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Samenvatting 

Vele decennia lang hebben industriele activiteiten de omgeving waarin we 

wonen zwaar vervuild. Alie ge"industrialiseerde landen hebben tot op een 

bepaalde hoogte te maken met problemen voortvloeiende uit lucht-en 

bodemvervuiling. Ook de gewone mens is zich na verloop van tijd meer en meer 

bewust beginnen worden van de schadelijke gezondheidseffecten die vervuiling 

met zich kan meebrengen. Het publieke bewustzijn wordt ook gevoed door 

incidenten die uitvoerig in de media worden behandeld. Het gevolg is dat 

mensen zich wel bewust zijn van de noodzaak van bepaalde industriele 

activiteiten, maar die het liefst niet in hun eigen achtertuin terugvinden, het 

zogenaamde NIMBY (Not in My Back Yard)-syndroom. In dit proefschrift 

focussen we ons specifiek op bodemverontreiniging in Vlaanderen. 

Bodemvervuiling veroorzaakt door een nabijgelegen industriele puntbron is een 

voorbeeld van een negatief extern effect. Negatieve externe effecten zijn de 

door de activiteiten van een onderneming ontstane nadelen voor derden 

waarvoor de onderneming geen vergoeding betaalt. Van dit proefschrift wordt 

uitgegaan van een multidisciplinaire benadering, waarbij verschillende 

onderzoeksvelden, zoals in situ, epidemiologisch en economisch onderzoek 

worden gelinkt aan elkaar. De bedoeling van dit onderzoek is het kwantificeren 

van het effect van veranderingen in milieukwaliteit op de sociale welvaart. Meer 

specifiek wordt nagegaan welk effect verschillende risicomaatstaven van 

bodemvervuiling hebben op de waarde van vastgoed in de omgeving van een 

bepaalde vervuilende activiteit. 

In hoofdstuk 2 worden de risico's verbonden aan bodemverontreiniging op drie 

verschillende manieren benaderd. De wetenschappelijke manier houdt in dat 

steekproeven warden genomen om de zware metalenvervuiling in kaart te 

brengen. De sociale risicobenadering daarentegen houdt rekening met de 

perceptie die gevormd wordt in de hoofden van het publiek. Gezien het 

beoordelen van risico's zelfs voor experts al een moeilijke zaak is, is het niet 

verwonderlijk dat het publiek nog grotere moeilijkheden ondervindt bij het 

inschatten van de potentiele gevolgen. De economische risicobenadering bevindt 
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zich ergens tussen voorgenoemden. Hierbij wordt in de verhandeling 

hoofdzakelijk gekeken naar kosten-batenanalyse. Aan de batenzijde wordt de 

klemtoon hierbij vooral gelegd op vraagcurve en niet-vraagcurve gebaseerde 

waarderingsmethodes. Deze methodes warden gebruikt om de baten van een 

beleid gericht op risicoreductie in te schatten. De meer directe werkwijze, met 

name het uitvoeren van enquetes bij de direct betrokkenen omtrent de 

bereidheid tot betalen voor een zuivere bodem, ook genoemd contingente 

waarderingsmethode, kende tot nu toe we1rng toepassingen inzake 

bodemvervuiling. De hedonistische prijsmethode die op een indirecte manier de 

bereidheid tot betalen probeert te achterhalen op basis van prijsverschillen in 

onroerend goed is daarentegen beter geschikt. Het begroten van de sociale 

baten, gestoeld op het meten van de bereidheid tot betalen voor een gezonde 

bodem, is ook essentieel vanuit de analyse van de desbetreffende economische 

welvaa rtseffecten. 

In hoofdstuk 3 wordt het theoretisch model ontwikkeld waarmee in de rest van 

de thesis wordt verder gewerkt. De hedonistische prijsmethode is een 

veelgebruikte waarderingsmethode in de literatuurtak van de milieugoederen. 

De waardering van deze goederen is een moeilijk probleem, daar in tegenstelling 

tot gewone goederen er geen directe markt is voor het milieu als 'goed'. 

Niettemin is het mogelijk om op indirecte wijze de voorkeur voor milieugoederen 

te gaan afleiden op basis van waargenomen markttransacties. De hedonistische 

prijsmethode is hierbij het geschikte apparaat voor het bepalen van de 

bereidheid tot betalen voor het saneren van vervuilde sites. Toch dienen we vast 

te stellen dat de toepassingen ervan, beschreven in de literatuur, bij het bepalen 

van de baten van bodemsaneringen heden ten dage relatief beperkt zijn. Het 

bepalen van de bereidheid tot betalen om in een minder vervuilde omgeving te 

wonen, gebeurt op basis van waarnemingen van verkopen in de vastgoedmarkt. 

De verkoopprijs van een huis is een weerspiegeling van verschillende attributen 

die het huis haar waarde geven: aantal kamers, oppervlakte land, ouderdom, ... 

(fysieke factoren) en verder ook nog variabelen met betrekking tot de buurt 

(locatiefactoren) . Naast deze factoren zal een vervuilde site in de directe buurt 

van het huis ook zijn (negatieve) invloed hebben op de verkoopprijs van het 

huis, dit onder meer omwille van schadelijke gezondheidseffecten en de 
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onmogelijkheid om bijvoorbeeld verder groenten te telen in de tuin. De 

bedoeling is dus om dit laatste effect te gaan uitfilteren. 

In hoofdstuk 4 wordt het empirisch onderzoeksgebied afgebakend op basis van 

locatie-specifieke criteria. Het onderzoeksgebied situeert zich in het noorden van 

Belgie en bestaat uit de gemeenten Hechtel-Eksel, Lommel, Overpelt, Neerpelt, 

Balen en Mol. Deze gemeenten gelegen in de noorderkempen zijn historisch 

vervuild met zware metalen, hoofdzakelijk als gevolg van de uitstoot van 

verschillende non-ferro smelters. In deze studie concentreren we ons specifiek 

op de cadmiumverontreiniging. Verschillende studies tonen aan dat 

cadmiumverontreiniging zware gezondheidseffecten met zich kan meebrengen. 

Deze bestaan hoofdzakelijk uit een verminderde nierfunctie, botziektes zoals 

osteoporose en zelfs ook (long)kanker. 

In hoofdstuk 5 wordt gebruik gemaakt van zowel deterministische als 

stochastische interpolatiemethodes om de cadmiumverontreiniging in het 

onderzoeksgebied duidelijk in kaart te brengen. Steekproefgegevens werden 

hiertoe gegeorefereerd teneinde ze te implementeren in een geografisch 

informatiesysteem. In tegenstelling tot stochastische interpolatiemethodes 

houden deterministische interpolatiemethodes geen rekening met de variabiliteit 

van de gegevens, meetfouten en veronderstellingen met betrekking tot de 

verdeling. Het in kaart brengen van de vervuiling brengt met zich mee dat 

makkelijk voorspellingen kunnen worden gemaakt omtrent het cadmiumgehalte 

in de bodem op plaatsen die niet in de oorspronkelijke steekproef werden 

opgenomen. De cadiumverontreiniging situeert zich hoofdzakelijk rondom drie 

historische vervuilingsbronnen. 

In hoofdstuk 6 wordt overgegaan tot de empirische toepassing van de 

hedonistische prijsmethode. In eerste instantie wordt geargumenteerd voor het 

gebruik van de eenvoudige hedonistische prijsmethode, dit aangezien de 

theoretisch uitgebreidere twee-stapsversie tot op heden nog altijd lijdt onder 

econometrische problemen als identificatie en endogeniteit. Bovendien is 

gebleken dat het toepassen van de eenvoudige hedonistische prijsmethode 

geschikt is voor lokale externe effecten zoals vervuiling rond puntbronnen. De 

empirische toepassing bestaat erin de hedonistische prijsfunctie econometrisch 

te schatten. Dit houdt een ceteris paribus analyse in die nagaat hoe de prijs van 

een huis varieert met de afstand tot de vervuilde site. Als controlevariabelen 
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worden locationele en structurele variabelen ingebouwd. Verschillende niet

lineaire functionele vormen worden gebruikt als een soort van 

sensitiviteitsanalyse. We onderscheiden semi-logaritmische, dubbel 

logaritmische en Box-Cox regressies. Daarnaast worden de semi-logaritmische 

en dubbel-logaritmische structuur ook gebruikt in een ru imtelijke regressie

analyse. Als belangrijkste onafhankelijke variabele onderscheiden we 

achtereenvolgens afstand tot de vervuilingsbron als een subjectieve maatstaf 

van risico en de geschatte waarde van vervuiling als een objectieve maatstaf 

van risico. De resultaten geven een indicatie voor een significant effect voor de 

afstand tot de vervuilingsbron als risicomaatstaf. De berekende elast iciteiten 

bevinden zich tussen 5% en 6,3%. Hoe verder van de vervuilingsbron 

verwijderd, hoe hoger de waarde van het huis. Daarentegen is gebleken dat de 

geschatte vervuiling als objectieve maatstaf van risico wel iswaar het verwachte 

negatieve teken heeft - hoe groter de waarde van de vervuiling, hoe lager de 

verkoopprijs - maar niet significant is gebleken. 

In hoofdstuk 7 wordt de waarde van vastgoed gekoppeld aan een tweede 

objectieve risicomaatstaf onder de vorm van gezondheidsvariabelen. Daartoe 

wordt gebruik gemaakt van gegevens die in het onderzoeksgebied werden 

verzameld door het UZ Gasthuisberg. Op basis van deze gegevens worden 

gezinsspecifieke milieugezondheidsrisicocomponenten berekend door het 

uitfilteren van gezondheidsvariabelen voor geslacht, leeftijd, roken en 

professionele blootstelling. Dit gebeurt via uitmiddeling van de berekende 

resttermen per gezin of het toepassen van een random intercept model. We 

nemen aan dat deze werkwijze toelaat om het risico van het milieu op de 

gezondheid als component te isoleren. Gezien de verkoopprijzen van de huizen 

van de onderzochte gezinnen niet gekend waren, werden deze op een 

geostatistische wijze geschat. Deze geschatte verkoopprijzen worden dan via 

een regressie gekoppeld aan de berekende milieugezondheidsrisicocomponenten 

waarbij verder nog een correctie wordt gemaakt voor de socio-economische 

status. Twee van de acht beschikbare componenten waren volgens beide 

methodes statistisch significant. Een groter effect van het milieu op de 

gezondheid van een gezin resulteert hier in een lagere geschatte 

verkoopwaarde. Het was echter niet mogelijk om bevestiging van deze 

resultaten te vinden via een afgenomen bij enquete. Uiteraard hangen de 
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resultaten af van de gegevensbeperkingen en het gebruikte model. Idealiter zou 

men tegelijkertijd zowel over verkoopprijzen, structurele en locationale 

karakteristieken, socio-economische gegevens en gezondheidsgegevens moeten 

beschikken. Dit is echter omwille van begrijpelijke redenen verre van evident. 

De gezinnen die voor een gezondheidsonderzoek gevolgd worden zijn niet 

noodzakelijk diegenen die transacties op de vastgoedmarkt hebben ondergaan. 

Uit het onderzoek van deze verhandeling is gebeleken dat er een premie wordt 

betaald voor die huizen die zich verder verwijderd vinden van een historische 

vervuilingsbron. Niettemin blijken hogere cadmiumwaarden niet te resulteren in 

statistisch significante lagere verkoopprijzen. Gezondheidsproblemen als gevolg 

van hogere cadmiumverontreiniging geeft ook geen eenduidige statistisch 

significante associatie met lagere verkoopprijzen. Er blijkt dus een discrepantie 

te zijn tussen enerzijds de subjectieve maatstaf van milieugezondheidsrisico 

(afstand) en de objectieve maatstaven van risico (vervuilingsgehalte en 

gezondheidscomponenten). Deze is hoofdzakelijk te verklaren door de 

perceptievorming op basis van de beschikbare informatie voor het 

koperspubliek. 
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1 Introduction 

1.1 Soil pollution in Europe 

1.1.1 NIMBY-syndrome 

During several decennia, industrial activities have seriously polluted the 

environment where we live in. Air pollution and soil contamination are common 

problems to deal with in industrialized countries. A number of incidents in the 

eighties raised public consciousness about the potentially very grave 

consequences of contaminated soil. In the United States, the Love Canal scandal 

is still fresh in the memory of a lot of people living in the region of the Niagara 

Falls. During the 1940s and 50s, a chemical company filled the canal with about 

21000 tons of organic solvents, acids and pesticides as well as their by-products, 

many of them carcinogenic or teratogenic 1
. Complaints of foul odors and 

chemical residues, first reported in the 1960s, increased during the 1970s, as 

heavy rainfall caused the groundwater to rise, flooding area basements. More 

than 900 families were forced to leave their homes so that the site could be 

cleaned up. Closer at home, we can refer to two notor ious hazardous waste 

disposal examples in Lekkerkerk (near Rotterdam, The Netherlands) and Mellery 

(Walloon Provinces, Belgium). In Lekkerkerk, canals were filled up with chemical 

substances. On top of this, a new residential area was built. In Mellery, gases 

containing a complex mixture of volatile organic compounds escaped when the 

clay seal of a landfill site cracked. In the next years, inhabitants were 

complaining about severe health effects. In all incidents, evacuation of residents 

from the affected communities and clean-up of the sites occasioned great social 

and financial expenses. 

In all cases, the news media gave widespread coverage to the findings. The 

societal reactions and remedial actions generated increased international 

awareness of problems associated with hazardous wastes. These events, 

1 Creating birth defects. 
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together with industrial chemical accidents, are the roots of the now-common, 

worldwide syndrome called "NIMBY" (Not in My Back Yard). NIMBY represents 

the negative reactions of communities to the construction of hazardous 

installations in their neighborhoods, and such concerns have led to community 

right-to-know regulations. People realize that these installations are necessary 

for society, but do not like to have them close in their living area. 

l.l.2 Contaminated soils 

Largely, soil pollution is of historical origin, especially coming from the second 

half of the 19th century because of the industrial revolution. New industrial 

techniques were introduced without taking into account the potentially harmful 

impact upon the environment. Soil pollution gives rise to harmful effects for 

people living in the neighborhood of industrial sites. Damage to soil from 

modern human activities is still increasing. The major driving forces are 

population growth coupled with urbanization, agricultural intensification, 

industrial activities and transport. According to the European Environment 

Agency, it was estimated that there were approximately 1500000 potentially 

contaminated sites in 1998. About 300000 of them were identified. A part of 

them endanger the health of people living in the nearby areas, this as a result of 

releases of harmful substances to groundwater or surface waters, uptake by 

plants and direct contact with people (European Environment Agency, 2003). 
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Figure 1: Examined and contaminated soils 
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In Belgium, environmental policy belongs to the responsibility of respectively the 

three regions it comprises: the Flemish Region, the Walloon Region and the 

Brussels-Capital Region. Making a choice, the research will be l imited to the 

Flemish region. As a result of several risky activities, the soil in Flanders has 

been polluted with dangerous substances as heavy meta ls or organic materia ls. 

Old landfills and historical industrial activities are the main causes of the 

contamination . A contaminated soil may threaten the quality of life by contact 

through humans, animals and plants with the groundwater. Knowledge about 

soi l contamination has improved through the inventory of polluted sites in a 

register (cfr. Infra). At the beg inning of 2005, the number of potentially 

contaminated sites in Flanders was estimated at 762002 . Figure 1 shows the 

number of potentia lly contaminated soils already examined in Flanders. About 

80% of these examined soils are also contaminated. This rate is fairly constant 

2 Source: OVAM (Public Waste Agency of Flanders). 
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over the last couple of years. The work is really well in progress since the goal 

for 2007 of 22500 examined soils was almost reached in 2004. 

Figure 2: Surface of contaminated soils as a percentage of total surface 

- 2004 
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Figure 2 shows the surface of contaminated soils as a percentage of total 

surface, as was known in 2004. The number of communities indicated with a 

specific color is shown between parentheses in the legend. The white spot on the 

figure is the Brussels-Capital region which does not make part of Flanders. The 

most severe pollution is found around the city of Antwerp. Antwerp, one of the 

most important ports in the world, knows a long tradition of industrial activity. 

The axis between Antwerp and Brussels constructs a visual line of pollution. It 

seems to be a fact that also in other regions with strong industrial activities, 

soils are more likely to be contaminated. However, it is likely that most of the 

contamination must have occurred in the past because since 1995, newly caused 

soil pollution is strongly treated in a legislative framework. The northern 
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Campine, situated at the frontier between the provinces of Antwerp and 

Limburg, witnesses from a long history of chemical activity. Other hot spots of 

pollution are bigger cities like Ghent, Genk and Ostend. The provincial capital 

cities of Bruges and Louvain and the high technology area in the south of West

Flanders suffer to a lesser degree from pollution. 

1.2 Flemish legislative framework3 

1.2.1 Soil Remediation Decree 

As already mentioned in the previous section, in Belgium, environmental policy 

belongs to the responsibility of respectively the three regions it comprises: the 

Flemish Region, the Walloon Region and the Brussels-Capital Region. This also 

applies to the contaminated land policy. Until 20044, only Flanders had adopted 

a full legislative framework for contaminated sites, the Soil Remediation Decree. 

This Decree was ratified by the Flemish Government on 22 February 19955 • The 

practical implementations were regulated in the VLAREB06, which came totally 

into force on October 1996. The responsible authority on soil sanitation in 

Flanders is OVAM 7
• It is important ta___note that, under the Decree, soil includes 

both the solid phase of the ea rth and the groundwater. 

The main ideas in the Decree address new ways of handling land contamination : 

a register of polluted sites and the opportunity to request a soil certificate, a 

distinction between historical and new soil pollution, a difference between 

obligation and liability for remediation, th e soil remediation procedure and the 

transfer of land. Each of these will be discussed in the next sections. 

3 Based on www.ovam.be, Keersmaekers (2004) and Ferguson (1999). 
4 The Walloon Region and the Brussels-Capital Region adopted almost simultaneously a 
first leg islative framework on respectively 1 April 2004 and 13 May 2004. They came into 
force on 7 June 2004 and 24 June 2004. 
5 The Decree came first into force on 29 October 1995 . 
6 Vlaams reglement voor de bodemsanering (Flemish Reglementation on Soil 
Remediation). 
7 Openbare Vlaamse Afvalstoffenmaatschappij (Public Waste Agency of Flanders). 
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1.2.1.1 Register of polluted sites 

A systematic examination of polluted areas at the point of the property transfer 

leads to the constitution of a register of polluted soils. This register serves as a 

database for policy decisions and also functions as an instrument for protecting 

and informing potential buyers of polluted soils. The public has access to this 

register by means of a soil certificate. 

1.2.1.2 Historical and new soil pollution 

Historical soil pollution is defined as pollution which occurred before the Soil 

Remediation Decree came into force on 29 October 1995 whereas new soil 

pollution originated after the statute came into force. New soil or groundwater 

contamination must be cleaned up immediately if it exceeds the remediation 

values set by the Flemish Government in VLAREBO, according to the type and 

the use of the land. When pollution is historical, the decision to clean-up will 

depend on the estimated risks posed to human health, plants or groundwater 

catchment, and when the site appears on the government drafted list of priority 

sites. The appropriate remedial actions are determined by a soil remediation 

plan. Clean-up operations are supervised by OVAM. 

The clean-up of new pollution is required as soon as the soil standards or 

intervention values for soil clean-up are exceeded. With respect to historical 

pollution, the decision to clean-up will depend on the actual danger to man and 

the environment which the pollution presents (non-quantified general criteria). 

So a risk-assessment approach is followed in accordance with the present 

legislation. In view of the limited financial resources available, the clean-up of 

historical pollution will be the subject of a priority classification by the 

government. 

The clean-up of historical and new pollution should achieve the background 

levels8 . The Flemish Decree tries to achieve a balance between the ecological 

and economic considerations by reference to the state of the art of the available 

8 Background values are defined as levels of soil pollution above which serious harmful 
effects for man or the environment might occur, taking into account the characteristics 
and functions of the soil. 
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technology and the BATNEEC-principle9
• If it is not possible, by applying 

BATNEEC-technology, to achieve the imperative, restrictions on the use of the 

polluted soil and after-care measures are imposed. 

1.2.1.3 Obligation and liability for remediation 

Under the Flemish Decree, an obligation to clean up rests on the operator or 

owner of the land where the contaminating substances were released, even if 

these contaminating substances subsequently spread to other plots of land. 

Where new pollution is concerned the obligation exists automatically. The clean

up is required as soon as the soil clean-up values are exceeded. With historical 

pollution, the obligation only arises after the government decides that there is 

an actual danger to man and the environment (non-quantified general criteria). 

The operator, owner, or user who fails to evade the clean-up obligation can, 

after taking the necessary clean-up measures, recover the costs from the person 

or persons who can be held liable for the pollution . In cases of new 

contamination, the operator of a VLAREBO listed facility is strictly liable for all 

clean-up costs and any of the expenses or damage caused by or during the 

clean-up activities. When contamination is considered to be historical, liability is 

determined by the rules in effect before the statute on soil sanitation came into 

force. 

1.2.1.4 Soil remediation procedure 

Following from this Decree there are strict procedures for soil investigation and 

remediation, · starting with an exploratory soil survey and followed when 

appropriate by a full (quantitative) soil investigation, a soil remediation plan and 

the remedial works themselves. It is obligatory for a soil investigation to be 

carried out when property is transferred, and on the closure of certain 

installations which have the potential to cause soil pollution. 

9 Best available technology not entailing excessive costs. 
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An exploratory investigation establishes whether or not there are serious 

grounds for believing that soil contamination has taken place in certain land 

areas. It includes a limited investigation into the past history of a site, as well as 

some restricted sampling. Where these preliminary investigations indicate the 

presence of pollutants, further assessment is based on comparing measured 

concentrations with soil cleanup values. A descriptive soil examination shall then 

be conducted in order to establish the seriousness of the soil contamination. It 

involves investigating pollution in detail, and characterizing the risks to human 

and ecosystem health. It aims to give a detailed description of the nature, 

quantity, concentration and origin of the contaminating substances, the spatial 

variability, the possibility of spreading and the danger that humans, plants and 

animals, as well as the surface water, might be exposed to it. Soil remediation 

plans determine the manner of carrying out the soil remediation. They shall be 

drawn up and carried out under the direction of officially recognized soil 

remediation experts, supervised by OVAM. 

1.2.1.5 Transfer of land 

In order to protect a potential buyer purchasing a polluted property, there is an 

obligation of investigation of soils at the moment of property transfer. The 

register of polluted land is open to the public and can function as an instrument 

to protect potential purchasers. The Flemish Decree requi res the owner to 

submit to the interested party, prior to certain real estate transactions, a copy of 

any entry in the register of polluted land. For certain legal transactions of 

suspected soils (industrialized areas) an exploratory soil survey and, possibly, a 

clean-up is required as a pre-requisite. Clean-up measures involve a more in

depth descriptive soil survey, a clean-up project, and sufficient financial 

securities of the part of the transferor. 
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l.2.2 Site Decree 

It is generally agreed that severely polluted soil must be decontaminated, 

especially in residential areas. But the fact that private parties 10 are involved 

makes a possible remediation also more complex. In order to speed up the 

complex and costly procedure of examination and remediation, the Soil 

Remediation Decree was amended in 2001. It is now possible for OVAM, in 

cooperation with the city or municipality, to tackle pollution problems in 

residential areas as one single process. 

The legal basis for the approach to residential areas was laid down in the 

amendment to the Soil Remediation Decree on 18 May 2001 for the remediation 

of sites by the addition of the so-called Site Decree. In this context the definition 

of a site is a residential area that can be described as the whole of parcels of 

land, the current residential function of which is affected by previous soil 

polluting activities. 

This type of approach offers benefits to all involved parties because of the larger 

scale of the operation, and this in terms of costs, exploratory and remediation 

strategy, analysis and reporting, and the implementation term within which an 

end result can be achieved. It may involve a residential district developed on the 

site of an old dumping ground, a cluster of potentially polluted and inhabited 

locations in the city center11
, a residential district located on potentially 

contaminated land with an industrial past, and similar sites. 

1.3 Pollution as a market failure 

1.3.l Markets and efficiency 

Markets are institutions that enable exchange of goods and services to take 

place between buyers and sellers. They play a central role in allocating resources 

and distributing income in most modern economies. More generally, the market 

mechanism can be thought of as a process by which the decisions taken by 

10 Often non-liable owners. 
11 For a detailed survey on brownfields, we refer to Vanheusden (2002). 
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different agents in the economy 12 are all coordinated through adjustments in 

prices. 

The market mechanism has several important advantages. I t coordinates 

decentralized decisions by a very large number of economic agents without the 

need for conscious control. It provides strong incentives and disciplines 

producers against wasteful use of resources. It conveys information about 

constantly changing market conditions and allows for flexibi lity in decision

making. Finally, it does not usually lead to excessive concentration of economic 

power. 

In a perfectly competitive market, sellers sell a homogeneous product. Goth 

buyers and sellers are price-ta~ers, i.e. each agent is so small relative to the 

market as a whole that the agent's decisions have no effect on the market price 

or the behavior of the other agents. Buyers have perfect information on prices 

and there are no restrictions on entry and exit in the long run. Economists have 

established two important welfare properties of perfectly competitive markets 

(Kolstad, 2000, p.61). 

In a perfectly competitive economy, the market equilibrium is Pareto optimal 

(first theorem of welfare economics). 

This means that an efficient allocation of resources is achieved in the sense that 

it is impossible to make any individual better off without simultaneously making 

someone else worse off. 

In a perfectly competitive economy, any Pareto optimum can be achieved by 

market forces, provided the resources of the economy are appropriately 

distributed before the market is allowed to operate (second theorem of welfare 

economics). 

Under certain conditions that have to do with the kind of preferences consumers 

have and the kind of technological constraints firms face, any desired efficient 

allocation of resources ca n be achieved for some initial distribution of lump-sum 

income. In order to change the distribution of resources in society, one need 

12 E.g. individuals' decisions about consumption of alternative goods, firms' decisions about 
what and how much to produce or workers' decisions about work. 
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only redistribute lump-sum income and let the price mechanism operate freely 

to achieve efficiency. 

1.3.2 Market failures 

For the two theorems of welfare economics to hold, it is important that the 

conditions of a perfectly competitive market are fulfilled. Kolstad (2000, p.62) 

sums these conditions as follows: 

1. Complete property rights: a well-defined, transferable, and secure set of 

property rights must exist for all goods and bads in the economy so that 

these commodities can be freely exchanged. All the benefits or costs 

must accrue to the agent holding the property right for the good or bad. 

2. Atomistic participants: producers and consumers are small relative to 

the market and thus cannot influence prices. Instead they maximize 

profits or utility taking prices as given. 

3. Complete information: consumers and producers have full knowledge of 

current and future prices. 

4. No transaction costs: it must be costless to attach prices to goods 

traded. 

In general, when one of the above conditions is violated, markets fail to reach 

an efficient outcome. Market failure may occur because of several reasons: 

imperfect competition, public goods, externalities, missing markets and 

incomplete or asymmetric information. First, imperfect competition is an 

important source of inefficiency in a market economy. Imperfect competition in 

product markets cannot be avoided, however, because there are many 

industries in which the minimum scale for efficient operation of firms is simply 

too large relative to the size of the market to support many competing firms. 

Moreover, a firm may possess market power because it is efficient or innovative, 

and some degree of market power may be desirable in order to provide 

incentives to invest and innovate. The aim of government policy is not therefore 

to achieve a state of perfect competition, but to ensure that competition 

between firms is effective, i .e. firms do not collude or otherwise abuse their 

market power and there are no barriers to entry. A second source of inefficiency 
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in a market economy is the existence of public goods, i.e. goods that are non

rival 13 and non-excludable 14
. Examples of public goods are national defense and 

law enforcement. In the absence of government intervention, the market 

provides a lower than optimal amount of public goods because of the free rider 

problem, i.e. the incentive for individuals to understate their willingness to pay 

for these goods. A third source of market failure is the existence of externalities. 

An externality exists when the consumption or production choices of one person 

or firm enters the utility or production function of another entity without that 

entity's permission or compensation (Kolstad 2000, p.91). For example, 

pollution is a negative externality, while education may give rise to positive 

externalities. A firm that produces a product through a pollution-intensive 

technology does not take into account the effect of pollution on the welfare of 

others when deciding how much to produce, what technology to use, and so on. 

Finally, a fourth important source of market failure is missing markets15 and 

incomplete or asymmetric information. Incomplete information may lead to 

private choices by individuals that do not represent their best interests. This is 

part of the reason why governments set health, safety and quality standards, 

and it also helps to justify government intervention in health care and education . 

1.3.3 Negative external effects 

Consider an economic activity, e.g. zinc smelting, where the production process 

gives rise to two products: a social valuable and desirable product, zinc, and an 

undesirable product, cadmium that is released in the air. Obviously, the 

cadmium pollution violates the condition of complete property rights. If I own a 

piece of chocolate, I am the only beneficiary. If I sell the piece of chocolate, all 

benefits are transferred to the person who buys the chocolate. If a factory 

located next to a residential area spews smoke into the air, thereby polluting, by 

atmospheric deposition, the garden of people living nearby, this is because the 

market fails to charge the factory for its use of the air and, indirectly, soil as 

13 Its benefits fail to exhibit consumption scarcity. Once it has been produced, everyone 
can benefit from it without diminishing another person's enjoyment. 
14 Once it has been created, it is very difficult or impossible to prevent access to the good. 
15 Such as for certain types of insurance. 

12 



dumping grounds. Everyone in the neighborhood is forced to consume the 

pollution. This is an unintended consequence of a legitimate activity, in other 

words an indirect effect. The firm may be aware or unaware16 of the impact of 

its decisions on others. When environmental values are concerned, there are 

likely to be substantial differences between market values and social values. 

This source of market failure is the existence of negative external effects. If 

property rights of ownership and exchange of resources were always well 

defined, and as a consequence, the exchange process did not generate any 

externalities, market failure could not exist. 

When choices of economic agents directly impose costs upon others, equilibrium 

behavior is thus inefficient. The true cost to society therefore is actually much 

higher than the private costs to the firm. If rates of output are to be socially 

efficient, decisions about resource use must take into account the private costs 

of production as well as the external costs arising from adverse environmental 

impacts. These external costs are borne by other people than those who make 

decisions at the polluting factory. 

Figure 3 shows the demand and supply curves for a factory producing a certain 

good while emitting pollutants in the environment. The demand curve may be 

relabeled as the marginal social benefit curve. This means that the demand for 

the particular good relates the price consumers are willing to pay in relat ion to 

the perceived value they gain from consumption. We can therefore look at the 

demand curve as the sum of the benefits to society of consumption. The supply 

curve represents the marginal private cost to the producer of producing a given 

amount. Increasing production would imply increased costs, hence the positive 

relationship between price and quantity supplied. However, the marginal private 

cost does not reflect the true cost of production given that there are costs that 

society will have to pick up in order to deal with the pollution. It may be the 

need to clean up the pollution or the cost to the health service of treating people 

with illnesses related to the pollutants. The marginal social costs exceed the 

marginal private costs with the marginal external costs. The marginal external 

costs are represented by the vertical distance between the two supply curves. 

The intersection of the marginal private cost curve with the demand curve gives 

the private optimum, E P, i.e. without taking into account the adverse effects of 

16 In case of historical pollution. 
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pollution to society . The result is a level of the activity which is socially 

inefficient17• Equating the marginal social costs with the marginal social benefits 

gives the social optimum, Es . The socially efficient output is then qs and the 

socially efficient price p s . Society would, at this level, value the output 

produced at the same value as the cost of producing it. 

Figure 3: Social optimum in case of negative external effects 

Price 

Marginal social 
costs 

Source: Field (1997) p.68-73 

Marginal private 
costs 

Quantity 

In the absence of government intervention, the market will provide a larger than 

optimal amount of goods and services with negative externalities and a lower 

than optimal amount of goods and services with positive externalities. Firms will 

not act spontaneously in order to internalize negative external effects. There are 

17 Pollution is considered as a case where the Adam Smith's invisible hand does not work, 
that is to say the individual interests of firms, i.e. profit maximisation, diverge with the 
general interest, i.e. maximisation of wealth (Leveque , 1996). 
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a number of ways that the government can deal with externalities. These include 

taxing or subsidizing certain activities; imposing standards or quantity 

restrictions; or creating a market for the externality by introducing tradable 

pollution permits. 

If the society or the people living in the affected area wish to reduce the damage 

caused by soil pollution coming from a nearby factory, a higher payment wi ll be 

necessary in order to gain that benefit. As far as pollution is not yet historical, 

the producer may find a way of investing in technology to safely dispose of the 

pollution. If, on the other hand, there is already a certain amount of pollution 

stemming from historical activities, people may move and live further away from 

the factory. However, this is also expected to happen at a certain price. 

1.3.4 Externalities and the Coase theorem 

Ronald Coase argued that individuals could organize bargains so as to bring 

about an efficient outcome and eliminate externalities without government 

intervention. The government should restrict its role to facilitating bargaining 

among the affected groups or individuals and to enforcing any contracts that 

result. This result, known as the Coase theorem, is stated as follows (Kolstad, 

2000, p.108) 

Assume a world in which some producers or consumers are subject to 

externalities generated by other producers or consumers. Further, assume 

1. everyone has perfect information 

2. consumers and producers are price-takers 

3. there is a costless court system for enforcing agreements 

4. producers maximize profits and consumers maximize utility 

5. there are no income or wealth effects 

6. there are no transaction costs 

In this case, the initial assignment of property rights regarding the externalities 

does not matter for efficiency. If any of these conditions does not hold, the 

initial assignment of rights does matter. 
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The Coase theorem is most applicable in reality when property rights over the 

environmental asset are clearly defined, the number of people involved is small 

and bargaining 18 costs are very small. Only if all three of these apply, will 

individual bargaining solve the problem of externalities. Thus, this theorem does 

not apply to the zinc industry case discussed above. For example, with a zinc 

factory that trespasses on the lungs of a large number of individuals with its 

pollution, it is difficult if not impossible to find a bargain that is agreeable to all 

people and the firm simultaneously, even when transaction costs are small. 

1.4 Problem statement 

1.4.1 General research question 

The aim of this doctoral thesis is an attempt to work multidisciplinary. This 

means that several fields of research will be interconnected, i.e. we will try to 

look for a link between the results of site research, epidemiological research and 

economic research. It is our intention with this research to reveal the effect of 

changes in the environment on social welfare, more specifically translated in 

following general research question: 

How do different risk measures of soil pollution affect the social benefit 

estimates of a potential soil remediation program? 

1.4.2 Theoretical subquestions 

We will first develop a theoretical framework in which soil pollution will be 

treated in this dissertation. Therefore, we define three important subquestions. 

Subquestion 1. What are different measures of risk coming from soil pollution? 

18 Problems of bargaining are transactions cost s. 
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Subquestion 2. What is an appropriate economic benefit framework to analyze 

soil pollution? 

Subquestion 3. How are the different measures of risk integrated in a benefit 

estimation model? 

The three subquestions will be treated subsequently in chapters two, three and 

four. Using the insights of the theoretical analysis, we will also develop an 

appropriate empirical research strategy in chapter four. The empirical research 

will test the influence of several risk measures on benefit estimates of potential 

soil remediation programs. We will conduct the empirical research in chapters 

five to seven. Chapter eight will finally conclude the analysis of this doctora l 

dissertation. 
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2 Health risk assessment of 

pollution 

2.1 Taxonomy of risk approaches 

Every day, people are involved in ordinary activities that pose some degree of 

risk to our health and well-being. Unconsciously, people estimate outcomes of 

risk and decide whether it is worth taking the risk or not. For instance, people 

decide to drive a car and face the risk of a potential accident. Eating a meal may 

be harmful as there is always a chance that this may cause botulism. The focus 

here is the potential of risks that are related to environmental pollution. The 

question is how dangerous it is to live nearby a pollution source, e.g. a chemical 

factory. The soil of the surrounding areas may be contaminated by hazardous 

chemicals and people who are exposed to these contaminated substances face a 

certain degree of risk. Therefore, risk assessment by experts is necessary to 

determine how threatening a hazardous waste site is to human health and 

environment. 

In this section, the concept of risk will be highlighted from different points of 

view. Table 1 below shows two alternative ways in which human risks arising 

from soil pollution can be assessed, i.e. a scientific risk approach and a social 

risk approach. Risk assessment is important since it forms the basis for priority 

setting in risk management. Ferguson et al. (1998) consider the scientific 

approach as · a formal way to assess contamination risk, whereas the socia l 

approach tries to identify how the involved people perceive risk. The scientific 

research tries to identify the kind of polluting substances, pathways of pollution 

etc., by carrying out extensive site researches . In other words, risk is assessed 

in a formal way. 
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Table 1: Risk assessment 

Scientific risk approach 411 ~ Social risk approach 

Formal risk Economic risk Intuitive risk 

assessment assessment assessment 

Ex Site research 1. Cost-effectiveness analysis 

ante 2. Cost-benefit analysis 

Hedonic price analysis Contingent valuat ion 

{indirect) {direct) 

Revealed choice Stated choice 

Epidemiologica l 

t t Ex studies I 

post Willingness to pay 

{WTP) for a healthy 

environment 

Source: Thewys and Clauw (2003) 

The way economists try to deal with the risk problem is somewhere in between 

the two contrasting points of view. It tries to be formal, and therefore highly 

quantified, as well as based on human preferences. In other words, obj ective 

and subjective components are integrated to assess risk. Cost- effectiveness 

analysis focuses only on the monetary costs to realize a prior pre-emptive 

physical goal, i.e. a certain quality level of the soil {Thewys, 1998). This principle 

is very popular in Europe to make decisions with respect to risk management. 

Cost- benefit analysis relies on the monetary costs and est imates of the possible 

benefits to assess whether a remediation project can be approved because of 

economic reasons. Usually, monetizing the benefits is a difficult task. There are 

two big approaches for measuring environmental benefits in a monetary way: 

stated preference methods and revealed preference methods. 

The revealed preference methods try to uncover individuals' willingness to pay 

for a given non-market good {clean soil) from the ind ividuals' actual act ions in 

the market {housing prices). The main method that is based on this technique is 

the hedonic price method. It is an indirect method, since it uses data from a 
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related market to value changes in the specific good of interest. Housing prices 

reveal to some extent the willingness to pay to avoid health risks stemming from 

soil contamination. A healthier environment gives rise to higher real estate 

values 19
• On the other hand, stated preference methods attempt to uncover 

individuals' willingness to pay for a change in environmental quality in a direct 

way. The contingent valuation method simply asks people what they would be 

willing to pay for a quality improvement of the soil. This method makes use of 

market survey techniques. However, the latter seems to be a less valid method 

than hedonic pricing, since problems of opportunistic behavior are hard to deal 

with. For this reason, only the hedonic price method will further be elaborated. 

Until now the assessment of pollution risk has only been done on an ex ante 

basis. People try to assess in monetary terms possible future health problems 

without being sure that these will become real, in their individual case. In 

general, consequences of pollution are usually gauged ex post by performing 

epidemiological studies. Contamination has to be there already for a particular 

amount of time before its impact on human health will be visible and 

measurable. However, identifying causal relationships between a specific 

pollution source and health problems is still a research area under development. 

Once results of epidemiological researches become available, it is possible to 

provide feedback to the already conducted economic analyses that tried to 

measure human health risk ex ante . 

2.2 Scientific risk approach 

2.2.l Actual or objective risk 

Experts try to assess risk in an objective manner, even though such 

assessments themselves are the results of subjective assessments of these 

experts themselves. New unfamiliar risks (such as soil contamination) are also 

judged much harder than old fami liar risks (such as driving a car). The hazard 

associated with a chem ical is its intrinsic ability to cause adverse effects. The 

19 'Hedonic' refers to the utility aspect. A house that is situated on a contaminated soil 
produces less uti lity. Hence, the w illingness to pay will be smaller. 
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risk is the probability that such effects will occur in the various applications in 

which the chemical will be used and discharged (exposure scenarios). For a 

chemical, risk assessment takes into account both the hazards of that chemical 

and the exposure to it (both human and the environment). Scientific risk 

assessment is a distinct discipline based on toxicology data that are used to 

make predictions about potential health effects associated with exposure to 

hazardous substances. Four stages of risk assessment may be distinguished: 

hazard identification, dose-response assessment, exposure assessment and risk 

characterization (Ferguson et a I., 1998) 20
• 

2.2.1.1 Hazard identification 

This initial risk assessment activity is directed at determining if a substance (or 

other health-threatening risk agent) could cause particular adverse health 

effects in human populations. Scientists collect samples of soil, air, water, 

sediment, plants, fish and animals at and around the site in order to analyze the 

contamination. Then, they determine the types of health problems a chemical 

could cause by reviewing past scientific studies of its effects in humans and 

laboratory animals. 

The best type of evidence comes from human studies. However, because human 

information is limited for most toxic pollutants, scientists often conduct studies 

on laboratory animals. Effects on sensitive populations, such as pregnant 

women, children, the elderly, or those with health problems must also be 

considered. Responses to toxic chemicals will vary depending on the amount and 

length of exposure. For example, short-term exposure to low concentrations of 

chemicals may produce no noticeable effect, but continued exposure to the 

same levels of chemicals over a long period may eventually cause harm. 

20 The elaboration is based on ACS/RFF (1998). 
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2.2.1.2 Dose-response assessment 

A dose-response assessment estimates the quantitative relationship between the 

amount, the intensity or duration of exposure and the resulting incidence of 

injury or disease. The information obtained during the hazard identification step 

is used to estimate the amount of a chemical that is likely to result in a 

particular health effect in humans. A well-established principle in toxicology is 

that most substances cause harm when consumed in large enough quantity. 

Scientists perform a dose-response assessment to estimate how different levels 

of exposure to a chemical can affect the likelihood and severity of health effects. 

In this way, the risk of a substance may be determined. Of the four steps, dose 

response assessment may contain the most uncertainty in the risk assessment 

process because it is difficult to know whether it is realistic to transfer results 

found with animals to people. The dose-response relationship is often different 

for many chemicals that cause cancer than it is for those that cause other kinds 

of health problems. 

Noncancer health effects typically occur only after a threshold level of exposure 

has been exceeded. One goal of dose-response assessment is to estimate levels 

of exposure that pose only a low or negligible risk for noncancer health effects. 

Scientists analyze studies of the health effects of a chemical to develop this 

estimate. They take into account such factors as the quality of the scientific 

studies, whether humans or laboratory animals were studied, and the degree to 

which some people may be more sensitive to the chemical than others. The 

estimated level of exposure that poses no significant health risks can be reduced 

to reflect these factors. Various thresholds have come to be established; they 

include a lowest observable effect level (LOEL), the smallest dose that causes 

any detectable effect; a no-observed-effect level (NOEL), the dose at or below 

which no biological effects of any type are detected; and a no-observed

adverse-effect level (NOAEL), the dose at or below which no harmful effects are 

detected. 

Exposures to suspected carcinogenic substances pose some risk even at the 

smallest level of exposure. The general assumption here is usually that no 

threshold exists. Several factors make it difficult to estimate the risk of cancer. 

Cancer appears to be a progressive disease because a series of cellular 
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transformations is thought to occur before cancer develops. In addition, cancer 

in humans often develops many years after exposure to a chemical. In addition, 

the best information available on the ability of chemicals to cause cancer often 

comes from studies in which a limited number of laboratory animals are exposed 

to levels of chemicals that are much higher than the levels humans would 

normally be exposed to in the environment. As a result, scient ists use 

mathematical models based on studies of animals exposed to high levels of a 

chemical to estimate the probability of cancer developing in a diverse population 

of humans exposed to much lower levels. However, the uncertainty in these 

estimates may be rather large. 

2.2.1.3 Exposure assessment 

In exposure assessment, scientists attempt to identify the nature and size of the 

population exposed to the chemical, along with the magnitude, duration and 

spatial extent of exposure. All of this information is combined to derive how 

much of the chemical was taken into the bodies of those exposed. Depending on 

the purpose, the exposure assessment could concern past or current exposures 

or those anticipated in the future. 

People can be exposed to toxic chemicals in direct or indirect ways. Some 

chemicals, due to their particular characteristics, may be both inhaled and 

ingested. For example, airborne chemicals can settle on the surface of water, 

soil, leaves, fruits, vegetables, and forage crops used as animal feed. Cows, 

chickens, or other livestock can become contaminated when eating, drinking or 

breathing the chemicals present in the air, water, feed, and soil. Chemicals can 

be absorbed through the skin, so infants and children can be exposed simply by 

crawling or playing in contaminated dirt. They can also ingest chemicals if they 

put their fingers or toys in their mouths after playing in contaminated dirt. 

Chemicals can also be passed on from nursing mothers to their children through 

breast milk. 

To estimate exposure levels, scientists rely on air, water, and soil monitoring; 

human blood and urine samples (cfr. Infra); or computer modeling. The most 

reliable picture comes from direct monitoring (personal, biological and ambient) 
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of the amounts of the substance to which people are actually exposed over t ime. 

Although monitoring of a pollutant provides excellent data, it is time consuming, 

costly, and typically limited to only a few locations. Therefore, a good deal of 

what is done is derived from computer modeling and from generalized 

assumptions about relevant physical parameters and human behaviors. An 

assessment of soil contamination may require scientists to make assumptions 

about people's consumption of fruits and vegetables that may absorb soil 

contaminants. Computer modeling uses mathematical equations to describe how 

a chemical is released and to estimate the speed and direction of its movement 

through the surrounding environment. Modeling has the advantage of being 

relatively inexpensive and less time consuming, provided all necessary 

information is available and the accuracy of the model can be verified through 

testing. 

2.2.1.4 Risk characterization 

This concluding task in a risk assessment combines the principal findings of the 

hazard characterization, dose-response, and exposure phases of the risk 

assessment to describe the resulting health risks that are expected to occur in 

the exposed population. The most critical site risks are then identified. 

Obviously, an amount of uncertainty in the estimates cannot be excluded and 

results must therefore be interpreted with caution. In the long run, 

quantification may lead to better decisions because it creates pressure and 

provides resources for systematic data collection and analysis, even if, in the 

short run, it fails to improve policy. This information is presented in different 

ways for cancer and noncancer health effects. 

Noncancer risk is usually determined by comparing the actual level of exposure 

to a chemical to the level of exposure that is not expected to cause any adverse 

effects. Health reference levels refer to exposure levels that will not cause 

significant risks of noncancer health effects. Long -term exposure to levels below 

these levels are assumed to produce no ill effects. Depending on the amount of 

uncertainty in the data, scientists may set a health reference level much lower 

than the levels of exposure observed to have no adverse effects in an imal 
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studies. Exposures above the health reference level are not necessarily 

hazardous, but the risk of toxic effects increases as the dose increases. Risk 

analysts then compare the health reference levels with the exposure estimates 

to determine how many people are exposed to concentrations higher than the 

health reference level. Some of these people might experience ill effects. 

An individual's actual risk of contracting cancer depends on the individual's 

exposure to a specific chemical but also on the genetic background, health 

status, diet and lifestyle choices (smoking or alcohol consumption). Combining 

the results of the exposure assessment and the dose-response assessment may 

give an estimate of the increased lifetime risk of cancer for an individual 

exposed to the maximum predicted long-term concentration. Many people may 

be exposed to less than the maximum level. Depending on the amount of 

exposure, an individual's risk of cancer will vary. The distribution of individual 

risk is usually expressed as the number of people estimated to be at various 

levels of risk. Distributions of individual risk are used to calculate population 

risk. The population cancer risk is usually expressed as the expected number of 

new cases each year for all people exposed to the pollutant. 

2.2.2 Health risk assessment in Flanders2 1 

The methodology for the risk assessment approach following the Flemish Decree 

originates from the methodology that is used for the derivation of soil clean-up 

levels. We will first give some explanation on the approach used to derive soil 

clean-up values, followed by the practice on risk assessment in descriptive soil 

investigations. 

2.2.2.1 Calculation of soil clean-up values 

Soil clean-up values are defined as a level of soil pollution, above which serious 

harmful effects for man or environment can originate, taking into account the 

characteristics and the functions of the soil. For the derivation of the soil clean-

21 Based on www.ovam.be. 
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up values for the solid phase, an exposure assessment model has been used. It 

is based on a modified version of the Dutch HESP22 -model. The modifications 

relate mainly to chemical-specific parameters and to land use scenarios. For 

each pollutant, exposure calculations for each scenario were undertaken to 

estimate a total exposure equal to the Tolerable Daily Intake {TOI) for non

cancer effects, or the dose corresponding to a theoretical supplemental cancer 

risk of 10-5 for lifetime exposure (cancer effects) for the compound under 

consideration. Values for TOI and Unit Cancer Risk are taken from internationally 

agreed databases (WHO, EPA). Total exposure consists of the exposure from the 

polluted site and the background exposure from undefined sources. As well as 

criteria based on human exposure, additional limiting criteria may be used 

depending on land use type, in particular phytotoxicity and air quality guidelines. 

For land use class 'nature areas' a separate approach has been developed. Soil 

clean-up values for groundwater do not rely directly on risk assessment but 

represent drinking water quality standards. 

2.2.2.2 Descriptive soil survey 

Consultants, who perform soil surveys under the Decree on Soil Remediat ion, 

have to be recognized by OVAM. They must dispose of a groundwater model and 

a recognized risk assessment model. Since the end of 1997, there is one 

recognized risk assessment model, called VLIER-humaan 23
• The Dutch Van Hall 

Institute has developed this model as a computer program based on the HESP

model. Consequently, it comprises the same formulae and parameter values as 

the model used for deriving the soil clean-up values, but is specifically adapted 

to the Flemish situation. First, Vlier-Humaan can be used for derivation of clean

up values within the Flemish legislation on soil remediation. These clean-up 

values are meant to decide whether a site has to be remediated in the case of 

recent soil pollution. These clean-up values are also used to give a first 

indication of the presence of a serious threat in the case of historical soil 

pollution. Second, Vlier-Humaan can also be used to calculate the m inimum 

22 HESP = Human Exposure to Soil Pollutants 
23 Vlier-humaan = Vlaams Instrument voor de Evaluatie van humane Risico's (Flemish 
Instrument for the Evaluation of Human Risks) 
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required clean-up goals. However, this must fit within the legal framework 

where background values must be reached in principle. In this sense, the 

BATNEEC-principle may lead to higher values that give not rise to unacceptable 

risks (Swartjes, 2002). 

Recognition of this one model does not implicate now that comparable models, 

like HESP and C-Soil24, cannot be used anymore, but in that case, it will 

probably take more time to evaluate the descriptive soil survey. Other models 

can also receive recognition by OVAM after evaluation. However, the use of 

recognized models does not guarantee the quality of a soil investigation. For 

that reason, a protocol for descriptive soil survey has been written. The protocol 

does not aim to give a stringent framework within which each step of tr~ 

descriptive soil survey is clearly described. It is more seen as guidance to ensure 

minimal quality standard while at the same time giving the consultant the 

opportunity to use its own expertise in conducting the survey. The protocol 

consists of two main parts: site investigation and risk evaluation. 

The main aim of site investigation is to describe the polluted area and volume, 

for the solid phase and the groundwater. The sampling strategy is here also 

oriented towards the risk assessment. The investigation strategy depends on the 

type of pollution: homogeneous, heterogeneous, floating or sinking layer. 

In the risk evaluation part, three subparts are distinguished: risk for human 

health, risk for plants, animals and ecosystem and risk for spreading. To assess 

human health risk, an exposure assessment model has to be used. The 

methodology, which is used for derivation of the soil clean-up values, has been 

published by OVAM and must always be the starting point. The protocol gives 

indications on how to use soil measurements in the calculations, based on 

heterogeneity of concentrations and on depth. Risk assessments must be 

conducted for the present situation and for possible future situations, in case of 

deviation from the present situation. Exposure of the population on the site is 

calculated for each compound which exceeds soil clean-up values or comparable 

values if no clean-up values exist. Background exposure is added to the 

calculated exposure from the site. This total exposure is divided by the TDI in 

24 This program, also based on the original HESP-model, is used in the Netherlands to 
assess soil contamination risk. The utilities of the program are similar to Vlier-Humaan. It 
can be used for derivation of soil quality standards in the framework of the Dutch Soil 
Protection Act, for the derivation of remediation objectives, the determination of the 
urgency of remediation and the calculation of site-specific exposure (Swartjes, 2002). 
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case of non-carcinogenic effects and results in a Risk Index (RI). Children and 

adults are considered separately. If the RI of adults or children is greater than 

one, it must be concluded there exists a serious threat. For carcinogenic effects, 

a lifetime exposure is calculated and divided by the dose corresponding with an 

additional cancer risk over a lifetime of 10-5 exposed persons. Again, if the RI is 

greater than one, it must be concluded that there is a serious threat. 

Comparable with the derivation of soil clean-up values, additional controls can 

be performed for concentrations in environmental compartments. Finally, the 

risks for plants, animals and ecosystem are based on ecotoxicological tests and 

the risk for spreading covers mainly the methodology for the calculation of the 

distribution of pollutants with groundwater. 

2.3 Social risk approach 

2.3.1 Risk perception or subjective risk 

Risk assessment of contaminated land usually starts with some suspicion about 

the presence of soil or groundwater pollution. This qualitative information may 

lead initially to subjective assessment about environmental risks, and perhaps 

financial risks for occupiers, buyers, sellers, lenders and others potentially 

affected by the site. It is well known that the results of formal scientific 

approaches to risk assessment can be very different from the risks as perceived 

by the public. Whereas experts employ scientific risk assessment to evaluate 

hazards, the majority of citizens rely on intuitive risk judgments. The perceived 

risk is thus the risk envisioned by those who do not understand the true risk of 

the contamination. Risk perception may be governed by a number of factors, but 

the main difference is that risk is perceived more intuitively. Risks related to 

adverse effects that are conspicuous, known from experience, or that occurred 

recently or in the immediate surroundings are often overestimated (Ferguson et 

al., 1998). Breyer (1993, p.33-39) explains why public perceptions may differ 

from those of experts. 

First, Kahneman et al. (1982) argue that people use a set of heuristics to make 

sense out of an uncertain world. Individuals cannot deal with the full complexity 
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of risk and the multitude of risks involved in daily life. When people are asked to 

evaluate risks, they seldom have statistical evidence on hand. In most cases 

they must rely on inferences based on what they remember hearing or 

observing about the risk in question. These judgmental rules, known technically 

as heuristics, are employed to reduce difficult mental tasks to simpler ones. 

Thus, people use rules of thumb to evaluate risk and to shape responses. These 

processes, while permitting individuals to cope with a risky world, may introduce 

biases that cause distortions and errors. Although valid in some circumstances, 

in others they can lead to large and persistent biases with serious implications 

for risk assessment. For these people, experience with hazards tends to come 

from the news media, which rather thoroughly document mishaps and threats 

occurring throughout the world (Slovic, 2000). Douglas (1985, p.3) argues that 

risk perception is a social phenomenon. In her analysis, the emphasis lies on the 

cultural component rather than on perceptual pathology. She argues that it is 

hard to maintain seriously that perception of risk is private. 

Second, people tend to react more strongly to unusual events. The perceived 

risk is influenced by the imaginability and memorability of the hazard. People 

judge an event as likely or frequent if instances of it are easy to imagine or 

recall. Frequently occurring events are generally easier to imagine and recall 

than rare events. Therefore, people may not have valid perceptions even for 

familiar risks. For example, it is more likely for the public to notice the (low-risk) 

nuclear waste disposal truck driving past the school than the (much higher-risk) 

gasoline delivery trucks on their way to local service stations. 

