
 Eindhoven University of Technology

MASTER

Importance of attributes in the valuation of owner-occupied housing in the Netherlands
capturing the determinants of market value

van Sprundel, W.P.A.

Award date:
2014

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/4b082143-4de3-441d-9162-674e6c0f0f12


 

 

IMPORTANCE OF ATTRIBUTES IN 

THE VALUATION OF OWNER-

OCCUPIED HOUSING IN THE  

NETHERLANDS  

 Capturing the Determinants of Market Value 

 
 

 

 

 

 

A master thesis presented 

by 

W.P.A. van Sprundel (0633429) 

The Chair of Real Estate Management & Development 

in partial fulfillment of the requirements 

for the degree of 

Master of Science 

on the subject of 

Architecture, Building and Planning 

 

Supervisors: Associate Professor W.J.M. Heijs (Eindhoven University of  

Technology), Associate Professor J.J.A.M. Smeets (Eindhoven University of 

Technology), Ing. L. Liplijn (CEO DataQuote), P.R.F. van Loon MSc. (Data 

Scientist DataQuote) 

 

Eindhoven University of Technology 

Eindhoven, the Netherlands 

February 2014 
 



ii 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
©2014 – W.P.A. van Sprundel and Eindhoven University of Technology  
All rights reserved. 
  



iii 

 

IMPORTANCE OF ATTRIBUTES IN THE VALUATION OF 

OWNER-OCCUPIED HOUSING IN THE NETHERLANDS  
 Capturing the Determinants of Market Value 

 

 

SUMMARY 

           Relative to other sectors, real estate sectors have a limited amount of transactions. In 

addition, perfect and complete information is often missing or hard to obtain, every object is 

unique, market participants do not have to act independently of each other and they do not 

have to maximize profits, there are entry and exit barriers, and investments in real estate are 

illiquid. All of these imperfections lead to false trades, which are transactions at the non-market 

value. From a global perspective, real estate, as a percentage of GDP, is the third largest asset 

class besides stocks and bonds, but acting on imperfections could provide an issue. Within the 

real estate sector, housing constitutes the majority in terms of percentage of total value. By 

focusing on the Dutch owner-occupied housing market, it is clear that the same imperfec-

tions/inelasticity of real estate sectors contribute to this market, which is closely interwoven 

with the building market, the market for ground, and the financial market. In addition, there 

has always been a strong intervention of the central government through spatial planning policy 

and subsidies since the Housing Act in 1901, preventing the free market mechanism. Decentrali-

zation, deregulation and the Grossing and Balancing Act limited central government interven-

tion in time, but regional and local governments still have considerable power by setting-out 

policy objectives and regulations. This makes an estimation of market value difficult. To bridge 

this difficulty, the problem definition of this master definition is: “What are the statistically 

and economically significant housing and spatial characteristics that determine the 

value of owner-occupied houses in the Netherlands and which macro-economic 

trends affect this value?” The sub-questions relate to the definition of “value”, the values 
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with respect to owner-occupied housing that are used in practice, the method that should be 

used to determine values of owner-occupied houses, which housing and spatial characteristics are 

relevant for explaining market values of owner-occupied houses in the Netherlands, which hous-

ing and spatial characteristics of the Dutch owner-occupied housing market are statistically and 

economically significant in explaining value, and macro-economic trends that may affect the 

valuation of houses in the Netherlands. 

    To answer the first and second sub-questions (“What is value of houses?” and “Which values 

with respect to housing are used in practice?”), a distinction has been made between factual and 

evaluative judgments. Factual judgments refer to descriptions based on statements that involve 

reference to verifiable data (objectivism). Evaluative judgments are descriptions of sentiments or 

emotions, where something is valuable if it evokes pleasurable feelings and maximizes a person’s 

utility (subjectivism). Each discipline has its own definitions and measurement techniques of 

value, ranging between objectivism and subjectivism. Valuation becomes troublesome in an 

interdisciplinary context, such as housing, where economic, social, and political disciplines inter-

act. To measure “value” of houses by means of meta-analysis, a further definition of “value” is 

needed. A distinction has been made between relevant individualistic economic values (use 

value, investment value, and insurable value) and collective economic values (market, liquida-

tion, and assessed value). An advantage of individualistic economic values is that estimates 

directly give a point-estimate of the worth (price) of a particular object to a buyer. Yet, this 

point-estimate does not give the seller any indication whether this price is fair, high or low. To 

overcome this problem, the willingness-to-pay of a collection of buyers should be analyzed. Liq-

uidation and assessed value (as collective economic values) can be derived from market value. 

Market value of owner-occupied houses in the Netherlands is therefore the dependent variable. 

The International Valuation Standards Council defines market value as “the expected selling 

price of the specified real property rights in arm’s-length transaction, as of the date of the ap-
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praisal, and assuming a reasonable exposure to the market”. Arm’s-length transaction presumes 

that the buyer and seller are motivated, well informed, and act reasonably in their own self-

interest without undue duress. From the market value definition, it is unclear whether “expected 

selling price” refers to listing or transaction price. Transaction prices are actual observations for 

willingness to pay, while listing prices are appraisals that estimate a value on which to base 

negotiations. Appraisals can deviate in value from the transaction price, which might be at-

tributable to the knowledge and experience of appraisers, but also to the influence of price nego-

tiations. As transaction prices involve real market behavior, they are preferred over listing pric-

es. Apart from the value of the dependent variable, independent variables can also capture a 

variety of values. Non-economic values, which could be present in independent variables, such as 

environmental, aesthetic, and cultural heritage value are hard to estimate. Literature points out 

the diversity in definitions and variables that can be used to measure these values. Because 

these values are highly subjective, some studies contradict other studies.  

    To answer the third and fourth sub-questions (“What method(s) could be used to determine 

value of houses?” and “Which housing and spatial characteristics are potentially relevant for 

explaining market values of houses in the Netherlands?”), comparable studies have been ana-

lyzed. The Hedonic Pricing Method has been chosen as it decomposes value into its characteris-

tics. It is used to answer the fifth sub-question and to partly answer the problem definition. 

Comparable studies can be classified as country-wide, district, and city level models. Most of 

these models include housing type, age, and size as independent variables to estimate market 

value of owner-occupied houses. Decreasing the scale leads to the inclusion of more specific 

information of the target place. Most district models also include lot size, distance to central 

business district and sometimes a few distances to local amenities. Most city models include 

distances to a variety of local amenities (more detailed than on district level), view, and specific 
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building information (e.g. presence of a clubhouse) in addition to the variables that are often 

used in district models.  

    To answer the fifth sub-question (“Which housing and spatial characteristics of the Dutch 

housing market are statistically and economically significant in explaining market value?”), an 

existing dataset with data on owner-occupied houses in the Netherlands has been used. All 

listing dates and prices have been updated towards the fourth quarter of 2012 to make analysis 

and comparisons possible. By constructing four models, the presumption that states that loca-

tional information does not have value can be tested. Model 1 contains the independent and 

statistically significant (at the 1% level or less) variables: “Building year”, “Size”, “Type of trans-

action”, “Monumental status”, and “Housing type”. Model 2, 3, and 4 contain the same variables 

as model 1, with the addition of a dummy for “Province”, “COROP number”, and “Municipality”, 

respectively. Results indicate that the validation set of model 1 has an R² of 65.17%. The R² of 

model 2, 3, and 4 are 73.56%, 76.76%, and 80.05%, respectively. Adding regional or locational 

information and decreasing the scale form province to municipality leads to a better goodness-of-

fit (performance). Also, a training, validation, and test procedure to test for prediction accuracy 

leads to a median percentage difference between predicted value and actual value of model 1, 2, 

3, and 4 of: 17.51%, 14.78%, 13.95%, and 12.55%, respectively. This supports the argument that 

locational information has value. Across the four models, economically significant variables are 

most locational indicators, “Size”, “Monumental status”, “Detached”, “1960-1975”, and “At-

tached”. The economic significance of “1960-1975” and “Attached” weakens when adding loca-

tional indicators, while the economic significance of “Detached” increases. The economic signifi-

cance of “Size” and “Monumental status” stays constant over the four models. Due to the large 

amount of houses in the dataset, economic significance (relevance), has been used to detect main 

variables, because p-values are such that (almost) all results are statistically significant due to 

the size of the sample. A fifth model estimates the coefficients and statistical significance of 
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neighborhood variables. This model has an R² of 69.11% and a median percentage difference 

between fitted and actual price of 15.53%. In terms of performance, this model falls between 

model 1 and 2, which imposes (severe) issues with respect to omitted variable bias. Regression 

results of model 5 indicate that most variables are statistically significant on the 1% level or less. 

Building year category “Before 1906”, average age of residents categories “30-40” and “50-60”, “% 

Households with children”, and the interaction term “Average size of houses in the neighbor-

hood:% Household with children” are statistically significant at the 5% level. Variables that are 

insignificant are: “% Households without children”, “Distance to library”, average age of residents 

category “60-70” and “Older than 70”, “% Single family households”, “Welfare (% owner-occupied 

housing)”, “Welfare (% welfare-assistance)”, “Other locality neighborhood”, and the term “Average 

size of houses in the neighborhood:Electricity usage”. Analyzing the economic significance (rele-

vance of betas) via a case-study leads to the conclusion that object characteristics (mainly 

“Size”) are the most important contributors to “Updated listing price”. Neighborhood characteris-

tics, where a one standard deviation change (on a national level), leads to a change of “Updated 

listing price” of more than 5%, are: “% Households with children” (-14.47%), age category of 

residents “60-70” (-8.58%), “% Households with children” (-8.29%), “% Single family households” 

(-8.29%), “Average household size” (6.71%), “Average electricity usage” (6.32%), and “Density” 

(5.61%).  

    To answer the last sub-question (“Which macro-economic trends may affect the valuation of 

houses in the Netherlands?”), it has been recognized that markets are increasingly interlinked 

(globalization). Therefore, macro-economic trends may affect housing markets and they can be a 

sign of boom or bust cycles. Macro-economic variables that affect the change in value of houses 

are the inflation rate, GDP growth or decline, and long term interest rates. In addition, em-

ployment growth and short term interest rates are also used frequently to derive changes in 

value of houses. They influence how prices of houses develop throughout time. To make valua-
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tions robust, appraisers should be aware of these variables, which may cause boom or bust cycles 

in the overall economy. A valuation should be more than a point-estimate at a given time.  

        On a meta-level, several independent variables of model 5 are statistically significant at 

the 1% level or less. However, few of these statistically significant independent variables are 

relevant in the estimation of value, due to their small beta. Those that are assumed relevant, in 

a case study, are: “% Households with children”, age category of residents “60-70”, “% Households 

with children”, “% Single family households”, “Average household size”, “Average electricity us-

age”, and “Density”, but they might serve as indicators for other variables. There are “only” few 

neighborhood variables. This could be a reason why model 4 (inclusion of municipality dum-

mies) performs better than model 5.  

    With regard to the scientific relevance, relevant factors of the economic dimension of houses 

in the Netherlands have been identified on the smallest scale possible (neighborhood level) on a 

point in time (2012Q4). Previous studies mainly focused on a local, instead of a national level. 

In addition, “value” of houses has been defined consistently and the role that macro-economic 

variables could have in the determination of price trends of houses has been discussed. Macro-

economic variables affect the change in value in the short and long-run. They should be used in 

time-series analysis. The role of macro-economic variables as interaction terms in the five models 

(i.e. not time-series) remains unclear.  

    In terms of practical relevance, different stakeholders could use this master thesis to gain 

insight into the relevant object and locational variables that influence the value of houses in the 

Netherlands. For them, it is, currently, best to use the variables: “Building year category”, “Size”, 

“Type of transaction”, “Monumental status”, “Housing type”, and the respective “Municipality” 

dummy. This is model 4, which is the model with the best performance. As example: households 

could use these variables to compare with the assessed (in Dutch: WOZ) value. In addition, 

these stakeholders could also benefit from a clear definition of “value”. The listing prices in this 



ix 

 

master thesis are updated to 2012Q4. Therefore, a price indication is for 2012Q4. To maintain 

the practical relevance through time, all prices can again be updated to a specific point in time, 

by using price trends of the CBS. Then, the same models can be estimated and a price determi-

nation for that specific moment in time can be generated. The models, however, are static. They 

give point estimations of price at a moment in time, but cannot be used to predict prices in the 

(near) future. In this way, the price estimations are always somewhat delayed.  

    With regard to policy objectives, valuation models increase in importance. As of 2013, every 

valuation of a house by an appraiser must be accompanied with two model valuation reports of 

independent organizations. Continuous efforts should be made to improve the performance of 

valuation models. With regard to a practical example, an app can be developed for people to 

value houses in the Netherlands on the basis of outcomes of this master thesis. The fourth model 

can also be used as an alternative for deriving the assessed (in Dutch: WOZ) value. Another 

example is to write code that can select the three most nearby comparable houses, which is 

often demanded in automated valuation reports. With regard to the outcomes of this master 

thesis, more research should be done on how to deal with small p-values in large samples. Due 

to the large amount of houses in the dataset, almost every regression coefficient seems to be 

statistically significant. In addition, the use of transaction prices has been advocated over the 

use of listing prices. Also, the models that are developed in this master thesis are static. They 

are able to estimate the listing price of a house in 2012Q4. This is a snapshot at a particular 

time. Efforts should be taken to make the models more dynamic so that they can be used to 

estimate, or possibly predict, listing prices of houses. Further research should also provide in-

sight into the meaning of relevant neighborhood variables (see page 138). They might function 

as indicators in the current models. With regard to gaps in knowledge, future research should 

focus on omitted neighborhood variables of model 5. In addition, when the prices are not updat-

ed to 2012Q4, time series analysis can be done. Then, macro-economic variables can be included 
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to estimate their effect on developments in house prices. Such an analysis has not been done 

before for the Netherlands. Also, the role of macro-economic variables as interaction terms in the 

five constructed (static) models should be further researched. Finally, demographic trends can 

be included in time series analysis.  
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1 
INTRODUCTION AND PROBLEM DEFINITION 

 

    Valuation of houses is needed for many reasons, including fairness opinions, investment analy-

sis, capital budgeting, and determination of taxes. This should give a clear and realistic under-

standing of value. However, with regard to the valuation of the Dutch housing market, which is 

a collection of all individual houses in the Netherlands, opinions differ. According to Xu-Doeve 

(2010)1, the market is vastly overvalued, which leads to an unhealthy and unstable market. The 

International Monetary Fund (2010), on the other hand, views the Dutch housing market as 

fundamentally healthy, stable, and sustainable. From these opinions, it is clear that there is a 

difference in opinions with respect to the “healthiness” of the Dutch housing market. Several 

reasons may (partly) lead to such opposite views. 

                                                           
1
 Senior Partner of ANRC Consulting, elected member: International Statistical Institute, International Union for the 

Scientific Study of Population, Irving Fisher Committee on Central Bank Statistics, International Association for 

Official Statistics and founding member of the International Global Research Association Moscow 
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    First, there are different interpretations of “value”. Lotze (in: Brown, 1984) developed a gen-

eral theory of value2 in the 19th century, in which he described the essence of value in a wide 

range of settings where evaluation takes place. In every setting, the word “value” has another 

meaning because value can incorporate many (related) fields, including:  economics, politics, and 

social sciences. Because individuals or organizations may assign a different value or worthiness to 

things, valuation is highly subjective. With regard to the Dutch housing market, different esti-

mates for “value” are used, such as WOZ-value3 (for tax purposes), market value (what the 

market would pay), willingness-to-pay (per individual), liquidation value, investment value, and 

several non-economic proxies such as aesthetic and historical value.   

    Second, there are different metrics that all aim to estimate the same type of value in an 

objective manner. Several indices of the Dutch housing market derive a value of an individual 

house, based on transactions or appraisals of houses in the Netherlands. The Prĳs Bestaande 

Koopwoningen (PBK) index4 is derived by Centraal Bureau voor de Statistiek (CBS)5 in collabo-

ration with Kadaster6 (van der Molen, 2012). The PBK index estimates a house price by correct-

ing the historical transaction price with annual percentages, which reflect growing, or declining 

trends in the transaction prices of all comparable houses in the Netherlands (nation-wide), a 

region (North, East, South or West) or a province, depending on the chosen geographical 

                                                           
2
 A theory that includes all types of human values in a systematic and scientific way. For more information, see: 

Hart (1971) and Brown (1984).  

3
 The annual determined value of a property by the municipality. It forms the basis for calculations of municipal 

taxes such as property and income tax. 

4
 Index based on the prices of houses sold in a given year compared to other years. 

5
 In the Netherlands, the CBS gathers, revises and publishes reliable statistical information for governments, 

science and organizations.  

6
 The Dutch Land Registry, which holds a public, available register of real properties and the underlying rights per 

property (e.g. ownership and mortgage).  
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boundaries. The Nederlandse Vereniging van Makelaars (NVM)7 uses a median price index to 

derive a value for every housing type in the Netherlands. This means that every year all transac-

tions are ranked by categories and the middle figure represents the median transaction price. 

The growth or decline between median prices of housing types can be calculated over a desired 

time span, followed by updating the historical transaction price of a housing type to current 

practices. CALCASA8 progressed on the indices of CBS, Kadaster and NVM by developing an 

Automated Valuation Model (AVM) at the end of the nineties (CALCASA, 2012). Because the 

model is automated, it can be used to quickly derive the market value of individual houses and 

portfolios of houses, which led to the increasing popularity of the model amongst banks and 

investors. The AVM compares owner-occupied houses, based on spatial and object characteris-

tics (CALCASA, 2012). Then it derives a market value.  

    Third, stemming from the fact that there are different interpretations as well as different 

metrics to estimate value, definitions of proxies for value are unclear. The discussed indices 

derive a “market value” based on the monetary worthiness of a house. The historical transaction 

price or a historical appraisal is often used as a proxy for worthiness. What contributes to “mar-

ket value” and which market value definition has been used, leads to different outcomes. 

    Fourth, even when definitions are clear and all metrics measure the same type of value, giving 

insight into relevant attributes that drive prices (economic dimension) of individual houses in 

the Netherlands seems to be difficult because information is available but scattered or held 

privately among various organizations. An example is the AVM of CALCASA, where it remains 

unobservable how influential the spatial and object characteristics are for price. Some foreign 

                                                           
7
 The Dutch Association of Real Estate Brokers and Real Estate Experts, with a core focus on housing, business 

(commercial real estate), and agricultural & rural premises.  

8
 CALCASA is Spanish for “calculation of the house”. The company is specialized in data collection, quantitative 

research, software development and building statistical models. It has a mission to give insight into the value and 

characteristics of all houses in the Netherlands so that risks can be managed more effectively.  
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indices do show this transparency, in their country, by including attributes that partly explain 

price. An example is the Halifax House Price Index in the United Kingdom that uses purchase 

price, location, housing type, age, tenure (freehold or leasehold), number of rooms, number of 

separate toilets, type of central heating, number of garages, presence of garden, land area, and 

road charge liability as indicators for the current market price (Halifax, 2012). Another example 

is the house price index of Malaysia that also takes into account national trends such as the 

unemployment rate, total loans to housing, and per capita income (Keng, 1997).  

    Fifth, besides the current setting in which valuation takes place, there are macro-economic 

 trends that affect several markets, which may include the housing market in the Netherlands. 

According to the Organisation for Economic Co-operation and Development (OECD, 2005), the 

annual increase or decrease in the average house price in the Netherlands, compared to the 

previous year, moves in a synchronized pattern compared to other European countries. From 

this, it could be concluded that international trends, at least partly, explain price movements. 

These trends affect the whole housing market and are, therefore, on a bigger scale than trends 

that affect submarkets such as a decline in the number of large detached houses due to aging of 

the population in a country. Internationalization and globalization increase the importance of 

macro-economic trends, and as a result, they should be acknowledged by appraisers of houses. 

Currently, relevant macro-economic trends are not considered by appraisers due to the fact that 

they are hard to predict, but the financial crisis of 2008 that has led to a 2008-2012 global reces-

sion with declining consumer wealth, a downturn in economic activity and a contribution to the 

European sovereign-debt crisis has proved its importance for housing prices. Parties such as 

banks have, compared to appraisers, a more general market-view and do use macro-economic 

predictors and this leads to an inconsistency amongst those interested in valuation of houses.  

    Finally, it is difficult to predict the value of individual houses in the Netherlands because of 

several local, regional, and national uncertainties. These uncertainties add risk to predictions 
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and lead to a range of possible values instead of a point estimate.  The further into the future 

predictions are made, the wider the range of possible values. From these ranges, different conclu-

sions regarding the Dutch housing market might be reached.  

 

1.1 Research Objectives and Problem Definition 

    Difficulties in appraising houses in the Netherlands lead to uncertainties regarding economic, 

financial and social stability9 in the Netherlands (Xu-Doeve, 2010). To address these vulnerabili-

ties, this master thesis aims to give insight into the relevant spatial10 and housing characteristics 

that affect “value” on an aggregate scale (the Netherlands), and to give more insight into macro-

economic trends that might be relevant for valuation of houses in the Netherlands, so that their 

increasing importance is not ignored. The following problem definition and sub-questions assist 

in reaching these objectives: 

What are the statistically and economically significant housing and spatial charac-

teristics that determine the value of owner-occupied houses in the Netherlands and 

which macro-economic trends may affect this value? 

� How should “value” of owner-occupied houses be defined in the Netherlands? 

- Is there a quantitative difference between listing and transaction price? 

� Which values with respect to owner-occupied housing are used in practice?  

� What method(s) could be used to determine values of owner-occupied houses? 

                                                           
9
 Xu-Doeve (2010) mentions social stability because for households, a home is an economic necessity, an expensive 

durable consumer good and a store of accumulated wealth, where uncertainties have an impact on a household 

life-cycle perspective. 

10
 According to Herath and Maier (2010), spatial characteristics include social (e.g. crime), environmental (e.g. air 

pollution), infrastructural (e.g. parks), and other factors (e.g. proximity to the central business district).   
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� Which housing and spatial characteristics are potentially relevant for explaining market 

values of owner-occupied houses in the Netherlands? 

� Which housing and spatial characteristics of the Dutch owner-occupied housing market 

are statistically and economically significant in explaining value? 

- Does locational information affect model performance?   

� Which macro-economic trends may affect the valuation of houses in the Netherlands? 

 

1.2 Relevance 

    Relevance can be subdivided into theoretical (see subsection 1.2.1) and practical (see subsec-

tion 1.2.2) relevance.  

 

1.2.1 Theoretical and Scientific Relevance 

    The results of this master thesis will yield insight into the relevant factors of the economic 

dimension of value of houses in the Netherlands. Supportive to these results is a clear definition 

of the type of value with regard to housing that will be analyzed, an explanation how this value 

will be measured and the role that macro-economic dimensions may have on value. By doing so, 

this master thesis is special in terms that such a value decomposition has probably not been 

done before with a large sample of houses from the Dutch owner-occupied housing market.  

There exist local studies in the Netherlands that decompose housing value in its characteristics, 

such as in the surroundings of Amsterdam airport (Dekkers and Van der Straaten, 2009; Morrell 

and Lu, 2000), Midden-Delfland (Cotteleer and Peerlings, 2010), and Amsterdam (Gautier et al., 

2009), but a national view is missing. 
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1.2.2 Practical Relevance 

    In practice, values of houses are relevant for different stakeholders. Buyers and sellers base 

their negotiations on the market value. For them, housing property constitutes nearly all of 

their non-pension assets (Venti and Wise, 1991). Also, lenders base their mortgage loan amounts 

on the market value, local governments raise revenues through taxing based on market value, 

insurance companies settle claims based on a derivative of the market value, and market values 

are often required in legal proceedings (e.g.  dividing property as a result of a divorce). Investors 

can use it to find undervalued houses, which they can then buy and reposition on the market to 

exploit an undervaluation (e.g. foreclosures). Dutch housing associations can use market values 

to price their rental dwellings when the law draft “Kooprecht voor huurder corporatiewoning”11 

might be approved by the Council of State. Also, all stakeholders are interested in future values 

of houses, which can be estimated from past market values. As a result, the transparency of the 

Dutch housing market could be increased with a model that gives insight into the relevant 

attributes of housing value.  

 

1.3 Procedure: literature study and research method 

    A literature review will be done to answer several sub-questions. An overview of the Dutch 

housing market in relation to other markets brings all other chapters into perspective (chapter 

2). Then, a clear definition of value is needed that can be used for valuation models of houses in 

the Netherlands (chapter 3). Value has many dimensions and may be hard to measure. There-

fore, a clear description of value measurement techniques and similar studies that use the chosen 

measurement technique is given (chapter 4). To give insight into potentially relevant housing 

                                                           
11

 In this draft, tenants should get the opportunity to buy their rental premise from the housing association against 

the current market value (Rijksoverheid, 2011). 
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and spatial attributes that may affect value, an analysis of selected and similar country-wide, 

district, and city models will be done. Based on the results from this analysis, data will be 

collected and selected in accordance. The definition, reliability, and validity of data is crucial. 

Therefore, a clear description of the dataset in terms of reliability and validity is needed in 

which variables are operationalized (chapter 5). It is, hypothetically, assumed that housing and 

spatial attributes directly influence value and that there may be interaction variables, such as 

macro-economic variables (see figure 1). From the operationalized dataset, meta-analysis pro-

vides insight into whether locational information has value and a final model can be developed 

in accordance (chapter 6).  

 

 

 

 

 

 

Figure 1: Hypothetical conceptual model 

 

    Macro-economic variables are growing in importance. Therefore, to correctly value houses, it 

is essential that an appraiser is aware of these trends (chapter 7). Finally, there will be an over-

all conclusion on the definition of value, modeling practices and macro-economic trends, before 

recommendations for further research will be given (chapter 8). Overall, this master thesis aims 

to give an appropriate overview to understand valuation of houses in the Dutch owner-occupied 

housing market. Readers that are not interested in the underlying theory, but only in the results, 

could start with reading chapter 6, followed by chapter 7 and 8 (see figure 2). 

 

 

Housing attributes 
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1.4 DataQuote 

    This master thesis will be written in collaboration with DataQuote. DataQuote was founded 

in 2009 by Ing. Luke Liplijn. Its mission is to be an international supplier of quality real estate 

data and research and to make real estate markets more transparent. Strategies to achieve this 

mission are collecting real estate data from several sources, structuring and linking data, quality 

and verification procedures and expanding to other European markets. Clients are banks, inves-

tors, brokers, developers, real estate managers, architects, governments, lawyers and universities. 

As of August 1, 2013, DataQuote has been fully acquired by Sandd. Sandd has a strategic ra-

tionale to improve its marketing business, an area in which DataQuote developed itself since its 

foundation.  

     

CH1: Introduction and Problem Definition 

CH3: Defining and Recognizing Value 

CH5: Dataset Analysis and Optimization 

CH6: Model Development and Results 

CH7: Macro-economic Variables 

CH8: Conclusion and Recommendations 

CH4: Measuring Value and Comparable Studies 

CH2: Context of the Dutch Housing Market  

Figure 2: Chapter overview 
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   2 
CONTEXT OF THE DUTCH HOUSING MARKET 

 

    To address the issues with regard to valuation practices in the introduction (chapter 1), the 

context of the Dutch housing market should be clear. This is the topic of this chapter. Several 

definitions of “market” can be found in studies of the earliest economists (e.g. Cournot, 1838 and 

Marshall, 1920). A common conception of the term market relates to a place where exchange of 

goods and services takes place. This is congruent with the Latin word “mercatus”, meaning trade 

or gathering for the purpose of commerce. More recent definitions also include terms relating to 

the outcome of the trade (i.e. prices or quantities). One such a recent definition stems from 

Louwes (2012), in which market is described as “the place where supply and demand meet and 

where, through the mechanism of free competition between market operatives, there emerges a 

balanced price, which allows the individual planning of consumption and production budgets to be 

brought into line with each other and permits the economic process to be carried on in an orderly 

way”. With regard to the Dutch housing market, the market is bounded geographically by na-

tional borders and houses are the “products” offered in this market. There are various factors 

that influence the demand for housing, which ideally explain total supply. However, this does not 
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have to mean that there will always emerge a balanced price because overly simplistic assump-

tions may not hold. 

    The remainder of this chapter restricts the scope of this master thesis, by going from general 

real estate markets to the Dutch owner-occupied housing market. This section is organized as 

follows: section 2.1 discusses why real estate markets are different from other markets. Section 

2.2 discusses differences between housing markets and other real estate markets. Section 2.3 

describes the institutional setting of the Dutch housing market in relation to foreign housing 

markets. Section 2.4 explains why neoclassical theory of supply and demand fails when applying 

its concepts to the Dutch housing market. The section then acknowledges relevant trends that 

partially influence demand, which in theory, (partially) determine supply. Section 2.5 concludes 

by linking all other sections and explaining the Dutch housing market as a search market12.  

 

2.1 Real Estate Markets Versus Other Markets 

    Following several definitions of a market (e.g. Louwes, 2012), many markets are analyzed by 

the extent to which they are characterized by perfect and free competition (Lipczynski et al., 

2009). If a market meets all the criteria of perfect competition, then supply and demand analysis 

can fully show and predict the optimal quantity offered and the price level (Prüfer, 2011 and 

Lipczynski et al., 2009). On the other hand, if the market does not meet all of the criteria, then 

it is characterized by imperfect competition and supply and demand functions are not the only 

predictors of the optimal output and price. The criteria to meet perfect competition are:  infinite 

buyers and sellers, perfect information, homogenous products, profit maximization, zero entry 

and exit barriers and persons (or firms) that can sell as much as they want at the current mar-

                                                           
12

 De Wit et al. (2010) defines a search market as ‘’a market where prices fail to clear the market at every instant 

and fluctuations in the number of sales primarily reflect changes in time-on-the-market rather than in underlying 

fundamentals of supply and demand theory’’. 
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ket price (Lipczynski et al., 2009). Real estate markets do not meet the criteria. First, there may 

be limited transactions in a certain area, so buyers and sellers may have a fairly large impact on 

the average market price in that area. On a more aggregate scale (e.g. national), a fairer market 

price may be derived, based on more transactions. Second, according to Kosić (2008), perfect 

and complete information of real estate markets is hard to obtain because transactions are 

confidential, decentralized and difficult to examine. As a result, market participants contact real 

estate professionals and experts to get more information before making a decision (Kosić, 2008 

and Lusht, 2001). Third, every real estate object is unique in terms of location, building and 

financing (Hitchcock, 1978 and Fallis, 1985) which leads to heterogeneity in the stock of real 

estate. This heterogeneity makes it harder to compare real estate objects. Fourth, firms and 

persons do not necessarily have to act independently of each other and they also do not have to 

maximize profits. An example that supports this view includes Dutch housing associations that 

have a strategy to provide affordable housing with a price that is dependent on the income of a 

household. Fifth, there are several entry and exit barriers that exist, such as regulations on a 

national and local level and monetary and fiscal policies (Kosić, 2008). Also, a direct investment 

in real estate demands a large amount of money in comparison with other investments.  As a 

result, investors cannot diversify easily within real estate, which leads to significant entry barri-

ers. At last, investments in real estate are illiquid, meaning that a property cannot be sold 

instantaneously at a fair market price. According to Hitchcock (1978), real estate markets are 

subject to long time delays, which affect both supply and demand. 

    To make the importance of real estate in countries in relation to their economies visible, a 

basis for comparison is needed. The components of the Gross Domestic Product (GDP) can give 

valuable insight into the economy’s driving forces. The European Commission (2011) describes 

GDP as: “the sum of total consumption, investment, government spending and net exports”. The 

U.S. Department of Commerce, Bureau of Economic Analysis (2011) gives a breakdown of the 



15 

 

United States GDP by industry. The percentage real estate, rental and leasing of the total Unit-

ed States’ GDP remained remarkably stable in the past 8 years and was 12.2% during 2010. 

Statistics from the Organisation for Economic Co-operation and Development (OECD) confirm 

this figure. Furthermore, 2010 data from OECD (2011) concludes that 9.63% of total GDP in 

the European Union (12.36% in the Netherlands), 3.13% in Japan, and 2.25% in India should be 

contributed to real estate, rental, and leasing. Little information is known from China. There are 

only rough estimations, with many missing values. However, the National Bureau of Statistics in 

China (2012) announced the nation’s total GDP and contributions per sector. Using this infor-

mation, the percentage of GDP that should be contributed to real estate, rental, and leasing is 

calculated to be 13.09%. 

    To summarize, there are considerable inefficiencies in real estate markets. This view of imper-

fect real estate markets is adopted by many researchers (e.g. Cowles and Jones, 1937, Beechey et 

al., 2000, Burton, 1996, Fama, 1965 and 1970, Holbrook, 1960, Khan and Arshad, 1986, Samuel-

son, 1965). These imperfections come from, amongst others, heterogeneous objects, information 

asymmetries, and infrequent trading. This in turn, could lead to difficulties in estimating market 

values, which leads to inefficient and unexplainable transactions. This makes deriving a fair 

value challenging, which is an issue because, when analyzing real estate as a part of GDP, it is 

clear that real estate is the third largest asset class besides stocks and bonds so inefficiencies 

could lead to instability.  

 

2.2 Housing Markets Versus Other Real Estate Markets 

    According to Walker (1998) and Kahn (2000), the “products” in market definitions can be 

best described for housing markets as “buildings or structures that have the ability to be occupied 

for habitation”. Housing markets can be local, national or global; depending on the research (e.g. 

specific versus more aggregate). The housing market is globally the biggest real estate submarket 
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in terms of market share, size, and number of annual transactions (Lindqvist, 2011). Part of 

these results can be backed by analyzing the fraction of GDP that is explained by residential 

real estate. The European Union has the third largest GDP (after Asia Pacific and the NAFTA 

region), which is $15.39 trillion (CIA, 2011). The three main contributors, following the results 

of the Central Intelligence Agency (2011), are Germany ($3.09 trillion), the United Kingdom 

($2.25 trillion), and France ($2.21 trillion). Compared with the NAFTA region, the contribution 

to GDP in the European Union is much more scattered among the member countries.  After 

Italy, Spain and Poland, The Netherlands follows with a GDP of $0.71 trillion. Following the 

breakdown of GDP, the monetary amount of the triad’s GDP invested in real estate totals $5.03 

trillion (The Netherlands: $87 billion). However, it is unclear which fraction of this $5.03 trillion 

comes from residential real estate. One study by Dobbs et al. (2010) conclude that the desired 

global investment in residential real estate should be $2.4 trillion, which makes the residential 

real estate submarket the largest contributor to total real estate with a share of 48%.  

    Because of the relatively large number of annual transactions, the housing market is the most 

transparent real estate market (Brounen, 2011). According to Cannon et al. (2006), the trans-

parency and the large number of annual transactions lead to a reduction in total risk. This 

reduction in risk also leads to a lower return for investors in houses, making the housing market 

the least risky but also the submarket with the lowest expected return. Contrary to other real 

estate submarkets, houses do not necessarily have to be investment objects. They have the 

function to provide space for living and, as a result, serve as consumption goods (Lindqvist, 

2011). For most typical households, purchasing a home is the most prominent investment deci-

sion they make in their lives (Verbruggen et al., 2005).  

    Another major difference between housing markets and other real estate markets is that the 

demand for housing is directly determined by demographic forces, such as an increase or de-
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crease, age. and composition of the population (Smith et al., 1984), which (indirectly) affects 

GDP.  

