differs for agricultural and urban
uses, which implies different price tendencies over the years. Because the total land
supply is shared and limited, all land prices correlate and closely lead to a zero-sum
game outcome. Therefore, comparing the urban and the agricultural land price index
might also reveal the trend of the conversion rate from agricultural to urban land.
Lastly, the prospect of having a national urban land price index can be seen in the
methodological advancements in the decomposition of land and structure values. This
urge is evident from today’s trend to derive house indices from decomposing a real
4

estate property value into structure and land (Francke and van de Minne 2016; Davis
and Heathcote 2007; Bostic, Longhofer, and Redfearn 2007; Eurostat 2013; Diewert,
Haan, and Hendriks 2015), where the structure part should capture technological advancement (i.e., smart home systems) and housing preferences (i.e., house style), and
the land part should capture more macro-economic trends and events.
The most general differentiation of vacant land is between urban and non-urban
plots (Northam 1971). They vary in many aspects, and thus different valuation approaches should be used. For example, for land that is remote from urban areas it would
be more suitable to rely on the income potential (IAAO 2003) rather than using sales
data to estimate the value. This article only details urban land plots, which can be also
further divided into residential and mixed-use land. These plots are located in areas
that can either be used for the construction of residential buildings or offices or commercial buildings. Although commercial urban land property is acquired to build income-producing properties, we can say the same for residential urban land, because in
most cases it is bought by real estate developers. This implies estimating value via an
income approach and methods such as discounted cash flow (French 2013). However,
having adequate commercial data is rarely the case and estimating value by comparison or a hedonic approach is an alternative.
Since Gwartney (1970), many authors have reported on automated valuation models for land property in paste decades: in seventies (Holland 1970), in eighties (Burrough 1989), in nighties (Clapp 1990; Des Rosiers, Thériault, and Recherche 1999) in
two-thousands (Yamazaki 2001; Clapp 2003; Davis and Heathcote 2007; Bostic,
Longhofer, and Redfearn 2007; Des Rosiers and Thériault 2008; Haughwout, Orr, and
Bedoll 2008) and recently (Oliner, Nichols, and Mulhall 2010; Spinney, Kanaroglou,
and Scott 2011; Nichols, Oliner, and Mulhall 2013; Liu, Wang, and Zha 2013; Costello
2014; Wu et al. 2014; Wade Brorsen, Doye, and Neal 2015; Glaesener and Caruso
2015; Demetriou 2016; (Demetriou 2018). Some patents have also been filed (Matsuo
et. al 1999). However, very few of them are land price indices (Yamazaki 2001; Clapp
1990; Spinney, Kanaroglou, and Scott 2011).
The underlying differences between all the price indices are linked to the different
objectives of constructing them. It is not strange then, that “there remains a distinct
lack of consensus on the most appropriate index methods” (Goh, Costello, and
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Schwann 2012). Therefore, different approaches and related methods for compiling
constant quality indices have been developed over time (e.g., Eurostat 2013): appraisal
based methods, repeated sales methods, median indices, and hedonic methods. Bearing
in mind that land is not frequently traded (compared with real estate property) and that
land appraisal reports are not necessarily centralized, it is not always possible to collect
a sufficient number of land appraisal reports. In addition, the appraisal-based approach
has also been greatly criticized for different types of biases (Shimizu and Nishimura
2006). Similarly, repeated sales methods are not considered, because the land is not
frequently traded and it is even harder to collect repeated sales observations over time.
Lastly, median indices are not able to capture the impact of quality changes. Briefly,
the shortcomings of these methods point toward hedonic methods as the most appropriate for land indices if there is sufficient data available.
Important countrywide overviews of house price indices have been introduced by
Hill (2013) and Eurostat (2013). However, land price indices have been used far less
frequently internationally. Usually they are not a part of standard statistics reports,
mostly because of unavailable data regarding either the dataset extent or quality. There
is an index for apartment prices in Luxembourg (Lamboray 2010), and the results are
presented on a regular basis. More recently a hedonic index was developed by Preclin
(2015) to follow the prices of “old” houses in Luxembourg, based on the data available
from AED and a survey of the dwellings’ characteristics. For the purpose of comparing
price evolutions and further understanding the real estate market, the construction of a
hedonic price index for urban land prices is complementary to the work undertaken so
far in Luxembourg, and as mentioned, it is the first nationwide hedonic land price index.