Third, most people have to deal with difficulties in interpreting probabil istic 

information and assessments of risk by experts. Slovic, Fischhoff and 

Lichtenstein (2000) examined risk perception, leading to the conclusion that 

cognitive limitations, coupled with the anxieties generated by facing life as a 

gamble, cause uncertainty to be denied, risks to be distorted and statements of 

fact to be believed with unwarranted confidence. Individual risk perceptions are 

often biased in a systematic way. If perceived risks equal the actual risks, the 

perceptions would lie along the 45-degree line. The actual pattern is that 

individuals consistently overestimate the small risks they face, such as those 

posed by natural disasters or explosions. In contrast, they underestimate the 

more substantial risks, such as those from stroke, heart disease and cancer. 
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Viscusi (1998, p.6-14) formalized the insights from above in a 'prospective 

reference model'25
• When considering uncertain prospects, individuals bring to 

bear reference points for thinking about the risk. These reference points simply 

represent a formal recognition that prior beliefs influence risk perceptions, even 

for abstract experimental lotteries. Given these reference points, individuals act 

in a rational Bayesian manner. The structure of risk perceptions embodied in the 

prospective reference theory model also has major implications for the 

rationality of risk-taking decisions. Figure 4 presents the graphical basis for the 

analysis. Individuals have a perceived risk perception function CD for which they 

overestimate all probabilities below F0 • They underassess risks above F0 . 

Figure 4: Relation between actual and perceived probabilities 
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2 5 The basics of the approach follow the formu lation that one would adopt when using a 
standard Bayesian learning model. 
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Since most risks from products and jobs tend to be re latively small, this 

influence will tend to lead to excessive risk assessments and market 

overreactions to risk. It is possible to distinguish several predicted effects of this 

perceptional structure, not all of which are in the expected direction. First, the 

total risk compensation that people will require, either in terms of higher wages 

for risky jobs or lower prices for risky products, will be greater if they overassess 

the magnitude of the risk. Second, the risk premium in terms of the additional 

compensation required for any given loss will rise as the size of the loss 

increases. Third, people will tend to overinsure if they exaggerate the magnitude 

of the risk, and to underinsure otherwise. Fourth, the perceptional biases that 

lead to risk overestimation will also generate inadequate incentives for risk 

precautions. Protective behavior will diminish the risk level from B0 to A0 . 

However, the risk change perceived by the individual is on ly B1 to A1 • This 

perceived risk decrease will necessarily be less than the actual decline since all 

perceived probability functions CD are flatter than the 45-degree line. The 

perceptional effect leads to what one might view as a paradoxical result. People 

will overestimate the risk in a situation involving small risks. They will require 

excessive compensation to face the risk, and overinsure against it. 

In the United States, Allen (1987) compared the percept ion of health risks 

connected with environmental problems with the judgment from EPA26 experts. 

Hazardous waste sites were ranked number one by the public while experts rate 

the risks as medium to low. Experts consider the risks from exposure to worksite 

chemicals as high. This is consistent with the second rank the public gives to the 

risk. Some of the most heavily publicized risks are the most overestimated 

(Viscusi, 1998). It is not unexpected then that individual ranking of assessed 

risks may be driven by factors other than actual risk levels. Many less visible 

and less publicized hazards rank low in the public's estimation, including indoor 

air pollution and indoor radon, whereas these are ranked high by government 

officials. Visible risks, dramatic risks, and publicized risks are much more likely 

to capture the public's attention than are hazards that are less apparent and 

have received less media attention. 

26 Environmental Protection Agency. 
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2.3.2 The measurement of perceived risk 

The assessment of subjective risks can be divided into two different categories: 

the perceived probability and the pre-judged damage component. It should be 

mentioned that both components could be very different from their objective 

counterparts (Schulze et al., 1986). A frequent characteristic of environmental 

hazards is that there are objectively low probabilities for objectively very high 

damages. Many people have cognitive difficulties when dealing with low 

probabilities. True probabilities can be either seriously underestimated or 

extensively overestimated. People tend to underestimate those risks with which 

they have had much benign experience and probabilities are overestimated for 

events with which people have had little or no experience. The disparity between 

subjective risk judgments and objective risk assessments are symptoms of 

inadequate risk communicating methods and cognitive difficulties in 

understanding the role of risks in our lives. 

People judge subjective risks by assessing the likelihood of the occurrence of an 

event. This likelihood is the subjective probability assigned to the risk. This 

reflects the feeling of certainty or uncertainty about the event and the 

individual's level of confidence in his subjective judgment. It is a difficult matter 

to assess risk for rare events, because people are usually unable to judge the 

probability of such an event (Slavic, 2000). The extent of overconfidence or 

underconfidence is determined by the degree of calibration. This forms the fit 

between the subjective probabilities and the actual outcomes. It is some kind of 

a measure how well individuals deal with uncertainty. As already mentioned 

above, calibration studies indicate that people are usually overconfident in their 

assessment of subjective probabilities (Schulze et al., 1986). 
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2.4 Economic risk assessment 

2.4.1 Economic evaluation 

Policy and decision-makers are called upon to make decisions based on the full 

range of advantages and disadvantages of a particular policy. In order to make 

sound policy decisions, policy-makers need information about the benefits and 

costs of alternative options for addressing a particular environmental problem, 

or about the cost-effectiveness of some policy. Once the policy-makers have 

that information, both cost-benefit analysis (CBA) and cost-effectiveness 

analysis (CEA) provide useful tools for the policy-makers for efficient decision

making. Both are economic techniques that produce information intended to 

improve the quality of public policies. 

2.4.1.1 Cost-effectiveness analysis 

Cost-effectiveness analysis focuses on the monetary costs to realize a prior pre

emptive physical goal, namely obtaining the legally prescribed cleaning -up 

standards. The principle of cost-effectiveness is clearly recognizable in the 

Flemish land reclamation decree. Cost-effectiveness analysis does not measure 

the benefits in monetary terms, while this is the case for the costs (Thewys, 

1998). 

Cost-effectiveness analysis can value the costs and quantify the effect of a 

single policy so the decision maker can then decide whether pursuing the policy 

is worth it, and/or assess a number of policies and/or policy levels to identify 

which one 

(a) minimizes the costs of achieving a predetermined objective, or 

(b) max imizes effectiveness for a given budget or set of resources. 

Cost-effectiveness analysis is one approach to assess decisions or choices that 

affect the use of scarce resources. Similar to cost-benefit analysis, this method 

considers a specific policy and relevant alternatives and involves systemat ic 

identification of policy consequences. However, unlike cost-benefit analysis, each 

consequence is then described in terms of a cost (expressed in monetary units) 
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and an effect (measured in one common physical unit). The analysis then 

compares the costs and effect of each policy alternative, applying the 

appropriate decision criterion to aid the decision maker in determining which 

alternative(s) are (relatively) cost-effective (Fuguitt and Wilcox, 1999). 

In performing a cost-effectiveness analysis, the analyst should calculate the 

appropriate cost-effectiveness ratio for each policy. This allows making a ranking 

of policy strategies. The cost-effectiveness ratio is the ratio of marginal cost to 

marginal effectiveness27 • In its most common form, a new policy is compared 

with current practice (the low-cost alternative) in the calculation of the cost

effectiveness ratio (Dixon and Lundeen, 2004): 

CE t
. cost of new policy - cost of current practice 

ra 10 = ------'----''---------'----
effect of new policy - effect of current practice 

Cost-effectiveness analysis is a specific type of economic analysis in which all 

costs are related to a single, common effect. Decision makers use cost

effectiveness analysis to support objective decision-making. They can consider 

options in a comparable and objective way that provides support for the fi nal 

decision. It brings clarity to data sources and outcomes. Once all policy 

consequences are identified, each is either valued as a cost or quantified as an 

effect. Costs in traditional cost-effectiveness analysis are defined as social costs. 

Efficiency is not included in the definition. Similar to cost-benefit analysis, cost

effectiveness analysis assesses the allocation of scarce resources and identifies 

and values costs from an efficiency perspective. However, unlike cost-benefit 

analysis, society's valuation of at least one consequence is not estimated. 

Instead of efficiency, the analysis seeks to identify which policy alternative(s) 

are cost effective. Cost-effectiveness analysis compares a policy with relevant 

alternatives. When monetary valuation of a particular consequence is 

controversial, cost-effectiveness analysis can be advantageous in avoiding 

explicit valuation. Moreover, cost-effectiveness analysis may be the only 

practical tool when limited data preclude valuation of particular policy 

consequence(s) with an acceptable level of precision or when moral obligations 

render the cost-benefit analysis irrelevant (Fuguitt and Wilcox, 1999). 

27 Therefore, the marginal cost of a simple policy is the difference between the cost of t hat 
policy and the cost of doing nothing. The marginal cost for the complex policy is the 
difference between the cost of the complex policy and the cost of the simple policy (not 
the cost of doing nothing). The calculation is similar for effectiveness. 
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2.4.1.2 Cost-benefit analysis 

2.4.1.2.1 Background 

A social cost-benefit analysis summarizes different kinds of information on social 

costs and social benefits into one common figure: the net present value 

(Thewys, 1998). Cost-benefit analysis values society's preferences concerning all 

policy consequences that generate benefits and costs. Environmental economics 

extends conventional cost-benefit analysis to include environmental costs and 

benefits. In order to do so, these costs and benefits need to be translated into 

units of measurement that can be compared and added to conventional costs 

and benefits. Conventional goods and services are traded in markets for 

observable prices. With the appropriate adjustments to correct for defects in 

those markets, market prices provide economic values. However, environmental 

goods and services are generally not traded in markets, so other methods are 

needed to estimate their euro values. 

The cost-benefit framework can provide policy makers with valuable information 

for proper decision-making and priority setting. In reality, prioritizing by 

comparing the complete range of costs and benefits of the different options is 

often a difficult exercise. It is usually problematic to obtain the full range of 

impacts quantified in monetary values . Special attention needs to be given at 

the environmental goods. Where a market for a good or service exists, the value 

can be measured simply by its price (adjusted for any distortions such as e.g. 

transfer payments). However, for many types of environmental goods (e.g. 

clean soil) there are simply no markets and no observable price, so economists 

have to resort to other methods to value the goods. This valuation is often 

complicated and associated with great uncertainty. In these cases, it is 

particularly important to undertake sensitivity and/or dominance analyses in 

order to show which factors and assumptions influence the overall cost-benefit 

results the most. When the effects of a given policy are well known, and all 

goods and services, including environmental goods, are valued in a common 

monetary unit, it becomes possible to compare the advantages and 

disadvantages of the policy. The core of cost-benefit analysis consists in 

comparing the benefits of improving environmental quality with the costs of 
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improvement. In summary, the steps to undertake in a cost-benefit analysis of a 

policy are: identification of impacts, physical quantification, valuation of impacts, 

calculation of net present value, and, eventually a sensitivity analysis (Glover, 

1997). 

The main strengths of cost-benefit analysis are comparability and transparency. 

It attempts to capture in a single index all the features of a policy decision that 

affect the well-being of society. The single-metric approach permits the decision

maker to compare "apples" and "oranges" based on a single attribute common 

to both. It assesses the efficiency of a particular investment and may be used to 

set priorities. Moreover, the results of a well-executed analysis can be clearly 

linked to the assumptions, theory, methods, and procedures used in it (Kopp et 

al., 1997). 

Cost-benefit analysis is largely an attempt to measure preferences formally. 

Legitimate questions can be raised about the practice of such measurement. The 

environment is a public good that is not exchanged in markets and therefore 

defies economic valuation. Environmental protection is also often desirable for 

reasons that are difficult to be quantified. Social, spiritual, and psychological 

values defy monetization. Finally, economists further acknowledge that 

economic efficiency should not be the sole criterion in decision-making. 

Distributional considerations may also be rational justifications for deviation 

from the principles of economic efficiency as an absolute criterion for maximizing 

the welfare of society. If a policy increases the welfare of rich people and 

decreases the welfare of poor people, but the rich people's gain outweighs the 

poor people's loss, the anonymous aggregation rule would label this change an 

improvement in aggregate social welfare 28
. Qualitative judgmental issues in 

addition to the quantitative results may improve the decision to be taken 

(Glover, 1997). An investment in pollution control should reduce the damage to 

health caused by pollution. However, the damage avoided is only one of the 

benefits of the investment. Besides avoided health damages, there may also be 

aesthetic improvements or reduced damage to buildings. These should also be 

included in the cost-benefit analysis. 

28 The willingness to pay concept is also dependent on the height of income of an 
individual. 
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2.4.1.2.2 Costs 

This section shortly addresses the cost side of the cost-benefit framework. Kopp 

et al. (1997) show that the conceptual foundation for cost estimation is the 

mirror image of the foundation on which benefit estimation lies. They claim that 

cost-benefit studies often overlook the features of cost estimation . The 

estimation of cost is often as difficult an undertaking as the estimation of 

benefits, but this is not always recognized in the literature. The proper 

identification and quantification of cost should be guided by the lost opportunity 

concept (Kopp et al., 1997, p.26-27) . Cost ultimately means a forgone 

opportunity, that is, something that was given up as a result of the policy. That 

is perhaps the most important rule to follow when doing a cost analysis of a 

public policy. Total compliance costs of regulation, i.e. the cost of all the actions 

necessary to comply with a particular policy, will often consist of more than the 

direct compliance costs. Moreover, depending on the nature of the activities to 

be regulated and the magnitude of the responses required, secondary effects of 

the policy can be felt beyond the direct target of the policy. When secondary 

effects are small, they can be ignored in a cost study, and economic techniques 

of partial equilibrium analysis may be properly applied. However, when 

secondary effects are thought to be large, a general equilibrium analysis is 

called for (Kopp et al., 1997, p.27-28). 

In the remainder of this thesis, we will not focus anymore on the cost-side of the 

cost-benefit framework. It is our aim to focus explicitly on the valuation of 

benefits of risk reductions. In the next section, we will make a distinction 

between subjective and objective methods of assessing risk. Both measures of 

risk will be expected to show results that are in the same direction: the higher 

the risk of pollution, the higher the willingness to pay to avoid the adverse 

health effects and the higher the social benefits of a soil remediation program. 

The matching hypotheses will be elaborated in the next chapter. 
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2.4.t.2.3 Objective versus subjective benefits 

Subjective benefits are unlikely to be the same as objective benefits which are 

calculated as an objective reduction in probability of death or sickness (usually 

drawn from the best available scientific evidence) times a dollar value for safety 

(usually drawn from labor markets). Subjective benefits for each individual are 

implicitly equal to a subjective reduction of probability of death or sickness from 

exposure to sites times a perceived value of safety associated with a death or 

sickness specifically brought about by exposure to hazardous substances. The 

possible divergence between these two measures of benefits raises a 

fundamental policy problem. In judging a subjective risk, an individual assesses 

his degree of belief in the likelihood of the occurrence of an event. In other 

words, he assigns, implicitly or explicitly, a subjective probability to the risk, 

which reflects his feeling of certainty or uncertainty about the event and his 

degree of confidence in his subjective judgment. Objective benefit estimates will 

usually not capture how people actually feel about a contaminated site. 

Subjective benefit estimates may possibly rely on biased judgments. A cost

benefit analysis, based on the concept of willingness to pay, is a normative 

exercise. This means that choice of objective versus subjective benefits is, in the 

end, a normative decision. Each approach is logically consistent, but policy 

outcomes will be different depending on which criterion is chosen. The question 

is what kind of measure must be used in a cost-benefit analysis. Subjective 

benefits are unlikely to be same as objective benefits which are calculated as an 

objective reduction in probability of death (usually drawn from the best available 

scientific evidence) times a euro value for safety (usually drawn from labor 

markets). These objective benefit estimates will not capture how people actually 

feel about contamination on their parcel (Schulze et al., 1986). 

A cost-benefit framework, either formal or informal, is frequently used to decide 

how many resources, if any, will be allocated to mitigating a particular 

environmental hazard. If toxicological, epidemiological, and other scientific 

studies cannot demonstrate any appreciable risk, then officials often presume 

that there would be no benefit of cleaning up the site and that remediation 

resources would best be allocated elsewhere. However, Patchin (1988) notes 

that some appraisers might note the limit case where contamination of property 
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involves the unmarketability of it. Consequently, it is argued that these 

properties are worthless. Patchin disagrees by saying that the extent and nature 

of the contamination are the crucial factors in estimating the value after 

contamination. Nevertheless, this illustrates the divergence between objective 

and subjective risks. 

The possible divergence between subjective risks and objective risks raises also 

a fundamental policy problem. Soil contamination can have a negligible effect on 

the health conditions of the people, but may diminish the value of their most 

important asset substantially. The question is whether priority rules should be 

based on objective or subjective risk measures. Concerning risk perception ,md 

stigma, the importance of better risk communication is obvious (McClelland et 

al., 1990). Moreover, most attempts focus on increasing subjective risks, rather 

than decreasing. Two well-known examples are the believed risks of smoking or 

automobile driving. The problem of bias in subjective risk judgment can be 

addressed through information and other programs. However, caution still needs 

to be exercised in the use of subjective damages. Every policy decision is based 

on assumptions about the nature of what welfare means. 

2.4.2 Valuation methods 

There is a rationale for trying to determine the economic value of environmental 

goods and effects that do not have an observable market based price. The 

European Commission, DG Environment (2000) uses following definition of 

economic valuation of externalities: 

Economic valuation of externalities is an attempt to estimate the value that 

individuals place on environmental goods and other goods with no observable 

price in the market. 

Theoretically, the value of environmental quality can be inferred from what 

people would be willing to pay to improve or restore it, using various valuation 

techniques that measure people's preferences. Thus, the value of an 

environmental good can be derived by measuring people's willingness to pay 
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(WTP) for a given environmental benefit, that is how much they would forego in 

income to obtain an increase in environmental quality. Alternatively, in cases 

where environmental quality is under threat, the minimum amount people are 

willing to accept (WTA) in compensation for the deterioration in environmental 

quality is a measure of the value of that environmental good or service. Whether 

one uses WTP or WTA ought to be based on whether or not the rights to the 

environmental quality are in the hands of those being questioned (the citizens), 

or those who are seeking to worsen environmental quality. In the former case, 

one ought to use WTA, in the latter WTP. Valuation of environmental goods and 

of all effects that do not have an observable price in the market is in any case 

essential for the execution of a cost-benefit analysis (Glover, 1997). Figure 5 

shows a categorization of valuation methods classified in two main approaches: 

demand curve approach and non-demand curve approach. 

Figure 5: Categorization of valuation methods 

Valuation methods 

Demand curve 

Revealed Expressed Market valuation of 
preference preference physical effects 

Hedonic pricing Contingent valuation 
Dose-response approach 

Travel costs Stated preference 

Avertive behaviour - Choice experiments 
Human capital approach 

Defensive expenditure - Contingent ranking 
Replacement cost 

Non-demand curve 
approach 

Clean-up cost 

Avoidance cost 

Abatement cost 

Linked environmental values 

Demand curve approaches are founded in economic welfare theory and base the 

final valuation on individuals' willingness to pay. Non-demand curve approaches 

do not offer true welfare measures and are thus only occasionally used to 

approximate values of environmental change. Because the latter approaches are 

not based on the fundamental principle of using individuals' willingness to pay in 

the monetary valuation estimation, they offer only crude approximations of 

welfare measures. The following sections provide short descriptions of the 
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methodologies used in the most commonly applied economic valuation 

techniques 29 • 

2.4.3 Demand curve approaches 

There are several techniques for the monetary valuation of environmental 

damage or negative externalities. The main valuation techniques can be split 

into three categories: revealed preference methods, expressed preference 

methods and market valuation of physical effects30
. Estimating a price of an 

environmental good essentially concerns finding the price that society is 

prepared to pay for the good. Valuations methods based on willingness to pay 

are the most attractive methods from an economic point of view, but the main 

disadvantage is that people need to be well informed of the subject at hand and 

make realistic choices. 

2.4.3.1 Revealed preference methods 

The revealed preference methods attempt to uncover individuals' willingness to 

pay for a given non-market good from the individuals' actual actions in the 

market. They are not based on explicit statements from individuals about their 

preferences and are therefore also known as indirect methods. The main 

methods that are based on revealed preference techniques include the hedonic 

pricing method, the travel cost method, and avertive behavior (also known as 

defensive expenditure). The approaches rest on the premise that the prices of 

some market goods or services partly reflect the quality of various 

environmental attributes. All three methods use data on individuals' behavior 

observed in the complementary market to estimate the individuals' preferences 

for the environmental good. 

29 The elaboration is based on European Commission, DG Environment (2000). 
30 All belong to the demand curve approaches, except some of the techniques in the 
category of market valuation of physical effects. 

42 



2.4.3.1.1 Avertive behavior 

In Grossman's (1972) model of consumption and production of the commodity 

"good health", individuals combine purchased goods such as medical care and 

their own time to produce health capital. The willingness to pay is the value of 

healthy time. It consists of the sum of the increment in labor earnings that are 

possible and the monetary value of the gain in utility associated with better 

health. Thus, the household production model gives a conceptual foundation for 

the relevance of labor earnings as a measure (indirect costs) for morbidity, but 

it also implies that a preference-based value will depend on the costs of 

producing health (preventive expenditures) and a utility, or ~onsumption, value. 

The recognition that health is partly endogenous has also spawned the idea that 

health improvements legitimate a reduction in preventive expenditures and that 

the savings of preventive expenditures is the value of the health improvement3 1
• 

The major drawback of avertive behavior is that it is limited to situations in 

which this kind of behavior is possible. Indeed, not all contaminants can be 

avoided. Moreover, it is difficult to isolate willingness to pay for improved health 

from willingness to pay for other aspects of the avertive behavior. It is also likely 

to be a lower bound to willingness to pay. The preventive expenditures are not a 

complete measure of the benefits of health risk reduction to an individual 

because the individual enjoys gains in expected utility as well as the savings of 

expenditures. 

2.4.3.1.2 Hedonic pricing method 

The hedonic pricing method is based on assessment of the value of 

environmental goods through willingness to pay for related goods expressed in 

market terms. The relationship between the environmental variable of interest 

and a related marketed good is estimated, including all explanatory variables 

and other characteristics thought to be relevant in determining the price of the 

marketed good. Thus, the method involves finding a market and price for some 

marketed good that is influenced by an environmental good or attribute. The 

31 Of course, we also have to pay attention to the political context of health financing. 

43 



value of the non-market good can be estimated by analyzing prices for the 

marketed good and different levels of quality for the environmental attribute. 

Property markets provide the information needed for inferring the value of 

remediating a contaminated soil. The price of a property reflects the 

characteristics of the property such as size and location but also the 

environmental quality of the soil. A poor environmental quality of the soil will 

decrease the attractiveness of the property and this decrease will be reflected in 

the price of the property. People get a health risk premium in buying a property 

situated in an area with a lower environmental quality. By applying econometric 

analysis to large data sets, the environmental attribute can be isolated from the 

various other factors determining the price of the properties. Finally, when the 

attribute is isolated the price of the attribute can be calculated. 

Hedonic methods require well-functioning markets for housing or labor, with 

buyers and sellers who are well informed about pollution risks; and matching 

pairs of housing or jobs that are similar in all respects except exposure to 

pollution. 

2.4.3.2 Expressed preference methods 

Methods based on expressed preference techniques try to uncover individuals' 

willingness to pay for a change in environmental quality, by eliciting their 

willingness to pay for such a change. They use direct statements from 

individuals about their preferences to estimate the value of the environmental 

changes and are therefore also known as direct methods. The contingent 

valuation methods and the stated preference methods comprise the two main 

families within the expressed preference grouping. Both methods use surveys to 

elicit individuals' preferences. The category of stated preference methods 

includes techniques such as choice experiments and contingent ranking 32
. 

The contingent valuation method tries to assess the value of environmental 

impacts, through a form of market research. The valuation is contingent upon 

establishing the market. This method involves designing surveys to find out how 

much people would be willing to pay to avoid damages, or how much 

32 We will limit the discussion to the contingent valuation method. 
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compensation they would require to accept more damage. In a market survey, 

direct questioning techniques attempt to elicit willingness to pay for a quality 

improvement in a particular environmental attribute or to prevent a further 

deterioration of the environmental attribute. The total benefit of an improvement 

can be obtained by aggregation of the individuals' willingness to pay. The 

method is easy to conduct, but a proper survey is data-intensive, costly, and 

time-consuming. 

In principle, the contingent valuation method can be employed in every 

situation, since it is concerned with hypothetical events. However, it is important 

to stress that the values that individuals express in interviews depend heavily 

upon the description of the good, whether it is actually provided, as well as the 

way that it would be paid for. Respondents should be carefully informed about 

the particular damage to be valued, and about the full extent of substitutes and 

undamaged alternatives available33
• In relation to soil contamination, the 

contingent valuation method may be applied to analyze the willingness to pay 

not to live near a polluting site or willingness to accept compensation for having 

such facilities sited in the immediate vicinity. 

The contingent valuation method is subject to many biases. These include 

strateg ic bias, starting point bias and hypothetical bias. Strategic bias is the 

most important criticism to contingent valuation. It means that individuals 

participating in the interviews are not bound by their answers. They are not 

required to actually pay what they have stated they were willing to pay. The 

implication is that in cases where surveys are used to inform policy decisions 

affecting environmental quality, individuals can either exaggerate or understate 

their true WTP in order to influence the likelihood of a proposed project or policy 

going ahead. Starting point bias occurs when the respondent's WTP is influenced 

by the phrasing of the question. Hypothetical bias means that individuals find it 

difficult to answer questions like "How much would you pay to live in a clean 

environment?" Empirical results of several contingent valuation studies show 

that there are also large differences between reported WTP and WTA. At a 

minimum, the choice of a WTP vs. WTA question should reflect the actual 

situation. The approach is also resource intensive and costly. It requires careful 

33 For examp le, asking individuals what they would be willing to pay to avoid a third world 
war is not a question that should be asked, because people are not able to assess the full 
consequences of a war. 
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questionnaire design and interpretation of responses. In spite of the problems 

with contingent valuation, the method has great potential as a source of data in 

areas where other techniques are not feasible, or as a check on data obtained by 

other sources. The advantage of contingent valuation is also that it attempts to 

estimate individuals' WTP. 

2.4.3.3 Market valuation of physical effects 

Methods based on market valuation of physical effects seek to value 

environmental changes by observing physical changes in the environment and 

estimating what difference these changes will have on the value of goods and 

services. In the case of damage to crops caused by soil pollution, a cost is 

imposed on farmers, which can be measured as the internationa l market value 

of the loss in crops. 

The most common technique within the market valuation of physical effects 

category is dose- response measures, which basically is a technique that 

measures the damage (response) caused by exposure to chemical substances 

(dose). Other approaches include the human capital approach and the 

replacement cost method34• 

The dose-response method establishes a link between a given pollution level 

(dose) and some physical impact (response), as for example the effect soil 

pollution on the health of humans. It is a fairly straightforward way of valuing 

environmental change, since the approach is about observing physical changes 

in the environment and estimating what differences they will make to the value 

of goods and services. The method requires both scientific and economic data. 

Environmental damage is valued in four stages. The main concerns of the 

method are to assess the exposure to the substance, the establishment of a 

dose-response function and finally, the valuation of the damage itself. First, 

emissions from a given activity are identified and estimated. Second, the 

exposure of people over time is quantified on the basis of the emissions and the 

number of people. Establishing a dose-response function requires measurement 

of exposure and measurement of damage. These functions are frequently 

34 We will limit the discussion to the dose- response method. 
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nonlinear and may involve thresholds below which there is no appreciable 

damage. Third, the impact on the people is quantified; e.g. the increase in the 

risk of cancer given a certain exposure. Fourth, the economic value of the 

change is estimated by using market prices or economic values of non-market 

goods obtained from other economic valuation studies. This implies that the 

dose-response technique in itself is not really an economic valuation technique, 

since in the end the shadow prices used for valuing the environmental impacts 

often originate from any other valuation method. 

2.4.4 Non-demand curve approaches 

Demand curve approach valuation methods are founded in economic welfare 

theory. Non-demand curve approaches valuation methods are used to obtain 

approximations of the values placed on environmental goods by society. Some 

of the methods in this category partly overlap with methods based on market 

valuation of physical effects. The non-demand curve approach include the clean

up cost approach and the avoidance costs approach, as well as approaches that 

base the valuation on juridical penalties awarded as compensation due to 

pollution damage on private property. 

2.4.4.1 Clean-up cost approach 

The clean-up cost approach is an approximate valuation technique, which does 

not base the monetary estimation on individuals' willingness to pay. The basic 

principle of the approach is the estimation of costs associated with cleaning up 

or reducing a particular pollution to avoid the adverse impacts . These costs are 

used as a proxy for the economic value of the environmental damage. The idea 

is that once the damage resulting from pollution is done, then the costs of 

rehabilitation to achieve the pre-damage situation will appear as a measure of 

damage done. In case of soil pollution, we may think of the costs of excavation 

or the net present value of the application of phytoremediation techniques. 
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From an economic point of view, the costs need to be used with caution if they 

are applied as measures of damage. Strictly speaking, the costs of cleaning up 

are not a substitute for damage costs. If it holds true that society will always 

restore the damage to the pre-damage situation, then costs of cleaning up is a 

reasonable proxy for damage. Indeed, the valuation is then a minimum estimate 

since society may value the cleaning up as more valuable than what it costs to 

achieve it. However, a political decision to always restore the damage to the 

pre-damage situation will not always be optimal from a societal point of view if it 

is assumed that solid economic willingness to pay estimates exists. It seems 

reasonable to think of a situation where the damage cost of pollution calculated 

from the economic estimates, if not cleaned-up, will be less than the actual 

clean-up cost. In this situation, clean-up costs as a proxy for damage might be 

an overestimation. In conclusion, the clean-up cost approach remains an 

important approximate valuation technique, since in many contexts it may be 

difficult or impossible to find more direct measures of damage. 

2.4.4.2 Avoidance cost approach 

The avoidance cost approach is parallel to the clean-up cost approach in many 

ways. It is also an approximate valuation technique, where the monetary 

valuation is not demand driven. The basic principle of the approach is the 

estimation of the costs associated with avoiding rather than cleaning up a 

particular pollution to prevent adverse impacts. 

If the approach is undertaken to avoid completely a particular pollution, the 

same economic consideration applies to the approach as applies in case of the 

clean-up cost approach. However, a particular pollution does not have to be 

avoided completely. The pollution merely needs to be abated to apply the 

approach. Pollution abatement rather than a complete avoidance actually 

improves the valuation estimates from an economic point of view . The reason 

for this is that the value that is placed on residual emissions are a point on the 

rising marginal cost curve of abating pollution. The highest amount that is 

required, or actually observed to be spent on the abatement of a specific 

pollutant can be taken as the minimum value that society places on removing 
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this pollutant from the environment. If a higher value is placed on a particular 

pollution, it would increase the standards, which would increase the costs used 

for abatement of the pollution. Thus, in this approach the highest actual cost 

associated with the removal of the pollutant is the economic value that can be 

applied for the presence of that particular pollutant in the environment. This is 

based on the assumption that the standards in place at any one time are 

optimal, i.e. reflects people's demand for environmental quality. However, 

emission standards are often revised in a more stringent direction. This would 

suggest that abatement costs underestimate the true damage costs. Although 

the method does not have a solid foundation in economic welfare theory, it 

remains a valuable approximate valuation technique, since in many contexts it 

may be difficult or impossible to find more direct measures of damage. 

2.4.5 Choice of method 

This section presents some general issues that should be considered in the 

process of identifying the most suitable method and technique for a given 

problem. Since the fundamental principle in economic valuation is estimation of 

prices based on demand curves, which ultimately is based on people's 

willingness to pay for a given environmental benefit, the methods that are based 

on demand curve approaches are generally preferable. Ideally, the prices (or 

shadow prices) reflect individuals' willingness to pay for the removal or 

acceptance of the environmental impacts in question. 

There are, however, problems with monetary valuation based on willingness to 

pay in cost-benefit analysis . First, weights are derived from individuals' 

preferences, which because they are elicited in the form of willingness to pay 

subject to the ability to pay, and thus are based on the current income 

distribution. However, the implicit weights do not take into account what is 

"morally right", nor do they reflect ethical judgments. Second, individuals' 

preferences may be based on incorrect or partial information. Third, individuals' 

preferences may not reflect the interest of future generations due to low weight 

accorded to the future (high discount rate). Fourth, measurement of human 

preferences for some environmental impacts may not be possible. 
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Although valuation based on willingness to pay from a theoretical point of view 

may seem as a superior approach to valuation, it is not without flaws and 

problems. In practice, a lot of cost-benefit analysis relies on valuation based on 

expert assessment (dose-response) and other more approximate valuation 

techniques. Assessments and valuations based on these techniques suffer from 

another problem, simply that they do not explicitly take account of people's 

preferences. This illustrates that clearly no valuation is without problems. From 

a theoretical point of view, different valuation methods are appropriate for 

different kind of environmental impacts. 

To measure physical effects or impacts on productivity, such as loss of crops 

from soil pollution, the most obvious technique to apply is dose-response. It is 

also the most obvious technique to apply for valuation of impacts on health 

resulting from air emissions, although the physical relations are not scientifically 

perfectly understood. Finally, this method is potentially useful for valuation of 

impacts due to accumulation of heavy metals and other toxic chemical residues 

in the soil due to discharge from a nearby pollution source. Moreover, the use of 

the dose-response technique is appropriate when an environmental change 

directly causes a change in the output of a good or service, or when the 

relationship between a given pollution level (dose) and some physical impact 

(response) is reasonably well understood, or when an economic value of the 

change in output or costs exist as market prices or economic values of non

market goods. It is important to stress that when the relationship between a 

given pollution level (dose), the pollution pathways and the physical impact 

(response) is not very well understood, the dose-response functions used for 

valuation will be incorrect and obviously the results will be misleading. In these 

cases, other approaches should be preferred. 

For impacts of an amenity or a disamenity, both the hedonic price method and 

the contingent valuation method are appropriate to apply. The use of the 

hedonic price technique is appropriate when environmental quality is perceived 

as a relevant factor in property values and when variations in environmental 

quality are clearly perceptible. The use of the contingent valuation technique is 

appropriate when impacts resulting from an environmental change are multiple 

and complex, when people's preferences are not observable, and when people 

are or can be reasonably well informed of the subject in question . However, 
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survey data are usually costly to implement. In order to capture revealed 

preferences over attributes, inclusive perceived risk, property value data is used. 

Property value data is often used to value environmental attributes and thus, 

indirectly, the adverse health impacts of pollution. The perceived health risk 

from living near polluting industries is reflected as a characteristic in the 

willingness to pay for housing. The distance between a house and the polluting 

activity may serve as a proxy for a certain disamenity, and the resulting 

indirectly perceived risk. The estimated perceived, or subjective, risk in the 

hedonic equation can be weighted by the distance to the contamination source 

in order to individualize the perceived risk to each particular house. In this 

manner, models of perceived risk are integrated with actual market behavior. 

Heavy metal contents in soil may serve as a proxy for the ex ante objective risk 

measure, whereas urinary or blood concentrations are proxy variables for ex 

post objective risk measures. 

Finally, it should be noted that the theoretically optimal choice of method for 

valuation of a particular impact might differ from the optimal choice in practice. 

The reason is that in practice one also has to consider whether information is 

readily available and at what cost. This is the obvious reason why various 

techniques have been employed in various studies to estimate the monetary 

value of the same environmental externalities. It is also the reason why the use 

of theoretically less robust techniques such as clean -up cost and avoidance costs 

are widespread in practice. 

2.5 Conclusion 

In this chapter, we have approached health risk assessment in three opposing 

ways: scientific way, social way and economic way. The scientific component of 

risk regulation is vulnerable to challenge from an epistemological point of view. 

Post-modern critics argue that scientific knowledge should not be privileged, as 

it has no stronger claims to truth or certainty than other kinds of knowledge. 

Risk assessments also do not make uncondit ional predictions about the 

immediate future and, hence, are not readily susceptible to ex post verification. 

Instead, risk assessments construct complex counterfactuals about the distant 
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future (Pollak, 2001, p.189). The social way of assessing risk deals with the 

perception of risks in the heads of the public. As risk assessment is even for 

experts a difficult exercise, the public even has greater difficulties in assessing 

risk. They often have to rely on an imperfect form of information. However, 

potential misperceptions may have real economic effects as property markets 

may get disturbed. In the economic risk assessment, we mainly focused on the 

cost-benefit approach. The emphasis was on demand curve based and non

demand curve based valuation methods that may be used to estimate the 

benefits of a risk reduction policy. 
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3 Economic valuation of health 

risk impacts 

3.1 Contaminated property valuation 

3.1.1 Detrimental condition model 

In the eighties, techniques for valuing contaminated properties were still in its 

infancy. The seminal article by Patchin (1988) laid out the first framework in 

which contamination can affect value. He first identified the cost of clean-up, 

including future monitoring costs, future liability to the public and stigma as 

factors contributing to a loss in value. He shows how capitalization and yield 

rates can be adj usted to account for the effects of contamination on the 

mortgageability and marketability of property. He found that in general, 

seriously contaminated properties are unmarketable, whereas mildly 

contaminated properties have limited marketability. This marketability is limited 

by clean-up costs, availability of an indemnity, higher equity yield demands to 

compensate for risk, and possibly higher financing costs because fewer lenders 

are willing to consider the property. Concerning the financing problem, Patchin 

claims that there is virtually no chance of obtaining mortgage financing for a 

seriously contaminated property35
. 

Quantifying the value diminution of property affected by a detrimental condition 

can be a challenging appraisal assignment. The valuation of contaminated 

properties is accomplished by first estimating the value of the property as if it 

were uncontaminated (unimpaired value), and then analyzing the loss in value 

due to the contamination (diminution in value). Bell (1998) argues that the 

appraiser must recognize following six basic issues: 

1. the value as if the property is unaffected 

35 Apparently, socio-economic issues are here of little influence. 
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2. the value upon the occurrence of the contamination 

3. the necessity for a thorough assessment of the situation 

4. the determination of value upon completion of remediation 

5. the necessity for the value conclusion to take into account any ongoing 

costs 

6. the need to examine the impact of any market resistance 

In other words, the appraiser must examine the full spectrum of events, i.e. 

before remediation, the remediation process itself, post-remediation, and any 

post-remediation market resistance caused by the situation. The result should 

be a meaningful and accurate assessment of how a detrimental condition has 

affected the value. Detrimental conditions that affect property values range from 

temporary conditions and market perceptions to construction defects, 

environmental contamination and geotechnical issues. Several detrimental 

conditions may affect property values. All of them are classified by Bell {1998) in 

10 categories. One of these categories is 'environmental conditions'. In figure 6, 

we applied Bell's detrimental condition model to the case of soil contamination. 

The model illustrates the costs before, during, and after the actual remediation. 

The figure starts with the value as if unaffected by the pollution. Damages are 

benchmarked against this unimpaired value. Due to contamination, there is an 

initial drop in value. A recovery of value starts with the assessment stage. The 

assessment costs encompass all costs associated with monitoring and assessing 

the soil contamination before any remed iation. The return to full value continues 

with the remediation stage. The remediation costs represent all costs associated 

with the actual decontamination. A vast spectrum of costs could be included 

depending on the remediation method chosen. These costs must be analyzed 

carefully as there may be a variance between estimated and actual remediat ion 

costs. Some damaged properties incur ongoing costs even alter remediation is 

completed. The contaminated property may undergo continued monitoring, may 

have difficulty in obtaining mortgage financing or may incur restrictions in use. 

Finally, full recovery may be prohibited due to ongoing concerns that may create 

market resistance. This adjustment reflects the market's post-remediation 

resistance to purchase the property when similar properties without a history of 

defectiveness are available. Market resistance is sometimes referred to as 

stigma against properties that have a history of problems and have potentially 
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incurred future liabilities or hidden clean-up costs, as well as against the general 

hassle involved with owning the property. While experts may possess the 

expertise to judge that a specific situation is not a cause for concern, the non

expert, who is also often the potential buyer and lender, may view a formerly 

damaged property with skepticism. In contamination cases, the reduction in 

value results from the increased risk associated with the contaminated property. 

Figure 6: Detrimental condition model 

Value 

Unimpaired value 

~----,-------------

Ongoing stage 

Remediation 

Assessment 

Soil contamination 
occurs 

Source: Bell (1998) 

3.1.2 Stigma 

Market resistance 

Time 

Mundy (1992a,b) applies the value paradigm to contaminated property. This 

means that the value before contamination minus value after contamination 

must equal the compensation: 
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where 

Vb -Va = compensation or 

Va = Value after contamination 

Vb = Value before contamination 

Ve = Value clean 

Vd = Value dirty 

From a mathematical perspective, the difference ought to be the cost to cure the 

property. However, in practice this is not the case since contaminated properties 

sell for less than the cost to cure difference. This inconsistency may be ascribed 

to stigma. Edelstein (1988) defines environmental stigma as the result of an 

undesirable event that disrupts the balance of the environmental system. The 

literature distinguishes several approaches to stigma. Once environmental 

contamination becomes associated with a particular neighborhood, its property 

values may be stigmatized. Because of stigma, property values may become or 

remain discounted, even after the real health risks and physical disamenities are 

removed. In other words, the perception of risk, without any base on scientific 

grounds, causes a reluctance to buy. These reduced sales volumes are reflected 

in lower property values. The perception of the public determines an intangible 

component in the real estate. Although environmental problems may be 

temporary, the character of the neighborhood can create a long-term stigma 

effect. 

According to Patchin (1991), stigma is a negative intangible that is li kely to be 

caused by one or a combination of the following factors. The first is the fear of 

hidden clean-up costs that affect a property's marketability and value prior to 

completion of required remedial activities. If a clean-up has not yet begun, it is 

difficult to assure buyers that estimated clean-up costs are adequate. A second 

issue is the trouble factor and corresponds to the trouble of making the 

necessary remedial improvements that would not be required with an 

uncontaminated property. Many comparable sales exist in which the costs of 

correction are well defined, yet the decline in market value is shown as a fixed 

dollar amount in addition to the costs to cure. Third, the fear of public liability is 

related to the possibility of third party litigation against a future owner. In many 

cases, stigma has little relationship to clean-up costs. The property may have 

been cleaned up according to the BATNEEC-principle and a well-financed 

indemnity for the benefit of future owners may have been offered to pay for any 
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future clean-up costs. A fourth issue is the lack of mortgage ability36
, or the 

inability to obtain financing, either for the sale of a property or its future 

financing . This is one of the most frequent causes of stigma related value loss. 

Fifth, market reactions to contamination differ according to whether the property 

is residential or commercial. Finally, Patchin asks the question ' How clean is 

clean?'. This refers to the uncertainty of the level of clean-up that is required. 

EPA {2002) considers uncertainty and inertia as two possible causes of stigma. 

First, inertia reflects a hypothesized uncertainty regarding permanent change in 

how people perceive a neighborhood and how much they are willing to pay for 

property in the neighborhood. An extreme example of this is a situation in which 

a pollution source reduces property values to the point where they become 

affordable to lower-income families and less attractive to higher-income families. 

This occurrence would lead to a permanent shift in the social structure and 

house prices of the neighborhood. Although there may be some recovery, a new 

market price equilibrium would occur at a lower value. Thus, a temporary 

environmental problem may permanently change the character of the 

neighborhood. McCluskey and Rausser {2003) also emphasize the role of income 

levels or racial composition in explaining neighborhood turnover. The residential 

composition may move from high- income residents to low-income residents 

resulting in permanent rather than temporary stigma. Second, the uncertainty 

that contributes to stigma comes from three sources: uncertainty about 

potential remaining health risks after clean-up, uncertainty regarding the need 

to do additional remediation work in the future and who will be required to pay 

for it, and uncertainty regarding how others might perceive the property. The 

latter reflects the expectations of a buyer or seller who thinks the property is 

clean, but thinks that others in the real estate market may not believe it is. This 

expectation may become a self-fulfilling prophecy, leading to lower market 

prices {EPA, 2002). 

McCluskey and Rausser {2003) attribute stigma to two externality effects: an 

environmental externality and a neighborhood externality. The former one deals 

with the neighborhood concerns of health issues . The latter externality refers to 

the composition of residents in the neighborhood and other attributes that 

determine neighborhood quality and property values. From a policy point of 

36 Although it deals with a financial instrument, it can not be compared with economic 
attitude at the same level. 
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view, it can be argued that when the neighborhood externality is the source of 

the stigma, a soil remediation program may not result in increased property 

values. An important question is whether stigma is temporary or permanent. 

Many previous studies have attempted to measure the effect of environmental 

contamination on property values. These kinds of follow-up studies are of high 

importance, as measurement of stigma becomes possible. 

3.1.3 Appraisal quantification of diminution in value 

The impact of detrimental conditions on property values is ultimately an 

empirical question that requires the application of one or more of the three 

traditional approaches to value, i.e. the cost approach, the sales comparison 

approach and the income capitalization approach. 

3.1.3.1 Cost approach 

In the cost approach, the impaired value is calculated as the difference between 

the unimpaired value and the assessment stage value effects, remediation stage 

value effects and the ongoing stage value effects. The unimpaired value is the 

value of the subject, assuming no environmental risks are present. The impaired 

value is the value of the subject, given the presence of environmental risk 

(Wilson, 1996). 

3.1.3.2 Sales comparison approach 

The process in a sales-comparison analysis involves comparing sales affected by 

a detrimental condition with similar sales not affected by a detrimental 

condition. For example, a group of properties near a polluting company can be 

compared with similar properties elsewhere. In a resale analysis, the appraiser 

would study sales comparables and the subsequent resales of the same 

properties, usually to determine the increase, decrease, or level conditions of 
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market values, or to determine the impact of a detrimental condition by 

comparing values before and after the detrimental condition is discovered. 

However, as there may be few contaminated property sales, it is seldom 

possible to run a sales comparison approach of contaminated sales with 

properties that would be comparable to a subject property on an unimpaired 

basis. It is frequently possible, however, to perform a sales comparison 

approach using sales in which the contamination is comparable or analogous to 

a subject property (Bell, 1998). 

3.1.3.3 Capitalization approach 

Chalmers and Jackson (1996) focus on the perceptions of lenders and investors 

as being the appropriate variable influencing the effect of contamination on 

market value for commercial and industrial real estate. This is consistent with 

Mundy (1992a,b) who also differentiates between real and perceived risks, with 

perceived risks having a key influence on value. The fundamentals of real 

property valuation recognize that value reflects an anticipated stream of future 

benefits capitalized at a return necessary to attract capital to the opportunity. 

Contamination has the potential to decrease the stream of future benefits and to 

raise the return necessary to attract capital, both of which will decrease value. 

The valuation issues then become quantifying the decrease in future benefits 

(the direct costs of the contamination) and the increase in yields (the risk 

premiums due to the contamination). Figure 7 illustrates the basic steps in the 

process. 

Figure 7: Diminution in value 

Investigative phase 

1. Nature of the problem 

2. Evaluation of the problem 

Evaluation of risks 
by market 
participants 

Risk premium 
~ -----""'- Diminution 

in value 

3. Consequences of the problem Direct costs 

Source: Chalmers and Jackson (1996) 
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In the initial investigative phase, the nature and extent of the contamination 

must be fully characterized. Is the property physically contaminated? That is, is 

it affected by hazardous substances present in, on, or near the subject property 

in measurable quantities? Perhaps the property is affected by non-physical 

contaminants such as noise or visual pollution, which can also influence value. 

The extent of the contamination must then be documented. In addition, an 

evaluation of the contamination from the public and regulatory perspectives 

must be established. The perceptions by the public are relevant because it is not 

actual contamination but the perception of the contamination by the market (or 

regulators) that is of concern. Finally, the consequences of the problem37 must 

be fully understood. The results of the investigative phase become a critical 

component throughout the remainder of the valuation process and allow the 

preliminary assessment of whether stigma may be associated with the property. 

The findings from the investigative phase provide the basis for determining the 

direct costs associated with the property as well as for developing the fact 

pattern from which to evaluate the risk perceptions of market participants 

relative to the affected property. The fact pattern becomes the foundation for 

assessing whether the market perceives additional risk associated with the 

property (i.e ., stigma). If the property and its contamination history are well 

described, it is usually possible to obtain definitive opinions with a high degree 

of consensus from users, lenders, and investors regarding the impact of 

contamination on their business decisions. The direct costs and the risk-adjusted 

capitalization or yield rates are then used in conjunction with the anticipated 

future cash flows of the property to determine the property's value in a 

contaminated state. 

Mundy (1992a,b) presents a theory about the ways in which contaminants affect 

property value as well as a method to quantify such influences. The value of 

property may be affected both by an impact on the income stream and by an 

impact on its marketability. Public concerns may have a noticeable effect on the 

marketability of the property. When a property loses its marketability, it also 

loses its value. The marketability effect quantifies the damage directly related to 

the lost opportunity to fully use the affected property. The damage is related to 

lost opportunity, and this cost is measured by the present value of the 

37 Remediation costs and alternatives, liability, use restrictions. 
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diminished value over the duration of the event at a market rate. The hazard 

may also have an effect on the property's income-producing ability38
. The 

income effect is defined as the present value of the difference between the 

property value as if uncontaminated and the property value as if contaminated. 

The damage is estimated by discounting the present value of lost income over 

the duration of an event, at a market interest rate in the uncontaminated 

condition, and at a risk rate in the contaminated condition. 

3.2 Effect of contamination on real estate 

prices 

3.2.l Contamination in the property market 

Residents may well be willing to sell their houses at a price adjusted downward 

by their willingness to pay to avoid any subjective risk associated with proximity 

to the pollution source. Nevertheless, they will attempt to obtain a price higher 

than their actual willingness to sell. In effect, sellers will try to obtain some 

consumer surplus as is normal in all competitive markets. Figure 8 illustrates the 

shift of the supply curve to the right, showing the extent that property owners 

feel threatened by the risks of living in the vicinity of a polluting factory. The 

supply curve S2 will shift further to the right, the greater the potential adverse 

health risks perceived by the public are. The supply curve S1 is drawn on the 

assumption that no property owners in the neighborhood feel threatened by the 

site. Thus, the observed price for houses in a particular neighborhood will fall as 

more property owners in a neighborhood feel threatened. Initially, prices fall 

from p 1 to p 2 • The position of the demand curve D1 is also influenced by 

subjective risk beliefs held by potential purchasers. Unfortunately, we have no 

information on the subjective risk beliefs held by potential purchasers who make 

up the demand curve. However, at least part of the public is aware of the 

38 For non- income producing property, the income effect would be the lost utility of the 
property. 
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problem. Those that were aware may have lowered their offered bids, shifting 

the demand curve downward to the left, causing a further decline in observed 

prices to p 3 • The decline in prices will depend on the extent and the kind of 

information about risk is spread. 

Figure 8: Effect of soil contamination on real estate prices 

Housing sale 
price 

Source: Graves et al. (1985) 

Homes for sale 

3.2.2 Subjective health risk and property values 

In analyzing the real estate market near a pollution source, individual 

perceptions and attitudes are of less importance than the collective perceptions 

and attitudes of individuals. Residents in the neighborhood are troubled by a 

decline in the value of their property that they believe is caused by the presence 

of the contamination stemming from the polluting factory. The effects on 

property values are aggravated by media attention. The media mainly tends to 

focus on the possible health risks. 
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Real damages to property values may depend on subjective health risk beliefs 

that may change in response to factors other than objective risks. Figure 9 

illustrates a schematic framework that integrates the model of subjective health 

risk with the model of property values. If subjective health risks are inaccurate, 

then variations in those judgments must be due to psychological and sociological 

factors other than a perception of the true health risk. According to McClelland 

et al. (1987), subjective health risk is influenced by psychological and socio

demographic variables. Perceptual cues are formed by factors like distance to 

the site and media attention. Age, the number of children and gender are 

examples of socio-demographic variables. It is certainly consistent with 

psychological models that the more one is reminded by cues about the presence 

of the landfill and its potential hazards, the greater one judge the health risk of 

the site. The right side of the figure shows subjective health risk and property 

characteristics as factors that impinge on property values. 

Figure 9: A model of subjective health risk and property values 

Perceptual cues 

Subjective health risk 

Socio-demographics 
Property values 

Property characteristics / 
Source: McClelland et al. (1987) 

In order to design a program to reduce subjective health risks until they are 

closer to the objective risks, there are two components for possible intervention : 

perceptual cues and attitudes associated with socio-demographic variables. 

Psychological research shows that perceptual cues are much easier to change as 

a means for possible intervention. Managing the perceptual cues that serve to 

remind people about the risk can be very effective in reducing risk estimates to 
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more appropriate levels. However, these are not necessarily easy to implement 

but if such reductions can be obtained, they can have dramatic effects . If 

subjective health risks for a hazardous site are overestimates of the objective 

risk, then the perceptual cues about the risk should be managed as extensively 

as possible. The economic savings obtained by correcting and/or avoiding 

inappropriate property devaluations are then likely to be large. Risk attitudes 

associated with socio-demographic variables should be changed if health risks 

are truly small. However, changing attitudes is notoriously difficult. 

Graves et al. (1985) consider two essential properties for disamenities to be 

reflected in property values . First, individuals must know how the disamEnity 

enters their utility functions. This is a difficult matter since even experts who 

have studied the health effects of pollution have only an uncertain notion of the 

size of such effects. However, most important is the perception people have of 

contamination as a problem. The second condition is that people know how 

pollution varies in the feasible set of locations. This spatial array of pollution is 

more problematic as some pollutants may be odorless, colorless and tasteless in 

ambient concentrations. Any property value effects found in the various studies 

for these, and similar pollutants, are likely to be due to correlations with other, 

observable pollutants. 

3.2.3 Empirical evidence of contamination impact on 

real estate values 

The hedonic price method was proposed as a suitable instrument to estimate 

potential benefits of a soil remediation program. Nevertheless, a correct 

application of the method requires a specialized econometric knowledge, suitable 

software and an extended data set. A great effort is necessary to obtain reliable 

results. A fast and cheap way to va lue environmental effects is the use of the 

so-called benefit transfer method. Results of previously conducted studies are 

used to value environmental damage in a monetary way. The disadvantage of 

benefit transfer is of course the accurateness of the obtained results. Indeed, 

each contaminated site is unique with respect to the vicinity, place and current 

conditions. Yet the use of benefit transfer allows the researcher to get an idea of 
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potential environmental benefits attached to the remediation of contaminated 

sites. 

Many authors have used property transaction data to value environmental 

attributes and, more specifically, study the impact of hazardous waste sites. 

Researchers, such as Ketkar {1992), Kohlhase (1991), Smith and Desvousges 

(1986), and Thayer et al. (1992) have consistently found that proximity to 

hazardous waste sites and other locally undesirable land uses has a negative 

impact on property values. Table 2 gives a summary of the results of nine 

studies dated back from the nineties. More recently, the empirical application of 

the hedonic pricing method have tended to focus on its spatial context, however, 

mainly applied on the situation of air pollution 39
• The first column of the table 

shows the negative externality. A distinction is made between landfills, 

hazardous waste sites and leaking underground storage tanks. These studies are 

closely related to the problem treated in this dissertation. The number of sites 

taken into account in the studies is indicated between parentheses. Most of the 

studies have been published in the nineties. However, data sets were 

predominantly gathered in the eighties. This shows the necessity to dispose of a 

sufficient number of sales price transactions. The collection of data is spread out 

over several years. Nevertheless, great differences occur between the number of 

observations used in the studies. All contaminated sites are situated in the 

United States. The hedonic price method or, to a lesser extent, a related 

method40 are used to evaluate the negative impact of contamination. The 

hedonic price functions were respectively linear, quadratic, logarithmic or Box

Cox transformed (Cfr. Infra). Several separate regressions were conducted 

according to the concerned sites (Reichert et al., 1991), or the division of 

distance into three contours (Smolen et al., 1992), or based on data for several 

periods (Kohlhase, 1991). Two studies also conduct an ex ante - ex post 

analysis. This kind of analysis compares the situation before and after the 

contamination. Simons et al. (1999) rightly make a distinction between 

residential and commercial real estate. Moreover, the higher priced private 

39 An important paper is Kim et al. (2003). 
4° Ketkar (1992) uses a multiple regression analysis with variables that are selected via a 
principal component analysis. The dependent variable is the median sales price in the 
district considered, while the independent variable is the number of hazardous sites in the 
district. 
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properties are submitted to a MANOVA41
• The sixth column of the table shows 

the independent variable of interest. The risk of a contaminated site is measured 

based on the distance to the site (expressed in miles), or by the way of a 

dummy variable representing risk. McClelland et al. (1990) determine a risk

dummy on the basis of surveys. Simons et al. (1996) use three dummy 

variables: one for the proximity of the leaking underground storage tank that is 

non- registered, a second for the proximity of the non-leaking underground 

storage tank that is registered, and finally a third for the proximity of the leaking 

underground storage tank that is registered . 