 

2.3 Dutch Housing Market  

    Lindqvist (2011) argues that housing markets (which are interwoven into the building market, 

the market for ground, and the financial market) undergo rapid changes. Tiwari and White 

(2010) observe a significant global economic integration over the past 60 years and the emer-

gence of an international housing market during the last two decades. They explain that globali-

zation in the transaction market for houses, involves internationalization in investments (finan-

cial markets) as well as internationalization of real estate companies and services. However, 

Lindqvist (2011) also mentions that there are large differences between housing markets with an 

increasing or decreasing population. Currently, several differences exist between the Dutch hous-

ing market and foreign housing markets. In the context of housing markets, a distinction should 

been made between the owner-occupied and rental sector. A short history of the Dutch housing 

market after the Second World War (because data from before is limited) is inevitable, before 

describing how the owner-occupier sector has been shaped by government policies (notably 

taxation), and how the rental sector has been shaped by institutional factors such as spatial 

planning and social housing. Their interdependencies will become clear throughout this section. 

Within this master thesis, a comprehensive and in-depth comparison between different national 

housing markets surpasses its scope13. Section 7.1 and 7.2 compare the macro-economic dimen-

sions that affect housing markets in different countries. This connection is made because housing 

markets are closely linked with the building market, the market for ground, and financial mar-

kets (see: KWZB, 2013 and Commissie Parlementair onderzoek Huizenprijzen, 2013).   

                                                           
13

 This involves comparison of demographic, economic, social, technological, ecological and political factors. A 

comparison between European countries and North America is given by Holmans, 1994 and by Musso et al., 2011. 
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2.3.1 History of Housing in the Netherlands after WWII 

    Right after the Second World War, the spatial planning policy was set to building dwellings 

as rapidly as possible (Haffner et al., 2009 and Dieleman and Hooimeijer, 2005). Especially 

social rented dwellings were built, partially financed by bricks-and-mortar subsidies from the 

central government (Haffner et al., 2009). According to Xu-Doeve (2010), the policy in the 1960s 

changed from reconstruction and high density expansion to clustered de-concentration, where 

residential and industrial functions were separated. Compared to the period right after the 

Second World War, this was a move towards more sustainable neighborhoods with a higher 

quality of living. The period between 1945 and 1970 is characterized by central government 

dominance in the provision of housing (Dieleman and Hooimeijer, 2005). In addition, this period 

also had an increasing process of decentralization (Flynn, 1986). Lower level governments and 

parties, such as municipalities and housing associations, became increasingly responsible for the 

regional and local housing task. According to Haffner et al. (2009), this has led to the cuts in 

subsidies at the end of the 1970s. Following the economic decline because of the 1973 oil crisis, 

the owner-occupied market collapsed in 1978 (Hellema et al., 1998 and Haffner et al., 2009). 

This has led to a substantial production of rental dwellings, but during the second half of the 

1980s, economic recovery led to an increasing development of owner-occupied dwellings (Haffner 

et al., 2009). In 1989, efficiency and deregulation were topics addressed by the Minister of Hous-

ing Mr. E. Heerma, where he pleaded for a greater influence of market forces and a more effec-

tive housing market during the 1990s (VROM, 1989). In 1992, deregulation and decentralization 

started with replacing existing subsidies by the Besluit Woninggebonden Subsidies14 (Haffner et 

al., 2009). In 1993, municipalities were granted more responsibility in assessing the performance 

                                                           
14

 A decree in which the central government pooled the brick-and-mortar subsidies and left it to the municipalities 

to decide which dwellings would receive part of these subsidies. 
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of housing associations through the Besluit Beheer Sociale Huursector15 (Gruis and Nieboer, 

2006). According to Boelhouwer (2003) and Haffner et al. (2009), the Grossing and Balancing 

Act of 1995 led to the ending of the financial tie between the central government and housing 

associations because the central government paid off its long-standing subsidy commitments, 

while simultaneously housing associations paid back on their outstanding loans (balancing). 

Through decentralization and deregulation, the Dutch housing market should be more influenced 

by the market mechanism, making it more transparent and efficient. Haffner et al. (2009) and 

Aedes (2007) mention that since the Balancing and Grossing operation, operational risks are 

contributed to housing associations rather than the government. During 1995, the Dutch central 

government entered building agreements to add 650,000 dwellings between 1995 and 2004 

(Haffner et al., 2009). These agreements should reduce the shortage, which still remained after 

the Second World War, and they have led to a maximum of 30% of this shortage in the form of 

social rental dwellings. In 2005, Ms. Dekker announced to further limit the shortage to 1.5% 

before the year 2009, meaning a development of 420,000 new dwellings (Haffner et al., 2009). 

Annual production targets were not reached according to Haffner et al. (2009). A cause of this is 

the financial crisis, starting in 2007, making the economy as a whole unstable and riskier. The 

impact of this crisis still lasts and Haffner et al. (2009) expects that housing policy for the near 

future will mainly focus on the quality of existing dwellings instead of developing new dwellings. 

 

2.3.2 Dutch Owner-Occupied Housing Sector 

    In contrast to most foreign owner-occupied housing sectors, Dutch homeowners do not have 

to make a minimum down payment when buying a house (Dröes, 2011). In his research, Dröes 

(2011) mentions that the average ratio of mortgage loan to value, in the Netherlands, is 90% at 
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 A decree that described the relationship between local governments and housing associations. 
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the time of purchase, and can be as high as 115% in extreme cases. This average figure is the 

highest in the world when compared to foreign owner-occupied housing sectors (Dröes, 2011). 

This high average loan-to-value ratio in the Netherlands means that down-payment constraints 

do not have to be binding for homeowners. This is indeed the case because mortgage qualifica-

tion is mainly based on the household income (Dröes, 2011).  

    Another difference between the Dutch owner-occupied sector and other owner-occupied sec-

tors is that transaction costs can be financed by the mortgage, and that mortgage interest pay-

ments are tax deductible (Dröes, 2011). Dröes (2011) states that, since 2004, mortgage rents are 

fully tax deductible if the net housing equity after selling the house is used to buy a new proper-

ty. He mentions that the Dutch government stimulates the demand for owner-occupied housing 

through deductibility of mortgage rents and that this has led to over-consumption of owner-

occupied housing. However, the Dutch government regulates the use of land, which results in a 

scarcer supply of owner-occupied housing. According to Rouwendal and Van der Straaten 

(2008), these zoning regulations indicate the purpose of the Dutch government to preserve open 

space. Furthermore, tax deductibility of mortgage rents has been subject of governmental debate 

since 1893, when minister of Finance N. Pierson passed the law “Wet op de Ver-

mogensbelasting”16 through the House of Representatives (Kromhout and Oving, 2008). After the 

Second World War, owner-occupied housing was stimulated by the Dutch government (i.e. Na-

tionale Hypotheek Garantie in 195617 and Wet Bevordering Eigenwoningbezit in 201118). The 

Dutch government believed that home ownership led to increased livability in the direct vicinity 
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 A law that states that a direct tax should be levied on capital, independent of how the capital is earned. 

17
 Guarantee in which the Dutch central government backs the amortization of a mortgage when owners could not 

pay due to unforeseen circumstances. 

18
 A law that states that people with less income and who are willing to buy a house, are entitled to the possibility 

to get a subsidy.  
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and that it could act as an example for those who rented (Kromhout and Oving, 2008). With 

stimulating home ownership, the Dutch central government missed more and more money due to 

mortgage interest deductibility. Research showed that the richest Dutch people profited the most 

from this fiscal advantage, which is why the second Cabinet-Kok discarded the mortgage interest 

deductibility from taxes for a second home and limited mortgage interest deductibility to 30 

years in 2000 (Kromhout and Oving, 2008). Current debates led to stricter rules for mortgage 

interest deductibility, effective on the 1st of January 2013. Resulting is a limiting in mortgage 

interest deductibility with 0.5% per annum, starting in 2014, to a maximum deductibility of 

38%, compared with 52% in 2013 and 2014 (ABN AMRO, 2013). Current debates limit mort-

gage interest deductibility, which is in contrast with the view as it was intended. Since 2000, 

there is an increasingly weakened stimulation of home ownership by the Dutch central govern-

ment. Also, by setting limits on mortgage interest deductibility, home ownership becomes less 

attractive, which may lead to a flight to the rental-sector. According to Vandevyvere and 

Zenthöfer (2012), the mortgage interest deductibility artificially raises house prices and dispro-

portionately favors high-income taxpayers. The standpoint of the central government is contra-

dictory to stimulating home ownership, which it did for more than 50 years.  

    Dröes (2011) also mentions that relatively high transaction costs (e.g. transfer taxation) 

prevent people to move. This relationship is demonstrated by Van Ommeren and Van Leu-

vensteijn (2005), which concluded that a 1% reduction in transaction costs increased the number 

of house moves by 8%. The prevention of people to move could lead to inappropriate housing for 

certain households, based on their lifestyle and income.   

    Finally, several types of mortgages are used throughout the world. One of the most common 

is the no pay-off mortgage, which is an interest-only mortgage (Dröes, 2011). Interest has to be 

paid on specific time intervals, but the initial amount (principal) is repaid entirely at maturity of 

the loan. This is also the case in the Netherlands where most of the mortgages have a fixed 
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interest rate (De Vries, 2010). In addition, sub-prime mortgages19 are rare in the Netherlands, 

particularly because the GHF restricts discriminating between persons (NVB, 2011 and Dröes, 

2011).  

 

2.3.3 Dutch Rental Sector 

    In the Netherlands, more than 41% of the total housing stock belongs to the rental sector 

(Haffner et al., 2011). This is a record share within the European Union. This is the outcome of 

repeated intervention of the government since the 1901 Housing Act. Haffner et al. (2009) states 

that rental dwellings can belong to two categories: commercial and non-profit rental dwellings, 

also called the market and social sector. According to Elsinga et al. (2007), both sectors have 

dwellings with regulated and deregulated rents.  Haffner et al. (2009) states that about 95% of 

the social and market sector stock of housing is regulated. According to Vandevyvere and 

Zenthöfer (2012), this is 93%, which translates into 2,7 million dwellings. Rents are regulated 

because the Dutch government has a policy to provide affordable housing to households (Dröes, 

2011). According to Vandevyvere and Zenthöfer (2012), rent regulation is based on three ele-

ments: maximum rent level (depending on quality of dwelling and surrounding area), annual rent 

adjustments that are capped by the government (linked to inflation) and tenant protection 

(subsidies). The result is that regulated rents are often lower than market rents (Romijn and 

Besseling, 2008). Rent regulation has become increasingly a topic of debate because many be-

lieve that this is an essential condition to reform the housing market as it is now (Vandevyvere 

and Zenthöfer, 2012). This can be done through various policy spectrums, including eliminating 

the point system. In total, 15% of social and private tenants receive subsidies for rents, which is 
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the third highest amongst all OECD20 countries. Another result, and a potential disadvantage 

for housing associations, is that many households rent or are able to rent a house for a price 

that is often too low in relation to their income (Dröes, 2011). Together with no transaction 

costs, renters move houses more easily than owners, which lead to long waiting lists in this 

sector. Haffner et al. (2009) provides evidence that the mobility in the social rental sector versus 

the owner-occupied sector is 7% versus 4.5%.  

    In relation to other countries, housing associations in the Netherlands play a crucial role 

because they own substantial shares in the supply of social housing. This is because of decentral-

ization, deregulation and the Balancing and Grossing act. However, current policy proposals to 

liberalize rents are linked to reformation of social housing associations because they would col-

lect more equity as rents move towards market levels (Vandevyvere and Zenthöfer, 2012). This 

(extra) equity then cannot be used to lower rents to increase affordability because this is in 

contradiction to liberalizing rents. This extra equity could lead to mismanagement of housing 

associations as has been seen in recent and multiple cases. Therefore, some argue for collecting 

equity of housing associations in a separate fund, which is under government supervision so that 

it is aligned with the public interest (Vandevyvere and Zenthöfer, 2012).  

 

2.4 Neoclassical Theory Applied to the Dutch Housing Market 

    Neoclassical theory of demand and supply and derivations from this theory, to make it ap-

plicable to real estate markets (e.g. DiPasqualle and Wheaton’s four quadrant model), cannot be 

used to fully explain every real estate transaction. According to Buchanan (2008), reality shows 

that there are “false trades” in each market. He defines a false trade as a transaction at the non-
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equilibrium price21. There are many false trades within the Dutch housing market. Lusht (2001), 

states that appraisals of houses are merely opinions. Whether this statement is true or not, 

transactions on the basis of opinions of appraisers will, most certainly, lead to deviations from 

the equilibrium price which results in many false trades and an inefficient market. Other re-

searchers (e.g. Mills, 1998), state that these false trades are the direct result of the following 

housing characteristics: necessity (basic human need to shelter), importance (housing is the 

single most important item of consumption), durability (housing is the most durable commodi-

ty), spatial fixity (fixed in place), indivisibility (a house cannot be divided), complexity and 

multi-dimensional heterogeneity (all the attributes of housing), informational asymmetry (not 

everyone has perfect information), and the importance of transaction costs (search costs, moving 

costs and transaction fees). In addition to false trades, there are boom and bust cycles in devel-

oped housing markets (Tomura, 2013), which are fueled by macroeconomic variables (see section 

7.1 and 7.2). These boom and bust cycles directly affect house prices in the short term and may 

indirectly affect demand and supply in the long run (e.g.:  a crisis directly decreases the prices of 

all houses and indirectly may lead to an increased demand for cheaper houses because the crisis 

may have led to unemployment, and because of that, less income to spend on housing). The 

result of boom and bust cycles on supply and demand is lagged and this introduces a time 

effect.   

    An extension of neoclassical theory of supply and demand is search theory. With regard to 

search theory, Lazear (1986) mentions that the price of a heterogeneous good depends on infor-

mation that the seller has about interested buyers. This price can then be adjusted in time 

based on new information, which he refers to as a learning effect. Although his conclusion is 

based on the retail market, housing is also heterogeneous, but less than the retail market. Herrin 

                                                           
21

 The price on the point where the demand function intersects the supply function 



25 

 

et al. (2004) mentions that search theory assumes that the learning period is there to match 

sellers and buyers. Herrin et al. (2004), Glower et al. (1998) and Knight (2002) also refer to 

housing markets as “excellent” examples of cases where search theory holds. A “fair” price devel-

ops throughout time, once the seller learns what the house is really worth in the market.  

    Assuming search theory as an extension or modification of neoclassical theory of demand and 

supply, which is applicable to housing, insight into demand and supply functions of housing in 

the Netherlands is needed. It is hard to derive the supply and demand functions for housing in 

the Netherlands, because it involves several (interrelated) factors, including demographic, eco-

nomic, social, technological, ecological, and political variables. A comprehensive and in-depth 

analysis of all of these variables surpasses the scope of this master thesis22 because demand and 

supply theory cannot be used to fully explain transactions in real estate (there are false trades). 

However, this does not mean that it is completely useless, which is why some demographic and 

economic factors will be discussed because they have a direct influence on demand and price as 

opposed to the other factors. Supply of housing is often determined on the basis of demand 

(Lipczynski, 2009), but it is also regulated by central, regional and local governments in the 

Netherlands. 

 

2.4.1 Relevant Factors That Partly Explain Demand 

    Considering the demand curve, several factors could influence its steepness. According to 

Mills (1990), the type of housing that a household chooses is sensitive to demographic and eco-

nomic characteristics. Relevant demographic forces include age of the population, growth or 

decline in the population and household characteristics. CBS data reveals an aging population in 

the Netherlands .The average age of people in the Netherlands has increased from 1950 and 
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onwards. The CBS has made forecasts and predicts that this average age will increase until 2040 

(CBS, 2013a). Ceteris paribus, an ageing population could change the demand for certain hous-

ing types (e.g. bungalows or apartments) in comparison to others (e.g. villas), making them 

more attractive amongst elderly. This could lead to an increase in the price of these types of 

housing, especially when (regional) supply reacts slowly. However, housing developers will quick-

ly respond to this scarcity because it becomes more profitable for them if market prices are 

higher while costs stay more or less constant. When supply of these houses increases, they will 

become less scarce, forcing the price to go (slowly) down again. 

    Aging has a direct result on the number of inhabitants in the Netherlands. The total number 

of people in the Netherlands compared to the previous year is based on annual births, deceases, 

immigration, and emigration. Predictions of the CBS Statline (2013a) assume that the annual 

number of deceases wil increase because of the aging population in the Netherlands. In addition, 

the annual number of births will remain “fairly” stable between 176,000 and 190,000 births per 

year for the years 2014 to 2060. Both effects together will lead to a scenario until 2040, in which 

there is a small growth because births overstate deceases and the migration saldo is positive. 

Around 2040, it assumes a slight decrease and stabilization in the population at around 17.7 

million inhabitants. The Dutch government analyzes these expectations, which may lead to 

restrictions in annual supply of houses to protect the housing market against oversupply and 

declining house prices. Under ceteris paribus conditions, demand for houses stabilizes in the 

long-run. Besides an ageing population, and a historical growth in the number of people but 

stabilization in the more distant future, households will change in size and composition. The 

sum of single23 and multiple family24 households is defined as total private households. According 
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to CBS (2013b), private households will continue to rise until stabilization in 2040. In 2040, 

there will be around 8.5 million households. Single family households will increase more and 

longer than multiple family households (CBS, 2013b). Multiple family households of 2, 3, 4, and 

5 or more persons will remain stable (CBS, 2013b). Van Oorschot (2006) concludes that the 

trend of individualization and the ageing population in the Netherlands are the reason for the 

increase in single family households and decrease in multiple family households. Under ceteris 

paribus conditions, changes in household composition will change the demand for certain hous-

ing types, making dwellings for single family households more attractive as opposed to multiple 

family households. Supply (restrictions) could be adjusted to this trend to protect the Dutch 

housing market against a potential devaluation of multiple family houses.  

   Relevant economic forces include purchasing power development, unemployment, and income. 

CBS (2013c) states that purchasing power development25 ranged from 5% (in 2000/2001) to -

0.5% (2009/2010) in comparison to the previous year, over the last 10 years. There are no pre-

dictions of purchasing power development in the future because it is a highly uncertain variable 

that is influenced by many other variables. Mills (2006) shows that the higher the purchasing 

power, the more a household will typically invest in housing. Under ceteris paribus conditions, 

an increasing purchasing power will then lead to a greater attractiveness of more expensive 

dwellings, which could make them more expensive if supply does not change accordingly. There 

is also uncertainty on income characteristics. It is likely that income will increase with at least 

the level of inflation, which is what the CBS assumes (CBS, 2013d). When income rises to 

compromise for overall higher prices, but when house prices stay equal, a higher income can be 

used to purchase (or rent) a more expensive house. Assuming the statement of Mills (2006), and 

the fact that a higher income leads to greater purchasing power, more money will be invested in 
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housing, which makes more expensive housing attractive. Finally, CBS (2013e) states that the 

unemployment rate was fairly stable before 1980 at around 100,000 people. After 1980, the 

unemployment rate became volatile with registered unemployment between 120,000 and 650,000 

(CBS, 2013e). Large periods of unemployment may lead to less income, a move to cheaper hous-

ing or a change from an owner-occupied home to a rental home.  

 

2.4.2 Housing Supply 

    Mills (2006), states that the supply function cannot be determined for the Dutch housing 

market because of government regulations. These regulations are pervasive throughout history 

and lead to inefficiency and an increase in false trades when compared to the price that stems 

from neoclassical supply and demand theory. According to Lipczynski et al. (2009), price elastic-

ity of supply measures the sensitivity of quantity supplied to market price. It follows that an 

increase in price should be associated with a decrease in quantity demanded for the price elastic-

ity of supply to stay constant. Vermeulen and Van Ommeren (2009) state that there is a nega-

tive impact of land use regulations on the price elasticity of housing supply. Vermeulen and 

Rouwendal (2007) back this result by concluding that housing supply in the Netherlands is 

almost fully inelastic; meaning that the price elasticity of supply is less than 1 (quantity sup-

plied is almost not responsive to changes in price). They explain this price inelasticity in terms 

of restrictive planning by the government and rule out alternative explanations. In their research 

of the Dutch housing market, Vermeulen and Van Ommeren (2009) conclude that supply is 

hardly responsive to population or employment growth.  

 

2.5 Sub-conclusion 

    In relation to other markets, the Dutch housing market (interwoven into the building market, 

market for ground, and financial markets) is uniquely positioned. It has an inelastic/imperfect 
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structure, increasing the chance of inefficient and unexplainable transactions (false trades). 

These false trades stem from four reasons. First, perfect and complete information is hard to 

obtain, every house is unique in terms of location, building and financing, firms and individuals 

do not have to act independently and maximize profits, there are several entry and exit barriers, 

and houses are illiquid investments. Second, there has been a strong intervention of the central 

government through spatial planning policy and subsidies since the Housing Act in 1901, pre-

venting the free market mechanism. Through decentralization, deregulation, and the Grossing 

and Balancing Act, central government intervention was limited in time, but regional and local 

governments still have considerable power by setting-out policy objectives and regulations. 

Third, false trades emerge because of necessity, importance, durability, spatial fixity, indivisibil-

ity, complexity and multi-dimension heterogeneity, information asymmetry, and the importance 

of transaction costs of houses. Fourth, several authors argue that appraisals of houses are merely 

opinions. This is a rather strong argument. Search theory provides a basis for understanding the 

emergence of housing prices. However, it is very hard to derive supply and demand curves for 

the entire Dutch housing market. This is because the curves involve many interrelated factors in 

which demographic, economic, and global forces play a crucial role.  

    All in all, it can be concluded that the Dutch housing market comes closer to a search mar-

ket: “a market where prices fail to clear the market at every instant and fluctuations in the 

number of sales primarily reflect changes in time-on-the-market rather than underlying funda-

mentals of supply and demand theory” (De Wit et al., 2010). To address several of the discussed 

issues, a clear definition of value is needed. This is the topic of the next chapter. 
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3 
DEFINING AND RECOGNIZING VALUE 

 

    Now that the context of the Dutch housing market is clear (chapter 2) and that the scope of 

this master thesis is restricted to the owner-occupied housing market, the aforementioned issues 

can be addressed (chapter 1). One of the issues is the lack of a coherent definition of value. 

Philosophers from Plato and onward have put various issues related to value under headings 

such as the good, the right, the ultimate end, obligation, virtue, morality, truth, aesthetics, etc. 

(Frankena, 1967 in: More et al., 1996). Plato believed that all of these came from the same root, 

but over time they were separated and the term “value” was referred to as the worth of a thing 

(More et al., 1996 and Hutter and Throsby, 2008). In the 19th century, philosophers such as 

Lotze and Nietzsche argued for a return to the Platonic tradition, which led to the development 

of a general theory of value (More et al., 1996). Urban (1909) mentioned that: “There has sel-

dom been a time in the history of thought, when the problem of “value” has so occupied the centre 

of attention as at present. Fundamental changes in the actual values of mankind…have brought 

with them what may, without exaggeration, be described as a gradual shifting of the philosophical 

centre of gravity from the problem of knowledge to the problem of values. The problem of 
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knowledge has itself become, in some quarters wholly, in others partially, a problem of value. 

More and more the conviction gains ground that a general theory of value, which shall compre-

hend in a systematic and scientific way all types of human values, is an absolute necessity”. 

According to Frankena (1967), this general theory of value matured during the nineties, but all 

disciplines (e.g. economics, psychology, and humanities) still interpreted value within their own 

structures. Findlay (1970) argued that axiology (the study of value) is in essence problematic 

and a field for everlasting philosophizing.  As a result, each discipline maintained its own meas-

urement techniques and methodologies to estimate value. This leads to confusion in the case 

where value is discussed in an interdisciplinary context (More et al., 1996, Hutter and Throsby, 

2008 and Vigaray and Hota, 2008), such as with the valuation of houses. When people value a 

house, they (mostly) do not only take into account object characteristics, but also information 

about the direct vicinity, such as social influences (e.g. safety, livability). This is in line with 

research of Krause and Bitter (2012), who describe the growing importance of spatial economet-

rics and the acknowledgement of value premiums in the aftermath of the recent boom and bust 

of US real estate. 

    The remainder of this chapter is organized as follows: section 3.1 distinguishes between facts 

and values, and values as subjective or objective. Section 3.2 discusses economic value; the value 

that is estimated most frequently, which tends more towards objectivism. Yet, this value might 

be dependent on other types of value, so section 3.3 describes proxies for value under  

subjectivism that may be relevant for the Dutch housing market. Finally, section 3.4 concludes 

this chapter by acknowledging the relevance of quantitative and more subjective data and by 

choosing the appropriate definition for the dependent variable (“value” of a house). By decom-

posing the general concept of “value” and choosing the value to answer the problem definition, 

measurement of this value is the next step (chapter 4). 
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3.1 Value and its Interpretation 

    Several definitions of value refer to facts. Although a fact is different from a value, both are 

taken into account when making a trade-off (e.g. buy or not buy a house). A clear distinction 

between the two is needed to interpret value (subsection 3.1.1). In addition, when facts are 

separated from values, values can be either objective or subjective, which can blur the initial 

distinction between facts and values (subsection 3.1.2).  

 

3.1.1 Factual and Value Judgment 

    Both, facts and values are important when choosing among houses. According to Nolan 

(1995), factual judgments are “descriptive statements of empirical qualities or relations”. On the 

other hand, he describes value judgments as more evaluative: “appraisals of the worth of objects, 

acts, feelings, and so on”. Hutcheson, Hume and Smith (in: More et al., 1996 and Hutter and 

Throsby, 2008) pointed out that it is impossible to derive ‘’ought’’ statements (values) from “is” 

statements (facts). That means that facts can never fully explain what somebody ought to do. 

On the other hand, Nolan (1995) describes that we cannot separate facts and values completely 

because there is an interaction. If facts change, evaluations often also change, making value 

judgments fact-dependent. This interaction is responsible for the distinction between values as 

objective versus values as subjective.  

 

3.1.2 Values as Objective Versus Values as Subjective 

    Value judgments can be seen as expressions of feelings and desires, which give them subjec-

tive meaning. According to Nolan (1995) and More et al. (1996), objectivism is the most ex-

treme position, which restricts the scope of meaning to the statements that involve reference to 

data that can be verified by sense experience (position that makes nearly anything a fact). 

Objectivism concludes that value judgments either mean something (refer to facts) or nothing at 
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all. Thereby it distinguishes between the act of judging and the thing or situation that is judged 

(Nolan, 1995). To say that an object has value is declaring that it is in some sense good. Howev-

er, Nolan (1995) concluded that what is felt to have value need not be judged to have value 

when the object is evaluated. An evaluation takes place by decomposing the object in sensory 

experiences such as shape, size, color, temperature, and smell. This combination makes value 

judgments fact-dependent. This factual way of thinking is confirmed by many philosophies, 

including that of Plato and Aristotle, medieval realism, neo-Thomism, modern realism, and 

idealism (Nolan, 1995).  

    With regard to economics, neoclassical theory of supply and demand (see section 2.4) was 

constructed conforming an objectivist point of view. Nelson (2008a, 2008b) argues that econo-

mists in the 1960s and 1970s doubted the adequacy of neoclassical theory of supply and demand. 

These theories were insufficient to capture connections with others, traditions and relations of 

power, making them not objective enough (Nelson 1996). Objectivists define economic models as 

an affair that is characterized by a drive for distance and detachment, and where economists are 

autonomous, rational, and interested in “hard” knowledge. According to Keller (1985), objectiv-

ism is a belief in the possibility of connection-free knowledge from a viewpoint that is distant to 

nature, but in reality, scientists are embedded in nature and cannot attain perfect and objective 

information. Nelson (2008a, 2008b) describes that, as a result, subjectivism disputes objectivism 

by acknowledging human interdependence, community, embodiment, emotion, “soft” and qualita-

tive aspects, uncertainty, and value judgments. According to the view of values as subjective, 

value statements only express sentiments or emotions of liking or disliking (Nolan, 1995 and 

More et al., 1996). Something is valuable if it evokes pleasurable feelings and maximizes one’s 

own utility. 

    With respect to valuation of houses, objectivism only takes into account characteristics of the 

target that are objective. Under subjectivism, the target is part of a neighborhood and district, 
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whereby qualitative spatial characteristics are implicitly assumed to have an effect on value. 

Value judgments, such as “safe” and “beautiful” then influence value.  

 

3.2 Defining the Dependent Variable: Economic Value of Houses in the 

Netherlands  

    The dependent variable of interest is the value of a house in its economic dimension. In this 

dimension, value takes the form of a price as monetary worth. While value is a theoretical and 

subjective concept ex-ante, price is a directly observable, ex-post and stated fact in the housing 

market. To derive a fair price, all relevant values (e.g. environmental and aesthetic value) and 

facts should be considered and transferred to the same unit of measurement: currency (price). 

Because the Dutch housing market is a search market, prices cannot be derived on the basis of 

neoclassical theory of supply and demand (see chapter 2). According to Lusht (2001), imperfect 

markets are unlikely to produce perfect estimates of value, which leads to the conclusion that 

there is no general universal agreement on how different economic values must be calculated. 

Many proxies for the value of houses as a monetary worth exist, which are required by different 

persons and organizations. These values are divided into individual values: investment value, use 

value, and insurable value (subsection 3.2.1), but also aggregated values: market value, liquida-

tion value, and assessed value (subsection 3.2.2). Proxies such as book value, intrinsic value, 

going concern value and equilibrium value are considered irrelevant for the Dutch housing mar-

ket as they relate to commercial real estate, real estate investment trusts26 or to concepts that 

have proven not to be verifiable (i.e. equilibrium model). After a description of these types of 

values, quantification is needed between listing and transaction prices (subsection 3.2.3). Listing 

prices may be individualistic in nature (set by one or a few persons) but they may be based on 
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expectations of the market. Transaction prices may be more collective because they are the 

result of negotiations with one or more market participants.  

 

3.2.1 Individualistic Economic Values 

    Individualistic economic values, which are relevant for the Dutch owner-occupied housing 

market, are use value, investment value, and insurable value.  

    Schram (2006) and Munizzo and Musial (2009a, 2009b) argue that use value is the monetary 

worth for an individual when the property is used for a particular purpose. As an example: 

houses in a rural area with large parcels have a higher use value for a farmer than for an indi-

vidual who wants to live in a city with a high density. Schram (2006) states that governments 

sometimes grant property tax reliefs when a property is placed under a certain use (e.g. agricul-

ture) and that there may be no competitive markets (e.g. schools and public buildings). Munizzo 

and Musial (2009a) refer to this as special use property and limited market property. When 

houses are placed under a special use, or when there is a lack of comparable properties, use 

value should be calculated instead of the highest and best value.  

    Schram (2006) and Munizzo and Musial (2009a) argue that investment value is the monetary 

worth of a property to a particular investor depending on individual investment criteria. Indi-

vidual investment values can be measured by the willingness-to-pay of an investor, which is 

estimated from the investor’s earnings, interest, and return characteristics (Hicks, 1946 and 

Fetter, 1937 in: Magni, 2009). However, earnings, interest, and return characteristics may be 

prone to interpretation. From an accountant’s perspective, earnings are increases in assets after 

distributions of dividends to shareholders (if applicable), while from a financial point of view, 

interest is used to compensate the lender (Promislow, 2006 in: Magni, 2009). In capital budget-

ing, return is used, representing the difference between the end-of-period payoff and the initial 

investment (Magni, 2009). Magni (2009) concludes that all of these proxies for investment value 
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are different and that differences stem from its use in different fields such as economics, finance, 

accounting and actuarial and financial mathematics.   

    Lusht (2001) and Schram (2006) mention that insurable value is set by the terms of an insur-

ance policy and refers to the value of a property under reimbursement.  They provide evidence 

that insurable value is often based on the depreciated replacement or reproduction costs of a 

building that is subject to loss from hazards. In the USA, there are precise formulas, constructed 

by the (local) government that should be used to calculate insurable value (Lusht, 2001).  

    Individualistic economic values are very dependent on a particular person. For a particular 

buyer, these values can be estimated to provide that person’s willingness-to-pay. However, this 

value does not give the seller information whether this price is fair. Analyzing this measure 

amongst many buyers provides a range and gives the seller information about what is high and 

low. This leads to collective measures of economic value.   

 

3.2.2 Aggregated Economic Values 

    Most of the literature points out that market value is most often estimated in real estate 

valuations (e.g. Schram, 2006; Karagöl, 2007; Munizzo and Musial, 2009). However, different 

definitions of market value exist. According to Munizzo and Musial (2009), the mechanics of a 

market and the development of a collective measure of value became clear when Adam Smith 

wrote his book “An Inquiry into the nature and Causes of the Wealth of Nations” in 1776. Smith 

distinguishes between value in use and value in exchange, of which the latter became known as 

market value. Karvel and Unger (1991) state that, from an economic point of view, market value 

is the power of commanding commodities in exchange. Brown (1984) and Peterson (1993) also 

define market value broadly as a form of assigned value that helps facilitate choice by establish-

ing a benchmark of one object in relation to others. For a particular object, market value refers 



37 

 

to an average value of one object in relation to others, as assigned by all market participants. 

This makes the concept a “same-for-all” number. Cannon (2002) defines market value as the 

present worth of future benefits that are realized from ownership. Dixon et al. (2005) defines 

market value as: “The estimated amount for which a property should exchange on the date of the 

valuation between a willing buyer and a willing seller in an arm’s length transaction after prop-

erty marketing wherein the parties have each acted knowledgeably, prudently and without compul-

sion”. According to Schram (2006), the transaction is an arm’s length transaction “when buyer 

and seller are motivated, well informed as to the conditions of the market, and the subject prop-

erty, and acting reasonably in their own self-interest, and without undue duress27”. In addition, 

the property must be exposed to the market for a reasonable time period. According to Rockwell 

Publishing (2006), the Federal Housing Administration defines market value as “The price which 

typical buyers would be warranted in paying for the property for long-term use or investment, if 

they were well informed and acted intelligently, voluntarily and without necessity”. More recently, 

market value is defined by federal agencies such as Fannie Mae and Freddie Mac and by the 

Uniform Standards of Professional Appraisal Practice (USPAP) as: “the most probable price 

which a property should bring in a competitive and open market under all conditions requisite to 

a fair sale, the buyer and seller each acting prudently and knowledgeably, and assuming the price 

is not affected by undue stimulus. Implicit in this definition is the consummation of a sale as of 

a specified date and the passing of title from seller to buyer under conditions whereby: (1) the 

buyer and seller are typically motivated; (2) both parties are well informed or well advised, and 

acting in what they consider their best interests; (3) a reasonable time is allowed for exposure in 

the open market; (4) payment is made in terms of cash in United States dollars or in terms of 

financial arrangements comparable thereto; and (5) the price represents the normal consideration 
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for the property sold unaffected by special or creative financing or sales concessions granted by 

anyone associated with the sale”. The most probable price is not the highest price and the prob-

abilistic nature of a deal is acknowledged by stating that market value is the most probable 

price the property should bring (not “will bring”). According to Lusht (2001), the most probable 

price can be calculated as the mode (single most likely outcome) or the expected price (average). 