3.

Methodology

The hedonic regression model is accredited to Rosen (1974), and based on Lancaster’s
(1966a) approach in consumer theory, although the development of hedonic models
can be traced back to as early as 1922, as mentioned. Rosen (1974) also considered
land a composite good, composed of a bundle of attributes from which consumers obtain utility. The price paid for this good can be decomposed by regression analysis, for
example, to the implicit prices of the different attributes, hence allowing insights into
6

consumers’ preferences and their willingness to pay for the heterogeneous components
of a good. Several advantages of hedonic methods influence its choice for a land index.
First, in principle the hedonic approach allows us to adjust for changes to both the
sample mix and quality when the land characteristics are sufficiently covered by data
(Eurostat 2013). Second, indices based on the hedonic method are relatively easy to
stratify by different locations and products. Third, hedonic based indices are also best
suited to test spatial price effects. A very detailed view on the strengths and weaknesses
of different hedonic house price indices (time dummy, characteristics, imputed
method, and hybrid) has also been produced (Hill 2013). Among these, the features of
a double imputed index best fit the Luxembourg case. An important feature in the
choice of index is that the reported index values for previous periods do not change
when adding data from a new period. By contrast, estimating a model on a data sample
that covers all periods (e.g., time dummy) will consequently change coefficients every
time a new sample is added to the dataset. The imputed price method has been shown
as a convenient method to update hedonic indices at different time intervals. This feature would provide policymakers with consistency in reporting from year to year.

3.1

Hedonic functional form and the spatial Durbin error model

In order to estimate the contributions of land characteristics using standard regression
techniques, the hedonic model has to be specified as a parametric model. A Box-Cox
test indicates the log-linear form as appropriate:
ln

𝑦𝑦𝑛𝑛𝑡𝑡

𝐾𝐾

𝑡𝑡
= 𝛼𝛼0 + � 𝛽𝛽𝑘𝑘𝑡𝑡 𝑥𝑥𝑛𝑛𝑛𝑛
+ 𝜀𝜀𝑛𝑛𝑡𝑡 ,

[1]

𝑘𝑘=1

where ln 𝑦𝑦𝑛𝑛𝑡𝑡 is the logarithm of the price of land plot n (1,…,N) for the period t

(1,…,T), 𝛼𝛼0 is the coefficient estimate of constant price quality for all periods t, 𝛽𝛽𝑘𝑘𝑡𝑡 is

𝑡𝑡
the coefficient estimate of a characteristic k (1,…,K) for the period t(1,…,T), 𝑥𝑥𝑛𝑛𝑛𝑛
is a

characteristic k (1,…,K) of land plot n (1,…,N) for the period t(1,…,T), and 𝜀𝜀𝑛𝑛𝑡𝑡 is the
error term component of land plot n(1,…,N) for the period t(1,…,T) assumed as independent and identically distributed.
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As has been noted, one of the most important determinants of land prices is location. This characteristic means that the hypothesis of uncorrelated error terms in equation [1] is probably violated by the presence of geographical spillovers. This omitted
effect could generate biased estimates from the parameter model. Literature usually
takes the simplest way of accounting for this omission through the inclusion of neighborhood dummy variables. However, when the exact geographical positions of land
plots are available–and it is relatively straightforward to use a geographic information
system (GIS) to calculate each land’s exact longitude and latitude–advanced approaches can be applied.
This increasing availability of spatial information at the land level allows the impact
of location to be modeled in very different ways using spatial effects. There are three
possible spatial effects: an endogenously spatial autoregressive term that reflects the
importance of prices of neighboring land, an exogenous effect that reflects the impact
for each unit of the change in exogenous variables, or an exogenous effect that might
affect the unexplained part of the model through a spatial autocorrelation structure due
to unobserved environmental effects common to neighboring land (Elhorst 2010).
A spatial exogenous observed effect implies that there is a significant influence
from a known variable in the neighborhood of land plot n; it is formally considered as
a spatial lag term in equation [2]:
ln