41 Multivariate Analysis of Variance. 
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Table 2: Summary of sales price literature with respect to the impact of contaminated sites 

Negative Research Place Data Methods Independent Result 

externality variable 

Hazardous Smith V.K. & Boston 609 Hedonic price Distance to site in An average family realizes yearly a 

landfill Desvousges observations method miles consumer surplus between $330 

W.H. (1984) (logarithmic and $495 for every mile between 

(1986) functional form) the house and the hazardous landfi ll 

Municipal McClelland Montebello 178 sales Hedonic price Neighborhood Property values rose approximately 

landfi ll G.H., Schulze and Monterey transactions method risk-dummy $5000 after the landfill closed, 

W.D. & Hurd Park (Los ( 1983-1985) (768 surveys) representing approximately 4% of 

B. (1990) Angeles) the average house price in the data 

($135700). 

Municipal Reichert A.K., Cuyahoga 573 en 375 1. Ex ante - ex Distance to site in The negative impact is est imated 

landfills Small M. & county transactions post miles between 5,5% and 7,3% of the 

(2 sites) Mohanty S. (Ohio) respectively 2. Hedonic price (two regressions, market value dependent on the 

(1991) (1985-1989) method one per site) distance to the landfill (between 3% 

and 4% in older city parts) 

Landfill and Thayer M., Baltimore 2323 Hedonic price Distance to The value diminution per mile closer 

hazardous Albers H. & (Maryland) observations method nearest site in to the site is between $1300 and 

waste site Rahmatian M. ( 1985-1986) miles $1700 . This corresponds to a 

(1991) diminution between 1,2% and 1,6% 

per mile. 

Toxic waste Kohlhase J.E. Harris County 1969 sales (in Hedonic price Distance to site in One mile closer to the toxic waste 

sites (1991) (Houston) 1976), 1083 method miles (three site diminishes value with $2364 

(10 sites) sales (in 1980), (quadratic regressions, one (1985 data ). This corresponds to a 

1811 sales (in functional form) per data block) diminution of 2,3% per mile. 

1985) 
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Negative Research Place Data Methods Independent Result 

externality variable 

Hazardous Smolen G.E., Toledo 1237 Hedonic price Distance to site in I ncrease (ceteris paribus) in sales 

chemical Moore G. & (Ohio) t ransactions method miles price per mi le further from the site 

landfill Conway LV. (1986-1990) (three 1. $12061 (21,1% per mile) 

(1992) regressions) 2 . $12106 (21, 2% per mile) 

1. 0-2,6 mile 3. -$1812 (-3,2% per mile) 

2. 2,6-5,75 

mile 

3. >5,75 mile 

Hazardous Ketkar K. New Jersey N. Multiple Number of A remediated site improves the 

waste sites (1992) (7 Counties) (1980) regression hazardous sites median sales price with an amount 

(129 sites) analysis with per district between $1300 and $2000 (in 

principa l (64 districts) constant prices of 1980). 

components 

Leaking Simons R.A., Cuyahoga 83 transactions Hedonic price three dummies The reduction in sa les price is about 

underground Bowen W. & County of contaminated method (Box-Cox dependent on 17% of the average sales price in 

storage tanks Sementelli A. (Ohio) property (1992) functional form) registration and 1992 (significant only for registered 

(2513 tank (1997) leakage of tank leaking underg round storage 

sites) (radius ca. 1 km) tanks). 

Leaking Simons R.A., Cuyahoga 133 houses and 1. Hedonic price N. Residential buildings in the 

underground Bowen W.M. County 154 commercial method (Box-Cox proximity of leaking underground 

storage tanks & Sementelli (Ohio) buildings funct ional form) storage tanks lose between 14% 

from gas A.J. (1999) (1994- 1996) 2. MANOVA (high and 16% of thei r value. Commercial 

stations (60 priced houses) bu ildings lose between 28% and 

sites) 3. Ex ante - ex 42% of their value. 

post (commercial 

buildings) 
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A study by Smith and Desvousges (1986) used interview data gathered in 

Boston during 1984 to estimate a demand for distance function from open, 

hazardous waste disposal sites. They estimated that the average household 

would realize a consumer surplus of between $330 and $495 annually for each 

mile between its residence and a hazardous waste landfill. McClelland et al. 

(1990) combine survey research on the health risks perceived by residents living 

near a landfill in Los Angeles with a sales price model that estimates the effect 

on price of the risk beliefs of neighborhood residents. The results indicated that 

property values rose approximately $5000 after the landfill closed, representing 

approximately 4% of the average house price in the data ($135700). However, 

values remained approximately $5000 lower than they otherwise would be 

because of a continued perception that health risks remained. Reichert et al. 

(1991) obtain similar results in a study conducted in Cuyahoga County (Ohio). 

The average diminution in property value is estimated between 5,5% and 7 ,3% 

per mile closer to the landfill. The negative impact is smaller in the cheaper old 

parts of the city, i.e. between 3% and 4%. Thayer et al. (1992) present an 

analysis of the effects of hazardous waste sites on housing prices. The analysis 

is based on 2323 sales in Baltimore from 1985 to 1986. In linear, semi-log and 

log-linear forms, the results show a significant and positive relationship between 

distance to nearest hazardous waste site and house price. Their analysis also 

found a significant and negative relationship between air quality and house 

price. Proximity to a landfill resulted in a loss in value approximately 35% of t he 

loss associated with a hazardous waste site, based on a linear model. In a semi

log version, the corresponding reduction was 60% of value. The mean loss in 

value using all data (hazardous and nonhazardous sites) was approximately 

$1300 per mile (linear) or $1700 per mile (semi-log) which translates into 1,2% 

to 1,6% of average house prices. A fifth study aims at a number of toxic sites in 

Harris County (Houston) . Kohlhase (1991) used data on thirteen Superfund 

sites42 in Houston to develop hedonic pricing models. In the regressions, the 

author uses three data blocks on the basis of several time periods. These 

correspond to the three hedonic price functions. The study found a significant 

reduction in price for houses closer to the hazardous sites after the designation 

of the sites on the Superfund list had been publicized by the U.S. Environmental 

42 Sites on the Superfund list are most urgently to be remediated. 
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Protection Agency (EPA). However, this was only the case for the data block of 

1985. Despite the enormous toxicity of the sites, the risk premium was merely 

2,3% of the real estate value per mile. This effect was reduced or eliminated as 

distance increased, and subsequent to remediation, or clean-up, of the 

hazardous sites. The effect was due to proximity and it appeared to be 

temporary. Data blocks of 1976 and 1980 gave respectively no significant 

results and paradoxical results. The latter results were attributed to the used 

functional form and unmeasured economic trends. Smolen et al. (1992) present 

another study of landfill impacts on housing prices in Toledo (Ohio). They divide 

the sales into three proximity rings and estimate separate equations for each 

ring. For the existing landfill, the results show a highly significant relationship 

between distance and price for houses located less than 2,6 miles from the 

facility. This effect lessens in the next ring, 2,6 to 5,75 miles and disappears 

from 5,75 miles out. The effect in the inner rings does not appear to change 

over time. The results show a risk premium of approximately 21 % of the 

average property value per mile within the first and second contours. No 

significant negative effects were found further away, i.e. in the third contour. For 

the proposed landfill, there was a significant distance effect following the 

announcement of the facility, which became insignificant once the proposal was 

rescinded. Ketkar (1992) follows a slightly different approach than the above 

mentioned authors. This study considers 129 contaminated sites that are spread 

over seven counties of the state New Jersey. The aim is to evaluate the effect of 

a potential remediation of one of the sites on the median house price. The 

author determines the most important independent variables on the basis of a 

principal component analysis. Using those variables, the increase in the median 

sales price is estimated between $1300 and $2000. Simons et al. (1997, 1999) 

study the effect on residential sales prices due to proximity to underground 

storage tanks in Cleveland, Ohio. The authors distinguish between non-leaking 

tanks that are registered, leaking but unregistered tanks and currently leaking 

and registered tanks. A hedonic pricing model is used with Box-Cox 

transformations and in a linear format. In the linear specification, only the 

dichotomous independent variable for proximity to the leaking and registered 

tanks is statistically significant. With an average house price of $86151, this 

proximity effect reduces the average price by $15152, or by 17,5%. The study 
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of 1999 considers also the effect on commercial real estate. The results show a 

reduction in the sales price from 28% to 42% of the original value. Finally, we 

may conclude that the results in the mentioned studies differ to some extent 

from each other. These differences are mainly attributed to context-specific 

factors and the followed methodology, i.e. number of observations, the 

functional form and the retained variables in the hedonic price function. 

3.3 Hedonic price function 

3.3.l Introduction 

The problem of estimating the benefits of environmental sanitation programs is 

a difficult matter, since typically one can not rely on markets for environmental 

quality. Indeed, there is no direct trade in clean air, clean soil or silence. 

However, the possibility exists to observe behavior in markets that are related to 

environmental quality. The departure point of the hedonic price model (Rosen, 

1974) is the hypothesis that products are valued for their utility-bearing 

characteristics. In other words, consumers do not value composite 

commodities43 as a whole, but the characteristics, which those commodities 

embody. These composite commodities can be seen as bundles of 

characteristics. The purpose is to separate the effects of the various attributes of 

a good in such a way that can be gauged how changes in the levels of each 

characteristic affect utility. For instance, a car is normally valued because of its 

different attributes: speed, reliability, safety, comfort, style, etc. Different cars 

represent different bundles of these characteristics. The specific good of interest 

here is a house. The price of a house reflects several attributes (characteristics), 

which give a house its value. One can distinguish structural characteristics (size 

of house, number of rooms, garage space, age of house, size of garden, etc.), 

local socio-economic and neighborhood characteristics (quality of schools, 

unemployment rate, recreational facilities, racial composition, etc.) and 

environmental characteristics (noise, air pollution, soil pollution or proximity to 

any environmental amenity or disamenity) . Each characteristic contributes to 

43 Composite commodities are also referred to as differentiated goods. 
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the consumer's overall utility of the good. The question now is how a change in 

soil quality is reflected in these sales prices of houses. In this way, it would be 

possible to monetize the benefits of possible soil remediation operations, i.e. to 

measure implicitly the value of risk reduction in a preference-based manner. 

People's behavior in the housing market reveals the willingness to pay for a 

clean soil. In the remainder of this section, we will elaborate the theoretical 

underpinnings of the hedonic price model in two stages. 

However, in following such an approach, no attention is paid to consult the 

neighborhood (the public) about the magnitude of its smaller willingness to pay 

for the polluted property. In that sense the hedonic price method (or any other 

measurement method) forms a complementary approach. It estimates the 

decrease of the value of the contaminated property at a certain moment in time. 

It is a valuation method that is often used to value environmental goods. The 

valuation of these goods is a difficult task since there is no direct market for the 

environment as a 'good'. Nevertheless, it is possible to derive preferences for 

environmental goods in an indirect way. By using market transaction data it is 

possible to determine the willingness to pay for the remediation of polluted sites. 

However, nowadays the empirical applications of this method in the field of soil 

contamination are particularly limited to landfills (e.g . Thayer et al, 1992) and 

toxic waste sites (e.g. Kohlhase, 1991). The objective is to apply this method to 

residential areas of polluting industrial sites. 

3.3.2 Structure and assumptions 

The classic hedonic model is built on a number of assumptions. The most 

important ones are enumerated below (Clauw, 2003). 

1. Hedonic price functions are assumed nonlinear. Linear hedonic price 

functions do only exist when certain types of arbitrage possibilities are allowed. 

In real life, hedonic price functions will always be nonlinear, since households 

are normally unable to repackage the composite commodity, i.e. a house. This 

means that a household cannot break up the composite commodity into its 

constituent characteristics and enjoy the benefit of each characteristic separate 

from the whole. 
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2. Consumers differ according to a vector of socio-economic characteristics a 

(reasons for differences in preferences across individuals); producers differ 

according to a vector firm-specific technologies and factor prices ~ (reasons for 

all differences in supplier cost functions - factor prices, technology, variables 

reflecting behavioral influences or constraints). 

3. The housing market can be considered as a single homogenous area (single 

market). Each house is described by n objectively measured characteristics. A 

particular variety of the differentiated product can be represented by a vector 

Z = (z1 , z2 , .•. , zn) of the characteristics of the product. Transactions in products 

are equivalent to tied sales when thought of as bundles of characteristics. 

4. Each house has a quoted market price and is also associated with a fixed 

value of the vector Z . Product markets implicitly reveal a hedonic price function 

P(Z) relating prices and characteristics. P(z;) reveals the house price as a 

function of a single characteristic Z; (e.g. soil quality level) resulting from the 

interaction between supply and demand. 

5. The utility function U(x,Z;a) is assumed to be strictly concave. x is the 

numeraire, or composite good representing all other goods outside the housing 

market. 

6. Each characteristic Z; is measured so that they all may be treated as 

'goods'. The first derivatives in P(Z) is increasing in all its arguments. The 

second derivatives are assumed to be continuous. 

7. The range of product choices is assumed to be continuous, such that there 

are a sufficiently large number of differentiated products available. 

8. c(M,Z;/J) represent the total costs derived from minimizing factor costs 

subject to a joint production function constraint relating M , Z and factors of 

production. M(Z) is the number of units produced by a firm of designs offering 

specification Z. The shift parameter /J reflects underlying parameters in the 

cost minimization problem, namely, factor prices and production function 

parameters. C is assumed to be convex with c(o,z) = 0 and the fi rst 

derivatives to respectively M and Z; strictly positive. 
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9. The production process is characterized by constant returns to scale. This 

means that the costs of producing one house with characteristics Z may be 

considered. 

10. The market is assumed to be competitive. This means that consumers and 

producers take P(Z) as given. Households as demanders and firms (or 

landlords) as suppliers of housing are both price schedule takers. 

3.3.3 Consumer or household 

As normal in consumer theory, utility is maximized subject to a budget 

constraint. However, the budget constraint is nonlinear as assumed that 

arbitrage was not possible. y represents consumer's income. 

MaxU(x,z1 , •• • ,zn;a) 

s.t. y = x + P(zw .. ,zJ 
Households choose levels of x and Z in order to maximize utility. It can be 

shown that the first order conditions can be summarized in the following 

manner: 

8%z; 8P ( ( ) ) -a'-u-----'-I = - . = P; = hi z' y - P Z ; a 
/ ax az, 

i = l, ... , n 

This equation states that the ratio of marginal utilities44 equals the marginal 

implicit price45 of the characteristic. The function h; (z, y - P(Z ); a) may be 

denoted as the marginal rate of substitution function. This is the demand 

function for attributes or the hedonic demand function. It differs from traditional 

44 The negative of the ratio of marginal utilities is known as the marginal rate of 

substitution between Z; and X. In other words, how much of one good is a household 

prepared to give up obtaining an extra unit of another good such that overall well-being 
remains unchanged. 
45 Or marginal price. 
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inverse demand functions {Hicksian and Marshallian)46
, since it relies upon a 

nonlinear budget constraint, and thus a nonlinear hedonic price function. 

Rosen {1974) now represents a consumer's action by defining a value or bid 

function B(Z,u,y;a) in order to stress the spatial context of the problem. This 

function indicates the willingness to pay for a house with characteristics Z, 
given a variable for income y and a level of utility u . It is defined implicitly by 

U(y-B,zi,z2 , ... ,zn;a)=u 47
• The bid function can be illustrated by bid 

curves. In fact, such a bid curve is simply an inverted indifference curve. For a 

certain characteristic Z1 1 the optimal bundle (x, Z1) will be found on the 

tangency point between the highest indifference curve and the nonlinear budget 

constraint. In the same way, a household that maximizes its utility will choose 

the bundle of its characteristics on the bid curve with the highest level of utility 

whilst still being able to fulfill the market conditions, given by the hedonic price 

function (figure 10). 

The slope of the hedonic price function and the slope of the bid function are the 

same. If a household wants an extra unit of characteristic z1 , its willingness to 

pay for that unit equals the market price of that extra unit. In addition, the 

chosen bundle of characteristics must be purchased by the market price as 

defined by the hedonic price function. This hedonic price function forms an upper 

envelope of different optimizing bid functions. 

46 Price taking consumers (with linear budget constraints) choose quantities with utility 
(Marshallian) or income (Hicksian) held constant. 
47 Money is spent on housing attributes and other things, i. e. y = B + X. 
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Figure 10: Household choice of characteristic (bid curve approach) 
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88 
The first derivative is the inverse of the compensated demand curve and 

OZ; 

represents the rate at which the household would be will ing to change 

expenditure on a house as characteristic i increases, while holding the utility 

level constant. It is the implicit marginal valuation the consumer places on Z; at 

a given utility index and income, also called the marginal reservation demand 

price. It is decreasing in Z; . The hedonic price for a characteristic together with 

the choice made by the household in optimizing its behavior gives local 

information about the household's preferences or willingness to pay in the 

neighborhood of the observed choice. 
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3.3.4 Producer or landlord 

The landlords maximize their profits according to the following rule: 

Max TI= M.P(z)-c(M,Z;fJ) 
Z,M 

The first order conditions of the optimal choice of M and Z requires 

P(Z)= 8P = ac IM 
' azi azi 

i=l, ... ,n 

P(Z)= cM(M,zp ... ,zJ 
This means that, at the optimum design, the marginal price for each 

characteristic equals the marginal cost per unit of increasing the amount of that 

characteristic. Furthermore, quantities are produced up to the point where unit 

revenue P(Z) equals marginal production cost, evaluated at the optimum 

bundle of characteristics. 

Rosen (1974) now defines an offer function ¢(Z,TI;/J). This function gives the 

price at which the producer will offer the house to obtain a particular profit level 

Jr, given a particular value of Z (and eventually a particular value of input 

prices). One can solve for ¢ in terms of Z, TI and /J by using following first 

order conditions: 

TI= M</J-C(M,zi, ... ,zJ 

CM (M,z,, ... ,zJ= ¢ 
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Figure 11: Landlord choice of characteristic (offer curve approach) 
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The offer function can be illustrated by offer curves. For a certain characteristic 

z 1 , the optimal bundle (¢, z1) will be found on the tangency point between the 

offer curve with the highest profit level whilst still being able to fulfill the market 

conditions, given by the hedonic price function (figure 11). Differentiating both 

equations gives the marginal reservation supply price for attribute i, increasing 

and a¢ = -1 >O 
81r M 

Generally, there is a distribution of /3 across all potential sellers. The producer 

equilibrium is then characterized by a family of offer functions that envelop the 
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market hedonic price functions. The empirical content of /3 is anything that 

shifts cost conditions among firms. As mentioned before in the assumptions, 

these are differences in factor prices and differences in technology. 

3.3.5 Equilibrium price schedule 

Different consumers have different sets of bid curves and different producers 

have different sets of offer curves. Households maximize their utility and look for 

the lowest possible bid, whilst landlords maximize their profits and look for the 

highest possible offer. As a result, there are different choice points along the 

hedonic price function. Every point along the hedonic price function corresponds 

to tangency between the bid function of some consumer and the offer function 

of some producer. The decisions of consumers and producers can be combined 

in the same diagram (figure 12). 

The requirement that the amount the consumer is willing to pay ( ()) must be 

equal to the price ( P(Z)), makes the optimal point to be the tangency point 

between the bid function and the price function. The requirement that the 

amount the producer is willing to offer ( rp) must be equal to the price ( P(Z)), 
makes the optimal point to be the tangency point between the offer function and 

the price function. The individual seeks to move to the lowest possible bid curve 

subject to the constraint of the price function. The supplier seeks the highest 

possible offer curve subject to the same constraint. The observations that 

constitute P(Z) represent a joint envelope of a family of value functions and 

another family of offer functions. The envelope function by itself reveals nothing 

about the underlying members that generate it and they in turn constitute the 

generating structure of the observations . 
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Figure 12: Hedonic price function and market equilibrium 

p 

Although the actions of all demanders and suppliers determine the hedonic price 

function, each individual agent faces an exogenous price schedule, as it is 

assumed that they are small players on the entire market48
• 

The partial derivatives of the price funct ion with respect to the individual 

attributes are market clearing marginal attribute prices. These marginal attribute 

prices basically measure the value of small changes in attribute levels and 

therefore constitute both the consumers' MWTP for attributes and the producers' 

marginal return. 

48 Each consumer is a price schedule taker. It is possible to influence the marginal price 
paid by varying the quantity of the characteristics purchased, but is not possible to 
influence to overall price schedule. 
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3.4 Demand or MWTP function 

The aim of the second stage is to identify the marginal willingness to pay 

(MWTP) function or marginal bid function for a specific attribute, e.g. clean soil. 

In the remaining analysis, the supply side49 will therefore be ignored. Due to the 

nonlinear budget constraint, the hedonic price function is determined also to be 

nonlinear. This gives rise to nonconstant marginal prices for the characteristics. 

In the previous stage, it was shown that the marginal bid function is equated to 

the marginal price in equilibrium. According to Rosen, these marginal bid 

functions are reservation demand prices for additional amounts of z; at a 

constant utility index. Ceteris paribus, the amount a household is willing to pay 

for a house with one extra unit of a particular attribute such that the same level 

of utility is maintained, is independent of income. To know which quantity of a 

specific characteristic is chosen by the household, one must know in advance the 

maximized level of utility u1 • 

An individual maximizes its utility by simultaneously moving along each marginal 

price schedule until the point is reached where the marginal willingness to pay 

equals the marginal implicit price (Bartik, 1988). The assumption of equilibrium 

suggests that there exists a feasible matching at the given attribute vector. 

MWTPi (z1) is how much individual 1 is willing to pay for other quantities of a 

specific attribute z1 (figure 13). 

Amenity improvements can now be estimated by calculating the area under the 

marginal willingness to pay curves. By integrating between the before and after 

levels of soil quality, an estimate of all households' total valuation of the 

improvement in soil quality can be derived. It must be stressed that this 

aggregation of benefits on the household level is a pure theoretical 

microeconomic approach. 

49 As frequently occurs in applications, the housing supply is considered fixed. 
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Figure 13: Consumer choice and marginal willingness to pay function 
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3.5 Validity of the hedonic price technique 

The hedonic method is based on observed economic choices, and is widely 

recognized as a valid valuation approach. However, the hedonic price method 

approaches can only measure those values that are tied to location (Ready et 

al., 1997). Of course, this necessary condition is fulfilled as soil contamination is 

linked with properties at a fixed location. 

3.5.l Strengths 

The hedonic price method's main strength is that it can be used to estimate 

values based on actual choices. Property markets are known to be relatively 

efficient in responding to information, so can be good indications of value. 
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Moreover, property records are typically very reliable. In Belgium, data on 

property sales and characteristics are readily available through the Chamber of 

Notaries, and these data can be related to other secondary data sources to 

obtain descriptive variables for the analysis. The method is versatile, and can be 

adapted to consider several possible interactions between market goods and 

environmental quality. The transactions used represent a large share of 

consumer welfare. 

3.5.2 Limitations and threats 

There are, however, also a number of limitations that must be discussed. First, 

the scope of environmental benefits that can be measured is limited to things 

that are related to housing prices. The method will only capture people's 

willingness to pay for perceived differences in environmental attributes, and 

their direct consequences. Thus, if people are not aware of the linkages between 

the environmental attribute and benefits to them or their property, the value will 

not be fully reflected in housing prices. As a result, the link between the 

environmental good and the house may also be weak. For instance, in some 

cases it may be difficult to disentangle aesthetic effects from contamination 

effects. 

Second, the method also assumes that people have the opportunity to select the 

combination of features they prefer, given their income. However, the housing 

market may be affected by outside influences, like taxes, interest rates, or other 

factors. The home market of the study area may be disturbed by governmental 

intervention. For instance, it is well known that Dutch people have migrated to 

their Belgian border communities because of fiscal reasons. The Belgian housing 

market is also especially attractive to them because of the less severe 

limitations in regional planning. 

Third, the method is also relatively complex to implement and interpret, 

requiring a high degree of statistical expertise. The results will also depend on 

model specification (Freeman, 1993). In the empirical analysis, the results may 

possibly suffer from the chosen hedonic price functional form. Model 

specification is an important point in applied welfare analysis. At first sight, 
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there are two possible solutions to this problem. First, the hedonic price function 

can be estimated using a flexible functional form model. A valid strategy in this 

case is to transform the data according to the Box-Cox method. A second way to 

deal with model specification is to perform sensitivity analyses on different 

chosen functional forms. Large amounts of data must also be gathered and 

manipulated. The time and expense to carry out an application will depend on 

the availability and accessibility of data. 

Fourth, the empirical application of the two-stage method is difficult, since we 

have to deal with problems like identification and endogeneity (Freeman, 1993). 

First, the second stage in the analysis does not contain any new information that 

is not yet incorporated in the first step. Indeed, marginal implicit prices are not 

observed directly, but are calculated on the basis of information from the first 

stage. Consequently, it is difficult to distinguish between the hedonic price 

function and the inverse demand function. Second, marginal implicit prices and 

the distance to the contaminated site are simultaneously determined by the 

buyer of the house. This produces endogeneity problems. Fortunately, according 

to Palmquist (1988, 1992a and 1992b), welfare measurement for localized 

externalities does not require the estimation of the second stage of the hedonic 

model if there are no transactions costs or moving costs (cfr. Infra) 

Finally, it is important to recognize that even with properly identified willingness 

to pay measures for proximity to a pollution source, the hedonic approach will 

only provide a limited measure of total benefits. The area under the willingness 

to pay function is the lower bound on the long run benefits (Bartik, 1988). The 

reason is that, in practice, households will want to adjust to the new pattern of 

amenities. As a result, the true efficiency benefits are underestimated. However, 

the household valuation measure may be seen as a short run measure of the 

benefits of soil quality improvements, i.e. before households have the chance to 

adjust. 

3.6 Conclusion 

The hedonic price method attempts to value certain environmental disamenities 

by studying markets in which an environmental attribute may be captured. In 
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this case, the value that people hold for avoiding contaminated site problems 

may be proxied by relative declines in the real estate market near the 

contaminated site. The model postulates that the value of a home is a funct ion 

of the quantity and quality of certain physical attributes of the home and 

neighborhood including perceived environmental conditions. By estimating a 

reduced form property value equation, the relative role of each of the factors 

can be determined, including the relative importance of perceived environmental 

conditions in determining the value of homes. Property values will reflect pre

existing beliefs or judgments about site risks. In applying the hedonic pricing 

method, it is thus fundamental that people are aware the disamenity. This 

perception is a necessary condition to yield useful results. As soil pollution is t ied 

to a particular location, we may conclude that the hedonic pricing method is a 

good tool to measure the benefits of soil remediation programs. The 

contamination is tied to a specific location that is valued implicitly by the 

property standing on it. 
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4 Cadmium pollution 

4.1 Site selection 

The selection of the area of investigation is an important matter in the research 

strategy. Residents in the vicinity of a pollution source are troubled by a decline 

in the value of their property that they believe is caused by the location, size 

and presence of pollution. These effects on property are further aggravated by 

intensive media coverage that has tended to focus on the possible risks. This 

has strongly influenced perceptions and subjective judgments within the area. 

The definition of the extent of the housing market can be problematic. Palmquist 

(1992) showed that the hedonic price function can accurately measure the 

willingness to pay for non-marginal environmental changes if the environmental 

change is localized. It is important to have a data range that is sufficiently large 

to include houses that have not been affected by the environmental change, yet 

small enough to be controlled for using only house, neighborhood, and access 

characteristics. 

The following attributes were used to select the site appropriate for applying the 

hedonic property value method (Schulze et al., 1986). 

1. The site should be located near or within a well-populated area 

2. The people living in the residential areas around the site must perceive a 

disamenity which is associated with the location of the polluting factory 

3. Community and neighborhood characteristics which may affect property 

values must be homogenous or identifiable within the sample. 

Considering the above attributes, the historically with heavy metals50 polluted 

region in the north of Belgium, consisting of the municipalities of Lommel , 

Overpelt, Neerpelt, Balen, and Mol will be investigated with respect to the link 

between housing value, pollution and health effects . The less polluted 5 1 region of 

reference will be made up by the municipality of Hechtel -Eksel (cfr. Infra). 

so Especially Cadmium (Cd) contamination . 
51 Zero pollution does not exist. 
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Belgium has been one of the most important cadmium-producing countries in 

Europe. Certain areas of the country are polluted by cadmium mainly as a 

consequence of the past emissions of several non-ferrous smelters. The polluted 

areas are only a short distance away from districts with much lower 

environmental exposure to cadmium. The environmental exposure to cadmium 

is causing great concern in the towns located near the zinc smelters in the 

Northern Campine. 

From the mid-19th century to the mid-seventies, zinc and lead were being 

refined in the Campine region (northern region of Flanders) by heating up ores 

and coal extracted from the area . For the refining of zinc and lead, ores and coal 

were heated to 1400°C inside tubular muffles. Metal vapors were condensed 

inside a condenser, collected and transferred into casting moulds. The residues 

(ashes, slag and muffles) from this pyro-metallurgic process were used in the 

hardening of roads and industrial terrains. Volatile metals not captured inside 

the condenser, condensed on dust particles and subsequently were expelled 

through the smoke stacks. As a result of these emissions, a widespread area 

became polluted through the deposit of dust contaminated by lead, zinc, arsenic, 

and cadmium. The discharge of the waste water from this industrial operation 

into the surface water has led to the contamination of several layers of 

groundwater52
. 

In the study area, we will mainly focus on airborne cadmium53
. In the eighties, 

the atmospheric emissions from the zinc smelters have been drastically reduced 

in Belgium (figure 14). Nevertheless, as a consequence of the historical 

contamination of the soil, people living in several areas of the country remain 

exposed to cadmium, and to a lesser degree also other heavy metals (Staessen 

et al., 1995a). Figure 14 shows the twelve month moving average of cadmium 

immissions in Lommel and Overpelt between 1985 and 1994. 

52 www.ovam.be. 
53 In the European Union and worldwide, approximately 85- 90% of total ai rborne cadmium 
emissions arise from anthropogenic sources, mainly from smelting and refining of 
nonferrous metals, fossil fuel combustion and municipal waste incineration (WHO, 2000). 
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Figure 14: Twelve month moving average of cadmium immissions in 

Lommel and Overpelt (1985-1994) 
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Through visual inspection of the site it must be determined how homogenous 

neighborhood characteristics are throughout the sample area. The real estate 

market in the region has been substantially affected by the environmental 

disamenity (Thewys et al., 2000). Demand for housing appears to have fallen to 

a much greater degree than the supply has increased near the site, result ing in 

both lower sales price and quantities of homes exchanged. 
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4.2 Cadmium and health 

4.2.1 Introduction 

Cadmium is used in many industrial processes and gives rise to atmospheric 

pollution and fall-out of this element in the neighborhood of these industries. In 

Belgium, cadmium soil concentrations are quite high. This is due to important 

atmospheric fall-out (80% of all deposits to the soil). This results in a relatively 

high intake by the population through the food chain. Cadmium is a relatively 

rare element that is not found in the pure state in the nature. It occurs mainly in 

association with the sulphide ores of zinc, lead and copper. Cadmium has only 

been produced commercially in the twentieth century. It is a by-product of the 

zinc industry. It is a soft, ductile, silver-white metal that belongs together with 

zinc and mercury to group Ilb in the Periodic Table. It has relatively low melting 

(320,9°C) and boiling (765°() points and a relatively high vapor pressure 

(WHO, 2000). 

Cadmium is a heavy metal with high toxicity, which accumulates predominantly 

in the kidney and liver after inhalation or gastrointestinal absorption. It is also 

found in other tissues including bone and placenta . The biological half -life of 

cadmium in the human body is 10- 30 years. The cadmium concentration in urine 

(U-Cd) is influenced primarily by the body burden and is proportional to the 

concentration in the kidneys. During occupational exposure, the concentration of 

cadmium in blood (B-Cd) increases fairly rapidly and mainly reflects recent 

exposure. However, cadmium in blood has a slow component with a very long 

half-life (7-16 years) (Jarup, 2000). 

4.2.2 Cadmium studies in Belgium 

It has been suggested that even low-level exposure to cadmium and lead , as 

observed in the community at large, may lead to substantial excess morbidity, 

although in individuals the excess risk may be small and barely detectable. 

Staessen et al. (1995a, 1996) reviews 10 years of epidemiological research in 
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Belgium on the public health effects of environmental exposure to lead and 

cadmium. 

4.2.2.1 CadmiBel 

Since the seventies, several epidemiological studies have been carried out to 

evaluate the possible health effects of an increased cadmium body burden in 

areas polluted by this heavy metal. The CadmiBel 54 study is one of the largest 

cross-sectional population studies which were conducted in Europe on this issue 

(Staessen et al., 1995a). It was carried out in Belgium between 1985 and 1989. 

In order to provide a wide range of exposure, two areas with substantial 

environmental exposure to cadmium and two areas with lower exposure were 

selected on the basis of cadmium measurements in air, soil, vegetation and 

ground water. For each exposure level, a rural and an urban area were chosen. 

One urban area (Liege) was polluted as a consequence of the emissions of zinc 

industry during this century (until 1981), whereas the second urban area, where 

urban foundries were still in operation, was considerably less polluted with 

cadmium (Charleroi, 100 km from Liege). The polluted rural area (Northern 

Campine) was located near two non-ferrous metal smelters, 15-20 km distant 

from the rural area with low exposure (Hechtel-Eksel). The study was 

undertaken to assess whether environmental pollution by cadmium in Belgium 

might represent a health risk. A total number of 2327 subjects (stratified 

according to age and sex) were randomly sampled in the two urban and two 

rural areas, with different environmental pollution by cadmium. (Staessen et al., 

1995a). Six land areas55 with an estimated population of 9840 inhabitants were 

close to 3 smelters, of which 2 were in operation. The soil was contaminated by 

past emissions of cadmium from zinc smelters. As a contrast , four districts56 

more than 10 km away from smelters and with 9390 inhabitants were studied. 

Of 2327 participants in the CadmiBel Study, 1107 had been randomly selected 

from these 10 districts (Staessen et al., 1994). 

54 Cadmium in Belgium. 
55 Balen-Wezel, Mol-Wezel, Lommel-Werkplaatsen, Lommel-Barrier, Overpelt- Fabriek, and 
Neerpelt-Heide. 
56 Eksel-Kern, Eksel-Locht, Hechtel- Kern, and Hechtel-Rest. 
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Lauwerys et al. (1991) does not present the detailed results of this study but 

simply report its main conclusions. After allowing for the various factors known 

to influence cadmium accumulation, it was estimated that the cadmium body 

burden of the residents of the most polluted district (Northern Campine) was 50 

to 85% higher than in the less polluted areas. No statistical association 57 was 

found between environmental exposure to cadmium and blood pressure 

elevation or the prevalence of hypertension and other cardiovascular diseases. 

The prevalence of hypertension and of other cardiovascular diseases was similar 

in the four districts and was not significantly correlated with the level of 

cadmium in blood and urine. The CadmiBel findings were in agreement with 

earlier blood pressure studies in Belgium and in British civil servants. 

Staessen et al. (1994) investigated whether there was an association between 

renal function and cadmium pollution in areas with different exposures. The 

study showed that environmental cadmium pollution was associated with a 30% 

higher urinary cadmium excretion and with alterations in biomarkers for renal 

tubular dysfunction. 

The CadmiBel study examined the question of whether environmental exposure 

to cadmium would also affect calcium homeostasis in the community at large. 

Cadmium may potentially interfere with the metabolism of vitamin D, calcium, 

and collagen and its accumulation may therefore lead to osteomalacia and 

osteoporosis. The urinary excretion of calcium and the activity of serum alkaline 

phosphatase in both men and women, as well as the serum concentration of 

total calcium in men, were found to be correlated with the urinary excretion of 

cadmium. 

The main conclusion of these studies is that the increased cadmium body burden 

observed in Belgium as a result of past industrial emissions of cadmium is 

associated with subclinical reversible renal effects which are not predictive of an 

accelerated decline of the renal function with age. In agreement with studies 

carried out in other parts of the world, no association was found in CadmiBel 

57 It is sometimes fairly easy to show that a measure of ill-health is associa ted with a 
possible cause. However, to show that a causal relationship exists is more difficult. Proof of 
causality is often very difficult but, by the application of some criteria , an expert judgment 
as to whether an association is likely to be causal can often be made. These include 
identifying whether there is a dose-response relationship between the proposed causal 
factor and the effect, whether the sequence of events makes sense (i.e. the cause always 
precedes the effect), checking the consistency of results between different studies, and the 
way in which the results of different studies fit together (coherence) (WHO & EEA, 1997). 
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study between cadmium body burden and blood pressure, refuting the 

hypothesis of an increased risk of cardiovascular diseases caused by 

environmental cadmium. By contrast significant associations were found 

between cadmium body burden and indicators of bone effects. In conclusion, 

industry was identified as the most likely source of the increased exposure in the 

eastern Northern Campine from 1985 to 1989. 

4.2.2.2 PheeCad 

The two rural areas studied in the framework of the CadmiBel study showed an 

important gradient in environmental cadmium pollution and were therefore 

particularly suited for a longitudinal study . The CadmiBel participants constituted 

a random sample of the population of the polluted and control rural districts. The 

PheeCad 58 study is a longitudinal population study, which investigated the health 

effects of environmental exposure to cadmium and lead. The first round of 

collecting new data started in 1990 and was terminated in 1995. In the survey, 

the clinical and biochemical measurements performed at baseline in the 

framework of the CadmiBel study were repeated (Staessen et al., 1995a). 

The PheeCad study showed that even at low levels of environmental exposure, 

cadmium may promote skeletal demineralization, leading to increased bone 

fragility and risk of fractures (Jarup, 2000) . The PheeCad Study showed that the 

past emissions from non-ferrous smelters gave rise to a persistent 

contamination of the environment with cadmium, which gets into the food chain 

and has the potential to cause renal dysfunction and alterations in the zinc and 

copper homeostasis (Staessen et al., 1995a). 

4.2.3 Health effects of cadmium pollution 

Environmental and occupational exposure to cadmium is implicated in a number 

of health effects, primarily renal dysfunction and bone disease, but also some 

cancers. 

58 Public Hea lth and Environmental Exposure to Cadmium. 

93 



4.2.3.1 Renal dysfunction 

Cadmium, whether absorbed by inhalation or via contaminated food, may give 

rise to various renal alterations. Occupational and environmental exposure to 

cadmium has been implicated in renal dysfunction. Continued exposure to 

cadmium may cause tubular dysfunction to progress to glomerular damage with 

decreased glomerular filtration rates. Even at very low levels of exposure, this 

heavy metal can cause kidney damage (Jarup, 2000). 

4.2.3.2 Bone disease 

Prolonged exposure to cadmium may also lead to bone diseases. Even in 

modern developed countries many people suffer from decalcification of the 

skeleton as a result of ageing, or hormonal or nutritional deficiencies, or both. 

Even at a low degree of environmental exposure, cadmium may promote 

skeletal demineralization, which may lead to increased bone fragility and raised 

risk of fractures (Staessen et al., 1999). It is therefore conceivable that in such 

people, who are already at risk of skeletal deformation, environmental exposure 

to cadmium through its effect on the calcium metabolism may precipitate overt 

bone disease and contribute to bone disorders such as osteomalacia or 

osteoporosis. The potential consequences are, for example forearm fractures, 

compression fractures of the vertebrae or hip fractures. 

Kanis et al. {2003) and Johnell et al. (2004) examined the pattern of mortality in 

Sweden, following osteoporotic fractures. They conclude that the risk of death is 

increased in patients with osteoporotic fractures and that the highest risk is 

found immediately after the fracture event. In Belgium, Vanderschueren et al. 

(2000) also mention hip fractures to be associated with substantial mortality and 

morbidity . 
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4.2.3.3 Cancer 

In 1993, the IARC59 classified cadmium and cadmium compounds as group 1 

human carcinogens, having concluded that there was sufficient evidence of 

cadmium being carcinogenic to humans and animals. The evidence for 

carcinogenicity in humans was mainly based on the observation of excess lung 

cancer mortality among cohorts of workers in a United States cadmium recovery 

plant and from United Kingdom cadmium processing plants. Classification of 

cadmium as an animal carcinogen was based mainly on two inhalation studies in 

rats showing a dose-related induction of malignant lung tumors by cadmium 

chloride, cadmium sulphide/sulphate, cadmium sulphate and cadmium oxide 

fume and dust. However, more recent studies in humans are less conclusive. 

Several studies have demonstrated varying degrees of association between 

cadmium exposure and primarily lung and prostate cancer (WHO, 2000). Nawrot 

et al. (2006) show a significant association between risk of lung cancer and 

environmental exposure to cadmium60
• 

4.3 Data 

4.3.1 Integration of risk in the hedonic price method 

It should be clear that arguments from psychology have a great deal of 

relevance in explaining observed behavior with respect to valuing contaminated 

site risks. By observing behavior and prices within a real estate market, actual 

value estimates can be obtained for differences in the quality and quantity of an 

environmental disamenity such as a contaminated site. The evidence indicates 

that the hedonic property value method can estimate benefits as long as the 

proxy risk variable is a good approximation of risk judgments. The market for 

homes around a contaminated site may well be dominated by subjective risk 

that may be very different from objective risk (Schulze et al., 1986). In applying 

59 The Internat ional Agency for Research on Cancer. 
60 To their knowledge, this is the first time such an association has been reported in an 
environmentally exposed population. 
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the hedonic price method, we will consider subjective as well as objective 

measures of risk. We will look at distance to the pollution source as a proxy 

variable for subjective measure of risk. Soil quality or external exposure will be 

considered as an ex ante objective measure of risk. Constructed household

specific environmental health risk components are used as proxy variables for ex 

post objective risk measures. The main question is how these different risk 

measures will affect property values of the residential areas around the pollution 

sources. 

4.3.1.1 Distance to pollution source 

Property value data is often used to value environmental attributes and thus 

indirectly the adverse health impacts of pollution. The perceived health risk from 

living near polluting industries is reflected as a characteristic in the willingness 

to pay for housing. The estimated perceived risk in the hedonic equation can be 

weighted by the distance to the contamination source in order to individualize 

the perceived risk to each particular house. In this manner, models of perceived 

risk are integrated with actual market behavior. However, sometimes, the 

distance between a house and the polluting activity may serve as a proxy for 

two effects: the higher perceived risk (potential health effects) and general 

disamenities (aesthetics). It is common practice in the literature to consider 

distance to site as a subjective risk measure. As we have discussed several 

studies in the previous chapter, all use distance to site as a measure for risk. It 

remains, however, an arbitrary exercise whether potential health effects or 

aesthetic effects are the determining factors. The answer is definitely site

specific and depends on several factors. Media attention may play an important 

role to spread information of polluting activities. The awareness of the 

disamenity by people who live in the proximity to the site is a fundamental and 

necessary condition for the hedonic pricing method to yield useful results. It 

appears to be the case that the direct use of data on subjective risk judgment 

and perception can help clarify the social consequences of soil pollution. 
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4 .3.1.2 Soil quality 

The distance to the contamination source is only one way to proxy for the 

possible environmental health risk (Dolk et al., 1998 and Thewys & Clauw, 

2003). The expected result is to find concentric circles around the pollution 

source where the housing value reduction is proportional to the distance from 

the pollution source. Another way is to use soil quality data (e.g. mg Cd/kg dry 

soil) of the neighborhood around the pollution source as an indicative measure 

of potential human health problems. This would be a refinement as the effect of 

the wind direction would more immediately be taken into account. Soil quality or 

the external exposure to soil contamination is a proxy for an ex ante object ive 

risk measure. In the next chapter, we will predict cadmium content at 

unsampled locations by means of deterministic and stochastic interpolation 

techniques. 

4.3.1.3 Household-specific environmental health risk 

components 

Household-specific environmental health risk components are proxy variables for 

ex post objective risk measures. Continuous exposure to cadmium will 

eventually invoke several types of health problems. We will consider several 

health variables that may be divided in three classes: internal exposure, renal 

functioning and bone density variables. Of course, all variables are at least 

partly determined by their external exposure to cadmium. However, our purpose 

is to filter the environmental risk component that is incorporated in the data. 

Indeed, all these health variables may be subject to other confounding factors 

such as gender, age, smoking habits and professional exposure to heavy metals. 

We need to adjust the health variables in order to isolate the household-specific 

environmental health risk component. In chapter seven, we will subsequently 

consider mean residual analysis via stepwise multiple regression and a random 

intercept model in order to obtain a household-specific measure for 

environmental health risk. 
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4.3.2 Data quality 

The main advantage of revealed preference methods on stated preference 

methods is the quality of the data. As already mentioned above, in the hedonic 

price method, people reveal their willingness to pay when buying a house. The 

successful application of a hedonic study requires large, well-ordered data sets. 

Information on each sale consists of the sales price and a variety of structural, 

neighborhood, environmental, and other characteristics associated with the 

property. Of course, an important problem to solve will be to match the different 

data sets, in time as well as geographically. Records of variables will not be 

expected to match perfectly. As a solution, the use of spatial regression 

techniques will be explored together with mathematical and statistical 

techniques as surface interpolation and kriging. This will allow imputing variable 

values from one data set to another. 

4.3.3 Data sources 

Data gathering will be done by contacting various sources. For property value 

data, i.e. selling price and structural housing attributes61
, two sources were 

contacted. In order to obtain selling prices, we contacted individual Notaries who 

had access to information of all Notaries working in the area of interest. 

Structural housing attributes were gathered with the land registry. Then, it was 

possible to link both data sets on the basis of the address key. 

Using GIS62
, we were able to obtain two of our environmental proxy variables of 

interest, i.e . distance to site and soil quality. The distance to the pollution source 

can be measured by using the GPS63 coordinates of the addresses. We were able 

to transform addresses in GPS coordinates by using the CRAB64 data fi le of 

Support Centre GIS-Flanders 65
. The Support Centre has built a database 

containing the positions of all addresses in Flanders. This database was provided 

61 Number of rooms, garage, year house was built, lot square, garage, etc. 
62 Geographic Information System. 
63 Global Positioning System. 
64 Centraal Referentie Adressen Bestand (Central Reference Address File). 
65 This is a department of the Flemish Land Agency. 
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to us by the Province of Limburg for all the municipalities considered in our 

research. Cadmium pollution concentrations, as an indication of the ex ante 

objective risk, are available with the CMK66 of the Hasselt University. Geocoding 

was necessary in order to obtain reliable predictions of cadmium pollution 

elsewhere . 

Unfortunately, we were not able to gather socio-economic information like 

income, education, age and children. An attempt was made with the Minist ry of 

Finance, but this data is protected by the federal law on privacy. The lack of this 

kind of data makes it impossible to perform the delicate second-stage analysis of 

the hedonic price method (cfr. Infra). We were able to gather aggregated 

income data within census block groups in municipalities. Aggregated income 

may serve as a proxy variable for neighborhood quality. 

Finally, epidemiological data in the area are available from the UZ 

Gasthuisberg 67
. A specified number of households in the area were followed, 

controlled and questioned with respect to their health complaints. Within this 

group of people, we conducted an additional survey with questions asking for 

socio-economic data, house and neighborhood characteristics. 

4 .4 Hypothesis test ing 

Based on the discussion of the integration risk in the hedonic price method , we 

are now able to refine the general research question stated in the introductory 

chapter: 

How do subjective and objective measures of soil pollution risk affect property 

values when using the hedonic price method? 

The matching hypotheses with the problem statement consider different ways of 

assessing risk. The empirical counterparts may now be formulated as follows: 

66 Centrum voor Milieukunde (Center for Env ironmental Studies). 
67 Universitair Ziekenhuis Gasthuisberg (Universitary Hospital Gasthuisberg). 
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Hypothesis 1: People pay a risk premium for living further from the soil polluting 

activity. 

Hypothesis 2: Higher soil pollution levels are reflected in lower housing prices. 

Hypothesis 3: Cadmium invoked health problems are associated with diminished 

property values. 

The aim of this doctoral thesis will be to test these hypotheses and assess the 

differences between them in an appropriate empirical way. It is very important 

to test the sensitivity of the results by implementing different functional forms 

for the hedonic price function. We will treat hypotheses one and two in chapter 

six. Chapter seven will deal with the third hypothesis. 

4.5 Conclusion 

In this chapter, we selected the area of research in an appropriate way. The 

relationship between health and cadmium was discussed and we integrated 

several measures of risk in the hedonic price function. Finally, we concluded this 

chapter by introducing the various data sources and the matching empir ical 

hypotheses with the general research question. In the next chapter, we will use 

mathematical and statistical interpolation techniques to construct cadmium 

pollution charts of the research area . 
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5 Spatial interpolation of 

cadmium sample values 

5.1 Introduction 

The aim of this chapter is to build soil pollution charts of our study area by 

means of spatial interpolation techniques. Spatial interpolation is concerned with 

inference from point observations to the representation in the form of a map. 

The purpose is predicting the value of an environmental characteristic at any 

unobserved location, using a linear combination of available observations. As 

applied to soil pollution data it is a procedure for predicting soil concentrations at 

unmonitored locations throughout an area based on available observations 

within some proximity of the area. The prediction of cadmium values at 

unsampled locations may then be used as input in the regression analyses of the 

next chapter. The history of spatial variability, spatial statistics and spatial 

interpolation usually starts with t he work of Krige in South African gold mines. 

Krige used spatial interpolation to estimate minable block reserves from a 

number of point observations (Stein, 1991). 

Spatia l data are defined according to how the data were collected or how they 

are represented. Cressie (1991) distinguishes between three broad classes of 

spatial data. A first class consists of lattice data. This coincides with discrete 

variation over space, with observations associated with regular or irregular areal 

units. These data are thus associated with spatial regions. These correspond 

neatly to the way they are stored in geographic information systems, in which 

the data types are raster grids and polygons (vector coverages) respectively . 

Anselin (1992) has found lattice data to be the most appropriate perspective for 

applications in the social sciences that utilize GIS. Geostatistical data is a second 

class. Observations are associated with a continuous variation over space, 

typically in function of distance . Data can thus be observed at any location (e.g . 

temperature, soil contamination). The main goal of geostatistical analysis is to 
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predict values at the locations where we do not have samples. Sample sites that 

are close together typically have more similar data values. Many environmental 

phenomena are spatially autocorrelated in this way. Point patterns are a third 

class. These consist of occurrences of events at locations in space. This discrete 

data can be approximated by points on the map, but they cannot be observed at 

any place (e.g. diameters of trees). Point patterns are data where the location of 

some measurement is the attribute of interest. They are analyzed in terms of 

the distances between points. They are typically recorded as Cartesian 

coordinates68 within a sample area. It requires that the points be mapped 

exhaustively. Indeed, a subsample of the points within the study area can not be 

analyzed with any confidence. 

5.2 Spatial interpolation methods 

There are two main groupings of interpolation techniques: deterministic and 

geostatistical. All methods rely on the similarity of nearby sample points to 

create the surface. Deterministic techniques use mathematical functions for 

interpolation. Geostatistics relies on both statistical and mathematical methods, 

which may be used to create surfaces and assess the uncertainty of the 

predictions (Johnston et al., 2003, p.49). 

Deterministic interpolation techniques create surfaces from measured points, 

based on either the extent of similarity (e.g. inverse distance weighted 

interpolation) or the degree of smoothing (e.g. radial basis functions). The use 

of deterministic modeling is possible only if the context of the data values is well 

understood. Unfortunately, few earth science applications are understood in 

sufficient detail to permit a deterministic approach to estimation. There is a lot 

of uncertainty what happens at unsampled locations (Isaaks and Srivastava, 

1989). The deterministic interpolation techniques can be divided into two 

groups: global and local. Global techniques calculate predictions using the entire 

data set. Local techniques calculate predictions from the measured points within 

the neighborhoods, which are smaller spatial areas within the larger study area. 

68 (x, y) positions. 
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A deterministic interpolation can either force the resulting surface to pass 

through the data values or not. Exact interpolators do match the measured 

values on which the interpolation is based. Approximate interpolators utilize the 

measured values in calculating the predicted surface, but the surface is not 

restricted to passing through the measured values at those locations (Eberly et 

al., 2003, p.6-7). Deterministic methods do not incorporate statistical probability 

theory into development of the predictions. Instead, these methods use 

mathematical formulas or other relationships to interpolate values. In this 

chapter, we will use the inverse distance weighted method. It is a deterministic 

method that uses a weighted average of nearby points with distance being the 

only factor influencing calculation of the weight. 

Geostatistical interpolation techniques utilize the statistical properties of the 

measured points. The geostatistical techniques quantify the spatial 

autocorrelation among measured points and account for the spatial configuration 

of the sample points around the prediction location (Johnston et al., 2003, 

p.113). These stochastic methods incorporate the idea of randomness into the 

interpolation process. They allow the uncertainty of the predicted values to be 

calculated. Kriging is a stochastic method because it assigns weights based not 

only on the distance between surrounding points but also on the spatial 

autocorrelation among the measured points, which is determined by modeling 

the variability between the points as a function of the separation distance. 

Viewing the data as the result of a random process does help us with the 

problem of predicting unknown values. It also gives us the ability to gauge the 

accuracy of our estimates. 

5.3 Geostatistical method 

5.3.l Randomness of the spatial process 

5.3.1.1 Random variable 

Geostatistics is based on random processes with dependence. In a spatial or 

temporal context, such dependence is called autocorrelation. In geostatistics 
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there are two key tasks: (1) to uncover the dependence rules and (2) to make 

predictions. Each measured value in a sample data set has a location in the 

domain R and may be called a regionalized value. These observed values are 

only one of many possible realizations of a random process. At each point x, a 

sampled value z(x) 69 is one possibility of a random variable Z(x) 70
• There is 

only one reality (which is sampled), but it is one realization of a process that 

could have produced many realities71 (Cressie , 1993, p.52). 

The random variable z(x) is fully characterized by its cumulative distribution 

function, which gives the probability that the variable Z at location x is no 

greater than any given threshold z (Goovaerts, 1997, p.64): 

F(x;z)= Pr{z(x)~ z} Vz 

However, the application of the most commonly used geostatistical estimation 

procedures does not require a complete definition of the random process . It is 

sufficient to specify only certain parameters of the random process. A random 

variable is a variable whose values are randomly generated according to some 

probabilistic mechanism. In practice, it is therefore assumed that the 

parameters of the random variable are the same as the sample statistics that 

can be calculated. The two model parameters most commonly used in 

probabilistic approaches are the expected value of the random variable and its 

variance (Isaaks and Srivastava, 1989). 

5.3.1.2 Random function model 

Geostatistics is mainly based on the concept of a random function. The set of 

unknown values is regarded as a set of spatially dependent random variables. A 

random function is a set of random variables that have some spat ial locations 

and whose dependence on each other is specified by some probabilistic 

mechanism. As with random variables, which have several possible outcomes, 

69 To account for data locations, measurements of continuous attributes are denoted 

z(.x), where X is the vector of spatial coordinates. 
70 Upper case letters will denote random variables where lower case letters will denote 
outcomes. 
71 A random variable's realization is a regionalized value (Wackernagel, 2003, p.42) . 
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random functions also have several possible outcomes or realizations. The 

random function concept allows us to account for structures in the spatial 

variation of the attribute. The set of realizations of the random function models 

the uncertainty about the spatial distribution of the attribute over the entire 

study area. The local uncertainty about the attribute value at any particular 

location is modeled through the set of possible realizations of the random 

variable at that location. 