With respect to a competitive and open market, competitive are those markets that are in (or 

close to) equilibrium, which are characterized by perfect competition. The Dutch housing market 

is not a perfect market (see chapter 2), making it more difficult to derive an appropriate market 

value. Schram (2006) mentions that there are state laws in the US that define market value 

differently, often including a direct link to tax assessment (assessed value). Munizzo and Musial 

(2009) mention that appraisers must use the definition of market value as is recognized by juris-

diction in which the appraiser provides its services. In the absence of a definition of market value 

by governing law and jurisdictional rules, the definition of market value given by USPAP is 

expected to be implemented (Cannon, 2002). However, if there is no competitive and open 

market, the definition of USPAP does not hold, which leads to the hypothesis that market value 

cannot be estimated or calculated for houses in the Netherlands. Lusht (2001) mentions that the 

definition implies that appraisers must do everything in their effort to be wiser than the market, 

which is present in the part of the definition that both parties are well informed and advised. As 

a result, he states that the crash of some real estate markets in the 1980s should have been 

foreseen by appraisers. This continued with a discussion in the 1990s, which was focused on the 

difference between short- and long-run values and the stability of both values. As a result, a new 

definition was formed by the International Valuation Standards Council (2000 in: Lusht, 2001): 

‘’market value is the expected selling price of the specified real property rights in an arm’s-length 

transaction, as of the date of the appraisal, and assuming a reasonable exposure to the market’’. 

This definition explicitly recognizes the probabilistic nature of price setting in housing markets, 
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and refers to market value as the weighted average (the expected selling price) of a distribution 

of possible prices (Lusht, 2001). Expected price is preferred to most probable price because it 

suggests a single, most likely outcome rather than the average outcome (Lusht, 2001). Reference 

to “the specified real property rights” separates the real property that is valued from a personal 

property, such as favorable financing, which may affect the total transaction price. Reference to 

an “arm’s-length transaction” excludes transactions under, for example, forced sales (liquidation 

value). It reminds the appraiser that market value is a product of market transactions. Finally, 

the definition imposes no idealistic assumptions about market equilibrium and perfect markets. 

It also does not acknowledge that the appraiser is on average wiser than the market. Assuming 

this definition, market values for houses in the Netherlands can be estimated or calculated.  

    Other collective measures of economic value, such as liquidation and assessed values are both 

calculated on the basis of market value. Scharm (2006) argues that liquidation value is a form of 

market value, with the restriction that the property must be sold in a limited period of time (i.e. 

foreclosure). Munizzo and Musial (2009) refer to this value as associated with a quick transfer of 

ownership rights. This is in contradiction with the “reasonable exposure to the market” character-

istic of market value. Because of this time constraint, the property is often sold below market 

value.  Schram (2006) states that assessed (or WOZ) value is set by state taxing authorities to 

assess ad valorem property taxes. Schram (2006) and Munizzo and Musial (2009) define assessed 

value as a market value multiplied with an assessment ratio. Schram (2006) explains that the 

assessment ratio is specified via regulations in the USA. Carr et al. (2003) also acknowledges this 

link between assessed value and market value. In the Netherlands, WOZ-value of houses is 

calculated on transactions of comparable houses in the direct vicinity.  

    All in all, market value is the value, determined by the open market under several conditions. 

From the definitions of market value, a “most probable price” or “expected selling price” is esti-

mated. The USPAP requires that appraisers accurately describe which definition of value they 
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use, together with the sources that define that particular use (Munizzo and Musial, 2009). The 

market value definition is still broad, because it can refer to the use of listing or transaction 

prices of comparable houses. An analysis (see subsection 3.2.3) should distinguish whether there 

is an economic difference between listing and transaction prices and whether this difference is 

economically significant.  

 

3.2.3 Quantifying the Difference between Listing and Transaction Prices 

    A dataset with initial listing prices, listing dates, transaction prices, transaction dates, and 

zip-codes of 97,413 owner-occupied houses in the Netherlands between July 2010 and December 

2012 is provided by DataQuote. The difference between listing and transaction date is the con-

ciliation period; the amount of time that passes from listing to transaction. Descriptive infor-

mation and a calculation of the differences in listing and transaction prices per quarter (���, 
t=2010Q3,…, 2012Q3)28 are derived from this dataset (see table 1). Houses are registered in the 

year and quarter in which they were first listed. The outcomes of this calculation yield insight 

into how much the listing price is decreased (or increased) to arrive at the transaction price. The 

Ministry of Justice in Israel (2003 in: Eshet et al., 2007) mentions that the difference between 

listing and transaction price is between 7% and 10% in Israel.  

    The transaction prices of the houses in the dataset have an average of EUR 226,423, while 

the average transaction price in the Netherlands in 2010, 2011 and 2012 was EUR 239,530, EUR 

240,059, and EUR 226,661, respectively (CBS, 2013g). By applying a chi-squared test on the 

average transaction prices per quarter, the null-hypothesis is rejected that the sample and the 

population are similar. The chi-squared values form 2010Q3 to 2012Q4 are: 999.22, 800.72, 0.11, 

1,120.23, 3,084.67, 525.24, 1,667.22, 484.07, 176.76, and 2,093.01, respectively. Summing them 
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over the quarters yields a total chi-squared value of 10,951.25. With 97,412 degrees of freedom 

(n-1), the corresponding p-value is 1.00. Assuming an alpha of 5%, the null-hypothesis cannot be 

rejected, meaning that the sample is, statistically not a representation of the population.  In 

addition, the sample is not represented in several municipalities, including large parts of the 

province Zuid-Holland and Zeeland (see figure 3).  

 

 

 

 

Figure 3: Distribution of cases across the Netherlands (Source: derived with TargetMaps) 
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Table 1: Descriptive information and calculation of the difference in listing and transaction price 

Date #Objects Price #Days in 

 conciliation 

Difference listing and  

transaction price (���) 
Average Median Average Median Average (��������) Median (����) 

2010Q3 21,436 260,052 220,000 428 385 -11.1% -10.1% 

2010Q4 6,031 250,501 215,000 273 224 -9.7% -8.5% 

2011Q1 25,125 240,292 210,000 243 203 -8.8% -7.7% 

2011Q2 6,111 225,280 200,000 250 218 -7.6% -6.5% 

2011Q3 6,476 217,984 194,000 224 202 -7.2% -6.1% 

2011Q4 6,059 222,161 194,500 191 180 -7.1% -6.3% 

2012Q1 7,162 216,120 190,000 151 136 -6.8% -6.2% 

2012Q2 13,457 223,916 194,000 116 106 -7.0% -6.3% 

2012Q3 4,493 209,619 184,115 98 95 -6.2% -5.4% 

2012Q4 1,063 198,300 182,500 56 59 -4.8% -4.1% 

Total 97,413 226,423 198,412 203 181 -7.6% -6.7% 

     

    This is also the case for the Netherlands, when calculating the average of the quarterly aver-

ages. Based on the dataset, the average (�������) and median (���� ) difference decreases over time, 

which might lead to the conclusion that appraisers have improved their valuations and/or that 

price negotiations have become less effective. Yet, there are three issues related to this conclu-

sion, which stem from the dataset. 

    First, the average and median conciliation period is also decreasing over time, which might 

contribute to the decrease in ��������� ! "#→� !�"% and ������ ! "#→� !�"%. For example: a house 

that is listed in the third quarter of 2010 will sell, on average, 428 days later. Within these 428 

days, several local, regional, national, and international trends could influence these houses, 

forcing its price up and/or downwards. To the contrary, a house that is listed in the fourth 

quarter of 2011 will sell, on average, 191 days later. This shorter conciliation period makes the 

initial listing price more up-to-date. The issue of different conciliation periods between cases can 

be addressed by filtering out market trends within these periods. The listing price is “updated” 

to the year and quarter in which the transaction took place. Because zip-codes are known, prov-
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ince and COROP29 number can be added from CBS data.  In addition, CBS publishes quarterly 

price developments per province, per housing type per province and per COROP number. Hous-

ing type per COROP number is preferred because it is the smallest scale. A script has been 

written which uses the price developments per COROP number and the price developments per 

province to derive by how much price developments per COROP are more or less than those of 

the province in which the COROP number is. As an example: houses in the Southeast of Noord-

Brabant (COROP number 36) have an index of 104.6 during 2011Q1, while the province Noord-

Brabant has an index of 103.1 during the same quarter. The script divides the index of the 

COROP number over the index of the province, which is 1.0145, and multiplies this with the 

price developments per housing type per province to derive the quarterly price development per 

housing type for COROP number 36. At the time, housing type is unknown for all houses in the 

dataset, so attached (or row) housing is assumed because it occurs most frequently. However, 

continuous efforts are made to add housing type. Once this is known, more accurate price devel-

opments can be derived. From the analysis (see table 2), it follows that, after the adjustment 

(��&�, t=2010Q3,…, 2012Q4), ��&��������� ! "#→� !�"% and ��&'(=2010*3→2012*4is lower than 

��������� ! "#→� !�"% and ������ ! "#→� !�"%, respectively. In addition, values of ��&� have a 
narrower range than ��� and do not show the same decreasing trend over time. The 

median difference between listing and transaction price is preferred to reduce the effect of outli-

ers, which have a minimum and maximum ���, and ��&� of -30% and +20%, respectively. The 

average of all ��&'�, given by !
! ∑ ��&'� !�"%� ! "# , is -4.6%, so extreme outliers may have a large 

impact on the average,  resulting in the use of ��&'� and not ��&�������� in this master thesis. 

!
! ∑ ��&'� !�"%� ! "#  has a standard deviation of 1.5% across the quarters. This yields a 95% confi-
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 Regional classification of areas in the Netherlands that are bigger than municipalities and smaller than provinces, 

for the purpose of analytical and statistical research (CBS, 2012).  
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dence interval of -7.7% to -1.6%. Every value of ��&'(=2010*3→2012*4 falls within the 95% confi-

dence interval. 

Table 2: Difference in listing and transaction price initially and after update 

Date #Objects Difference listing and transaction 

price initially (���) 
Difference listing and transaction 

price after update (��.�) 
Average (��������) Median (����) Average (��&��������) Median (��&'�) 

2010Q3 21,436 -11.1% -10.1% -7.6% -7.2% 

2010Q4 6,031 -9.7% -8.5% -7.8% -7.0% 

2011Q1 25,125 -8.8% -7.7% -6.4% -5.7% 

2011Q2 6,111 -7.6% -6.5% -4.7% -4.0% 

2011Q3 6,476 -7.2% -6.1% -3.8% -3.1% 

2011Q4 6,059 -7.1% -6.3% -4.1% -3.6% 

2012Q1 7,162 -6.8% -6.2% -3.7% -3.1% 

2012Q2 13,457 -7.0% -6.3% -4.0% -3.4% 

2012Q3 4,493 -6.2% -5.4% -6.0% -5.3% 

2012Q4 1,063 -4.8% -4.1% -4.8% -4.1% 

Total 97,413 -7.6% -6.7% -5.3% -4.6% 

 

    Second, the price of a house might influence ��&�. Assuming that more expensive houses are 

more unique, appraisers might have a more difficult task to find comparable listing or transac-

tion prices to base their valuations on. This could then lead to more uncertainty and, ultimately, 

a transaction price that more than average deviates from the listing price. To address the second 

issue, ��&� per price category can be analyzed. Three hypothetical transaction price classes 
have been constructed: low, middle, and high. Houses in the lowest class are sold for a price 

below €150,000. The middle class ranges from €150,000 to €350,000 and the high class consti-

tutes transaction prices above €350,000. Results indicate that middle class houses constitute the 

majority in the sample and that  
!
! ∑ ��&'� !�"%� ! "#   is the highest in the highest class, while fairly 

comparable in the middle and lowest class (see table 3). 
!
! ∑ ��&'� !�"%� ! "#   Of the lowest and mid-

dle class are close to those of the total sample (-4.6%, see table 2).  
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Table 3: Descriptive information and calculation of the difference in listing and transaction price per category 

 Date #Objects Price #Days in  

conciliation 

Difference listing and transaction 

price after update (��.�) 
 Average Median Average Median Average (��&��������) Median (��&'�)  

L
o
w
 

2010Q3 3,509 124,761 128,500 447 409 -8.5% -8.1% 

2010Q4 953 126,978 132,000 285 238 -8.9% -7.7% 

2011Q1 4,693 125,915 130,000 247 204 -7.1% -6.1% 

2011Q2 1,382 124,070 127,500 237 196 -5.7% -4.7% 

2011Q3 1,609 124,027 126,500 215 185 -4.3% -3.2% 

2011Q4 1,471 125,574 130,000 183 170 -4.5% -3.5% 

2012Q1 1,807 124,186 127,500 147 134 -3.7% -2.8% 

2012Q2 3,409 124,416 127,500 109 100 -4.3% -3.2% 

2012Q3 1,291 123,410 125,000 91 89 -6.2% -5.3% 

2012Q4 317 123,251 125,500 54 56 -5.4% -4.0% 

Total 20,441 124,659 128,000 202 178 -5.9% -4.9% 

M
id
d
le
 

2010Q3 14,260 227979 220,000 425 383 -7.2% -6.8% 

2010Q4 4,222 224,586 215,000 270 221 -7.3% -6.5% 

2011Q1 17,299 223,877 215,000 242 201 -6.0% -5.4% 

2011Q2 4,137 220,531 212,000 252 222 -4.3% -3.7% 

2011Q3 4,302 219,598 210,000 226 203 -3.5% -2.9% 

2011Q4 4,025 217,958 210,000 192 182 -3.8% -3.5% 

2012Q1 4,738 215,160 205,000 153 135 -3.5% -3.0% 

2012Q2 8,696 218,804 210,000 118 108 -3.7% -3.3% 

2012Q3 2,868 214,680 205,000 100 98 -5.8% -5.1% 

2012Q4 691 214,038 205,000 57 59 -4.5% -4.1% 

Total 65,238 219,721 210,700 204 181 -5.0% -4.4% 

H
ig
h
 

2010Q3 3,667 514,238 450,000 419 383 -8.5% -8.1% 

2010Q4 856 515,843 455,000 274 230 -9.2% -8.5% 

2011Q1 3,133 502,256 445,000 243 208 -7.4% -6.7% 

2011Q2 592 494,735 445,000 261 233 -5.2% -4.5% 

2011Q3 565 473,267 426,000 236 217 -4.9% -3.9% 

2011Q4 563 504,571 442,500 199 187 -5.4% -4.9% 

2012Q1 617 492,737 425,000 155 142 -5.0% -4.3% 

2012Q2 1,352 507,686 440,250 122 115 -5.1% -4.7% 

2012Q3 334 499,374 435,000 101 99 -7.2% -6.4% 

2012Q4 55 433,132 400,000 60 62 -5.6% -4.9% 

Total 11,734 493,784 436,375 207 188 -6.4% -5.7% 
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    This might be evidence for the proposition that houses in the highest class are harder to 

appraise or that price negotiation is more effective in this class. In addition, the low, middle, and 

high classes have standard deviations of 1.9%, 1.4% and 1.6% and 95% confidence levels of -1.1% 

to -8.6%, -0.7% to -8.1% and -2.5% to -8.9%, respectively. All values of  ��&'(=2010*3→2012*4 are 

within their 95% confidence interval.  

    Third, the conciliation period for houses in more recent quarters is biased because the dataset 

is based on recorded transactions. For example: houses in the fourth quarter of 2012 have an 

average conciliation period of 56 days. Because the dataset has only recorded those listings in 

the fourth quarter of 2012 that have led to actual transactions, these results should be interpret-

ed with care. There are several other listings in the fourth quarter of 2012, which have not yet 

led to transactions. Therefore, regressing the difference between listing and transaction price on 

the number of days in conciliation cannot be done.  

 

3.3 Relevant Values of Independent Variables under Subjectivism 

    Literature points out the divergence of values in different disciplines (Vigaray and Hota, 

2008). According to More et al. (1996), when trade-offs involve difficult choices, public policy 

presupposes that the trade-offs are made in a principled fashion. Objectivism has been the main 

principle because it relies on facts, which are, most often, easy to measure in a quantitative way. 

However, economists have recognized that aspects related to subjectivism are also important 

(Lusht, 2001 and Nolan, 1995).  With regard to housing, values under subjectivism refer to 

qualitative aspects. More et al. (1996) mentions that two non-market economic values have been 

developed since the late 1960s: use value as the benefits of a resource for those who use it, and 

non-use values that produces benefits for those that do not use it. Examples of use value are 

environmental (or intrinsic) value, aesthetic appreciation, and cultural heritage value. They 

subdivide (non-)use values into existence value; the value one receives from knowing a resource 
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exists, altruism; vale derived from others using a resource, and bequest value; preserving a re-

source for future generations.  They also acknowledge that these concepts are often not properly 

defined. They are formed in our biological, psychological, and social systems, which are respon-

sible for whom we are and our relationship to the world, knowledge structures acquired through 

past experience, and held values (More et al., 1996). Together, these systems are responsible for 

assigning a subjective value (More et al., 1996). Some of these values can be captured by inde-

pendent variables in meta-analysis, which explains their relevance for discussing them briefly 

with respect to the Dutch housing market.  

    First, environmental value has become influential in economical and ethical concepts. Accord-

ing to Kennedy (1993), these ideas come forth out of a sense of limitation in a world population 

that is expanding. So, in the opinion of Kennedy (1993), environmental values function to pre-

serve the status quo. Environmental value is a use-value, which in the most extreme case refers 

to the idea that nature (as a synonym for environment) has an inherent worth that makes it 

valuable in and on itself, irrespective of human benefits or the cost that nature may create 

(More et al., 1996).    Several approximations of environmental value can be assessed as a mone-

tary amount by analyzing its relation with house prices. Because of the difficulties of measuring 

environmental quality, several approximations of environmental value have been developed. 

Brasington and Hite (2005) use a dataset with characteristics of 44,255 houses in six metropoli-

tan areas in Ohio, US. They enrich the data with neighborhood information and environmental 

hazards, where hazards are defined as waste management contamination sites. They find that 

proximity to environmental hazard has a small significant (at the 5% level or less) relation with 

average house price; increasing the distance of a house from the nearest environmental hazard by 

10%, increases the average house price by 3%. So, proximity to contamination sites has a disval-

ue, and the monetary amount can be derived from its effect on housing prices. Other studies in 

the US report relationships between house prices and air pollution (e.g. Freeman, 2003; Beron et 
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al., 2001 and Chattopadhyay, 1999) and water pollution (Hoehn et al., 1987). Hui et al. (2007) 

use several proxies for environmental quality in Hong Kong and find that sea view and air quali-

ty is statistically significant at the 5% or less. Greenbelt policies30 are not statistically significant 

and the noise level is positively correlated with house price, reflecting the dense living environ-

ment in Hong Kong. To the contrary, Espey and Lopez (2000) find a negative correlation be-

tween noise and house prices with their study in Nevada, US. Tyrväinen (1997) acknowledges 

that urban forests may represent use values, where pleasure is derived from the landscape, clean 

air, peacefulness, screening, and the potential for recreational activities. Several researchers point 

out the diversity of proxies that can be used for environmental quality. Overlapping variables, 

which are statistically significant at the 5% level or less, refer to air and water quality, pollution, 

view, and distance to nature. However, environmental quality variables could reflect several 

other variables, such as the impact of mining activities on property values (see Neelawala et al., 

2013). There are differences between cities in different countries, which are attributable to a 

variety of factors. Together with the fact that there is a lack of comparable studies in the Neth-

erlands, this makes it difficult to imply which environmental quality variables should be used in 

meta-analysis.  

    Second, aesthetic value can be analyzed. Nolan (1995) mentions that three of the most widely 

accepted criteria for determining whether an object has aesthetic or artistic value are: the object 

(could be a house) is intended to be a work of art by the maker, the maker is an artist and 

important or recognized “experts” label the object as having aesthetic value. Examples of aes-

thetic value include beauty, elegance, harmony, simplicity, clarity, and familiarity (Schummer et 

al., 2009). With regard to housing, people have different opinions on what they think possesses 

aesthetic value. This calls for uniformity because, if most people think differently, estimating 
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aesthetic value is impossible. Aesthetic value judgments can be deducted by analyzing trends in 

architecture. Architects design houses that are considered beautiful, elegant, simple, familiar, 

etc. by most people. In short, modern architecture assigns aesthetic value to pure forms and 

undecorated surfaces (minimalistic) while post-modern architecture assigns aesthetic value to a 

mix of building styles, some more progressive whilst others more conservative. Schummer et al. 

(2009), mention that aesthetic quality of buildings is important, but that aesthetic judgment is a 

matter of subjective personal taste.  

    Third, cultural heritage value can be analyzed. Tweed and Sutherland (2007) mention that 

National governments and European firms increasingly recognize the value of cultural heritage 

(e.g. Council of Europe Framework Convention on the Value of Cultural Heritage for Society). 

According to Nuryanti (1996), heritage is anything associated with the word inheritance, which 

is a thing that is transferred from one generation to another. Within this definition, bequest 

value is acknowledged to be part of cultural heritage value. Howard and Pinder (2003 in: Al-

hagla, 2010) argue that heritage includes architectural and historical values, and that these 

values makes them worthy of conservation. Tweed and Sutherland (2007) mention that such a 

definition, based on architectural and historical value is too narrow because it focusses solely on 

the object itself and not on the cultural values in the community. They argue that the identity 

of built cultural heritage should be conserved because globalization leads to increasingly multi-

cultural societies, which leads to extreme homogenizing pressures. Tweed and Sutherland (2007) 

gain insight into the value of cultural heritage by doing 464 interviews in Belfast (United King-

dom), Liège (Belgium), Copenhagen (Denmark) and Prague and Telč (Czech Republic). Survey 

results indicate that perceived quality, as measured by visual activity (e.g. architectural and 

built elements) and ambient concepts (e.g. sunshine, quietness, light or colours), are found to be 

the most important for cultural heritage value. They find that architectural value and historic 

values explain cultural heritage value, but so does the community via ambient concepts. In 
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short, cultural heritage value has several dimensions. Research agrees that historical and archi-

tectural values are part of cultural heritage, but there are different opinions with respect to 

bequest value and the value that is assigned by the community. Vecco (2010) mentions that the 

selection criteria of cultural heritage have changed. Initially, in the 1980s, historic and aesthetic 

values were the only proxies for cultural heritage value. Since then, cultural value and value of 

identity and the capacity of the object to interact with the memory of people were added, mak-

ing it more subjective (Vecco, 2010).  

 

3.4 Sub-conclusion 

     This chapter answers the sub-questions “what is value?” and “which values are used in prac-

tice?” with respect to the Dutch owner-occupied housing market as discussed in chapter 2. 

Judgments can be either factual (descriptive statements) or evaluative (appraisals and feelings). 

Value judgments are subjective by nature, but can be backed by facts, blurring the initial dis-

tinction. Two of the most extreme subdivisions of value judgments are objectivism and subjec-

tivism. Objectivism restricts the meaning to those statements that involve reference to verifiable 

data. If data cannot be verified, it is worthless by definition. As such, an object is decomposed 

in sensory experiences. According to subjectivism, value statements only express sentiments or 

emotions. Something is valuable if it evokes pleasurable feelings and maximizes a person’s utility. 

This view concludes that every valuation is subjective by nature. With regard to the Dutch 

owner-occupied housing market, this is relevant because judgments can refer to facts (e.g. sur-

face, building year, and distance to nearby shops), but also to subjective values (e.g. safety of 

the direct vicinity). Economists have recognized that subjective values are also important. 

    Literature refers to the use of different types of values in different disciplines. Also, each 

discipline has its own definitions and measurement techniques of values. This becomes problem-
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atic in an interdisciplinary context, such as housing. Amongst others, economic, social, and 

political disciplines interact in this context, making valuation difficult. This is exactly what is 

confirmed by literature on housing. Value is a broad concept, which needs to be decomposed. 

Decomposition between economic values and non-economic values is possible. Economic values 

relate to the dependent variable, whereas non-economic values relate to independent variables in 

the hypothetical conceptual model. Economic values can be divided into individualistic and 

collective economic values. Relevant individualistic economic values include use value, invest-

ment value, and insurable value. Individuals use these values to estimate what their willingness-

to-pay is for a particular property. An advantage is that such an estimate directly gives a point-

estimate of the worth (price) of a particular object to a buyer. However, this point-estimate does 

not give the seller any indication whether this price is fair, high or low. To overcome this prob-

lem, the willingness-to-pay of a collection of buyers should be analyzed. This leads to the collec-

tive economic values: market value, liquidation value, and assessed (or WOZ) value. Liquidation 

and assessed value can be derived from market value. The definition of USPAP is used by most 

appraisers, unless (local) governing law and jurisdictional rules impose their definition. However, 

USPAP’s definition assumes a competitive and open market, whereas the Dutch owner-occupied 

housing market is a search market. This assumption has been released in the definition of the 

International Valuation Standards Council. According to this definition: “market value is the 

expected selling price of the specified real property rights in arm’s-length transaction, as of the 

date of the appraisal, and assuming a reasonable exposure to the market”. Arm’s-length transac-

tion presumes that the buyer and seller are motivated, well informed, and act reasonably in their 

own self-interest without undue duress. While individualistic economic values are highly depend-

ent on a particular person and can thus be subjective, market value is a same-for-all number. It 

is superior to individualistic economic values and clear in its definition. It is also the most used 

value by appraisers. Market value of houses is the value that will be analyzed for the dependent 
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variable in this master thesis. Yet, it is unclear whether “expected selling price” refers to listing 

or transaction price. Analyzing listing and transaction data quantifies the link between the two. 

The main conclusion is that appraisers have not improved their valuations and/or price negotia-

tions have not necessarily become less effective throughout the time period 2010Q3 until 

2012Q4. This result becomes clear when adjusting the listing price for market trends in the 

conciliation period. 
!
! ∑ ��&'� !�"%� ! "#   is -4.6%, with a standard deviation of 1.5%. This average 

figure can be further broken down for houses in different transaction price classes. Those in the 

low (L) and middle (M) class, more or less, resemble the average of -4.6%, but houses in the 

highest (H) class have a higher discount: 
!
! ∑ ��&/'� !�"%� ! "#  = -5.7%. This could be evidence that 

houses with transaction prices above €350,000 are harder to appraise than those in the low and 

middle classes and/or that price negotiations are more effective for houses in the highest class.  

    A problem within the listing and transaction analysis is that the dataset, consisting of 97,413 

houses, is not representative for the population. In addition, market trends are filtered out to 

make listing and transaction price truly comparable. This adjustment is based on the concilia-

tion period, which is unknown when a house is listed. As a result, given listing prices cannot be 

translated into point estimates for transaction prices with 100% certainty. Average or median 

conciliation periods of previous quarters can be used to calculate a range of possible transaction 

prices, given a listing price. However, only completed transactions are visible in the dataset, so 

houses that are listed but have not yet been sold do not matter. These unrecorded houses in-

crease the average and median conciliation period, which imposes especially a problem for more 

recent quarters. From these arguments, it can be concluded that transaction prices are preferred 

over listing prices because they are a direct observable result, involving interaction, of partici-

pants in the housing market. Transaction prices are actual observations for willingness to pay, 

while listing prices are appraisals that estimate a value on which to base negotiations. Apprais-
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als can deviate in value from the transaction price, which might be attributable to the 

knowledge and experience of appraisers, but also to the influence of price negotiations. 

    Non-economic values, which could be present in independent variables, such as environmen-

tal, aesthetic, and cultural heritage value are hard to estimate. Literature points out the diversi-

ty in definitions and variables that can be used to measure these values. Because these values 

are highly subjective, some studies contradict other studies. In addition, research on the Dutch 

owner-occupied housing market is limited. To overcome the subjectivity, empirical research 

measures variables such as livability of a neighborhood, with objective variables such as distance 

to shops and local density of the population. An advantage is that these objective variables still 

capture (part of) the subjective variable.  

    So far, the use of the market value definition has been advocated. To measure market values, 

the use of transactions prices has several advantages to using listing prices. Variables that influ-

ence market values can be objective or subjective. Environmental, aesthetic and cultural herit-

age variables are all “vague” without an individual or same-for-all definition. In addition, they 

are hard to measure. To assess a method to estimate market values and which relevant variables 

(whether they are objective or subjective) influence market values, comparable studies can be 

analyzed. This is the topic of chapter 4.  
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4 

 MEASURING VALUE AND COMPARABLE STUDIES 

 

    Another issue with the valuation of owner-occupied houses as discussed in the introduction 

(chapter 1), is the lack of a clear method to measure value. In addition, value has been defined 

(chapter 3), but now needs to be captured by relevant variables. Bateman et al. (2002) states 

that total economic value can be subdivided into use and non-use values and that each of these 

values has a variety of techniques to capture monetary worth. By analyzing the advantages and 

disadvantages of revealed and stated preferences, methods can be selected in accordance. The 

scope of this master thesis is restricted to analyzing models, based on the measurement tech-

nique that will be chosen, that reveal the relevant attributes of market value of houses (see 

chapter 3) in a country. Relevant attributes may serve as a basis to construct a pricing model 

for owner-occupied housing in the Netherlands. Because relevant studies involve foreign housing 

markets, results of these studies should be interpreted with care due to a potential lack of com-

parability with the Dutch housing market. Therefore, this chapter serves merely as a guideline 

for identifying, collecting, and operationalizing data for housing in the Netherlands (see chapter 

5). Relevant pricing studies on housing have been found in various European and non-European 
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areas (see figure 4). Most of them are interested in the coefficient and statistical significance of 

one variable. However, to derive this coefficient, the model has to be as complete as possible (i.e. 

including all other relevant variables that drive market value).  

    Because few studies are on a country-wide basis, studies that are more local will also be 

analyzed. Zip codes, or their equivalents in other countries, are often used in local studies as 

variables to capture all neighborhood information. This makes local studies more accurate than 

country-wide studies because of data unavailability on several neighborhood attributes in coun-

try-wide models. However, local studies cannot be used to derive national trends. 

Figure 4: Relevant country-wide, district, and city models 

 

   The remainder of this chapter is organized as follows: first, measurement techniques will be 

discussed and a method is chosen that will be used for constructing a model in section 4.1. 

Then, relevant studies that use the same method and have a country focus will be discussed in 

section 4.2. In accordance, section 4.3, and 4.4 analyze relevant studies in districts and cities. A 

focus is on studies in the Netherlands. Foreign studies will also be discussed, but a their descrip-
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tion can be found in appendix A, B, and C. This section concludes with a discussion on the 

chosen method and relevant attributes in section 4.5, which serves as a potential input (based on 

data availability) for a model for owner-occupied housing in the Netherlands (chapter 5). 

 

4.1 Measurement Techniques 

    There are two trades-offs to be made. First, a distinction and choice between revealed and 

stated preferences is needed (subsection 4.1.1). The choice determines the measurement tech-

niques that are available, which will be discussed in accordance (subsection 4.1.2 and 4.1.3). 

From these measurement techniques, a method will be chosen, so that comparable models can 

be analyzed.  

 

4.1.1 Revealed versus Stated Preferences 

    The first trade-off is between using revealed preference (RP) methods or stated preference 

(SP) methods. The difference is that RPs involve actual behavior, whereas SPs constitute hypo-

thetical behavior. An advantage of SP methods is the ability to present interviewees with scenar-

io’s and tradeoffs that do not currently exist, forcing them to state their willingness to pay. 

Disadvantages of SP methods are that hypothetical tradeoffs are different from actual behavior. 

For example: interviewees can state an extreme, but otherwise unrealistic, willingness to pay to 

drive the results of surveys in certain directions. In addition, stated preference methods rely on 

surveys. The research question of this master thesis is on a national level, making usage of sur-

veys difficult. In addition, the research question concerns actual behavior in a real market 

(Dutch-owner occupied housing market), rather than hypothetical behavior. Also, data provided 

by DataQuote stems from the participation in an actual market. In more local studies, the 

combination of RP methods and SP methods would provide the best alternative, but in this 

master thesis; RP methods have been chosen over SP methods. The second trade-off is between 
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different RP methods. There are three main RP methods: the Travel Cost Method (TCM), 

Averting Behavior Method (ABM) and the Hedonic Pricing Method (HPM). The first two 

methods are commonly used to capture recreational effects. Whereas the TCM assumes that 

visiting a site evokes pleasurable feelings to visitors, which are worthy the money spent (Riera, 

2000), the ABM assumes that people increase their well-being by making expenditures to offset 

environmental impacts (Cropper and Oates, 1992 in: Whitehead et al., 1998). Both of these 

methods are incapable to estimate the price of a house, based on its attributes. The HPM re-

mains, which is able to estimate the price of a house on its attributes. Therefore, this seems to 

be an obvious method for the aim of this master thesis.  

 

4.1.2 Hedonic Pricing Method 

    According to Lancaster (1966), utility is generated by attributes of goods and not by the 

goods themselves per se. According to Jim and Chen (2010), this has led to the development of 

the Hedonic Pricing Method (HPM)31, which was further developed by Rosen (1974) and Free-

man (1974, 1979 and 1985). Utility maximizing, pleasure, delight, feelings, and experiences, can 

be traced back to the view of value as subjective (subjectivism, see subsection 3.1.2), which 

states that something is valuable if it evokes pleasurable feelings and maximizes one’s own utili-

ty. Assuming the HPM, an object can be decomposed by its attributes and market value of 

houses can be approached by analyzing the role of these attributes: 01 = 2(4!, 4�, … , 4�). For 
example: if two houses are identical, but one house is located in the direct vicinity of a recrea-

                                                           
31

 According to the Stanford Encyclopedia of Philosophy (2004), the word “hedonic” comes from the Greek word 

hēdonismos, meaning “delight” or “pleasure”. It states that only pleasure or pain motivates people because pleas-

ure contains value while pain contains disvalue. It further describes pleasure broadly, including all pleasant feelings 

or experiences (e.g.  ecstasy, delight, and enjoyment) and pain as all unpleasant feelings or experiences (e.g. aches, 

irritations, anxiety, discomfort, depression, guilt, and remorse). 
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tional site while the other is not, the house in the vicinity of the recreational site may be valued 

higher, assuming that this vicinity is related to a higher livability, which leads to a higher utility. 

By using the HPM, people implicitly reveal their willingness to pay for vicinity to a recreational 

site. Jim and Chen (2010) and Damigos (2006) mention that the implicit price of each character-

istic can be derived by taking the partial derivatives of the market value with respect to the 

variables.  

    According to Cassel and Mendelsohn (1985 in: Jim and Chen, 2010), Malpezzi (2002 in: Jim 

and Chen, 2010) and McConnell and Walls (2005 in: Jim and Chen, 2010), several forms have 

been developed to measure the relation between market value and an object’s attributes, includ-

ing linear, semi-logarithmic, double logarithmic, quadratic, and reciprocal forms. Jim and Chen 

(2010) and Damigos (2006) conclude that, in their sample, the log-linear form:ln01 = 9 +
; 9! + <9� + =9# + >, where S, N, and L are structural, neighborhood, and locational attributes, 

has a better statistical fit than other forms. By using the HPM, values of these attributes can be 

estimated from market values of related objects.  

    An issue related to the HPM (and all other revealed preference methods) is the exclusion of 

non-use values (Garrod and Willis, 1999; Banzhaf, 2010). In addition, extensive data is needed, 

which may be difficult to collect due to data constraints (Damigos, 2006). The hedonic model is 

often dependent on many variables, which should be collected for each observation. Too few 

independent variables will lead to inaccurate models. Oppositely, too many variables impose 

problems with multicollinearity32 (Tyrväinen and Miettinen, 2000).  