𝑦𝑦𝑛𝑛𝑡𝑡

= 𝛼𝛼0 +

𝐾𝐾

𝑡𝑡
� 𝑥𝑥𝑛𝑛𝑛𝑛
𝛽𝛽𝑘𝑘𝑡𝑡
𝑘𝑘=1

𝐾𝐾

𝑁𝑁

𝑘𝑘=1

𝑗𝑗≠𝑛𝑛

𝑡𝑡
+ � �� 𝑤𝑤𝑗𝑗𝑡𝑡 𝑥𝑥𝑗𝑗𝑗𝑗
� 𝛾𝛾𝑘𝑘𝑡𝑡 + 𝜀𝜀𝑛𝑛𝑡𝑡 ,

𝑡𝑡
where 𝑤𝑤𝑗𝑗𝑗𝑗
is a weight different to zero if the land plot j (𝑗𝑗 ≠ 𝑛𝑛), from 1 to N, is a

neighbor of the land plot n for every period t. In our case, the neighborhood is defined
using the inverse distance criteria with a threshold of 6km. This threshold guarantees
at least one neighbor for every observed land plot n in all years, the coefficient 𝛾𝛾𝑘𝑘𝑡𝑡

captures the impact of average neighborhood characteristic k on the logarithm of land
price n for the period t (1,…,T).
An unobserved environmental effect implies that there is a significant influence of
an unknown variable in the neighborhood. It is formally considered as a spatial error
term in equation [3] and is tested with a robust Lagrange multiplier:
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[2]

ln 𝑦𝑦𝑛𝑛𝑡𝑡 = 𝛼𝛼0 +

𝐾𝐾

𝑡𝑡
� 𝑥𝑥𝑛𝑛𝑛𝑛
𝛽𝛽𝑘𝑘𝑡𝑡
𝑘𝑘=1

𝑁𝑁

+ � 𝑤𝑤𝑗𝑗𝑡𝑡 𝜀𝜀𝑗𝑗𝑡𝑡 𝜌𝜌𝑡𝑡 + 𝜈𝜈𝑛𝑛𝑡𝑡 ,

[3]

𝑗𝑗≠𝑛𝑛

where 𝜌𝜌𝑡𝑡 is a spatial coefficient that captures the unobserved average neighborhood

influence that impacts on land plot n (1,…,N) for the period t(1,…,T), and 𝜈𝜈𝑛𝑛𝑡𝑡 is an
error term component of land plot n(1,…,N) for the period t(1,…,T).

A spatial endogenous effect implies that there is a significant influence of the average of the logarithm of prices in the neighborhood of land plot n; it is formally considered as a spatial lag term. However, this effect was not tested because a spatial endogenous effect can be compensated for by a temporal lag in prices, which is the final
purpose of a housing index (LeSage and Pace 2009, p. 26).
Spatial dependency tests indicate the existence of observed and unobserved exogenous factors. The discovered spatial lag in independent variables and spatial error can
be captured by a spatial Durbin error model (SDEM), which is used as our final model
[4]. To support this selection, we conducted Moran’s I and robust Lagrange Multiplier
tests (Anselin et al. 1996) on the linear model equation [1], and the test results (Table
A2) provide strong evidence for the necessity to introduce a spatial Durbin error model.
ln

3.2

𝑦𝑦𝑛𝑛𝑡𝑡

= 𝛼𝛼0 +

𝐾𝐾

𝑡𝑡
� 𝑥𝑥𝑛𝑛𝑛𝑛
𝛽𝛽𝑘𝑘𝑡𝑡
𝑘𝑘=1

+

𝐾𝐾

𝑁𝑁

𝑡𝑡
� �� 𝑤𝑤𝑗𝑗𝑡𝑡 𝑥𝑥𝑗𝑗𝑗𝑗
� 𝛾𝛾𝑘𝑘𝑡𝑡
𝑘𝑘=1 𝑗𝑗≠𝑛𝑛

𝑁𝑁

+ � 𝑤𝑤𝑗𝑗𝑡𝑡 𝜀𝜀𝑗𝑗𝑡𝑡 𝜌𝜌𝑡𝑡 + 𝜈𝜈𝑛𝑛𝑡𝑡 .
𝑗𝑗≠𝑛𝑛

Initial Model Specification

In addition to the choice of a functional form, selecting the variables plays a major role
in the quality of estimates. As mentioned, the appreciation and depreciation of land
prices within a given region is a function of dynamic social, economic, legal, and environmental processes continuously interacting over time and across the space
(Grigsby 1986). Therefore, the selected variables are “classed” within these four essential elements. In addition, two large classes that dominate any real estate property
value estimation (French 2001) are added: location (accessibility and proximity) and
the physical characteristics of the land and its surroundings. The initial list of variables
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[4]