A random function is defined as a set of usually dependent random variables 

z(x), one for each location in the study area R I {z(x ), V.x E R}. To any set of 

n locations X;, i = 1, ... , n corresponds a vector of n random variables 

{z(.x1 ), ••• ,Z(.x,.)} that is characterized by the multivariate cumulative 

distribution function : 

F(xi,···,x.;zp···,z,.) = Pr{Z(.xi) ~ Zp···,Z(.xJ ~Zn} 

It characterizes the joint uncertainty about the n actual values z(.x1 ), ••• , z(xn). 
In practice, the analysis is limited to bivariate cumulative distribution functions 

involving no more than two locations at a time and their corresponding moments 

(Goovaerts, 1997, p.68). Indeed, it is usually not necessary to completely 

describe the probabilistic generating mechanism since it is very difficult to do so 

and we do not need to know it. It is usual to adopt a stationary random function 

as a model and to specify only its covariance or variogram. These are commonly 

used to summarize the bivariate behavior of a stationary random function. The 

key to successful estimation is to choose a variogram or covariance that 

captures the pattern of spatial dependence 72 (Isaaks and Srivastava, 1989). 

5.3.2 Statistical assumptions 

The first step in geostatistical data analysis is to verify the statistical 

assumptions: spatial dependence, normality, stationarity. 

72 Both assumptions of spatial dependence and stationarity are discussed in the next 
section. 
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5.3.2.1 Spatial dependence 

The question is whether knowing the value of some variable at some location 

gives information on the value at nearby locations. The assumption of spatial 

dependence, as opposed to spatial heterogeneity, follows directly from Tobler's 

First Law of Geography. Tobler (1970) assumes that the value of a variable at a 

point in space is related to its value at nearby points. In other words, points 

closer together in space are more likely to have similar values than points more 

distant. As a consequence, similar values for a variable will tend to occur in 

nearby locations, leading to spatial clusters. For example, a high content of 

cadmium per kg dry soil in a particular point in town will often be surrounded by 

other high values. This spatial clustering implies that many samples of 

geographical data will no longer satisfy the usual statistical assumption of 

independence of observations 73
. In other words, the spatial distribution of values 

is not random. Observations close to each other on the ground tend to be more 

alike than those further apart. The presence of such a spatial structure is a 

prerequisite to the application of geostatistics. The existence of spatial 

dependence makes it possible to predict soil properties at unsampled locations. 

Anselin and Griffith (1988) show how the results may become invalid if spatial 

dependence is ignored. Indeed, when standard assumptions of independence 

and homogeneity are violated, special ized techniques in the field of spatial 

statistics74 must be used instead. If data are independent, it makes little sense 

to analyze them geostatistically and there is no possibility to predict values 

between them. Geostatistical methods are thus based on the premise of spatial 

continuity, i.e. the notion that sites close together are more likely to have 

similar data values than sites far apart. 

73 Classical statistics assumes independence, at least within sampling st rata. This gives 
major implications for sampling design and statistical inference. 
74 Geostatistics (focus on physical sciences) and spatial econometrics (focus on economic 
modeling). 
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5.3.2.2 Normality assumption 

An underlying assumption of geostatistics is that the distribution of values in a 

sample population approximates a statistically normal distribution (a bell-shaped 

curve). In practice, the spatial variation of a regionalized variable is frequently 

complicated by discontinuities introduced by geological influences. Many 

variables in soil sciences exhibit a non-normal distribution of measured values 

and therefore do not initially satisfy the basic assumption of statistical normality. 

Kriging as a predictor does not require that the data have a normal distribution 

(Johnston et al., 2003, p.137) . The normal distribution is especially needed to 

produce confidence intervals for prediction and for probability mapping. When 

considering only predictors that are formed from weighted averages, kriging is 

the best unbiased predictor whether or not your data is normally distributed. 

However, if the data is normally distributed, kriging is the best predictor among 

all unbiased predictors, not only those that are weighted averages (Goovaerts, 

1997, p.16). 

Many variables in earth science data sets have distributions that are not even 

close to normal. In order to work with non-normal distributions of sample 

values, the data may be transformed to make it more amenable to 

semivariogram analysis and kriging estimation (Houlding, 2000, p13-15). The 

natural logarithmic transformation is used when the data have a skewed 

distribution and only a few very large values. This transformation will help to 

make the variances more constant and make the distribution more bell-shaped. 

Isaaks and Srivastava (1989) argue that choosing a theoretical model for the 

distribution of data values is not always a necessary step prior to estimation. 

The straightness of a line on a probability plot is no guarantee of a good 

estimate and the crookedness of a line should not condemn distribution-based 

approaches to estimation. Certain methods lean more heavily on assumptions 

about the distribution than do others. Some estimation tools built on an 

assumption of normality may still be useful even when the data are not normally 

distributed. 
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5.3.2.3 Stationarity 

Stationarity is a property of the random function model needed for inference. In 

general, statistics relies on some notion of replication, where it is believed that 

estimates can be derived and the variation and uncertainty of the estimate can 

be understood from repeated observations. In a spatial setting, the idea of 

stationarity is used to obtain the necessary replication. Stationarity is often 

reasonable for spatial data. Journel and Huijbregts (1978) distinguish strict 

stationarity, second-order stationarity and intrinsic stationarity. Second-order 

and intrinsic stationarity are assumptions necessary to get the replication to 

estimate the dependence rules, which allows us to make predictions and assess 

uncertainty in the predictions. It is the spatial information (similar distance 

between any two points) that provides the replication. 

5.3.2.3.1 Strict stationarity 

Stationarity means that the characteristics of a random function 75 stay the same 

when shifting a given set of n points from one part of the region to another. 

This is called translation invariance (Wackernagel, 2003, p. 43) . A random 

function is said to be strictly stationary if for any set of n points Xi, ... ,xn and 

for any vector h : 

F(xi, ... ,xn;z1> ... ,zJ =F(x1 +h, ... ,xn +h; z" ... ,zJ 
\-1 - - h- 76 vXi, ... ,x,, and 

i.e. a translation of a point configuration in a given direction does not change the 

multivariate cumulative distribution. Strict stationarity requires the specification 

of the multivariate cumulative distribution for any set of points {.xp···, .xJ. 

75 It should be noted that stationarity is a property of the random funct ion model and not 
of the regionalized variable. 

7 6 h = (x;,Y; )-(xj,Yj ) 
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A lighter strategy will be to consider only pairs of points {i1 , i 2 } in the domain 

and try to characterize only the first two moments, not a full distribution 

(Wackernagel, 2003, p. 44). Naturally such a strategy is ideal in the case of the 

normal distribution where the first two moments entirely characterize the 

distribution. In general, however, this approach still works well in practice when 

the data histogram does not have too heavy tails. One possibility is to assume 

the stationarity of the first two moments of the variable: this is second order

stationarity77. A second possibility is to assume the stationarity of the first two 

moments of the difference of a pair of values at two points: this is called 

intrinsic stationarity. 

5.3.2.3.2 Second-order stationarity for covariance function and 

correlation function 78 

It is often assumed that the mean and variance are constant across the region 

of interest. Only the first two moments, mean and (auto)covariance are 

invariant under translation. A random function model is said to be stationary of 

order two when 

E[Z(i)] =µ,Vi ER 

(mean stationarity) 

c lz(i),z(i + fz)J = c(fz)= E[{z(i)-µ}{z(i + fz)- µ}J 
(variance stationarity) 

The expected values at all locations are the same. Spatial covariance c(h) 
includes the key idea that nearby observations may be correlated. Just like any 

other variables, the set of random variables making up the regionalized variable 

may have covariance, i. e. one may be related to another. It is one real izat ion 

per point, but each point is a different realization, so in some sense they are 

different variables, which have a covariance. The covariance equation over the 

spatial field is between all points in the field. Because, this is enormous it is 

assumed that the covariance between points depends only on their separation, 

77 Also ca lled covariance or weak stationarity. 
78 Covariance function (or covariogram) and correlation function (or correlogram). 
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and not on their actual location or individuality. The covariance can be estimated 

from a large number of sample pairs, all separated by approximately the same 

separation vector h . 

The covariance at one point (variance) is then reduced to 

It can not be estimated from one sample (of the many hypothetical realizations). 

It is therefore assumed that the variance at any point is the same finite value at 

all points. 

The correlation p(.h) is then the covariance c(.h) normalized by the total 

variance CY
2

, or formally 

p(.h )= c(J;); c(o) 

5.3.2.3.3 Intrinsic stationarity for semivariograms 

The problem is that mean and variance stationarity are often not plausible. The 

mean value is observed to be different in several regions, or else there is an 

obvious trend 79
• The covariance is often found to increase without bound as the 

area increases. The solution is to study the differences between the values and 

not the values themselves (Cressie 1990, p.40). Mean values are replaced with 

mean differences: 

E[z(.x)-z(x + t;)J= o 

Within some small separation h , they are the same. Covariances of values may 

be replaced with variances of differences: 

var[z(x)-z(x + t;)] = E[{z(x)-z(x + t;)}2] = 2r(h) 

The definition of the semivariogram80 r(h) does not require the existence of a 

constant mean and finite variance for the random function Z(i). A sufficient 

79 If t~e trend is subtracted, the residuals ma7_ be first-order stationary. 

80 r(h) is called the semivariogram and 2y~h) the variogram. 
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condition is that the random function increments lz(.x )- z(x + h )] are 

stationary of order two, a condition referred to as the intrinsic hypothesis81 

(Goovaerts, 1997, p.71). We may conclude that the intrinsic hypothesis impl ies 

the need for only local first-order stationarity. The increments of the function are 

weakly stationary: the mean and variance of the increments of z(x + h )-z(x) 
exist and are independent of the point .x . 
The covariance function and semivariogram of a stationary random function are 

related by following relationship: 

r(h)= c(o)-c(h) 

5.3.2.3.4 Conclusion 

When the data are found to be non-stationary, it can be concluded that kriging 

interpolation techniques will produce maps that are suboptimal, particularly 

when producing prediction standard error maps. Cressie (1993), among others, 

distinguishes two ways to use geostatistics in case of non-stationary data. First, 

we may subdivide the area into more homogeneous subzones and create a 

semivariogram for each local neighborhood. Second, we may remove the trend 

and transform the data to stabilize the variances. For instance, a natural 

logarithmic transformation may be used if the variance increases markedly. 

Nevertheless, the local stationarity assumption assumed by all of the estimation 

methods is often a viable assumption even in data sets for which global 

stationarity is clearly inappropriate (Isaaks and Srivastava, 1989, p.531-532). 

This means that we will assume stationarity in the search neighborhood and not 

in the entire data set. 

81 Second-order stationarity im plies the intrinsic hypothesis but the reverse is not true. 
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5.3.3 Exploratory spatial data analysis 

Exploratory spatial data analysis is used to help make decisions on 

transformations, detrending and the effect of unusual observations on variogram 

models. We use ESRI's Geostatistical Analyst extension to ArcGIS as a statistical 

tool for analyzing spatially continuous data. 

5.3.3.1 Study site 

Soil contamination is posing increasing threat to human health and 

environmental quality. Among the soil and environmental pollutants, heavy 

metals have received considerable attention over the last few decades. As 

mentioned in the previous chapter, our research deals with a study area in 

Belgium which was contaminated by airborne cadmium. Among other heavy 

metals, cadmium was released to the environment by atmospheric emissions for 

many decades. The study site is located in the northeast of Belgium covering the 

municipalities of Lommel, Overpelt, Neerpelt and Hechtel-Eksel. The Belgian 

Lambert72 coordinate system was used to georeference all samples since it is a 

metric system facilitating the manipulation of spatial errors. The origins of the 

cadmium were three pyrometallurgical zinc smelters in Salen, Overpelt and 

Lommel (Maatheide). Up to the present only two of them are still active, one in 

the border area between the provinces Antwerp and Limburg (Salen) and the 

other in the city of Overpelt. 

Cadmium production is a by-product of the smelting process of zinc. Cadmium 

was released in the atmosphere from 1889 and since the 1970s, the emission 

reduced drastically due to changes to a hydrothermal extraction process. The 

historical enrichment of soil with cadmium covers an area of approximately 280 

km2 (Staessen et al., 1995c). 

Vegetable gardens were targeted since the direct exposure of human to soil 

contaminated by cadmium is most risky when vegetables grown on such soils 

are consumed (Goovaerts & Van Meirvenne, 2001, p.84). Total concentrations of 
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cadmium were determined in 1439 topsoil samples collected irregularly in the 

study area82
• 

5.3.3.2 Histogram 

This purely descriptive part is a preliminary step toward building a numerical and 

probabilistic model for uncertainty in spatial prediction. The actual location of 

the data is ignored for now. The distribution of continuous values is typically 

depicted by a histogram with the range of data values discretized into a specific 

number of classes of equal width and the relative proportion of data within each 

class expressed by the height of the bars. The histogram depicts the frequency 

distribution of z -values for a given definition of classes. The histogram provides 

a univariate description of the data, displaying the frequency distribution and 

calculating summary statistics. 

Figure 15 shows the histogram of cadmium concentration expressed in mg per 

kg dry soil83
. The longer upper tails of the cadmium histogram indicate the 

presence of a few high concentrations. The histogram indicates that there are 

two sample points which values can be said to be extremely high. Histogram 

analysis is important in order to detect global outliers. This is a measured 

sample point that has a very high or a very low value relative to all values in the 

data set. Johnston et al. (2003) pay attention to the importance to ident ify 

outliers from the analysis. Indeed, they may be real abnormalities in the 

phenomenon, or the value may have been measured or recorded incorrectly. 

Outliers can have several detrimental effects on the prediction surface including 

effects on semivariogram modeling and the influence of neighboring values. 

82 Data were available from the CMK of the Hasselt University. 
83 S.I. unit. 
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Figure 15: Histogram of cadmium concentrations in soil samples (in 

mg / kg) 
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The important features of most histograms can be captured by summary 

statistics falling into three categories: measures of location, measures of spread 

and measures of shape. The mean and median may give us some idea where 

the center of the distribution lies. The central value of a distribution is usually 

taken as the arithmetic mean. For highly asymmetric dist ributions, a more 

appropriate central value is the median, which is the value corresponding to a 

cumulative frequency of 0,5. This is the value that splits the distribution into two 

halves : lower-valued data and higher-valued data. The variance or the standard 

deviation describe the variability of the data values. It is a measure of spread 

around the mean. The shape of the distribution is described by the coefficient of 

skewness . The coefficient of skewness gives a measure of asymmetry. For 

symmetric distributions, the coefficient is zero. If a distribution has a long tai l of 
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large values, then the coefficient is positive and the distribution is said to be 

positively skewed. 

Table 3: Summary statistics for the prediction data set { in mg/kg) 

Sample size 1439 

Mean 3,845 

Median 2,9 

Minimum 0,2 

Maximum 70,5 

Standard deviation 4,1412 

Skewness 5,991 

Table 3 lists for cadmium the values of the main statistics. Note the departure 

between mean and median for the distribution of cadmium values, which are 

strongly positively skewed. There are some extreme values in the data set. The 

maximum is more than eighteen times greater than the mean. In our prediction 

study these extreme values will severely inflate predicted values in their vicin ity. 

For this reason, such extreme values are often dismissed as outliers in practice. 

As a consequence, we simply deleted the two biggest values from the data. 

5.3.3.3 Voronoi polygons 

One technique for assessing the variability of mean and variance is to use 

Voronoi maps. Voronoi polygons are created so that every location within the 

polygon is closer to the sample point in that polygon than any other polygon. A 

Voronoi map is spatial tessellation generated from the distribution of spatial 

objects. This is obtained by assigning every point to its nearest spatial objects. 

The simplest method of constructing a Voronoi map is to follow directly its 

definition as a computational algorithm, that is, to calculate the intersections of 

half planes given by the bisectors of lines connecting points. A Voronoi map is 

used to divide a region into subregions by assigning every location to its nearest 

spatia l object (Eberly et al., 2004). 
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Voronoi maps created using cluster and entropy methods may be used to help 

identify possible local outliers. A local outlier is a measured sample point that 

has a value that is within the normal range for the entire data set, but if you 

look at the surrounding points, it is unusually high or low (Johnston et al., 2003, 

p.86-87). The entropy method places all cells into five classes. The value 

assigned to a cell is the entropy that is calculated from the cell and its 

neighbors. That is, 

Entropy= - LP; logp; 

where P; is the proportion of cells that are assigned to each class. Entropy 

values provide a measure of dissimilarity between neighboring cells. It is 

expected that things closer together are more likely to be similar than things 

further apart. Therefore, local outliers may be identified by areas of high 

entropy. The cluster method identifies those cells that are dissimilar to their 

surrounding neighbors. All cells are placed into five class intervals. The value 

recorded in a particular cell is expected to be similar to at least one of its 

neighbors. If this is not the case, the sample value in that cell may be identified 

as a local outlier. 

We applied both entropy and cluster method to our sample data set and 

identified sample values as local outliers if they appeared suspicious according to 

both methods. Figure 16 shows the Voronoi polygons created by the entropy 

method. Darker regions coincide with a larger scale of entropy or dissimilarity 

between the cells. Figure 17 shows the Voronoi polygons created by the cluster 

method. Here, suspicious cells are indicated in grey. As a result, 28 outliers were 

found. 

Together with the results of the histogram, in total, 30 outliers were removed 

from the data set, leaving 1409 sample values for the remaining analysis. The 

reason for the removal is that any inference made about the population from 

which the data originate can only be as good as the original data. In areas 

where the data values fluctuate wildly, we may not expect the same accuracy 

we get in areas where the values are not erratic. 
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Figure 17: Voronoi polygons by cluster method 
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5.3.3.4 Sampling locations 

Unfortunately, we can not rely on an exhaustive sampling of the area of interest. 

Instead, we have samples of only a fraction of the total area from which we try 

to infer properties of the whole area. Figure 18 shows the location of the sample 

data in the four municipalities: Lommel, Neerpelt, Overpelt and Hechtel-Eksel. 

The three zinc smelters are also indicated on the map. The pattern of spatial 

distribution of the contaminated sites is informative. The dots in figure 18 are 

not randomly distributed. They tend to cluster and we may speak of preferential 

sampling. Typically, the areas of interest are those with the strong 

concentrations in the residential areas. Sampling is often aimed at delineating 

such anomalous zones. Our samples do not fairly cover the entire area and their 

statistics are not representative for the entire area. 

Global estimation methods should account for the possibility of clustering. 

Groups of clustered samples should have their weights reduced to account for 

the fact that they are not representative of as large an area as are unclustered 

samples. Local estimates need to account for the distance from the points we 

are estimating to the individual sample locations. Some samples will be much 

closer than others and the values at these closer locations should be given more 

weight than the values that are further away. Local estimates are also affected 

by clustered sampling. A group of closely spaced samples with similar values 

contains redundant information. 
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Figure 18: Sampling locations 
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5 .3.3.5 Data transformation 
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Table 4 shows the summary statistics for the prediction data set without the 

outliers. We want to pay attention to the measures of spread and shape. By 

removing the outliers, the standard deviation and coefficient of skewness 

changed dramatica lly. However, the sample population still contains a large 

number of low values and relatively few very high values which made us having 

to deal with a positively skewed distribution. A Kolmogorov-Smirnov test clearly 

rejects the assumption of normality at a 5% significance level. 
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Table 4: Summary statistics for the prediction data set without outliers 

(in mg/kg) 

Sample size 1409 

Mean 3,761 

Median 2,9 

Minimum 0,2 

Maximum 34 

Standard deviation 3,573 

Skewness 3,675 

Kolmogorov-Smirnov Z 6,651 

To remove the effects of large values, we may apply a transformation to the 

sample values that makes them more amenable to variogram analysis and 

estimation. To deal with the large number of low values and the relatively few 

very high values, we take natural logarithms prior to analysis. The 

transformation is monotonic increasing, hence it preserves the rank of the 

original data in the cumulative distribution 84 (Goovaerts, 1997, p.16-17). 

Table 5: Summary statistics for the logtransformed prediction data set 

without outliers (in mg/kg) 

Sample size 1409 

Mean 1,0224 

Median 1,06 

Minimum -1,61 

Maximum 3,53 

Standard deviation 0,78367 

Skewness - 0,197 

Kolmogorov-Smirnov Z 2,323 

84 This means that order relations between any pair of original values hold true for their 
transforms. 
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Table 5 shows the summary statistics for the logtransformed prediction data set 

without the outliers . As a result of this transformation, the mean and median 

becomes more similar and the coefficient of skewness is now nearer to zero. As 

shown by the histogram in figure 19, the distribution becomes more bell-shaped. 

It can be seen that the distribution of the transformed values now more 

approximates a statistically normal distribution. However, a Kolmogorov

Smirnov test still leads to a rejection of the lognormal dist ribution hypothesis at 

the 5% level. Nevertheless, the data transformation reduces the influence of 

extreme values and stabilizes the variance. 

Figure 19: Histogram of logtransformed data (in mg/kg) 
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5.3.3.6 Trend analysis 

Through histogram analysis and Voronoi polygons, we checked the data for the 

assumptions of spatial dependence and normality. Trend analysis may now give 

an indication about the stationarity assumption. As mentioned in the previous 

section, the logarithmic data transformation has already stabilized the variability 

of our data to some extent. 

Figure 20: Trend analysis 

Figure 20 projects the values onto the (x, z) plane and (y, z) plane as scatter 

plots. This can be thought of as sideways views through the three-dimensional 

data. We tried to fit several polynomials through the scatter plots on the 

projected planes in order to identify the true direction of the trend. The data 

seems to exhibit a first order trend as the curve through the projected points is 

rather linear. A prediction surface may be made up of two main components: a 

fixed global trend and random short-range variation. If the trend is removed in a 

geostatistical method in order to satisfy the stationarity assumption, the random 

short-range variation in the residuals is modeled. At the end stage of the kriging 

analysis, the trend will be added back to obtain reasonable predictions. We will 
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compare both, models without trend removal and models with a first order trend 

removal. 

5.3.4 Variography 

Once a random function model has been chosen, the next step consists of 

inferring its parameters from the available information. This section aims at 

estimating the parameters of the random function model from the sample 

information available over the study area. These are a prerequisite for the 

kriging algorithms. 

5.3.4.1 Empirical semivariogram 

Covariance, correlograms and variograms provide numerical descriptions of 

spatial autocorrelation. The semivariogram and covariance functions quantify the 

assumption that things nearby tend to be more similar than things t hat are 

further apart. They both measure the strength of statistical correlation as a 

function of distance. From a practical point of view, the semivar iogram is 

generally preferred as a measure of spatial correlation because it tends to be 

smoother than the covariance function. The use of semivariograms impli citly 

assumes intrinsic stationarity. If there are trends in the data and/ or differences 

in the variability of differences over the spatial region , detrending or data 

transformations should be considered before computing semivariograms. 

The classical estimator of the empirical semivariogram f(h) is computed as 
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where N(h) is the number of pairs of data locations a vector h apart 

(Goovaerts, 1997, p.82). The semivariogram can be thought of as a dissimilarity 

function, as the variance of the difference increases with distance85
. 

The semivariogram cloud shows the empirical semivariogram for all pairs of 

locations within a data set and plots them as a function of the distance between 

the two locations. However, to plot all pairs of locations quickly becomes 

unmanageable86
• There are so many points that the plot becomes congested, 

and little can be interpreted from it. To reduce the number of points in the 

empirical semivariogram, the pair of locations will be grouped based on their 

distance from one another and directions. This grouping process is known as 

binning (Johnston et al., 2003, p.62). All possible pairs of points are formed and 

then grouped so that they have a common distance and direction. For each bin, 

the squared difference from the values for all pairs of locations that are linked 

are formed and then averaged and multiplied by 0,5 to give one empirical 

semivariogram value per bin. It is expected that the empirical semivariogram 

values increase as the bins get further away from the origin. This indicates that 

values are more dissimilar with increasing distance. 

The selection of a lag size87 has important effects on the empirical 

semivariogram. If the lag size is too large, short-range autocorrelation may be 

masked. If the lag size is too small, there may be many empty bins, and sample 

sizes within bins will be too small to get representative averages for bins. A rule 

85 The classical estimator of the empirical covariance C(h) and the empirica l correlogram 

,o(h) are respectively computed as (Goovaerts, 1997, p.86) 

~ (- ) 1 ~) ( ) ( - ) Ch =~~z x; z x; +h -m_;;m+;; 
N\h} i=I 

p(h) = ~ c{~) E [-1, + 1] 
CY_;;CY+;; 

where m ±h and o-±ii are respectively the mean and the standard deviation of all data 

values whose locations are ± h away from some other data location. 
86 All possible point pairs are formed, in tota l n(n-1)/2. 
87 The lag size, also called lag spacing or lag increment, is defined as the distance between 
successive lags in the computation of the variogram. 
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of thumb is to multiply the lag size times the number of lags, which should be 

about half of the largest distance among all points (Johnston et al., 2003, p.66). 

5.3.4.2 Fitting a model to the empirical semivariogram 

Once the empirical semivariogram is created, a line to the points forming the 

empirical semivariogram model can be fitted88
. The empirical semivariogram is 

used to estimate the theoretical model. This theoretical model is actually used to 

develop the kriging predictors and standard errors. There are no hard-and-fast 

rules on choosing the best semivariogram model. The empirical semivariogram 

can be looked at and a model that looks appropriate can then be picked. It is 

also possible to use crossvalidation as a guide (Johnston et al., 2003, p.169). 

However, in order for the predictions to have nonnegative kriging standard 

errors, only some functions may be used as semivariograms (Isaaks and 

Srivastava, 1989, p.297). The goal of semivariance modeling is to determine the 

best fit for a model that will pass through the points in the semivariogram. The 

semivariogram is a function that relates semivariance (or dissimilarity) of data 

points to the distance that separates them. Its graphical representation can be 

used to provide a picture of the spatial correlation of data points with their 

neighbors. 

There are certain characteristics that are commonly used to describe the basic 

semivariogram models. The distance where the model first flattens out is known 

as the range. Sample locations separated by distances closer than the range are 

spatially autocorrelated, whereas locations further apart than the range are not. 

The range is the distance beyond which observations are uncorrelated or at least 

approximately uncorrelated. The value that the semivariogram model attains at 

the range is called the sill. The sill is the value of the semivar iogram where 

observations are uncorrelated or nearly uncorrelated. Theoretically, at zero 

distance, the semivariogram value should be zero. However, at an infinitesimally 

small separation distance, the difference between measurements often does not 

tend to zero. This is called the nugget effect. The nugget effect can be attributed 

to measurement errors or spatial sources of variation at distances smaller than 

88 This is similar to fitting a least-squares line in regression analysis. 
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the sampling interval. This microscale variation occurs because the variation at 

these spatial scales is too fine to detect. The nugget effect may be seen as the 

resulting discontinuity in the semivariogram at the origin. 

The empirical semivariogram must be altered into a theoretical model in order to 

be able to model the random process at any separation . This means that the 

true semivariogram of the spatially correlated random process is estimated from 

the empirical semivariogram. The selected model influences the prediction of the 

unknown values, particularly when the shape of the curve near the origin differs 

significantly. The steeper the curve near to the origin, the more influence the 

closest neighbors will have on the prediction. It is not possible to use any 

arbitrary function. For the kriging equations to have one, and only one, stable 

solution, it must be ensured that the permissible functions are known to be 

positive definite. These functions, called basic models, are varied enough to 

enable a satisfactory fit to all empirical semivariograms likely to be encountered 

in practice (Isaaks and Srivastava, 1989, p.371-372). The permitted 

semivariogram functions are called authorized models. They may be divided in 

four groups 

1. pure nugget (no spatial structure) 

2. unbounded models: variance increases with area; no sill or range 

3. bounded models: variance reaches a sill at some range 

4 . bounded asymptotic models: variance approaches a sill at some 

effective range 

If the sample semivariogram has a linear behavior near the origin, either the 

spherical or exponential model is preferable. This is the case with our sample 

values. A straight line can quickly be fit to the first few points on the sample 

semivariogram. If this line intersects the sill at about one fifth of the range, then 

an exponential model will likely fit better than a spherical. If it intersects at 

about two thirds of the range, then the spherical model will likely fit better 

(Isaaks and Srivastava, 1989, p. 373-374). We will explore both models. 

The most commonly used semivariogram model is the spherical model. A 

spherical function rises at first and then levels off for larger distances beyond a 

certain range: 
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0 h=O 

y(h)- c,+c,{t-tr} O<h~a 

h>a 

where c 0 is the nugget effect, c0 + c 1 is the sill 89 and a is the range and 

c0 2 0, c0 + c1 2 0 and a 2 0. 

The exponential model reaches its sill asymptotically, with the practical range 

defined as that distance at which the semivariogram value is 95% of the sill. 

Like the spherical model, the exponential model is linear at very short distances 

near the origin. However, it rises more steeply and then flattens out more 

gradually. 

The exponential model is: 

h=O 

h>O 

where c0 is the nugget effect, c0 + c1 is the sill and a is the range and 

c0 2 0, c0 + c, 2 0 and a 2 0 . 

Both models are bounded which means that a sill is practically reached at the 

range. The spherical model reaches its sill at the actual range. The exponential 

model reaches its sill asymptotically. Bounded models are also referred to as 

transition models. Both, spherical and exponential models, show linear behavior 

near the origin. For the same practical range, the exponential model starts 

increasing faster than the spherical model. 

One should avoid overfitting empirical semivariograms. The objective is to 

capture the major spatial features of the attribute, not to model any (possibly 

spurious) details of the sample semivariograms (Goovaerts, 1997, p.100). Such 

complicated models90 usually do not lead to estimates more accurate than those 

provided by simpler models . If the major features of the empirical 

89 The sill consists of the partial sill c1 and the nugget effect c0 . 
90 Three or more basic models may be combined to capture every kink of the empirical 
semivariogram. 
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semivariogram can be captured by a simple model, then it will provide solutions 

that are as accurate as those found using a more complex model (Isaaks and 

Srivastava, 1989). For this reason, we will only focus on simple semivariogram 

models. 

Finally, it can be shown that there is a one-to-one correspondence between the 

theoretical semivariogram and the theoretical covariance function (Isaaks and 

Srivastava, 1989, p.289), namely 

r(h) =c0 +c1 -C(h) 
Therefore, when dealing with a covariance stationary regionalized random 

variable, the variogram and the spatial covariance function contain the same 

information as one another. 

5.3.4.3 Anisotropy 

The shape of the semivariogram curve may also vary with direction after the 

trend is removed or if no trend exists. A directional influence will affect the 

points of the semivariogram and the model that will be fit. In certain directions 

closer things may be more alike than in other directions. The cause of the 

anisotropy or directional influence in the semivariogram is not always known, so 

it is modeled as random error. Anisotropy differs from t he trend in the sense 

that the trend may be described by a physical process and modeled by a 

mathematical formula. Anisotropy is usually not a deterministic process that can 

be described by a single mathematical formula. It does not have a sing le source 

that predictably affects all measured points. It can be seen as a characteristic of 

a random process that shows higher autocorrelation in one direction than in 

another (Johnston et al., 2003, p.69-70). 

Typically, the analysis of spatial continuity begins with an omnidirectional 

semivariogram for which the directional tolerance is large enough that the 

direction of any particular separation vector becomes unimportant. With all 

possible directions combined into a single semivariogram, only the magnitude is 

important. An omnidirectional semivariogram can be thought of as an average of 

the various directional semivariograms. It is not a strict average since the 

sample locations may cause certain directions to be overrepresented. In many 
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practical studies, the pattern of anisotropy is explored by using some prior 

information about the axes of anisotropy. Qualitative information such as the 

knowledge of the prevailing wind direction in a study of airborne pollution can be 

incorporated by the anisotropy of the semivariogram model (Isaaks and 

Srivastava, 1989, p.379). 

Generally speaking, there are two types of anisotropy: geometric anisotropy and 

zonal anisotropy. Geometric anisotropy means that the correlation is stronger in 

one direction than it is in other directions and occurs when the range of the 

semivariogram changes with different directions but the sill remains roughly 

constant. As a consequence, the plot of range values versus the azimuth 91 B of 

the direction is an ellipse (Goovaerts, 1997, p.90-95). The length of the longer 

axis to reach the sill is called the major range, whereas the length of the shorter 

axis to reach the sill is called the minor range. Zonal anisotropy exists when 

both the range and the sill of the semivariogram change with direction. The 

semivariogram in the direction of azimuth B has a longer range and also a 

larger sill than in other directions. If the sills of the directional semivariograms 

are different, no affine transformation can make the two semivariograms 

coincide. Zonal anisotropy is hard to correct, and can only be done by 

appropriately modeling and detrending the data, or through the use of nested 

semivariogram models (Eberly et al., 2004, p.43). 

As theoretical semivariogram models are defined for the isotropic case, we need 

to examine transformations of the coordinates which allow to obtain anisotropic 

random functions from the isotropic models (Wackernagel, 2003, p.62- 65). 

Correcting for geometric anisotropy92 refers to the reparameterization 

(standardization) of the separation distance in each direction so that the degree 

of spatial continuity is equivalent for the standardized distance in all directions. 

This means that a linear transformation of the spatial locations leads to an 

equivalent isotropic model. If orthogonal axes of major and minor range can be 

found, the coordinates can be transformed from an oblique ellipse to a circle. 

This geometric transformation makes rotation and sca le change independently in 

two orthogonal axes. The coordinate transformation thus calls for two key 

91 The azimuth is the angle defining the direction of a directional semivariogram. It is given 
as the value of the angle between pairs of points, measured clockwise from north. 
92 As Isaaks and Srivastava (1989) argue, the analysis of spatia l continuity is rarely a 
straightforward process and one should be prepared for several iterations of t he steps. 
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parameters: the azimuth angle (} of the direction of maximum continuity and 

the anisotropy factor93 A . The transformation proceeds in two steps: the 

coordinate axes are rotated clockwise so as to identify the main axes of the 

ellipse. The rotation angle corresponds to the azimuth angle (}. The ellipse is 

then rescaled to a circle of radius equal to the minor range (Goovaerts, 1997, 

p.90-94). 

5.3.5 Kriging 

The main application of geostatistics to soil science has been the estimation and 

mapping of soil attributes in unsampled areas. Kriging is a generic name 

adopted by the geostatisticians for a family of generalized least squares 

regression algorithms (Goovaerts, 1997, p.125) . It is a method of spatial 

interpolation most frequently used in GIS and spatial analysis. Kriging is divided 

into two distinct tasks: quantifying the spatial structure of the data and 

producing a prediction. Quantifying the structure, known as variography, is 

where a spatial dependence model is fit to the data . To make a prediction for an 

unknown value for a specific location, kriging will use the fitted model from 

variography, the spatial data configuration, and the values of the measured 

sample points around the prediction location (Johnston et al., 2003, p. 132). 

Kriging weights the surrounding measured values to derive a prediction for each 

location. The weights decrease with distance but are more refined than a 

straight distance weighting since they account for the spatial arrangement of the 

data. 

All kriging estimators are variants of the basic linear regression estimator Z(x) 
defined as 

~ z(x) - µ(x) = 2._J;(x)[z(x;)- µ(x; )] 
i =I 

93 This factor is defined as the ratio of the major range to the minor range. In an isotropic 
model, the anisotropy factor is equal to one. 
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where 1; (x) is the weight assigned to datum z(x;) interpreted as a realization 

of the random variable Z(.x;). The quantities µ(x) and µ(x;) are the expected 

values of the random variables z(.x) and z(.xJ. The number of data involved 

in the estimation as well as their weights may change from one location to 

another (Goovaerts, 1997, p.125-126) . 

In practice, only the n(.x) data closest to the location x being estimated are 

retained, i.e. the data within a given neighborhood, or window W(.x) centered 

on x. These points contribute most of the weight. The solution may be more 

rapid when the kriging system is set up locally with only a few points. Kriging 

forms weights from surrounding measured values to predict values at 

unmeasured locations. It can be assumed that as the locations get further from 

the prediction location, the measured values will have less spatial 

autocorrelation with the prediction location. Thus, it is possible to eliminate 

locations that are further away that demonstrate little influence. Moreover, it is 

even possible that locations that are further away may have a detrimental 

influence if they are located in an area much different than the prediction 

location. There are two controlling mechanisms to limit the points used, i.e. 

specifying the shape of the neighborhood and establishing constraints on the 

points within the shape. Isaaks and Srivastava (1989) argue that the search 

neighborhood is usually an ellipse centered on the point being estimated . The 

orientation of this ellipse is dictated by the anisotropy in the pattern of spatial 

continuity. If sample values are much more continuous in one direction than in 

another, then the ellipse is oriented with its major axis parallel to the direction 

of maximum continuity . If there is no evident anisotropy, the search ellipse 

becomes a circle and the question of orientation is no longer relevant. In 

addition to size and orientation of the search neighborhood, the number of 

points to be used within the neighborhood for the predictions must be defined. 

In practice, 10 data values would be a reasonable minimum (Goovaerts, 1997, 

p.178). Moreover, to avoid bias in a particular direction, the circle or ellipse can 

be divided into sectors from which an equal number of points are selected. The 

number of points and sectors used should be defined objectively and based on 

the spatial locations of the sample data. 
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All flavors of kriging share the same objective of minimizing the estimation or 

error variance o-i{.x) under the constraint of unbiasedness of the estimator 

(Goovaerts, 1997, p.126), i.e. 

Min o-~(.x)= varlz(.x) - z(.x)J 

s.t. Elz(.x)-Z(.x)J= 0 

The kriging estimator varies depending on the model adopted for the random 

function Z(.x) itself. The random function Z(.x) is usually decomposed into a 

residual component s(x) and a trend component µ(x): 

z(.x) = µ(x)+ s(x) 
The residual component is modeled as a stationary random function with zero 

mean and covariance c)hl 
E(s(x)] = 0 

cl&(.x), s~ + ,;)J= cc (h)= El&(.x)s(.x + ,;)J 
The expected value of the random variable Z at location x is thus the va lue of 

the trend component at that location: 

E[z(x)] = µ(x) 
In the next subsections, three kriging variants that can be distinguished 

according to the model considered for the trend µ(x) will be discussed. 

5.3.5.1 Simple kriging 

Simple kriging (Goovaerts, 1997, p.127-132) considers the mean µ(x) to be 

known and constant throughout the study area R : 

µ(x) =µI known Vi E R 
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The modeling of the trend component µ(x) as a known stationary mean allows 

one to write the linear estimator as a linear combination of (n(x)+ 1) pieces of 

information : the n(x) random variables z(xJ and the mean value µ: 

isK(x) = f ,,i7K (xXz(x; )-µ]+ µ 
i= l 

The n(x) optimal weights A[K (x) that minimize the error variance subject to 

the unbiasedness constraint are obtained by setting to zero each of the n(x) 
partial first derivatives: 

I_ aa-:(x) = ~ 1sK(-)c (- _ -.)-c (-. _ -)=o 
SK(-) 2 .. /•; X 6 X1 X1 6 X 1 X 

2 8).;1 X j=I 

where i = 1, ... , n(x) 

The system of n(x) linear equations is known as the simple kriging system. 

Stationarity of the mean entails that the residual covariance function C
6 

(i;) is 

equal to the stationary covariance function c(i;) of the random function z(x) . 
The simple kriging system reduces to: 

j = I 

The minimum error variance or the simple kriging variance may then be 

calculated as: 

a-fK(x)= c(o) - f ,,i7K(x)c(x1 -x) 
i= l 

5.3.5.2 Ordinary kriging 

Ordinary kriging (Goovaerts, 1997, p.132-139) accounts for local fluctuations of 

the mean by limiting the domain of stationarity of the mean to the local 

neighborhood w(x): 
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µ(.x') = constant but unknown Vi° E W(x) 
Conceptually, the model divides the spatial process into two components: a 

large-scale mean trend component µ and a small-scale random fluctuation 

component s(x). Ordinary kriging places very little emphasis on the large-scale 

mean trend component, choosing to treat this component of the model as a 

simple constant that does not depend on location. The method is instead 

focused on carefully modeling the structure and behavior of the small-scale 

random fluctuation component. 

Ordinary kriging allows one to account for local variation of the mean by limiting 

the domain of stationarity of the mean to the local neighborhood W(x) centered 

on the location x being estimated. The linear estimator is then a linear 

combination of the n(.x) random variables z(x;) and the constant local mean 

value µ(x): 

ioK (x) = f ,,i7K (x)[z(x; )- µ(x)]+ µ(x) 
i=I 

The optimal weights !l;K (.x) that minimize the error variance subject to the 

unbiasedness constraint are obtained by setting to zero each of the (n(x) + 1) 

partial first derivatives of the Lagrangian L(x) with Lagrange parameter 

2s0Ax): 

1 8L(x) ~ 1oK(-)c (- - ) C (- -) n (-) Q - OK(-)= 2... /1,J X 6 X; - X J - 6 X; - X + r7oK X = 
2 8A; X J=I 

where i = l, ... , n(x) 

.!_ aL(x) = f ,,iOK (.x) - 1 = O 
2 9oAx) i= I ' 

Although the mean µ(.x) is assumed stationary only within the local 

neighborhood W(i), in the practice of ordinary kriging the residual covariance 
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is assimilated to the global z -covariance inferred from all data available leading 

to following ordinary kriging system 94
: 

~ 2... ,1,JK (x )c(xi - x J+ SOK (x) = c(x; - x) where i = 1, ... , n(x) 
j=I 

Ordinary kriging predicts at points with unknown mean and no trend. Each point 

x is predicted as the weighted average of the values at all sample points X;: 

The resulting minimum error variance may then be calculated as 

CT~K (x) = c(o)- rA~K (x)C(x; -x)-soAx) 
i=l 

The difference between the simple kriging and ordinary krig ing estimates of z 

at x is caused by a departure of the local mean µ 0 K (x) from the global mean 

µ. The ordinary kriging estimate is smaller than the simple kriging estimate in 

low-valued areas where the local data mean is smaller than the global mean. 

Conversely, the ordinary kriging estimate is larger than the simple kriging 

estimate in high-valued areas where the local mean is larger than the global 

mean. 

Ordinary kriging is a best linear unbiased estimator (BLUE). It is best because it 

minimizes the prediction error variance, also known as the mean squared error 

(MSE) or kriging variance (Eberly et al., 2004). It is linear because its estimates 

are weighted linear combinations of the available data and it is unbiased since it 

tries to have the mean residual equal to 0. 

94 Accounting for the relation C(h) = C( 0 )-y(h), the ordinary kriging system can be 

easily expressed in terms of semivariograms. 
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5.3.5.3 Indicator kriging 

Indicator kriging is a simple nonparametric method 95 of interpolation. It is used 

primarily to estimate the probability of exceeding some predefined threshold 

value, but can also be used to estimate an entire distribution. A nonparametric 

approach does not attempt to fit a distribution to the data, but rather works 

directly with the cumulative distribution function. Therefore, the idea of indicator 

variables is introduced. The left side of the decomposition Z(.x) = µ(.x)+ &(.x) 

can be transformed on z(x). It can be changed to an indicator variable where it 

is zero if z(.x) is below some value or one if it is above some threshold value 

I(x,zk )= l <=> Z(.x)::;; zk and zero otherwise 

The linear estimator is expressed in terms of indicator random variables 

(Goovaerts, 1997, p.293-294) as 

i(x; zk )-E{I(x;zk )} = f 1;(.x;zk X1(.x;;zk )-E{I(x;;zk )}] 
l = I 

where ,1-;{.x; z k) is the weight assigned to the indicator datum i(x;; z k) 

interpreted as the realization of the indicator random variable I(x;; z k). From 

here on, indicator kriging using binary variables proceeds exactly as for ordina ry 

kriging. 

Like ordinary kriging, indicator kriging allows one to account for local 

fluctuations of the indicator mean by limiting the domain of stationarity of that 

mean to the local neighborhood w(x): 

E{I(x' ;zk )} = constant but unknown v.x' E w(x) 

The indicator kriging estimator is a linear combination of the n(x) indicator 

random variables I(x1;zk ) in the neighborhood W(.x): 

95 A nonparametric statistic is one that does not assume any underlying data distribution. 
Nonparametric geostatistics refers to methods that make no assumptions about the 
distribution of the data values, only about the spatial structure. 
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I1Ax;zk)= IA;K(x;zk)I(x,;zk) 
i= I 

where the weights are given by following kriging system with Lagrange 

parameter ,9/K (x;zk): 

where i = 1, ... ,n(x) 

~ 2..1r(x;zk)=l 
j = I 

c 1 (h;zk) is the covariance function of the indicator random function I(x;zk) 

at threshold zk . The resulting minimum error variance may then be calculated 

as 

a}K(x;zk)= c,(o)- I:1;K(x;zk)clii -x)- .91Ax) 
i=l 

Indicator kriging is especially useful in a data set containing a few very high 

values. These outliers can make the area mean arbitrarily high and contribute a 

disproportionate amount to the total variance. The outliers may make the 

experimental semivariogram unreliable. Using an indicator variable approach 

instead of the logarithmic transformation of the original variable, the solution is 

also made outlier resistant. Indicator kriging predicts the probability that z(x) 
is above the threshold and allows us to map dangerously polluted areas with a 

certain probability. 

5.3.6 Crossvalidation 

Crossvalidation allows to determine how good the model is. The basic idea is to 

compare model predictions with reality. Indeed, since the population distribution 

is not known, the model must be validated strictly from the sample data values. 

Crossvalidation computes and models the empirical semivariogram using all the 
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samples. Then it removes each data location from the sample data set and 

predicts at that point using the other points and the modeled semivariogram. 

With enough points, the effect of the removed point on the model is minor. 

Finally, the deviations of the model from the actual point are described by 

certain summary statistics. The calculated statistics serve as diagnostics that 

indicate whether the model is reasonable for map production. 

Simple measures of validity (Johnston et al., 2003, p.273) are the root-mean

square error (RMSE) of the residuals, the bias or mean error (ME), the average 

standard error (ASE), the mean standardized error (MSE) and root-mean-square 

standardized error (RMSSE). They are calculated as 

[ 

II JJ/2 
RMSE = -;; ~ {i(i; )- z(x; )}2 

ASE= 
n 

For a model that provides accurate predictions, the mean error should be close 

to zero . The smaller the root-mean-square prediction error, the closer the 

predictions are to the measurement values. Finally, the prediction standard 

errors, or the assessment of uncertainty, must be valid. If the average standard 

errors are close to the root-mean-square prediction errors, then the variability in 

prediction is correctly assessed. If the average standard errors are greater than 

the root-mean-square prediction errors, then the variability of the predictions is 

overestimated. If the average standard errors are less than the root-mean

square prediction errors, then the variability of the predictions is 
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underestimated. The root-mean-square standardized errors should be close to 

one if the prediction standard errors are valid. If the root-mean-square 

standardized errors are greater than one, the variability in the predictions is 

underestimated. If the root-mean-square standardized errors are less than one, 

the variability in the predictions is overestimated. If the prediction errors are 

unbiased, the mean standardized96 prediction error should be near zero 

(Johnston et al., 2003, p.190). 

Attention must be paid to clustered data, where the points within clusters are 

more heavily validated than points outside clusters. As a consequence of this, if 

a model is chosen based on crossvalidation, it will represent the cluster a:-eas 

better than the other areas. This is not really a problem since samples were 

specifically taken in built areas, i.e. the areas of prediction. Finally, Goovaerts 

(1997, p.106) reminds that the choice of a semivariogram model is posterior 

and secondary to the fundamental choice of the random function model for 

modeling uncertainty and to the critical decision of stationarity. Such prior 

decisions are far more consequential for interpolation results than the use of an 

exponential model instead of a spherical model, or than setting the range value 

to 10 instead of 12. A sound exploratory spatial data analysis is therefore a 

must. 

5.3.7 Spatial uncertainty 

Kriging methods depend on both mathematical and statistical models. One of 

the strengths of using a statistical approach is that it is possible to also calculate 

a statistical measure of uncertainty for the prediction. An estimated value is only 

the most likely value at a point. Its associated standard error is a measure of 

the possible variation in value, and hence the uncertainty, of the estimated 

value. This means that prediction surfaces may be accompanied by uncertainty 

surfaces, giving an indication of how good the predictions are. 

The traditional approach (Goovaerts, 1997, p.261) for modeling uncertainty at 

an unsampled location x consists of computing a kriging estimate z(x) of the 

96 The mean prediction error depends on the scale of the data. 
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unknown value z(x) and the associated minimum error variance 

a-;(x)= var{i(.x)-z(x)} in order to construct confidence intervals. A 95% 

confidence interval centered on the estimated value is taken as 

prob{z(x) E [z(x )- 20-E (x ), z(x) + 20-E (x )]} = o.95 

This error model is based on two important assumptions, as pointed out by 

Isaaks and Srivastava (1989, p.517-519). First, the estimation errors 

z(x )- z(x) follow a normal distribution. In practice, the responses will often not 

be normal, so these intervals are really only appropriate for large sample 

sizes97
. Second, the error variance a-; (x) is independent of the data values. 

This calls for the variance of the errors to be independent of the actual data 

values to depend only on the data configuration, a situation referred to as 

homoscedasticity. This situation is, however, rarely met in practice. 

5.3.8 Variography and kriging estimation results 

As already mentioned above, positively skewed data may affect the reliability of 

the variogram. Therefore, we will transform the data by taking natural 

logarithms98 and compare the model parameters with the untransformed case. 

The semivariances of the logtransformed data should fluctuate less because of 

the stabilizing effect of the transformation. 

Our cadmium pollution is likely to be more continuous in the prevailing wind 

direction than in a perpendicular direction. Anisotropy may be detected by a 

semivariogram surface. A semivariogram surface is not a map, but rather a plot 

of semivariances vs. distance and direction99
• Each cell shows the semivariance 

at a given distance and direction. The aim is to find the axis of maximum spatial 

dependence, i .e . the lowest semivariances at a given distance. The second axis 

is then the perpendicular. Almost all studied semivariogram surfaces showed an 

anisotropy that appeared elliptical in the north to east directions. This coincided 

97 This is based on the central limit t heorem. 
98 We will not go into details of lognormal kriging. For a discussion about this topic, we 
refer to Cressie (1993, p.135-137). 
99 We may refer to a separation vector, including distance and direction. 
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with the prevailing wind direction as indicated in Goovaerts and Van Meirvenne 

(2001, p.84). 

We will use simple, ordinary and indicator kriging methods and perform 

sensitivity analyses within each kriging method. All search neighborhoods were 

oriented at the azimuth angle and were divided into four sectors. 

5.3.8.1 Simple kriging 

The goal in analyzing this spatial data set is to draw a map of a predicted 

surface based on the irregularly located 1409 data available. An advantage of 

using a stochastic method of prediction is that a map of root-mean-squared 

prediction error can also be drawn, quantifying the uncertainty in the predicted 

cadmium surface. The anisotropic simple kriging model parameters and 

diagnostics statistics for the untransformed and logtransformed case are shown 

in table 6. Predictions are made for both spherical and exponential 

semivariogram models. 

Table 6 shows clearly a directional influence as the azimuth angles are ranging 

between 1,75 and 22,4 degrees, i.e. north to east direction, and the anisotropy 

factor is greater than one. The major and minor ranges are both expressed in 

meters. The mean error is closer to zero for the original data case. Whereas the 

untransformed case overestimates the variability in the predictions, the 

logtransformed model underestimates this variability. Exponential models 

perform better than spherical ones. 
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Table 6: Simple kriging model parameters and diagnostics statistics 

Transformation No transformation Logarithmic 

transformation 

Semivariogram Spherical Exponential Spherical Exponential 

Nugget 1,5872 1,6319 0,2606 0,1961 

Partial sill 15,153 16,243 0,4579 0,5340 

Major range 6925,9 7135,9 9687,1 9687,1 

Minor range 2326,8 4777,9 6554,3 7787,6 

Anisotropy factor 2,977 1,494 1,478 1,244 

Azimuth 12,5 1,75 22,7 21,4 

ME 0,0022 -0,0013 0,1462 0,0818 

RMSE 2,023 2,007 2,058 2,023 

ASE 1,584 1,678 2,76 2,426 

MSE 0,0015 0,0005 0,0892 0,0523 

RMSSE 1,338 1,263 0,7283 0,8314 

The simple kriging prediction (on the left) and uncertainty maps (on the right) 

are shown in figures 21-24. Darker regions coincide with higher values for both 

kriging predictions and kriging standard errors . The highest cadmium 

concentrations are obviously found in the vicinity of the factories in Balen 100 and 

Overpelt. The area around Balen encloses also the site of the former zinc 

smelter of the Maatheide in Lommel. The influence of these factories follows the 

prevailing wind direction. 

The prediction standard errors quantify the uncertainty for each location in the 

surface that was created. As mentioned above, a simple rule of thumb is that 95 

percent of the time, the true value of the surface will be within the interval 

formed by the predicted values ± 2 times the prediction standard error if data 

may be assumed to be normally distributed. 

Locations near sample points in the prediction standard error surface generally 

have lower error. Moreover, part of the results of the figures rely on 

extrapolation instead of interpolation. The top right part of Neerpelt and the 

bottom left part of Hechtel-Eksel (cfr. Figure 18) is not sampled. In this case, 

100 Balen is situated at the west of Lommel. 
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the parameters are estimated from the closest data and ext rapolated toward the 

locations being estimated. Finally, in the logtransformed case, higher prediction 

values tend to go together with higher levels of variability. 
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Figure 21: Simple kriging prediction and uncertainty map (original - spherical model) 

I 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error ( in mg/kg) 

1,4 - 1,8 . 3,4 - 3 ,6 
1,8 - 2 ,2 • 3,6 - 3 ,8 
2,2 - 2 ,6 . 3,8 - 3,9 
2,6 - 2 ,9 . 3,9 - 4,1 
2,9 - 3,1 
3,1 - 3,4 

Figure 22: Simple kriging prediction and uncertainty map (original - exponential model) 

... 

----~ 1 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2 ,5 . 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 
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Standard error (in mg/ kg) 

1,4 - 2 • 3,6 - 3,8 
2 - 2 ,5 • 3,8 - 4 
2 ,5 - 2,8 . 4 - 4 , 1 
2 ,8 - 3,2 . 4 ,1 - 4,2 
3,2 - 3,4 
3 ,4 - 3 ,6 



Figure 23: Simple kriging prediction and uncertainty map (logtransformation - spherical model} 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error (in mg/ kg) 

0,4 - 0,8 . 2,7 - 3,6 
0,8 - 1 ,1 . 3,6 - 5 
1,1 - 1,3 . 5 - 7 
1,3 - 1,6 . 7 - 7,9 
1,6 - 2 
2 - 2,7 

Figure 24: Simple kriging prediction and uncertainty map (logtransformation - exponential model} 

• 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2, 1 • 9,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4 ,4 
4 ,4 - 6,2 
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Standard error (in mg/kg) 

0,3 - 1 • 2,6 - 3,3 
1 - 1,5 • 3,3 - 4,5 
1,5 - 1,8. 4,5 - 6,5 
1,8 - 1,9. 6,5 - 9,9 
1,9 - 2,2 
2,2 - 2,6 



5.3.8.2 Ordinary kriging 

Until now, we assumed stationarity by working with local search neighborhoods. 

Within such a localized area, stationarity is often a viable assumption . However, 

in ordinary kriging, we may also remove the first order trend found in the trend 

analysis and perform the statistical analysis on the residuals or the short-range 

variation component of the surface. The trend will then be added back before 

the final prediction surface is created so that predictions will produce meaningful 

results. This procedure has the advantage of making the trend an explicit and 

conscious choice, thereby avoiding the pitfall of bizarre behavior beyond the 

available sampling (Isaaks and Srivastava, 1989, p.532). We will explore both 

opportunities in the untransformed and logtransformed case. 