    The HPM is often applied to the housing market to identify attributes of housing value (e.g. 

Jim and Chen, 2010; McLeod, 1984; Geoghegan et al., 1997; Tyrväinen and Miettinen, 2000; 

                                                           
32

 Montgomery and Runger (2007) define multicollinearity as: a condition that can occur in multiple regression 

when some of the independent variables are nearly linearly dependent (perfect correlated). This can lead to 

instability in the estimates of the regression model.  



59 

 

Damigos, 2006). Brasington and Hite (2005), mention that the HPM is still underutilized in 

urban and environmental economics. With an eye on the data, provided by DataQuote (see 

chapter 5), structural, neighborhood, and locational attributes are known. Therefore, the HPM 

will be used to decompose the value of a house on its attributes. Relevant studies should provide 

the basis for the selection of structural, neighborhood, and locational attributes.  

 

4.2 Relevant Country-wide Models 

    Relevant country-wide models have been found for the Netherlands, Turkey, Israel, and  

Japan. All of these models are based on multiple regression techniques. With regard to the 

housing market in the Netherlands, Brounen and Kok (2011) estimated a hedonic pricing model 

to test the market adoption and economic implications of energy performance certificates. Data 

from the Dutch Association of Realtors (NVM) on 177,318 houses, which were sold between 

January 2008 and August 2009, has been used. This data has been merged with neighborhood 

data from the CBS. The model they estimate includes an energy performance certificate varia-

ble, which is a binary variable that is 1 if a dwelling has an energy performance certificate and 0 

otherwise (a logit model). As independent variables, they include a vector of physical character-

istics of the dwelling: dwelling type (apartment, duplex, semi-detached, and detached), log of 

dwelling size, age (1931-1944, 1945-1960, 1960-1970, 1971-1980, 1981-1990, 1991-2000, and 

>2000), and dummy variables for monuments, central heating, insulation quality and exterior 

maintenance. They also include a vector of characteristics of the neighborhood on the zip code 

level: housing density, average time on market, and average monthly household income. In addi-

tion, a variable that is defined as the fraction of votes for “green” parties in city c, during the 

2006 national elections is included and, finally, a province dummy serves as a locational indica-

tor of a house. Brounen and Kok (2011) find that, in their model with the best fit (highest R²), 

all variables, except the duplex and semi-detached dwelling type, monument, central heating, 
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insulation quality, and exterior maintenance, are statistical significant at the 5% level or less. 

They progress by estimating the effect of an energy performance certificate on the transaction 

price per square meter. They use data on 31,993 dwellings after 2000 that may be likely to have 

such a certificate. In this model, they include a dummy variable for the energy label (ranging 

from A to G) and a variable for the inverse Mills ratio33, which is estimated by Heckman’s two-

stage estimation procedure34. Age has been excluded because all houses are post-2000 (last age 

category). Within the physical characteristics, the number of rooms (as a continuous variable) is 

included. In this model, all variables, also including the statistically insignificant variables from 

the first model, are statistical significant at the 5% level or less and the R² is 52.7%.  

   A description of the studies in Turkey, Israel and Japan can be found in appendix A. All in 

all, there is no consensus on the dependent variable. From the four comparable country-wide 

studies, the dependent variable can refer to the transaction price per square meter (Brounen and 

Kok, 2011), the most probable transaction or listing price according to homeowners (Selim, 

2009; Naoi et al., 2009) or the listing price (Eshet et al., 2007). This issue of an improper defini-

tion of the dependent variable, which is meant to measure “market value”, leads to inadequacies 

between studies. Also, data constraints may lead to forced exclusions of certain variables that 

may be statistically significant in other studies. The comparable studies all find that housing 

type, age, and size are statistically significant at the 5% level or less. Also, all studies involve 

locational characteristics, which might refer to housing density, average time on market, and 

monthly household income in a zip code (Brounen and Kok, 2011), a dummy for province 

(Brounen and Kok, 2011), a dummy for a urban or rural house (Selim, 2009), a cluster rank 

(defined as a geographic area in which retail, offices, or particular housing types dominate)  

                                                           
33

 A variable to account for sample selection bias, which stems from a non-random sample of the population. 

34
 A procedure to correct for selection bias, see Heckman (1979). 



61 

 

(Eshet et al., 2007) or the floor on which a room is located (Naoi et al., 2009). In addition, all 

studies include other structural characteristics that are measured with dummies, such as: mon-

umental status, living room floor type, elevator presence, garden presence or pool presence. 

 

4.3 Relevant District Models 

    Relevant district models, based on multiple regression techniques, have been found for Mid-

den-Delfland35 (Netherlands), Auckland (New Zealand), Connecticut (USA), the “Leafy Eastern 

Suburbs” of the eastern Adelaide plains (Australia), Singapore (Republic of Singapore), and 

southern Taiwan (Taiwan). Regarding Midden-Delfland, Cotteleer and Peerlings (2011) do re-

search on the impact of spatial planning procedures (i.e. policy plans and decisions on the con-

struction of the highway A4) on housing prices in the period 1996 to 2006. The database of the 

Dutch Association of Real Estate Agents has been used. After excluding transactions of house-

boats, mobile homes, recreational properties, large rural estates, houses that were bought as 

investment, multiple transactions of the same house, and transaction of over €9,075,150 and 

below €11,345, 58,839 cases remained.  Cotteleer and Peerlings (2011) acknowledge spatial 

lag36and error dependence37 in their regression model. Variables that were found statistically 

significant at the 5% level or less are: distance to nearest highway , dummies for the distance to 

planned A4 highway in 2000, 2001, 2005, and 2006, distance to nearest highway exit, distance to 

nearest railway, distance to nearest social/cultural organization (including schools, hospitals, and 

universities), distance to nearest industrial area, dummy for the presence near a busy road, 

                                                           
35

 An area in the Netherlands that incorporates the cities of Rotterdam, Schiedam, Vlaardingen and Delft (Cotteleer 

and Peerlings, 2011).  

36
 The direct spatial relationship between house prices that are located near one another (Cotteleer and Peerlings, 

2011). 

37
 The spatial relationship in the error term due to spatially related omitted variables (Cotteleer and Peerlings, 

2011). 
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dummy for location in the countryside, dummy for presence of garden, dummy for adjacency to 

forest, water, park and open space, dummies for construction periods (excluding first category, 

which is between 1906 and 1930), dummy for ground-floor apartment or upstairs apartment, 

dummies housing type, number of balconies, number of roof terraces, number of kitchens, num-

ber of sculleries, dummy for attic for storage, dummy if property has a free standing practice, 

dummy for presence of carport, dummy for single car garage or multi car garage, dummies for 

maintenance of the house, dummy if the land is not part of the property, dummy for permanent 

residence, dummy for partly rented, population density within the neighborhood, percentage of 

non-western immigrants in the neighborhood, average real disposable income per inhabitant per 

year within the neighborhood, elevation level dummy, and dummies indicating when the proper-

ty was sold (excluding the first years: 1997 and 1998). In addition, the spatial lag and error 

dependence coefficients are statistically significant at the 5% level or less (Cotteleer and Peer-

lings, 2011). The model with statistical significant variables has an R² of 81%. Statistically 

insignificant variables are distance to planned A4 highway dummies in 1996, 1997, 1998, 1999, 

2002, 2003, and 2004, distance to nearest railway station, distance to nearest shop or restaurant, 

dummy for location in the city center, dummy for period of construction between 1906 and 1930, 

dummy for newly developed houses, dummy if apartment is located on the ground floor or an-

other floor, number of dormers, dummy if property has designated area for practice, number of 

insulation materials used, and dummies for sale in 1997 and 1998.  

    A description of the studies in Auckland, Connecticut, the eastern Adelaide plains, Singapore 

and Taiwan can be found in appendix B. All in all, the district models have in common that 

they measure the same dependent variable (transaction price of houses). With regard to inde-

pendent variables, most district models include size, age, lot size or value, housing type, distance 

to CBD, year and/or quarter dummies for the time period in which the house was sold, and the 

distance to local amenities such as roads, schools and railway stations.  
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4.4 Relevant City Models 

    Relevant hedonic models, based on multiple regression techniques, have been found in Am-

sterdam (Netherlands), Dublin (Ireland),  Prague (Czech Republic), Athens (Greece), Cape 

Town (South Africa), Knoxville (Tennessee, USA), Los Angeles (California, USA), Bogota (Co-

lombia), Hong Kong (China), Guangzhou (China), and Seoul (South Korea). Regarding Amster-

dam, Dekkers and Van der Straaten (2009) aim to estimate the monetary value of aircraft noise 

disturbance with a hedonic housing model. They use data from the Dutch Association of Real 

Estate Agents on 66,636 transactions in the period 1999-2003. Then, they have added neighbor-

hood information from the CBS. Data on aircraft noise comes from the Netherlands Institute for 

Health and the Environment (RIVM). Statistically significant variables, at the 5% level or less, 

are: dummies indicating the year in which the transaction took place, dummy indicating the 

transaction was free of transfer tax, dummy for leased land, dummies with categories for build-

ing age (except dummy with age category between 1906 and 1930), surface area, number of 

rooms, dummy for 2 or more types of isolation, dummies for presence of garage, carport and 

garden, dummies for housing type (except dummy for simple terraced house), dummies for 

aircraft, railway and road noise above certain levels, dummies for the municipality, and dummies 

for the inside maintenance. This model has an R² of 83%. Statistically insignificant variables at 

the 5% level or less are a dummy for the building age category 1906-1930, and a dummy for the 

simple terraced housing type. Municipal dummies were added to correct for municipal differ-

ences (Dekkers and Van der Straaten, 2009). 

    A description of the studies in Dublin, Prague, Athens, Cape Town, Knoxville, Los Angeles, 

Bogota, Hong Kong, Guangzhou, and Seoul can be found in appendix C. All in all, in most 

comparable city-level studies, the dependent variable measures transaction prices of houses. 

Regarding independent variables, the number of rooms is a variable that is used in most city 

models. Intuitively, the more rooms (assumed to have an average surface), the higher the surface 
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area will be. Within this regard, the number of rooms could be an indicator for the total surface 

area of a house. This assumption is verified in three studies (i.e. Cape Town, Knoxville, and 

Guangzhou), in which the number of rooms is insignificant at the 5% level or less if surface area 

is also a variable. Other variables that are commonly used in city models are: age of a house, 

housing type (if the scope of research is broader than analyzing one housing type), parcel sur-

face, and locational indicators (e.g. municipality dummies, north, east, south, west, or central 

city location, periphery location, and distance to nearest urban forest, rail station, airport, ring-

road and CBD). Other detailed information, which might only be relevant for the city being 

analyzed, is collected in several studies, such as mountain view, broker names, distance to agri-

cultural land, distance to coastline, vacancy rate in neighborhood, percentage Hispanics in 

neighborhood, location in old town center and the presence of a clubhouse in an apartment.  

 

4.5 Sub-conclusion 

    This chapter starts by answering the sub-question: “What method(s) should be used to deter-

mine market value?”, and then proceeds by answering the sub-question: “Which housing and 

spatial characteristics are potentially relevant for explaining market values of houses in the 

Netherlands”. The TCM is widely used in appraising natural resources. It takes into account the 

time and cost that people make to visit a recreational site. The ABM assumes that the price of 

goods in a market can be a substitute for goods that cannot be traded in markets (environmen-

tal qualities). By doing so, people reveal their willingness to pay with averting expenditures to 

counteract harmful results. Both the TCM and the ABM are used to value environmental quali-

ty (i.e. qualities that cannot be bought or traded in a market), but not to estimate the market 

value of houses. The HPM assumes that an object (which can or cannot be traded in the open 

market), can be decomposed by its attributes. By using this method, the market value of owner-

occupied housing in the Netherlands can be decomposed in prices for physical and spatial at-
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tributes of houses. This is directly linked to the research question of this master thesis, resulting 

in choosing this method to proceed. A disadvantage of the HPM is that an extensive dataset is 

needed, which may be difficult to collect. However, the HPM has often been used with regard to 

housing value. Studies that assume the HPM and that focus on housing have been analyzed to 

identify relevant attributes. Results indicate that, on a national, district, and city level, the 

dependent variable often refers to the transaction price of houses. National studies indicate that 

housing type, age, and size are often significant variables. Some locational indicators such as 

dummies for provinces or the distinction between an urban or rural house might be used. De-

creasing the scale to district models; a conclusion is that they provide more detailed information, 

by also including lot size, distance to CBD, and distances to local amenities such as roads, 

schools and railway stations. Decreasing the scale even further to city models, city-specific in-

formation can be captured. Apart from using the same variables as in national and district 

models, they capture additional locational information, such as distances to a broad range of 

local amenities, the presences of mountain view, distances  to coastline, vacancy rates in a 

neighborhood, and percentages of nationalities in a neighborhood.  

    The structural characteristics of houses that are present in most national, district, and city-

level studies (i.e. housing type, age, size, and lot size) should be captured in a hedonic pricing 

model for the Netherlands (see table 4). Ideally, a model for the Netherland incorporates infor-

mation on a city-level (more variables). Now that value is defined (chapter 3), a method has 

been chosen to measure this value, and relevant variables are known, the dataset provided by 

DataQuote can be analyzed. This is the topic of chapter 5.  
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Table 4: Overview of variables found in relevant studies, depending on the area of study 

Variables often used in relevant studies 

Country-wide District City 

Housing type Housing type Housing type 

Age/Building year Age/Building year Age/Building year 

Size (surface or volume) Size (surface or volume) Size (surface or volume) 

Locational indicators: e.g. dummies 

for provinces or urban vs. rural 

Lot size (surface) Lot size (surface) 

 Distance to CBD Distance to CBD 

 Distances to some local amenities 

(e.g. highway or school) 

Distance to some local ameni-

ties (e.g. highway or school) 

  Distance to several other 

amenities (e.g. coastline) 

  Neighborhood information 

(e.g. vacancy rates) 
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5 

 DATASET ANALYSIS AND OPTIMALIZATION 

 

    Several issues have been addressed with regard to the valuation of owner-occupied housing, as 

described in the introduction (chapter 1), such as market imperfections (chapter 2), the lack of a 

coherent definition of value (chapter 3), measurement techniques, and relevant variables that 

affect market value (chapter 4). Assuming the relevant variables of the previous chapter, data 

can be collected, selected, and operationalized in accordance. DataQuote has provided a dataset, 

which includes listing prices, rents, and structural attributes of 7.8 million real estate objects in 

the Netherlands between the third quarter of 2009 and the third quarter of 2012. Listing price is 

inferior to transaction price (see chapter 3), but DataQuote does not have the transaction prices 

currently38. To this dataset, a correction for the kind of object, to exclude all non-residential 

objects and missing values39, has been made. This has resulted in a dataset of 1.2 million resi-

                                                           
38

 DataQuote expects to have all actual transaction prices of the sample period in the near future. Then, listing 

prices can be substituted with transaction prices, after which the model will estimate transaction prices.  

39
 Residential real estate as “kind of object” cannot be derived from structural attributes, resulting in the exclusion 

of all missing values. 
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dential real estate objects. This dataset has been further divided into owner-occupied and rental 

dwellings. Cases without a subdivision into owner-occupied or rental dwellings, where the price 

variable could be the annual rent, as well as the listing price of a “cheap” house (lower than EUR 

50,000), are removed from the dataset. This has resulted in a dataset of 0.4 million owner-

occupied dwellings. Correcting for duplicate cases, because this might impose a bias as identical 

houses are listed through time against different prices, resulted in a dataset of 0.2 million unique 

owner-occupied dwellings. The most recent owner-occupied dwelling, in case there were dupli-

cates, has been included in the dataset because this listing price is assumed to be closest to the 

transaction price.  

    The remainder of this chapter is organized as follows: section 5.1 discusses further dataset 

reduction as a result of false and/or unverified information. Section 5.2 operationalizes and 

defines each of the variables that are known for each house in the dataset (according to relevant 

variables of chapter 4). Section 5.3 describes a method to derive housing type in case this varia-

ble is missing. Section 5.4 gives summary statistics of each of the variables in the dataset, the 

location of cases within the Netherlands and an analysis of sample selection bias. This chapter 

concludes with a description of the final dataset in section 5.5.  

 

5.1 Dataset Cleaning  

    The dataset with data on 0.2 million owner-occupied dwellings in the Netherlands has been 

further “cleaned” to exclude cases with false information. A new variable, which is calculated by 

dividing the volume by the surface, measures the average height per floor of a house. This selec-

tion variable is only included in the dataset for cases that have a value on this variable ranging 

between 1.9 and 4.0 meter (excluding 502 cases; less than 0.3% of dataset, and 16,394 cases; 
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8.4% of dataset, respectively). The lower bound is derived from “Bouwbesluit 2012”40, which 

states that the minimal net height of the living floor of a dwelling must be 2.6 meter, but that in 

exceptions (reconstructions) this may be 2.1 meter. This regulatory constraint stems from 2012. 

Houses that are built before the Second World War were subjective to different and less regula-

tions. Also, there might be rooms beneath stairs and roofs that force the net height downwards. 

In accordance with DataQuote, a minimal value of 1.9 meter has been set. Also, the maximal 

value of 4.0 meter has been set in accordance with DataQuote on the basis of efficiency in height 

in relation to price and direct comparability with other houses.  

    In addition, DataQuote mentions that a listing price higher than EUR 2,500,000 may not be 

relevant for a valuation model. The cases in this category are a small portion of the dataset (176 

cases; less than 0.1% of the dataset), and often have values relating to missing data (e.g.:  

9,999,999, 99,999,999, and 999,999,999). In addition, DataQuote verified that the most expensive 

house in the Netherlands is valued at EUR 10 million in 2012, so values above this price are 

false.  

    Frequency tables of all variables (municipality name, municipality code, province, house 

number, zip code including the two letters, zip code excluding the two letters, date listed, date 

listed quarter and year, price listed, type of transaction, housing type, building year, surface of 

living floor, parcel surface, volume of living floor, X and Y coordinates, and monumental status) 

have been analyzed to detect false or inaccurate information. In a discussion with DataQuote, 

this has resulted in excluding houses with a building year before 1700 (121 cases; less than 0.1% 

of the dataset), a building year after 2012 (3,268 cases; 1.7% of the dataset), a parcel surface in 

square meters with the, probably missing, values: 999, 9999, 99999, and 999999 (177 cases; less 

than 0.1% of the dataset), and all parcel surfaces that have a value of more than 1,500 square 

                                                           
40

 Regulations set by the Dutch central government for buildings. 
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meters41 (11,583 cases; 5.9% of the dataset). This has resulted in a dataset that will be used for 

further analysis of 167,963 cases. From these cases, 32.2% has a missing housing type. From 

comparable studies (see chapter 4), it is concluded that housing type is one of the important 

variables. Therefore, this value is extracted by using the random forest classification method (see 

section 5.3). Considering the conclusion of chapter 4, municipality name, municipality code, 

province, zip code, house number, and X and Y coordinates are locational indicators that might 

be present in country-wide studies to distinguish one area from another. Other variables which 

are often present in country=wide, district and city-wide models are housing type, age (building 

year) and an indicator for size (surface or volume). These variables are also in the dataset. In 

addition, parcel surface is often included in district and city-wide models. Monumental status is 

a variable that is present in the dataset but which is not used in comparable studies (see chapter 

4). This variable is included because intuitively, monumental value means that a building has 

some kind of historic value.    

 

5.2 Operationalization and Definition of Variables  

    DataQuote analyzes the validity of data by comparing different data sources with each other 

(see table 5). These variables relate to most country-models (see section 4.2), with the addition 

of “Type of transaction” and “Monumental status”. Listing price, listing date, type of transaction, 

and housing type come from a main source (Funda), which is verified or enriched with data from 

other websites42. Only NVM appraisers can publish houses for sale on Funda. The NVM apprais-

er acts in the best interests of the principal (honor code). The listing price may then be a func-

tion of several subjective variables, such as the principal’s necessity to sell the house, the princi-

                                                           
41

 Parcel surfaces of more than 1,500 square meters have not been verified by DataQuote 

42
 Funda as the primary data source, verified and/or enriched with data from from huislijn.nl, woningnet.nl, vbo.nl, 

niki.nl, vastgoedpro.nl and era.nl. 
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pal’s and appraiser’s expectations of the ower-occupied housing market and the opinion of the 

appraiser regarding the listing price. This may obscure the reliability of a fair listing price.  

Table 5: Definition and operationalization of variables 

Variable name Source Definition Operationalization 

Listing price Several53 Price associated with the listing EUR 

Listing date Several53 Date associated with the listing dd-mm-yyyy 

Updated listing price Script43 Update of all listing prices to 2012Q4 EUR 

Municipality code CBS Numerical indication of the municipality GM0007-GM1987 

Municipality name CBS Name of the governmental municipality - 

House number BAG Assigned number from governmental body 1-999 

Zip code Several44 Configuration of 4 numbers and two letters 1000AA-9999ZZ 

Province CBS Territorial classification in 12 areas 1-12 

COROP CBS Territorial classification in 40 areas 1-40 

Type of transaction Several53 v.o.n. if first sale since construction, k.k. else 0=k.k., 1=v.o.n. 

Housing type Several53 Apartment, terraced, (semi-)detached, corner 0-4 

Building year BAG Year in which the house was constructed 1700-2012 

Surface BAG Usable surface45 m² 

Parcel surface BAG Total surface of ground, excluding living floor m² 

Volume BAG Gross volume46  m3 

X and Y coordinates ACN Longitude and latitude of the house Longitude+lattitude 

Monumental status BAG, RACM Heritage protected by National government 0=no, 1=yes 

     

    NVM (2013) mentions that: “NVM does not provide guidance how an NVM appraiser should 

come to the listing price that he or she reports on Funda. NVM also does not state which hous-

                                                           
43

 Updated to 2012Q4 (see procedure in section 3.2.3, with the exception that housing types are known). 

44
 BAG as primary data source, verified by ACN and/or Agentschap NL. 

45
 Includes rooms for building installations, all inside rooms of a building that are destined for vertical traffic (net 

floor surface) and parking space. It excludes surface of constructions that separate building functions, non-

accessible pipe shafts, static building components, glass-panel correction, and spaces that are lower than 1.5 

meter (BAG and Ministerie van VROM, 2007). For more information, see: NEN 2580.  

46
 Does not provide exceptions (e.g. different calculation rules) for rooms in the dwelling, other than determining 

the surface of the floor and multiplying this with the height. The height includes the thickness of floors and the 

roof, which is 30 cm if unknown (Waarderingskamer, 2013). For more information, see: NEN 2580.  
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ing attributes should be considered in a valuation and how much weight should be given to them. 

The NVM appraiser has to consider this in his or her best knowledge. The prices on Funda may 

in exceptional cases be an indisputable selling price or a bid-from price”. It is assumed that 

choosing the latest listing price among all duplicates in the dataset provides the fairest listing 

price. In addition, DataQuote mentions that indisputable selling prices and bid-from prices are 

stated in descriptions of the concerning cases and that these cases are not present in the dataset.  

    Listing date, type of transaction and housing type refer to facts. It is assumed that an NVM 

appraiser acts according to the honor code and reveals these objective variables. According to 

DataQuote, Funda is less reliable with respect to building year, surface of the living floor, parcel 

surface and volume of the living floor. DataQuote mentions that appraisers seem to inflate these 

figures to bring the property to market under better conditions. DataQuote verifies housing type 

with “Fotowĳzer woningen, uniformering begrippen en definities woningen” (NVM, Vastgoed-

PRO, VBO Makelaar, VNG and Waarderingskamer, 2013). They define a detached house as a 

single family dwelling that is not attached to another object. A semi-detached house is a single 

family dwelling where the central building is attached to the central building of a comparable 

dwelling (they do not have to share the same roof). A terraced house is defined as a single fami-

ly dwelling whereby partitioning walls are adjacent to those of other objects and where houses 

are located in similar lines and planes.  A corner dwelling is a single family house that is adja-

cent to its neighboring house, which is located in the beginning or end of a sequence and which 

has (additional) ground on the sides of the house. At last, they define an apartment as a dwell-

ing that is part of a multiple family building. Municipality names may be inconsistent (e.g. Den-

Haag and ‘s-Gravenhage both refer to the same municipality). This is why municipality codes 

have been added, which is a code consisting of 4 numbers that CBS has agreed on with the 

Ministry of the Interior and Kingdom Relations. CBS describes province and COROP-area as a 
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governmental area of the Dutch territory, which is formed by the European NUTS-formation47 

(CBS, 2013f). Data from the CBS is considered reliable because the CBS is not tied to commer-

cial organizations and because the described data comes from (inter)national governmental 

bodies, which act to present data as objective as possible. 

     Housing number, building year, surface, parcel surface, volume, monumental status, and zip 

codes are derived from Basisregistraties Adressen Gebouwen (BAG)48. Housing number, building 

year, surface, parcel surface, and volume are considered objective attributes of a dwelling. 

Whether an owner-occupied dwelling has a monumental status is data that is provided by BAG 

and the Rijksdienst voor Archeologie, Cultuurlandschap en Monumenten (RACM)49.  Infor-

mation from BAG is considered reliable because the Kadaster is legally responsible to provide 

information as objective as possible (Kadaster, 2013). In addition, the minister of Infrastructure 

and the Environment oversees the BAG database and also the RACM is a governmental body.  

    Tables to translate zip codes into X and Y coordinates come from Adrescoördinaten Neder-

land (ACN). ACN is part of BAG, which is managed by the Kadaster. By using graphic infor-

mation systems (GIS), an X and Y coordinate can be assigned to all addresses in the Nether-

lands. This information is assumed to be reliable for the same reasons that the BAG database is 

reliable. 

 

 

 

                                                           
47

 Nomenclature des Unités Territoriales Statistiques, is a regional classification in country parts, provinces and 

COROP-areas of the European statistical office Eurostat so that member states of the European Union have clearly 

separated areas.  

48
 A database, containing municipal information on all addresses and objects in a municipality. BAG is managed by 

the Kadaster and the minister of Infrastructure and the Environment is responsible for the database.  

49
 Governmental body that strives to protect and conserve National heritage. 
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5.3 Estimating Housing Type 

    In the dataset after cleaning (see section 5.1), 32.2% has a missing value on housing type. 

Deleting 32.2% of the data (54,084 cases) would be unnecessary if housing type can be derived. 

Derivation is possible by using random forest classification. This is a method that consists of 

several classification trees50. Breiman (2001) defines a random forest as: “a classifier consisting of 

a collection of tree-structured classifiers, where the random vectors are independent identically 

distributed51 and where each tree casts a unit vote for the most popular class at input x”. Breiman 

(2001) shows that, the error rate of a forest depends on the correlation between the individual 

trees and the strength of individual trees. This is conforming intuition because a higher correla-

tion between trees increases the probability to derive a false category and a tree with a low 

individual error rate is stronger than one with a high individual error rate. So, the goal of the 

random forest classification method is to construct a forest of decision trees that combined 

explain the most variation (i.e. minimization of the mean-square error). For each house, a deci-

sion tree will be made. By averaging over each decision tree of a particular decision variable (i.e. 

housing type), predictions are possible. Breiman (2001) mentions several advantages of random 

forests include: unexcelled accuracy among current algorithms, efficient use on large data bases, 

estimation of variables that are important in the classification, generation of an internal unbi-

ased estimate of generalization error as the forest building progresses and effective and maintain-

ing accurate in estimating missing data. In addition, the random forest classification method is a 

machine learning approach, which is attractive for large datasets. It is a powerful method, which 

                                                           
50

 Wilkinson (2012) mentions that classification trees involve categorical dependent variables and that trees begin 

with one node and branch to many. A node is a cluster of cases, which is to be split by further branches in the tree 

(Wilkinson, 2012).  

51
 Each random variable has the same underlying distribution and all variables are mutually independent: 

Pr(4!) ABC Pr(4�) = Pr(4!) Pr(4�), which implies: Pr(4�|4!) = Pr	(4�), which is the conditional independence 

(Clauset, 2011). 
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does not require distributional assumptions. Liam and Wiener (2002) provide the R code for 

classification by using random forest. DataQuote has provided a dataset, in which housing types 

of 4,154 houses have been manually verified (clearly not representative for the population, which 

could be due to the small number of houses that are verified). In addition, the updated listing 

price, building year, surface, parcel surface and volume of all these houses are known. After 

correcting the updated listing price (excluding cases < EUR 50,000 and > EUR 2,500,000), 

building year (excluding cases with building years < 1700 and > 2012), and volume per surface 

unit (excluding cases < 1.9 and > 4.0), 3,519 houses remained. Of this total, 610 are apart-

ments, 1,493 are detached, 559 are semi-detached, 272 are corner houses, and 585 are attached. 

The script automatically selects (with replacement) 63.2% of this data as the training set and 

36.8% as test set52. The training set is used to develop a classification model for housing types, 

while the test set is used to predict housing types and to compare these with actual housing 

types to derive the prediction error. The best results are acquired by predicting housing types in 

2 stages. In the first stage, a distinction has been made between the housing types “apartment”, 

“detached”, and “other”. This has been done because the categories “semi-detached”, “corner”, 

and “attached” are rather similar. Predicting all housing types in a single stage seems to be 

inferior to a prediction in 2 stages. Variables that are used to estimate a model for the training 

set are: volume, surface, parcel surface, parcel surface per unit of surface, and building year. 

Parcel surface per unit of surface has been calculated to further distinguish between “corner” 

and “attached” houses, because they are similar except that “corner” houses have a (slightly) 

larger parcel. Results of the first stage (see table 6) are based on 500 trees and the number of 

variables tried at each split is 2 (both automatically selected as best model). Results indicate 

that the housing type “apartment” can be predicted with 100% accuracy. The housing type 

                                                           
52

 The original dataset (excluding 32.2% of 167,963 cases) has not been used as test set because these housing 

types are considered less reliable as the manually verified housing types in the cleaned dataset of 3,519 cases. 



77 

 

“detached” has 18.5% of cases predicted incorrectly (as “other”), while this is 14.8% of the cases 

for the category “other” (as “detached”). The test set estimate of the error rate is 13.8%.  

Table 6: First stage random forest categorization in number of cases and percentages 

 Apartment Detached Other Classification error 

Apartment 610 (100.0%) 0 (0.0%) 0 (0.0%) 0.0% 

Detached 0 (0.0%) 1,217 (81.5%) 276 (18.5%) 18.5% 

Other 0 (0.0%) 210 (14.8%) 1,206 (85.2%) 14.8% 

 

       In the second stage of the random forest, which is also based on 500 trees and 2 variables 

tried at each split, the category “other” is further specified into “semi-detached”, “corner”, and 

“attached”. Results of the second stage (see table 7) indicate the difficulties in predicting the 

subcategories of “other”.  

Table 7: Second stage random forest categorization; specification of “other” in number of cases and percent-

ages 

 Semi-detached Corner Attached Classification error 

Semi-detached 461 (82.5%) 48 (8.6%) 50 (8.9%) 17.5% 

Corner 102 (37.5%) 53 (19.5%) 117 (43.0%) 80.5% 

Attached 83 (14.2%) 42 (7.2%) 460 (78.6%) 21.4% 

     

    Within this category, “semi-detached” has the least incorrectly predicted cases (17.5%). Espe-

cially the subcategory “corner” is hard to predict (80.5% of predicted cases incorrect). This is 

because the category “corner” is similar to “semi-detached”, and “attached”. In addition, the tree 

of “corner” is weaker than the other (sub)categories because it has less observations in the train-

ing set. Regression results (see chapter 6) should indicate whether the housing type “corner” has 

a different economic significance than the housing types “semi-detached”, and “attached”. If this 

is the case, adjustments may be necessary. The overall prediction error of the second stage is 

31.2%.  
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    The variables that are used to estimate the models in the first and second stage can be 

graphically presented in a variable importance plot (see figure 5). The figure ranks the variables 

from top-to-bottom as most-to-least-important based on their mean decrease in Gini. Liam and 

Wiener (2002) mention that the mean decrease in Gini measures the total decrease in node 

impurities from splitting on a variable, averaged over all trees. A higher mean decrease in Gini 

then translates into higher node purity, so a more important variable.  

 

Figure 5: Variable importance of stage 1 (left) and 2 (right) of the random forest classification method 

 

    All 54,084 missing values for housing type have been substituted with an estimate, based on 

the random forest classification method. The houses that should be apartments are 100% accu-

rately predicted, based on an analysis of a sample. For detached, semi-detached, corner and 

attached houses, the percentage that is accurately predicted is 81.5%, 82.5%, 19.5%, and 78.6%, 

respectively. The low accuracy for the corner category is because corner houses are rather similar 
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to semi-detached (37.5% of corner houses predicted as semi-detached) and attached (43.0% of 

corner houses predicted as attached) housing types. Also, there are little corner houses in the 

sample (averaging over just a few of these housing types). Substituting the missing housing 

types with their estimate according to the random forest classification method provides, on 

average, the good estimate for housing type. For those cases where the prediction is wrong, it is 

assumed that the target house is, in its object characteristics, rather similar to the type that is 

predicted, so that the misclassification does not lead to large deviations from the true market 

value.  

 

5.4 Summary Statistics and Sample Selection Bias  

    There is reason to believe that the sample, consisting of 167,963 cases, is non-random. Listed 

houses on Funda, Huislijn, Woningnet, VBO, Niki, VastgoedPRO, and Era are analyzed by 

DataQuote, which leads to systematically excluding listed houses on other websites. In addition, 

prices, building years, and parcel surfaces are capped at lower and upper bounds, leading to 

systematically excluding houses outside the range from lower to upper bound. The Heckman 2-

step procedure to correct for sample selection bias is an obvious solution. In the first step of this 

procedure, a regression has to be done on listing price and its attributes. Also, a probit model 

(regression where the dependent variable can take two values) has to be developed in this step 

whether a house is listed or not, which is also dependent on attributes. This probit regression 

cannot be modeled because the decision to bring a house up for sale is highly subjective and this 

is information is unknown. To provide any guidance whether there is sample selection bias, 

summary statistics of the dataset can be compared with summary statistics of CBS Statline for 

the Netherlands.  
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5.4.1 Summary Statistics of Interval and Ratio Variables 

    Summary statistics of interval and ratio variables (see table 8) indicate that the mean of the 

updated listing price is EUR 266,542 (median: EUR 221,162) with a standard deviation of EUR 

165,058. This can be compared with the average transaction price of houses that sold in 2012Q4 

that is reported by CBS (2013g), which is EUR 219,746. According to CBS (2013g), the average 

transaction price of houses that sold in 2012 was EUR 226,661, which is closer to the average 

listing price of the dataset. CBS (2013h) also mentions that the average WOZ/assessed value of 

houses in the Netherlands is EUR 232,000. The median updated listing price is closer to the 

average prices as listed by the CBS. This may be due to outliers that force the average price 

upwards. A further difference may be the incomparability of listing and transaction prices (me-

dian difference of 4.6%, see subsection 3.2.3) and the fact that the average transaction price as 

reported by CBS may be based on few transactions (35,704 in 2012Q4 and 117,261 in 2012). In 

addition, with regard to the updating process of the listing price to 2012Q4, price trends in a 

giving year, per housing type in a COROP region differ. If these price trends are based on few 

cases, which is unknown information, outliers have a larger influence. This could make the up-

dating process less reliable, leading to an over- or understatement of the price in 2012Q4. Also, 

the dataset may indeed be a sample from the population that is not representative, as is validat-

ed by a chi-squared test (chi-squared value between averages of 9,965.44 and with 167,962 de-

grees of freedom, this yields a p-value of 1.00, which fails to reject the null-hypothesis). 