(Table 1) is additionally tested (Andersson 2000). In order to provide a consistent overview of the variables included in the hedonic price model for Luxembourg, three explanatory columns are shown: 1) “Class” is a group of variables derived from the mentioned definition; 2) “Variable” is a constructed measurement or proxy of a certain
attribute that is characteristic of certain products such as land (Lancaster 1966a,
1966b); and 3) “Unit” is the measurement unit of the variable.

TABLE 1 Overview of classes, variables, and units
Class

Variable

Unit

Accessibility

Distance to road

m

Accessibility

Distance to motorway

m

Accessibility

Distance to bus station

m

Accessibility

Distance to train station

m

Accessibility

Distance to airport

m

Proximity

Car time to CBD*

min

Proximity

Public transport time to CBD*

min

Proximity

Medical amenities

0-1

Proximity

Commercial amenities

0-1

Proximity

Cultural amenities

0-1

Proximity

Proximity to border

dummy

Physical

Land plot size

are

Physical

Shape of land plot

1-7

Physical

Hillshade

0-255

Environmental

Nearby industry

are

Environmental

Nearby public green space

are

Environmental

Nearby agriculture

are

Environmental

Nearby forest

are

Environmental

Nearby water

Are

Legal/Physical

Highly buildable zone

dummy

Legal

Municipality territory

dummy

Legal/Economic

Baulücke**

dummy

Social

Population density

pop/km2

10

Economic

Year

Y

Economic

Price per are

€/are

*Central Business District; ** Small neglected urban land plot

Location attributes are usually divided into accessibility and proximity components. With regard to accessibility, each transport mode has been captured by including
distances to a road, motorway, bus station (Mulley 2013), train station, and airport.
Each distance variable uses meters as a measurement unit. Proximity accounts in the
first place for the distance to Luxembourg City or the central business district (CBD).
In theory and in empirical studies this variable has been shown to be an important
determinant of land prices, and it is also considered in existing price indices in Luxembourg, thus making it comparable with existing housing statistics for the country,
such as apartments (Lamboray 2010) and old houses (Preclin 2015). The proximity to
the CBD was measured by the time needed to reach it either by car (Osland 2010) or
public transport. Within this class, proximity to health, commerce, and leisure services
are also observed. Each of these variables was generated in a similar fashion. For example, to compose proximity to health, the total number of hospitals and pharmacies
in one district was summed and normalized by district, with the highest total number
equal to 1, and with 0 representing the district with the smallest number of hospitals
and pharmacies. The last within this class is border proximity, measured as dummy
variable equaling 1 for land plots within a distance of 100m of the border. Since Luxembourg is a small country in area, it is assumed that land plots closer to the border
will have an impact on the country scale because of their higher percentage of the total
area. From the physical characteristics, only two variables are included in the initial
model specification. Size of the land plot measured in are, and hillshade. The latter
indicates how bright or dark a plot is. Given the land slope and orientation toward the
sun it is possible to calculate hillshade (ESRI ArcGIS 2011). Hillshade (Soguel, Tangerini, and Pictet 2007) is described by the integer variable with the value 0 representing the darkest and 255 the brightest land plots in the Luxembourg in the evening (7pm
– 8.30pm) on 20 June. Last is the measurement of the land’s shape, captured by a
Gravelius index. In this index (Gravelius 1914), the value 1 represents the most ideal
shaped plot (a circle) with higher numbers standing for more extended plots. Five environmental variables are included in the initial specification, nearby industry (Anselin
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and Lozano-Gracia 2008; Din, Hoesli, and Bender 2001) within 3km, and nearby public green spaces (Jones and Reed 2018) within 50m, as well as agriculture, water, and
forest. These are computed as the total sum of land plots within the mentioned range
and measured in total surface area. With regard to the legal variables, three are important for the land model specification. “Highly buildable zone” is a dummy variable
with the value 1 indicating that at least 100m2 of the land plot can be used for either
residential or mixed-use purposes. This variable can be also considered as a physical
class. The second variable indicates the municipality a land plot is in. Lastly, Baulücke
was introduced as a Luxembourg policy tool to increase underused city space. A
Baulücke plot is a small and neglected piece of land, expressed as dummy variable.
With regard to the “social” variable class, there is empirical evidence of the importance
of the influence of population density (p/km2) on land prices. The density range was
set empirically at 3km. Lastly, the economic characteristics of a land plot are taken as
the price per are (€/are) and the time of sale (year) covering the period from 2010 to
2014.
This initial specification (Table 1) was further reduced with a correlation test and a
final set of variables is provided (Table 3). The effects caused by the different relationships that variables might have with the dependent variable are captured by the functional form of the hedonic model. For non-linear effects, we compared the significance
level of a variable with quadratic and non-quadratic expressions in the full model specification. This procedure resulted in a squared expression for some of the variables
(Table 4).