5.3.8.2.1 Ordinary kriging without trend removal 

The anisotropic ordinary kriging model parameters and diagnostics statistics for 

the untransformed and logtransformed case are shown in table 7. 

147 



Table 7: Ordinary kriging model parameters and diagnostics statistics 

Transformation No transformation Logarithmic 

transformation 

Semivariogram Spherical Exponential Spherical Exponential 

Nugget 2,7991 1,7106 0,3409 0,2783 

Partial sill 12,562 14,672 0,5411 0,5925 

Major range 6592 6694,7 18983 19612 

Minor range 2477,2 4098 12813 17376 

Anisotropy factor 2,661 1,634 1,482 1,129 

Azimuth 11,2 3,17 61,2 239 

ME 0,0047 -0,0066 0,2428 0,1708 

RMSE 2,016 2,004 2,094 2,04 

ASE 1,934 1,707 5,275 4,907 

MSE 0,0034 -0,0008 0,0599 0,0477 

RMSSE 1,067 1,238 0,385 0,4085 

Predictions are made for both spherical and exponential semivariogram models. 

Again, the directional influence is clearly discernable from the azimuth angle and 

the anisotropy factor. The exponential logtransformed case gives an azimuth 

angle in the north to west direction, whereas the others are in the north to east 

direction. The mean error is closer to zero for the original data case. Whereas 

the untransformed case overestimates the variability in the predictions, the 

logtransformed model underestimates this variability. The results for the 

logtransformed case are much worse than those of the original data. Goovaerts 

( 1997, p.17) warns for the adverse consequences of a logarithmic data 

transformation. 

The use of the nonlinear transformation and backtransformation 101 entirely 

destroys the BLUE properties. The backtransformation may erase most of the 

benefits of having more robust statistics calculated on the transformed data 

values. Moreover, it was found that the data distribution also differed from 

101 It is not possible to just exponentiate the estimate, because the estimate is a weighted 
sum of logarithms. A simple backtransformation through exponentiation tends to 
exaggerate any error associated with the interpolation. Such exaggeration of errors is 
most dramatic for extreme values. 
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lognormality causing errors in the estimates obtained from lognormal kr iging. 

Therefore, the appropriateness of any data transformation should be questioned 

and handled careful ly. 

The ordinary kriging prediction (on the left) and uncertainty maps (on the right) 

are shown in figures 25-28. Darker regions coincide with higher values for both 

kriging predictions and kriging standard errors. The bulk of the results is quite 

similar to the simple kriging case. 
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Figure 25: Ordinary kriging prediction and uncertainty map (original - spherical model) 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2 ,1 - 2,5 . 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error (in mg/kg) 

1,8 - 2,1 • 3,6 - 3 ,9 
2,1 - 2,4 • 3,9 - 4,3 
2,4 - 2,7 • 4,3 - 4,7 
2,7 - 3 • 4,7 - 5, 1 
3 - 3,3 
3,3 - 3,6 

Figure 26: Ordinary kriging prediction and uncertainty map ( original - exponential model) 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 
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Standard error ( in m g/kg) 

1,5 - 2 • 3,6 - 3,9 
2 - 2 ,4 Ill 3,9 - 4,2 
2 ,4 - 2 ,8 . 4 ,2 - 4,6 
2 ,8 - 3 ,1 . 4 ,6 - 5 

3,1 - 3 ,4 
3,4 - 3 ,6 



Figure 27: Ordinary kriging prediction and uncertainty map {logtransformation - spherical model) 

... 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error ( in mg/kg) 

0,8 - 1,2 • 3,2 - 4,4 
1,2 - 1, 5 • 4,4 - 6,3 
1,5 - 1,7 • 6,3 - 9,4 
1,7-2 . 9 ,4-14 
2 - 2,5 
2,5 - 3,2 

Figure 28: Ordinary kriging prediction and uncertainty map {logtransformation - exponential model) 

... 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 ·:J 

15 1 

Standard error ( in mg/kg) 

0,8 - 1,1 . 2,6 - 3,6 
1,1 - 1,3 . 3,6 - 5,3 
1,3 - 1,5 . 5, 3 - 8 ,2 
1,5 - 1,7 . 8, 2 - 13 
1,7 - 2 

• 2 - 2,6 



5.3.8.2.2 Ordinary kriging without transformation and linear trend 

removal 

We remove global or local trends from the data in order t o fulfill better the 

stationarity assumption. In a preliminary trend analysis, we found evidence 

having to deal with a first order trend. Therefore, we use both global and local 

polynomial interpolation (Johnston et al., 2003, p.248) to first order detrend the 

data. Global polynomial interpolation fits a smooth surface that is defined by a 

polynomial to the input sample points. A smooth mathematical trend surface is 

fitted to the x - and y -coordinates which are the covariates. We detrended the 

data by implementing following linear trend model: 

z(x;,y;)=JJo +/JiX; +/J2Y; +&,(x;,Y;) 

where z(x;, y;) is the datum at location (x;, y;) , /31 are parameters and 

&(xi'yi) is a random error. An ordinary least squares approach is then used to 

estimate the parameters {,Bi}. Local polynomial interpolation is similar to global 

polynomial interpolation, except that it uses data within localized windows rather 

than using all of the data. The window can be moved around and the surface 

value at the center of the window Jlo (x, y) is estimated at each point. A 

weighted least squares approach is then used by minimizing: 

I W; {z(x; ,Y; )- Jlo(x;,Y; )}2 

i=l 

where n(x) is the number of points within the window and W ; is a weight 

defined as 

with d;o being the distance between the point and the center of the window and 

a being a parameter that controls how fast weights decay with distance. 

Jlo (x,y) is the value of a first order polynomia l defined as: 
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The minimization occurs for the parameters {Pj} and these are thus 

reestimated whenever the window moves. Once the global or local trend is 

removed, ordinary kriging will be carried out on the residuals. Before the fina l 

predictions, the trend will then be added back to the output surface. 

The anisotropic ordinary kriging model parameters and diagnostics statistics are 

shown in table 8 for the cases of global linear trend removal, local linear trend 

removal and a within case 102 . Predictions are made for both spherical and 

exponential semivariogram models. As can be seen from the table, the choice 

between global or local polynomial interpolation to remove the trend influences 

the search neighborhood. The spherical model seems to perform best in terms of 

accurate predictions and variability. Quite few differences are discernable 

between global or local trend removal. The crossvalidation results do not change 

dramatically. 

102 Johnston et al. (2003, p.218) argue to keep the trends as low-order global polynomials. 
We compare the results with the opposite case of local polynomials and a within case. 
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Table 8: Ordinary kriging (with linear trend removal) model parameters 

and diagnostics statistics 

Semivariogram Spherical Exponential 

Search Global Global- Local Global Global- Local 

neighborhood local local 

Nugget 2,9371 3,3358 3,189 1,016 2,4374 2,8941 

Partial sill 11,619 7,5852 3,7073 13,893 8,4888 3,9235 

Major range 5041,3 4142,2 4044,5 5057 4142,2 4044,5 

Minor range 2183,2 2082,8 2035 2578,8 2293,5 2122,6 

Anisotropy 2,309 1,989 1,987 1,961 1,806 1,905 

factor 

Azimuth 11,6 8,87 9,8 3,49 2,4 0,731 

ME 0,009 0,0055 -0,0008 -0,0104 -0,0073 -0,0145 

RMSE 2,011 2,015 2,043 2,046 2,009 2,02 

ASE 1,992 2,051 1,935 1,548 1,919 1,916 

MSE 0,0064 0,0046 0,0019 -0,0026 -0,001 -0,0049 

RMSSE 1,035 0,9981 1,062 1,455 1,082 1,066 

The ordinary kriging prediction (on the left) and uncertainty maps (on the right) 

are shown in figures 29-34. Again, the bulk of the results is quite similar to the 

previous cases with the highest concentrations in the vicinity of the factories in 

Salen en Mal and the highly sampled areas showing smaller prediction standard 

errors. 
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Figure 29: Ordinary kriging prediction and uncertainty map (original - global - spherical model) 

Prediction ( in m g/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 a 9,2 - 14 
2,1 - 2, 5 . 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error ( in mg/ kg) 

1,8 - 2,2 • 3, 7 - 4 
2,2 - 2,6 • 4 - 4 ,3 
2 ,6 - 2,9 • 4,3 - 4 ,6 
2,9 - 3 ,2 • 4 ,6 - 5 
3,2 - 3,5 

• 3,5 - 3,7 

Figure 30: Ordinary kriging prediction and uncertainty map (original - global/local - spherical model} 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 

• 4,4 - 6,2 
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", 
Standard error ( in mg/ kg) 

1,9 - 2,2 • 3,4 - 3,6 
2,2 - 2,5 • 3,6 - 3,7 
2,5 - 2,8 . 3,7 - 3,9 
2,8 - 3 • 3,9 - 4,1 
3 - 3,2 
3,2 - 3,4 



Figure 31: Ordinary kriging prediction and uncertainty map (original - local - spherical model) 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error (in mg/kg) 

1,9 - 2 • 2,7 - 2,9 
2 - 2,2 • 2,9 - 3 
2,2 - 2,3 • 3 - 3, 1 
2,3 - 2,5 • 3, 1 - 3,2 
2,5 - 2,6 
2,6 - 2,7 

Figure 32: Ordinary kriging prediction and uncertainty map (original - global - exponential model) 

~ 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 • 22 - 34 
3, 2 - 4 ,4 
4,4 - 6,2 
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St andard error (in mg/ kg ) 

1,3 - 1,9 . 3,9 - 4,1 
1,9 - 2,4 . 4,1 - 4,3 
2,4 - 2,8 . 4,3 - 4,6 
2,8 - 3,2 . 4,6 - 4,9 
3,2 - 3,6 
3,6 - 3,9 



Figure 33: Ordinary kriging prediction and uncertainty map {original - global/local - exponential model) 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 . 9 ,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

\ 

Standard error (in mg/kg ) 

1,7 - 2,2 . 3, 5 - 3,6 
2 ,2 - 2 ,5 . 3,6 - 3,7 
2 ,5 - 2,8 . 3,7 - 3,9 
2,8 - 3,1 . 3,9 - 4,1 
3,1 - 3 ,3 

• 3,3 - 3,5 

Figure 34: Ordinary kriging prediction and uncertainty map {original - local - exponential model) 

Prediction (in mg/kg) 

0,2 - 1,3 . 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2,5 . 14 - 22 
2,5 - 3,2 . 22 - 34 

• 3,2 - 4,4 
4,4 - 6,2 
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Standard error (in mg/kg) 

1,8 - 2, 1 • 2 ,6 - 2,7 
2,1 - 2,3 • 2,7 - 2,8 
2,3 - 2,4 Ill 2 ,8 - 2,9 
2,4 - 2,5 Ill 2 ,9 - 3,1 
2,5 - 2,6 
2,6 - 2,6 



5.3.8.2.3 Ordinary kriging with logarithmic transformation and linear 

trend removal 

The anisotropic ordinary kriging model parameters and diagnostics statistics are 

shown in table 9 for the logtransformed cases of globa l linear trend removal, 

loca l linear t rend remova l and a wit hin case. Predict ions are made for both 

spherical and exponential semivariogram models. The exponential model seems 

to perform best in terms of accurate predictions and va riability. Removing the 

t rend locally seems t o give the best crossvalidation results. 

Table 9: Ordinary kriging (with logarithmic transformation and linear 

trend removal) model parameters and diagnostics statistics 

Semivariogram Spherical Exponential 

Search Global Global- Local Global Global- Local 

neighborhood local local 

Nugget 0,2063 0, 1546 0,1333 0,1559 0,1163 0, 1172 

Partial si ll 0,4034 0,2199 0,0852 0,475 0,253 0,1049 

Major range 6608,5 2069,6 357,96 6694,7 2069,6 439,38 

Minor range 3012,8 1138 170,65 4306,7 1025,7 184,04 

Anisotropy 2,193 1,819 2,098 1,554 2,018 2,387 

factor 

Azimuth 10,9 11 13 10,7 10,3 10,2 

ME 0,0768 0,0279 0,036 0,0362 0,0199 0,0316 

RMSE 2,042 2,022 2,04 1 2,023 2,031 2,043 

ASE 3,255 2,488 2,181 3,149 2,322 2,18 

MSE 0,031 0,0125 -0,0102 0,0164 0 ,01067 -0,0073 

RMSSE 0,6204 0,8027 0,959 0,6393 0,8509 0,9574 

The ordinary kriging prediction (on the left) and uncertainty maps (on the right) 

are shown in fig ures 35-40. The pattern of prediction shows again the two hot 

spots around t he factories in Balen and Overpelt. However, th e pattern of 
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variability differs clearly from the original case. The variability seems to be more 

disperse than concentrated in specific areas. 
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Figure 35: Ordinary krig ing prediction and uncertainty map (logtransformation - global - spherical model} 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 · 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error (in mg/ kg) 

0,32 - 0,64 . 1,3 - 1,6 
0,64 - 0,83 . 1,6 - 2,2 
0,83 - 0,93 . 2,2 - 3,2 
0,93 - 0,99 . 3 ,2 - 4,9 
0,99 - 1,1 
1,1 - 1,3 

Figure 36: Ordinary kriging prediction and uncertainty map ( logtransformation global/local - spherical model} 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 
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fanda rd error (in mg/ kg) 

0,3 - 0,45 • 0,91 - 1,1 
0,45 - 0,56 . 1,1 - 1,2 
0,56 - 0,64 . 1,2 - 1,5 
0,64 - 0,71 . 1,5 - 1,8 
0,71 - 0,8 
0,8 - 0,91 



Figure 37: Ordinary kriging prediction and uncertainty map (logtransformation - local - spherical model) 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9 ,2 
1,3 - 2,1 • 9,2 - 14 
2 ,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standa rd error ( in mg/ kg) 

0,31 - 0,43 a 0,61 - 0,66 
0,43 - 0,5 a 0,66 - 0,73 
0,5 - 0,55 a 0,73 - 0,85 
0,55 - 0,57 a 0,85 - 1 
0,57 - 0,59 
0,59 - 0 ,6 1 

Figure 38: Ordinary kriging prediction and uncertainty map (logtransformation - global - exponential model) 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 
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Standa rd error (in mg/ kg) 

0,3 - 0,63 • 1,2 - 1,6 
0,63 - 0,81 . 1,6 - 2,2 
0,81 - 0,9 • 2,2 - 3,3 
0,9 - 0,95 • 3 ,3 - 5,5 
0,95 - 1 

U 1 - 1 ,2 



Figure 39: Ordinary kriging prediction and uncertainty map {logtransformation - global/local - exponential 

model) 

., 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 · 2,5 • 14 - 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

Standard error (in mg/ kg ) 
0,27 - 0,44 • 0,91 - 1,1 
0,44 - 0, 56 • 1 ,1 - 1,3 
0 ,56 • 0 ,64 • 1 ,3 - 1,6 
0,64 - 0 ,71 • 1 ,6 - 2,1 
0,71 - 0 ,79 
0,79 • 0, 91 

Figure 40: Ordinary kriging prediction and uncertainty map {logtransformation - local - exponential model) 

Prediction (in mg/kg) 

0,2 - 1,3 • 6,2 - 9 ,2 
1,3 - 2,1 • 9 ,2 - 14 
2,1 - 2, 5 • 14 - 22 
2,5 - 3,2 • 22 · 34 
3,2 - 4,4 
4,4 - 6,2 
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Standard error (in mg/ kg) 
0,3 1 - 0 ,44 a 0,61 - 0,65 
0 ,44 · 0 ,51 . 0,65 - 0,72 
0 ,51 · 0 ,55 . 0,72 - 0,84 
0,5 5 - 0 ,57 . 0,84 - 1,1 
0,57 - 0,59 
0, 59 · 0, 61 



5.3.8.3 Indicator kriging 

In practice, we may also be interested to know the probability that the true 

value exceeds a certain threshold value. In an environmental remediation 

context, it is likely to be a regulatory action level. For constructing a probability 

map, we take as primary threshold a value of 1,2 mg/kg103
. The anisotropic 

indicator kriging model parameters and diagnostics statistics are shown in table 

10. Predictions are made for both spherical and exponential semivariogram 

models. The exponential model gives the best crossvalidation results. 

Table 10: Indicator kriging (with threshold value of 1,2 mg/kg) model 

parameters and diagnostics statistics 

Semivariogram Spherical Exponential 

Nugget 0,0707 0,0583 

Partial sill 0,0736 0,0872 

Major range 18969 18943 

Minor range 10417 10386 

Anisotropy factor 1,821 1,824 

Azimuth 68,4 70,8 

ME -0,0005 0,00001 

RMSE 0,2587 0,2579 

ASE 0,2764 0,2558 

MSE - 0,0014 0,0006 

RMSSE 0,9339 1,004 

The indicator kriging prediction (on the left) and uncertainty maps (on the right) 

are shown in figures 41-42. The indicator kriging predicted values are now 

probabilities. The darker the region, the higher the probability of exceeding the 

threshold value of 1,2 mg/kg. The uncertainty maps show the variability of 

probability. Both spherical and exponential models give similar results. The 

highest probabilities of exceeding the threshold value of 1,2 mg/kg can be found 

103 Unpublished results CMK, Hasselt University. 
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in the north and northwest. The more samples are taken in the regions of 

prediction, the lower the uncertainty of the probability prediction. 
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Figure 41: Indicator kriging prediction and uncertainty map (spherical model) 

Probability 

0-0,1 • o,6 -0,7 
0, 1 - 0,2 • 0, 7 - 0,8 
0,2 - 0,3 • 0,8 - 0 ,9 
0,3 - 0,4 • 0,9 - 1 
0,4 - 0,5 

• 0,5 - 0,6 

Figure 42: Indicator kriging prediction and uncertainty map (exponential model) 

Probability 

0-0,1 • o,6-0,7 
0,1 - 0 ,2 • 0,7 - 0,8 
0,2 - 0 ,3 • 0,8 - 0,9 
0,3 - 0 ,4 • 0,9 - 1 
0,4 - 0,5 

Cl 0,5 - 0,6 
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Standa rd error 

0,27 - 0,28 . 0,31 - 0,32 
0,28 - 0,28 . 0 ,32 - 0,34 
0,28 - 0,29 . 0 ,34 - 0,37 
0,29 - 0,29 . 0,37 - 0,4 
0,29 - 0,3 
0,3 - 0,31 

Standard error 

0,25 - 0,26 . 0,31 - 0,32 
0 ,26 - 0,28 • 0,32 - 0 ,34 
0 ,28 - 0,28 • 0,34 - 0 ,37 
0,28 - 0,29 • 0,37 - 0,41 
0 ,29 - 0,3 
0,3 - 0,31 



5.4 Deterministic methods for spatial 

interpolation 

Whereas stochastic methods incorporate the idea of randomness into the 

interpolation process, deterministic methods do not incorporate statistical 

probability theory into development of the predictions. Instead, mathematical 

formulas are used to interpolate values. Eberly et al. (2003, p .9 -12) 

distinguishes between the polygonal approach, inverse distance weighting, 

splines and polynomial interpolation. The polygonal or nearest neighbor 

approach utilizes no information about the system being analyzed other than the 

measured data points. A Voronoi map is a representative of this approach. 

Estimates with inverse distance weighting are based on averages of the 

measured values at n known points. Splines are part of a family of exact104 

interpolation techniques called radial basis functions . This method seeks to 

minimize the overall curvature of the estimated surface while passing through 

the measured data points. Finally, polynomial interpolation 105 is an approximate 

interpolation method that fits a mathematical function to the measured points 

creating a smooth interpolation surface. This method was used to detrend the 

data in the previous section about ordinary kriging. In this section, we will only 

focus on inverse distance weighting as an exact mathematical interpolator. 

5.4.1 Inverse distance weighting 

Inverse distance weighting uses a weighted average of nearby points with 

distance being the only factor influencing the calculation of the weight. It is 

assumed that each measured point has local influence that diminishes with 

distance. The points closer to the prediction location are given greater weights 

104 Exact interpolators do match the measured values on which the interpolation is based. 
Approximate interpolators do not restrict the prediction surface to pass through the 
measured values at those locations. 
105 Global polynomial interpolation fits a polynomial model to the entire surface based on 
all measured points. Local polynomial interpolation fits multiple polynomials using subsets 
of the measured points. 
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than those further away. Prediction is made as a linear combination of known 

data values (Johnston et al ., 2003, p.114-115): 

i=l 

The weights are determined by following formulas: 

d - p 

A, = iO ; nf-
d -p 

iO 
I 

~ 
L..JA,i = 1 
i=l 

The quantity d;o is the distance between the prediction location .x0 and each of 

the measured locations X;. The power parameter p influences the weighting of 

the measured location's value on the prediction's location value. As the distance 

increases between the measured sample locations and the prediction location, 

the weight that the measured point will have on the prediction will decrease 

exponentially. 

The problem with inverse distance methods is how to choose power and how to 

choose a limiting radius. The optimal p value is determined by minimizing the 

root-mean-square error 

RMSE -[ ~ t. {Z(X, )-z(X, ))' r 
In practice, the root-mean-square error is plotted for several different powers 

for the same data set. A curve is then fit to the points and from the curve, the 

power that provides the smallest root-mean-square error is determined as the 

optimal power. Furthermore, it is common practice to limit the number of 

measured values that are used when predicting the unknown value for a location 

by specifying a search neighborhood. The shape of the neighborhood is 

influenced by the input data and the surface that is tried to be created. The 

prevailing wind direction may have a directional influence on the data such that 

the shape of the neighborhood is corrected to an ellipse with the major axis 

parallel with the wind. 
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Inverse distance weighting is an exact interpolator where the maximum and 

minimum values in the interpolated surface can only occur at sample points. 

Therefore, the biggest drawback of the inverse distance methods is their inability 

to account for outliers and clustering. 

5.4.2 Inverse distance weighting results 

The inverse distance weighting model parameters are given in table 11. To 

model the effects of anisotropy, we took the ordinary kriging model parameters 

using original and logtransformed data and removing a first order global trend. 

We implemented quadrant search in order to solve for preferential sampling as 

made clearly by the irregularly gridded sampling locations. The search 

neighborhood was determined with the ranges and the azimuth angle. The 

optimized power values were found to be very similar. The use of exponential 

model parameters gave the best results in terms of accuracy and variabil ity. 

Table 11: Inverse distance weighting model parameters 

Model No transformation Logarithmic transformation 

Spherical Exponential Spherical Exponential 

Power 1,542 1,5284 1,548 1,5611 

Major range 5041,3 5057 6608,5 6694,7 

Minor range 2183,2 2578,8 3012,8 4306,7 

Anisotropy 2,309 1,961 2,193 1,554 

factor 

Azimuth 11,6 3,49 10,9 10,7 

ME 0,005 0,0039 0,0059 0,0035 

RMSE 2,021 2,023 2,02 1,994 

The inverse distance weighting prediction maps are shown in figures 43-44 for 

respectively the untransformed and logtransformed model parameters. 

Prediction maps using spherical model parameters are on the left. The 
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predictions for all cases are quite similar as may be expected by the used model 

parameters. 
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Figure 43: Inverse distance weighting {original - spherical parameters - exponential parameters) 

Prediction (in mg/kg) 
spherical parameters 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 - 22 
2,5 - 3,2 . 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

.. 

Prediction (in mg/ kg) 
exponential pa rame1ers 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2,1 - 2,5 • 14 · 22 
2,5 - 3,2 • 22 - 34 
3,2 - 4 ,4 
4 ,4 - 6,2 

Figure 44: Inverse distance weighting {logtransformation - spherical parameters - exponential parameters} 

Prediction (in mg/kg) 
spherical parameters 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 • 9,2 - 14 
2 1 - 2 5 • 14 - 22 
2'.5 - 3'.2 • 22 - 34 
3,2 - 4,4 
4,4 - 6,2 

.. 
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Prediction (in mg/kg) 
exponential pa rameters 

0,2 - 1,3 • 6,2 - 9,2 
1,3 - 2,1 . 9,2 - 14 
2 1 - 2 5 • 14 - 22 
2

1

5-3
1

2 . 22-34 I I 

3,2 - 4,4 
4,4 - 6,2 



5.5 Conclusion 

Deterministic interpolation methods do not account for the variability in the 

data, measurement errors and distributional assumptions. However, they can 

produce predictions of equivalent quality to methods which do account for 

spatial variability. Wackernagel (2003, p.96) summarizes the advantages of 

using a geostatistical approach. First, kriging is preceded by an analysis of the 

spatial structure of the data. Given a semivariogram relationship that is 

representative of the region to be estimated, kriging estimates the most precise 

values possible from the available samples. In practice, this is only 

approximated since the semivariogram model is itself derived from the available 

samples, which in turn may not be truly representative of the variation in the 

region. Second, ordinary kriging interpolates exactly. Of course, inverse distance 

weighting as a representative of deterministic interpolation is also an exact 

interpolator. Third, geostatistical estimation predicts not only a value but also a 

measure of the uncertainty associated with the value. However, the spatial 

prediction standard errors are likely to underestimate the true uncertainty of the 

associated spatial predictions (Eberly et al., 2003, p.126-127). The reason is 

that these methods are essentially two-stage processes. The first stage 

estimates a variogram model. The second stage treats the first stage variogram 

model as true and known to determine prediction and uncertainty equations. 

However, it is only an approximation of the data's empirical covariation. Indeed, 

the variogram model is estimated with uncertainty. Thus, the spatial prediction 

uncertainty estimates output from kriging methods do not account for the 

inherent uncertainty in estimating the required variogram model. Therefore, the 

true uncertainty of the spatial interpolation surface is likely to be 

underestimated. There is, however, no theoretical answer which approach to 

interpolation is best. It depends on how well the approach models the true 

spatial structure, and this is unknown. Therefore, we implemented a sensitivity 

analysis to compare different algorithms with their respective performances. 

Generally speaking, exponential models perform better for simple kriging and 

indicator kriging. Spherical models are preferred for the ordinary kriging 

technique in both cases, with and without linear trend removal. The 
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untransformed kriging models gave also the best crossvalidation results. Using 

the ordinary kriging technique with linear trend removal, the results improved in 

comparison with the case with an included underlying trend. As a consequence, 

in our further analysis we will focus mainly on the best results obtained in this 

chapter. In order to predict pollution at unsampled locations we will use the 

simple kriging technique with untransformed variable and exponential 

semivariogram. Using the ordinary kriging technique to predict pollution values, 

we prefer to use an untransformed variable with linear trend removal on a global 

and intermediate scale. Finally, the results for the different inverse distance 

weighting models were fairly similar. We choose to use the parameters of the 

ordinary kriging model with logtransformed variable and global linear trend 

removal with exponential semivariogram. 
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6 Benefit analysis with simple 

hedonic prices 

6.1 Hedonic price approaches 

6.1.1 Introduction 

By means of Rosen's two step model, we have discussed the theoretical 

foundations of the hedonic price approach in chapter 3. The hedonic price 

equation was a reduced form that may be empirically estimated by a two stage 

approach. The first stage determines the hedonic price function. In the second 

stage, we need to recover information on the underlying structure of 

preferences, i .e. the marginal willingness to pay function. However, two stage 

estimation is a difficult exercise as the second stage suffers from the 

identification problem, originating from several sources. The proposed solutions 

in the literature are often questionable. Hence, a simple hedonic approach, 

consisting of the mere first stage, is often proposed as a useful alternative. We 

conclude this section by discussing the effects for applied welfare analysis. 

6.1.2 Two stage hedonic approach 

The identification problem in two stage hedonic price models concerns the 

recovery of information about preferences (Bartik, 1987) . The question is 

whether it is possible to disentangle the marginal willingness to pay function 

from hedonic price data. We will discuss various sources of the identification 

problem together with the proposed solutions. 
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6.1.2.1 Identification problem 

6.1.2.1.1 Ordinary garden variety simultaneity of supply and demand 

Rosen (1974) wrongly considered the hedonic structural equations to be no 

different from traditional market models. In these traditional market models, the 

error terms are correlated with right-hand-side variables in either the supply or 

demand equations because of the fact that price and quantity are simultaneously 

determined. He consequently asserted that the identification issue was j ust the 

familiar problem of sorting out supply from demand. He calls this problem an 

ordinary garden variety identification problem. This source of endogeneity can 

easily be ignored because the offer or supply functions need not be considered 

when data are disaggregate106
. Each actor is small relative to the market and is 

a price taker (Diamond and Smith, 1985). This means that no demand/supply 

simultaneity on the individual level is implied. As a consequence, the marginal 

prices are independent of the error terms in both supply and demand. 

6.1.2.1.2 Endogeneity 

In a perfectly competitive standard market, an individual takes the price 

determined on the market and chooses a quantity107
. In the implicit market 

under study108, the individual chooses both a point on the hedonic price 

schedule and its associated quantity. The price gradient is exogenous to 

supplyers and demanders in the markets. The nonlinear budget constraint gives 

rise to a nonconstant hedonic price gradient where the actual marginal price a 

consumer faces depends on the total quantity chosen. The marginal price 

depends thus on the consumer's demand curve. Both the marginal implicit price 

and the chosen quant ity are endogenous. Since price depends on quantity, price 

106 The traditional simultaneity problem may arise only if one is using aggregate data. In 
this case, it is possible that the unit of observation is large enough to influence the hedonic 
price function that clears the market. 
107 Market with homogenous goods. 
108 Market with heterogenous goods. 
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is correlated with the error term in the equation explaining quantity demanded. 

They both arise from the same choice of location along the hedonic price 

equation. The converse holds for equations explaining prices or bids. With 

endogenous marginal prices, ordinary least squares will provide biased estimates 

(Diamond and Smith, 1985). 

The solution is to assume that the different individuals making choices along the 

hedonic price functions are variants of the same person, simply with different 

characteristics. The success of such an approach depends on the quality of the 

used instruments. The use of instrumental variables techniques is thus 

necessary to overcome the endogeneity problem. These instruments must be 

correlated with the levels of consumption of attributes, but at the same time 

uncorrelated with the error term. Suitable instruments that are truly exogenous 

are household attributes or socio-economic characteristics 109 such as income, 

square of income, number of dependent children and its square, race and 

marital status. 

Multiple markets may also provide plausible instruments, since these are 

associated with the different locations or time periods (cfr. Infra). Estimation of 

the second stage of the hedonic model requires data on the purchasers of the 

houses. This is a problem since most hedonic data sets only have data on the 

prices and characteristics of the houses. Such data can be used in the first 

stage, but without information on the buyers, it is impossible to reveal 

information about their preferences (Palmquist and Israngkura, 1999). 

6.1.2.1.3 The use of (predicted) marginal prices 

The dependent variable in the marginal willingness to pay function is not directly 

observed. Rather, the ca lculated marginal implicit price is used in the estimation 

of the inverse demand function. Brown and Rosen (1982) show that the 

parameters of the structural equation can not be recovered from the price 

gradient since no additional data is used beyond that already contained in the 

hedonic price function. The same data are generating the price gradient and the 

structural equations. These capture all the variation in the predicted price, since 

109 As far as they are not correlated with unobserved taste variables (Epple, 1987). 
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the latter is not an actual random variable. They argue that such constructed 

prices are created from observed sample quantities. In the absence of any 

restrictions placed on the functional form of the hedonic price function, 

parameter estimation of the marginal willingness to pay function simply 

reproduces estimated coefficients that are identical in the hedonic price function . 

When consistency is forced between the hedonic price equation and the 

structural equation, identification may be achieved (cfr. Infra). 

This implies that the availability of true marginal prices would solve this part of 

the problem. Mendelsohn (1987) emphasizes that this problem would exist even 

if the parameters of the hedonic price function are known without error. Brown 

and Rosen use in their paper an example which is limited to linear functions of 

all three relevant equations. They do not prove what would happen if some or all 

of the curves become nonlinear. Brown and Rosen's proof can now be 

generalized. Regardless of the shape of the price gradient, any structural 

equation which is additive in the exogenous shift effects will merely reproduce 

the hedonic price gradient. 

6.1.2.2 Proposed solutions and critiques 

Solving the identification problem means pushing the hedonic price method to 

tell us more about preferences of individuals behind the market, so that we 

know how to value large changes in environmental quality. In the empirical 

literature, there are two proposed approaches in solving the identification 

problem: a single market approach and a multiple market approach (McConnell 

and Phipps, 1987). 

6.1.2.2.1 Single market approach 

Brown and Rosen (1982), Epple (1987) and Diamond and Smith (1985) have 

shown that characteristics demand can not be identified without some form of 

exogenous variation in marginal prices that is independent of demand. Using 

data from single markets, identification is usually obtained by restricting either 
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the functional form or the variables. Therefore the functional form in the second 

stage has to be different from the functional form of the implicit marginal price 

equation. With respect to the variables, identification can be achieved by 

excluding house characteristics from the bid function. However, adopting a 

different functional form (linear, semi-log, double-log) in the hedonic price 

versus structural equations contributes more than the exclusion of exogenous 

variables. 

The above approach lacks intuitive appeal and is just a technical matter. It 

suffers from the fact that prior restrictions imposed on the parameters and the 

functional form are generally untestable. This certainly influences the underlying 

preference or market structure. Quigley (1982) shows that restrictions on the 

functional form can not be justified on the basis of consumer theory. Linneman 

( 1980) has shown that the estimates of the implicit attribute prices are sensitive 

to the functional form chosen. As a consequence, it remains questionable 

whether the alteration of the functional form between hedonic and structural 

equation has identified the true underlying structural equations. If the true 

functional form has too many parameters to be identified with data from a single 

market, arbitrary restrictions of functional form will produce arbitrary results. No 

matter how well the unidentified functional form fits the data, the results would 

not necessarily approximate the true marginal willingness to pay, even in the 

neighborhood of the observations. 

The omitted terms will also technically identify the structural equations, but 

there is no theoretical guideline of which terms to drop (Brown and Rosen, 

1982). Making different assumptions about the shape of any of the curves leads 

to different parameters. Any term that contributes in the explanation of the 

variation of the marginal prices is clearly relevant to the decision making. The 

result will be subject to the terms that are dropped. This makes this approach 

highly arbitrary. 

6.l.2.2.2 Multiple market approach 

The multiple market approach is another way to achieve identification (Brown 

and Rosen, 1982). Epple (1987) and Kahn and Lang (1988) state that if 
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preferences, technology, and the distributions of tastes and productivities are 

the same across markets but for some unspecified reason price functions are 

not, variation in the marginal prices across markets serves to identify 

preferences and technology. This variation in the marginal price schedule 

between locations allows identification of the demand functions. The new 

information in the second step is provided by the inter-market price variation. 

The use of multiple markets allows estimation of price effects to be independent 

of demand- or supply-shift effects. This means finding cases where individuals 

with the same preferences, incomes and other traits face different marginal 

implicit prices. This obviously can only occur if similar individuals must choose in 

markets with different hedonic price functions. In the case of many markets, the 

different markets will have different distributions of consumers and fi rms. These 

different distributions affect the matching process and give rise to different 

marginal price equations in different markets. However, Ohsfeldt and Smith 

(1988) argue that simply including data from different markets may not be 

enough if the exogenous price variation is too small. 

The problem with this identification strategy is that it is logically inconsistent. It 

requires preferences, technology and distributions of tastes to be identical 

across hedonic markets. It is impossible to test this since the relevant models 

are not identified under the alternative assumption that the utility function 

parameters are not equal in the two markets. Moreover, if preferences, 

technology and distribution of tastes are identical across hedonic markets, 

equilibrium price functions must be as well (Ekeland et al., 2001a and 2001b, 

2004). 

6.1.3 Welfare measurement 

6.1.3.1 Marshallian (uncompensated) and Hicksian 

(compensated) demand 

In the empirical literature, consumer surplus has been the most common 

measure of welfare. A change in welfare resulting from the quantity of a 

nonmarket environmental good is then measured as the integral under the 
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Marshallian demand function 110
. Although the Marshallian consumer surplus has 

some intuitive appeal as a welfare indicator, it does not measure the theoretical 

definition of a welfare change. To be theoretically correct, one has to measure 

the integral under the Hicksian demand 111 functions (Freeman, 1994). The 

compensating surplus 112 is the change in income that would compensate for the 

change in environmental quality if it is implemented. Utility is kept constant at 

the original level. The equivalent surplus113 is the change in income that would 

be equivalent to the proposed change in quality if that change is not 

implemented. It is the amount of money needed to bring the consumer to a new 

utility level in case the quality change does not occur. Unfortunately, economists 

typically estimate ordinary demand functions because they do not observe utility 

needed for the Hicks-compensated demand functions (Kolstad and Braden, 

1998). 

6.1.3.2 Lower and upper bound welfare measures 

6.1.3.2.1 Lower bound 

Cost-benefit analysis of regulatory policy-making requires ex ante estimates of 

benefits. The ordinary demand function that we try to estimate in a hedonic 

exercise is the marginal bid function. The area under the marginal bid function 

represents an estimate of the benefits. However, following different paths, Bartik 

(1988) and Palmquist (1988) have shown that this usual benefit measure, i.e. 

household willingness to pay for amenity improvements at their original location, 

underestimates the true benefits. The willingness to pay measure 

underestimates benefits because it ignores adjustments by housing demanders 

and suppliers, which may improve efficiency. Using a three-stage decomposition 

110 Ordinary, or Marshallian demand functions give quantity demanded as a function of 
price and income. Demand is uncompensated because as prices change, income is not 
adjusted to compensate for the resulting change in utility (Kolstad and Braden, 1998). 
111 Compensated, or Hicksian demand functions give the quantity demanded as a function 
of price and utility. Income is of no consequence; as prices change, expenditures are 
adjusted to maintain constant utility. This reflects only the substitution effect on the 
change in relative prices. The income effect of the price change has been eliminated by the 
device of compensating withdrawals of money income (Kolstad and Braden, 1998). 
112 In case of a price change called compensating variation. 
113 In case of a price change called equivalent variation. 
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of the benefits of an amenity change, Bartik (1988) illustrates the intuition 

behind this underestimation, being the inconsistency to use the hedonic model, 

in which housing demanders and suppliers adjustment establishes the hedonic 

price function, while ignoring this adjustment in measuring benefits114
. 

6.1.3.2.2 Upper bound 

As already discussed above, the identification of the marginal bid function is a 

technical issue which is fairly ad hoc. However, Kanemoto (1988) has shown 

that hedonic prices themselves provide an upper bound to the long run value of 

an attribute change. Therefore, even if the identification problem is not solved, 

the hedonic price function alone gives not only the exact value of a marginal 

change but also an ex ante calculation of the upper limit to the long run value. 

However, this result requires the assumption of perfect mobility between 

different areas, i.e. a free and costless migration between regions is possible. 

This ensures that property prices reflect the benefits of amenities. 

At the same time, Bartik {1988) also suggests that a more easily estimable 

benefit measure, the property value increases from the amenity improvements 

projected by the original hedonic price function, will often be close to benefits. 

The hedonic property value and rent measures of benefits are likely to be quite 

close upper bounds to benefits if either of two conditions hold: the amenity 

improvements at most sites are small and/or the amenity induced shifts in the 

hedonic functions are small. 

6 .1.3.3 Marginal and nonmarginal changes in environmental 

quality 

6.1.3.3.1 Marginal change 

An important application of both the hedonic price function and the willingness 

to pay function is the ability to measure welfare effects. The marginal value of a 

114 For a detailed discussion, we refer to Bartik (1988) and Palmquist (1988). 
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change in an amenity is the sum of the marginal willingnesses to pay of each of 

the affected individuals evaluated at the existing housing market equilibrium. 

That is, for the characteristic z j 115
, the summation occurs over all households 

n : 

n 

w =~B .. 
Z L... I} 

;~1 

where w
2 

is the aggregate marginal welfare change (Freeman, 1994). This 

straightforward approach assumes that the coefficients of the estimated hedonic 

regression are sufficient to reveal the preference structure. In particular, the 

marginal willingness to pay for a particular characteristic is interpreted as the 

derivative of the hedonic regression with respect to the characteristic. However, 

the marginal price derived from the hedonic function does not measure what a 

particular household is willing to pay for additional units of a housing 

characteristic. Rather, it is the valuation that is the result of demand and supply 

interactions of the entire market (Follain and Jimenez, 1985). 

6.1.3.3.2 Nonmarginal change 

In a partial equilibrium 116 or short run setting, the total welfare value of a 

change in an environmental amenity z j is given by 

where w
2 

is the aggregate benefit. This measure requires the knowledge of the 

marginal willingness to pay functions of individuals. It also represents the lower 

bound of the long run welfare change (Freeman, 1994). 

The theoretical and econometric difficulties make the data requirements for the 

second stage of the estimation more difficult to fulfill. Even when the estimat ion 

requirements are met, deriving benefit measures is still complex. The observed 

115 Using the notation introduced in chapter 3. 
116 Without changes in other pr ices or characteristics. 
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marginal price gradient117 is expected to change in response to some policy of 

interest, because a policy change usually causes the hedonic price schedule to 

shift118
• It seems plausible to expect that as the amenity level increases, the 

marginal implicit price schedule will actually shift downward. Since the benefit 

calculation does not take account of this shift, using the original hedonic price 

function to predict the changes in the property prices will result in an 

overestimate of the true benefits for the amenity change (Freeman, 1994; Bartik 

and Smith, 1987, p.1223). Since the hedonic equation is generally nonlinear, 

forecasting the change in the price schedule is quite difficult. For this reason , a 

benefit analysis may be separated into ex post welfare measurement, which is 

retrospective, and ex ante welfare measurement, which is prospective 

(Freeman, 1994). Exact welfare measurement is only available ex post, while ex 

ante it is only possible to obtain bounds on the welfare measures (Palmquist, 

1988). 

If the environmental change will affect only a small fraction of the properties in 

the market, it is assumed that the schedule of prices, P(z), will not be affected 

(Palmquist, 1988). Palmquist (1992a) defines this as a localized externality, 

which affects only those people living in the prox imity of the externality. 

Hazardous waste sites and polluting factories near residential areas are li kely to 

be localized in their impacts. While such externalities can have significant 

impacts on the affected residents, nearby comparable houses are unaffected. 

Under such conditions, the equilibrium hedonic price schedule is unchanged by 

the externality 119 (Palmquist, 1992a). As a consequence, welfare measurement 

for localized externalities does not require the estimation of the second stage of 

the hedonic model if there are no transactions or moving costs. In this case, the 

price of properties experiencing the environmental improvement will rise to the 

level of prices of properties with similar characteristics, but the hedonic equation 

will remain unchanged (Palmquist, 1998). In this way, Palmquist (1992b) 

demonstrates that the hedonic techniques are particularly well adapted to 

studying localized externalities since the key problems with the hedonic 

117 Vector of marginal prices. 
118 Adjustments by consumers and producers can be ignored for marginal improvements 
because of the envelope theorem (Bartik, 1988). 
119 In other words, it is assumed that the hedonic price function does not shift as a result 
of the environmental amenity change. 
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methodology and benefit estimation do not arise. The slope of the hedonic price 

function may then be seen as a measure of the willingness to pay for a 

nonmarginal change. 

6.1.4 Choice between simple and two stage hedonic 

approach 

The theory of hedonic pricing is logically and consistently formulated, but it 

involves a substantial simplification and abstraction from a complex reality. The 

assumptions are never completely realized in practice, but this criticism can be 

raised against virtually any empirical work in economics (Freeman, 1979). 

However, the identification problem in the second stage makes it more difficult 

to infer the benefits of nonmarginal changes in attributes. Proposed solutions in 

the hedonic pricing history have not been convincing. This suggests that a 

reliable two stage structural estimation of the demand for characteristics will be 

difficult. Deacon et al. (1998, p.389) conclude 

'To date no hedonic model with site specific environmental amenities has 

successfully estimated the second stage marginal willingness to pay function. " 

To avoid the problems associated with estimating marginal bid functions, several 

authors (Kanemoto 1988, Bartik 1988) have argued that the hedonic price 

schedule itself can be used as an upper bound and reasonable approximation of 

total benefits. Palmquist (1992a) argued that localized externalities ( local 

pollution) are particularly suited to hedonic technique investigation as it is 

reasonable to assume the equilibrium hedonic price schedule does not shift. For 

these reasons, we have chosen to proceed with the simple hedonic approach 120
. 

120 Theoretically, there is one special case where the second stage is identified. If there are 
no socio-economic differences among the residents, it is possible to reveal the underlying 
demand parameters from the hedonic equation . If consumers are identical in terms of 
income and socio-economic characteristics, everyone will have an identical bid function . 
The equilibrium price schedule will coincide with these common bid functions. So 
estimating the hedonic equation reveals the bid equation (Palmquist, 1998). 
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6. 2 Data issues 

6.2.1 Dependent variable 

The dependent variable of the hedonic price function is the sales price of a 

property. Property values can come from aggregated census data, expert 

opinion such as professional appraisers, tax assessor values, and actual 

individual market transactions. The first hedonic pricing studies were conducted 

in the United States. Most of them relied on census data, which is relatively easy 

to obtain. However, Bartik and Smith {1987) pointed out that the aggregation of 

data on the county level posed significant problems for the interpretation of their 

estimated hedonic price functions. Census sales prices are expected to be 

imperfect measures of the market prices, since they are based on household 

estimates of the values of their homes. Freeman {1994) further argues that the 

use of summary statistics reduces the accuracy and curtails the ability of the 

researcher to control for relevant housing and location characteristics. A second 

class of studies has been based on professional valuations of property prices. 

However, data from these sources are also not entirely reliable as they are only 

best guesses at the actual selling prices of properties (Freeman, 1994). It is 

generally agreed that the primary source of data for hedonic property market 

studies are records of actual sales prices on individual properties. The preference 

for sales data is based on the presumption that the sales come closest to 

reflecting true market trades (Freeman, 1994). 

In order to obtain a reasonable amount of data in the region of interest, we had 

to pool the data across time periods. We gathered disaggregate sales prices over 

a 9-year period (1993- 2001) by contacting individual notaries active in our 

study field in Belgium. In order to pool in a proper manner, we inflated nominal 

sales prices to 2001 euros using the 75th percentiles (Q75) 121 and distinguishing 

by city (Lommel, Overpelt, Neerpelt, Hechtel-Eksel, Salen and Mol), type 

(building site, house) and surface (90-180 m 2 , 181-360 m 2 , 361 -720 m 2 , 721-

121 The 75th percentile (Q75) is the smallest number that is greater than 75% of the 
numbers in a given set. This means that 25% of the sales are more expensive than that 
specific number . 
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1500 m2, > 1500 m2) 122
• For instance, the 1997 inflation-adjustment to 2001 

can then be made by using the following formula: 

S l 
. Sales price91 a es pnce01 = 

Q7597 / Q7501 

All models were estimated using this inflation adjusted sales price of property 

values as the dependent variable. We assume that inflation adjustment is 

necessary to permit the sample to describe the respective equilibrium functions. 

6.2.2 Explanatory variables 

Explanatory variables123 are the characteristics that are used to explain the 

selling price of a house. To delineate clearly the effects of an environmental 

characteristic in a hedonic price function, the analysis must control for the 

effects of a wide range of housing attributes including: 

1. structural characteristics: surface, number of places, garage, type of 

construction, building age, cadastral income124 

2. local socio-economic variables or neighborhood characteristics: average 

income of the statistical sector 

3. local amenity: soil quality measured by a proximity or distance to site 

variable or by the interpolated amount of pollution 125 at a specific point 

in space 

In order to collect the above explanatory variables, we had to contact several 

sources. All the structural characteristics were gathered with the Registry 126 and 

joined with the matching sales prices on the basis of address. 

The Statistics division of the Federal Public Service Economy, SMEs, Self

employed and Energy provided us with data about the average income per 

122 The 75th percentiles data (Q75) was obtained from Stadim, a private company active in 
the real estate business. 
123 Also called independent variables. 
124 We take up cadastral inoome as a variable because it contains additional information 
about house and environment not taken up in the other variables. 
125 In mg/kg dry soil. 
126 We contacted the Registry of the provinces of Antwerp and Limburg . 
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statistical sector127
. We adjusted this variable by means of the Consumer Price 

Index 128 • 

The environmental risk was hypothesized to be measured by a proximity or 

distance to site variable, or as the interpolated amount of pollution at a specific 

point in space. To have a measure of both variables, we had to implement our 

data set into a GIS 129 framework. In order to obtain a geographically referenced 

data set we geocoded address positions by means of the CRAB130-file 131 from 

the Support Centre GIS Flanders. The most basic advantage of geocoding is to 

position properties on a local map in terms of their geographical coordinates 

(Din et al., 2001). The ability of GIS to calculate spatial data is a considerable 

technical advance in the compilation of explanatory variables. In the pr?vious 

chapter, we have used geocoding to predict the amount of pollution at specific 

points in space where data is available on property sales prices. As mentioned in 

the previous chapter, cadmium pollution data values were gathered by the 

Center of Environmental Sciences of the Hasselt University. Furthermore, we 

have used GIS to calculate distances to the nearest site as a perceived risk 

measure. Three sites were considered: two active (Balen and Overpelt) and one 

inactive (Lommel-Maatheide). 

6.2.3 Summary statistics for variables 

In total, we collected 2182 housing sales prices for the municipalities of Balen, 

Mol, Lommel, Overpelt, Neerpelt and Hechtel-Eksel between 1993 and 2001. 

However, due to missing values because of geocoding, the matching process of 

prices with the structural characteristics and the average income variable per 

statistical sector, only 996 observations are left over. By visual inspection 

through the data, we removed 11 outliers, leaving 985 observations for analysis. 

We use these observations to test whether a distance to site effect is discernible 

from the data. The summary statistics, i.e. mean and standard deviat ion for the 

127 A statistical sector is a small part of a Belgian municipality. 
128 This information was also available at the Federal Public Service Economy, SM Es, Self
employed and Energy. 
129 Geographical Information System. 
13° Central Reference Address File. 
131 We are grateful to the province of Limburg for providing us with t his file. 
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used variables are taken up in the first part of table 12. Time and spatial dummy 

variables are also included. The second part of table 12 takes up the summary 

statistics for the analyses that will be done with the estimated amount of 

cadmium at a specific point in space as a measure of environmental quality. 

From the previous chapter, we consider simple kriging, ordinary kriging and 

inverse distance weighting results. We wanted to test the sensitivity of our 

results to different prediction rules. For those analyses, we lose the observations 

of the municipalities of Balen and Mol. This diminishes the number of 

observations to 533. 
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Table 12: Summary statistics for variables 

Variable Variable name Distance to site (N = Cadmium content of 

985) soil (N = 533) 

Mean Standard Mean Standard 

deviation deviation 

Price Property sales price (in Euros) 124198 87991 149087 104618 

Balen Dummy variable for Balen 0,150 0,358 

Mol Dummy variable for Mol 0,309 0,462 

Hechtel-Eksel Dummy variable for Hechtel-Eksel 0,057 0,232 0,105 0,307 

Neerpelt Dummy variable for Neerpelt 0,183 0,387 0,338 0,473 

Lommel Dummy variable for Lommel 0,153 0,360 0,283 0,451 

Overpelt Dummy variable for Overpelt 0,148 0,356 0,274 0,446 

1993 Dummy variable for the year 1993 0,059 0,236 0,028 0,166 

1994 Dummy variable for the year 1994 0,088 0,284 0,045 0,208 

1995 Dummy variable for the year 1995 0,081 0,273 0,021 0,142 

1996 Dummy variable for the year 1996 0,068 0,252 0,013 0,114 

1997 Dummy variable for the year 1997 0,104 0,305 0,034 0,181 

1998 Dummy variable for the year 1998 0,184 0,387 0,229 0,421 

1999 Dummy variable for the year 1999 0,142 0,349 0,263 0,440 

2000 Dummy variable for the year 2000 0,166 0,373 0,223 0,417 
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2001 Dummy variable for the year 2001 0,108 0,310 0,144 0,352 

Cadastral income Cadastral income (in Euros) 691 422 739 432 

Surface Surface (in m2) 1255 1535 1341 1752 

Open house Dummy variable for open house-building 0,620 0,486 0,732 0,443 

Semi-open house Dummy variable for semi-open house-building 0,298 0,458 0,225 0,418 

Closed house Dummy variable for closed house-building 0,081 0,273 0,043 0,203 

Building age Building age (in years) 49,8 21,0 46,2 21,9 

Garages Number of garages 0,79 0,57 0,89 0,54 

Places Number of places in the house 6,11 1,51 6,36 1,50 

Average income Average income per statistical sector (in Euros) 24492 3577 24371 3858 

Distance Distance to site (in m) 5715 3080 4406 2737 

SK cadmium Simple kriging cadmium content (in mg/kg dry soil) 3,046 2,901 

OK cadmium Ordinary kriging cadmium content (in mg/kg dry 

soil) 2,942 2,779 

IDW cadmium Inverse distance weighting cadmium content (in 2,975 2,774 

mg/kg dry soil) 
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6.2.4 Geographical spread of observations 

Figure 45 gives a display of the geographical spread of the observations. The 

triangles indicate the sources of pollution. Whereas all points (red and green) 

are used in the distance to site analyses, only the green points were available 

for the analyses using one of the predicted measures of the cadmium content. 

When constructing a rectangle from the most remote sales points, we deal with 

an area of about 575 km 2 . However, more than 80% of the data points lie in an 

area of about 171 km 2 • As most hedonic analyses, we make the implicit 

assumption that this urban area represents a single property market. 
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Figure 45: Geographical spread of housing sa les prices 
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We empirically checked for potential clusters in the data by means of the 

hierarchical cluster method. This is a bottom up approach that initially considers 

each observation as a small cluster by itself. The two observations lying closest 

together are merged into a new cluster. At each subsequent step, the two 

nearest clusters are combined to form one larger cluster. This process continues 

until one large cluster remains containing all the observations. The resultant 

classification has an increasing number of nested classes. The main advantage 

of this approach is that it makes no a priori assumptions concerning the criteria 

defining the possibility of submarkets132
• The data itself suggests the pattern of 

market segmentation. The drawback is that it is a computationally burdensome 

method. Hierarchical cluster methods result in a hierarchy of association 

appearing in the form of an inverted tree. This tree gives information which 

branches of the hierarchy should be treated as separate clusters . We took the 

squared Euclidean distance as a measure of dissimilarity. The squared Euclidean 

distance places progressively greater weights on objects that are further apart. 

These distances were based on locational, structural and socio-economic 

dimensions (Day, 2003). Each dimension represents a rule for grouping objects. 

As a cluster algorithm, we used average linkage clustering. This algorithm 

calculates the dissimilarity between clusters using cluster average values. We 

used the UPGMA-method 133 for calculating the average values. The distance 

between two clusters is then the average distance between all inter-cluster 

pairs. In both our data sets, there was no indication of cl usters representing 

separate submarkets along locational, structural and socio-economic 

dimensions134
. For both, distance to site and cadmium content cases, more than 

96% of the data was classified in a first cluster when considering a range of 

solutions between two and four clusters. These results support our implicit 

assumption of considering the area as a single property market. The 

dendrograms of both hierarchical cluster analyses are taken up in figures 46 and 

47. 

132 On the contrary, with partitioning methods, t he researcher must decide upon the 
number of clusters a priori. 
133 Unweighted pair-group method using averages. SPSS labels t his ' between-groups 
linkage'. 
134 Dummy variables were excluded from the cluster analysis. 
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Figure 46: Hierarchical cluster analysis dendrogram using average 

linkage (between groups) - distance to site 
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Figure 47: Hierarchical cluster analysis dendrogram using average 

linkage (between groups) - cadmium content 
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6.3 Functional hedonic price form 

6.3.1 Introduction 

6 .3.1.1 Lognormal distribution of property prices 

The distribution of property prices in the data set is skewed to the right. A large 

part of the properties have relatively low prices whilst a relatively small number 

of properties have very high prices. This shape of distribution is indicative of a 

lognormal distribution and provides some support to the assertion that the 

dependent variable should be included in the hedonic price function in a 

logarithmic form. Figures 48 and 49 show the distribution of the property prices 

for both of our data sets . 