Table 8: Summary statistics of variables on a continuous scale of the cleaned dataset 

Variable name Mean Median Standard 
Deviation 

Minimum Maximum 

Updated listing price 266,542 221,162 165,057 50,185 2,492,041.0 

Building year 1971 1978 33 1700 2012 

Surface 120 115 49 14 850 

Parcel surface 216 150 258 0 1,498 

Volume 371 350 165 35 2,900 
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    In addition to price, CBS (2013i) mentions that, of the 6,980,600 houses (no distinction 

between owner-occupied and rental houses) in the Netherlands in 2012 with known building 

year, 1,705,200 (24.4% of all cases) fall within the building year category of 1960 to 1975 and 

1,641,000 (23.5% of all cases) fall within the building year category of 1975-1990. This may be in 

line with summary statistics of the dataset, which indicate a mean building year of 1971 (medi-

an: 1978). CBS does not provide any indications for the mean surface, parcel surface and/or 

volume for houses in the Netherlands.  

 

5.4.2 Summary Statistics of Nominal and Ordinal Variables 

    Type of transaction (“v.o.n.” as first sale of a house and “k.k.” when house is second handed), 

monumental status, housing type, and the location of cases by their zip codes or within their 

respective province, can also be analyzed to indicate whether there may be signs of sample 

selection bias. There are 157,170 cases that are up for sale as k.k. (10,793 cases are v.o.n.) in the 

dataset. There is no information available of this variable for all owner-occupied houses in the 

Netherlands or for samples of data in a given year. Considering monumental status, 1,224 houses 

in the dataset are characterized as monuments (0.7% of the total dataset), while DataQuote has 

a list of 101,570 monuments in the Netherlands. The total number of monuments in the Nether-

lands cannot be divided through the number of houses in the Netherlands because the list also 

includes non-dwellings. Information regarding the amount of houses with a monumental status 

in the Netherlands is unavailable.  

    Regarding the type of owner-occupied houses, CBS (2013) reports that in 2012: 1,003,800 

houses were categorized as detached, 891,800 are semi-detached, 882,500 are on corners, 

1,926,300 are attached, and 2,276,200 houses were categorized as apartments. This corresponds 

to 14.4%, 12.8%, 12.6%, 27.6%, and 32.6%, respectively. The dataset has this division of 21.4%, 

15.8%, 5.0%, 26.5%, and 31.3%, respectively on the housing types. The dataset is underrepre-
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Figure 6: Distribution of cases across the Netherlands (left) and heat map (right) of the Netherlands (source: 

derived from TargetMaps) 

sented in the housing type category “corner” and overrepresented in the category “detached”. The 

underrepresentation may be due to the fact that the second stage of the random forest incorrect-

ly predicts 80.5% of the housing type “corner”.  In addition, 18.6% of the housing type “de-

tached” is predicted incorrectly. A chi-squared test results in failing to reject the null-hypothesis, 

meaning that there is a significant difference between sample and the population (chi-squared 

value of 0.088, with 4 degrees of freedom results in a p-value of 0.999, which is larger than the 

chosen alpha of 5%). 

    All cases of the dataset can be plotted on a graph to see the distribution of cases across the 

Netherlands and whether there are municipalities with no cases (see figure 6).  
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    There is a clustering of cases in Amsterdam, but all other cases are quite evenly distributed 

across the Netherlands. Municipalities (or part of municipalities) with no information are (from 

top to bottom): Bedum, Scheemda, Reiderland, Winschoten, Warnsveld, Zevenhuizen-

Moerkapelle, Moordrecht, Nieuwkerk aan den Ijssel, Arcen en Velden, Nuenen, Sevenum, Helden, 

Meijel, and Blaricum. Almost all municipalities are covered within the dataset. Considering 

provinces, the most cases are located in Zuid-Holland and Noord-Holland, followed by Noord-

Brabant, and Gelderland (see appendix D). The dataset deviates more than 2% from the popu-

lation in terms of location (sample % - population %) in Limburg (sample is underrepresented 

by 4.8%) and in Noord-Holland (sample is overrepresented by 4.5%). A chi-squared test results 

in failing to reject the null-hypothesis, meaning that there is a significant difference between the 

sample and the population (chi-squared value between percentages of 0.066 and 11 degrees of 

freedom, results in a p-value of 1.00, which is higher than an alpha of 5%). 

 

5.5 Sub-conclusion  

    A dataset of 167,963 cases (see section 5.1) will be used for further analysis. This dataset 

contains unique (non-duplicate) owner-occupied houses with a listing price between EUR 50,000 

and EUR 2,500,000 with an average floor height between 1.9m and 4.0m, a building year be-

tween 1700 and 2012, and a parcel surface smaller than 1,500 m². In addition, the dataset does 

not contain missing values, except for housing type, and frequency tables do not indicate false 

information. Definitions, sources, and operationalization of all variables (listing price, listing 

date, updated listing price, municipality code, municipality name, house number, zip code, 

province, COROP, type of transaction, housing type, building year, surface, parcel surface, 

volume, X and Y coordinates, and monumental status) is a step before summary statistics can 

be drawn from the dataset. The sources, except for listing price, are all assumed to be reliable 

because they have a mission to provide objective information and because they are governmental 
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bodies, tied to governments and/or independent research institutes (CBS, BAG, CAN, and 

RACM). In addition, data from these sources has been verified by DataQuote after comparing 

with other sources. The source for listing price mainly includes Funda. This is a website where 

appraisers can list a house and give a description about its attributes. The listing price is de-

pendent on expectations from the seller and the appraiser, which might be subjective and unre-

liable. If a house is listed more than once on Funda, only the latest listing price has been record-

ed in the dataset, so that there is corrected for mispricing in previous listings of the same house.  

This listing price might still be unreliable, because the house may not be listed after a while 

taking it off the market), without selling it. However, transaction prices that reflect actual be-

havior, after a potential negotiation, are unknown.  

    To correct for the missing values of housing type, a random forest classification method has 

been used. In the first stage, housing type is classified as “apartment”, “detached” or “other”. The 

overall error rate in this stage is 13.8%. The second stage predicts the category “other” as: “semi-

detached”, “corner”, and “attached”.  These subcategories are harder to predict (overall error rate 

of 31.2%). Based on these results, housing type has been predicted for the 32.2% missing values 

in the dataset (54,084 cases). Those cases with a missing housing type that are misclassified are 

assumed to be very similar to the misclassified category, based on housing characteristics. In 

that scenario, a prediction of the market value based on a misclassified housing type is not 

assumed to result in a large deviation from the house’s true value.  

    After substituting missing values of housing type, summary statistics can be drawn from the 

dataset. To give an indication whether the dataset is representative, summary statistics of the 

dataset can be compared to average data from all (owner-occupied) houses in the Netherlands. 

The average updated listing price of the dataset is EUR 266,542 (median: EUR 221,162), while 

the average transaction price of houses in the Netherlands that sold in 2012Q4 is EUR 219,746 

(over 2012: EUR 226,661). The average building year of the dataset is 1971 (median 1978), while 
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the average building year of houses (rental and owner-occupied) in the Netherlands is between 

the category 1960-1990. Comparing the housing types of the dataset with housing types of 

owner-occupied houses in the Netherlands, reveals that the dataset is overrepresented (sample % 

- population %) in the category “detached” (7.0%), while underrepresented in the category “cor-

ner” (6.8%). The underrepresentation in the category “corner” could stem from the random 

forest classification that incorrectly predicts 80.5% of “corner” houses. A chi-squared tests result 

in failing to reject the null-hypothesis, meaning that there is a significant difference between the 

sample and the population (chi-squared value of 0.088 and 4 degrees of freedom results in a p-

value of 0.999, which is higher than the significance level of 5%). At last, a plot of the cases, on 

municipality level, on a map of the Netherlands reveals that all but 14 municipalities are repre-

sented in the dataset. A plot of the number of cases per province can be compared with the 

number of owner-occupied houses in the Netherlands per province. This plot reveals that the 

dataset and the population are rather similar with regard to their percentage provincial distribu-

tion, with the exception that there is a difference of more than 2% (sample % - population %) in 

Limburg (underrepresentation by 4.8%) and Noord-Holland (overrepresentation by 4.5%). Again, 

a chi-squared test results in failing to reject the null-hypothesis, meaning that there is a signifi-

cant difference between the sample and the population (chi-squared value of 0.066 and 11 de-

grees of freedom results in a p-value of 1.000, which is higher than the significance level of 5%). 

    All in all, it cannot be concluded that the sample is directly comparable to the population. 

Chi-squared tests result in failing to reject the null-hypothesis, stating that the sample and the 

population are independent. However, on the basis of price, building year, housing type, and a 

plot of cases per municipality and province, it is assumed that the sample more or less approxi-

mates the population. Now that the dataset has been analyzed, models can be constructed. This 

is the topic of chapter 6.  
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6 

 MODEL DEVELOPMENT AND RESULTS 

 

    The final dataset (see chapter 5) can be used to estimate models for market value of owner-

occupied houses in the Netherlands, based on the Hedonic Pricing Method (chapter 4). After 

potential modifications, multivariate regressions can be applied to derive results.  

    This chapter is organized as follows: section 6.1 gives the transformations that have been 

applied to certain variables. A conceptual model with all relevant, potentially transformed, 

variables is the outcome of this section. Section 6.2 uses the theoretical background of multivari-

ate regression to estimate four models. The first model is without any variables that relate to 

location, while model 2, 3, and 4 are with the inclusion of province, COROP, and municipality 

dummies, respectively. To correct for possible overfitting53, a training, validation, and test proce-

dure will be done on the dataset. Section 6.3 explains and gives the results of model 5, which is 

based on reducing the scale even further by including neighborhood variables. Section 6.4 con-

                                                           
53

 This occurs when a model is too closely fit to the dataset (overtrained), so that it might lose predictive perfor-

mance.  
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cludes this chapter by stating whether locational information has value and which specific 

neighborhood variables capture this value.  

 

6.1 Transforming Variables and Conceptual Model 

    To reduce the skewness of certain variables (including the reduction of importance of outli-

ers), they have been transformed by taking the natural logarithm. This is the case for “Updated 

listing price”, “Surface”, and “Volume”. A zpred-zresid plot shows that a natural logarithm trans-

formation eliminates any linear association in the residuals (see figure 7) 

 
 

 
 

            
 

 

 

 

 
 
 

 
 
 

 
 

 
 

Figure 7: Zpred-zresid plot before the natural logarithm transformation on “Surface” (upper left) and “Volume” 

(lower left) and after the natural logarithm transformation on “Surface” (upper right) and “Volume” (lower 

right) 

 

Ln transformation 
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on “Volume” 
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     To allow for nonlinearity, the variable “Building year” has been divided into category dum-

mies. CBS (2013) uses the following building year categories: before 1906, 1906-1945, 1945-1960, 

1960-1975, 1975-1990, 1990-2000, and 2000 and after. Based on the history of the Dutch owner-

occupied housing market after the Second World War (see section 2.3), important years or peri-

ods are: 1945 (end of Second World War, building houses as fast as possible), 1960 (from recon-

struction and high density expansion to clustered de-concentration and higher quality), second 

half 1970s (cuts in subsidies, oil crisis, collapse of owner-occupied market), second half 1980s 

(economic recovery, increase in owner-occupied houses), 1990s (efficiency and deregulation, more 

responsibility to municipalities, Grossing and Balancing Act), and 2007-2008 (financial crisis) 

and after. Assuming the categories of the CBS before the Second World War, this leads to the 

category dummies: before 1906, 1906-1945, 1945-1960, 1960-1975, 1975-1985, 1985-1990, 1990-

2007, and 2007 and after.  

    All in all, the “Ln of Updated Listing Price” is the dependent variable, while independent 

variables are: “Ln of Surface”, “Ln of Volume”, and dummies for: “Building Year”, “Type of 

transaction”, “Monumental status”, “Housing type” and possibly “Location” (country-wide, prov-

ince, COROP, and municipality, respectively in five different models). This can be summarized 

in a conceptual model (see figure 8). These are all variables that are present in the dataset, 

besides X and Y coordinates, which will not be used.  

    The first model, without the inclusion of a locational variable serves as a benchmark model. 

In the second, third, and fourth model, dummies for the respective province, COROP area, and 

municipality will be added, while other variables that will be used stay the same. So, model 2 

includes dummies for 11 provinces, while model 3 excludes province dummies and includes 

COROP dummies. This procedure is done to conclude whether decreasing the scale from coun-

try wide to province, COROP area, and municipality adds leads to a better model. If so, a fifth 

model will be constructed that includes variables on a neighborhood scale.  
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Figure 8: Conceptual model, where “Ln of Surface” and “Ln of Volume” are continuous variables, while all 

other variables are category dummies 
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6.2 Model Development and Results 

    Models can be developed according to the theory of multivariate regression. To derive at 

models, the relation between interval or ratio variables and the dependent variable has already 

been analyzed to test whether a transformation of independent variables leads to a better linear 

association (section 6.1). In addition, parametric variables may be correlated, so that further 

adjustments need to be made (subsection 6.2.1). To prevent from overfitting and to attain as 

much predictive power as possible, the final dataset is divided in a training, validation, and test 

set (subsection 6.2.2). To assess whether people value locational characteristics, dummies for 

location have been added. The first model is the benchmark model, which does not contain a 

locational indicator (subsection 6.2.3). The second model includes an indicator for the province 

in which a house is located (subsection 6.2.4). The third and fourth model includes locational 

indicators for COROP number and municipality, respectively (subsection 6.2.5 and 6.2.6). In 

addition to entering all variables, automated variable selection algorithms can be used. Derksen 

and Keselman (1992) consider these algorithms as a very useful tool, while Austin and Tu 

(2004) warn for model instability. The basic automated variable selection methods are backward 

elimination, forward selection and stepwise selection. Stepwise selection is considered as more 

consistent as it consists of both methods (Flack and Chang, 1987). The stepwise algorithm 

starts with the intercept-only model and, at each iteration, adds the variable that decreases the 

Akaike Information Criterion (AIC) the most. The AIC measures the quality of a model in 

relation to other models and provides a trade-off between the goodness of fit and the complexity 

of a model. Within this regard, it rewards goodness of fit and punishes the number of variables 

included in a model. The preferred model is the one with the lowest AIC. Forward stepwise 

selection will be used in the five models to detect which variables should be included in the 

models. Then, these variables will be entered to derive the coefficients, standard errors and t-

statistics.  
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6.2.1 Correlations and Principal Component Analysis 

    Bivariate correlations between “Ln of Updated Listing Price”, “Ln of Surface”, and “Ln of 

Volume” can be analyzed to express the association between the variables in a number. Results 

indicate that the bivariate correlation between “Ln of Updated Listing Price” and “Ln of Surface” 

is 0.760, while the bivariate correlation between “Ln of Updated Listing Price” and “Ln of Sur-

face” is 0.743 (see table 9).  

Table 9: Bivariate correlations between the three variables that can be used to perform parametric analysis 

  Ln of Updated 

Listing Price 

Ln of  

Surface 

Ln of  

Volume 

Ln of Updated 

Listing Price 

Pearson Correlation 

Significance 

1.000 

 

0.760 

.000 

0.743 

.000 

Ln of Surface Pearson Correlation 

Significance 

0.760 

.000 

1.000 0.959 

.000 

Ln of Volume Pearson Correlation 

Significance 

0.743 

.000 

0.959 

.000 

1.000 

 

    In addition, the correlation between “Ln of Surface” and “Ln of Volume” is 0.959. This corre-

lation is significant, meaning that if one of these variables changes, the other variable changes in 

almost the same proportion and in the same direction. This is conforming intuition; if the sur-

face increases, the volume should also increase because by definition, volume is the surface mul-

tiplied by a height. Due to multicollinearity, “Ln of Surface” and “Ln of Volume” cannot both be 

included in regression models. A choice could be to include “Ln of Surface”, as it has the highest 

correlation with “Ln of Updated Listing Price”. Another choice might be to analyze whether “Ln 

of Surface” and “Ln of Volume” can be captured in a single component that explains a large part 

of the variance. This can be done with principal component analysis (PCA). This method has 

been chosen, because the single component might explain more variation than each of the varia-

bles could do separately. There are three different rules of thumb to choose which component(s) 

should be retained. First, the total variance explained by a component needs to be efficient, 
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whereas efficiency is determined on an ad hoc basis because it varies per field of study and per 

dataset (Jackson, 2004). Second, Kaiser (1958) states that components with eigenvalues that are 

less than the average eigenvalue, which is one when considering the correlation matrix, should 

be dropped (Kaiser’s Criterion). According to Jackson (1993), Kaiser’s Criterion leads to the 

issue of retaining too many components when the number of variables that are considered for 

PCA are below 20. Third, a scree plot (components on x-axis and corresponding eigenvalues on 

y-axis) can be used to detect an elbow in the plot, because variables are ranked from left to 

right from biggest eigenvalue to lowest. Cattell’s scree test states that all components after the 

elbow should be dropped (Cattell, 1966). There are two components, so the Cattell’s scree test 

does not provide any guidance.  

   After performing PCA (see appendix E), the first component explains 97.64% of the total 

variance and this component has a standard deviation of 0.56. The second component explains 

2.36% of the total variance and has a standard deviation of 0.20. A scree plot of eigenvalues of 

the components in relation to the number of components can be constructed, which indicates 

that the eigenvalue of the second component is below the average of 1 (Kaiser’s Criterion, see 

appendix E). The loadings of the first component are 0.67 on “Ln of Surface” and 0.75 on “Ln of 

Volume”, while for the second component they are -0.75 on “Ln of Surface” and 0.67 on “Ln of 

Volume”. After a Varimax rotation, the loadings on the two components are 0.99. The first 

component is interpreted as “Size”, in which it almost perfectly correlates with both “Ln of 

Surface” and “Ln of Volume”. 

 

6.2.2 Cross-Validation with Training, Validation and Test Sets 

    The final dataset of 167,963 cases has been split randomly, without replacement, into a train-

ing, validation, and test set. Each of these sets contain 1/3 of the cases (55,987 cases per set, 

constitutes the loss of 2 cases). The cases per set are unique, because they are randomly chosen 
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without replacement. By doing so, all cases are distributed over 3 sets, so that there are no 

duplicates within or across sets. The sets are constructed to test whether estimated regression 

coefficients of the training set are consistent with the validation set. In addition, the regression 

coefficients of the validation set are used to predict the “Ln of Updated Listing Price” of the test 

set, given the values of the variables in the test set (cross-validation). The predicted values can 

then be compared to the actual “Ln of Updated Listing Price”, resulting in the prediction accu-

racy. The goal of this subsampling is to not overfit the model on the training and validation 

data, so that it can be used to accurately predict the market value of houses, which are not in 

the training and validation sample. Summary statistics of variables on a ratio scale reveal that 

the individual sets are a representation of the total dataset (see table 10). An analysis of nomi-

nal and ordinal variables (and mapping cases) also indicates this. The training, validation and 

test set have been analyzed on normality.   

Table 10: Summary statistics of variables on a ratio scale from the total dataset and the training, validation 

and test set 

TOTAL DATASET Mean Median Standard 

Deviation 

Minimum Maximum 

Ln of Updated Listing 12.36 12.31 0.48 10.82 14.73 

Size 0.00 0.02 0.56 -3.08 3.0 

 
 
TRAINING SET Mean Median Standard 

Deviation 

Minimum Maximum 

Ln of Updated Listing 12.36 12.30 0.48 10.82 14.73 

Size 0.00 0.02 0.56 -3.08 2.71 

 
VALIDATION SET Mean Median Standard 

Deviation 

Minimum Maximum 

Ln of Updated Listing 12.36 12.31 0.48 10.84 14.68 

Size 0.00 0.02 0.56 -3.08 2.95 
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TEST SET Mean Median Standard 

Deviation 

Minimum Maximum 

Ln of Updated Listing 12.36 12.31 0.48 10.82 14.71 

Size 0.00 0.03 0.56 -2.93 2.95 

 

6.2.3 Model 1: Excluding Locational Indicators 

    The first model excludes direct locational indicators. This model follows the conceptual mod-

el (see figure 4). Statistical significance implies that the regression coefficients approximate their 

true value (i.e., have a low standard error). Results (see table 11) indicate that in the training 

set, all variables except the building year category “After 2007” are statistically significant at the 

1% level or less. In the validation set, all variables are statistically significant at the 1% level or 

less. However, building year category “After 2007” has a small t-value (high standard error in 

relation to its coefficient) in the validation set. In addition, its coefficient deviates from the 

coefficient in the training set. All other categories and variables have rather similar coefficients, 

standard errors and t-values when comparing the training with the validation set. Coefficients 

for “Building year” categories and “Type of transaction – v.o.n.” seem to deviate more than the 

other coefficients.  

Table 11: Results of the training and validation set for model 1 

Variable name β 

Training 

Std. err. 

Training 

t-value 

Training 

β 

Validation 

Std. err. 

Validation 

t-value 

Validation 

Building year       

     Before 1906 0.053*** 0.007 7.229 0.064*** 0.007 8.721 

     1945-1960 -0.134*** 0.005 -26.994 -0.118*** 0.005 -23.669 

     1960-1975 -0.204*** 0.004 -50.138 -0.196*** 0.004 -47.756 

     1975-1985 -0.166*** 0.004 -37.181 -0.155*** 0.004 -34.707 

     1985-1990 -0.066*** 0.006 -11.493 -0.054*** 0.006 -9.373 

     1990-2007 -0.034*** 0.004 -8.882 -0.025*** 0.004 -6.570 

     After 2007    0.021*** 0.007 3.133 

Size 0.662*** 0.003 235.950 0.660*** 0.003 235.589 

V.o.n. transaction -0.035*** 0.006 -5.404 -0.047*** 0.006 -7.393 
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Monumental status  0.184*** 0.014 13.035 0.181*** 0.014 12.538 

Housing type        

     Apartment 0.150*** 0.004 35.522 0.147*** 0.004 34.538 

     Detached 0.144*** 0.004 35.403 0.146*** 0.004 35.757 

     Corner -0.029*** 0.006 -4.759 -0.025*** 0.006 -4.043 

     Attached -0.061*** 0.004 -16.006 -0.062*** 0.004 -15.982 

Nr. of observations 55,987   55,987   

Adjusted R² 0.6513   0,6517   

Res. Standard error 0.279   0.278   

F-statistic 7514   7628   

p-value 2.2e-16   2.2e-16   

Degrees of freedom 55,972   55,972   

The dependent variable is the logarithm of the updated listing price. 
For the dummy variables, the remaining categories (building year category “1906-1945”, type of transac-
tion “k.k.”, monumental status “no”, and housing type “semi-detached”) act as reference values 
*** = significant at 1%. 
 
 

    To test whether or not there is a statistical difference between coefficients in the training and 

validation set, a Z score has been calculated. This has been done because a model may be fitted 

to a specific dataset, explaining every possible deviation. Yet, such a model may be insufficient 

to predict out-of-sample data. So, this is done out of means of cross-validation. The Z score is 

defined as: E = (9F�,G − 9F�,I)/K(;L(9F�,G� ) + ;L(9F�,I� )), where 9F�,G and 9F�,I refer to the estimated 

coefficient of variable i in the training and validation set, respectively. The null-hypothesis states 

that there is no difference between the coefficient of variable i in the training and validation set, 

while the alternative hypothesis states that there is a difference. Results indicate that, at the 

95% level, most coefficients of variables in the training set are statistically similar to those in the 

validation set (i.e. assume the null-hypothesis), except: “Monumental status”, and housing types 

“Corner” and “Apartment”. The sampling has been done at random without replacement, mean-

ing that those differences can be contributed to chance (i.e., bad luck in the sampling process). 
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    To test the economic effect of non-dummy independent variables on “Ln of Updated Listing 

Price”, a one standard deviation in an independent variable multiplied by its coefficient results 

in the marginal effect. For example: a one standard deviation in “Size” in the validation set 

equals 0.563. Multiplying this by its coefficient (0.660) yields a marginal effect on “Ln of Updated 

Listing Price” of 0.371350 or 37.14%. 

    The p-values (significance) are not reported in regression tables of this master thesis because 

they are arbitrary in large samples. Johnson (1999) mentions that researchers can make them 

small by gathering enough data. Therefore, solely relying on p-values can lead to results that 

have no practical relevance (Shmuéli, 2012). With regard to the regression tables, they (almost) 

always have a value to the power of 10-22. When they are not, stars on the right hand side of the 

regression coefficients indicate the significance. Insignificant results (significance at a level lower 

than 5%) are blank in regression tables of this master thesis.    

    All in all, the validation set of the first model has a goodness-of-fit (R²) of 65.17%. Regres-

sion coefficients can be ranked according to their size (see figure 9), which shows that “Size” is 

an important variable. The estimated regression coefficients of the validation set can be used to 

predict “Ln of Updated Listing Price” in the test set. This estimation can then be compared to 

the actual value of “Ln of Updated Listing Price” to conclude how well the validation set of 

model 1 predicts. 
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Figure 9: Plotting the regression coefficients of model 1, with their 95% confidence intervals 

 

    The percentage difference between the predicted (fitted) value and the actual value of “Ln of 

updated price” in the test set is calculated by subtracting the exponent of the fitted value (be-

cause it is estimated as a log variable) from the actual value, and by then dividing this by the 

actual value: �MNOMB(APM	CQ22MNMBOM = (MRS(TUV ) − ��)/��. The median percentage difference is 

17.51%. This is assumed to be too high, which is verified by DataQuote. Regarding the test set, 

73.58% of the 55,987 cases have a percentage difference lower than 30%, 55.65% of the cases 

have a percentage difference lower than 20%, 30.35% of the cases have a percentage difference 

lower than 10% and 15.46% has a percentage difference lower than 5%. There are outliers in the 

dataset that impose a bias on the results (see figure 10).  
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Figure 10: Scatterplot of the fitted versus the actual updated listing prices of model 1 (the red line indicates 
the mean of the listing price, conditional on its independent variables) 
 

 

6.2.4 Model 2: Including Province as Locational Indicator 

    The second model includes the same variables as the first model and has a dummy that refers 

to province in which a house is located. Results indicate similar coefficients, standard errors and 

t-values for variables in the training and validation set (see table 12).  

Table 12: Results of the training and validation set for model 2 

Variable name β 
Training 

Std. err. 
Training 

t-value 
Training 

β 
Validation 

Std. err. 
Validation 

t-value 
Validation 

Building year       

     Before 1906 0.055*** 0.006 8.675 0.065*** 0.006 10.252 

     1945-1960 -0.100*** 0.004 -22.910 -0.086*** 0.004 -19.643 

     1960-1975 -0.152*** 0.004 -42.270 -0.144*** 0.004 -39.916 

     1975-1985 -0.110*** 0.004 -27.992 -0.104*** 0.004 -26.507 

     1985-1990 -0.026*** 0.005 -5.085 -0.017*** 0.005 -3.337 

     1990-2007 0.022*** 0.003 6.448 0.031*** 0.003 9.248 

     After 2007 0.058*** 0.006 9.841 0.073*** 0.006 12.585 

Size 0.648*** 0.002 262.477 0.648*** 0.002 262.442 

V.o.n. transaction -0.036*** 0.006 -6.508 -0.045*** 0.005 -8.164 

Monumental status  0.184*** 0.012 14.910 0.184*** 0.013 14.579 
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Housing type        

     Apartment 0.050*** 0.004 13.111 0.043*** 0.004 11.294 

     Detached 0.160*** 0.004 45.032 0.158*** 0.004 44.626 

     Corner -0.046*** 0.005 -8.611 -0.048*** 0.005 -9.050 

     Attached -0.118*** 0.003 -34.529 -0.121*** 0.003 -35.088 

Province        

     Flevoland 0.066*** 0.008 8.115 0.061*** 0.008 7.482 

     Friesland 0.023*** 0.008 3.038 0.021*** 0.008 2.753 

     Gelderland 0.208*** 0.006 32.507 0.203*** 0.006 31.729 

     Groningen -0.099*** 0.010 -10.040 -0.102*** 0.010 -10.234 

     Limburg 0.061*** 0.009 7.131 0.056*** 0.008 6.604 

     Noord-Brabant 0.234*** 0.006 36.964 0.235*** 0.006 36.954 

     Noord-Holland 0.463*** 0.006 74.059 0.462*** 0.006 73.987 

     Overijssel 0.109*** 0.007 15.474 0.110*** 0.007 15.555 

     Utrecht 0.412*** 0.007 61.523 0.407*** 0.007 60.788 

     Zeeland 0.160*** 0.009 17.994 0.159*** 0.009 17.598 

     Zuid-Holland 0.303*** 0.006 48.769 0.296*** 0.006 47.673 

Nr. of observations 55,987   55,987   

Adjusted R² 0.7355   0.7356   

Res. standard error 0.2411   0.2403   

F-statistic 6404   6449   

p-value 2.2e-16   2.2e-16   

Degrees of freedom 55,961   55,961   

The dependent variable is the logarithm of the updated listing price. 
For the dummy variables, the remaining categories (building year category “1906-1945”, type of transac-
tion “k.k.”, monumental status “no”, housing type “semi-detached”, and province “Drenthe”) act as refer-
ence categories or values.  
*** = significant at 1%. 
 
    All variables are statistically significant at the 1% level or less in both the training and the 

validation set. Variables with low t-values, which indicate less statistical significance than other 

variables, are: building year category “1985-1990” and the provinces “Friesland” and “Limburg”. 

Less economic significant variables are: building year categories “1985-1990” and “1990-2007”, 

“Type of transaction – v.o.n.”, and province “Friesland”. In relation to the first model, housing 

type “Apartment” decreased in coefficient and t-value and the housing type “Attached” increased 

its absolute value of the coefficient and t-value. Z-scores can be calculated in the same way as in 

model 1, to test whether the coefficients of variables in the training set are statistically similar 
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to the coefficients on the same variables in the validation set or not. Results indicate the null-

hypothesis (the coefficient of a variable in the training set is statistically similar to the coeffi-

cient of the same variable in the validation set) is assumed for every variable in model 2 at the 

95% level. In addition, the same problem with p-values holds (see page 96).   

    All in all, the validation set of the second model has an R² of 73.56%. Regression coefficients 

can be ranked according to their size (see figure 11), which shows that “Size” , but also the 

provinces “Noord-Holland” and “Utrecht” are important variables and dummies, respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

     

    This model has been used to predict “Ln of Updated Listing Price” in the test set. The medi-

an percentage difference between actual and fitted values of “Updated listing price” in the test set 

is 14.78%. This is comparable to model 1, which is assumed to be too high (verified by 

Figure 11: Plotting the regression coefficients of model 2, with their 95% confidence intervals 
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DataQuote). Regarding the test set, 80.56% of the 55,987 cases have a percentage difference 

lower than 30%, 63.14% of the cases have a percentage difference lower than 20%, 35.41% of the 

cases have a percentage difference lower than 10% and 18.33% has a percentage difference lower 

than 5%. There are outliers in the dataset that impose a bias on the results (see figure 12). 

 

Figure 12: Scatterplot of the fitted versus the actual updated listing prices of model 2 (the red line indicates the 

mean of the listing price, conditional on its independent variables) 

 

 

6.2.5 Model 3: Including COROP as Locational Indicator  

    The third model includes the same variables as the first model and has a dummy that refers 

to the COROP number in which a house is located. This reduces the scale in relation to model 

2. Results indicate similar coefficients, standard errors and t-values for variables in the training 

and validation set (see table 13).  
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Table 13: Results of the training and validation set for model 3 

Variable name β 
Training 

Std. err. 
Training 

t-value 
Training 

β 
Validation 

Std. err. 
Validation 

t-value 
Valid. 

Building year       

     Before 1906 0.058*** 0.006 9.634 0.065*** 0.006 10.892 

     1945-1960 -0.092*** 0.004 -22.618 -0.080*** 0.004 -19.612 

     1960-1975 -0.135*** 0.003 -39.670 -0.129*** 0.003 -37.582 

     1975-1985 -0.090*** 0.004 -24.380 -0.087*** 0.004 -23.295 

     1985-1990 -0.020*** 0.005 -4.156    

     1990-2007 0.037*** 0.003 11.614 0.045*** 0.003 13.935 

     After 2007 0.081*** 0.006 14.598 0.095*** 0.005 17.390 

Size 0.645*** 0.013 276.901 0.645*** 0.002 277.028 

V.o.n. transaction -0.043*** 0.005 -8.166 -0.052*** 0.005 -10.150 

Monumental status 0.169*** 0.012 14.654 0.174*** 0.012 14.690 

Housing type        

     Apartment 0.018*** 0.004 4.959 0.011*** 0.004 3.142 

     Detached 0.159*** 0.004 47.707 0.159*** 0.003 47.456 

     Corner -0.047*** 0.005 -9.305 -0.048*** 0.005 -9.483 

     Attached -0.126*** 0.003 -39.216 -0.129*** 0.003 -39.769 

COROP        

     2: Delfzijl and vicinity       

     3: Remaining Groningen 0.045*** 0.016 2.807 0.049*** 0.016 2.986 

     4: North-Friesland 0.136*** 0.014 9.658 0.128*** 0.014 8.819 

     5: Southwest-Friesland 0.219*** 0.016 13.349 0.224*** 0.016 13.614 

     6: Southeast-Friesland 0.129*** 0.015 8.660 0.141*** 0.015 9.189 

     7: North-Drenthe 0.150*** 0.015 9.936 0.150*** 0.015 9.783 

     8: Southeast-Drenthe       

     9: Southwest-Drenthe 0.205*** 0.016 12.826 0.209*** 0.016 12.759 

     10: North-Overijssel 0.302*** 0.014 21.763 0.313*** 0.014 21.882 

     11: Southwest-Overijssel 0.281*** 0.016 17.408 0.281*** 0.016 17.116 

     12: Twente 0.167*** 0.014 12.204 0.169*** 0.014 12.024 

     13: Veluwe 0.418*** 0.014 30.752 0.416*** 0.014 29.667 

     14: Achterhoek 0.228*** 0.014 16.545 0.230*** 0.014 16.201 

     15: Arnhem/Nijmegen 0.347*** 0.013 26.421 0.350*** 0.014 25.780 

     16: Southwest-Gelderland 0.329*** 0.015 22.131 0.322*** 0.015 21.165 

     17: Utrecht 0.547*** 0.013 42.595 0.546*** 0.013 41.146 

     18: Kop van Noord-Holland 0.280*** 0.014 20.289 0.277*** 0.014 19.369 

     19: Alkmaar and vicinity 0.482*** 0.015 33.108 0.486*** 0.015 32.547 
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     20: IJmond 0.485*** 0.016 30.168 0.508*** 0.016 30.895 

     21: Agglomerate Haarlem 0.686*** 0.015 47.304 0.677*** 0.015 44.970 

     22: Zaanstreek 0.388*** 0.015 25.270 0.386*** 0.016 24.726 

     23: Groot-Amsterdam 0.719*** 0.013 55.813 0.722*** 0.013 54.164 

     24: Het Gooi and Vechtstreek 0.684*** 0.014 48.244 0.692*** 0.015 47.703 

     25: Agglomerate Leiden 0.619*** 0.014 45.066 0.617*** 0.014 43.645 

     26: Agglomerate ‘s-Gravenhage 0.445*** 0.013 33.875 0.445*** 0.014 32.845 

     27: Delft and Westland 0.493*** 0.015 32.591 0.491*** 0.016 31.394 

     28: East Zuid-Holland 0.455*** 0.014 31.763 0.460*** 0.015 30.870 

     29: Groot-Rijnmond 0.385*** 0.013 29.664 0.379*** 0.013 28.306 

     30: Southeast Zuid-Holland 0.339*** 0.014 24.185 0.337*** 0.014 23.352 

     31: Zeeuwsch-Vlaanderen 0.153*** 0.019 8.085 0.168*** 0.020 8.541 

     32: Remaining Zeeland 0.323*** 0.014 22.597 0.323*** 0.015 21.833 

     33: West Noord-Brabant 0.342*** 0.014 24.257 0.347*** 0.015 23.767 

     34: Mid Noord-Brabant 0.359*** 0.014 26.425 0.364*** 0.014 26.024 

     35: Northeast Noord-Brabant 0.376*** 0.013 28.268 0.383*** 0.014 27.835 

     36: Southeast Noord-Brabant 0.365*** 0.013 27.607 0.368*** 0.014 26.939 

     37: North Limburg 0.212*** 0.017 12.379 0.212*** 0.017 12.154 

     38: Mid Limburg 0.204*** 0.017 12.159 0.209*** 0.017 12.337 

     39: South Limburg 0.170*** 0.015 11.187 0.166*** 0.016 10.676 

     40: Flevoland 0.192*** 0.014 14.178 0.191*** 0.013 13.710 

Nr. of observations 55,987   55,987   

Adjusted R² 0.7675   0.7676   

Residual standard error 0.233   0.233   

F-statistic 3525   3533   

p-value 2.2e-16   2.2e-16   

Degrees of freedom 55,934   55,934   

The dependent variable is the logarithm of the updated listing price. 
For the dummy variables, the remaining categories (building year category “1906-1945”, type of transac-
tion “k.k.”, monumental status “no”, housing type “semi-detached”, and COROP “1: Oost-Groningen”) act 
as reference categories or values.  
*** = significant at 1%. 
      