3.3

Hedonic Double Imputed Fischer Index

A very common methodological problem in constructing price indices is the impossibility of observing the same good, and its characteristics, in different periods. For example, the characteristics of a house sold in period 0 cannot be observed in period t
because once sold, the house (with a set of unique characteristics) will not usually be
resold in the same period t. Therefore, we chose to use an imputed index that imputes
the missing prices predicted by a hedonic model (Eurostat 2013; Hill 2013). Specifically, we apply a geometric double imputation index using the Fisher formula (Eurostat
2013):
12

0𝑡𝑡
𝑃𝑃𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻

𝐾𝐾

= 𝑒𝑒𝑒𝑒𝑒𝑒�𝛽𝛽̂0𝑡𝑡 − 𝛽𝛽̂00 �𝑒𝑒𝑒𝑒𝑒𝑒 ���𝛽𝛽̂𝑘𝑘𝑡𝑡 − 𝛽𝛽̂𝑘𝑘0 �𝑥𝑥̅𝑘𝑘0𝑡𝑡 �,
𝑘𝑘=1

where 𝑥𝑥̅𝑘𝑘0𝑡𝑡 = (𝑥𝑥̅𝑘𝑘0 + 𝑥𝑥̅ 𝑘𝑘𝑡𝑡 )⁄2 denotes the mean average characteristics in periods 0 and t,

𝛽𝛽̂𝑘𝑘𝑡𝑡 ´𝑠𝑠 (𝑡𝑡 = 0,1 and 𝑘𝑘 = 0, … , 𝐾𝐾 are the estimated coefficients using the equations from

the previous section. For more details of this index, see Eurostat (2013, pp. 54–55).
We use the equation [5] to calculate both a Fisher Index, based on the estimation of a
non-spatial model [1], and a Spatial Fisher Index that uses the prediction of the SDEM
model [4].

4.

Data and outliers

4.1

Detection of outliers

The dataset was generated by merging data from notarial deeds (from AED), cadastral
data (from PCN), and GIS. It includes the purchases of land plots between 2010 and
2014, comprising 9910 individual transactions. It is a relatively rich dataset with variables representing accessibility, proximity, and the physical, legal, and economic characteristics of land plots (Table 1). After removing mostly agricultural land plots, the
dataset includes 4297 individual transactions of residential and mixed-use land, located
in urban areas and suitable for the construction of residential dwellings or for the construction of offices or commercial buildings.
Special attention was paid to outlier selection. Characteristically for land price datasets, there are fewer observed transactions and a greater spread in dependent variable
values compared with house price datasets. If not selected correctly, outliers can seriously misrepresent the land index. Three criteria were used to obtain a clean dataset.
First, it is required for there to be at least two observations in one year in one municipality to have a credible number of observations and to test for spatial dependencies.
We took a conservative position to avoid potential bias resulting from only one observation in one municipality. Municipalities having only one observation per year do not
fulfill this criterion, thus 47 observations were removed. Second, using the distribution
of the logarithm of price for each municipality, we drop values higher than three times
the interquartile range, resulting in 44 fewer observations. Third, a specific criterion to
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[5]