Figure 48: Distribution of property prices (distance to site) 
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Mean = 124197,8595 
Std. Dev. = 
87991,34893 
N = 985 



Figure 49: Distribution of property prices (cadmium content) 
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6.3.1.2 Nonlinearity of functional form 

Mean = 149087,1222 
Std. Dev. = 
104618,75368 
N = 533 

As already mentioned in chapter 3, Rosen (1974) has pointed out that the 

hedonic price function is expected to be nonlinear. The reason is that buyers can 

not treat individual housing attributes as discrete items from which they can pick 

and mix until the desired combination of characteristics is found. Households are 

thus unable to repackage the complex good. It is impossible to break up the 

house into its constituent parts and enjoy the benefits of each characteristic 

separate from the whole. Since arbitrage activity with respect to the constituent 

parts of a complex good 135 is precluded in the housing market, market forces do 

not work to ensure constant marginal prices. Typically, under the ceteris paribus 

condition, the additional amount paid for properties enjoying higher quantities of 

135 With simple goods, arbitrage ensures that marginal prices are constant. 
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a specific characteristic declines as the total level of that characteristic 

increases. This reflects a form of satiation (Day, 2001). A representation of the 

hedonic price schedule is given in figure SO. 

Figure 50: Nonlinearity of the hedonic price schedule 
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Nonlinearity implies that few a priori constraints can be placed on estimated 

demand parameters. A variety of nonlinear functional forms can be made linear 

by transforming the variables. The most common transformations are semi

logarithmic or double-logarithmic. 
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6.3.1.3 Parametric, nonparametric and semiparametric 

specifications 

A hedonic price functional form represents a relationship between the property 

prices and the property characteristics. Unfortunately, economic theory provides 

little guidance on the nature of this functional form. To deal with the unknown 

functional form problem, it is possible to use estimation techniques that are 

parametric, nonparametric or semiparametric. 

In practice, the problem of capturing nonlinearities through parametric 

functional forms has frequently been accomplished through logarithmic 

transformations. Supported by the lognormal distribution of the property prices, 

we will consider a semi-log specification and a double-log specification. 

However, it is still questionable whether such an assumption is valid. A number 

of researchers have therefore investigated the use of flexible functional forms. A 

Box-Cox transformation is often suggested as a means of modeling hedonic 

relationships in a flexible way. The approach involves estimation of the best 

possible transformation parameters of the variables together with the regression 

coefficients. 

A nonparametric regression typically assumes little else about the shape of the 

regression function beyond some degree of smoothness. The added value of 

nonparametric techniques consists in their ability to deliver estimators and 

inference procedures that are less dependent on functional form assumptions 

(Yatchew, 1988). The data entirely dictates the model and ensures that the 

regression function is extremely robust to misspecification. Nonparametric 

regression techniques are theoretically more complex than nonlinear parametric 

modeling methods. They are also computationally intensive and they require 

large data sets since relationships are discovered by examining nearby 

observations. Nonparametric estimation techniques suffer from a slow rate of 

convergence 136, i.e . the rate at which we learn about the unknown regression 

function. Nonparametric estimators converge at a rate inversely related to the 

number of nonconstant independent variables. This is referred to as the curse of 

dimensionality. As a consequence, nonparametric estimation is only realistic 

136 In a parametric setting, the rate at which the variance of estimators goes to zero is 
typically the inverse of the number of observations (Yatchew, 1998) . 

198 



when there are only a small number of regressors. Day et al. (2003) argue that 

the nonparametric response coefficients may be very imprecise when there are 

many regressors . Since hedonic models deal with a large amount of explanatory 

variables, nonparametric techniques has not been the preferred way to deal with 

nonlinearities137
• 

An intermediate strategy is to employ a semiparametric specification, which 

incorporates some parametric information into the nonparametric form. While 

nonparametric estimators produce their inferences free from a particular 

functional form, semiparametric estimators produce their inferences free from a 

particular functional form but within a particular class of functional forms (Pace, 

1995). We will particularly focus on the class of additive models. Essentially, the 

semiparametric estimator offers an attractive trade-off between robustness to 

misspecification (the strength of the nonparametric estimator) and potential 

efficiency (the strength of the parametric estimator). It facilitates the task of 

nonparametrically examining whether a given parametric model makes sense. 

6.3.2 Violation of the Gauss-Markov conditions 

The hedonic price model has to satisfy following ordinary least squares (OLS) 

regression Gauss-Markov assumptions (Greene, 2000, p. 223): 

1. the relationship between the dependent variable and the independent 

variables are linear in the parameters 

2. the error terms are normally distributed with a mean of zero 

3. the independent variables are free from multicollinearity 

4. the error terms are independent (not autocorrelated) 

5. the error terms have a constant variance (homoskedastic) 

In the remainder of this section, we elaborate on the latter four of these 

assumptions. 

137 An exception is Pace (1993) . 
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6.3.2.1 Non-normality 

Most hypothesis tests and a large number of regression diagnostics are based on 

the assumption of a normal error distribution. Since the random error term in 

the population regression model can not be observed, tests for non-normal 

errors must be computed from the regression residuals. The Jarque-Bera test on 

normality of the errors is an asymptotic test based on the OLS residuals. The 

test first computes the skewness ( S) and the kurtosis ( K) measures of the 

OLS residuals and uses following test statistic 

that is distributed as a ;i:
2 statistic with two degrees of freedom (Gujarati, 

1995). 

Fortunately, Anselin (2005) argues that departures from the normality 

assumption may not be too serious a problem, since many properties in 

regression analysis hold asymptotically even without assuming normality. 

Greene (2000) also states that normality is not necessary to obtain many of the 

results we use in multiple regression analysis. It will only enable us to obtain 

several exact statistical results. 

6.3.2.2 Multicollinearity 

Multicollinearity refers to an approximate linear relationship among the 

explanatory variables that may lead to unreliable regression estimates. Greene 

(2000, p.256) gives some typically observed symptoms of multicollinearity: 

1. Small changes in the data produce wide swings in the parameter 

estimates. 

2. Coefficients may have very high standard errors and low significance 

levels even though they are jointly significant and the R2 for the 

regression is quite high. 

3. Coefficients may have the wrong sign or implausible magnitudes. 
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As a consequence, parameter estimates on highly collinear regressors are 

difficult to interpret. Problems of multicollinearity are common in the application 

of the hedonic price method and it is important to address the problem 

rigorously. The problem is frequently associated with structural characteristics 

and their second order effects. For instance, the number of places in a house 

may be correlated with the surface. The amount of multicollinearity can be 

detected by examining the correlation matrix, by running auxiliary regressions, 

or by performing jackknife regressions which reestimate the model when 

randomly chosen groups of observations have been removed. We may also 

calculate the condition number or the Variance Inflation Factor (VIF). 

We investigated problems of multicollinearity by calculating the variance 

inflation factor. This shows the extent to which a given explanatory variable is 

correlated with other explanatory variables and also measures the extent to 

which the model deviates from the ideal situation of no multicollinearity. Each 

independent variable is regressed upon the other independent variables and the 

R 2 
is used to calculate the variance inflation factor in the following way: 

VJF=-1-
l - R2 

Variation inflation is the consequence of multicollinearity. The higher the 

explained variance is in a regression model, the better the model is. However, if 

collinearity exists, probably the variance and the parameter estimates are all 

inflated. In other words, the high variance is not a result of good independent 

predictors, but a misspecified model that carries redundant predictors. We can 

decide to throw out which variable by examining the size of variance inflation 

factor. We applied the general rule of Belsley et al. ( 1980) that the variance 

inflation factor should not exceed the number of 10. 

6.3.2.3 Heteroskedasticity 

A frequent concern when using cross-sectional data in regression analysis is 

heteroskedasticity. Heteroskedasticity occurs when the variances of the 

regression disturbances are not constant across observations. In the presence of 

heteroskedasticity, the OLS estimator is still unbiased, consistent and 
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asymptotically normally distributed. However, the estimator is no longer best 

and due to inappropriate standard errors, the OLS results may be misleading. 

Diagnostic testing for heteroskedasticity occurs by White's general test, the 

Goldfeld-Quandt test, the Glesjer test, the Breusch-Pagan test or the Koenker

Bassett test. We report both Breusch-Pagan and Koenker-Bassett tests. Both are 

Lagrange multiplier (LM) tests that are implemented as tests on random 

coefficients. This assumes a specific functional form for the heteroskedasticity. 

We use a function of the squares of the explanatory variables 138
. The tests are 

carried out in two regressions. First, the OLS is run and a residual vector and the 

residual sum of squares (RSS) are obtained. From the residual sum squares, we 

estimate the variance. Second, we regress the quotient of the squared OLS 

residuals and the estimated variance on the squares of the explanatory variables 

and a constant. From this regression we use the total sum of squares (TSS) and 

residuals sum of squares (RSS) to obtain following Lagrange multiplier test 

statistic: 

LM = _!_(TSS - RSS) 
2 

Under the null hypothesis of homoskedasticity, the test statistic is asymptotically 

distributed as z2 with degrees of freedom equal to the number of explanatory 

variables. Unfortunately, the Breusch-Pagan Lagrange multiplier test is quite 

sensitive to the assumption of normality. The Koenker-Basset test is essentially 

the same as the Breusch-Pagan test, except that the residuals are studentized. 

This means that they are made robust to non-normality. In the absence of 

normality, there is some evidence that the test is more powerful (Greene, 2000, 

p.510). 

White {1980) has derived a heteroskedasticity consistent covariance matrix 

estimator which provides correct estimates of the coefficient covariances in the 

presence of heteroskedasticity of unknown form. White's result implies that 

without actually specifying the type of heteroskedasticity, we can still make 

appropriate inferences based on the results of OLS (Greene, 2000, p.463). The 

White estimator avoids the use of more complicated techniques as (feasible) 

generalized least squares . 

138 Using the explanatory variables themselves, and not the squares, may give slightly 
different results (Anselin, 2005, p.195). 
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6.3.2.4 Spatial dependence 

6.3.2.4.1 Causes of spatial autocorrelation 

For a long time, the empirical work in hedonic pricing studies has ignored 

methodological issues that might result from the spatial nature of data sets. 

Autocorrelation is typically a problem encountered in a time series context139
. 

However, when locational factors are important, autocorrelation may also prevail 

in a cross-sectional context. If the location of a house influences its price, then 

the possibility arises that nearby houses will be affected by the same location 

factors. Dubin ( 1998) argues that spatial autocorrelation is likely to be present 

in any situation in which location matters. 

Can (1992) distinguishes between two levels of externalities that are capitalized 

into housing prices: neighborhood effects and adjacency effects. Neighborhood 

effects are exogenous effects that refer to the impact of shared neighborhood 

characteristics on housing prices. The common approach with respect to the 

measurement of neighborhood effects is the inclusion of a set of characteristics 

pertaining to the socio-economic and physical make-up of the neighborhood. 

Adjacency effects refer to the endogenous spatial spill -over effects, i.e. the 

impact of the prices of adjacent structures on the price of a given one (cross

boundary). There will be a set of abs_olute spatial spill-over effects on a given 

·residential structure of the physical quality as well as the uses associated with 

the surrounding neighboring structures. Urban areas also develop piecemeal 

over time. Local neighborhoods tend to be constructed at the same time and by 

the same developers. Consequently, properties within neighborhoods are likely 

to exhibit structural similarities not only in terms of their age but also in terms 

of their size, layout and interior and exterior design features (Day et al., 2004 ). 

These adjacency (proximity) effects will ultimately be capitalized into the prices 

of nearby residential structures and thus will lead to spatial dependence in the 

housing price determination process. These effects necessitate an explicit 

incorporation of the functional interdependence among the prices of adjacent 

139 The standard ru le of thumb is that autocorrelation is a problem in time series data and 
heteroscedasticity is a problem with cross-sectional data. 

203 



houses using an autoregressive specification 140
• In this specification of a hedonic 

price function, the value of a house at any location is dependent on its 

counterparts at nearby locations in addition to its structural and neighborhood 

attributes. 

When interdependence among spatially related observations influences the 

regression estimates, the processes through which these and similar influences 

arise need to be incorporated into models for those estimates to prov ide more 

realistic representations of the market. 

6.3.2.4.2 Consequences of spatial autocorrelation 

The clustering of similar or dissimilar values in geographical space has been 

recently recognized and is thus referred to as spatial dependence or spatial 

autocorrelation. The presence of spatial dependence in the geographic structure 

exhibited by housing prices will violate the assumption of independence of 

observations . If hedonic residuals are spatially correlated, the parameter 

estimates from an ordinary least squares (OLS) or instrumental variable (IV) 

regression will be inefficient and will produce biased estimates of the standard 

errors of the parameter estimates. In the case where the residuals are positively 

spatially correlated, as is to be expected with hedonic property price 

regressions, OLS or IV will underestimate the population residual variance and 

the resulting t-statistics will be biased upwards. Whilst OLS or IV parameter 

estimates remain unbiased, ignoring spatial autocorrelation may lead to 

erroneously high significance being attached to the influence of property 

attributes on selling prices (Day et al., 2003). 

Another consequence is the failure to fully exploit all available information that is 

latent within the data. All applied researchers endeavor to make the maximum 

use of observable information to make current valuations. To ignore relevant 

information is equivalent to accepting a substandard model. Even if the 

estimated coefficients are correct, the model is still underspecified . The result of 

this error of omission is a greater variation (wider confidence intervals) of 

14° Can (1990) argues that this conceptualization corresponds more closely with the act ual 
workings of the real estate institution in urban housing markets. A realtor will appraise a 
house given the price history of houses in the immediate vicinity in addition to other 
substantive characteristics. 

204 



predicted values than would otherwise be the case. The inclusion of spatial 

terms indirectly corrects for the problem of omitted variables by capturing the 

capitalization effects (Wachter et al., 2004). 

6.3.2.4.3 Weights matrix 

For studying spatial dependence in hedonic housing price equations, it is 

necessary to incorporate a spatial structure, the well-known W weights 

matrix141
• The specification of the weights matrix is a matter of some 

arbitrariness and is often cited as a major weakness of the lattice approach 

(Anselin, 2002). It quantifies the way that an observation at one location 

depends on other observations at a number of other neighboring locations. As 

such, it is based on the existence of spill-over effects between observations. 

Each house is connected to a set of neighboring houses according to an 

exogenously defined spatial pattern. The diagonal elements of the weights 

matrix are zero since we are not concerned with testing the correlation of 

residuals with themselves. The off-diagonal elements of the matrix indicate the 

way each unit is spatially connected to another unit. These elements are 

nonstochastic, nonnegative and finite. In order to normalize the outside 

influence upon each unit, the weights matrix is row-standardized such that each 

row's elements were made to sum to one. 

A range of suggestions have been offered in the literature, based on contiguity, 

distance, as well as nearest neighbors (Baumont, 2004). Since distance 

variables are included as explanatory variables, using a distance-based matrix 

could produce some kind of multicollinearity between the spatial structure and 

the explanatory variables that makes interpretation and inference problematic 

(Wilhelmsson, 2002). Hence we prefer describing the spatial structure by a 

contiguity based measure. Using our geocoded data set, we have constructed 

Voronoi polygons on which rook-based contiguity matrices were built. Rook 

contiguity142 imposes a unity value on those polygons that share a common side 

141 This is a nxn matrix, with n the number of observations. 
142 Alternative ways to define the presence of a contiguity relationship are linear contiguity, 
bishop contiguity, double linear contiguity, double rook contiguity and queen contiguity 
(Lesage, 1999). 
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with the polygon of interest. All other cells in the matrix are filled with zeros. 

The weights matrix is symmetric and has, by convention, always zeros on the 

main diagonal. Before getting used in any spatial regression model, it is row

standardized to have row-sums of unity. Since the matrix is non-negative, this 

type of standardization leads to a row-stochastic matrix. When the matrix W is 

row-stochastic, the spatial lag vector contains n arithmetic averages 

constructed from observations that are spatially related to each observation in 

the price vector P . In other words, WP represents the average price of houses 

around each house in the vector P . 

6.3.2.4.4 Spatial regression models 

Economic models in real estate often explicitly consider locational effects. 

Despite the importance of locational considerations to real estate in theory, 

empirical practice has employed relatively spaceless statistical tools, despite 

frequent mentions in the literature of observed violations of the assumptions 

underlying the optimality of such tools. Following the spatial econometric 

literature, the typical approach is to distinguish between so-called spatial lag 

models and spatial error models (Anselin, 1988). Both specifications seem 

possible a priori and are closely related mathematically, but the logic underlying 

each model's structure is different. 

In the spatial lag model, or mixed regressive, spatial autoregressive model 

(Anselin, 1988), spatial autocorrelation of observations is handled by 

incorporating an endogenous spatial lag variable on the right hand side of the 

regression model: 

P= pWP+Z/J+& 

The vector of error terms c is i.i.d. 143
, p is a spatial autoregressive component, 

P the dependent price vector and the matrix Z consists of all explanatory 

variables. 

The spatial lag model implicitly assumes that the spatially weighted average of 

housing prices in a neighborhood affects the price of each house (indirect 

143 Independently and identically distributed. 
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effects) in addition to the standard explanatory variables of housing and 

neighborhood characteristics (direct effects). This expresses the fact that the 

price of a house is influenced by the price of the neighboring houses. The 

reduced form is 

P = (I - pWt Z/3+(1 - pWtB 

The inverse may be expanded into an infinite series, including both the 

explanatory variables and the error terms at all locations. It is referred to as the 

spatial multiplier. Both the direct and indirect effects of a neighborhood's 

housing characteristics, including pollution, are captured through a spatial 

multiplier. Consequently, the spatial lag term is considered to be endogenous 

and this necessitates specialized estimation techniques to account for this. The 

spatial lag model is particularly appropriate when the focus is to measure the 

true effect of the explanatory variables, after the spatial autocorrelation has 

been removed, similar to a first-difference approach in time series. This is 

interpreted as substantive spatial dependence (Anselin, 1999). 

In the spatial error model 144
, the error term of the hedonic price equation is 

handled to be spatially autocorrelated. This is incorporated in following structural 

equations: 

P= Z/J+B 

B=AWB+u 

with the reduced form being 

This can be shown to be equivalent to 

P = AWP+ Z/3 -AWZ/3 + B 

which is a spatial lag model with an additional set of spatially lagged exogenous 

variables (Ansel in, 1999). In practice, the motivation for applying a spatial error 

model is typically not driven by formal theoretical concerns, but instead is a 

result of data problems. In contrast to theory-driven models, which can be 

referred to as dealing with substantive spatial correlation, the correlation in the 

error models is considered as a statistical nuisance which may occur from one or 

144 Spatial error autocorrelation may also be modeled directly, following the general 
principles of geostatistics. However, this approach is rarely used in the real estate 
literature. For an overview, we refer to Pace et al. (1998). 
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more omitted variables in the hedonic price equation that may vary spatially 

(Anselin, 2003). It is appropriate when the focus is on obtaining the most 

efficient estimates for the coefficients in the hedonic model and in ensuring that 

inference is correct by handling the potentially biasing influence of spatia l 

autocorrelation. 

6.3.2.4.5 Diagnostic testing 

Two alternative testing procedures are commonly utilized. The test for the 

presence of spati;:il autocorrelation in the regression residua ls is usually 

conducted using the Moran test procedure. However, the presence of spatial 

dependence in the form of a spatially lagged variable can not be detected by the 

Moran procedure; this requires the tests based on the maximum likelihood 

estimation principle, i.e. Lagrange multiplier (LM) tests (Anselin, 1999). 

Moran's I statistic for residual spatial autocorrelation is a global measure of 

spatial autocorrelation and does not allow to appreciate the local patterns of 

spatial association, i.e. to detect the presence of clusters of high unit price 

values or of low unit price values. Inspection of local spatial associations is 

carried out by the means of Moran scatterplots and Local Indicators of Spatial 

Associations (Anselin, 1995). The Moran's I test is predicated on normal errors 

and tests the null hypothesis that there is no spatial dependence between error 

terms (that is, p = 0 ). Unfortunately, this test statistic is quite crude and 

suffers from certain drawbacks. A first drawback is that it to a large extent is 

determined by the a priori choice of the spatial weights matrix. Second, the 

Moran's I test does not specify what kind of dependence there exists. 

To analyze whether there still exist problems with spatial autocorrelation when 

we have introduced the explanatory variables, and in that case what kind of 

spatial autocorrelation, four Lagrange multiplier (LM) tests based on the OLS 

regression results are used. The LM tests for spatial dependence can be used to 

discriminate between the two forms of misspecification : 

a. LM test for the omission of a spatially lagged dependent variable (LM 

lag) 

b. LM test for the omission of a spatially lagged error term (LM-error) 
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In both tests, the constrained model (the one without spatial dependence) 

constitutes the null hypothesis, thus the estimation of the alternative model is 

not required. Both of these test statistics are asymptotically distributed as z 2 

with one degree of freedom. When both test statistics have high values, one 

proceeds with the robust versions for LM-lag and LM-error and selects the one 

with the highest significance as alternative. 

When spatial regression models are estimated by maximum likelihood, inference 

on the spatial autoregressive coefficients may be based on a Wald test or a 

likelihood ratio (LR) test. As opposed to the LM test, these approaches require 

the alternative model to be estimated. A LR test is used to evaluate the 

contribution of p which is based on the difference between the loglikelihood for 

ML and that for the OLS estimation without a spatially lagged dependent 

variable . 

6.3.2.4.6 Estimation 

Spatial dependence in the data causes an important estimation problem. The 

presence of WP in these models precludes the application of OLS, since errors 

can not be assumed fully independent of WP. As already discussed, OLS does 

not account for the interplay between spatially close observations, which may 

lead to biased, inefficient and inconsistent parameter estimates (Anselin, 1988). 

Usually, maximum likelihood methods have desirable asymptotic theoretical 

properties such as consistency, efficiency and asymptotic normality. The 

maximum likelihood estimator involves the maximization of the loglikelihood 

functions using nonlinear optimization techniques 145
• They are also thought to be 

robust for small departures from the normality assumption, and these methods 

145 The main practical problem is encountered in maximum likelihood estimation where the 
Jacobian determinant must be evaluated for every iteration in a nonlinear optimization 
procedure. However, Ord (1975) has shown that the log Jacobian can be deco mposed in 
terms that contain the eigenvalues of the weights matrix. This may be implemented in a 
standard optimization routine by treating the individual elements in the sum as 
observations on an auxiliary term in the log likelihood. The computation of the eigenvalues 
remains numerically stable for matrices under 1000 observations, which is the case for 
both of our data sets (Anselin, 1999 and Anselin and Hudak, 1992). 
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allow practitioners to draw on well-developed statistical theory regarding 

parameter inference (LeSage and Pace, 2004 ). 

Although the spatial autoregressive models no longer suffer from spatial 

dependence, heteroskedasticity may still be a problem. One of the approaches 

to deal with heteroskedasticity is to use a heteroskedasticity-robust estimation 

strategy. An alternative to maximum likelihood (ML) is the instrumental 

variables (IV) estimator because of its simplicity and attractive asymptotic 

properties. IV estimation is also more robust to non-normal errors than 

maximum likelihood (Sandberg and Johansson, 2001). Indeed, for IV estimation 

the assumption of normally distributed error terms is not needed. We implement 

the instrumental variables approach via spatial two stage least squares (S-

2SLS). The set of instruments consists of the exogenous variables Z as well as 

their spatial lags WZ . Under a set of reasonable assumptions that are easily 

satisfied when the spatial weights are based on contiguity, the S-2SLS estimator 

achieves the consistency and asymptotic normality properties of the standard 

2SLS (Anselin, 1999). 

6.3.3 Semi-logarithmic regression 

The simplest way to reveal nonlinearities in the data through the estimation 

process is to take the natural logarithm of the dependent variable vector and 

regress these against linear explanatory variables in the following manner: 

In(P) = Zf]+s 

where P represents the housing sales price vector, Z the matrix of the 

explanatory variables including a constant146 and & the error term. The semi

log model allows for variation in the euro value of a particular characteristic so 

that the price of one component depends in part on the house's other 

characteristics. For example, with the linear model, the value added by an extra 

place to a three-places house is the same as it adds to a five-places house. As 

mentioned before, this seems unlikely. The semi-log model allows the value 

146 Individual variables are indicated with lower cases and a subscript. 
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added to vary proportionally with the size and quality of the home. The 

coefficients of a specific variable zi in the semi-logarithmic specification, 

/J. = 8In(P) 
I a I 

'Zj 

have a simple and appealing interpretation. They measure the percentage 

change in the house price with respect to a small change in the i th housing 

characteristic about its mean. Consequently, the coefficient of the building age 

variable in a hedonic price model can be interpreted as a depreciation rate of 

housing. However, the percentage interpretation is an approximation, and it is 

not necessarily accurate for dummy variables147
• The first derivative with 

respect to the characteristic zi is given by 

Unit prices per unit change in a characteristic are given by multiplying the 

estimated model coefficient by the observed selling price. 

All models, i.e. the distance model and the cadmium models, include dummy 

variables for year (from 1993 to 2000) and municipality (Hechtel-Eksel, 

Neerpelt, Overpelt, Balen and Mol 148
). We treat these time and city dummy 

variables as additional control variables. Time dependent dummy variables 

correct for unknown events in time while city dummies correct for regional 

differences. The year of reference is 2001 and the city of reference is Lommel. 

The type of building is also described by dummy variables: open house, semi

open house and closed house. We exclude the open house dummy variable to 

avoid perfect collinearity. We did not include second order effects as this highly 

increased the variance inflation factor, an indication of the presence of 

multicollinearity. 

Tables 13, 14 and 15 show the respective results for the semi-log distance 

model and the semi-log cadmium models 149
. The model F-tests reveal that all 

models make sense. The distance model explains 58,3% of the variance in the 

147 Since a dummy variable enters the equation in dichotomous form, the derivative of the 
dependent variable with respect to the dummy variable does not exist (Halvorsen and 
Palmquist, 1980). 
148 Salen and Mol are excluded in the cadmium models. 
149 The estimation of the parameters and the diagnostic tests were done in Limdep, Geoda 
and SPSS. Elasticities were calculated in MS Excel. 
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model, whereas the three cadmium models explain 59,3%. The semi-logarithmic 

functional form often mitigates the common statistical problem known as 

heteroskedasticity. However, both diagnostic tests 150
, Breusch-Pagan and 

Koenker-Bassett, indicated that heteroskedasticity was still present. Despite the 

logarithmic transformation of the dependent variable, the Jarque-Bera test 

statistic still indicates a departure from normality. The standard errors, and as a 

consequence also the t -statistics and the reported p -values, are corrected with 

White's approach (White, 1980). This approach is commonly used when the form 

of heteroskedasticity is unknown. 

It is important to notice that the structural variables in all models are significant 

and do have the expected signs. The neighborhood variable, measured by 

average income, is also positive and significant. The environmental variable is 

respectively measured by distance and predicted cadmium content. The distance 

variable does have the expected sign and is also significant. The further one is 

removed from the pollution source, the greater the value of the property. All 

cadmium variables show up with the correct signs, i.e. negative. This may be 

interpreted that a higher pollution coincides with a lower property price. The OK 

cadmium variable is significant at the 10% level whereas the SK and IDW 

variants were found to be insignificant. We also want to remark that the results 

of the three cadmium models, in terms of coefficients and significance, are very 

similar. 

150 All test statistics are based on the standard OLS results. 
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Table 13: Ordinary least squares semi-log regression with White 

heteroskedasticity robust covariance matrix (distance to site) 

Variable Coefficient p-value Elasticity 

Constant 10,859 0,000 

Balen -0,135 0,010 -0,020 

Mol -0,12 0,026 -0,037 

Hechtel-Eksel -0,139 0,106 -0,008 

Neerpelt 0,156 0,001 0,029 

Overpelt -0,069 0,127 -0,010 

1993 -0,286 0,000 -0,017 

1994 -0,214 0,000 -0,019 

1995 -0,278 0,000 -0,023 

1996 -0,271 0,000 -0,018 

1997 -0,256 0,000 -0,027 

1998 -0,064 0,154 -0,012 

1999 0,077 0,868 0,011 

2000 -0,862 0,043 -0,143 

Caclastral income 0,417D-03 0,000 0,288 

Surface 0,540D-04 0,000 0,068 

Semi-open house -0,138 0,000 -0,041 

Closed house -0,318 0,000 -0,026 

Building age -0,002 0,019 -0,100 

Garages 0,075 0,002 0,059 

Places 0,052 0,000 0,318 

Average income 0,978D-05 0,012 0,240 

Distance to site 0,1110-04 0,039 0,063 

Sample size 985 

R2 0,583 

Model test F[22,962] 61,03 0,000 

Breusch-Pagan test 120,80 0,000 

Koenker-Bassett test 43,24 0,004 

Jarque-Bera test 637,07 0,000 
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Table 14: Ordinary least squares semi-log regression with White 

heteroskedasticity robust covariance matrix (cadmium content) 

Variable Coefficient p-value Elasticity Coefficient p-value Elasticity 

Constant 10,884 0,000 10,885 0,000 

Hechtel-Eksel -0,105 0,165 -0,011 -0,108 0,156 -0,011 

Neerpelt 0,097 0,037 0,033 0,094 0,042 0,032 

Overpelt -0,129 0,008 -0,035 -0,128 0,008 -0,035 

1993 -0,394 0,001 -0,011 -0,396 0,001 -0,011 

1994 -0,266 0,003 -0,012 -0,267 0,003 -0,012 

1995 -0,471 0,090 -0,010 -0,471 0,089 -0,010 

1996 -0,544 0,001 -0,007 -0,546 0,001 -0,007 

1997 -0,219 0,007 -0,007 -0,220 0,007 -0,007 

1998 0,005 0,928 0,001 0,004 0,945 0,001 

1999 0,027 0,588 0,007 0,026 0,598 0,007 

2000 -0,054 0,267 -0,012 -0,055 0,262 -0,012 

Cadastral income 0,5010-03 0,000 0,370 0,502D-03 0,000 0 ,371 

Surface 0,505D-04 0,000 0,068 0,505D-04 0,000 0,068 

Semi-open house -0,179 0,000 -0,040 -0,178 0,000 -0,040 

Closed house -0,320 0,000 -0,014 -0,32 1 0,000 -0,014 

Building age -0,001 0,108 -0,046 -0,001 0 ,112 -0,046 

Garages 0,096 0,006 0,085 0,096 0,006 0,085 

Places 0,029 0,019 0, 184 0,029 0,019 0 ,184 

Average income 0,1510-04 0,000 0,368 0,152D-04 0 ,000 0 ,370 

SK cadmium -0,009 0,121 -0,027 

OK cadmium -0,010 0,091 -0,029 

IDW cadmium 

Sample size 533 533 

R2 0,593 0,593 

Model test F[20,512] 37,31 0,000 37,35 0,000 

Breusch- Pagan test 214,40 0,000 214,17 0,000 

Koe nker- Bassett test 56,54 0,000 56,43 0,000 

Jarque-Be ra test 790,06 0,000 791,54 0,000 
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Table 15: Ordinary least squares semi-log regression with White 

heteroskedasticity robust covariance matrix (cadmium content) 

Variable Coefficient p-value Elasticity 

Constant 10,884 0,000 

Hechtel-Eksel -0,104 0,170 -0,011 

Neerpelt 0,091 0,048 0,031 

Overpelt -0,127 0,008 -0,035 

1993 -0,394 0,001 -0,011 

1994 -0,268 0,002 -0,012 

1995 -0,473 0,088 -0,010 

1996 -0,544 0,001 -0,007 

1997 -0,221 0,007 -0,008 

1998 0,005 0,930 0,001 

1999 0,026 0,592 0,007 

2000 -0,056 0,250 -0,012 

Cadastral income 0,500D-03 0,000 0,370 

Surface 0,507D-04 0,000 0,068 

Semi-open house -0,18 0,000 -0,041 

Closed house -0,321 0,000 -0,014 

Building age -0,002 0,095 -0,092 

Garages 0,094 0,007 0,084 

Places 0,029 0,019 0,184 

Average income 0,153D-04 0,000 0,373 

SK cadmium 

OK cadmium 

IDW cadmium -0,008 0,165 -0,024 

Sample size 533 

R2 0,593 

Model test F[20,512] 37,25 0,000 

Breusch-Pagan test 212,88 0,000 

Koenker-Bassett test 56,43 0,000 

Jarque-Bera test 778,50 0,000 
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6.3.4 Double-logarithmic regression 

Another dimension of nonlinearity is made possible by the logarithmic 

transformation of the variables in the design matrix. The double-log functional 

form is represented by 

ln(P) = Sa+ ln(z)p + s 

where S is the matrix of the untransformed explanatory variables including the 

constant 151
, ln(Z) the matrix of the logtransformed explanatory variables, and 

& the error term. 

The logtransformed coefficients in the double-logarithmic specification, 

JJ. = 81n(P), 
t aln(zi) 

measure constant elasticities. The first derivative is given by 

This functional form dictates that the price per unit increases w ith the selling 

price and decreases with the level of a given characteristic. We did not include 

second order effects since this raised the problem of multicollinearity, as was 

found in the unreported VIF-rates. 

Tables 16 and 17 show the respective results for the double-log distance model 

and the double-log cadmium models152
. Except the dummy variables and the 

variables for building age and the number of garages 153
, all explanatory 

variables were logtransformed. The model F-tests reveal that all models make 

sense. The distance model explains 60,3% of the variance in the model , 

whereas the three cadmium models explain 62,3%. Both diagnostic tests 154 for 

heteroskedasticity, Breusch-Pagan and Koenker-Bassett, indicated that 

heteroskedasticity was present. The correction for non-homoskedastic error 

151 Not al l variables can get logtransformed. These untransformed variables are interpreted 
as in the semi- log specification. 
152 The estimation of the parameters and the diagnostic tests were done in Limdep, Geoda 
and SPSS. 
153 These variables contain some zeros, which makes it impossible to logtransform. 
154 All test statistics are based on the standard OLS results. 
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terms was made by using the White heteroskedasticity robust covariance matrix . 

Again, the Jarque-Bera test statistic shows a departure from normality . 

As in the semi-log specification, the structural variables in all models are 

significant and do have the expected signs. The average income variable, 

representing neighborhood characteristics, is also positive and significant. The 

environmental variables, respectively measured by distance and estimated 

cadmium content, do have the expected signs. The distance variable is now 

strongly significant at the 1 % level, whereas the cadmium variables for all three 

model specifications are totally insignificant. We notice that the results of the 

three cadmium specifications are highly similar. As with the semi-log 

specification, it seems to be that the chosen prediction method does not alter 

the results in a significant way. 
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Table 16: Ordinary least squares double-log regression with White 

heteroskedasticity robust covariance matrix (distance to site) 

Variable Coefficient p-value 

Constant 4,040 0,002 

Balen -0,144 0,004 

Mol -0,099 0,050 

Hechtel-Eksel -0,125 0,113 

Neerpelt 0,157 0,000 

Overpelt -0,071 0,105 

1993 -0,257 0,000 

1994 -0,215 0,000 

1995 -0,301 0,000 

1996 -0,302 0,000 

1997 -0,254 0,000 

1998 -0,071 0,101 

1999 0,002 0,968 

2000 -0,076 0,067 

Ln(Cadastral income) 0,366 0,000 

Ln(Surface) 0,157 0,000 

Semi-open house -0,082 0,004 

Closed house -0,178 0,001 

Building age -0,001 0,381 

Garages 0,056 0,022 

Ln(Places ) 0,233 0,000 

Ln(Average income) 0,341 0,008 

Ln(Distance) 0,056 0,009 

Sample size 9'85 

R2 0,603 

Model test F[22,962] 66,35 0,000 

Breusch-Pagan test 103,36 0,000 

Koenker-Bassett test 40,15 0,010 

Jarque-Bera test 624,42 0,000 
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Table 17: Ordinary least squares double-log regression with White 

heteroskedasticity robust covariance matrix (cadmium content) 

Variable Coefficient p -value Coefficient p-value Coefficient p-value 

Constant 1,867 0,165 1,848 0,169 1,851 0,169 

Hechtel-Eksel -0,113 0,164 -0,111 0,167 -0,112 0,176 

Neerpelt 0,088 0,051 0,086 0,052 0,086 0,053 

Overpelt -0,135 0,004 -0,135 0,005 -0,133 0,004 

1993 -0,403 0,003 -0,403 0,003 -0,403 0,003 

1994 -0,264 0,002 -0,264 0,002 -0,264 0,002 

1995 -0,483 0,080 -0,483 0,079 -0,484 0,079 

1996 -0,547 0,000 -0,547 0,000 -0,547 0,000 

1997 -0,203 0,008 -0,204 0,008 -0,204 0,008 

1998 0,009 0,849 0,009 0,851 0,010 0,847 

1999 0,024 0,611 0,023 0,615 0,023 0,615 

2000 -0,050 0,271 -0,050 0,269 -0,050 0,268 

Ln(Cadastral income) 0,431 0,000 0,431 0,000 0,432 0,000 

Ln(Surface) 0,211 0,000 0,211 0,000 0,211 0,000 

Semi-open house -0,094 0,020 -0,094 0,020 -0,094 0,021 

Closed house -0,112 0,126 -0,112 0,126 -0,112 0,128 

Bu ildi ng age -0,001 0,134 -0,001 0,130 -0,001 0,130 

Garages 0,064 0,055 0,064 0,055 0,064 0,056 

Ln(Places) 0,128 0,071 0,128 0,072 0,128 0,073 

Ln(Average income) 0,548 0,000 0,550 0,000 0,549 0,000 

Ln(SK cadmium) -0,012 0,679 

Ln(OK cadmium) -0,011 0,706 

Ln(IDW cadmium) -0,012 0,715 

Sample size 533 533 533 

R2 0,623 0,623 0,623 

Model test F[20,512] 42,32 0,000 42,31 0,000 42,31 0,000 

Breusch-Pagan test 238,71 0,000 238,20 0,000 238,76 0,000 

Koenker-Bassett test 59,32 0,000 59,32 0,000 59,32 0,000 

Jarque-Bera test 910,25 0,000 906,21 0,000 903,11 0,000 
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6.3.5 Box-Cox regression 

Until now, we have used the semi-log and double-log specifications as functional 

forms for the hedonic price function. Although nonlinear, they are all somewhat 

restrictive, constraining the hedonic house price function. Halvorsen and 

Pollakowski (1981) have suggested a flexible functional form that is called the 

quadratic Box-Cox. This form incorporates second order effects among the 

attributes. The advantage is that it includes many of the most popular 

specifications (including linear, semi-log, double-log, quadratic and translog) as 

special cases. The disadvantage is that the model estimates the transformed 

dependent variable although the untransformed dependent variable is the 

primary object of interest. Hence, the nonlinear transformation results in 

complex estimates of slopes and elasticities and complicates the interpretation 

of the coefficients . 

Cassel and Mendelsohn (1985) suggested that the estimates of the coefficient of 

the environmental variable may be more reliable with simple functional forms 

than with flexible forms. Braden and Kolstad ( 1998) argued that the 

environmental variable enters in a simple form, whereas the quadratic Box-Cox 

may force it into a more complex form with less accurate parameter estimates. 

Cropper et al. (1988) also gave a more useful practical insight into which 

functional form to use in hedonic pricing. They simulated housing market 

equilibria using housing data from an urban area and varying the parameter of 

the household utility functions. They then determined analytically the true 

equilibrium price functions, and the prices of structures can be used to estimate 

hedonic price functions and marginal bids, comparing the estimates obtained 

from different functional forms with the true values. They evaluated linear, 

semi- log, double-log, quadratic, linear and quadratic Box-Cox models. Models 

were evaluated not by how well they fit the data, but by how accurately they 

estimated the true marginal bids. If important explanatory variables are known 

to be missing, they state that simpler functional forms such as the linear, semi

log, double-log and Box-Cox linear perform best, with quadratic functional 

forms, including the quadratic Box-Cox, faring relatively bad. This poor 

performance is attributed to the fact that each marginal price is dependent on 

more coefficients for quadratic forms. The use of the second order terms 
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introduces also additional multicollinearity problems, which reduces the 

significance of first order terms without making any significant improvement to 

the fit (Willis and Nicholson, 1991). 

Greene (2000) notes that allowing the transformation parameters to differ for 

the dependent and independent variables is usually taken to be more 

cumbersome than necessary. For that reason, we used a Box-Cox regression 

model of the following form: 

p(;.) =Z(;.)f3+Sa+& 

where S is the matrix of the untransformed explanatory variables including the 

constant155
, Z the matrix of the Box-Cox transformed explanatory variables, 

and £ the error term. The Box-Cox transformation is then 

if A> 0 

if A= 0 

We only transform the dependent variable and the independent variable of 

interest, i.e. the proxy variable for environmental quality. Both variables 

undergo the same transformation. The estimation occurs by maximizing a full 

log likelihood function 156
• 

The marginal effect and the elasticity of a variable z for a Box-Cox model are 

then respectively calculated as (Greene, 1995) 

8P _ a In P P _ /3 z'H 

8z - Bin z-;- pJ.- i 

8InP_/3 z;. 
8 ln z - P ;. 

marginal effect 

elasticity 

The price of any single characteristic depends in a complex fashion upon the 

value of the property and the amount of the characteristic. Marginal effects and 

elasticities are usually calculated at the mean of the sample. Because the 

marginal effect is a constant times the coefficient, estimated t-ratios for 

marginal effects will be identical to their counterparts for the coefficients. 

155 Not all variables can get logtransformed ( e.g. dummy variables). These untransformed 
variables are interpreted as in the semi-log specification. 
156 For an overview of Box-Cox estimation rules, we refer to Spitzer (1982). 
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The Box-Cox transformation assumes that there is no heteroskedasticity in the 

data. Seaks and Layson (1983) argued that the results may be very misleading 

if heteroskedasticity is not corrected in the Box-Cox transformations. The 

maximum likelihood estimator allows for a heteroskedastic form of the 

disturbance variance 

Var(&)= a-2 [w2 r) 
where w is any variable (Greene, 1995)157

. On inspection of the residual plots, 

we thought the surface variable to be the source of the heteroskedasticity 

because of its widening pattern. In order to deal with a well-behaved problem in 

an iterative procedure, we further rescaled the dependent variable with a factor 

10001ss. 

Tables 18, 19 and 20 show the respective results for the Box-Cox distance 

model and the Box-Cox cadmium models 159
• The model F-tests reveal that all 

models make sense. The Box-Cox transformation parameter A is positive and 

significant in all models. The signs of the structural variables, the neighborhood 

variable and the environmental variables are as expected and, thus, similar to 

the results obtained in the semi-log and double-log specification. Except for the 

cadmium variables and some of the city and time dummy variables, all other 

variables were found to be significant. Again, the results of the three cadmium 

models, in terms of coefficients and significance, are very similar. 

157 For an application, we refer to Vainio (1995). 
158 In the Box-Cox regression, the dependent variable is the sales price and not the natural 
logarithm of the sales price as the transformation parameter is estimated by the model 
itself. 
159 The estimation of the parameters occurred in Limdep. R 2 values are not mentioned 
because they are usually close to one in a Box-Cox transformed regression model. 
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Table 18: Heteroskedasticity corrected Box-Cox nonlinear regression 

model with maximum likelihood estimation (distance to site) 

Variable Coefficient p-value Elasticity 

Constant 4,447 0,000 2,467 

Balen -0,226 0,013 -0,0 25 

Mol -0,169 0,049 -0,021 

Hechtel-Eksel -0,227 0,074 -0,008 

Neerpelt 0,273 0,002 0,036 

Overpelt -0,099 0,290 -0,008 

1993 -0,443 0,000 -0,011 

1994 -0,339 0,003 -0,013 

1995 -0,444 0,000 -0,018 

1996 -0,499 0,000 -0,020 

1997 -0 ,441 0,000 -0,024 

1998 -0,126 0,139 -0,012 

1999 0,039 0,659 0,003 

2000 -0,110 0,199 -0,013 

Cadastral income 0,8120-03 0,000 0,348 

Surface 0,119D-03 0,000 0,206 

Semi-open house -0,208 0,000 -0,022 

Closed house -0,506 0,000 -0,008 

Building age -0,003 0,013 -0,086 

Garages 0,145 0,001 0,067 

Places 0,107 0,000 0,384 

Average income 0,133D-04 0,045 0,184 

Distance to site 0,036 0,059 0,057 

Sample size 985 

Lambda 0,120 0,000 

Model test F[22,962] 0,000 
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Table 19: Heteroskedasticity corrected Box-Cox nonlinear regression 

model with maximum likelihood estimation (cadmium content) 

Variable Coefficient p- value Elasticity Coefficient p-value Elasticity 

Constant 6,121 0,000 1,518 6,117 0,000 1,518 

Hechtel-Eksel -0,283 0,218 -0,008 -0,285 0,220 -0 ,008 

Neerpelt 0,425 0,033 0 ,043 0,414 0,034 0,042 

Overpelt -0,357 0,083 -0,022 -0,355 0,085 -0,022 

1993 -1,112 0,021 -0,010 -1,113 0,021 -0,010 

1994 -0,690 0,066 -0,005 -0,692 0,064 -0,005 

1995 -1,127 0,000 -0,004 -1,127 0,000 -0,004 

1996 -1,797 0,003 -0,009 -1,796 0,003 -0,009 

1997 -0,643 0,213 -0,004 -0,647 0,209 -0,004 

1998 0,010 0,959 0,001 0,009 0,964 0,000 

1999 0,209 0,281 0,013 0,208 0,283 0,126 

2000 -0,093 0,642 -0,006 -0,095 0,636 -0,006 

Cadastral income 0,002 0,001 0,469 0,002 0,001 0,469 

Surface 0,314D-03 0,002 0,282 0,314D-03 0,002 0,282 

Semi-open house -0,574 0,002 -0,019 -0,573 0 ,002 -0,019 

Closed house -0,994 0,000 -0,002 -0,995 0,000 - 0,003 

Building age -0 ,005 0,103 -0,065 -0,006 0,099 -0,066 

Garages 0,420 0,007 0,097 0,419 0 ,007 0 ,097 

Places 0,117 0,030 0, 198 0,117 0 ,029 0,198 

Average income 0,553D-04 0,038 0,343 0,555D-04 0,037 0 ,344 

SK cadmium -0,060 0,485 -0,020 

OK cadmium -0,059 0,493 -0,020 

!DW cadmium 

Sample s ize 533 533 

La mbda 0,270 0,000 0, 270 0,000 

Model test F[20,512] 0,000 0,000 
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Table 20: Heteroskedasticity corrected Box-Cox nonlinear regression 

model with maximum likelihood estimation (cadmium content) 

Variable Coefficient p-value Elasticity 

Constant 6,121 0,000 1,507 

Hechtel-Eksel -0,263 0,265 -0,007 

Neerpelt 0,406 0,037 0,041 

Overpelt -0,346 0,097 -0,022 

1993 -1,110 0,022 -0,009 

1994 -0,699 0,064 -0,005 

1995 -1,138 0,000 -0,004 

1996 -1,802 0,003 -0,009 

1997 -0,654 0,208 -0,004 

1998 0,013 0,948 0,001 

1999 0,211 0,278 0,013 

2000 -0,096 0,634 -0,006 

Cadastral income 0,002 0,001 0,469 

Surface 0,317D-03 0,002 0,283 

Semi-open house -0,582 0,002 -0,020 

Closed house -1,000 0,000 -0,003 

Building age -0,006 0,085 -0,069 

Garages 0,419 0,007 0,096 

Places 0,117 0,030 0 ,198 

Average income 0,560D-04 0,037 0,345 

SK cadmium 

OK cadmium 

IDW cadmium -0,041 0,659 -0,013 

Sample size 533 

Lambda 0,271 0,000 

Model test F[20,512] 0,000 
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6.3.6 Spatial regression analysis 

6.3.6.1 Semi-logarithmic specification 

The spatial error model and the spatial lag model are quite similar 

mathematically. However, the logic underlying each model 's structure is 

different. In a spatial lag model, both the direct and indirect effects of a 

neighborhood's housing characteristics, including pollution, are captured through 

a spatial multiplier. The spatial lag model is particularly appropriate when one is 

interested in measuring the true effect of the explanatory variables, i.e, after the 

spatial autocorrelation has been removed (Anselin, 1999). In contrast, in a 

spatial error model, spatial autocorrelation is assumed to arise from omitted 

variables that follow a spatial pattern . In contrast to the lag model, the spatial 

error model is appropriate when one is interested only in correcting the 

potentially biasing influence of spatial autocorrelation due to the use of spatial 

data (Anselin, 1999). The traditional hedonic property value model does not 

capture these induced effects. Using a rook contiguity based weights matrix, 

tables 21-24 show statistical evidence that the spatial lag model is the preferred 

specification for all semi- log forms. We base this conclusion on the significance 

of the robust Lagrange Multiplier tests for the lag model. The results of these 

tests were further confirmed by the significance of the likelihood ratio tests. 

The derivative of the hedonic price equation with respect to each explanatory 

variable is. its marginal implicit price. As already discussed, t his marginal implicit 

price can be interpreted as the marginal willingness to pay assuming the housing 

market is in equilibrium. Kim et al. (2003) 160 show that the marginal implicit 

price of a variable z of the spatial lag hedonic model is 

The elasticity for the semi-logarithmic spatial lag model is then calculated in the 

following manner 161
: 

160 Spatial hedonic regression models from an environmental point of interest, have rarely 
found their application in applied econometrics. Kim et al. (2003) is an exception. 

161 Kim et al. (2003) show t hat [I - pW J-1 i = _I_ , where i is a nxI column vector 
I-p 

containing ones. 
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&, = /Jz(-1 )z . 
1-p 

We notice that the semi-logarithmic specification's elasticities are calculated at 

the sample means z . 
We estimate the semi-log specifications of the spatial lag model by means of the 

maximum likelihood (ML) method and the spatial 2SLS (5-2SLS) method 162
. In 

the 5-2SLS approach, the endogeneity of the spatially lagged dependent 

variable is accounted for by using the spatially lagged exogenous variables. 

Table 21 presents the ML and 5-2SLS results for the distance to site spatial 

semi-log specification 163
• Heteroskedasticity was suggested by a highly 

significant Breusch-Pagan test164
. Based on this diagnostic test result, we prefer 

the S-2SLS estimator with a White heteroskedasticity robust covariance matrix 

above the ML approach. The 5-2SLS estimator is also more robust to non

normal disturbance errors. For both estimators, the model achieves a reasonable 

fit of 58,9% 165
. All estimated coefficients of the structural variables have the 

expected signs and are significant, indicating the robustness of our previous 

results. Using the ML estimator, the neighborhood variable has the correct sign 

and is significant, whereas the use of the 5-2SLS approach makes this variable 

insignificant. For both estimators, the environmental variable has the expected 

sign, but appears to be insignificant. Both estimators indicate a strong positive 

and significant spatial autoregressive coefficient, suggesting a great spatial 

similari ty in housing prices. 