    All variables, except COROP number 2, 8, and building year category “1985-1990” in the 

validation set, are statistically significant at the 1% level or less in both the training and the 

validation set. COROP number 8 is statistically significant at the 5% level and building year 

category “1985-1990” is statistically significant at the 5% level in the validation set. Variables 
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with low t-values, which indicate less statistical significance than other variables, are: building 

year category “1985-1990”, housing type “Apartment”, and COROP number 2, 3 and 8. Less 

economic significant variables are: building year categories “1985-1990” and “1990-2007”, housing 

type “Apartment”, and COROP number 2. In relation to the second model, housing type 

“Apartment”, and building year categories “1960-1975” and “1975-1985” decreased in coefficient 

and t-value, while building year categories “1990-2007” and “2007 and after” increase in coeffi-

cient and absolute value of the t-value. Z-scores can be calculated in the same way as in model 1 

and 2, to test whether the coefficients of variables in the training set are statistically similar to 

the coefficients on the same variables in the validation set or not. Results indicate the null-

hypothesis (the coefficient of a variable in the training set is statistically similar to the coeffi-

cient of the same variable in the validation set) is assumed for all variables in model 3 at the 

95% level, except COROP number 38 (“Midden-Limburg”). In addition, the same problem with 

respect to p-values holds (see page 96).  

    So, on average, the estimated regression coefficients are a good approximation of their true 

value. All in all, the validation set of the second model has an R² of 76.76%. Regression coeffi-

cients can be ranked according to their size (see figure 13), which shows that “Size” , but also 

COROP numbers 23, 24, and 25 are important variables and dummies, respectively. This model 

has been used to predict “Ln of Updated Listing Price” in the test set. The median percentage 

difference between actual and fitted values of “Updated listing price” in the test set is 13.95%. 

This is comparable to model 1 and model 2, which is assumed to be too high. Regarding the test 

set, 82.32% of the 55,987 cases have a percentage difference lower than 30%, 65.44% of the cases 

have a percentage difference lower than 20%, 37.45% of the cases have a percentage difference 

lower than 10% and 19.46% has a percentage difference lower than 5%. There are outliers in the 

dataset that impose a bias on the results (see figure 14). 
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Figure 13: Plotting the regression coefficients of model 3, with their 95% confidence intervals 

 

 Figure 14: Scatterplot of the fitted versus the actual updated listing prices of model 3 (the red line 
indicates the mean of the listing price, conditional on its independent variables) 
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6.2.6 Model 4: Including Municipality as Locational Indicator 

    The fourth model includes the same variables as the first model and has a dummy that refers 

to the municipality in which a house is located. This reduces the scale in relation to model 3. 

Results indicate similar coefficients, standard errors and t-values for variables in the training 

and validation set. All variables, except building year category “1985-1990”, housing type 

“Apartment”, and several municipalities, are statistically significant at the 1% level or less in 

both the training and the validation set. Less economic significant variables are: building year 

category “1985-1990” housing type “Apartment”, and several municipalities with an absolute 

coefficient of less than 0.03. In relation to the third model, housing types “Apartment” and “De-

tached” , “Monumental status”, and building year categories “1960-1975” and “1975-1985” de-

creased in coefficient and t-value, while housing types “Corner” and “Attached”, and building 

year categories “1990-2007” and “2007 and after” increase in coefficient and absolute value of the 

t-value. Calculated Z-scores (as in model 1, 2 and 3) yield that most coefficient estimates of 

variables are statistically similar. They should be similar because samples are taken at random 

without replacement. Therefore, it is assumed that any differences are due to chance. The same 

problem with respect to p-values holds (see page 96).  

    All in all, the validation set of the second model has an adjusted R² of 80.05%. This model 

has been used to predict “Ln of Updated Listing Price” in the test set. The median percentage 

difference between actual and fitted values of “Updated listing price” in the test set is 12.55%. 

This is better than model 1, 2 and 3, which could be in an acceptable range (verified by 

DataQuote). Regarding the test set, 86.22% of the 55,987 cases have a percentage difference 

lower than 30%, 70.28% of the cases have a percentage difference lower than 20%, 41.40 % of the 

cases have a percentage difference lower than 10% and 21.81% has a percentage difference lower 

than 5%. There are outliers in the dataset that impose a bias on the results (see figure 15). 
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Figure 15: Scatterplot of the fitted versus the actual updated listing prices of model 4 (the red line indicates 
the mean of the listing price, conditional on its independent variables) 
 
 
 

 
6.3 Model 5: Including Neighborhood Variables  

    While it is obvious that adding more and more variables leads to a better goodness-of-fit, 

decreasing the scale (i.e. increasing the amount of dummies) also leads to an (statistic and) 

economic increase in model performance, as measured by the percentage difference between 

fitted and actual listing price in the test set. However, including the province dummies, COROP 

dummies, and municipality dummies at the same time does not lead to a better model in terms 

of R² or a decrease in the median percentage difference between fitted and actual price. If this is 

done, the end result is model 4 (i.e. province and COROP dummies insignificant). So, a decreas-

ing locational scale, in terms of breadth, increases the goodness-of-fit and decreases the median 

percentage difference between fitted and actual price in predictions of the test set, but including 

all locational indicators does not lead to a better model than including locational indicators at 

the smallest scale of the previous models. Going a step further, the locational characteristics 

that affect market value can be estimated, instead of including dummies for location. On the 
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basis of X and Y coordinates, geocoding leads to street name and house number of all objects in 

the dataset, by using Google Maps and an R script54. The R script accesses Google API for 

developers, fills in all X and Y coordinates and then returns the street names and house num-

bers. Neighborhood name and code can now be added by using CBS data via a merge, where 

municipality code, street and house number is used as unique qualifier for a given neighborhood 

name and code. Then, several neighborhood variables from the year 2011 and 2012 can be added 

by using the classifier “neighborhood code”. Neighborhood level is the smallest scale on which the 

CBS reports data. It is part of a municipality, which has homogeneous “boundaries”, set by the 

respective municipality. Homogeneous refers to the fact that in a given neighborhood, one func-

tion (e.g. housing, work, or recreation) is dominant. In that regard, neighborhoods differ in their 

size. Because an analysis of similar studies in other countries (see chapter 4) has led to the 

conclusion that various location specific variables can be used, without clear patterns between 

the studies, all possible neighborhood variables that are available from the CBS have been add-

ed. Some comparable studies (see appendix A, B, and C) also included information about the 

residents in a neighborhood (aggregated). These variables can also be included, when available. 

As a starting point, the new dataset with neighborhood variables needs to be defined and 

cleaned (subsection 6.3.1), analyzed on summary statistics and sample selection bias (subsection 

6.3.2), analyzed on normality and on their relation with the dependent variable, and correlations 

need to be computed (subsection 6.3.3). Multivariate regression, with a training, validation. and 

test procedure, as in the previous models to ensure predictive power via cross-validation, will 

then provide insight in the statistical and economic relevant variables that may be of importance 

when estimating market value (subsection 6.3.4 and 6.3.5).   

 

                                                           
54

 See: Google Developers (2013) and Marcum (2011). 
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6.3.1 Dataset Definition and Cleaning 

   All variables that are added from CBS (2013j) data have been defined and possibly capped by 

a minimum or maximum value (see appendix F). This potential minimum or maximum value 

deletes false information (e.g.: 74.7 supermarkets of at least 150 m² within a radius of 3 km, 

63.50 primary schools within a radius of 3 km, 110% welfare assistance in a neighborhood and 

distance to train station of 58,673 meters). In addition, cases with missing values have been 

detected and deleted. Although this concerns only a minor part of the dataset (<2%), the cause 

should be analyzed. CBS (2013j) mentions that variables that refer to distances have only been 

recorded if 90% of the X and Y coordinates in a neighborhood are known. Also, for all neigh-

borhood variables, there must be at least 10 residents (50 residents with regard to the variable 

“Foreigners”, 50 households for the variable “% with welfare assistance” and for %owner-occupied 

and %rental houses there must be 20 registered houses in a neighborhood and the percentage 

unknown must be less than 50%) in a neighborhood and most numerical variables are rounded 

to the nearest 5 or 10. This imposes sample selection bias. All in all, 101,651 cases of the initial 

dataset of 167,963 cases (see subsection 5.1) remain. 

 

6.3.2 Summary Statistics and Sample Selection Bias 

   In addition to earlier reasons for sample selection bias (see section 5.4), the added neighbor-

hood variables impose issues. First, distance to amenities has only been recorded when 90% of 

all X and Y coordinates in a neighborhood are known. This eliminates neighborhoods form the 

dataset. Second, most neighborhood variables are only recorded when there are at least 10 

registered addresses in a neighborhood. Also, some variables have stricter rules. The variable “% 

with welfare assistance”  is only recorded when there are more than 50 households in a neighbor-

hood. This surpasses the previous rule of 10 registered addresses and eliminates all neighbor-

hoods that have less than 50 households. Third, there might be developments or restructurings 
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(i.e.: policies that rearrange neighborhood boundaries) within a municipality or neighborhood, 

which causes the exclusion of certain houses and/or neighborhoods due to the first and second 

issue.  

    Summary statistics can be computed for variables on an interval or ratio scale (see table 14). 

“Updated listing price” now falls closer to the national average (see section 5.4). The range of 

“Building year” has narrowed and its standard deviation is decreased so that it falls closer to the 

mean of the population. CBS (2009) mentions that “%Single family households”, “%Households 

with children” and “%Households without children” is about 35.6%, 27.7% and 29.2%, respective-

ly in the Netherlands (they do not add-up to 100% because of considerable rounding errors in 

CBS data). There is an overrepresentation of the category “%Households with children” and an 

underrepresentation of the category “%Single family households” in the sample. CBS (2013k and 

2013l) also mentions that “Average household size” was 2.20 in 2012 and that the “% Owner-

occupied houses” and “% Rental houses” were 56.7% and 43.3%, respectively. In the sample, 

“Average household size” more or less follows the population average, but the category “% Own-

er-occupied houses” is overrepresented (so the category “% Rental houses” is underrepresented). 

National data on other interval or ratio variables is unavailable.  

Table 14: Summary statistics of variables on a continuous scale of the cleaned dataset of model 5 

Variable name Mean Median Standard 

Deviation 

Min. Max. 

Updated listing price 264,125 223,035 155,576 50,097 2,468,391 

Building year 1974 1979 30.4 1700 2012 

Surface 124.7 120.0 48.3 14.0 858.0 

Parcel surface 262.5 185.0 273.1 0.0 1,498.0 

Volume 388.9 360.0 164.7 35.0 2,875.0 

Address density 1,091 1,012 748.0 8 3,851 

Residents 3,355 2,570 2,913.3 95 21,490 

%0-14 years of age 17.3 17.0 3.8 0.0 42.0 

%15-24 years of age 11.5 11.0 2.5 1.0 42.0 

%25-44 years of age 23.6 23.0 5.0 1.0 72.0 
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%45-64 years of age 29.5 29.0 4.6 6.0 53.0 

%65 years in age or older 18.1 17.0 7.3 0.0 86.0 

%Non-western foreigners 6.8 4.0 8.2 0.0 66.0 

%Western foreigners 7.8 7.0 4.0 0.0 71.0 

%Single family households 30.5 29.0 10.3 4.00 84.0 

%Households with children 37.3 37.0 9.2 1.0 78.0 

%Households without children 32.3 32.0 5.5 7.0 68.0 

Average household size 2.3 2.3 0.3 1.2 4.0 

Passenger cars per household 1.1 1.1 0.4 0.2 9.5 

%Welfare assistance 9.3 6.0 11.5 0.0 88.0 

Density of population 3,428.0 3,149.0 2,484.7 4.0 22,161.0 

Distance to hospital 5.1 4.4 4.1 0.0 19.9 

Amount of hospitals within 5km 0.6 0.6 0.6 0.0 3.0 

Amount of hospitals within 10km 1.7 1.3 1.3 0.0 7.8 

Distance to day-care center 1.1 0.7 1.0 0.1 9.7 

Amount of day-care centers within 1km 1.4 1.0 1.3 0.0 8.9 

Amount of day-care centers within 3km 6.5 5.0 5.4 0.0 26.6 

Amount of day-care centers within 5km 13.6 10.5 11.1 0.0 49.6 

Distance to after-school care center 0.9 0.6 0.9 0.2 10.4 

Amount of after-school care centers within 1km 1.7 1.5 1.4 0.0 9.2 

Amount of after-school care centers within 3km 7.7 6.1 6.1 0.0 35.6 

Amount of after-school care centers within 5km 15.8 13.0 12.3 0.0 59.4 

Distance to main road 1.3 1.3 1.2 0.0 8.9 

Distance to train station 5.0 3.6 4.8 0.0 29.7 

Distance to library 1.9 1.4 1.8 0.1 18.5 

Distance to ice-rink 20.4 17.9 14.3 0.3 112.3 

% Owner-occupied houses 62.0 64.0 17.1 0.0 100.0 

% Rental houses 37.5 36.0 17.2 0.0 100.0 

Average gas usage 1,662.0 1,600.0 447.0 100.0 4,750.0 

Average electricity usage 3,577.0 3,500.0 682.3 1,550.0 6,750.0 

Distance to cinema 7.5 7.0 4.8 0.2 19.9 

Amount of cinemas within 10km 1.5 1.0 1.8 0.0 13.0 

Distance to primary school 0.7 0.5 0.5 0.0 8.4 

Amount of primary schools within 3km 7.5 7.0 4.7 0.0 19.9 

Distance to supermarket 1.0 0.7 0.9 0.1 8.3 

Amount of supermarkets within 3km 5.3 4.7 3.8 0.0 19.8 

Distance to restaurants 0.9 0.7 0.7 0.0 6.3 

Amount of restaurants within 3km 15.8 11.0 14.6 0.0 74.8 
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Distance to lower education (VMBO) school 3.1 2.1 2.6 0.2 17.1 

Amount of lower education schools in 5km 2.5 2.0 2.2 0.0 9.9 

Distance to pre-university (HAVO/VWO) school 3.8 2.8 3.0 0.2 17.9 

Amount of pre-university schools in 5km 1.7 1.2 1.5 0.0 7.9 

Distance to swimming pool 4.0 3.0 3.0 0.3 21.4 

    

    With regard to ordinal or nominal variables, only “Housing type” and a plot of all cases across 

the Netherlands is possible (see subsection 5.4.2). The division of the dataset of model 5 between 

housing types is 26.4% for “detached”, 19.1% for “semi-detached”, 5.7% for “corner”, 27.0% for  

“attached” and 21.8% for “apartments” (recall national average: 14.4% detached, 12.8% semi-

detached, 12.6% corners, 27.6% attached and 32.6% apartments). In relation to the previous 

dataset (see chapter 5), the categories “detached”, “semi-detached” are overrepresented more, the 

category “apartments” is underrepresented more and the categories “corner” and “attached” come 

closer to the national average in relation to the previous dataset. Plotting the dataset reveals 

that not only there is a clustering in Amsterdam, but also in other municipalities (see figure 16). 

On a provincial level, Noord-Brabant and Gelderland are overrepresented, while Zuid-Holland 

and Flevoland are underrepresented.    

    All in all, there is sample selection bias, so the results of model 5 should not be generalized to 

the population. A comparison between several summary statistics of the sample and statistics of 

the Netherlands makes this clear. The dataset initially was not representative of the population. 

The further reduction due to missing neighborhood information and strange values on neighbor-

hood variables lead to excluding several neighborhoods. This does not make the sample more 

representative of the population. Still, an analysis can be done to derive the importance of 

neighborhood characteristics. The results will be tested for out of sample data (test set), to 

conclude whether the results can be an approximation for datasets that list other houses in the 

Netherlands.   
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Figure 16: Distribution of the dataset of model 5 across the Netherlands (left) and heat map (right) of the  
Netherlands (source: derived from TargetMaps)
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Actual listing price 

Size 

Distance to main road 

Distance to train station 

Distance to library 

Distance to cinema 

Amount of cinemas in 10km 

Distance to restaurant 

Amount of restaurants in 3km 

Distance to hospital 

Amount of hospitals in 5km 

Amount of hospitals in 10km 

Amount of hospitals in 20km 

Distance to day-care center 

Amount of day-cares in 1km 

Amount of day-cares in 3km 

-1.0   0.9    0.8    0.7    0.6    0.5    0.4    0.3    0.2    0.1    0.0    0.1    0.2    0.3    0.4    0.5    0.6    0.7    0.8    0.9  1.0     

Amount of day-cares in 5km 

Distance to after-school center 

Amount of after-schools in 1km 

Amount of after-schools in 3km 

Amount of after-schools in 5km 

Distance to ice-rink 

Distance to primary school 

Primary schools in 3km 

Distance to supermarket 

Amount of supermarkets in 3km 

Distance to lower education school 

Lower education schools in 5km 

Distance to pre-university school 

Pre-university schools in 5km 

Distance to swimming pool 

Figure 17: Correlation matrix of all interval and ratio variables present in the dataset of model 5, stage 1 

6.3.3 Correlation and Principal Component Analysis 
   A correlation matrix indicates the correlations between locational variables (see figure 17).  
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    Correlations above 0.5, except if it is with the dependent variable (indicated with green 

circles) could lead to multicollinearity. Therefore, data reduction is necessary. There are varia-

bles that measure locality on different scales (i.e. amount of hospitals in 5, 10, and 20 km, 

amount of day-cares in 1, 3, and 5 km, and amount of after-schools in 1, 3, and 5 km). For these 

variables, a choice could be made for those that have the highest correlation with the dependent 

variable, which means the inclusion of the amount of hospitals in 10km, the amount of day-cares 

in 1 km, and the amount of after-schools in 1 km. Several independent variables then still have a 

correlation above 0.5 with other independent variables. It might be obvious that some of the 

variables relate to locality to everyday amenities (e.g. supermarket and schools), while others 

relate to the locality to centrum amenities (e.g. restaurant). For this reason, a principal compo-

nent analyses has been done to conclude whether such a distinction is possible (before excluding 

similar variables that only differ on their locational scale). Results indicate that a distinction 

between locality to everyday amenities and locality to centrum amenities cannot be made (see 

appendix E). The first component of “Location” explains 67.31% of total variance, and compo-

nent two, three and four explain 17.15%, 2.87% and 2.79% of total variance, respectively. Com-

ponent 1 scores high on “Amount of restaurants within 3km”, “Amount of day-care centers within 

5km” and “Amount of after-school care centers within 5km”. Because all of these scores are 

negative, a high score on component 1 means that there are few restaurants within 3km and few 

day-care and after-school care centers within 5km. Therefore, component 1 is referred to as 

“Neighborhood locality”. Component 2 scores high on “Amount of restaurants within 3km”. This 

score is negative, meaning that the higher component 2, the less restaurants there are within a 

radius of 3km. It is assumed that most of the restaurants are located in the city center. Then, 

this variable measures “Centrality”. Component 3 scores high on “Amount of hospitals within 

20km”. The score is negative, meaning that a high score on component 3 means fewer hospitals 

within a radius of 20km. This component is referred to as “Regional locality”. Finally, component 
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4 scores high on “Distance to hospital”, “Amount of day-care centers within 5km” and “Amount 

of primary schools within 3km”. The higher the score on component 4, the higher the distance to 

a hospital, the higher the amount of day-care centers within a radius of 5 km and the lower the 

amount of primary schools within a radius of 3km. This component is difficult to interpret and 

is therefore referred to as “Other locality”. On the basis of eigenvalues (including as many com-

ponents until the elbow in a scree-plot), four components should be included. A varimax rota-

tion increases this interpretability (see appendix E).  

    Now that locational variables are summarized by using PCA, they need to be analyzed on 

correlation with all other variables in the dataset of model 5 (see figure 18). Results indicate 

that the percentages of age categories are correlated. As a solution, the summation of the aver-

age of each class, multiplied by its respective percentage yields the average age in a neighbor-

hood. This variable is categorized, because there is no reason to believe that the relation be-

tween age and listing price is linear. “% Owner-occupied houses” and “% Rental houses” follow 

out of each other (one is 100% minus the other), so one of these variables suffices. “% Single 

family households”, “% Households with children”, “% Households without children”, “Average 

household size”, “Average gas usage” and “Average electricity usage” are not assumed to directly 

affect “Ln of Updated Listing Price”. This link may go via “Size” and the last two may also go 

via “Building year”. This is conforming intuition: on average, the larger the household size, the 

larger the house should be (e.g. more bedrooms) and the larger the house, the more gas is need-

ed for central heating (assuming houses with similar insulation). Also, the older the house, the 

worse its insulation may be, and the higher its gas usage. For this purpose, “Size” and “Building 

year” have been aggregated to the neighborhood level so that this link becomes possible on the 

neighborhood scale (“Size” and “Building Year” were previously measured on the scale of indi-

vidual houses). Results indicate that a denser population leads to a higher address density. This 

relation is dependent on the surface of land in a neighborhood, as more addresses and people on 
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a smaller area of land surface lead to a higher density. “Land surface of a neighborhood” can be 

added from CBS data. It is the area in square kilometers of a neighborhood. PCA has been used 

for the same reasons as before (data reduction, explaining more variance than individual varia-

bles do, and components are uncorrelated). Analyzing the scree plot with eigenvalues leads to 

two density components (see appendix E). A high score on component 1, which is interpreted as 

“Density”, means that “Ln of address density” is high and “Ln of land surface” is low (loadings of 

0.676 and -0.670, respectively). A high score on component 2, which is interpreted as “Neighbor-

hood size” means that “Ln of residents” (loading of 0.754) is high, while also “Ln of land surface” 

is high (loading of 0.605). Together, these two components explain 94.49% of total variance. The 

varimax rotation matrix increases the interpretability of the components (see appendix E). 

Finally, “Cars per household”, “% Welfare assistance” and “% Owner-occupied houses” are a 

proxy of the average welfare in a neighborhood. PCA can be used for the same reasons as before 

(see appendix E). A scree plot with eigenvalues results in two components. The first component, 

which is interpreted as “Welfare as % owner-occupied housing” is high when “% Owner-occupied 

houses” is also high (loading of 0.989). This component explains 69.69% of the total variance. 

Component two, “Welfare as % welfare assistance”, is high when “% Welfare assistance” is low 

(loading of -0.989). This component explains 30.14% of the total variance. Both welfare compo-

nents explain 99.98% of the total variance. The varimax rotation matrix increases the interpret-

ability of the components (see appendix E).  
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Figure 18: Correlation matrix of all interval and ratio variables present in the dataset of model 5, stage 2 
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6.3.4 Regression and Results 

     Model 5 includes neighborhood variables. This reduces the scale in relation to the previous 

models. Results indicate comparable coefficients, standard errors and t-values for variables in the 

training and validation set, except for the intercept and “Average size of houses in the neighbor-

hood” (see table 15). In addition, no causal relationship between the independent variables and 

the dependent variable is assumed.  

Table 15: Results of the training and validation set for model 5 

Variable name β  
Training 

Std. err. 
Training 

t-value 
Training 

β  
Validation 

Std. err. 
Validation 

t-value 
Valid. 

Building year 

    Before 1906       

    1945-1960 -0,029*** 0,007 -4.509 -0,032*** 0,006 -4,910 

    1960-1975 -0,080*** 0,005 -14.534 -0,078*** 0,005 -14,480 

    1975-1985 -0,045*** 0,006 -7.490 -0,038*** 0,006 -6,310 

    1985-1990 0,057*** 0,008 7.595 0,056*** 0,007 7,590 

    1990-2007 0,085*** 0,006 14.618 0,091*** 0,006 15,770 

    After 2007 0,121*** 0,009 13.126 0,138*** 0,009 15,320 

Size 0,625*** 0,004 166.905 0,625*** 0,004 167,540 

V.o.n. transaction -0,045*** 0,008 -5.578 -0,059*** 0,008 -7,500 

Monumental status 0,159*** 0,021 7.458 0,122*** 0,021 5,890 

Housing type 

    Apartment 0,043*** 0,005 7.940 0,044*** 0,005 8,090 

    Detached 0,150*** 0,004 33.508 0,146*** 0,004 32,770 

    Corner -0,051*** 0,007 -7.293 -0,037*** 0,007 -5,260 

    Attached -0,106*** 0,005 -23.354 -0,103*** 0,004 -23,120 

Density 0,038*** 0,002 17.447 0,039*** 0,002 18,090 

Size neighborhood 0,013*** 0,001 8.778 0,013*** 0,001 8,910 

Average age of residents 

    30-40    0,099*** 0,034 2,920 

    40-50 0,112*** 0,039 2.881 0,124*** 0,035 3,570 

    50-60    0,099*** 0,037 2,650 

    60-70       

    Older than 70       

% Non-western foreigners -0,002*** 0,000 -6.439 -0,002*** 0,000 -7,440 

% Western foreigners 0,004*** 0,000 7.465 0,003*** 0,000 6,910 

Average size houses in neighborhood 3,811*** 1,138 3.349 5,814*** 1,137 5,110 
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% Single family households       

% Households with children       

% Households without children       

Average household size 0,283*** 0,022 13.020 0,313*** 0,021 14,700 

Average gas usage 0,006*** 0,001 9.738 0,006*** 0,001 10,110 

Average electricity usage -0,001*** 0,000 -3.347    

Average building year neighborhood 0,001*** 0,000 3.005 0,002*** 0,000 5,640 

Welfare (% owner-occupied housing)       

Welfare (% welfare-assistance)       

Neighborhood locality -0,001*** 0,000 -13.133 -0,002*** 0,000 -14,070 

Centrality neighborhood 0,002*** 0,000 13.689 0,002*** 0,000 11,610 

Regional locality neighborhood -0,016*** 0,000 -46.353 -0,016*** 0,000 -47,640 

Other locality neighborhood -0,001*** 0,000 -2,830 

Distance to main road 0,004*** 0,001 3.484    

Distance to train station 0,002*** 0,000 6.229 0,001*** 0,000 4,250 

Distance to library    0,003*** 0,001 2,980 

Combined terms 

    Average size houses in neighborhood 
    :% Single-family households -0,035*** 0,011 -3.126 -0,056*** 0,011 -4,910 
    Average size houses in neighborhood 
    :% Households with children    -0,046*** 0,011 -4,030 
    Average size houses in neighborhood 
    :% Households without children -0,031*** 0,011 -2.778 -0,051*** 0,011 -4,530 
    Average size houses in neighborhood 
    :Average household size -0,304*** 0,071 -4.311 -0,370*** 0,069 -5,330 
    Average size houses in neighborhood 
    :Average gas usage 0,000*** 0,000 3.055 0,000*** 0,000 4,900 
    Average size houses in neighborhood 
    :Average electricity usage       
    Average building year in neighborhood 
    :Average gas usage -0,000*** 0,000 -9.706 -0,000*** 0,000 -10,090 
    Average building year in neighborhood 
    :Average electricity usage 0,000*** 0,000 3.541    

Nr. of observations 33,883   33,883   

Adjusted R² 68,93%   69,11%   

Residual standard error 0.268   0.265   

F-statistic 1567   1581   

p-value 2.2e-16   2.2e-16   

Degrees of freedom 33834   33834   
The dependent variable is the logarithm of the updated listing price. 
For the dummy variables, the remaining categories (building year category “1906-1945”, type of transac-
tion “k.k.”, monumental status “no”, housing type “semi-detached”, and average age of residents category 
“20-30”) act as reference categories or values.  
*** = significant at 1%. 
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    Most variables are statistically significant on the 1% level or less. Some of these variables 

have coefficients that are close to zero. Such results are statistically significant (i.e. they add a 

small but “very true” value to the listing prices of houses) but not relevant in an economic sense 

(see subsection 6.3.5 for an example). For the training set, variables that are insignificant (“only” 

at the 5% level) are: building year category “Before 1906”, average age of residents categories 

“30-40” and “50-60”, “% Households with children”, and the interaction term “Average size of 

houses in the neighborhood:% Household with children”. Variables in the training set that are 

insignificant (at the 10% level or more) are: average age of residents category “60-70” and “Older 

than 70”, “% Single family households”, “Welfare (% owner-occupied housing)”, “Welfare (% 

welfare-assistance)”, “Other locality neighborhood”, the term “Average size of houses in the neigh-

borhood:Electricity usage”, “% Households without children”,  and “Distance to library”. This 

roughly also holds for the validation set, with the exception of the last aforementioned last two 

variables and “Average size of houses in the neighborhood”, which become more or less statisti-

cally significant.  

    In relation to the fourth model, the coefficients of the housing type category “Apartment” 

changed back from negative to positive. By calculating Z-scores (as in model 1, 2, 3 and 4), and 

comparing this with the 95% level, concluded can be that all variables, except the intercept are 

statistically similar to each other in the training and validation set. The same problem with 

respect to p-values holds (see page 96).  

    All in all, the validation set of the fifth model has an R² of 69.11%. Regression coefficients 

can be ranked according to their size (see figure 19), which shows that “Size” is an important 

variable because of its coefficient size. Remarkably is that when the average age in a neighbor-

hood is older than 70, this coefficient has a high standard error. This model has been used to 

predict “Ln of Updated Listing Price” in the test set.  
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Figure 19: Plotting the regression coefficients of model 5, with their 95% confidence intervals 

 

    The median percentage difference between actual and fitted values of “Updated listing price” 

in the test set is 15.53%. This is between model 1 (median percentage difference of 17.51%) and 

2 (median percentage difference of 14.78%). Regarding the test set, 78.34% of the 33,883 cases 

have a percentage difference lower than 30%, 60.78% of the cases have a percentage difference 

lower than 20%, 34.09% of the cases have a percentage difference lower than 10% and 17.71% 

has a percentage difference lower than 5%. There are outliers in the dataset that impose a bias 

on the results (see figure 20).  
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Figure 20: Scatterplot of the fitted versus the actual value of updated listing price of model 5   

 

    Because model 5 falls between the national model (model 1) and the model with an inclusion 

for the province (model 2) in terms of performance, while it is expected to perform better than 

the previous four models when all neighborhood variables are known (decreasing the scale even 

further), there is an issue with respect to omitted neighborhood variables. These are present in 

the error term.  

 

6.3.5 Case Study of how Updated Listing Price can be estimated 

    To derive the economic value of the neighborhood variables and object characteristics in the 

dataset, a listing of an owner-occupied house in the dataset, which is located in the neighbor-

hood “Centrum” in the municipality of Eindhoven, serves as an example. Its listing price is 

€312,991, while the validation set of model 5 values this house to be worth €377,038 (difference 

of 20.46%). Value decomposition is not possible because “Updated listing price” has been trans-

formed by taking the natural logarithm. Therefore, “Ln of Updated Listing Price” is not equal to 
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the sum of all coefficients multiplied with their value (i.e. if this is however assumed, “Average 

electricity usage” would have explained -21.65%, while “Average gas usage” would have ex-

plained 64.19% of “Ln of Updated Listing Price”, which is unrealistic and false). What can be 

done to get insight into the economic importance of independent variables is to again value the 

object, with a change in one variable, while holding all the others constant. This change leads to 

a change in the price. A one standard deviation increase in “Size” (+0.52) leads to a fitted value 

of €523,221, which is an increase of €146,183. Similarly, this can be done for all other interval 

and ratio variables (see table 15, column 2). In addition, dummy variables can change (e.g. 

instead of assuming the housing type “attached”, it can change to “apartment”). Results indicate 

that variables, where a one standard deviation increase causes a change in price of more than 

15%, are: building year category “1960-1975”, “Size”, housing types “Apartment” and “De-

tached”, and average age of residents in a neighborhood category “Older than 70”. Especially the 

average age category of residents in a neighborhood “Older than 70” and “Size” have a large 

influence on “Updated listing price” (-52.23% and 38.77%, respectively). However, the average 

age category of residents in a neighborhood “Older than 70” has a low t-value in the validation 

set (statistically significant at the 5% level) and is statistically insignificant (at the 10% level or 

less) in the training set. By analyzing the data, it becomes clear that there is one neighborhood 

in the dataset, which contains 6 houses, with the average age category “Older than 70”. There-

fore, the regression coefficient for this age category is only fitted on one neighborhood, which 

makes it unreliable when appraising houses in the Netherlands because of generalization issues. 

Similar results are found when considering only houses in Eindhoven (see table 16, column 3).  