account for irregular spatial distribution of observations was introduced. It is a combination of an outlier map and a box-plot technique, using the software GeoDa. This
software allows an analysis to identify land with extreme values, taking into account
the geographical neighborhood (Anselin, Syabri, and Kho 2006). We accordingly removed observations for geographically close plots with extreme values, because although registered as separate transactions they were most probably traded as unique
transactions. Including these would misrepresent betas for different variables (i.e., plot
size), therefore 19 additional observations were removed. The final clean dataset consists of 4187 observations. Figure 1 shows the difference between the mean indexed
values of the non-cleaned dataset, or all data index, and the clean dataset called the raw
index. To avoid doubts of misrepresenting price trend, we provide detail insight for the
outlier in the last reported year. It should be noted that the total difference of indexed
values in 2014 includes the removal of 12 transactions falling under the first outlier
criterion, 17 transactions falling under the second outlier criterion (values higher than
three times the interquartile range for 2014 on municipal average), and four transactions under the third criterion.
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FIGURE 1 Difference between all data and cleaned data (raw) index

In addition, removed observations have to be reasonably well spread over the sampled years, otherwise the reduction of observed data in one specific year might substantially change the index values. The cleaned dataset in our result is valid because
the outliers are well distributed (Table 2).

TABLE 2 Data removal over the years

4.2

Year

Initial

Cleaned

Outliers

2010

949

914

35

2011

870

860

10

2012

859

842

17

2013

748

733

15

2014

871

838

33

Descriptive statistics after outlier removal

Table 3 introduces the selected variables that are used in the model specification. It
provides a basic insight into land prices and price trends. In addition, Table A1 also
shows the descriptive statistics after outlier removal, but broken down into yearly statistics.

TABLE 3 Descriptive statistics after outlier removal (N=4187)
Variable

mean

SD

p25*

min

max

Price

388682.79

1.84e+06

125932.59

0.43

6.19e+07

Price per are

64705.68

107366.45

25000.00

139.53

2.83e+06

Price per are (ln**)

10.45

1.41

10.13

4.94

14.85

Distance to road

15.42

24.26

0.56

0.00

224.08

Distance to bus station

199.97

144.97

100.42

0.81

1464.31
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Distance to train station

4214.61

3880.62

907.51

25.49

17551.00

Car time to CBD

25.37

14.67

15.34

0.00

73.10

Land plot size

6.21

11.44

2.89

0.00

385.27

Nearby industry

2.19

3.12

0.22

0.00

18.46

Shape of land plot

1.40

0.60

1.17

1.08

10.37

Population density

307.21

400.84

73.81

9.54

2411.41

Hillshade

177.48

15.65

170.30

86.81

242.70

Highly buildable zone

0.89

0.31

1.00

0.00

1.00

Baulücke

0.21

0.40

0.00

0.00

1.00

* The lowest 25% values; ** Normal logarithm values

5.

Results

5.1

Land price spatial Durbin error model estimates

The reported estimates (Table 4) of the land price spatial Durbin error model (SDEM)
show the regression for all observations (n=4187) or transactions made on residential
and mixed-use land in the period between 2010 and 2014.
As a general remark concerning the selected specification, we initially tested for
multicolinearity and non-linear effects for all variables in Table 1 under a simple model
(equation 1) and only significant variables from the initial specification were included
in the final model. However, under the spatial model, variables that are only significant
for some of the year samples are also included in the hedonic regression model and in
the price index. The reported model is stable over the years and the coefficient signs
can be interpreted. The variable names, coefficients, and significance levels are shown
in Table 4 for each year separately. The selected models are well fitted to the data, with
reported pseudo-R2 rising from 0.557 to 0.646. Additionally, Table A3 shows that the
selected SDEM performs better than a standard ordinary least squares (OLS) model
when comparing the calculated yearly pseudo-R2.
The chosen dependent variable is the normal logarithmic value of a land plot price
per are (Price per are (ln)). Commonly, researchers report only the influence of the plot
size on the total transaction price, where the plot size is usually the most important
determinant and thus disputably increases the model fit parameters. Including the price
16