Tables 22, 23 and 24 present the ML and 5-2SLS results for the three cadmium 

content spatial semi-log specifications. The Breusch-Pagan test suggested a 

violation of the assumptions of homoskedasticity. As a consequence, the 5-2SLS 

162 The ML and S-2SLS p -values are stemming from a z -statistic, i.e. a standard normal 

distribution, whereas the OLS p -values are based on the Student's t distribution 

(Anselin, 2005). 
163 The ML parameter estimates are obtained with Limdep, whereas the S-2SLS approach 
was conducted in Limdep. All elasticities were calcu lated with MS Excel. 
164 We report the spatial version of the Breusch-Pagan test. This test statistic incorporates 
the spatial dependence in the model, but for all practical purposes it does not seem to 
make much difference. 
165 We want to point out that this measure of fit is a pseudo- R 2 and can therefore not be 

compared with the previously found R 2 -values. The pseudo- R2 is the ratio of the 
variance of the predicted values over the variance of the observed values for the 
dependent variable. 
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approach with a White heteroskedasticity robust covariance matrix was 

preferred above the ML approach. We notice that the spatia l autoregressive 

coefficient is positive and significant for both estimators. However, the 

coefficient is significant at the 10% level with the ML estimator, whereas it is 

significant at the 1 % level with the S-2SLS estimator. The goodness of fit 

measure is fairly similar in all cases, ranging from 59,3% to 59,6%. For both 

estimators, all structural and neighborhood variables have the expected signs 

and are significant. In all cases, the cadmium variables have the expected signs, 

but none of them are significant, confirming our previously found results. 
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Table 21: ML and S-2SLS estimation of semi-log spatial lag model 

(distance to site) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,141 0,000 0,255 0,000 

Constant 9,288 0,000 8,014 0,000 

Balen -0,099 0,037 -0,017 -0,070 0,185 -0,014 

Mal -0,075 0,130 -0,027 -0,038 0,501 -0,016 

Hechtel-Eksel -0,134 0,084 -0,009 -0,130 0,128 -0,010 

Neerpelt 0,112 0,019 0,024 0,075 0,135 0,018 

Overpelt -0,072 0,124 -0,012 -0,074 0,102 -0,015 

1993 -0,283 0,000 -0,019 -0,281 0,000 -0,022 

1994 -0,204 0,000 -0,021 -0,195 0,000 -0,023 

1995 -0,269 0,000 -0,025 -0,261 0,000 -0,028 

1996 -0,257 0,000 -0,020 -0,245 0,000 -0,022 

1997 -0,248 0,000 -0,030 -0,241 0,000 -0,034 

1998 -0,060 0,181 -0,013 -0,058 0,185 -0,014 

1999 0,011 0,823 0,002 0,013 0,769 0,002 

2000 -0,076 0,094 -0,015 -0,067 0,106 -0,015 

Cadastral income 0,393D-03 0,000 0,316 0,373D·03 0,000 0,346 

Surface 0,527D-04 0,000 0,077 0,515D-04 0,000 0,087 

Semi-open house -0,130 0,000 -0,045 -0,123 0,000 -0,049 

Closed house -0,310 0,000 -0,029 -0,304 0,000 -0,033 

Building age -0,002 0,009 -0,116 -0,002 0,013 -0,134 

Garages 0,078 0,001 0,072 0,079 0,001 0,084 

Places 0,052 0,000 0,370 0,052 0,000 0,426 

Average income 0,796D-05 0,026 0,227 0,650D-05 0,149 0,214 

Distance 0,863D-05 0,140 0,057 0,663D-05 0,231 0,051 

Sample size 985 985 

R2 0,589 0,589 

Breusch-Pagan test 74,562 0,000 

Model test F[23,961] 59,90 0,000 

LM (lag) 12,833 0,000 

Robust LM (lag) 9,338 0,002 

LM (error) 4,642 0,031 

Robust LM ( error) 1,147 0,284 

Likelihood ratio test 12,045 0,001 
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Table 22: ML and S-2SLS estimation of semi-log spatial lag model (SK 

cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,089 0,091 0,235 0,001 

Constant 9,876 0,000 8,226 0,000 

Hechtel-Eksel -0, 107 0,110 -0,012 -0,113 0,137 -0,016 

Neerpelt 0,070 0,204 0,026 0,024 0,656 0,011 

Overpelt -0,127 0,017 -0,038 -0,126 0,010 -0,045 

1993 -0,391 0,000 -0,012 -0,388 0,001 -0,014 

1994 -0,251 0,007 -0,012 -0,228 0,010 -0,013 

1995 -0,459 0,000 -0,011 -0,438 0,116 -0,012 

1996 -0,530 0,000 -0,008 -0,508 0,003 -0,009 

1997 -0,214 0,036 -0,008 -0,208 0,010 -0,009 

1998 0,006 0,904 0,002 0,008 0,875 0,002 

1999 0,028 0,576 0,008 0,031 0,517 0,011 

2000 -0,049 0,348 -0,012 -0,041 0,393 -0,012 

Cadastral income 0,478D-03 0,000 0,388 0,439D-03 0,000 0,424 

Surface 0,500D-04 0,000 0,074 0,492D-04 0,000 0,086 

Semi-open house -0,173 0,000 -0,043 -0,165 0,000 -0,049 

Closed house -0,304 0,000 -0,014 -0,279 0,001 -0,016 

Building age -0,002 0,089 -0,101 - 0,002 0,068 -0,121 

Garages 0,096 0,004 0,094 0,096 0,006 0,112 

Places 0,030 0,020 0,209 0,031 0,014 0,258 

Average income 0,142D-04 0,001 0,380 0,128D-04 0,002 0,408 

SK cadmium -0,007 0,260 -0,023 -0,004 0,495 -0,016 

Sample size 533 533 

R2 0,596 0,593 

Breusch-Pagan test 187,802 0,000 

Model test F[21,511] 35,49 0,000 

LM (lag) 2,870 0,090 

Robust LM (lag) 7,330 0,007 

LM (error) 0,025 0,873 

Robust LM (error) 4,485 0,034 

Likelihood ratio test 2,794 0,095 
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Table 23: ML and S-2SLS estimation of semi-log spatial lag model (OK 

cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,088 0,094 0,233 0,001 

Constant 9,885 0,000 8,244 0,000 

Hechtel- Eksel -0,110 0 ,103 -0,013 -0,116 0,129 -0,016 

Neerpelt 0,068 0,215 0,025 0,023 0,662 0,010 

Overpelt -0,127 0,017 -0,038 -0,126 0,010 -0,045 

1993 -0,392 0,000 -0,012 -0,389 0,001 -0,014 

1994 -0,252 0,007 -0,012 -0,228 0,010 -0,013 

1995 -0,459 0,000 -0,011 -0,438 0,116 -0,012 

1996 -0,531 0,000 -0,008 -0,509 0,003 -0,009 

1997 -0,215 0,036 -0,008 -0,208 0,010 -0,009 

1998 0,005 0,918 0,001 0,008 0,885 0,002 

1999 0,028 0,584 0,008 0,031 0,522 0,011 

2000 -0,049 0,345 -0,012 -0,041 0,392 -0,012 

Cadastral income 0,478D-03 0,000 0,387 0,440D-03 0,000 0,424 

Surface 0,500D-04 0,000 0,074 0,492D-04 0,000 0,086 

Semi-open house -0,172 0,000 -0,042 -0,163 0,000 -0,048 

Closed house -0,305 0,000 -0,014 -0,280 0,001 -0,016 

Building age -0,002 0,093 -0,101 -0,002 0,072 -0 ,120 

Garages 0,096 0,004 0,094 0,097 0,006 0, 113 

Places 0,030 0,020 0,209 0,031 0,014 0,257 

Average income 0,143D-04 0,001 0,382 0,129D-04 0,002 0,410 

OK cadmium -0,008 0,212 -0,026 -0,005 0,389 -0,019 

Sample size 533 533 

R2 0,596 0,593 

Breusch-Pagan test 187,592 0,000 

Model test F[21,511] 35,53 0,000 

LM (lag) 2,843 0,092 

Robust LM (lag) 7,313 0,007 

LM (error) 0,029 0,865 

Robust LM ( error) 4,499 0,034 

Likelihood ratio test 2,763 0,096 
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Table 24: ML and S-2SLS estimation of semi-log spatial lag model (IDW 

cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p- value Elasticity Coefficient p-value Elast icity 

W_ Ln(Price) 0,091 0,083 0,236 0,000 

Constant 9,850 0,000 8,206 0,000 

Hechtel-Eksel -0 ,107 0,115 -0 ,012 - 0, 112 0,141 -0,015 

Neerpelt 0,065 0,235 0,024 0 ,021 0,693 0,009 

Overpelt -0,126 0,018 -0,038 -0,126 0,010 -0,045 

1993 -0,390 0,000 -0,012 -0,387 0,001 -0,014 

1994 -0,252 0,007 -0,012 - 0,228 0,010 -0,013 

1995 -0,460 0,000 -0,011 - 0, 439 0,115 -0,012 

1996 -0,530 0,000 -0,008 -0,507 0,003 -0,009 

1997 -0,216 0,035 -0,008 - 0,209 0,009 -0,009 

1998 0,006 0,905 0,002 0 ,008 0,874 0,002 

1999 0,028 0,579 0,008 0,031 0,518 0,011 

2000 -0,050 0,335 -0,012 -0,042 0,383 -0,012 

Cadastral income 0,4760-03 0,000 0,387 0,4380-03 0,000 0,424 

Surface 0,5020-04 0,000 0,074 0,493D-04 0,000 0,087 

Semi-open house -0,174 0,000 -0 ,043 -0, 166 0,000 -0,049 

Closed house -0,304 0,000 -0,014 - 0,280 0,001 -0,016 

Bu ilding age -0,002 0,078 -0 ,102 -0,002 0,062 -0, 121 

Garages 0,095 0,004 0,093 0,095 0,007 0,111 

Places 0,030 0,020 0,210 0 ,0 31 0,014 0,258 

Average income 0,144D-04 0,001 0,386 0, 129D-04 0,002 0,411 

IDW cadmium -0,006 0,335 -0,020 -0,003 0,567 -0,012 

Sample s ize 533 533 

R2 0,595 0,593 

Breusch-Pagan test 187,105 0 ,000 

Mode l test F[21,5 11] 35,47 0,000 

LM (lag) 3,039 0,081 

Robust LM (lag) 7 ,482 0,006 

LM (error) 0,015 0,904 

Robust LM (error) 4,458 0,035 

Like lihood ratio test 2,949 0,086 
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6.3.6.2 Double-logarithmic specification 

We estimate the double-log specifications of the spatial lag model by means of 

the maximum likelihood (ML) method and the spatial 2SLS (S-2SLS) method. 

The elasticities for the double-logarithmic spatial lag models are calculated in the 

following manner: 

C Z =PJ-1 
) · l1-p 

We notice that the double-logarithmic spatial lag model has constant elasticities. 

Using a rook contiguity based weights matrix, tables 25-28 show statistical 

evidence that the spatial lag model is also the preferred specification for the 

double- log form. We base this conclusion on the significance of the robust 

Lagrange multiplier tests for the lag model. The results of these tests were 

further confirmed by the significance of the likelihood ratio tests. 

Table 25 presents the ML and S-2SLS results for the distance to site spatial 

double-log specification. Heteroskedasticity was suggested by a high ly 

significant Breusch-Pagan test. Based on these diagnostic test results, we prefer 

again the S-2SLS estimator with a White heteroskedasticity robust covariance 

matrix above the ML approach. For both estimators, the model achieves a 

reasonable fit of about 61 %. All estimated coefficients of the structural, 

neighborhood and environmental variables have the expected signs. Except for 

building age, all of them are also found to be significant. We remind that the 

environmental variables were insignificant for both estimators in the spatia l 

semi-log specification. A strong positive and significant spatial autoregressive 

coefficient suggested a great spatial similarity in housing prices. 

Tables 26, 27 and 28 present the ML and 5-2SLS results for the three cadmium 

content spatial double-log specifications. The Breusch-Pagan test suggested a 

violation of the assumption of homoskedasticity. As a consequence, the S-2SLS 

approach with a White heteroskedasticity robust covariance matrix was 

preferred above the ML approach. We notice that the spatial autoregressive 

coefficient is positive and significant for both estimators. In all cases, the 

goodness of fit measure is 62,7%. For both estimators, all structural and 

neighborhood variables have the expected signs. However, the closed house 

dummy variable and the building age variable were now found to be 
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insignificant. For the ML estimator, the number of places was nearly significant 

at the 10% level. For the ML estimator, the cadmium variables have the 

expected signs but are insignificant. These variables remain insignificant with 

the 5- 2SLS approach but the signs turn now unexpectedly positive. We notice 

that the cadmium coefficients are rather small, behaving in the neighborhood of 

zero. This has probably influenced the unexpected sign change. 
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Table 25: ML and S-2SLS estimation of double-log spatial lag model 

(distance to site) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W _Ln(Price) 0,156 0,000 0,205 0,001 

Constant 3,194 0,004 2,927 0,029 

Salen -0,104 0,024 -0,123 -0,092 0,063 -0,116 

Mol -0,052 0,250 -0,062 -0,037 0,475 -0,047 

Hechtel-Eksel -0,123 0,068 -0,146 -0,123 0,116 -0,155 

Neerpelt 0,109 0,019 0,129 0,093 0,063 0,117 

Overpelt -0,074 0,103 -0,088 -0,075 0,086 -0,094 

1993 -0,255 0,000 -0,302 -0,254 0,000 -0,319 

1994 -0,202 0,000 -0,239 -0,198 0,000 -0,249 

1995 -0,289 0,000 -0,342 -0,285 0,000 -0,358 

1996 -0,285 0,000 -0,338 -0,279 0,000 -0,351 

1997 -0,245 0,000 -0,290 -0,242 0,000 -0,304 

1998 -0,066 0,132 -0,078 -0,065 0,125 -0,082 

1999 0,006 0,896 0,007 0,007 0,867 0,009 

2000 -0,065 0,138 -0,077 -0,062 0,126 -0,078 

Ln(Cadastral income) 0,353 0,000 0,418 0,349 0,000 0,439 

Ln(Surface) 0,152 0,000 0,180 0,150 0,000 0,189 

Semi-open house -0,074 0,009 -0,088 -0,071 0,011 -0,089 

Closed house -0,174 0,000 -0,206 -0,173 0,002 -0,218 

Bui lding age -0,001 0,329 -0,001 -0,001 0,363 -0,001 

Garages 0,057 0,014 0,068 0,057 0,017 0,072 

Ln(Places) 0,227 0,000 0,269 0,225 0,000 0,283 

Ln(Average income) 0,267 0,014 0,316 0,244 0,067 0,307 

Ln(Distance) 0,044 0,061 0,052 0,040 0,064 0,050 

Sample size 985 985 

R2 0,610 0,611 

Breusch-Pagan test 121,064 0,000 

Model test F[23,961] 65,67 0,000 

LM (lag) 16,858 0,000 

Robust LM (lag) 4,628 0,031 

LM (error) 12,534 0,000 

Robust LM ( error) 0,304 0,581 

Likelihood ratio test 15,441 0,000 
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Table 26: ML and S-2SLS estimation of double-log spatial lag model (SK 

cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,115 0,024 0,192 0,004 

Constant 1,226 0,371 0,771 0,593 

Hechtel-Eksel -0,110 0,127 -0,124 -0,109 0,173 -0,135 

Neerpelt 0,052 0,336 0,059 0,026 0,619 0,032 

Overpelt - 0,131 0,011 -0,148 -0,129 0,007 -0,160 

1993 -0,399 0,000 -0,451 -0,397 0,002 -0,491 

1994 -0,243 0,007 -0,275 -0,230 0,007 -0,285 

1995 -0,468 0,000 -0,529 -0,457 0,103 -0,566 

1996 -0,528 0,000 -0,597 -0,516 0,001 -0,639 

1997 -0,199 0,043 -0,225 -0,198 0,009 -0,245 

1998 0,012 0,818 0,014 0,013 0,793 0,016 

1999 0,027 0,579 0,031 0,028 0,534 0,035 

2000 -0,042 0,397 -0,047 -0,038 0,397 -0,047 

Ln(Cadastral income) 0,416 0,000 0,470 0,406 0,000 0 ,502 

Ln(Surface) 0,206 0,000 0,233 0,203 0,000 0 ,251 

Semi-open house -0,086 0,030 -0,097 -0,081 0,041 -0,100 

Closed house -0,096 0,233 -0,108 -0,085 0,265 - 0,105 

Building age -0,002 0,133 -0,002 -0,001 0, 122 -0,001 

Garages 0,064 0,047 0,072 0,064 0,058 0,079 

Ln(Places) 0,126 0,100 0,142 0,124 0,081 0 ,153 

Ln(Average income) 0,491 0,000 0,555 0,454 0,001 0,562 

Ln(SK cadmium) -0,003 0,915 -0,003 0,003 0,9 15 0,004 

Sample size 533 533 

R2 0,627 0,627 

Breusch-Pagan test 249,556 0,000 

Model test F[21,511] 40,94 0,000 

LM (lag) 5,602 0,018 

Robust LM (lag) 4,868 0,027 

LM (error) 1,380 0,240 

Robust LM (error) 0,646 0,421 

Likelihood ratio test 5,156 0,023 
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Table 27: ML and S-2SLS estimation of double-log spatial lag model (OK 

cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p-value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,115 0,024 0,192 0,004 

Constant 1,218 0,373 0,775 0,590 

Hechtel-Eksel -0,109 0,132 -0,123 -0,109 0,173 -0,135 

Neerpelt 0,051 0,335 0,058 0,027 0,605 0,033 

Overpelt -0,131 0,011 -0,148 -0,129 0,007 -0,160 

1993 -0,398 0,000 -0,450 -0,397 0,002 -0,491 

1994 -0,243 0,007 -0,275 -0,230 0,007 -0,285 

1995 -0,468 0,000 -0,529 -0,457 0,103 -0,566 

1996 -0,528 0,000 -0,597 -0,516 0,001 -0,639 

1997 -0,199 0,043 -0,225 -0,197 0,009 -0,244 

1998 0,012 0,818 0,014 0,013 0,792 0,016 

1999 0,027 0,579 0,031 0,029 0,533 0,036 

2000 -0,042 0,397 -0,047 -0,038 0,399 -0,047 

Ln(Cadastral income) 0,416 0,000 0,470 0,406 0,000 0,502 

Ln(Surface) 0,206 0,000 0,233 0,203 0,000 0,251 

Semi-open house -0,086 0,030 -0,097 -0,081 0,042 -0,100 

Closed house -0,096 0,233 -0,108 -0,085 0,265 -0,105 

Building age -0,001 0,132 -0,001 -0,001 0,121 -0,001 

Garages 0,064 0,047 0,072 0,064 0,057 0,079 

Ln(Places) 0,126 0,100 0,142 0,124 0,081 0,153 

Ln(Average income) 0,491 0,000 0,555 0,454 0,001 0,562 

Ln(OK cadmium) -0,002 0,936 -0,002 0,003 0,910 0,004 

Sample size 533 533 

R2 0,627 0,627 

Breusch-Pagan test 249,462 0,000 

Model test F[21,511] 40,94 0,000 

LM (lag) 5,649 0,017 

Robust LM (lag) 4,906 0,027 

LM (error) 1,388 0,239 

Robust LM ( error) 0,645 0,422 

Likelihood ratio test 5,198 0,023 
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Table 28: ML and S-2SLS estimation of double-log spatial lag model 

(IDW cadmium) 

Variable Maximum likelihood Spatial 2SLS 

Coefficient p -value Elasticity Coefficient p-value Elasticity 

W_Ln(Price) 0,115 0,024 0,193 0,004 

Constant 1,216 0,374 0,767 0,595 

Hechtel-Eksel -0, 109 0, 145 -0,123 -0,107 0,190 -0,133 

Neerpelt 0,051 0,336 0,058 0,027 0,606 0,033 

Overpelt -0, 131 0,011 -0,148 -0,129 0,005 -0,160 

1993 -0,398 0,000 -0,450 · 0,396 0,002 -0,491 

1994 -0,243 0,007 -0,275 ·0,230 0,007 -0 ,285 

1995 -0,468 0,000 -0,529 ·0,457 0,103 -0,566 

1996 -0,528 0,000 -0,597 -0,515 0,001 -0,638 

1997 -0,199 0,043 -0,225 ·0,197 0,009 -0,244 

1998 0,012 0,816 0,014 0,013 0,791 0,016 

1999 0,027 0,579 0,031 0,029 0,532 0,036 

2000 -0,042 0,397 -0,047 ·0,038 0,400 ·0,047 

Ln(Cadastral income) 0,416 0,000 0,470 0,406 0,000 0,503 

Ln(Surface) 0 ,206 0,000 0,233 0,203 0,000 0,252 

Semi-open house ·0,086 0,030 -0,097 -0,082 0 ,042 -0, 102 

Closed house · 0,096 0,233 -0,108 ·0,086 0,264 -0, 107 

Building age -0,001 0,130 ·0,001 -0,001 0,121 · 0,00 1 

Garages 0,064 0,047 0 ,072 0,064 0,056 0,079 

Ln(Places ) 0, 126 0,101 0,142 0,124 0,082 0,154 

Ln(Average income) 0,491 0,000 0,555 0 ,454 0,001 0,563 

Ln(IDW cadmium) -0,002 0,9 53 -0,002 0 ,004 0,883 0,005 

Sample size 533 533 

R> 0,627 0,627 

Breusch-Pagan test 249,543 0,000 

Model test F[21,511] 40,94 0,000 

LM (lag) 5,653 0,017 

Robust LM (lag) 4,916 0,027 

LM (error) 1,388 0,239 

Robust LM ( error) 0,651 0,420 

Like lihood ratio test 5,201 0,023 
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6.3.7 Generalized additive model 

6.3.7.1 Introduction 

As mentioned before, economic theory provides little guidance on . how 

characteristics of similar products relate functionally to their market prices. We 

have attempted to estimate hedonic price models by specifying more flexible 

regression models. These were parametric specifications ranging from 

logarithmic data transformations, including the so-called Box-Cox 

transformation. This section estimates a hedonic price function using an additive 

semiparametric regression based on the approach of Hastie and Tibshirani 

(1990) 166
• The central idea of this model is to replace the usual linear function of 

a covariate with an unspecified smooth function while holding the additive 

structure of linear regression models. 

Generalized additive models (GAM) constitute a simple class of semiparametric 

estimators in terms of computation and visualization. They represent a 

compromise between generality and comprehensibility. At the extreme of 

comprehensibility are conventional parametric hedonic regression techniques. At 

the extreme of generality are techniques such as local or kernel regression in 

which smoothed surfaces are generated from neighborhoods of points. While 

these latter procedures impose very few assumptions, they become difficult to 

interpret if the set of independent variables is even of moderate size (Mason and 

Quigley, 1996). The GAM specification is free of restrictive parametric 

assumptions like any other nonparametric regressions, but unlike most, the 

effect of an individual attribute on the housing price can be easily interpreted 

due to its additive structure, regardless of the number of attributes . It requires 

only weak assumptions on the hedonic price functional form and directly 

estimates the association between the sales price and housing attributes (Bin, 

2004). Hence, GAM attempt to combine the interpretability of additive modelling 

with the flexibility of nonparametric estimation. Since GAM generally rely upon 

bivariate nonparametric estimation, these estimates converge with root-n, the 

same as parametric estimators and above the multivariate nonparametric 

estimator rate, which declines with dimensionality. Moreover, the bivariate fits 

166 Another form of semiparametric estimation is applied in Anglin and Genc;ay (1996) . 
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lend themselves to a graphical representation . Hence, the user can see the 

estimated transformation versus its argument (Pace, 1998a,b). 

The GAM models allow for the estimation of the dependent variable as a series 

of general functions of the independent variables. This occurs by following 

specification: 

P=s0 +sJzi)+s2(z2)+ ... +sP (zP)+c: 

where s;(z), i = l, ... ,p are smooth functions. These functions are not given a 

parametric form but instead are estimated in a nonparametric fashion . Each 

function of the independent variables is nonparametrically estimated through 

smoothing splines. We use a cubic smoothing spline as the minimizer to a 

penalized least squares criterion. The smoothing parameter167 that minimizes 

the prediction risk is determined by the generalized crossvalidation function, 

which can be viewed as a weighted version of crossvalidation. The generalized 

additive model is estimated by an iterative procedure known as the backfitting 

algorithm. The backfitting algorithm is a Gauss-Seidel method for fitting additive 

models, by iteratively smoothing partial residuals. This reduces multivariate 

regression to successive simple bivariate regressions by minimizing a loss 

function. The algorithm simply recalculates each smoother at each cycle using 

the current values for all of the other smoothers. The cycles continue until none 

of the functions change from one iteration to the next 168 (Martins-Filho and Bin, 

2005). 

6.3.7.2 Semi-logarithmic specification 

We apply the semi-logarithmic specification of the generalized additive model 

that relates logarithmic prices to a number of housing attributes 169
. Each plot is 

the contribution of a term to the additive predictor. We assume the distribution 

of the responses to be Gaussian 170 and impose an identity link between the 

predictors and this distribution. The spline smoothers are applied to the 

167 A smoothing parameter close to one produces a smoother curve, whereas a smoothing 
parameter close to zero is apt to produce a rougher curve. 
168 For an extensive discussion, we refer to Hastie and Tibshirani (1990). 
169 The GAM model was estimated in SAS. 
170 Gaussian distribution or normal distribution are used interchangeably. 
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variables cadastral income, surface, average income, building age, places, 

distance to site, SK cadmium, OK cadmium and IDW cadmium. All the other 

variables, including the dummy variables, appear in the linear part of the model. 

The estimation of the nonlinear part occurs with three degrees of freedom per 

variable. 

Figures 51-54 display the contribution of the considered housing attributes to 

housing sales prices for the distance to site model and the three cadmium 

specifications. The solid line represents the semiparametric regression 

estimates. The shaded region is a confidence region of the selected independent 

variable which represents twice the pointwise asymptotic standard errors of the 

estimated curve. The mentioned p -values a:-e calculated from a z2 
test 

statistic with degrees of freedom equal to the difference in degrees of freedom 

of the two models 171
. The nonparametric estimates reveal that parametric 

functional forms might be inappropriate to approximate the complex price 

effects of some variables. All variables appear to be nonlinear in the distance to 

site model. In the cadmium models, only the variables cadastral income, surface 

and average income display a significant nonlinear part. We notice that most 

variables exhibit more uncertainty for higher values. Furthermore, the cadmium 

models are, as may be expected, quite similar to each other. 

171 This originates from the analysis of deviance (Hastie and Tibshirani, 1990). 
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Figure 51: Distance to site generalized additive model 
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Figure 52: SK cadmium generalized additive model 
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Figure 53: OK cadmium generalized additive model 
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Figure 54: IDW cadmium generalized additive model 
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6.3. 7 .3 Double-logarithmic specification 

In this section, we apply the double-logarithmic specification of the generalized 

additive model. Again, each plot is the contribution of a term to the additive 

predictor. We assume the distribution of the responses to be Gaussian and 

impose an identity link between the predictors and this distribution. The spline 

smoothers are applied to the variable building age and the logtransformation of 

the variables cadastral income, surface, average income, places, distance to 

site, SK cadmium, OK cadmium and IDW cadmium. All the other variables, 

including the dummy variables, appear in the linear part of the model. The 

estimation of the nonlinear part occurs with three degrees of freedom per 

variable. 

Figures 55-58 display the contribution of the considered housing attributes to 

house sale prices for the distance to site model and the three cadmium 

specifications 172• For the distance to site model, we found statistical evidence for 

departures from nonlinearity for the variable building age and the 

logtransformed variables average income, distance to site and places. For the 

cadmium models, only the logtransformed variables surface and average income 

indicate some nonlinear part. Because of the logarithmic transformation, 

uncertainty is high for low values and high values. For the independent 

variables, the cadmium models exhibit similar patterns to each other. Comparing 

the semi-logarithmic and the double-logarithmic specification, the GAM 

estimator suggests a preference for the logarithmic transformations to the non

dichotomous variables. It is important to remark that all environmental variables 

appear to be linear. 

172 The GAM model was estimated in SAS. 
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Figure 55: Distance to site generalized additive model 
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Figure 56: Generalized additive model - doublelog - SK cadmium 

.. 
u 

05 .. 
t 
w 0 

-0 5 

0.5 

-0 5 

OF 3 P O 241 

;:;;-.---

Smoothing Components 
OF3P0035 

6 8 5 6 8 9 10 

Ln(Cadastral Income) Ln(Surtace) 

OF J P O 1387 OFJ PO 1819 

0 2 J 0 20 40 60 80 

Ln(SK cadmium) Building age 

245 

OF 3 P <D 0001 

10 105 11 

Ln(Average incomel 

OF J P O 2287 

1 5 2 25 

Ln(Places) 



Figure 57: OK cadmium generalized additive model 
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Figure 58: IDW cadmium generalized additive model 
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6.4 Conclusion 

In this chapter, we have discussed the advantages of using the simple hedonic 

approach. We argued that hedonic techniques are particularly well adapted to 

studying localized externalities. The reason is that the severe and difficult to 

solve identification problems with the two stage hedonic methodology and 

benefit estimation do not arise. Moreover, we pointed out that the hedonic price 

schedule itself could be used as an upper bound and reasonable approximation 

of total benefits. We applied the simple hedonic approach to both of our data 

sets, distance to site and cadmium. As theory gave little guidance with respect 

to the functional form, we applied several functional forms as a kind of 

sensitivity analysis. We mainly considered parametric functional forms with 

logtransformed variables, but also applied semiparametric estimation by means 

of the generalized additive model. The latter model was indicative for the 

nonlinear nature of some of the variables. However, generalized additive models 

are more suitable for prediction purposes than for the measurement of marginal 

effects. Bin (2004) shows that the semiparametric model provides more 

accurate housing price predictions than conventional parametric models in both 

in-sample and out-of-sample comparisons. 

Focusing on the marginal effects, we first looked at the results when considering 

the semi-log, double-log and Box-Cox functional forms. In the case of the semi

log and double-log functional forms, we used a White heteroskedasticity 

consistent covariance matrix to correct the t -statistics for the violation of the 

homoskedasticity assumption. For the Box-Cox functional form, we made a 

correction by means of the surface variable. We then applied spatial regression 

analysis to account for the spatial context of the data sets. Diagnostic tests 

revealed a preference for the spatial lag model to the spatial error model. We 

estimated semi- logarithmic and double-logarithmic spatial lag specifications by 

means of maximum likelihood and spatial 2SLS. The latter estimation method 

allowed the use of the White correction for the presence of heteroskedasticity. 

The elasticity matrix in table 29 summarizes the main results found in this 

chapter. We focus on the environmental variables of interest, i.e. distance to 

site, SK cadmium, OK cadmium and IDW cadmium. Except for the S-2SLS 

double-log spatial lag model with respect to the cadmium variables, all variables 
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appear with the correct signs, i.e. positive for the distance to site variable and 

negative for the cadmium variables. The elasticity estimates of the S-2SLS 

double-log spatial lag model are rather small and statistically insignificant. At the 

10% significance level, all cadmium variables were found to be insignificant, 

except for the OK cadmium variable in the semi-log specification. In most cases, 

we found the distance to site variables to be statistically significant in the 

distinct specifications, except for the semi-log spatial lag specification 173
. The 

elasticities range from 5,0% to 6,3% 174
. 

Our elasticity results confirm prior studies' findings that environmental quality 

has a statistically significant relationship with house prices. Investigating the 

relationship between polluted sites and house prices, Brasington and Hite (2005) 

found that at the mean, all else constant, increasing the average distance of a 

house from the nearest environmental hazard by 1 % is associated with a 

0,029% rise in the price of the average house. In the case of an incinerator, Kiel 

and McClain {1995) found an elasticity of 5,3%. For hazardous waste sites, Kiel 

( 1995) found elasticities ranging from 3,4% to 5, 1 %. 

We may conclude that pollution perception, measured by distance to site, is 

significant and pollution, objectively measured as the cadmium content, is 

insignifcant. Roughly said, the perception in the mind of the people is more 

important than an objective measure of pollution that is unknown to the people. 

This confirms our hypothesis that subjective risk is more important than the 

objective risk, when it comes to the diminution in value of real estate. 

173 Again, we use a significance level of 10% that exceeds the classical rule of 5%. 
However, the least 'significant' p -va lue is 6,4%, being far more closer to the benchmark 

of 5%. So, we deliberately extend the 5% significance level. 
174 We remind that the double-log specifications exhibit constant elasticit ies, whereas the 
elasticities for the semi-log specifications were calculated at the sample means. 

248 



Table 29: Elasticity matrix (p-values are within parentheses) 

Distance to site SK OK IDW 

cadmium cadmium cadmium 

Semi-log 6,3% -2,7% -2,9% -2,4°/o 

(0,039) (0,121) (0,091) (0,165) 

Double-log 5,6°/o -1,2% -1,1% -1,2% 

(0,009} (0,679) (0,706) (0,715) 

Box-Cox 5,7% -2,0% -Z,0% -1 ,3% 

(0,059} (0,485) (0,493) (0,659) 

ML semi-log spatial lag 5,7% -2,3% -2,6% -2,0% 

(0,140) (0,260) (0,212} (0,335) 

ML double-log spatial lag 5,2% -0,3% -0,2% -0,2% 

(0,061) (0,915) (0,936} (0,933) 

5-2SLS semi-log spatial lag 5,1% -1,6% -1,9% -1 ,2% 

(0,231) (0,495) (0,389) (0,567) 

5-2SLS double-log spatial lag 5,0% 0,4% 0,4% 0,5% 

(0,064) (0, 915) (0,910} (0,883) 
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7 Health regressions on real 

estate value 

7 .1 Health data and methodology 

7.1. .1. UZ Gasthuisberg data 

The universitary hospital UZ Gasthuisberg provided us with health data mainly 

gathered during the before mentioned PheeCad study conducted between 1992-

1995. The data concerned individual exposure, renal functioning and bone 

density from a sample of 1804 people (823 households) living in the 

contaminated area of the Northern Campine. Data were gathered from 6 

polluted residential districts (Balen, Mol, Lommel, Overpelt, Neerpelt) and 4 

control residential district with low exposure (Hechtel-Eksel). Missing values in 

the health variables, geocoding and matching this data set with Registry data 

left 414 people (228 households) relevant for this study. 

7.1..2 Survey data 

We additionally conducted a survey of a sample of people included in the data 

set of UZ Gasthuisberg. We sent out 412 surveys of which 169 were remitted. 

Considering missing values, unreliable answers and incomplete matching with 

the UZ Gasthuisberg data set, we withheld 115 cases. This corresponds to a 

usable response rate of 28%. In the survey, we were mainly interested in 

household specific data, house price and characteristics and environmental and 

health data 175
. 

175 The complete survey is taken up in the appendix. 
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7.1. .3 Methodology 

An overview of the structure of this chapter will help the reader to see the aim of 

the following sections more clearly. In order to link the UZ Gasthuisberg health 

data set with housing price data, we had to predict housing prices of the people 

taken up in the health data set. This occurs by means of the housing price data 

set that was already used in the previous chapter. Section 7.2 now introduces 

geostatistical techniques for the prediction of real estate prices at unsampled 

locations. In section 7.3, we adjust the health variables for confounding factors 

like sex, age, smoking habits and professional exposure. We propose to use 

mean residual analysis via stepwise multiple regression or a random intercept 

model in order to construct health risk components that may be attributed to the 

environment. These predicted prices and constructed environmental health risk 

components will respectively further be used as the dependent variable and 

independent variables of interest in several health regressions in section 7.4. In 

section 7.5, we use the survey to rerun the health regressions and compare the 

results with those previously found in section 7.4. 

7.2 Geostatistical prediction of real estate 

prices 

7.2.1. Introduction 

In the previous chapter, we already mentioned the violation of the OLS 

assumption of independently and identically distributed residuals when the 

residuals are spatially autocorrelated. If OLS is used to estimate the unknown 

coefficients, the OLS estimator remains unbiased but becomes inefficient. The 

latter means that the estimate of the variance of the estimator is biased. As in 

any regression analysis, the researcher should include all relevant explanatory 

variables . Otherwise, the effects of the omitted variables will be included in the 

error term {Dubin, 1988). The presence of positive spatial autocorrelation is 

likely to be encountered in real estate applications. Houses which are near each 
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other will tend to have a similar score on the omitted variables causing the error 

terms to be spatially autocorrelated. Dubin et al. (1999) mention the downward 

bias of estimated standard errors in the presence of positive autocorrelation. By 

using the residuals from a hedonic regression, they show that the prediction 

errors tend to be clustered by sign. These systematic relationships in the 

residuals mean that potentially val uable information has not yet been exploited. 

Since houses change hands relatively infrequently it becomes necessary to 

predict the value of the house between sales. The use of a geostatistical 

procedure is a proper technique for the prediction of the value of houses which 

have not been sold during the study period. 

Spatial techniques use the information contained in the spatial residuals to 

improve the accuracy of predictions made from multiple regression equations . If 

the simple regression model underpredicts on the properties around the 

observation, a spatial technique would use that information to increase the 

observation's predicted value. Because of the use of spatial weight matrices, 

spatial lag and spatial error models are not well -suited for the purpose of 

prediction. Geostatistical models do not use weight matrices to summarize t he 

spatial relationships and no error generating process is specified (Dubin, 1998). 

Instead, the covariance matrix for the data is modeled directly as a properly 

specified function of separation distances. The importance assigned to nearby 

properties is a function of proximity and the degree of spatial dependence. 

Geostatistical models estimate the parameters of the covariance function such 

that they can be used to make a prediction for the error term for a point which 

is not in the data. This is the well-known technique of kriging that was 

introduced in chapter 5. 

The use of the geostatistical approach potentially improves prediction accuracy 

in two ways. First, the spatial correlation in the residuals can be used to obtain 

more efficient estimates of the parameters in the regression specification. 

Second, predicted property values can be adjusted using a weighted average of 

the prediction errors obtained from nearby properties. The portion of the price 

due to the structure can be calcu lated by multiplying the vector of attributes by 

the estimated coefficients and adding the predicted error (Dubin et al., 1999). 
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7.2.2 Parameter estimation 

The mixed model is written as 

y = X/J+& 

where y denotes the vector of observed house prices y
1 

, X is the known 

matrix of xij 's, /J is the unknown fixed-effects parameter vector. The mixed 

model extends the general linear model by allowing a more flexible specification 

of the covariance matrix of & . Following assumptions are made regarding the 

error term & : 

1. E[e] = 0 

2. E(a')=c,2K=V 
3. The error terms are multivariate normal 

4. The error terms are stationary 

Here K is assumed to be the correlation matrix and V the variance-covariance 

matrix, both with ones on the main diagonal and nonzero elements on the off 

diagonals. The regression coefficients and the parameters of the covariance 

function can be obtained simultaneously by maximizing a loglikelihood function. 

Once the spatial covariance matrix V has been estimated, it can be used to 

improve the prediction of house prices. Neighborhood effects can be predicted 

by using the calculated and kriged residuals (Dubin, 1998). 

The random variable V is now considered to be specifically tied to a particular 

location. Each observation represents a draw from the distribution for that 

location. Since we only have one observation for each distribution, we must 

make the assumption of stationarity if we are to make statistical inferences. If 

the residuals are (second-order) stationary, then the mean and the variance of 

each distribution is the same at all locations and the covariance between the 

observations is a function of the distance separating the houses. If the 

covariance depends strictly on the distance between two observations (relative 

position) and not on their absolute position, the errors are isotropic. In case that 

dependence could vary with the direction as well as the distance, we speak of 

anisotropy (Dubin et al., 1999). 
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The standard estimator for spatially dependent errors is generalized least 

squares (GLS) 176
• GLS is appropriate to estimate the unknown parameters in V 

and /3 . This occurs by minimizing 

(y-Xp)'v-1(y-X/J) 
Since knowledge of V is lacking, GLS is replaced by EGLS in which a reasonable 

estimate for V is inserted into the minimization problem. We prefer to choose a 

likelihood-based principle, which has the properties of consistency, asymptotic 

normality and efficiency. SAS implements maximum likelihood {ML) and 

restricted/residual maximum likelihood (REML). SAS constructs an objective 

function associated with ML or REML and maximizes it over only the parameters 

in V . REML is chosen above ML since it corrects for the downward bias in the 

ML parameters. Moreover, it handles strong correlations among the responses 

more effectively (Militino et al., 2004). The REML method maximizes 

{-i IoglVl-i loglx·v-1 xi 

_ _!_~-x(x·v-'xt x·v-1/r-'~ - x(x·v-1xt x·v-'y] 
2 

- n ~ p log(2n-)} 

and p is the rank of X . 
A 

REML provides estimates of V, which is denoted V 177
• To obtain estimates of 

/3, we use the GLS estimator, which can be written as 

jJ = [x·v-'xt x'f-1y 

SAS minimizes -2 times a loglikelihood function using a ridge-stabilized Newton

Raphson algorithm. 

1 76 We refer to Chapter 46 of the SAS/STAT 9.1 User's guide concerning the MIXED 
procedure. 
177 The formulas for the EGLS and REML estimators for /3 actually require the inverse of 

the variance-covariance matrix, f-t sometimes known as the precision, concentration, or 
dispersion matrix. 
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The n by n variance-covariance matrix V expresses the spatial dependence 

where v;1 represents the covariance of the i th and j th errors. Since we have 

n observations, we can not possibly estimate n 2 unknowns. Therefore, we 

must assume that a covariance function exists that can be used to model the 

spatial relationships. This makes the estimation feasible, since only the 

parameters of the covariance function need to be estimated (Dubin et al., 

1999). There are several functional forms that are valid as spatial covariance 

functions. We will use the exponential model that is common 'in this context. The 

spatial exponential covariance function is given by 

C(h) = {c
0 

+ c1( h) 
c , exp -

a 

h=O 

h>O 

where c0 is the nugget effect178
, representing a measurement error, c0 + c

1 
is 

the sill, and is estimated as lim y(h) and the range, a, is the distance at which 
h--+oo 

observations are no longer autocorrelated 179 • 

The loglikelihood function contains both the inverse and the determinant of th is 

matrix. Thus the computational burden of the estimation procedure increases 

with the size of the sample. To make matters worse, the spatial covariance 

function contains three parameters that must be estimated, and no closed form 

solution is available. Thus, some type of iterative procedure must be employed 

in the estimation. This means that the correlation matrix K must be repeatedly 

generated and inverted (Dubin, 1998). 

We conducted several analyses with spatial exponential covariance structures 

with or without nugget effect, with or without anisotropy and removing linear or 

quadratic trends180
. The likelihood-based method described above is 

advantageous because it allows the parameters of the covariance function and 

176 The kriging literature refers to a nugget effect, which is discontinuity of the correlogram 
at a distance of zero. That is, the correlogram returns a value of one when separation 
distance is zero but may return a value that is substantially less than one at distance 8 . 
This may occurs because if the house is resold, the sale price may change even though the 
attributes of the parcel have not changed. Measurement error acts similarly to t he nugget 
effect (Militino et al., 2004). 
179 For the definition of nugget, si ll and range, we refer to chapter 5 . 
180 To ensure stationarity of the residuals, it may be necessary to include polynomial 
functions of the coordinates as independent variables (trend). 
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the regression coefficients to be estimated simultaneously (Dubin, 1998). The 

best model was se lected based on Akaike's Information Criterion and Schwarz' 

Bayesian Criterion. These indicate that the results of the geostatistical model 

with spatial exponential covariance structure and nugget effect were most 

appropriate . We use the estimated exponential covariance matrix to obtain the 

GLS estimate of the regression, reported these results in table 30. The Newton

Raphson algorithm achieved convergence in 15 iterations and 23 likelihood 

evaluations. The spatial exponential covariance structure has a range of 767 m, 

a nugget of 0,033 and a sill equal to 0,029. The significance of the estimated 

coefficients is fairly similar to those found in the previous chapter. 

Table 30: Residual maximum likelihood estimation of geostatistical 

model with spatial exponential covariance structure and nugget effect 

Variable Coefficient p-value 

Constant 10,976 0,000 

Salen -0,138 0,010 

Mol -0,085 0,088 

Hechtel-Eksel 0,086 0,243 

Neerpelt 0,319 0,000 

Overpelt 0,092 0,110 

Cadastral income 0,145D-03 0,000 

Surface 0,056D-03 0,000 

Semi-open house -0,138 0,000 

Closed house -0,345 0,000 

Building age -0,002 0,007 

Garages 0,106 0,000 

Places 0,047 0,000 

Co 0,033 0,002 

C1 0,110 0,000 

a 767,25 0,008 

257 



Figure 59 shows the empirical spatial exponential covariance structure. The 

estimated spatial covariance structure from the REML estimates is included for 

reference. Note that the empirical structure (dots) shows much less covariance 

in the data than does the REML results (line). This coincides with results found in 

Dubin (1998, p.52). 

Figure 59: Spatial exponential covariance function 
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7.2.3 Geostatistical prediction by means of kriged 

error terms 

Best linear unbiased prediction (BLUP), known as kriging in the geosciences, is a 

minimum mean squared error statistical procedure for spatial prediction that 

uses the correlated residuals from nearby observations to improve upon OLS 

predictions. With ordinary kriging, the weights sum to one and are derived from 

the estimated spatial covariance function (Dubin et al., 1999). 

We apply the results of our geostatistical model from the previous paragraph t o 

predict housing values. The out-of-sample kriged market value predictions are 

computed in two steps. First, the estimated hedonic coefficients are used to 

predict the logarithm of transaction price for properties. This is obtained by 

multiplying the vector of attributes by the estimated coefficients. Second, the 

market value predictions are adjusted for the weighted average of prediction 
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errors for nearby transactions 181
• Property weights are computed using the 

estimated spatial exponential covariance function. This is basically the kriging 

technique already used in chapter 5. Remember that it is a minimum squared 

error statistical procedure for spatial prediction that assigns a differential weight 

to observations that are spatially closer to the dependent variable's location. We 

opt to use the ordinary kriging technique in order to predict the logarithm of the 

house price of the households in our medical data set. Structural characteristics 

were obtained from the Registry. 

The prediction accuracy was evaluated with 31 people in our survey who 

reported their willingness to pay for their houses. The correlation coefficient was 

0,37 182 and found to be significant at the 5% level. Figure 60 displays the 

frequency distribution of the relative errors. 

Figure 60: Relative logarithmic price difference of BLUP and reported 

values 

>, 
u 
C: 
G> 
:J 

6 

[ 4 

u. 

-

-

-

-

0 
I 

I 
-0,15 -0,10 

--

~ -

-0,05 o.oo 0,05 

Relative price difference 

I 
0,10 

Mean =-0,0164 
Std. Dev. "(),038 
N =31 

181 These calculations were done by means of ArcView 's Geostatistical Analyst extension. 
182 This may seem a low value, but we want to stress the point that we compare with 
reported willingnesses to pay for only 31 people. 
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7 .3 Household-specific environmental health 

risk component 

7.3.1 Introduction 

The environmentally contaminated (high exposure) study area of 300 km2 has 

an estimated population of 9840, borders on the three zinc smelters, and 

consists of six districts of the municipalities Salen, Lommel, Overpelt and 

Neerpelt. This area remains polluted by toxic metals despite dismantlement of 

the smelter in Lommel in 1974, transition from pyrolytic to electrolytic zinc 

refining in Overpelt in 1974, and a complete stop to cadmium production in 

Overpelt in 1992 and Salen in 2002. The reference (low exposure) study area 

has 9390 inhabitants, is located more than 10 km south-east of the smelters, 

and includes four districts of the municipality of Hechtel-Eksel. The 

environmental exposure to cadmium was found to be associated with renal 

dysfunction (Staessen et al., 1994), osteoporosis (Staessen et al. , 1999), a 35% 

population-attributable risk of fractures (Staessen et al., 1999 ) and a 67% 

significant population-attributable risk of lung cancer in the high exposure area 

(Nawrot et al., 2006). 

The universitary hospital UZ Gasthuisberg provided us with health data from a 

sample of 1804 people living in the contaminated area of the Northern Campine. 

Table 31 contains all health variables that are interesting from our 

environmental point of view. We divide the variables in three classes: internal 

exposure, renal functioning and bone density variables. In order to approach 

normality, we had to take logarithms of some of the variables. The effect of the 

health variables on general health, and so indirectly on th e housing prices, may 

be classified as either positive or negative. 
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Table 31: Health variables 

Class Variable name Effect Unity Variable 

Internal Urinary cadmium - nmol/24h Ln{cd) 

exposure Blood lead - µmol/1 Ln(bpb) 

Renal function Reti no I-bind in g-p rote in - µg/24h Ln{rbp) 

N -acetyl /3 -glucosaminidase - U/24h Ln(nag) 

/32 -microglobulin - µg/24h Ln{b2m) 

Creatinine clearance + ml/min Crcl 

Bone density Distal bone density + g/cm2 Bgsd 

Proximal bone density + g/cm2 Bgsp 

Airborne pollution of the soil accumulates the whole pollution history in itself as 

in a memory. This invokes a lasting danger for the people which come into 

contact with the soil via different pathways, e.g. intake of food. Table 32 

summarizes some of the PheeCad results found in Staessen et al. (1995c). 

Urinary cadmium is a biomarker of lifetime exposure to cadmium. It is a function 

of age, smoking habit, professional exposure and sex. Lifetime exposure to 

cadmium is estimated by daily urinary cadmium excretion 183 . It was found to be 

significantly higher in the polluted districts. The excretion increases with 2,7% 

per km closer to zinc smelter. The concentration of lead in blood is an index of 

lead exposure. The risk on renal dysfunction by doubling the concentration of 

lead in the blood increases with 50%. The kidney is also the organ in which the 

first toxic effects of cadmium are likely to occur. Renal tubular defects are 

generally regarded as an early sign of cadmium toxicity. Renal tubular toxicity 

was assumed to be reflected by the urinary excretion from /32 -microglobulin, 

retinol-binding-protein and N -acetyl /3 -glucosaminidase. Per km closer to the 

pollution source, the latter excretion values increase with respectively 0,9%, 

1,5% and 2%. Glomerular dysfunction, estimated from creatinine clearance, is 

usually viewed as the late expression of more severe intoxication. The risk on 

renal dysfunction, arbitrary measured by creatinine clearance, increased with 

13% per km closer to the zinc factories. 

183 The threshold value is 2 µg/24h. 
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Table 32: Summary of PheeCad results 

Variable Coefficient p-

value 

Urinary excretion of cadmium +2,7% per km NA 

Urinary excretion of N -acetyl /J - +2% per km 0,000 

glucosaminidase 

Urinary excretion of /32 -microglobulin +0,9% per km 0,09 

Urinary excretion of retinol-binding-protein +1,5% per km 0,001 

Risk on renal dysfunction measured by +13% per km 0,000 

creatinine clearance 

Risk on renal dysfunction measured by +50% 0,06 

doubling of blood lead concentration 

Source: Staessen et al. (1995c) 

Of course, all variables are at least partly determined by their external exposure 

to cadmium. However, our purpose is to filter out the environmental risk 

component that is incorporated in the data. Indeed, all these health variables 

may be subject to other confounding factors such as sex, age, smoking habits 

and professional exposure to heavy metals. We need to adjust the health 

variables in order to isolate the environmental health risk component. In 

sections 7.3.3 and 7.3.4, we will respectively consider two possible methods: 

mean residual analysis via stepwise multiple regression and a random intercept 

model. 
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7.3.2 Correlation between subjective and objective 

risk variables 

Before proceeding, it is also useful to take a look at the correlation between the 

subjective risk variable distance to site and the objective risk variables. This 

answers the question whether distance is a good proxy variable for the objective 

soil contamination risk. The correlation coefficients and their significance values 

are reported in table 33. 

Table 33: Correlation coefficients between subjective risk variable and 

objective risk variables 

Objective risk variables Subjective p- Sample 

risk variable value size 

(distance to 

site) 

Ex ante SK cadmium -0,425 0,000 538 

objective risk OK cadmium -0,450 0,000 538 

variables IDW cadmium -0,460 0,000 538 

Ex post Urinary cadmium -0,244 0,000 204 

subjective risk Blood lead -0,280 0,000 198 

variables Retinol-binding-protein -0,161 0,022 203 

N -acetyl /3 - - 0,336 0,000 203 

glucosaminidase 

/32 -microglobulin -0,122 0,083 201 

Creatinine clearance -0,058 0,413 200 

Distal bone density -0,181 0,035 136 

Proximal bone density -0,140 0,103 136 

The health variables creatinine clearance and proximal bone density were 

insignificant, with creatinine clearance having the wrong sign . All other variables 

have statistically significant correlation coefficients with the distance to site 
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variable. This gives evidence that the proxy variable distance to site fairly 

represents the underlying objective risk stemming from soil contamination. 

7.3.3 Mean residual analysis via stepwise multiple 

regression 

7.3.3.1 Household-specific environmental health risk component 

As a first method to construct household-specific environmental health risk 

components from the health variables, we propose to use mean residual analysis 

via stepwise multiple regression. Stepwise multiple regression attempts to trace 

covariates of the metal and renal function measurements in individuals. It 

computes OLS regression by conducting several steps (Neter et al., 1996). In 

step one, the independent variable that has the best correlation with the 

dependent variable is included in the equation. In the second step, the 

remaining independent variable with the highest partial correlation with the 

dependent variable, controlling for the first independent variable, is entered. 

This process is repeated, at each stage controlling for previously entered 

independent variables, until the addition of a remaining independent does not 

increase R-squared by a significant amount184
• We use stepwise regression with 

the purpose to predict the remaining variation of error terms. A significance level 

of 5% is used. 

As people living in the high exposure area were more likely to be employed at 

the zinc smelters, we make a correction for professional exposure to heavy 

metals. Because smoking is a major cause of exposure to cadmium in the 

general population and because cadmium is a cumulative toxicant, participants 

were classified as smokers if they had ever used smoking materials. Adjustment 

is further made for sex and age. As a consequence, we take up as covariates 

sex, age, smoking habit and professional exposure to heavy metals. Sex, 

184 Alternatively, the process can work backward, starting with all varia bles and eliminating 
independent variables one at a time until the elimination of one makes a significant 
difference in R-squared. 
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smoking habit and professional exposure are implemented as dummy 

variables185
• 

The regression results are taken up in table 34 186
• The p -values are indicated 

within parentheses. The sex dummy entered all equations with a negative sign. 

The correction occurred downwards with regard to the constant if the participant 

was female. The age variable was significant with a negative sign for the bone 

density variables and creatinine clearance. Due to the cumulative effects of 

years, age was also proportionally related with the internal exposure variables, 

blood lead and urinary cadmium. The smoking habit and professional exposure 

were also significant for the internal exposure variables. Using the coefficients of 

this stepwise multiple regression, we were able to calculate error terms. We 

attribute the environmental effect of soil pollution to these error terms. 

Averaging the error terms by households gives a measure of environmental 

intoxication per household. We use this measure in further health regression 

analyses in section 7.4. 

185 For the sex dummy, a value of one represents a female person. For both smoking habit 
and professional exposure, a value of one represents 'yes'. 
186 All regressions were conducted in SPSS. For the meaning of the dependent variables, 
we refer to table 31. 
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Table 34: Stepwise mult iple regression 

Model Ln(cd) Ln(bpb) Bgsd Bgsp Crc/ Ln(nag) Ln(b2m) Ln(rbp) 

Constant 0,610 -1,474 0,571 0,752 2,273 0,657 2,175 4,975 

(0,001) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

Sex -0,220 -0,402 -0,093 -0,102 -0,385 -0,228 -0,199 -0,371 

(0,002) (0,000) (0,000) (0,000) (0,000) (0,000) (0,001) (0 ,000) 

Age 0,029 0,011 -0,002 -0,003 -0,010 

(0,000) (0,000) (0,000) (0,000) (0,000) 

Smoking 0,173 0,205 

(0,020) (0,001) 

Professional 0,438 0,492 

exposure (0,000) (0,000) 

Sample size 281 277 277 243 361 367 363 367 
R2 0,375 0,441 0,443 0,509 0, 292 0,037 0,029 0,090 

Model test F 0,000 0,000 0,000 0,000 0, 000 0,000 0,001 0, 000 
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7 .3.3.2 Principal component environmental health risk scores 

It is impossible to use all health variables in one regression, since it is well 

known that parameters estimated on highly collinear regressors may have 

implausible magnitude, the wrong sign or exhibit high standard errors and thus 

low significance levels. As a result, we propose condensing the large number of 

health variables into a more manageable set of transformed variables by using 

principal component analysis. In essence, this procedure seeks to identify major 

dimensions of association between variables such that a smaller set of variables 

can be defined that approximate the variation shown in the original data 187
. 

The first step in a principal component analysis is to define an alternative set of 

axes through this space that captures these patterns of alignment. This is 

achieved by decomposing the correlation matrix into its eigenvalues and 

associated eigenvectors. As is well known, the M eigenvectors represent just 

such a set of alternative orthogonal axes. The eigenvector with the highest 

associated eigenvalue distinguishes the most significant alignment of points. 

This dimension captures the most variability in the location of the points. The 

eigenvector with the second highest eigenvalue then defines a second axis that 

is orthogonal to the first. It best approximates the remaining variation in the 

points. In the same manner, eigenvectors with successively smaller eigenvalues 

can be used to better and better approximate the location of all points. As a 

result, the eigenvectors define the principal components of the analysis. 

The question now is which of the principal components should be taken as 

capturing the main dimensions of difference and similarity expressed in the data. 

A good rule of thumb is the Kaiser criterion that drops the principal components 

from the analysis with eigenvalues less than one. These dimensions explain less 

of the variation in the data than the dimensions defined by the original attributes 

themselves. This procedure leads us to focus on the first three principal 

components. One of the arts of principal component analysis is also to give an 

interpretation to the principal components. Interpretation of principal 

components is the process of describing the underlying dimension of similarity or 

difference between the variables captured by a principal component. Frequently, 

187 We refer to Garson D. (2006), Day et a l. (2003) and SPSS 13.0 Base User's guide 
(2004). 
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researchers will rotate the principal component axes to faci litate the 

interpretation of the principal components. The used varimax rotation is an 

orthogonal rotation of the principal component axes to maximize the variance of 

the squared loadings of a principal component on all the variables in a principal 

component matrix. Each principal component will tend to have either large or 

small loadings of any particular variable. A large positive loading indicates that 

high values of the original variable are associated with high values of the 

principal component. Similarly a large negative loading indicates that high 

values of the original variable are associated with low values of the principal 

component. In conducting the principal component analysis, we used the 

varimax rotation method with Kaiser normalization. 

Finally, in conducting our principal component analysis, we specifically looked for 

good results on some measures. First, the principal component analysis requires 

that the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy be greater 

than 0,50 for each individual variable 188 as well as the set of variables. It also 

requires that the probability associated with Bartlett's test of sphericity be less 

than the level of significance. Moreover, the principal components should also 

explain at least half of each original variable's variance 189 as well as the 

requirement that the original variable may not have a complex structure 190
. In 

both cases, the original variable should be removed from the analysis. 

Eventually, the Kaiser-Meyer-Olkin measure of sampling adequacy in our 

analysis was 0,523. The Bartlett's test of sphericity was significant at the 1 % 

level. Taking into account the above considerations, we had to remove the 

variables N -acetyl p -glucosaminidase and creatinine clearance from the 

analysis because of communality values lower than a half191
. 

188 we find the KMO statistic for each individual variable by looking at the anti -image 
correlation matrix. The sum of all individual KMO measures is the KMO overall statistic. If 
the KMO overall measure is lower than 0,50, we drop the indicator variables with the 
lowest individual KMO statistic values, until KMO overall rises. 
189 This means that the communality value for each va riable should be 0,50 or higher. 
19° Complex structure occurs when one variable has high loadings or cor relations (0,40 or 
greater) on more than one component. 
191 Theoretically, it is difficult to argue what kind of reason rejected these variables 
empirically. 
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Table 35 describes the orthogonally rotated loadings of the first three principal 

components 192 . The final row indicates the cumulative percentage of the rotation 

sum of squared loadings. The total variance explained by the three components 

is 73,4%. The first principal component alone explains around 26% of t he 

variation. Notice that successive principal components explain progressively less 

of the remaining variation. 