    An issue that occurs is that variables may be correlated. Changing only one variable by a one 

standard deviation, while holding all other variables constant, is unrealistic. Yet, it is an ap-

proximation of the economic significance of all variables of a particular house.  
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Table 16: Economic significance of object and neighborhood variables in a case study 

Variable name Results of a 1 st. dev. in-
crease on listing price, under 
ceteris paribus conditions  

Results of a 1 st. dev. in-
crease on listing price, under 
ceteris paribus conditions 

 Netherlands Eindhoven 

Building year   

    Before 1906 -€35,867 (-9.51%) -€35,867 (-9.51%) 

    1945-1960 -€43,417 (-11.52%) -€43,417 (-11.52%) 

    1960-1975 -€58,630 (-15.55%) -€58,630 (-15.55%) 

    1975-1985 -€45,470 (-12.06%) -€45,470 (-12.06%) 

    1985-1990 -€12,742 (-3.38%) -€12,742 (-3.38%) 

    1990-2007 Reference category Reference category 

    After 2007 +€18,214 (+4.83%) +€18,214 (+4.83%) 

Size +€146,183 (+38.77%) +185,908 (+49.31%) 

V.o.n. transaction -€21,435 (-5.69%) -€21,435 (-5.69%) 

Monumental status +€48,944 (+12.98%) +€48,944 (+12.98%) 

Housing type   

    Apartment +€59,470 (+15.77%) +€59,470 (+15.77%) 

    Detached +€106,447 (+28.23%) +€106,447 (+28.23%) 

    Corner +€25,657 (+6.80%) +€25,657 (+6.80%) 

    Attached Reference category Reference category 

Density +€21,161 (+5.61%) +€8,142 (+2.16%) 

Size neighborhood +€5,385 (+1.43%) +€1,564 (+0.42%) 

Average age of residents   

    30-40 -€9,311 (-2.47%) -€9,311 (-2.47%) 

    40-50 Reference category Reference category 

    50-60 -€10,459 (-2.77%) -€10,459 (-2.77%) 

    60-70 -€32,349 (-8.58%) -€32,349 (-8.58%) 

    Older than 70 -€196,945 (-52.23%) -€196,945 (-52.23%) 

% Non-western foreigners -€6,354 (-1.69%) -€2,016 (-0.53%) 

% Western foreigners +€4,994 (+1.32%) +€1,888 (+0.50%) 

Average size houses in neighborhood +€7,104 (+1.88%) +€8,802 (+2.33%) 

% Single family households -€31,269 (-8.29%) -€36,251 (-9.62%) 

% Households with children -€54,567 (-14.47%) -€69,630 (-18.47%) 

% Households without children -€31,270 (-8.29%) -€18,934 (-5.02%) 

Average household size +€25,284 (+6.71%) +€27,777 (+7.37%) 

Average gas usage -€8,855 (-2.35%) -€5,068 (-1.34%) 

Average electricity usage +€23,816 (+6.32%) +€21,535 (+5.71%) 

Average building year neighborhood -€1,569 (-0.42%) -€1,635 (-0.43%) 

Welfare (% owner-occupied housing) +€267 (+0.07%) +€230 (+0.06%) 

Welfare (% welfare-assistance) -€1,258 (-0.33%) -€1,693 (-0.45%) 

Neighborhood locality -€12,356 (-3.28%) -€3,439 (-0.91%) 
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Centrality neighborhood +€6,876 (+1.82%) +€4,435 (+1.18%) 

Regional locality neighborhood -€25,886 (-6.87%) -€13,681 (-3.63%) 

Other locality neighborhood -€1,764 (-0.47%) -€1,823 (-0.48%) 

Distance to main road +€1,322 (+0.35%) +€1,116 (+0.30%) 

Distance to train station +€2,607 (+0.69%) +€1,019 (+0.27%) 

Distance to library +€1,868 (+0.50%) +€720 (+0.19%) 

Interaction terms   

    Average size houses in neighborhood 
    :% Single-family households 

+€0 (+0.00%) +€0 (+0.00%) 

    Average size houses in neighborhood 
    :% Households with children 

+€0 (+0.00%) +€0 (+0.00%) 

    Average size houses in neighborhood 
    :% Households without children 

+€0 (+0.00%) +€0 (+0.00%) 

    Average size houses in neighborhood 
    :Average household size 

+€0 (+0.00%) +€0 (+0.00%) 

    Average size houses in neighborhood 
    :Average gas usage 

+€0 (+0.00%) +€0 (+0.00%) 

    Average size houses in neighborhood 
    :Average electricity usage 

+€0 (+0.00%) +€0 (+0.00%) 

    Average building year in neighborhood 
    :Average gas usage 

+€0 (+0.00%) +€0 (+0.00%) 

    Average building year in neighborhood 
    :Average electricity usage 

+€0 (+0.00%) +€0 (+0.00%) 

 

6.4 Sub-conclusion  

    After collecting potentially relevant variables, some variables have been transformed to de-

crease their skewness. This has led to the variables: “Ln of Updated Listing Price”, “Ln of Sur-

face”, and “Ln of Volume”. To allow for nonlinearity, the variable “Building year” has been divid-

ed into category dummies. The variables “Type of transaction”, “Monumental status”, “Housing 

type” and locational indicators are all nominal variables, of which the categories can be included 

in models as dummies.  

    Under theory of multiple regression (Gauss-Markov theorem for large samples), the estimated 

regression coefficients under Ordinary Least Squares (OLS) are the best linear unbiased estima-

tors. Four models have been developed under the assumptions of OLS regression, all having “Ln 

of Updated Listing Price” as dependent variable. In addition, the final dataset is divided into 

three equally sized sets: a training, validation, and test set. The training, validation, and test 
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procedure prevents from overfitting a model on one dataset. The regression results of the train-

ing set are compared with those of the validation set. Then the estimated regression coefficients 

of the validation set are used to predict “Ln of Updated Listing Price” in the test set. The per-

centage difference between the predicted (fitted) and actual value of “Ln of Updated Listing 

Price” can then be calculated to derive how well the model predicts unknown datasets. Model 1 

contains the independent variables “Building year”, “Size”, “Type of transaction”, “Monumental 

status”, and “Housing type”. Because the variables “Ln of Surface” and “Ln of Volume” have a 

correlation of 0.959, they have been combined by using principal component analysis. The first 

component explains 97.97% of the total variance, has loadings of 0.71 on both “Ln of Surface” 

and “Ln of Volume” and has an eigenvalue that is greater than 1. This component is referred to 

as “Size”. The second component only explains 2.03% and has an eigenvalue than is less than 1. 

Therefore, this component will not be used in regression analysis. Model 2, 3, and 4 contain the 

same variables as model 1, with the addition of a dummy for “Province”, “COROP number”, and 

“Municipality”, respectively. This is to test whether adding more regional or locational infor-

mation of a house has a value (i.e. decreasing the scale from nation-wide to municipality). If so, 

the scale may be further decreased to the neighborhood level. Results indicate that the valida-

tion set of model 1 has an R² of 65.17%. The R² of model 2, 3, and 4 are 73.56%, 76.76%, and 

80.05%, respectively. This leads to the conclusion that adding regional or locational information 

and decreasing the scale form province to municipality leads to a better goodness-of-fit (perfor-

mance). Including all locational indicators (i.e. province dummies, COROP dummies, and mu-

nicipality dummies) does not lead to a better model than only including municipality dummies. 

When doing so, province dummies and COROP dummies become insignificant, while municipali-

ty dummies remain significant. Regional or locational information has value because it leads to 

better regression performance. Also, the median percentage difference between fitted and actual 
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price of model 1, 2, 3, and 4 is 17.51%, 14.78%, 13.95%, and 12.55%, respectively. For a model 

performance comparison, see table 17.  

Table 17: Model performance comparison 

 Model 1:  
Country-wide 

Model 2:  
Provinces 

Model 3:  
COROP areas 

Model 4: 
Municipalities 

R² 65.17% 73.56% 76.76% 80.05% 

Median percentage difference 
between fitted and actual value 

17.51% 14.78% 13.95% 12.55% 

 

    To derive statistically and economically significant characteristics of the location, neighbor-

hood variables have been added from CBS data. Model 5 estimates the coefficients and statisti-

cal significance of neighborhood variables. This is because decreasing the scale from a nation-

wide model to a model that includes municipalities leads to better performance (see table 16). 

Several neighborhood variables have been summarized by using PCA (e.g. variables that meas-

ure a distance to a local amenity). Some neighborhood variables blur the causal relationship 

between independent variables and the dependent variable. Therefore, no causal relationship is 

assumed. Results indicate that the goodness-of-fit of the validation set of model 5 is 69.11% and 

that the median percentage difference between fitted and actual price is 15.53%. In relation to 

the previous four models, model 5 falls between model 1 and 2 in terms of performance. When 

all neighborhood variables that influence the listing prices of houses would be known, the model 

should perform better than all previous models, because the scale is decreased further from 

municipality level (model 4) to neighborhood level (in addition, there are more independent 

variables). This leads to the conclusion that there is an omitted variable bias in model 5. Re-

gression results of model 5 indicate that most variables are statistically significant on the 1% 

level or less. Building year category “Before 1906”, average age of residents categories “30-40” 

and “50-60”, “% Households with children”, and the term “Average size of houses in the neigh-

borhood:% Household with children” are statistically significant at the 5% level. Variables that 
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are insignificant are: average age of residents category “60-70” and “Older than 70”, “% Single 

family households”, “Welfare (% owner-occupied housing)”, “Welfare (% welfare-assistance)”, 

“Other locality neighborhood”, “% Households without children”, “Distance to library”, and the 

term “Average size of houses in the neighborhood:Electricity usage”. A case study of a house in 

Eindhoven yields insight how a value determination could be done. By analyzing the economic 

significance on each of the variables in the dataset, it becomes clear that object characteristics 

(mainly “Size”) are the most important contributors to “Updated listing price”. Neighborhood 

characteristics, where a one standard deviation change (on a national level), leads to a change of 

“Updated listing price” of more than 5%, are: “% Households with children” (-14.47%), age cate-

gory of residents “60-70” (-8.58%), “% Households with children” (-8.29%), “% Single family 

households” (-8.29%), “Average household size” (6.71%), “Average electricity usage” (6.32%), and 

“Density” (5.61%). Now that models have been constructed and results have been analyzed, a 

closer look to the robustness of such results over time is needed. Because all models use an 

updated listing price, time series analyses cannot be done. In addition, such analysis falls outside 

the scope of this master thesis. However, the Dutch housing market is affected by several macro-

economic variables, which could interact with the independent variables that are used in the five 

regression models. The introduction (chapter 1) already mentioned their importance. With an 

eye on valuation purposes and the constructed models in this chapter, every appraiser should be 

aware of these macro-economic trends. They are discussed in chapter 7.  
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7 

 GROWING IMPORTANCE OF MACRO-ECONOMIC 

VARIABLES 

 

     An issue with regard to the valuation of owner-occupied housing, as discussed in the intro-

duction (chapter 1) remains the acknowledgement of macro-economic trends (which could inter-

act with other variables). It has been recognized that markets are increasingly interlinked (glob-

alization, see: chapter 1 and 2). Therefore, macro-economic trends affect housing markets and 

they can be a sign of boom or bust cycles. To make point-valuations at 2012Q4 (chapter 6) more 

robust throughout time, macro-economic trends need to be analyzed by discussing boom and 

bust cycles, which links housing markets to other (international) markets (section 7.1). By 

assuming this linkage, macro-economic variables can be analyzed that can be a cause of boom 

and bust cycles (section 7.2). It gives the reader insight into variables that cause the overall 

economy (of which housing is a substantial share) to move in a certain direction. 
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7.1 Boom and Bust Cycles     

    It is clear that housing is a major part of the GDP of countries (see section 2.1 and 2.2). On 

average, real estate constitutes the third largest asset class. Within real estate, housing is the 

major contributor (48%). To understand the link between housing in a country and the macro-

economy, the definition of GDP is essential. It includes “the sum of total consumption, invest-

ment, government spending and net exports” (European Commission, 2011). Because housing has 

a substantial share, a housing market bust decreases GDP substantially (Leung, 2003). Because 

of the bust, there is a lower demand for houses. Muellbauer (2012) mentions that housing serves 

as collateral for raising cheap debt. He then reasons that during a bust, people may default on 

housing loans, which leads to major losses on a bank’s balance sheet. The lower demand for 

houses and the decrease in available capital of banks, leads to less home construction, decrease 

in home prices, decrease in consumer wealth, decrease in consumption, increase in risk from the 

standpoint of a bank and tightened credit standards (Muellbauer, 2012). Assuming the definition 

of GDP, a housing market bust ultimately leads to a reduction in total consumption, investment, 

government spending and net exports. It effectively makes a country poorer. Vice versa, an 

increase in GDP is possible during a housing market boom. Together with the trends of interna-

tionalization and globalization, the economic systems of countries become interdependent on 

each other (Aizenman and Jinjarak, 2009). This global economic integration leads to global 

booms and busts. The 2007 bust of the housing market in the US has led to a collapse of the 

economic system, not only in the US but also in other countries. This confirms the statement 

that there is an interdependency of economic systems in various countries and that the housing 

market affects other markets.  
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7.2 Macro-economic Variables 

    Now that it is clear that local and global economies affect housing markets, a discussion of 

macro-economic variables that relate to housing prices is needed. The script to update listing 

prices to a defined quarter (see subsection 3.2.3) partly captures macro-economic trends. Re-

gressing the quarterly increase or decrease in prices per housing type in a province or COROP 

region on its components surpasses the scope of this master thesis. Yet, macro-economic varia-

bles are the most important variables that drive price developments of houses (Boelhouwer, 

2003). Leung (2003) and Bouchouicha and Ftiti (2012) mention that the interaction between 

housing markets and the macro-economy has long been ignored and that literature is scarce. 

Hiebert and Sydow (2011) describe that, for the euro area, excess return to housing (returns on 

housing minus the return on the risk-free rate) depend on the rental yield, the real interest rate 

and real disposable per capita income. From their analysis, it follows that in the long term (16-

32 quarters), excess return to housing mainly depends on the rental yield. The strength of this 

relationship varies across countries on the shorter-term, which is defined as less than a year 

(Hiebert and Sydow, 2011; Igan et al., 2011). The rental yield is, from the perspective of a lend-

er, an indicator of cash-flow news, which depends on expectations (Hiebert and Sydow, 2011). 

This relation is further described by Tomura (2013), who describes that over-optimism could 

lead to shocks in the macro-economy in the form of boom-bust cycles. On the other hand, Ad-

ams and Füss (2010) describe that housing prices react limited to news (price stickiness) and 

that the reaction is lagged. Their reasoning is that homeowners resist selling their house if the 

price drops significantly and that as a result, they hypothesize that house prices only decrease 

through inflation. By using data of 15 countries over a period of 30 years, they find that eco-

nomic activity (principal component of money supply, consumption, production GDP, and em-

ployment), construction costs and the long term interest rates are statistically significant in 

explaining house prices, which are adjusted for inflation. Aizenman and Jinjarak (2009) find 
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that, for the OECD countries, real estate prices are driven by GDP per capita growth or decline, 

inflation, financial depth (credit as a percentage of GDP provided by the banking sector), insti-

tution (measure of law and order), urban population growth and the rental yield. They also find 

that there are less clear conclusions for non-OECD countries. Nneji and Ward (2013) conclude 

that, in the US, changes in house price developments in the long-run (from 1960 to 2011) de-

pend on short term interest rates, the term spread (difference between long and short interest 

rate), and disposable personal income. In their study, inflation rates were not found statistically 

significant at the 10% level or less. They also found that, on the short term, economical and 

statistical significance differed between bust, boom, and steady-state periods. A bust period 

results in only the constant to be statistically significant at the 10% level or less. Bouchouicha 

and Ftiti (2012) link housing price developments in the UK and US to the long and short term 

interest rate, inflation, and employment growth.  

 

7.3 Sub-conclusion 

Housing is a large part of a country’s GDP. Therefore, a housing market bust ultimately leads to 

a reduction in total consumption, investment, government spending and net exports. To the 

contrary, an increase in GDP is possible during a housing market boom. Global economic inte-

gration leads to global booms and busts. Global macro-economic variables have their effect on 

housing markets. Inflation rates, GDP growth or decline and long term interest rates are consid-

ered as consistent and most relevant macro-economic variables for housing markets, in literature. 

Employment growth and short term interest rates are also used frequently to derive relevant 

variables that explain changes in house prices. Current literature is indeed scarce, but by analyz-

ing trends in inflation, GDP growth, long term interest rates, and possibly employment growth 

and short term interest rates, appraisers are able to make more consistent valuations of houses 

with respect to the macro-economy, over time. These trends are mainly on a national level (em-
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ployment growth could be per geographic “region”). They are not included in the five models of 

section 6, because they will be constants (no time series in section 6). Assuming the trend of 

globalization, markets increasingly become interlinked. As a result, macro-economic indicators 

will become more important. Combining knowledge on macro-indicators with knowledge on 

boom and bust cycles (and possibly demographic trends) in housing markets is essential to 

derive conclusions whether house prices will continue to rise or whether they will drop. As the 

regression results in section 6 are point estimators (2012Q4), time series analysis has not been 

done. However, how valuations by the models in chapter 6 change in the near future will depend 

on how macro-economic variables change. Section 1 assumed that macro-economic variables 

might function as interaction variables in the determination of house prices at a particular mo-

ment in time (2012Q4). Yet, such interactions have not been found in literature. It is not clear 

how and whether macro-economic variables have an effect on the association between object and 

spatial characteristics with house prices. This potential interactive effect remains a topic of 

further research. What is clear is that there are aforementioned macro-economic variables, which 

determine how house prices change throughout time (i.e. time series).    
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8 
 CONCLUSION AND RECOMMENDATIONS  

 

    This master thesis concludes by answering all sub-questions in accordance, so that, finally, 

the problem definition can be answered (section 8.1). During the writing of this master thesis, 

several topics for further research have been found, which will be shortly described (section 8.2).  

 

8.1 Conclusion 

    To answer the first and second sub-questions (“What is value of houses?” and “Which values 

with respect to housing are used in practice?”), a distinction has been made between relevant 

individualistic economic values (use value, investment value, and insurable value) and collective 

economic values (market, liquidation, and assessed value). Market value, as a collective economic 

value has been chosen, because it is a same-for-all number and because other collective economic 

values can be derived on its basis. With regard to its definition, the International Valuation 

Standards Council defines it as “the expected selling price of the specified real property rights in 

arm’s-length transaction, as of the date of the appraisal, and assuming a reasonable exposure to 
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the market”. Arm’s-length transaction presumes that the buyer and seller are motivated, well 

informed, and act reasonably in their own self-interest without undue duress.  

    To answer the third and fourth sub-questions (“What method(s) could be used to determine 

value of houses?” and “Which housing and spatial characteristics are potentially relevant for 

explaining market values of houses in the Netherlands?”), comparable studies have been ana-

lyzed. The Hedonic Pricing Method has been chosen as it decomposes value into its characteris-

tics. This method is used in most comparable studies. In addition, it can be used to answer the 

fifth sub-question and to partly answer the problem definition. Comparable studies can be clas-

sified as country-wide, district, and city level models. Most of these models include housing type, 

age, and size as independent variables to estimate market value of owner-occupied houses. De-

creasing the scale leads to the inclusion of more specific information of the target place. Most 

district models also include lot size, distance to central business district and sometimes a few 

distances to local amenities. Most city models include distances to a variety of local amenities 

(more detailed than on district level), view, and specific building information (e.g. presence of a 

clubhouse) in addition to the variables that are often used in district models.  

    To answer the fifth sub-question (“Which housing and spatial characteristics of the Dutch 

housing market are statistically and economically significant in explaining market value?”), an 

existing dataset has been used, which includes data on owner-occupied houses in the Nether-

lands. All listing dates and prices have been updated towards fourth quarter of 2012 to make 

analysis and comparisons possible. Model 1 contains the independent and statistically significant 

(at the 1% level or less) variables: “Building year”, “Size”, “Type of transaction (v.o.n. vs. k.k.)”, 

“Monumental status”, and “Housing type”. Model 2, 3, and 4 contain the same variables as model 

1, with the addition of a dummy for “Province”, “COROP number”, and “Municipality”, respec-

tively. Results indicate that the validation set of model 1 has an R² of 65.17%. The R² of model 

2, 3, and 4 are 73.56%, 76.76%, and 80.05%, respectively. This leads to the rejection of the null-
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hypothesis because adding regional or locational information and decreasing the scale form 

province to municipality leads to a better goodness-of-fit (performance). Also, a training, valida-

tion, and test procedure to test for prediction accuracy leads to a median percentage difference 

between predicted value and actual value of model 1, 2, 3, and 4 of: 17.51%, 14.78%, 13.95%, 

and 12.55%, respectively. The significance level of 1% has to be taken into account for further 

research. Due to the large amounts of houses in the dataset, almost every result is significant. A 

fifth model estimates the coefficients and statistical significance of neighborhood variables. This 

model has an R² of 69.11% and a median percentage difference between fitted and actual price 

of 15.53%. In terms of performance, this model falls between model 1 and 2, which imposes 

(severe) issues with respect to omitted variable bias. Regression results of model 5 indicate that 

most variables are statistically significant on the 1% level or less (as expected due to the large 

number of houses in the dataset). Building year category “Before 1906”, average age of residents 

categories “30-40” and “50-60”, “% Households with children”, and the term “Average size of 

houses in the neighborhood:% Household with children” are statistically insignificant at the 5% 

level. Variables that are insignificant are: “% Households without children”, “Distance to library”, 

average age of residents category “60-70” and “Older than 70”, “% Single family households”, 

“Welfare (% owner-occupied housing)”, “Welfare (% welfare-assistance)”, “Other locality neigh-

borhood”, and the term “Average size of houses in the neighborhood:Electricity usage”. Analyzing 

the economic significance (relevance of betas) via a case-study leads to the conclusion that 

object characteristics (mainly “Size”) are the most important contributors to “Updated listing 

price”. Neighborhood characteristics, where a one standard deviation change (on a national 

level), leads to a change of “Updated listing price” of more than 5%, are: “% Households with 

children” (-14.47%), age category of residents “60-70” (-8.58%), “% Households with children” (-

8.29%), “% Single family households” (-8.29%), “Average household size” (6.71%), “Average 

electricity usage” (6.32%), and “Density” (5.61%). It cannot be concluded that these variables, 
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by their name, are causing such a change in the price of a house in the case study. They might 

serve as indicators for variables that are not included in model 5. 

    To answer the last sub-question (“Which macro-economic trends may affect the valuation of 

houses in the Netherlands?”), it has been recognized that markets are increasingly interlinked 

(internationalization and globalization). Therefore, macro-economic trends may affect housing 

markets and they can be a sign of boom or bust cycles. Macro-economic variables that influence 

price developments of houses are the inflation rate, GDP growth or decline, and long term inter-

est rates. In addition, employment growth and short term interest rates are also used frequently 

to derive changes in value of houses.  

    On a meta-level, several independent variables of model 5 are statistically significant at the 

1% level or less. However, few of these statistically significant independent variables are relevant 

in the estimation of value, due to their small beta. Those that are assumed relevant, in a case 

study, are: “% Households with children”, age category of residents “60-70”, “% Households with 

children”, “% Single family households”, “Average household size”, “Average electricity usage”, 

and “Density”, but they might serve as indicators for other variables. There are “only” few 

neighborhood variables. This could be a reason why model 4 (inclusion of municipality dum-

mies) performs better than model 5. With regard to the scientific relevance, relevant factors of 

the economic dimension of houses in the Netherlands have been identified on the smallest scale 

possible (neighborhood level) on a point in time (2012Q4). Previous studies mainly focused on a 

local, instead of a national level. In addition, “value” of houses has been defined consistently and 

the role that macro-economic variables could have in the determination of price trends of houses 

has been discussed. Macro-economic variables affect the change in value in the short and long-

run. They should be used in time-series analysis. The role of macro-economic variables as inter-

action terms in the five models (i.e. not time-series) remains unclear. In terms of practical rele-

vance, different stakeholders could use this master thesis to gain insight into the relevant object 
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and locational variables that influence the value of houses in the Netherlands. For them, it is, 

currently, best to use the variables: “Building year category”, “Size”, “Type of transaction”, 

“Monumental status”, “Housing type”, and the respective “Municipality” dummy. This is model 4, 

which is the model with the best performance. For example: households could use these variables 

to compare with the assessed (in Dutch: WOZ) value. In addition, these stakeholders could also 

benefit from a clear definition of “value”. The listing prices in this master thesis are updated to 

2012Q4. Therefore, a price indication is for 2012Q4. To maintain the practical relevance through 

time, all prices can again be updated to a specific point in time, by using price trends of the 

CBS. Then, the same models can be estimated and a price determination for that specific mo-

ment in time can be generated. The models, however, are static. They give point estimations of 

price at a moment in time, but cannot be used to predict prices in the (near) future. In this way, 

the price estimations are always somewhat delayed.  

     

8.2 Recommendations for Further Research 

    With regard to policy objectives, valuation models increase in importance. As of September 

1, 2012, parties with a valuation model to value houses in the Netherlands must comply with 

several rules. The model must be able to value a house on the basis of zip code, house number, 

housing type, surface (as in NEN 2580), volume, building year, and/or parcel surface (STenV 

and NWWI, 2012). Model 1, 2, 3, 4, and 5 are able to do this, in which model 4 performs the 

best. The policy regarding valuation models changed. As of 2013, every valuation of a house by 

an appraiser must be accompanied with two model valuation reports of independent organiza-

tions. Continuous efforts should be made to improve the performance of such models. With 

regard to a practical example, an app can be developed for people to value houses in the Nether-

lands on the basis of outcomes of this master thesis. The fourth model can also be used as an 

alternative for deriving the assessed (in Dutch: WOZ) value. Another example is to write code 
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that can select the three most nearby comparable houses, which is often demanded in automat-

ed valuation reports.  

    With regard to the outcomes of this master thesis, more research should be done on how to 

deal with small p-values. Due to the large amount of houses in the dataset, almost every regres-

sion coefficient seems to be statistically significant (see page 139). In addition, the use of trans-

action prices has been advocated over the use of listing prices. However, listing prices have been 

used because transaction prices were unavailable in the existing dataset. A similar analysis with 

transaction prices could be done. In addition, this master thesis uses the current listing date to 

update houses to 2012Q4. However, the current listing date is not accurate (see appendix G). 

There is a clustering of houses with specific listing dates. The correctness of these dates should 

be improved. Also, the models that are developed in this master thesis are static. They are able 

to estimate the listing price of a house in 2012Q4. This is a snapshot at a particular time. 

Efforts should be taken to make the models more dynamic so that they can be used to estimate, 

or possibly predict, listing prices of houses. Further research should also provide insight into the 

meaning of relevant neighborhood variables (see page 138). They might function as indicators.  

    With regard to gaps in knowledge, future research should focus on omitted neighborhood 

variables of model 5. When including all possible neighborhood variables, the model is assumed 

to have a better performance than a model that includes municipality dummies, because the 

locational scale is further decreased. However, results show that by including all neighborhood 

variables from the CBS database, model performance is worse than a model that includes dum-

mies for the respective dummies for the province of an owner-occupied house. In addition, when 

the prices are not updated to 2012Q4, time series analysis can be done. Then, macro-economic 

variables can be included to estimate their effect on developments in house prices. Such an 

analysis has not been done before for the Netherlands. Also, the role of macro-economic varia-
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bles as interaction terms in the five constructed (static) models should be further researched. 

Finally, demographic trends can be included in time series analysis.  
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Appendix A: Similar Country-wide Studies 

  

    Regarding the Turkish housing market, Selim (2009) aims to examine the determinants of 

house prices, by using data from the 2004 Household Budget Survey Data55. His model has 

5,741 cases, of which 3,868 are located in urban areas, while 1,873 in rural areas. A disad-

vantage of the study is that it does not account for sample selection bias, so the hedonic model 

might not be representative for the entire housing market in Turkey. As an advantage, 46 varia-

bles or dummies are known for the sample: locational characteristic dummy (urban or rural), 

type of housing (detached, semi-detached, basement, apartment, shanty house or duplex), age 

(0-5, 5-10, 10-15, 15-20 or 20+), building type, type of saloon floor, type of living room floor, 

type of bathroom floor, type of heating system, number of rooms, size categories (square me-

ters), and other structural characteristics56. Selim (2009) states that environmental characteris-

tics could not be considered, but does not provide a reason. Results indicate that the locational 

characteristic, type of housing, age category 5-10 years, building type (excluding 

brick), saloon floor type (excluding floor tile, and carpet, mosaic or marble), living 

room floor type (excluding board), bathroom floor type, type of heating system, 

number of rooms, size, and all other structural characteristics are statistically sig-

nificant at the 5% level or less. Selim (2009) also calculated the percentage effects of inde-

pendent variables on house prices and found that several other structural characteristics (toilet, 

garbage grinder, water system, cable television, and a pool), housing type, the presence of 4 or 

                                                           
55

 National survey that focusses on a household’s living conditions by analyzing its expenditures on goods and 

services. Data is collected by interviews and diaries of the households on a daily basis (European Commission, 

2013). 

56
 Includes dummies for the presence of a sauna-jacuzzi, toilet, garbage grinder, water system, hot water, cable 

television, elevator, garage, pool and natural gas.  

Turkey 
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more rooms, and a size of more than 150 m² together have an absolute impact of more than 

30% on housing price.  

 

 

    Considering the housing market in Israel, Eshet et al. (2007) do research on local perceived 

discomfort that is experienced by residents that live close to transfer stations57. By using the 

HPM, the impact of these disamenities on property values can be modeled. They mapped all 

active transfer stations in Israel and found 10 sites that were close to residential areas. For 4 

cities (Bet-Shemesh, Rehovot, Rishon-Leziyyon and Petah-Tiqwa), satisfactory data was availa-

ble (Eshet et al., 2007). Bet-Shemesh is in the direct vicinity of Jerusalem and the other three 

cities surround Tel-Aviv. Based on this topography, the authors generalize results to the whole 

country. However, sample selection bias may still be present. Data is obtained via interviews, 

from the Ministry of the Environment, the CBS of Israel and a commercial real estate database. 

This has resulted in 9,505 houses for sale in the 4 cities, between 2001 and 2004. The 

listing price of these houses serves as the dependent variable. The model, which Eshet et al. 

(2007) found to have the best fit has an R² of 72.1%. Variables, significant at the 5% or 

less are: distance to a transfer station, squared difference to a transfer station, floor 

size (in m²), cluster number58, housing type (dummy for apartment or single family-

home), garage dummy,  elevator dummy, and the age of house i (dummy for before 

1990, and after 1990). Housing type, the presence of an elevator, and age are the variables 

with the highest coefficient (apart from the constant term). According to Eshet et al. (2007), 

variables that were statistically insignificant are the number of rooms (collinear 
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 Eshet et al. (2007) define a transfer station as a facility that receives and holds waste from collection vehicles 

until it can be moved to other facilities.  

58
 Measures the socio-economic level of the neighborhood on a scale from 1 to 20 (where 20 is the highest rank) 

and includes: age, size of household, housing density, education and employment characteristics, and income.  
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with size) and the distance to the central business district (because traditional 

CBDs have lost their major importance for individuals). 

 

 

    With regard to the Japanese housing market, Naoi et al. (2009) research whether earthquake 

prone areas lead to price discounts of nearby houses. They use data from the Keio Household 

Panel Survey from 2004 to 2007, which involves answers to questionnaires from 4,005 respond-

ents annually. This resulted in 7,039 unique cases. Respondents either live in a rental or an 

owner-occupied house. The dependent variable is the actual monthly rent paid or the self-

assessed value59 (Naoi et al., 2009). The hedonic regression model that they estimate has, as its 

dependent variable the natural logarithm of the actual monthly rent or self-assessed housing 

value of household i in time t. In addition, �W�� is the earthquake risk variable, L*�� is a dummy 

that indicates whether there was a massive earthquake in the previous year, X�� includes housing 
characteristics and characteristics of the respondent of the survey: number of rooms, floor space, 

garden space, building year, distance to nearest station and bus stop, construction type, pres-

ence of barrier-free equipment for elderly, city size, age of respondent, age of respondent squared, 

sex, marital status, education, employment status and annual earnings, 	Y� compromises for 

individual heterogeneity60, Z� is a time trend, and >�� is the error term for household i on time t. 

Results indicate that, for owner-occupied housing, the time-distance to the nearest 

railway station/bus stop is statistically significant at the 10% level, the interaction 

term is statistically significant on the 5% level and the age of the building, the 

number of rooms and the presence of barrier-free equipment for elderly are statisti-

cally significant at the 1% level (Naoi et al., 2009). This is with the inclusion of 

                                                           
59

 Derived via the question: “How much do you think this house would sell for on today’s market?” 

60
 The variation in study outcomes between different studies.  

Japan 
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respondent fixed effects, respondent characteristics, dwelling type dummies, city-

size dummies, and year dummies. The R² for owner-occupied housing is 14.7% (Naoi et al., 

2009).  
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Appendix B: Similar District Studies 

 

 

    Considering Auckland, Bourassa et al. (2003) test whether out-of-sample hedonic value pre-

dictions can be improved when the housing market is divided into submarkets with their geo-

graphical area. By accessing data on detached and attached housing from the official database of 

all real estate transaction in New Zealand in 1996, 8,421 transactions are acknowledged 

(5,716 for detached and 2,705 for attached houses). 80% of the transactions are used to 

perform hedonic regressions and the remaining observations are retained for out-of-sample test-

ing (Bourassa et al., 2003). Statistically significant variables at the 5% level or less, for 

the pooled data, are: log of floor area, log of land area, dummy for cross-leasing 

(land is owned collectively by owners of dwelling on a site), dummy for detached 

dwelling, age of dwelling, age of dwelling squared, dummy for walls in good condi-

tion, dummy for walls in average condition, dummies for roof type, dummies for 

wall type, dummies for superior and average quality of the principal structure, log 

of distance to CBD, and dummies for the quarter of the year in which the property 

is sold (quarter 3 is statistically insignificant). The model has an R² of 80.6%.  

 

 

    With regard to 53 towns in Connecticut, Clapp et al. (2012) estimate the value of the option 

to redevelop or reconfigure housing attributes. They collect data on 162,454 single-family 

houses that are sold between 1994 and 2007 from the Warren Group and publishers of Bankers 

& Tradesman. As hedonic attributes, they use age, age squared, dummies for two or 

three bathrooms (Bath2or3), more than three bathrooms (Bath3p), interior square 

Auckland, New Zealand 

Connecticut, USA 
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footage (Ftg), footage squared, size of the lot in square feet (Lotsf), size of lot 

squared, and year dummies. In addition, they control for location by using land 

value indicators ([\]) that interact with interior footage and squared footage to 
arrive at their standard hedonic model (Clapp et al., 2012). They estimate this model 

separately for each town and find an average R² of 85.2%. Dye and McMillen (2007 in: Clapp et 

al., 2012) mention that house price should be decreasing in age but increasing in Age², so that 

the rate of depreciation declines with housing age. House price should also be increasing in lot 

size, but at a decreasing rate (^_ positive and ^` negative). In addition, Bath2p is a variable to 
indicate large, luxurious houses (Clapp et al., 2012). The independent variables are statis-

tically significant in almost all towns and the sign of the variables is as expected 

(Clapp et al., 2012).  

 

 

    Regarding to the “Leafy Eastern Suburbs” of the eastern Adelaide plains, MacDonald et al. 

(2010) estimate the effect of water restrictions on private properties. By using sale prices and 

attributes from RP Data on 4,751 houses between January 2005 and November 2007, a general 

hedonic model is constructed. Their model has an R² of 85% and statistically significant 

variables at the 5% level or less are: building size, building size squared, number of 

bathrooms, number of rooms, house age, house age squared, cubic house age, land 

area, land area squared, private green space ratio, private green space ratio 

squared, dummies for garage, double garage, double carport and pool, house condi-

tion dummy, distance to CBD, distance to main roads, distance to watercourses, 

distance to historical residential zones, distance to golf courses, distance to public 

schools, distance to playground, and quarter and year dummies. Variables that are 

statistically insignificant are distance to commercial zones, distance to cemeteries, 

Adelaide plains, Australia 
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distance to private schools, distance to hiking and sport, dummy for carport, and 

the dummy for April-June 2005 (oldest category).  