per are as the dependent variable allows us to test the influence of plot size. With regard
to the accessibility variables, distance to airport and distance to motorway were removed due to a high correlation with other variables. A minus coefficient sign (Distance to road; Distance to train station) indicates that a shorter distance has a positive
impact on price increase. By contrast, distance to bus stops (Distance to bus station)
has a concave quadratic function indicating that a close distance has a negative impact
on price, as does a long distance. Close proximity to CBD, measured in minutes travel
by car (Car time to CBD), also has positive impact on the price. Other proximity variables were omitted due to not being significant or having a high correlation with other
variables. The first negative coefficient of plot size (Land plot size), as expected, indicates that the price per are will concavely drop with the increased size of land plots
and stabilize afterwards. The brightest land plots (Hillshade) will have higher price
values, however, the function is concave and represents the fact that the measurement
of brightness is taken at one time of day and on one date, and therefore cannot be linear.
A land plot within 3km of a higher percentage of industrial sites (Nearby industry) has
a varying impact from year to year. A negative coefficient indicates the potential exposure to pollution and a positive impact might reflect value relating to several brownfield redevelopment projects. It is also important to note the impact of the spatial neighborhood (wx Nearby industry) that works as a counterbalance. Land plots with an extended shape (Shape of land plot) will have a lower price on the market. By contrast,
land plots in areas only dedicated to residential purposes will have a price premium.
In addition, a higher price is expected if a surrounding land plot also has at least 100m2
of residential areas as indicated by the estimated coefficient of spatial variable (wx
Highly buildable zone). The municipal dummy variables (Municipality dummies) are
used to estimate the fixed effect on the price of a land plot depending on which of the
106 municipalities it is located in. These variables are not reported in Table 4, although
numerous municipalities had a significant impact on a land price, usually positive.
Higher population densities (Population density; wx Surrounding density) also suggest
a higher price per are, although this variable is not that stable over the models in different years. Lastly, Baulücke does not show any significant influence on the price of
the land plots, but it is important to report it, because it was a national policy to promote
neglected and small land plots that could be potentially used for building.
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TABLE 4 Yearly “semi-log” SDEM for residential and mixed-use land in Lux.
Variable

2010

2011

2012

2013

2014

Distance to road

-0.006***

-0.002

-0.002

-0.006***

-0.003**

Distance to bus station

-0.000

0.002***

0.001

0.001*

0.000

(-II-) squared

0.000

-0.000***

-0.000

-0.000*

-0.000

Distance to train station

-0.000**

-0.000**

0.000

-0.000

0.000

Car time to CBD

-0.016*

-0.021**

-0.015***

-0.019**

-0.022**

Land plot size

-0.039***

-0.012***

-0.026***

-0.022***

-0.028***

(-II-) squared

0.000**

0.000

0.000

0.000***

0.000*

Hillshade

0.071**

0.037

0.011

0.078**

0.036

(-II-) squared

-0.000**

-0.000

-0.000

-0.000**

-0.000

Nearby industry

0.109*

-0.131*

-0.022

0.162**

-0.119*

Shape of land plot

-1.064***

-1.723***

-1.170***

-1.671***

-1.443***

(-II-) squared

0.096

0.149***

0.101***

0.183***

0.179***

Highly buildable zone

1.596***

0.959***

1.285***

1.214***

1.171***

Population density

-0.001**

0.001*

-0.000

0.001

0.001**

Baulücke

0.007

-0.011

0.058

-0.013

-0.025

wxa Nearby.industry

-0.225**

0.185*

0.061

0.002

0.202**

wxa_Surrounding.density

0.001**

-0.002**

0.000

-0.000

-0.001

wxa High.buildable.zone

2.001***

0.631**

1.589***

1.677***

1.673***

Municipality dummies

inc.

inc.

inc.

inc.

inc.

cons

4.174

8.543***

8.103***

3.536

6.652**

rho _consb

0.297***

0.135

0.133

0.259***

0.401***

N

914

860

842

733

838

Pseudo-Rsq

0.646

0.633

0.557

0.624

0.571

Price per are (ln)