Table 35: Rotated component matrix ( N =228) 

Component 1 2 3 

Mr_Ln(cd) 0,164 0,238 0,773 

Mr_Ln(bpb) -0,178 -0,160 0,816 

Mr_Bgsd 0,880 -0,045 -0,006 

Mr_Bgsp 0,861 0,009 -0,014 

Mr_Ln(b2m) -0,061 0,830 0,070 

Mr_Ln(rbp) 0,025 0,857 -0,016 

Cumulative explained variation 26,4% 52,2% 73,4% 

The loadings suggest fairly obvious interpretations for the three principal 

components. The first principal component is very distinct and describes the 

general level of bone density . Not surprisingly, this principal component is highly 

positively correlated with the proximal and distal bone density variables. The 

second principal component also has a clear interpretation. This principal 

component loads heavily on two variables that are describing the renal function: 

/32 -microglobulin and retinol-binding-protein. Since the loadings on both 

variables are positively signed, high scores on this dimension reflect the 

increasing presence of renal dysfunction. The final principal component loads 

heavily on two variables that are describing the internal exposure to heavy 

metals. Households that score highly on this principal component are 

characterized by having a relatively large intake values of heavy metals. 

The final step is to calculate the principal component scores based on the 

principal component score coefficients. These principal component scores can be 

192 We use the prefix 'Mr' to indicate that we work with the averaged residuals from the 
stepwise multiple regression method. For the meaning of the variables, we refer to table 
31. 
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used as proxies for the original variables in regression analysis. As has been 

demonstrated, the principal components capture a good proportion of the 

variation shown in the original health variables. Moreover, the nature of their 

construction ensures that the principal component scores are orthogonal and 

thus are overcoming the problem of collinearity in the origina l set of health 

variables. 

7.3.4 Random intercept model 

7.3.4.1 Household-specific environmental health risk component 

A second method we propose to construct household-specific environmental 

health risk components are random intercept models. Since the data from 

individuals can be grouped into clusters, i.e. households, it is very likely that 

observations from a common cluster are statistically correlated. The assumption 

of independence may be dropped by modeling statistical correlation through the 

use of random effects. The random intercept model is a mixed model that differs 

randomly in the intercept193
. The mathematical representation of the model is as 

follows: 

with 

&ii ~ N(O,a 2 )i.i.d. 

Y; ~ N(o,a: )u.d. and independent of &ii 's 

The dependent variable Y;j represents a health variable of individual j 

belonging to household i . The random intercept Y; reflects the effect of the 

clustering unit or the household-level variation. This household-specific 

information can not be attributed to the confounding factors. The random effects 

estimates represent the estimated deviation from the mean intercept /30 • /31 is 

193 This type of model is also known as a hierarchical or multilevel model. We refer to 
Chapter 46 of the SAS/STAT 9.1 User's guide concerning the MIXED procedure. 
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the regression coefficient for the fixed effect Xii. The error term &ii reflects 

individual-level variation. In mixed model theory, determining values of fixed 

effects from the data is known as estimation while determining values of random 

effects is called prediction. We use a variance components covariance structure 

that is estimated by the residual maximum likelihood (REML) method. REML 

estimation integrates the fixed effects out of the likelihood and estimates the 

variance components. Given the estimates of the variance components, 

estimates of the fixed effects are recovered. The random effects solution 

provides the empirical best linear unbiased prediction (EBLUP) for the realization 

of the random intercept. 

Table 36 shows the fixed effect solutions for the eight different random intercept 

models 194. Within each of the eight models, Akaike's Information Criterion (AIC) 

was used to compare the results. The ones with the smallest values were 

preferred and reported. The p -values are shown within parentheses. The 

results are fairly comparable with the stepwise multiple regression results. 

However, our main point of interest is to calculate a household-specific 

environmental health risk component. Since a correction is made for 

confounding factors as sex, age, smoking habit and professional exposure, 

household-specific health information due to environmental contamination is 

incorporated in the random intercept. We have predicted the random effects for 

use in the further regression analyses in section 7.4. 

194 The random intercept model was estimated in SAS. 
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Table 36: Fixed efffect solutions for random intercept model with m inimum AIC value 

Model Ln(cd) Ln(bpb) Bgsd Bgsp Crcl Ln(nag) Ln(b2m) Ln(rbp) 

Constant 0,578 -1,482 0,572 0,752 2,355 0,940 2,389 5,119 

(0,002) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

Sex -0,226 -0,409 -0,093 -0,102 -0, 379 -0,241 -0,196 -0,410 

(0,001) (0,000) (0,000) (0,000) (0,000) (0,000) (0,003) (0,000) 

Age 0,030 0,011 -0,002 -0,003 -0,012 -0,004 -0 ,002 -0,42D-03 

(0,000) (0,000) (0,000) (0,000) (0,000) (0,150) (0,391) (0,881) 

Smoking 0,174 0,192 0,006 0,018 -0,042 -0,083 

(0,022) (0,001) (0,900) (0,815) (0,568) (0,264) 

Professional 0,446 0,480 0,074 - 0,081 -0 ,145 0,107 

exposure (0,000) (0,000) (0,229) (0,419) (0,144) (0,283) 

Sample size 281 277 228 228 275 280 278 280 

AIC 484,4 345,1 -651,4 -625 215,5 482, 5 469,4 481,6 . 
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7 .3.4.2 Principal component environmental health risk scores 

In conducting a principal component analysis, we used again the varimax 

rotation method with Kaiser normalization. The Kaiser-Meyer-Olkin measure of 

sampling adequacy was 0,561. The Bartlett's test of sphericity was significant at 

the 1 % level. Table 37 describes the orthogonally rotated loadings of the first 

three principal components 195
. The final row indicates the cumulative percentage 

of the rotation sum of squared loadings. The total variance explained by the 

three components is 63,1%. The first principal component reflects a measure for 

renal function. The second component loads heavily on bone density variables 

and the third component mainly corresponds to an internal exposure measure. 

Table 37: Rotated component matrix (N=176) 

Component 1 2 3 

Ri_Ln{cd) 0,266 0,191 0,707 

Ri_Ln(bpb) -0,208 -0,066 0,780 

Ri_Bgsd 0,044 0,893 0,049 

Ri_Bgsp -0,020 0,896 -0,007 

Ri_Crcl 0,624 0,186 0,068 

Ri_Ln(nag) 0,182 -0,026 0,573 

Ri_Ln{b2m) 0,795 -0,073 0,171 

Ri_Ln{rbp) 0,843 -0,084 0,001 

Cumulative % of rotation sum of squared loadings 23,5% 44,6% 63,1% 

195 We use the prefix 'Ri' to indicate that we work with the random intercepts from the 
random intercept model. For the meaning of the variables, we refer to table 31. 
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7 .4 Simple hedonic price regression with 

environmental health risk component 

7.4.1 Mean residual environmental health risk 

component 

Table 38 reports the results of nine simple hedonic price regressions where the 

geostatistically predicted logarithmic housing price is regressed on socio

economic status and the calculated environmental health risk component. 

Whereas the first eight models used the calculated environmental health risk 

components, the ninth model used the scores of the orthogonally transformed 

principal components. Multicollinearity is thus avoided by construction. Socio

economic status was coded according to the methods of the UK office of 

population censuses and surveys, and condensed into a scale with scores 

ranging from 1 to 3: low, middle and high. We introduced dummy variables for 

the middle class and high class households. This means that the third class of 

low class households is excluded to avoid perfect multicollinearity. The 

environmental health risk components in these regression analyses were 

calculated from averaging the residuals from the stepwise multiple regressions. 

We did not take up structural characteristics in the regression as we have used 

these to predict the unknown housing price. Ideally, we need the sales price, 

structural characteristics, neighborhood information and household data. Of 

course, this is very unlikely to be found in any situation. Therefore, we have to 

rely on a kind of second best technique to see what a more simple model 

already may tell us about the link between housing value and environmental 

health risk. 

As expected due to model construction and data constraints, the R-squared 

values were pretty low, and the p -values of the model F tests were only 

significant at the 10% level 196
. Whereas the middle class dummy variable was 

insignificant and sometimes with the wrong sign, the high class dummy had the 

196 We want to remark that using a 10% significance level for F tests is unusually high. 
However, using a 1 % significance level leaves us with three models with statistically 
significant information concerning the independent variables of interest. We carefully 
interpret this as additional support for the health hypothesis. 
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correct sign and was in most of the cases significant. Looking at the individual 

regressions, we remark that the environmental health risk components 

calculated from blood lead, creatinine clearance and N -acetyl /3 -
glucosaminidase were significant with the correct sign. The regression with t he 

principal component scores did not give at all significant results. This may be 

due to applying data reduction techniques to extracted environmental health risk 

components. 
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Table 38: Regression with mean residual environmental risk component (dependent variable is predicted 

logarithmic sales price) 

Model 1 2 3 4 5 6 7 8 9 

Constant 11,468 11,486 11,409 11,410 11,478 11,455 11,448 11,443 11,527 

(0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

Middle class -0,043 -0,078 0,048 0,045 -0,027 -0,010 0,003 0,007 -0,077 

(0,618) (0,374) (0,615) (0,632) (0,730) (0,891) (0,971) (0,925) (0,267) 

High class 0,211 0,180 0,288 0,286 0,206 0,219 0,212 0,243 0,142 

(0,065) (0,117) (0,025) (0,026) (0,058) (0,036) (0,054) (0,025) (0,172) 

Mr_Ln(cd) 0,027 

(0,653) 

Mr_Ln(bpb) -0,129 

(0,084) 

Mr_Bgsd -0,222 

(0,721) 

Mr_Bgsp -0,474 

{0,411) 

Mr_Crcl 0,153 

(0,069) 

Mr_Ln{nag) -0,186 

(0,000) 
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Mr_Ln(b2m) 0,057 

(0,274) 

Mr_Ln(rbp) -0,003 

(0,949) 

Bone density -0,011 

(0,669) 

Renal function 0 ,024 

(0,3 58) 

Internal exposure -0,022 

{0,409) 

Sample size 169 166 150 150 209 212 210 212 227 

R2 0 ,048 0,072 0,045 0,049 0,050 0,091 0,035 0,036 0,041 

Model test F 0,044 0,007 0,077 0,061 0 ,014 0,000 0,062 0,056 0,096 
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In order to understand the meaning of the above results, we also estimated a 

regression with distance to the nearest pollution source as the independent 

variable of interest. The results are reported in table 39. The R-squared value is 

higher than the above models and the model F test is highly significant. Again, 

the middle class dummy variable appears with the wrong sign, but 

insignificantly. The high class dummy is still insignificant, but with the correct 

sign . This indicates that socio-economic status makes no statistical difference in 

this regression analysis. The distance to site variable is significant and carries 

the correct sign, i.e. the further from the pollution source, the higher the 

predicted house sales price. 

Table 39: Regression with distance variable 

Model 10 

Constant 11,321 

(0,000) 

Middle class -0,043 

(0,470) 

High class 0,134 

(0,134) 

Distance 0,000428 

(0,000) 

Sample size 227 

R2 0,279 

Model test F 0,000 

7.4.2 Random intercept environmental health risk 

component 

Table 40 reports the results of nine simple hedonic price regressions where t he 

geostatistically predicted logarithmic housing price is regressed on socio

economic status and the calculated environmental health risk component. 

Whereas the first eight models used the ca lculated environmental health risk 

278 



components, the ninth model used the scores of the orthogonally transformed 

principal components. Multicollinearity is thus avoided by construction. The 

environmental health risk components in these regression analyses were 

calculated from the random intercept models. As in the previous section, the R

squared values were pretty low, and the p -values of the model F tests were 

only significant at the 10% level. The middle class dummy variable had the 

incorrect sign, but was insignificant. The high class dummy had the correct sign 

and was in most of the cases significant. Looking at the individual regressions, 

we remark that the environmental health risk components calculated from blood 

lead N -acetyl /J-glucosaminidase were significant with the correct sign. The 

regression with the principal component scores resulted in correct signs for all 

principal components. Moreover, the internal exposure component was also 

significant. 
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Table 40: Regression with random intercept environmental risk component (dependent variable is predicted 

logarithmic sales price) 

Model 1 2 3 4 5 6 7 8 9 

Constant 11,466 11,464 11,525 11,526 11,467 11,457 11,468 11,473 11,468 

(0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) (0,000) 

Middle class -0,037 -0,032 -0,076 -0,077 -0,038 -0,025 -0,039 -0,044 -0,032 

(0,674) (0,710) (0,272) (0,261) (0,662) (0,764) (0,653) (0,613) (0,705) 

High class 0,209 0,191 0,157 0,151 0,208 0,209 0,205 0,198 0,168 

(0,069) (0,092) (0, 130) (0,144) (0,070) (0,063) (0,075) (0, 088) (0, 142) 

Ri_Ln(cd) 0,005 

(0,982) 

Ri_Ln(bpb) -0,369 

(0,038) 

Ri_Bgsd -1,385 

(0,674) 

Ri_Bgsp -11,481 

(0,253) 

Ri_Crcl 0 ,154 

(0,495 ) 

Ri_Ln(nag) -0,465 

(0,007) 
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Ri_Ln(b2m) 0,068 

(0,715) 

Ri_Ln(rbp) 0,085 

(0,501) 

Bone density 0,030 

(0,284) 

Renal function -0,034 

(0,224) 

Internal exposure -0,065 

(0,022) 

Sample size 176 176 228 228 176 176 176 176 176 

R2 0,043 0,067 0,034 0,039 0,046 0,083 0,044 0,046 0,086 

Model test F 0,054 0,007 0,049 0,029 0,044 0,002 0,051 0,044 0,009 
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7.5 Survey 

7.5.l Frequencies 

This section reports some exploratory results of the conducted survey. Table 41 

represents a frequency table with respect to asked yes or no questions in the 

survey. The sample size is indicated between parentheses. The frequencies were 

split up over the municipalities. Except for the minor contaminated reference 

area of Hechtel-Eksel, all people in the survey living in the other municipalities 

were abreast of the historical soil pollution in the Northern Campine. This 

difference was found to be statistically significant at the 1 % level. About 42% of 

the people in our survey found that they incurred extra health costs due to the 

contamination Approximately 16% reported a chronic disease or handicap, 

lasting already for more than half a year. About 30% of the respondents was 

even willing to pay for a remediation that restricts the health risk or raises the 

housing value. However, for the moved households, none of them found the soil 

contamination to be the reason for the change of address. We did not find any 

other statistically significant differences between the contaminated and 

uncontaminated area in the field of these other variables. 
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Table 41: Frequencies 

Variable Ba/en Lommel Mo/ Neerpelt Overpelt Hechtel-Eksel Total 

Abreast of soil pollution 100% 100% 100% 100% 100% 71,7% 86,5% 

(10) {16) (9) (4) {19) (53) {111) 

Extra health costs due to soil pollution 70% 33,3% 57,1% 100% 15,8% 42,9% 4 1,7% 

(10) (15) (7) (3) {19) (49) {103) 

Chronic disease or handicap ( > 1/2 year) 50% 0% 37,5% 75% 89,5% 11,5% 15,6% 

(10) (16) (8) (4) (19) (5 2) (109) 

Willingness to pay to restrict health risk 22,2% 23,1% 28,6% 66,7% 22,2% 34,7% 30,3% 

(9) (13) (7) (3) (18) (49) (99) 

Willingness to pay to raise housing value 22,2% 25% 37,5% 66,7% 16,7% 36,7% 31,3% 

(9) (12) (8) (3) (18) (49) (99) 

Soil pollution as reason for change of address N 0% 0% 0% 0% 0% 0% 

(2) (1) (1) (3) (6) (13) 
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7.5.2 Simple hedonic price regression with 

environmental health risk component 

7.5.2.1 Principal component scores of neighborhood variables 

We conducted a principal component analysis in order to reduce neighborhood 

data. These data measures the perceived neighborhood quality by a three-point 

Likert scale. The used rotation method is varimax with Kaiser normalization. The 

Kaiser-Meyer-Olkin measure of sampling adequacy is 0,591. The Bartlett's test 

of sphericity is significant at the 1 % level. Table 42 describes the orthogonally 

rotated loadings of the first four principal components. The final row indicates 

the cumulative percentage of the rotation sum of squared loadings. The total 

variance explained by the four components is 68,5%. The first principal 

component reflects a measure for aesthetics, neatness and quietness. The 

second component loads heavily on the perception of soil and air quality. The 

third component mainly corresponds to weak road-user infrastructure. Finally, 

the fourth component measures the accessibility to shops, culture and 

recreation. 
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Table 42: Rotated component matrix (N=115) 

Component 1 2 3 4 

Footpaths 0,014 -0,131 0,840 0,024 

Cycle-tracks 0,018 0,104 0,847 0,128 

Green environment 0,604 0,303 0,081 0,088 

Stores 0,350 -0,188 0,097 0,755 

Culture and recreation -0,111 0,215 0,078 0,853 

Aesthetics of buildings 0,764 0,208 0,066 0,092 

Neatness 0,721 0,367 0,066 -0,058 

Air quality 0,277 0,800 -0,164 -0,067 

Soil quality 0,099 0,848 0,087 0,120 

Quietness 0,704 -0,222 -0,161 0,060 

Cumulative% of rotation sum of squared 21,9% 39,8% 54,9% 68,5% 

loadings 

7.5.2.2 Mean residual environmental health risk component 

Table 43 reports the regression results using the mean residual environmental 

health risk component. The dependent variable is the logarithmic transformation 

of a hypothetical housing price, measured by the maximum price one is willing 

to pay for a similar house situated in a similar environment as where the person 

was currently living 197
. As explanatory variables, we use socio-economic 

variables, neighborhood principal components and the environmental health risk 

component. All models were significant at the 5% level and the R-squared value 

ranged from 32% to 50%. The middle and high class dummy variables had 

always the correct sign, but were not always significant. Except for the first 

model, the high class variable was significant at the 10% level. This also appl ies 

for the income variable. The income variable represents the monthly net 

disposable household income. It is a categorical variable that is nearly 

continuous. Income categories increase with 250 euro, consisting of 23 

197 E.g. if the current environment is polluted, then this pollution will also be assumed in 
the question. 
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categories. We work with the lowest value in each category and consider the 

variable as quasi-continuous due to the large number of categories 19 8 . The 

income variable is expressed in thousands of euros. The perception of the 

neighborhood is constructed by four principal components : aesthetics, neatness 

and quietness, soil and air quality, weak road-user infrast ructure and shops, 

culture and recreation. The signs of these principal components shou ld always 

be positive. All negatively signed components were non-significant . Except for 

the urinary cadmium and retinol- binding-protein health r isk component, all 

variables were correctly but insignificantly signed. The urinary cadmium va riable 

appears unexpectedly with a positive and significant sign. The correct sign 

matches our previously found results. However, it rema ins difficult to find a 

sound explanation for this. Statistically, the small number of observations and 

the insignificance of some of the socio-economic variables may count for this. 

198 Constructing dummy variables is cumbersome and suffers from the lack of 
observations. 
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Table 43: Regression models with mean residual environmental health risk component (dependent variable is 

the logarithm of the maximum price one is willing to pay) 

Model 1 2 3 4 5 6 7 8 

Constant 11,359 11,258 11,308 11,286 11,246 11,313 11,265 11,275 

(0,000) (0,000) (0,000) (0,000 ) (0,000) (0,000) (0,000) (0,000) 

Middle class 0,459 0 ,417 0,360 0,382 0,443 0,371 0,414 0,393 

(0,046) (0,086) (0, 128) (0,115) (0,069) (0,128) (0,099) (0,109) 

High class 0,299 0,498 0,494 0,522 0,502 0,464 0,487 0,463 

(0,257) (0,076) (0, 073) (0,060) (0,068) (0,091) (0,100) (0,099) 

Income 0,104 0,158 0,170 0 ,169 0,153 0,153 0,158 0,163 

(0,202) (0,035) (0,025) (0,029) (0,041) (0,041) (0,041) (0,032) 

Aesthetics, neatness and quietness 0,067 0,085 0,096 0,105 0,080 0,087 0,087 0,083 

(0,212) (0,105) (0,077) (0,053) (0,128) (0,090) (0,102) (0,117) 

Soil and air quality 0,052 0,027 -0, 007 -0,016 0,031 0,018 0,029 0,028 

(0,334) (0,624) (0,912) (0,790) (0,570) (0,746) (0,599) (0,604) 

Weak road-user infrastructure 0,014 -0,024 0,012 0,007 -0,020 -0,014 -0,023 -0,024 

(0, 798) (0,655) (0,828) (0,902) (0, 709) (0,801) (0,687) (0,655) 

Shops, culture and recreation 0,180 0,082 0,089 0,089 0,078 0,085 0,087 0,085 

(0,003) (0,142) (0,090) (0,094) (0,147) (0,111) (0,113) (0, 111) 

Mr_Ln(cd) 0,220 

(0,085) 
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Mr_Ln(bpb) -0,036 

(0,827) 

Mr_Bgsd 1,216 

(0,252) 

Mr_Bgsp 0,535 

(0,647) 

Mr_Crcl 0,144 

(0,397) 

Mr_Ln(nag) -0,094 

(0,373) 

Mr_Ln(b2m) -0,001 

(0,992) 

Mr_Ln(rbp) 0 ,047 

(0,665) 

Sample size 36 so 48 48 so so 49 so 
R2 0,503 0,323 0,372 0,355 0,334 0,335 0,323 0,325 

Model test F 0,006 0,025 0,011 0,016 0,020 0,019 0,029 0,024 
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7.5.2.3 Random intercept environmental health risk component 

Table 44 reports the regression results using the random intercept 

environmental health risk component. The logarithmic transformation of the 

maximum price one is willing to pay for a similar house situated in a similar 

environment as where the person was currently living is the dependent variable. 

As explanatory variables, we use socio-economic variables, neighborhood 

variables and the environmental health risk component. All models were 

significant at the 5% level and the R-squared value ranged from 33% to 44%. 

All socio-economic variables, i.e. middle class dummy, high class dummy and 

income variable, appeared with the correct sign in the regressions, mostly 

significant. Except for the weak road-user infrastructure, all principal 

components describing the perception of the neighborhood were positively 

signed. However, few of them were significant. Five of the eight models showed 

the correct sign for the environmental health risk component, as was indicated 

in table 31. Unfortunately, none of them was found to be significant. 
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Table 44: Regression models with random intercept environmental health risk component (dependent variable 

is the logarithm of the maximum price one is willing to pay) 

Model 1 2 3 4 5 6 7 8 

Constant 11,364 11,252 11,283 11,245 11,244 11,320 11,277 11,277 

(0,000) (0,000) (0,000) (0,000) (0,000) {0,000) {0,000) (0,000) 

Middle class 0,587 0,421 0,411 0,433 0,442 0 ,367 0,383 0,381 

(0,017) (0,083) (0,075) (0,075) (0,065) (0,130) (0, 121) (0,116) 

High class 0,558 0,504 0,454 0,485 0 ,496 0 ,459 0,438 0,443 

(0,036) (0,071) (0,077) (0,077) (0,068) {0,093) (0,131) (0,111) 

Income 0,053 0,158 0,158 0 ,162 0,154 0 ,149 0,165 0,168 

(0,535) (0,036) (0,031) (0,031 ) (0,037) (0,047) (0,030) (0,027) 

Aesthetics, neatness and quietness 0,103 0,083 0,077 0,086 0,074 0,088 0,083 0,080 

(0,071) (0,113) (0,128) (0, 096) (0,153) (0,086) (0,111) (0,128) 

Soil and air quality 0,047 0,026 0,042 0 ,028 0 ,031 0 ,015 0,025 0,029 

(0,419) (0,631) (0,435) (0,600 ) (0,563) (0,780) (0,643) (0, 597) 

Weak road-user infrastructure -0,026 - 0,023 -0,015 -0,026 -0, 018 -0,01 2 -0,017 -0 ,024 

(0,653) (0,663) (0, 772) (0,635) (0,739) (0,832) (0,756) (0,658) 

Shops, culture and recreation 0,124 0,079 0 ,079 0,084 0,077 0,084 0,090 0,087 

{0,030) (0,156) (0,132) (0,114) (0,146) (0,111) (0,095) (O, 103) 

Ri_Ln(cd) 0 ,454 

(0,100) 
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Ri_Ln(bpb) -0,144 

(0,683) 

Ri_Bgsd 6,417 

(0, 102) 

Ri_Bgsp 5,080 

(0,507) 

Ri_Crcl 0,655 

(0,216) 

Ri_Ln(nag) -0,212 

(0,300) 

Ri_Ln(b2m) 0 ,184 

(0,598) 

Ri_Ln(rbp) 0, 229 

(0,405) 

Sample s ize 37 so so so 50 so so so 
R2 0,442 0,325 0,365 0,330 0,347 0,340 0 , 327 0,334 

Model test F 0,017 0,024 0,009 0,022 0,014 0 ,0 17 0 ,023 0,020 

293 



7 .5.2.4 Environmental health risk principal components 

Until now, we consecutively added environmental health risk components 

calculated from variables by mean residual analysis or random intercept models. 

Using environmental health risk principal component scores reflecting bone 

density, renal function and internal exposure, we were able to rerun the 

formerly mentioned regression models. The results are taken up in table 45. The 

F-test s are significant at the 5% level. The R-squared valu·es are respect ively 

50% and 39%. Except for the high class status dummy variable, socio-economic 

variables were significant with the correct sign. Neig~borhood principal 

components were insignificant, with weak road-user infrastructure having the 

wrong sign. None of the environmental health risk principal components 

appeared to be significant. 
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Table 45: Regression models with environmental health risk principal 

components (dependent variable is the logarithm of the maximum price 

one is will ing to pay) 

Model Mean residual Random intercept 

Constant 11,239 11,263 

(0,000) (0,000) 

Middle class 0,423 0,421 

(0,083) (0,078) 

High class 0,447 0,406 

(0,109) (0,137) 

Income 0,170 0,161 

(0,026) (0,032) 

Aesthetics, neatness and 0,070 0,071 

quietness (0,197) (0,176) 

Soil and air quality 0,035 0,048 

(0,534) (0,385) 

Weak road-user infrastructure -0,021 -0,007 

(0,696) (0,902) 

Shops, culture and recreation 0,082 0,085 

(0,138) (0,115) 

Bone density 0,066 0,073 

(0,197) (0,137) 

Renal function 0 ,035 0,065 

(0,472) (0,165) 

Internal exposure -0,003 0,035 

(0,954) (0,600) 

Sample size 36 50 

R2 0,503 0,391 

Model test F 0,006 0,017 
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7.5.3 Tobit model 

We also conducted a limited dependent variable model or a censored regression 

model. The so-called tobit model was estimated by means of the maximum 

likelihood technique. The dependent variable was constructed as the difference 

between the maximum price one is willing to pay for a similar house situated in 

a similar environment as where the person was currently living and a 

hypothetical non-polluted environment. Thus the only difference was the 

contaminated soil. As a result, the constructed dependent variable is a posit ive 

value or nil. Since all structural and neighborhood characteristics are controlled 

for, the dependent variable must be explained by socio-economic characteristics 

as sex, age, income, number of children and a environmental attributable health 

variable. Unfortunately, due to missing values and the lack of observations 199
, 

the results were rather bad for each of the 16 run models200
• Therefore, we 

decided not to report the results by means of full tables. 

7 .6 Conclusion 

In this chapter, we tried to link our sales price data set with health data from 

the universitary hospital UZ Gasthuisberg. Therefore, we had to predict 

logarithmically transformed real estate sales prices in a geostatistical way. 

Unfortunately, this implies that data were used for the prediction that could not 

be used further in the analysis. We filtered out the health data from confounding 

factors as sex, age, smoking habit and professional exposure. In order to extract 

a household-specific environmental health risk component, we used a mean 

residual analysis via stepwise multiple regression or a random intercept model. 

We used principal component analysis to reduce the bulk of health data, 

retaining three principal components: internal exposure, renal function and bone 

density. In several models, we regressed the logtransformed predicted sales 

199 In the best case, the best number of observations was 36. 
200 Eight models with environmental attributable risk variable based on the mean residual 
stepwise regression model and eight models constructed using the random intercept 
model. 
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price upon socio-economic status dummy variables and the considered 

environmental health risk component. Three of the eight models with the mean 

residual components, i.e. the ones with blood lead, creatinine clearance and N -

acetyl fJ -glucosaminidase, appeared to be significant with the correct sign. 

Using the random intercept model environmental health risk components, only 

the ones with blood lead and N -acetyl fJ -glucosaminidase were significantly 

and correctly signed. Moreover, the internal exposure principal component was 

also found to be significant. We compared the results with the distance to site 

variable that was highly significant. These results were not entirely confirmed by 

the conducted survey. In the survey, the dependent variable was constructed as 

the logarithmic transformation of a hypothetical housing price, measured by the 

maximum price one is willing to pay for a similar house situated in a similar 

environment as where the person was currently living. We regressed this price 

upon socio-economic variables, perceived neighborhood principal components 

and the considered environmental health risk component. Except for urinary 

cadmium, that was neatly significant in both models, all other environmental 

health risk components were non-significant. Unfortunately, urinary cadmium 

carried the wrong sign, giving a mixed result. 

We may conclude that health effects are not entirely reflected in housing prices. 

However, lack of data made us obligatory to link data sets by geostatistical 

prediction. It remains an open question what the results would have been if we 

had the disposal of a data set that directly links health data and socio-economic 

data with sales price data, structural characteristics and neighborhood 

characteristics. This would offer an ideal way to cope with health effects and 

their potential influence on real estate value. Until now, we are not able to 

uniformly deny or confirm the direct influence of health effects on real estate 

data. The subjective risk measure, distance to site, was found to be correlated 

with most of the objective risk measures. It may be seen as an indirect measure 

or proxy variable for risk. Moreover, it appeared to be significant in the simple 

hedonic price regressions. 
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8 Conclusion 

8.1 Methodology 

In the past decades, the public has become increasingly aware of environmental 

risks. This awareness is reflected in the negative impact of soil contamination on 

property values. This negative impact expresses the smaller willingness to pay 

for lesser soil quality. This forms the starting point for the hedonic price method 

which is an indirect way to value environmental quality. In this thesis, we have 

attempted to approach the problem of soil contamination in a multidisciplinary 

way. Several fields of research were interconnected by looking for a link 

between the results of site research, epidemiological research and economic 

research. We aimed to reveal the effect of changes in environmental quality on 

social welfare, more specifically translated in following general research 

question: 

How do different risk measures of soil pollution affect the social benefit 

estimates of a potential soil remediation program? 

We started the discussion with some technical aspects of health risk assessment. 

We considered two alternative ways in which human risks arising from soil 

pollution are assessed. The scientific risk approach is a formal way to assess 

contamination risk trying to identify the kind of polluting substances by carrying 

out extensive site researches. Four stages of risk assessment were 

distinguished: hazard identification, dose-response assessment, exposure 

assessment and risk characterization. The health risk assessment procedure in 

Flanders is formalized in the Vlier-Humaan model and occurs by the Public 

Waste Agency of Flanders. The social risk approach tries to identify how the 

people involved perceive risk. As risk assessment is even for experts a difficult 

exercise, the public even has greater difficulties in judging the hazard. They 

often have to rely on an imperfect form of information. However, potential 
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misperceptions may have real economic effects as property markets may get 

disturbed. The way economists try to deal with the risk problem is somewhere in 

between the two contrasting points of view. The economic approach attempts to 

integrate subjective as well as objective components. Cost-benefit analysis 

(CSA) and cost-effectiveness analysis (CEA) provide useful tools for the policy

makers to arrive at efficient decision-making. The growing concern for a clean 

environment makes it worthwhile to conduct economic valuation studies in a 

cost-benefit framework, especially when the causality between health problems 

and a specific pollution source becomes more and more obvious. In this 

multidisciplinary doctoral thesis, we specifically focused on the benefit side of 

the CBA approach. 

Economic valuation methods for environmental goods or external effects are 

classified in demand curve and non-demand curve approaches. In this thesis, we 

used a demand curve approach known as the hedonic price method. It is a 

revealed preference method that attempts to value certain environmental 

disamenities by studying markets in which an environmental attribute may be 

captured. The value that people attach to avoiding contaminated site problems 

may be proxied by relative declines in the real estate market near the 

contaminated site. The model postulates that the value of a house is a function 

of the quantity and quality of certain physical attributes of the house and 

neighborhood including perceived environmental conditions. Property markets 

provide the information needed for inferring the value of remediating a 

contaminated soil. A poor environmental quality of the soil will decrease the 

attractiveness of the property and this decrease will be reflected in the price of 

the property. People want a health risk premium in buying a property situated in 

an area with a lower environmental quality. By applying econometric analysis to 

large data sets, the environmental attribute can be isolated from the various 

other factors determining the price of the properties. Finally, when the attribute 

is isolated the price of the attribute can be calculated. Therefore, hedonic 

methods require well-functioning markets for housing, with buyers and sellers 

who are well informed about pollution risks; and matching pairs of housing that 

are similar in all respects except the exposure to pollution. In applying the 

hedonic price method, it is fundamental that people are aware of the disamenity. 

This perception is a necessary condition to yield useful results. 
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The main strength of the hedonic price method is that it can be used to estimate 

values based on actual choices. Property markets are known to be relatively 

efficient in responding to information. Moreover, property records are typically 

very reliable. In Belgium, data on property sales and characteristics are readily 

available through the Chamber of Notaries, and these data can be related to 

other secondary data sources to obtain descriptive variables for the analysis . 

The most important drawback is that the scope of environmental benefits that 

can be measured is limited to things that are related to housing prices. The 

method will only capture people's willingness to pay for perceived differences in 

environmental attributes, and their direct consequences. Thus, if people are not 

aware of the linkages between the environmental attribute and benefits to them 

or their property, the value will not be fully reflected in housing prices. We have 

concluded that the hedonic price method is a good tool to measure the benefits 

of soil remediation programs. The contamination is tied to a specific location that 

is valued implicitly by the property situated at that place. 

Belgium has been one of the most important cadmium-producing countries in 

Europe. Certain areas of the country are polluted by cadmium mainly as a 

consequence of past emissions of several non-ferrous smelters. The 

environmental exposure to cadmium is causing great concern in the 

municipalities located near the zinc smelters in the Northern Campine. We 

selected the area of research appropriately by looking for sites that were located 

near or within well -populated areas. Moreover, they should have homogenous 

and identifiable municipality and neighborhood characteristics which may affect 

property values. Finally, the people living in the residential areas around the site 

must be aware of the disamenity which is associated with the location of the 

polluting factory. Considering these conditions, we have chosen the historically 

polluted region with heavy metals in the north of Belgium, consisting of the 

municipalities of Lommel, Overpelt, Neerpelt, Balen, and Mol together with the 

less polluted region of reference being the municipality of Hechtel-Eksel. 

In applying the hedonic price method, we will consider subjective as well as 

objective measures of risk. We will look at distance to the pollution source as a 

proxy variable for subjective measure of risk. Soil quality or external exposure 

will be considered as an ex ante objective measure of risk. Constructed 

household-specific environmental health risk components are used as ex post 
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objective risk measures. The main question is how these different risk measures 

will affect property values of the residential areas around the pollution sources. 

8.2 Results 

Using the theoretical framework for the integration of risk in the hedonic price 

method, the general research question was refined as follows: 

How do subjective and objective measures of soil pollution risk affect property 

values when using the hedonic price method? 

The matching hypotheses with the problem statement consider different ways of 

assessing risk. The empirical counterparts were formulated as follows: 

Hypothesis 1: People pay a risk premium for living further from the soil polluting 

activity. 

Hypothesis 2: Higher soil pollution levels are reflected in lower housing prices. 

Hypothesis 3: Cadmium invoked health problems are associated with diminished 

property values. 

The first hypothesis stated that hedonic property value methods estimate 

benefits by using distance to the contamination source as a proxy for associated 

damages or subjective risk judgments. The perception of the disamenity by 

people who live in the proximity to the site is a fundamental and necessary 

condition for the hedonic pricing method to yield useful results. The second 

hypothesis used soil quality data (e.g. mg Cd/kg dry soil) of the neighborhood 

around the pollution source as an indicative measure of potential human health 

problems. This can be considered as a refinement as the direction of the wind 

influencing the deposition of cadmium is more directly taken into account. The 

third hypothesis considered the link between household-specific environmental 

health risk components and the diminution in housing value. The aim of the 

doctoral thesis was to test these hypotheses and assess the differences between 

them in an appropriate empirical way . 
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We made use of a geographic information system in order to measure the 

distance to the pollution source and to measure soil quality. The distance to the 

pollution source was measured by using the GPS coordinates of the addresses. 

Cadmium pollution concentrations, as an indication of the ex ante objective risk, 

were available at the Center for Environmental Studies of the Hasselt University. 

Geocoding was necessary in order to obtain reliable predictions of cadmium 

pollution elsewhere. Therefore, we applied stochastic as well deterministic 

interpolation methods. Deterministic interpolation methods do not account for 

the variability in the data, measurement errors and distributional assumptions. 

However, they can produce predictions of equivalent quality to methods which 

do account for spatial variability. The geostatistical approach, known as kriging, 

was preceded by an analysis of the spatial structure of the data. Given a 

semivariogram relationship that is representative of the region to be estimated, 

kriging estimates the most precise values possible from the available samples. 

We implemented a sensitivity analysis to compare different algorithms 

concerning their respective performances. Generally speaking, exponential 

models performed better for simple kriging and indicator kriging. Spherical 

models were preferred for the ordinary kriging technique in both cases, with and 

without linear trend removal. The untransformed kriging models gave the best 

crossvalidation results. Using the ordinary kriging technique with linear t rend 

removal, the results improved in comparison with the case with an included 

underlying trend . In the further analysis we have focused on the best results 

obtained. We have chosen to use the parameters of the ordinary kriging model 

with logtransformed variable and global linear trend remova l with an exponential 

semivariogram. Additionally, we have compared the results with predictions 

coming from simple kriging and inverse distance weighting. 

In the empirical analysis, we have used the simple hedonic approach. We argued 

that hedonic techniques were particularly well suited to study localized 

externalities, the reason being that the severe and difficult to solve identification 

problems with the two stage hedonic methodology and benefit estimation do not 

arise. Moreover, we pointed out that the hedonic price schedule itself could be 

used as an upper bound and reasonable approximation of total benefits. We 

applied the simple hedonic approach to both of our data sets, i.e. the distance to 

site data and the cadmium data. As theory gave little guidance with respect to 
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the functional form, we applied several functional forms as a kind of sensitivity 

analysis. We mainly considered parametric functional forms with logtransformed 

variables, but also applied semiparametric estimation by means of the 

generalized additive model. The latter model was indicative for the nonlinear 

nature of some of the variables. We focused on the elasticities of the 

environmental variables of interest, i.e. distance to site, SK cadmium, OK 

cadmium and IDW cadmium. Except for the spatial 2SLS (S-2SLS) double-log 

spatial lag model with respect to the cadmium variables, all variables appeared 

with the correct signs, i.e. positive for the distance to site variable and negative 

for the cadmium variables. In general, we have concluded that all cadmium 

variables were found to be insiGriificant. In most cases, we found the distance to 

site variables to be statistically significant in the distinct specifications, except 

for the semi-log spatial lag specification. We concluded that (i) pollution 

perception, measured by distance to site, is statistically significant and (ii) that 

real objective pollution, as measured by the cadmium content, is statistically 

insignificant with respect to the influence on the value of houses. 

Finally, we tried to link our sales price data set with health data from the 

universitary hospital UZ Gasthuisberg. Therefore, we had to predict 

logarithmically transformed real estate sales prices in a geostatistical way. 

Unfortunately, this implied that data were used for the prediction that could not 

be used further in the analysis. We filtered out the health data from confounding 

factors as sex, age, smoking habit and professional exposure. In order to extract 

a household-specific environmental health risk component, we used a mean 

residual analysis via stepwise multiple regression and a random intercept model. 

We used principal component analysis to reduce the bulk of health data, 

retaining three principal components: internal exposure, renal function and bone 

density. In several models, we regressed the logtransformed predicted sales 

price upon socio-economic status dummy variables and the considered 

environmental health risk component. Using the mean residual component 

method, three of the eight environmental health risk components, i.e. the ones 

with blood lead, creatinine clearance and N -acetyl fl -glucosaminidase, 

appeared to be significant with the correct sign. Using the random intercept 

model environmental health risk components, only the ones with blood lead and 

N -acetyl /3-glucosaminidase were significantly and correctly signed. We also 
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compared the results with those of a conducted survey. Unfortunately, the latter 

results did not entirely match the previously found outcomes. The dependent 

variable was constructed as the logarithmic transformation of a hypothetical 

housing price, measured by the maximum price one is willing to pay for a similar 

house situated in a similar environment as where the person was currently 

living. This price was regressed upon socio-economic variables, perceived 

neighborhood principal components and the considered environmental health 

risk component. In general, the environmental health risk components were 

non-significant. We concluded that health effects were not entirely reflected in 

housing prices. A better measure was the distance to site. However, because of 

lack of data, we were obliged to link data sets by geostatistical prediction. It 

remained an open question to construct a data set that directly linked health 

data and socioeconomic data with sales price data, structural characteristics and 

neighborhood characteristics. This would offer an ideal way to cope with health 

effects and their potential influence on real estate value. Based on our empirical 

analysis, we were not able to uniformly deny or confirm the direct influence of 

health effects on real estate data. Roughly said, the perception in the mind of 

the people was more important than an objective measure of pollution that is 

unknown to the people. 

Looking at our hypotheses, we may conclude that people pay a risk premium for 

living further away from the soil polluting activity. The magnitude of the risk 

premium was expressed in terms of a elasticities ranging from 5% to 6,3%, 

according to the used functional form. Although the sign was found to be 

correct, higher soil pollution levels were not reflected in statistically significant 

lower housing prices. In our models, also real health effects were not enti rely 

reflected in housing prices. The discrepancy in results between the subjective 

risk measure and the objective risk measures may be explained by the fact that 

people mainly base their decision to pay a certain purchasing price by looking at 

information available to them. From this point of view, the distance to the 

pollution source is better known than the exact content of contamination or 

hea lth risk parameters. 
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8.3 Policy 

Risk analysis is primarily a normative exercise201
. The question now is whether 

government policy ought to be based on risk-related facts or on perceptions of 

the public. Due to differing bases of technical understanding, a substantial 

discrepancy may occur between the public's opinion of risks and the view of 

experts. Risk experts tend to focus on the standard concept of risk as the 

possibility of damage, whereas the public often expands the concept of risk to 

include various non-damage attributes. This gap between the public's 

understanding of risk and that of experts is an obstacle in making policy 

decisions about acceptable risks. 

In our results, we have seen that people are aware of a certain risk of soil 

contamination. However, this awareness is imperfect as the effect of the 

distance to site variable on real estate value is not completely covered by similar 

statistically significant effects of objective measures of risk. Nevertheless, the 

subjective measure of risk, i.e. proximity to the site, was found to be correlated 

with most objective risk measures in a statistically significant way. This distance 

to site variable identified a reduction in property values . 

Breyer (1993) argues that government pol icy should be based on risk-related 

facts instead of misperceptions of the public, hereby emphasizing efficiency 

instead of equity202
• Indeed, distance to site spreads the risk in concentric circles 

as opposed to objective risk measures that may have more arbitrary forms 203
. 

From an efficiency point of view, contamination risk should be taken away on 

those places where there is an objective problem. However, small investments 

in risk communication strategies can infer large amounts of social benefits, as 

uncertainty is reduced. Intense concern about contamination may be 

inappropriate when the public's subjective beliefs mismatch scientific estimates 

of risk. A careful information flow becomes a key ingredient in the public 

response (Kasperson et al., 2000). Rigorously communicating the risk to the 

public may avoid unnecessary expenditures for cleaning up sites which generate 

little actual risk. Consequently, the Public Waste Agency of Flanders and the 

201 What governments should do. 
202 In that case, equity issues may be neglected in relation to t ime, space and social 
groups (Kasperson et al., 2000). 
203 we refer to the soi l contamination charts in chapter 5. 
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Inspection of Health Agency should attach enough weight on informing and 

educating the public. In that way, public misperceptions may possibly be 

altered. Communication is expected to be successful if the source of the 

information has established credibility, knowledge and certainty about the rea l 

objective risks. If risk information is not credible, then this will have little chance 

of being accepted. In establishing credibility, neutral, well-regarded experts 

should be appointed to assess the risk. Scientists in the appropriate fields are 

especially good candidates (McClelland et al., 1987). At the moment, in many 

cases, this knowledge and certainty about the real risks is the subject of 

research. 

From an equity point of view, more direct intervention is needed through 

regulatory action. Indeed, if enough people feel worried about some risk, then it 

makes sense to say that the government ought to respond to that (Margol is, 

1996). However, one may oppose spending money on expensive excavation 

programs when public's worries on certain places are unfounded according to 

experts' point of view. Nevertheless, from a utilitarian welfare perspective, one 

should consider beliefs of both experts and the public, to calculate expected 

benefits of soil remediation. In the long run and making abstraction of stigma, 

fairly complete soil remediation without much consideration of scientific 

assessments of the risks, in response to public pressure will raise property 

values. These benefits should than be considered against the cost of 

remediation. In choosing a remediation technique, urgency and costs are 

decisive elements. A low cost activity like phytoremediation with, however, a 

long remediation period, can be balanced against a much faster but also much 

more expensive technique like excavation. The latter should be a last resort by 

its ultimate signaling function that all health risks may eventually disappear. 

This approach is recently covered by the concept of durable land management. 

8.4 Further research 

During the research conducted in this dissertation, we realized that some 

aspects may deserve further attention. Therefore, we suggest some possible 

refinements for future research with respect to the hedonic pricing method. 
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• In our empirical application, we imputed unobserved regressors from an 

auxiliary econometric model. These unobserved variables were replaced by 

their predicted values, i.e. the prediction of cadmium values at unsampled 

locations, from the auxiliary statistical model when estimating the 

relationship of interest. The uncertainty of these_ prediction is not taken into 

account in further analyses. For instance, a Murphy-Topel type error 

correction (Murphy and Topel, 1985), adapted for hedonic procedures using 

imputed variables may inflate the standard errors that are used in 

hypothesis testing. Fortunately, parameter estimates are unaffected by the 

correction. Moreover, p -values for all cadmium variables in the hedonic 

price regressions were not found to be significant. 

• In applying a hedonic price regression, we need, ideally, data at the 

household level. Unfortunately, it is difficult to gather property value data 

together with socio-economic data. Adding health data is even more severe 

since it is very unlikely that households that are involved in property 

transactions are also sampled for their health conditions. This leaves 

prediction as a kind of second best option. 

• A much promising research area in order to cope with second stage 

difficulties as identification and endogeneity, is the deriving of a closed form 

solution of the market clearing price function. However, it still lacks a 

solution for dealing with the mathematical difficulty of partial differential 

equations systems and integrating spatial information (Ekeland et al., 2004). 

• We have used distance from a point source of pollution as a proxy for 

ambient environmental quality. However, as Cameron (2003) argues, 

damages from all types of point-source disamenities may exhibit directional 

heterogeneity. This may be because of prevailing winds or other systematic 

physical features or processes. In this dissertation, we have used distance as 

well as a prediction for ambient environmental quality. 

• As a result of our analyses with subjective and objective risk measures, it 

may be interesting to unravel the distance to site models in more detail. It is 

possible to introduce a maximum distance in the hedonic price regressions. 

For instance, for the semi-logarithmic specification, we found a p -value of 

the variable distance to site that was significant (0,039). However, the 

coefficient was slightly low, i.e. an increase of only 1,1% in the value of the 
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house for a displacement of 1km. Indeed, as the average distance of houses 

to pollution sources is fairly high (S, 7km), potentially stronger results may 

be obtained by running limited distance models. Moreover, it may be 

interesting to look at separate hedonic price functions with limited distance 

around individual sites. 

• In our empirical analysis, the distance to site variable was statistically 

significant as opposed to the soil quality variable. The latter was found with 

the correct sign, however, insignificantly. This may raise a question to what 

extent non-polluting factories diminish housing values. Therefore, a similarly 

constructed comparison area is needed that has not been subject to soil 

pollution. Unfortunately, this may be difficult to find in practice. Even though 

we considered not only the visible vicinity of the pollution sources, aesthetic 

effects may be difficult to disentangle from contamination effects. However, 

based on calculated distances, we think that these aesthetic effects are of 

minor influence for houses in our database. 

• Ex ante remediation benefit analysis should be followed up by post 

remediation studies in order to measure the stigma effect. When t he 

contamination has been taken away, the discount for a location close to t he 

pollution source should be recouped. However, remaining uncerta inty may 

give rise to a stigma effect that may let people bargain over the price and 

obtain substantial discounts. 

• It would be also interesting to see what results the combined use of stated 

and revea led preference methods would give. The use of both methods 

demands a lot of data, but the gains in describing the consciousness of the 

pollution problem may seem clear. Indeed, many strengths of the stated 

preference approaches are the weaknesses of the revealed preference 

approaches. 
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Appendix 

Survey Northern Campine 

Huishouden ( gezinshoofd) 

1. Naam en voornaam: 

2. Geboortedatum: 

3. Straat: 

Postcode: 

4. Burgerlijke staat 

D 

D 

Gehuwd of samenwonend 

Weduwnaar/Weduwe 

5. Aantal inwonende kinderen: 

Aantal uithuizige kinderen: 

Totaal aantal personen in huis: 

6. Onderwijsniveau 

D Lager onderwijs 

D Lager middelbaar onderwijs 

D Hoger middelbaar onderwijs 

D Hoger onderwijs - korte type 

D Hoger onderwijs - lange type 

D Un iversiteit 

Indien mogelijk, specifieer studies: 

nummer: 

Gemeente: 

D 

D 

Ongehuwd 

Gescheiden 

7. Tot welke personencategorie behoort u op dit ogenblik? 

o Student D Werkgever 

Beroep: 

D 

D 

D 

Werkloos (niet zoekend) 

Werkzoekend 

Pensioen 

Afstand (in km) tot werk: 

Tijd nodig om op het werk te raken: 

325 

D 

D 

D 

Werknemer 

Kaderfunctie 

Zelfstandige 



8. Wat is het maandelijkse netto besteedbaar gezinsinkomen (in euro)? 

0 Geen inkomen 0 Tussen 2750 en 3000 

0 Minder dan 250 0 Tussen 3000 en 3250 

0 Tussen 250 en 500 0 Tussen 3250 en 3500 

0 Tussen 500 en 750 0 Tussen 3500 en 3750 

0 Tussen 750 en 1000 0 Tussen 3750 en 4000 

0 Tussen 1000 en 1250 D Tussen 4000 en 4250 

D Tussen 1250 en 1500 D Tussen 4250 en 4500 

0 Tussen 1500 en 1750 0 Tussen 4500 en 4750 

0 Tussen 1750 en 2000 D Tussen 4750 en 5000 

0 Tussen 2000 en 2250 D Tussen 5000 en 5250 

0 Tussen 2250 en 2500 D Meer dan 5250 

0 Tussen 2500 en 2750 

9. Heeft uw echtgeno(o)t(e)/partner een apart inkomen? 

D Ja 0 Neen 

10. Over hoeveel voertuigen beschikt het huishouden? 

Fiets o geen o 1 o 2 o 3 of meer 

Bromfiets D geen 0 1 0 2 

Motor o geen 0 1 0 2 

Auto o geen D 1 0 2 

Bedrijfswagen o geen 0 1 0 2 

Type wagen(s): 

Woning 

11. In wat voor woning woont u? 

0 

0 

D 

Open bebouwing 

Half open bebouwing 

Gesloten bebouwing 

D 3 of meer 

o 3 of meer 

o 3 of meer 

D 

0 

0 

Appartement 

Studio of kamer 

Overige 

12. Hoe zou u de grootte van de woning het best kunnen omschrijven? 

o Klein o Groot 

0 Middelgroot 0 Villa 

13. Sinds wanneer bewoont u het huis? 
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14. Bent u eigenaar of huurder van uw woning? 

D Eigenaar D Huurder 

Indien u eigenaar bent, hebt u uw woning gekocht of gebouwd? 

o Gekocht D Gebouwd 

15. Indien u uw woning huurt, hoeveel huur betaalt u maandelijks (zonder 

bijkomende kosten)? 

Huurt u uw woning bemeubeld? 

D Ja D Neen 

16. Indien u uw woning hebt gekocht, in welk jaar hebt u uw woning 

gekocht? 

Wat was de aankoopprijs van uw woning? 

17. Indien u uw woning hebt gebouwd, in welk jaar hebt u uw woning 

gebouwd? 

Wat was de kostprijs van de bouwgrond? 

Wat was de bouwprijs van de woning? 

18. Indien u uw woning hebt gekocht, wanneer werd uw woning gebouwd? 

D 

D 

D 

D 

Voor 1919 

Van 1919 tot 1945 

Van 1946 tot 1960 

Van 1961 tot 1970 

Of exact bouwjaar (indien geweten)? 

D 

D 

D 

D 

Van 1971 tot 1980 

Van 1981 tot 1990 

Van 1991 tot 2000 

in 2001 of later 

19. Wat is de totale oppervlakte van het perceel waarop de woning staat? 

Wat is de oppervlakte van het huis zelf? 

Zijn er in de woning ooit belangrijke verbouwingen gedaan waardoor de 

grootte en/of het aantal vertrekken werd gewijzigd? 

o Ja Welke? 

o Neen 

20. Welke en hoeveel van onderstaande onderdelen maken deel uit van uw 

woonplaats? 

geen 1 2 of meer 

Studio D D 

Tuin D D 

Veranda D D 

Aparte keuken (min 4 m2) D D D 
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Ingerichte keuken, D D D 

geintegreerd in een ander vertrek 

Living (zit- en eetkamer) D [I D 

Aparte zitkamer D D D 

Aparte eetkamer D D D 

Bureau voor privegebruik D D D 

Speelkamer D D D 

Garage D D D 

Kelder D D D 

Zolder D D D 

0 1 2 3 4 5 of meer 

Slaapkamers D D D D D D 

Leefomgeving en gezondheid 

21. Wat vindt u van de directe omgeving rond uw woning? 

erg aangenaam bevredigend weinig aangenaam 

Uitzicht van de gebouwen 

Netheid 

Kwaliteit van de lucht 

Kwaliteit van de bodem 

Rust (lawaaihinder) 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

D 

22. Wat vindt u van de voorzieningen die in de buurt worden aangeboden? 

heel goed voorzien normaal voorzien slecht voorzien 

Voetpaden [I D D 

Fietspaden D D D 

Straten D D D 

Groene omgeving D D D 

Aanbod openbaar vervoer D D D 

Winkelaanbod D D D 

Cultuur en recreatie D D D 
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23. Bent u op de hoogte van het probleem van vervuiling in de 

noorderkempen? 

D Ja D Neen 

24. Stel dat u omwille van werkomstandigheden meet verhuizen naar een 

andere locatie. U hebt dringend nood aan een nieuwe woning en bent 

reeds een tijdje op zoek. Plots vindt u een woning die vrij gelijkend is op 

diegene waarin u nu woont. 

Wat is de maximumprijs die u wenst te betalen voor uw nieuwe huis, als 

a. de leefomgeving vrij gelijkaardig is aan de huidige? 

b. de leefomgeving minder vervuild is? 

25. Meent u dater door de vervuiling extra gezondheidskosten zijn? 

D Ja D Neen 

26. Leid er iemand van het gezin aan een chronische ziekte of handicap die 

al meer dan een half jaar aansleept? 

D Ja D Neen 

27. Indien het antwoord op de vraag 26 ja is, gelieve dan voor ieder 

gezinslid met een chronische ziekte of handicap de onderstaande 

informatie te verstrekken. 

Eerste Tweede Derde 

gezinslid gezinslid gezinslid 

Leeftijd 

Geslacht 

Ziek sedert 

Aantal dagen hospitalisatie (per jaar) 

Aantal dagen werkverlet (per jaar) 

Gezondheidskosten (per jaar) 

28. Indien een sanering het risico voor de gezondheid zou kunnen inperken, 

bent u bereid om zelf mee te betalen voor een grondigere sanering? 

o Ja o Neen 

29. Indien een sanering de waarde van uw woning zou verhogen, bent u 

bereid om zelf mee te betalen voor een grondigere sanering? 

D Ja o Neen 
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