 

 

    Considering Singapore, Sue and Wong (2010) estimate the value of publicly provided local 

goods and services in the constituencies of the ruling party relative to those of the opposition 

parties. They restrict themselves to flats near electoral boundaries. By doing so, all flats are 

located near each other and the problem of omitted variable bias due to data constraints is 

limited. Their standard hedonic pricing model includes physical attributes of flat i, which are: 

age, area, floor level, flat type and a dummy whether the flat has been selected to undergo an 

upgrade program (only in the constituencies of the ruling party). In addition, they include loca-

tional characteristics of flat i: proximity to good primary schools, industrial estates, expressways, 

public bus interchanges, and subway (MRT) stations. There are also variables that measures 

whether flat i is located in a People’s Action Party constituency (PAP is the ruling political 

party since 1959) and whether flat i belongs to a certain electoral boundary (Sue and Wong, 

2010). They collect data from the Housing & Development Board (HBD, part of Singapore 

Government) on 10,510 flats under the ruling constituency and 9,079 flats under the 

opposition constituency which are transacted between February 2001 and April 2006 (Sue 

and Wong, 2010). All transactions have been deflated to 2001 dollars by using the HDB quarter-

ly Resale Price Index (Sue and Wong, 2010). Considering the flats under the ruling con-

stituency, the model estimates that statistically significant variables, at the 5% level 

or less, are: dummy for flats in PAP areas, age, age squared, floor area, floor area 

squared, dummies for number of rooms (except 4-room flat), dummy for executive 

flat, dummy indicating the undergoing of the upgrade program, dummies with 

categories of levels on which flat is located, distance to good performance school 

Singapore 
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dummies, and a dummy for bus interchange within 300m. With the inclusion of time 

trends and quarter dummies, this model has an R² of 93% (Sue and Wong, 2010). Statistical 

insignificant variables are: dummy for 4-room flat, dummy for presence of industrial 

estates within 400m, distance to nearest MRT station, distance to nearest MRT 

station squared, and dummies for distance to good progress schools. Considering 

the opposition constituency, variables that are statistically significant, at the 5% 

level or less, are all the statistically significant and insignificant variables as under 

the ruling constituency with the exception of a dummy for the presence of a bus 

interchange within 300m. This model has an R² of 95%.  

 

 

  With regard to southern Taiwan, Andersson et al. (2010) estimate the implicit price of a new 

high-speed railway line (HSR) by taking into account HSR accessibility in combination with 

other hedonic price attributes for the housing market. Transaction prices and structural attrib-

utes of 1,550 houses in 2007 are derived from the Department of Land Administration of the 

central government (Andersson et al., 2010). To these cases, they added socio-economic neigh-

borhood characteristics from 2004 data of the Ministry of Finance.  Statistically significant 

variables, at the 5% level or less, are: log of floor area, log of lot size, log of age of 

house, dummy for shop or dwelling use, dummy for street frontage, log of road 

width, dummy for commercial zone, dummy for residential zone, log of share of 

district with residents over 15 years in age with junior college or more, log of dis-

tance to CBD, log of distance to HSR station and log of distance to Tainan Science-

based Industrial Park. The model that they estimate has an R² of 80.4%. Variables that 

were excluded by Andersson et al. (2010) are the number of stories (highly corre-

lated with floor area and age), mean income of households in a neighborhood (high-

Southern Taiwan 
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ly correlated with percentage of residents over 15 years in age with at least junior 

college education) and the distance to nearest freeway interchange (negligible t-

value).  
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Appendix C: Similar City Studies 

 

 

With regard to Dublin, Stevenson et al. (2010) examine whether there are differences in the 

valuation process for auctioned and private housing transactions. They collect data from six 

brokers to arrive at a sample of 2,657 transaction prices (2,110 auctioned houses and 

547 privately sold houses) for the Greater Dublin metropolitan between the first quarter of 

1997 and the third quarter of 2004. Statistically significant variables, at the 5% level or 

less, are: number of bathrooms, number of bedrooms, dummy for the year in which 

the transaction took place, dummies for apartment or detached housing types, 

dummy for central city location, dummy for south of city location, dummy for 

south county location, dummy for periphery location, and dummies for broker 

names 4, 5 and 6. Their model has an R² of 64.6%. Statistically insignificant variables 

are: dummies for sale mechanism (auction or private transaction), dummy for park-

ing, dummies for semi-detached and terrace/mews housing types, and dummies for 

broker names 1, 2 and 3.  

 

 

    Considering Prague, Melichar and Kaprová (2013) examine the value of urban greenery 

amenities on housing by using a hedonic price model. They use a dataset from a company (reali-

ty.cz), which contains 8,568 apartment transaction prices from 2005 to 2008. Transaction 

prices were verified with data from Czech Statistical Office.  In addition, they added neighbor-

hood and environmental variables from City Development Authority Prague and Czech Statisti-

cal Office. In their HPM, statistically significant variables, at the 5% level or less, are: 

Dublin, Ireland 

Prague, Czech Republic 



XII 

 

log of the area, a dummy for a bad state (reconstruction necessary before living), 

Ln of Surface of total building, inhabitants in the total building, log of distance to 

city center, a dummy whether apartment is located in apartment house, a dummy 

whether building material is brick or stone, distance to the nearest specially pro-

tected area, an interaction term of the distance to the nearest specially protected 

area with the log of the area of the nearest specially protected area distance to the 

nearest urban forest, an interaction term of the distance to the nearest urban forest 

and the log of the area of the nearest urban forest, and an index of air quality. 

Insignificant variables at the 5% level or less are: dummies for type of heating, 

dummy for presence of sewage system, distance to nearest tram station, log of area 

of the nearest specially protected area, distance to the nearest agricultural land, log 

of area of the nearest agricultural land, and an interaction term of distance to near-

est agricultural land and the log of the area of the nearest agricultural land. Their 

model has an R² of 75.4%.  

 

 

    With regard to Athens, Efthymiou and Antoniou (2013) estimate hedonic models to analyze 

the effects of transportation infrastructure on 8,066 house prices. They developed software to 

capture additional data (listing or renting price, housing type, surface area, number of bed-

rooms, floor, year of construction, availability of independent heating, presence of air condition-

ing, presence of garden, presence of fire place, parking availability, type of parking, type of view, 

orientation, and geo-location) from publicly available real estate websites within the period of 

September 2011 to January 2012. In their model, statistically significant housing variables, 

at the 5% level or less, are: Ln of Surface area, all building year category dummies 

except 1971-1980, location (floor) in apartment building, and dummies for the pres-

Athens, Greece 
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ence of a basement, parking, open parking, storage place, fireplace, auto heat, air 

conditioning, single family house, sea view and a front orientation of the building. 

Transport attributes that they found statistically significant at the 5% level or less 

are: log of distance from port (Pireaus/Rafina), and dummies for presence in the 

inner ring, distance from bus station of less than 50m, distance from metro station 

of less than 500m, distance from ISAP station of less than 500m, distance from rail 

station of less than 500m, distance from railway of less than 100m, distance from 

suburban rail station of less than 2,000m, distance from tram station of less than 

500m, distance to airport of less than 7,000m, distance from marina of less than 

1,500m, distance from ring-road between 0m -250m, distance from ring-road be-

tween 250m -1,500m and distance from ring-road larger than 1,500m. Other struc-

tural attributes that they found statistically significant at the 5% level or less are: 

distance from CBD, log of distance to archaeological sites, distance from the coast-

line, log of percentage of population with a university degree or higher, and dum-

mies for indication of northern suburbs, university area and population density of 

less than 500 people/km². Their model has an R² of 86.1%.  

 

 

    House prices in Cape Town have been modeled by Nahman (2011). He studies the effect of 

environmental and social costs of landfilling on housing prices. By dividing Cape Town into two 

areas (Bellville South and Coastal Park), he finds that lot size, house size, wall type, and 

the number of garages is statistically significant at the 5% level or less in both are-

as. The distance from a landfill site, age, condition of a house, number of floors, 

number of bedrooms, roof covering, number of common walls with another proper-

Cape Town, South Africa 
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ty, wall type, and the presence of a swimming pool, security and a second dwelling 

on top of the property are found statistically insignificant at the 5% level or less or 

they differed in expected sign. The adjusted R² for both areas are 88.3% (Bellville South) 

and 90.6% (Coastal Park). This analysis is based on 101 recent sales for the Bellville South 

area and 104 for the Coastal Park. It is questionable whether these results can be generalized for 

Cape Town.  

 

 

    With regard to Knoxville, Cho et al. (2008) determine the monetary worth of quantity and 

quality of green open space as a part of housing prices. The dependent variable is the transac-

tion price of 9,571 houses, which were adjusted with an index to 2000. Variables that they 

found to be statistically significant at the 5% level or less are: log of area size, build-

ing age, log of parcel size, number of stories, population density, log of income of 

household, travel time to work, log of distance to nearest deciduous forest patch, 

log of distance to mixed forest patch, forest patch density, forest edge density, mean 

forest patch size, and dummies for the use of brick in the façade, pool, fireplace, 

condition, overall quality, several school districts and season sold. Insignificant vari-

ables at the 5% level or less are: number of bedrooms, vacancy rate in neighbor-

hood, unemployment rate in neighborhood, prime rate (interest rate minus inflation 

rate), log of distance to nearest evergreen forest patch, and dummies for several 

school districts. The model has an R² of 78.0%.  

 

 

    Regarding Los Angeles, Saphorus and Li (2012) set up a hedonic pricing model for 20,660 

transactions of single family detached houses. All of these houses were sold in 2003 or 

Knoxville, USA 

Los Angeles, USA 
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2004 (Saphorus and Li, 2012). They are interested in the value of urban trees and (non-

)irrigated grass areas. Variables that are statistically significant at the 5% level or less 

are: log of parcel area, log of structure area, log of number of bathrooms, square of 

log of house age, presence of a pool, presence of a highway within 0.25km, presence 

of railroad tracks within 0.25km, log of distance to nearest natural park, log of 

distance to nearest golf course, log of distance to nearest river, parcel irrigated 

grass cover, square of parcel irrigated grass cover, spatial lag coefficient for errors, 

spatial lag coefficient for price, property crime, violent crime in neighborhood, and 

percentage Hispanics in the neighborhood. They do not indicate the R² of this model for 

unknown reasons.  

 

 

    For Bogota, Rodríguez and Mojica (2009) estimate the value of a bus rapid transit (BRT) 

station in the direct vicinity by setting up a hedonic pricing model with the log of the listing 

price of 3,976 houses as dependent variable. These houses were listed between January 

2001 and December 2006. To control for the time effect, they have added five dummy variables 

for every year (2001 as reference category). Statistically significant variables at the 5% 

level or less are: dummies indicating expansions in BRT stations in 2002, 2003, 

2004, 2005 and 2006, floor number, age category 1-10 years old, number of bed-

rooms, number of bathrooms, number of garage spaces, floor area, neighborhood 

socio-economic stratum, percentage of neighborhood area in industrial uses in 1998, 

percentage of neighborhood area of parks and open spaces in 1998, distance be-

tween property and Calle 13 (district) station, and dummies for apartment, location 

within 500m of Cra 7a (district), location within 500m of Calle 72 (district) and 

location within 500m of Av Boyaca. Insignificant variables at the 5% level or less 

Bogota, Colombia 
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are: age categories 10-20 years old and more than 20 years old, population density 

in neighborhood, percentage of neighborhood area in commercial uses in 1998, 

percentage of neighborhood area in institutional uses in 1998, percentage of neigh-

borhood area empty or vacant in 1998, homicides per 100,000 residents in neigh-

borhood in 2001 and 2004, and dummies indicating a location within 500m of Av 

Ciudad de Cali, a location within 500m of AV 68 and a location within 500m of 

Avenida Longitudinal. Their model has an R² of 69.4%.  

 

 

    Regarding Hong Kong, two relevant studies have been analyzed. Jim and Chen (2009) study 

the value of harbor and mountain views. In their hedonic pricing model, they use 1,474 trans-

action prices of houses from 2005 and 2006 as dependent variable. After taking the log of the 

dependent variable and regressing this on its attributes, statistically significant attributes 

at the 5% level or less are: log of floor level on which apartment is situated, log of 

total floor area, log of number of bedrooms, distance to nearest mountain, and 

dummies for the presence of a pool, clubhouse, panoramic sea view, partially ob-

structed sea view, panoramic mountain view, street view and accessibility by public 

transport. Insignificant attributes at the 5% level or less are: log of the duration 

between occupation permit and transaction date, distance to nearest seashore, and 

dummies for partially obstructed mountain view and view of buildings. Their model 

has an adjusted R² of 94.4%. Another study in Hong Kong, by Hui et al. (2007) estimates the 

value of neighboring and environmental attributes in relation to the market value of high-rise 

houses. Market value refers to recorded transaction prices of 2,957 houses (second-hand) be-

tween the third quarter of 2000 and the second quarter of 2001. Statistically significant 

Hong Kong, China 
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attributes at the 5% level or less are: a time dummy for 2001, age of building, 

number of floor level above ground level, number of rooms, number of bathrooms, 

presence of clubhouse in the estate, dummy for an MTR/KCR station that can be 

reached within 10 minutes, shortest time to CBD by any means of transport, num-

ber of secondary schools in the district, noise level in the estate, and log of air pol-

lution index in the district. Statistically insignificant attributes at the 5% level or 

less are dummies for the presence of sea view, and a minimum of 20,000 square 

meters of green belt area in the vicinity that can be reached within 10 min or 300m 

in distance. Their model has an adjusted R² of 61.5%.  

 

 

    With regard to Guangzhou, Jim and Chen (2007) asses the values attributed to environmen-

tal externalities on transaction 521 prices of houses in 2004. They find that statistically 

significant attributes, at the 5% level or less are: log of floor area, log of plot ratio 

of the residential precinct (indicating high-density environment and high-rise build-

ings), log of distance to shopping center, log of the security condition around the 

residential precinct, and dummies for view of green space and a water body. Insig-

nificant attributes at the 5% level or less are: log of number of bedrooms, log of 

number of bathrooms, log of story on which apartment is located, percentage green 

space provision rate in the residential precinct, distance to the nearest park, and 

dummies indicating the compass direction of the apartment, the quality of the 

building, location within commercial area, located within residential area, located 

close to main street, located in old town area, view of street and the view of build-

ings. Their model has an adjusted R² of 72.5%.  

Guangzhou, China 
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   In Seoul, Bae et al (2003) estimate the impact of a new subway line on nearby housing values. 

Housing prices are average transaction prices of apartments with the same attributes in a com-

plex for the years 1989, 1995, 1997, and 2000. By adding a log transformation to 956 of such 

transaction prices, they find that statistically significant attributes on the 5% level or 

less are: floor space, building year, type of heating dummies, distance from the 

greenbelt, distance from the Han river, dummies for Kangseo, Nambu, and Kang-

dong school districts, population density in the neighborhood, job density in the 

neighborhood, distance from the new subway station, distance from sub center 

Kangnam, distance from sub center Yeongdungpo, and  dummies for a sale in 1995, 

1997, or 2000 (reference is the year 1989). Statistically insignificant attributes at 

the 5% level or less are: total households in the apartment complex, parking spaces 

per household, and distance from the central business district. Their model has an R² 

of 95.4%. 
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Appendix D: Comparing Amount of Owner-Occupied Houses per Province 
in the Sample with the Amount of Owner-Occupied Houses per Province in 
the Population  
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Province Distribution of 

sample 

Distribution in 

the Netherlands 

Difference  

(%sample - %population) 

Drenthe (DR) 5,828 (3.5%) 134,908 (3.3%) 0.2% 

Flevoland (FL) 5,527 (3.3%) 99,917 (2.5%) 0.8% 

Friesland (FR) 7,550 (4.5%) 174,737 (4.3%) 0.2% 

Gelderland (GE) 20,986 (12.5%) 494,338 (12.1%) 0.4% 

Groningen (GR) 2,841 (1.7%) 144,118 (3.5%) -1.8% 

Limburg (LI) 4,470 (2.7%) 302,921 (7.4%) -4.8% 

Noord-Brabant 

(NB) 

23,458 (14.0%) 636,579 (15.6%) -1.6% 

Noord-Holland 

(NH) 

32,123 (19.1%) 596,117 (14.6%) 4.5% 

Overijssel (OV) 10,304 (6.1%) 279,325 (6.8%) -0.7% 

Utrecht (UT) 15,608 (9.3%) 297,785 (7.3%) 2.0% 

Zeeland (ZE) 3,907 (2.3%) 117,000 (2.9%) -0.5% 

Zuid-Holland (ZH) 35,361 (21.1%) 806,063 (19.7%) 1.3% 

Total 167,963 (100%) 4,083,808 (100%)  

Sample distribution of owner-occupied houses across provinces in the Netherlands 

Sample distribution versus distribution of the population of owner-occupied houses per province 
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Appendix E: Principal Component Analysis Variance, Loadings, Varimax 
Rotation and Eigenvalues 

 
PCA on Surface and Volume 
 
Variance: 
                           Comp.1      Comp.2 
Standard deviation  0.5242176  0.08156977 
Proportion of Variance   0.9763601  0.02363988 
Cumulative Proportion   0.9763601  1.00000000  
 
Loadings: 
 
     Comp.1 (Size)  Comp.2 
[1,]     0.667     -0.745 
[2,]     0.745      0.667 
 
[1] Ln of Surface; [2] Ln of Volume 
 
 
Eigenvalues: 
 

 
 
Varimax Rotation: 
 
     Comp.1   
[1,]   0.999    
[2,]   0.999 
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PCA on Neighborhood Locational Variables 
 
 
Variance:     
                         Comp.1      Comp.2      Comp.3      Comp.4     
Standard deviation  21.6390147  10.9221091  4.46962839  4.40780563 
Proportion of Variance  0.6731591   0.1714967  0.02872007  0.02793107 
Cumulative Proportion  0.6731591   0.8446558  0.87337584  0.90130691 
 
    Comp.5      Comp.6      Comp.7      Comp.8     
Standard deviation  3.8627119  3.27805626  3.14776159  2.96943406 
Proportion of Variance  0.0214500  0.01544812  0.01424447  0.01267623 
Cumulative Proportion  0.9227569  0.93820503  0.95244950  0.96512573 
 
    Comp.9      Comp.10      Comp.11      Comp.12     
Standard deviation   2.329118881  2.123936661  1.554377383  1.469297547   
Proportion of Variance  0.007798769  0.006485237  0.003473407  0.003103575 
Cumulative Proportion  0.972924503  0.979409740  0.982883147  0.985986722 
 
    Comp.13      Comp.14      Comp.15 Comp.16 
Standard deviation   1.420572385  1.328296466  1.222720194 1.1580028 
Proportion of Variance  0.002901145  0.002536488  0.002149299 0.0019278 
Cumulative Proportion  0.988887867  0.991424355  0.993573654 0.9955015 
 

Comp.17      Comp.18       Comp.19       Comp.20     
Standard deviation   0.885127695  0.699635406  0.6750293534  0.6058055409  
Proportion of Variance  0.001126301  0.000703698  0.0006550705  0.0005276054  
Cumulative Proportion  0.996627756  0.997331454  0.9979865242  0.9985141296 
 

Comp.21       Comp.22      Comp.23       Comp.24 
Standard deviation   0.5565705735  0.5132916095  0.4352078407 0.3706722378 
Proportion of Variance  0.0004453313  0.0003787661  0.0002722928  0.0001975254  
Cumulative Proportion  0.9989594609  0.9993382269  0.9996105197  0.9998080451 

  
Comp.25 

Standard deviation   0.3654081740 
Proportion of Variance  0.0001919549 
Cumulative Proportion  1.0000000000 
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Loadings of first twelve components (highest loadings per component highlighted): 
       
Comp.161  Comp.262  Comp.363  Comp.464  Comp.5         Comp.6  

 [1,]     0.136            -0.358     0.312     0.622     0.577              
 [2,]                                    -0.120   -0.112                               
 [3,]                                                                        
 [4,]   -0.542   -0.778   -0.147     0.230                                                                          
 [5,]     0.104                      0.442     0.260   -0.563                                                                     
 [6,]                                                                                                                                                                                 
 [7,]             -0.114                                              
 [8,]             0.145   -0.865   -0.187   -0.194   -0.185                                  
 [9,]                                                                  
[10,]                                               
[11,]   -0.227              0.148              0.218                                  
[12,]   -0.455     0.389     0.174     0.370   -0.232     0.257                                                                 
[13,]                  
[14,]                                      0.108                      
[15,]   -0.251                    -0.224     0.492   -0.271                                  
[16,]   -0.512     0.441                                                                                                
[17,]                                                                                  
[18,]   -0.176                    -0.378     0.318   -0.120                                  
[19,]                                                                                  
[20,]   -0.144   -0.104     0.114   -0.166     0.100                                                                 
[21,]                              0.225            -0.214                               
[22,]                                                    
[23,]                              0.301            -0.233                               
[24,]                                                     
[25,]                              0.320            -0.154      
 
 
[1] Distance to cinema; [2] Amount of cinemas within 10km; [3] Distance to restaurant; [4] 
Amount of restaurants within 3km; [5] Distance to hospital; [6] Amount of hospitals within 
5km; [7] Amount of hospitals within 10km; [8] Amount of hospitals within 20km; [9] Distance 
to daycare; [10] Amount of daycares within 1km; [11] Amount of daycares within 3 km; [12] 
Amount of daycares within 5km; [13] Distance to after-school care; [14] Amount of after-school 
cares within 1km; [15] Amount of after-school cares within 3km; [16] Amount of after-school 
cares within 5km; [17] Distance to primary school; [18] Amount of primary schools within 3km; 
[19] Distance to supermarket; [20] Amount of supermarkets within 3km; [21] Distance to lower 
education school; [22] Amount of lower education school within 5km; [23] Distance to pre-
university school; [24] Amount of pre-university schools within 5km; [25] Distance to swimming 
pool 

                                                                                                               

                                                           
61

 Interpreted as “Neighborhood locality”. 
62

 Interpreted as “Centrality”. 
63

 Interpreted as “Regional locality”. 
64

 Interpreted as “Other locality” 
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 Comp.7  Comp.8  Comp.9  Comp.10  Comp.11      Comp.12  
 [1,]     
 [2,]                                     0.668    -0.332                                                   
 [3,]                                                                           -0.135    -0.160                                                   
 [4,]   
 [5,]    -0.241     0.582                                                                                                                             
 [6,]                                                                                                                                                                                 
 [7,]                                                                       0.194                                                                                     
 [8,]      -0.268                                                                                                                                 
 [9,]                                                                           -0.236    -0.308            
[10,]    -0.119            -0.164               0.212      0.233         
[11,]   -0.451   -0.288   -0.251             -0.225                                  
[12,]   -0.446                                                                                                                         
[13,]                                                                           -0.210    -0.271          
[14,]                                -0.195               0.307      0.246          
[15,]     -0.239   -0.335                                                           
[16,]    0.602     0.172                                                                                       
[17,]                                                                          -0.102    -0.127            
[18,]   -0.173              0.622     0.171      0.210    -0.271                                  
[19,]                                                                           -0.188    -0.285                  
[20,]   -0.105              0.355             -0.192      0.497                                                           
[21,]                         -0.353              0.401    -0.136    -0.152                           
[22,]                      0.147     0.195                        0.148                   
[23,]                         -0.406     0.143     0.467      0.147      0.285                           
[24,]                        0.103                                        
[25,]    0.120   -0.395     0.385   -0.735              
 
 
[1] Distance to cinema; [2] Amount of cinemas within 10km; [3] Distance to restaurant; [4] 
Amount of restaurants within 3km; [5] Distance to hospital; [6] Amount of hospitals within 
5km; [7] Amount of hospitals within 10km; [8] Amount of hospitals within 20km; [9] Distance 
to daycare; [10] Amount of daycares within 1km; [11] Amount of daycares within 3 km; [12] 
Amount of daycares within 5km; [13] Distance to after-school care; [14] Amount of after-school 
cares within 1km; [15] Amount of after-school cares within 3km; [16] Amount of after-school 
cares within 5km; [17] Distance to primary school; [18] Amount of primary schools within 3km; 
[19] Distance to supermarket; [20] Amount of supermarkets within 3km; [21] Distance to lower 
education school; [22] Amount of lower education school within 5km; [23] Distance to pre-
university school; [24] Amount of pre-university schools within 5km; [25] Distance to swimming 
pool 
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Eigenvalues: 
 

 
 
Varimax Rotation: 
 
 

 Comp1 Comp2 Comp3 Comp4 
[1,] -0.57 0.08 -0.16 0.3 
[2,] 0.3 -0.06 0.61 -0.05 
[3,] -0.08 0.65 -0.04 0.2 
[4,] 0.7 -0.22 -0.1 -0.36 
[5,] -0.32 0.1 -0.3 0.55 
[6,] 0.47 -0.04 0.31 -0.49 
[7,] 0.18 -0.1 0.86 -0.23 
[8,] 0.07 -0.12 0.78 -0.15 
[9,] -0.19 0.73 -0.13 0.17 
[10,] 0.49 -0.58 0.17 0.14 
[11,] 0.85 -0.28 0.26 -0.15 
[12,] 0.75 -0.15 0.51 -0.15 
[13,] -0.14 0.81 -0.13 0.16 
[14,] 0.42 -0.63 0.26 0.12 
[15,] 0.79 -0.3 0.32 -0.17 
[16,] 0.73 -0.15 0.55 -0.19 
[17,] -0.07 0.73 0.01 0.13 
[18,] 0.71 -0.28 0.1 -0.41 
[19,] -0.1 0.78 0.01 0.24 
[20,] 0.75 -0.25 -0.05 -0.45 
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[21,] -0.36 0.27 -0.05 0.68 
[22,] 0.67 -0.08 0.27 -0.44 
[23,] -0.39 0.21 -0.11 0.71 
[24,] 0.68 -0.07 0.28 -0.43 

[25,] -0.17 0.24 -0.18 0.65 
 
 
[1] Distance to cinema; [2] Amount of cinemas within 10km; [3] Distance to restaurant; [4] 
Amount of restaurants within 3km; [5] Distance to hospital; [6] Amount of hospitals within 
5km; [7] Amount of hospitals within 10km; [8] Amount of hospitals within 20km; [9] Distance 
to daycare; [10] Amount of daycares within 1km; [11] Amount of daycares within 3 km; [12] 
Amount of daycares within 5km; [13] Distance to after-school care; [14] Amount of after-school 
cares within 1km; [15] Amount of after-school cares within 3km; [16] Amount of after-school 
cares within 5km; [17] Distance to primary school; [18] Amount of primary schools within 3km; 
[19] Distance to supermarket; [20] Amount of supermarkets within 3km; [21] Distance to lower 
education school; [22] Amount of lower education school within 5km; [23] Distance to pre-
university school; [24] Amount of pre-university schools within 5km; [25] Distance to swimming 
pool  
 
 
PCA on Density 
 
Variance:     
 
                            Comp.165     Comp.266      Comp.3 
Standard deviation      1.4041464  1.1048857  0.43164566 
Proportion of Variance  0.5835431  0.3613124  0.05514458 
Cumulative Proportion   0.5835431  0.9448554  1.00000000 
 
Loadings (highest loadings per component highlighted): 
 
      Comp.1  Comp.2  Comp.3 
[1,]     0.676     0.258     0.690 
[2,]     0.306     0.754   -0.582 
[3,]   -0.670     0.605     0.431 
 
[1] Ln of Address Density; [2] Ln of Amount of Residents; [3] Ln of Land Surface 
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 Interpreted as “Density”. 
66

 Interpreted as “Neighborhood size”. 



XXVI 

 

Eigenvalues: 

 
 
Varimax Rotation: 
 
    Comp1  Comp2    
[1,]    0.71    -0.65  
[2,]    0.97      0.09  
[3,]    0.05      0.98  
 
[1] Ln of Address Density; [2] Ln of Amount of Residents; [3] Ln of Land Surface 
 
 
PCA on Welfare 
 
Variance:     
 
                            Comp.1      Comp.2        Comp.3 
Standard deviation      17.247238  11.3305353  0.3187734401 
Proportion of Variance   0.698362   0.3013994  0.0002385645 
Cumulative Proportion    0.698362   0.9997614  1.0000000000 
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Loadings (highest loadings per component highlighted):     
 
Comp.167  Comp.268  Comp.3 

[1,]     0.989     0.149        
[2,]     0.149   -0.989        
[3,]                     1.000 
 
[1] % Owner-occupied houses; [2] % Welfare Assistance; [3] Cars per household 
Eigenvalues: 

 
 
Varimax Rotation: 
 
    Comp1  Comp2 
[1,]  0.86   0.10  
[2,]  0.04   1.00  
[3,]  0.86   0.05  
 
[1] % Owner-occupied houses; [2] % Welfare Assistance; [3] Cars per household   

                                                           
67

 Interpreted as “Welfare as % owner-occupied housing”. 
68

 Interpreted as “Welfare as % welfare assistance”. 
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Appendix F: Defining the Variables of Model 5 
 

Variable name Definition Defined 

boundaries 

Operationalization 

Listing price Price associated with the listing - EUR 

Listing date Date associated with the listing - dd-mm-yyyy 

Updated listing price Update of all listing prices to 2012Q4 >50,000 

<2,500,000 

EUR 

Municipality code Numerical indication of the municipality - GM0007-GM1987 

Municipality name Name of the governmental municipality - - 

House number Assigned number from governmental body - 1-999 

Zip code Configuration of 4 numbers and two letters - 1000AA-9999ZZ 

Province Territorial classification in 12 areas - 1-12 

COROP Territorial classification in 40 areas - 1-40 

Type of transaction v.o.n. if first sale since construction, k.k. else - 0=k.k., 1=v.o.n. 

Housing type Apartment, terraced, (semi-)detached, corner - 0-4 

Building year Year in which the house was constructed >1700 

<2012 

1700-2012 

Surface Usable surface - m² 

Parcel surface Total surface of ground, excluding living floor <1,500 m² 

Volume Gross volume m³/m²>1.9 

m³/m²<4.0 

m3 

X and Y coordinates Longitude and latitude of the house - Longitude+lattitude 

Monumental status Heritage protected by National government - 0=no, 1=yes 

Address density Average amount of addresses per km² within 

a radius of 1km 

- nn-nnnnn 

Residents Amount of residents - nn-nnnnn 

Age of residents % 0-14, % 15-24, % 25-44, % 45-64, % > 64 - n% - nn% 

Foreigners % Non-western69 and % western foreigners70 - n% - nn% 

Household composition % Single family households71, % households 

with children, % households without children 

- n% - nn% 

Average household size Amount of people divided by amount of 

households 

- n.n 

                                                           
69

 Foreigners from Turkey, Afrika, Latin-America and Asia (excluding Indonesia and Japan). 

70
 Foreigners from Europe, North-America, Oceania, Indonesia and Japan.  

71
 Percentage of households that consist of one person who is older than 14 years. 
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Passenger cars per 

household 

Amount of cars that can carry a maximum of 

8 passengers divided by amount of households 

<10 n.n 

% with welfare assistance Percentage of people in the age category 15-

65 year that get welfare assistance72 

<89 n% – nn% 

Density of population The amount f residents per km² of land - n - nnnnn 

Distance to hospital Average distance of residents to the nearest 

hospital73 over public roads 

<15,000 n – nnnnn meter 

Amount of hospitals 

within 5km 

Amount of hospitals within a radius of 5km <4 n 

Amount of hospitals 

within 10km 

Amount of hospitals within a radius of 10km <8 n 

Distance to day-care 

center 

Average distance of residents to the nearest 

day-care center74 

- n.n – nn.n  

Amount of day-care 

centers within 1km 

Amount of day-care centers within a radius of 

1km 

<10 n 

Amount of day-care 

centers within 3km 

Amount of day-care centers within a radius of 

3km 

<27 n – nn 

Amount of day-care 

centers within 5km 

Amount of day-care centers within a radius of 

5km 

<50 n - nn 

Distance to after-school 

care center 

Average distance of residents to the nearest 

after-school care center75 

- n – nn kilometer 

Amount of after-school 

care centers within 1km 

Amount of after-school care centers within a 

radius of 1km 

<10 n 

Amount of after-school 

care centers within 3km 

Amount of after-school care centers within a 

radius of 3km 

<36 n – nn 

Amount of after-school 

care centers within 5km 

Amount of after-school care centers within a 

radius of 5km 

<60 n – nn  

Distance to main road Average distance of residents to the nearest 

highway or provincial road 

<15,000 n – nnnnn meter 

Distance to train  

station 

Average distance of residents to the nearest 

train station 

<40,000 n – nnnnn meter 

                                                           
72

 Welfare assistance under the Dutch laws: ABW, WWB, WAO, WAZ, Wajong and/or WW.  

73
 Institution for researching, treating and caring the sick and injured.  

74
 Place where children in the age category 0 to 4 years can be brought to for one or more day parts per week.  

75
 Place where children from the primary school can brought to before or after school and during free days, such as 

holidays.  
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Distance to library Average distance of residents to the nearest 

library 

- n – nn kilometer 

Distance to ice-rink Average distance of residents to the nearest 

ice-rink (accessible in the winter season) 

- n – nn kilometer 

Composition of houses % owner-occupied houses and % rental houses - n% – nn% 

Average gas usage Average annual usage of gas of houses - n – nnnn m³ 

Average electricity usage Average annual usage of electricity (excluding 

usage of collective rooms and own generation)  

- nnnn – nnnn kWh 

Distance to cinema Average distance of residents to the nearest 

cinema 

<20 n – nn kilometer 

Amount of cinemas 

within 10km 

Amount of cinemas within a radius of 10km - n - nn 

Distance to primary 

school 

Average distance of residents to the nearest 

primary school (excluding non-regular prima-

ry schools such as mobile primary schools) 

- n – n kilometer 

Amount of primary 

schools within 3km 

Amount of primary schools within a radius of 

3km 

<20 n - nn 

Distance to supermarket Average distance of residents to the nearest 

supermarket (minimal surface of 150 m²) 

- n 

Amount of supermarkets 

within 3km 

Amount of supermarkets within a radius of 

3km 

<20 n – nn 

Distance to restaurants Average distance of residents to the nearest 

restaurant, café-restaurant or take-away 

- n – n 

Amount of restaurants 

within 3km 

Amount of restaurants within a radius of 3km <75 n – nn 

Distance to lower educa-

tion (VMBO) school 

Average distance of residents to the nearest 

lower education school 

- n – nn 

Amount of lower educa-

tional schools within 5km 

Amount of lower education schools within a 

radius of 5km 

<10 n – n 

Distance to pre-

university (havo/vwo) 

school 

Average distance of residents to the nearest 

pre-university school 

- n – nn 

Amount of pre-university 

schools within 5km 

Amount of pre-university schools within a 

radius of 5km 

<8 n – n 

Distance to swimming 

pool 

Average distance of residents to the nearest 

public accessible swimming pool 

- n - nn 
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Appendix G: Counting Cases by Listing Date per Province 

 