Statistics

*p<.1; ** p<.05; *** p<.01;
a weighted
b spatial

average influence of neighboring land plots of different characteristics;

coefficient that captures the unobserved average neighborhood influence
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Figure 2 shows an overview of land index prices in Luxembourg between 2010 and
2014. The three lines represent the following: the raw index (Figure 1), the non-spatial
double imputed Fisher index (OLS model with the same specification), and the spatial
double imputed Fisher index (Section 3).
When observing the selected indices, there is an evident overall increase in the
prices of residential and mixed-use land in Luxembourg from 2010 to 2014. The peak
was reached in 2013, with 28 percent higher prices than in 2010, while in 2014 a stable
trend appeared. Moderately steep growth (a 7 percent yearly average), went together
with demographic and GDP growth. Furthermore, it is important to note the difference
between the spatial and the non-spatial index. Two index lines show the pattern having
a tapering form with lines converging to a common point; the starting (normalized)
index year. As with any index count for price changes that are comparable in quality
over time, we can say that the reported spatial index captures additional quality from
observed and unobserved “land” characteristics in neighboring areas and thus reports
lower price changes. Lastly, when comparing the selected index with the raw index,
the following can be concluded: In December 2011 and 2014, an increase in price was
higher than an increase in quality. By contrast, in December 2012 and 2013, the price
increase was lower than the anticipated price for quality increase. Such differences are
expected, especially in relatively limited land markets, because large-scale urban development projects have a significant impact on the total land quality. It is possible
that large-scale urban development projects were completed in 2012, resulting in a
higher anticipated land price for increased quality than the averaged transaction price.
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FIGURE 2 Fischer double imputed index based on a “semi-log” hedonic spatial Durbin error model (red) for urban land in Luxembourg

5.2

Robustness checks

Robustness checks were conducted in order to assess the performance of the underlining hedonic model and therefore the validity of the reported index. First, the model
coefficient stability checks over time showed good results. The selected model is stable
over time with regards to coefficient value, signs, and significance levels (Table 4). In
addition, stability confirmation can also be concluded by comparing the similarity of
the price trends between the non-spatial and spatial models (Figure 2). Second, the
results are stable with less-strict outlier detection. Using only the first condition (section 4)–to have at least two observations in one year in one municipality–we obtained
same tendency in the indices. Additionally, in order to confirm index stability over
time, indices based on the models estimated on yearly data samples for five consecutive years were compared with indices based on the time-dummy hedonic model estimated on the joint five-year data pool (Figure 3). As there is an almost perfect match
between the two types of indices, the authors conclude that the greatest drawback of
an imputed index approach (i.e., instability over time) has been overcome.
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FIGURE 3 Double imputed and time-dummy index comparison

6. Conclusions
Many property-related indices have emerged to date. This article suggests the use of a
residential and mixed-use land price index. It is based on the merged dataset of land
transaction prices for Luxembourg reported by notarial deeds (AED) and cadastral data
(PCN), together with geo-spatial characteristics (GIS).
The purpose of introducing the proposed urban land index is two-fold. First, it is
assumed that a technical index based on urban land prices can capture very well spatial
effects. As a result, this index can capture the value of large-scale urban development
projects that entail an implicit quality improvement in neighboring areas. Second, a
land price index can be of great use to provide a posteriori estimates of the impact of
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changed land-use reflected in land price changes. Thus this insight might prove as necessary for policies designed to influence increased land transaction volume (e.g., land
taxation) and aimed at improving land supply.
The index itself is based on a double imputed hedonic approach therefore this index
that can capture individual differences between plots, and use this to illustrate differences in price while including the quality differences that have emerged over time. The
initial problem associated with the difficulties in accounting for which land quality
aspects should be included has been overcome by including the multitude of classes
and referenced variables that respond to infrastructural upgrades over time, and policies that might influence environmental upgrades. In addition, using a spatial model to
compute a land index, we are able to capture additional quality from observed and
unobserved land characteristics. The index was tested for its robustness and it performs
well. The proposed index is based on a spatial Durbin error model that performs well
with regard to the estimated model parameters. The strong point of the proposed land
price model is its ability to interpret the influence of different variables on land prices,
expressed by the significance levels of chosen variables and the signs of the estimated
coefficients of the total sample.
Furthermore, the index can be improved by including more variables that indicate
hoped-for value and value-capturing potential, which could be a key to better describe
the changes of quality over time. Of course, an updated dataset will bring new insights
into price changes, but at the same time would help to improve the model valuation
power and thus provide an even more reliable urban land price index.
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