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Chapter 2 

 

Semi-parametric Estimation of House Price Indices 
 

 

2.1 Introduction 

 

Housing accounts for the largest proportion of the physical wealth of the average 

household, but comparing with other assets, it is the least known. This can be attributed to 

their heterogeneous nature, and infrequent trading. Unlike stocks, bonds, and other assets, 

houses are not homogeneous in many dimensions and are only traded a few times during 

their lifetime, normally with significant transaction costs. Practically, it is known that both 

heterogeneity and illiquidity make the measurement of housing price index a difficult task. 

Due to the illiquidity nature of housing, few observations of housing transactions within a 

short time horizon make it hard to estimate a house price index using standard hedonic 

regression techniques. Moreover, our observations of housing transactions involve houses 

that differ in quality, for instance, location and design. Therefore, we need to account for 

the quality difference if we want to filter out the real appreciation of housing in the 

construction of price index. 

 

With these practical considerations in mind, there are also significant benefits attached to 

an accurate measure of a housing price index. First, since housing represents a large 

portion of the investment portfolio of the average household, the price volatility of housing 

will inevitably exert major implications on the well-being of the household. This calls for 

either a derivative market for housing or social redistribution to those who are negatively 

affected by the change of housing price. Through trading these derivatives, the household 

can shield themselves against housing price volatility. To make the redistribution work, the 

effect of a shock to prices of housing needs to be measurable. Therefore, both the 

derivative market for housing and redistribution policies hinges upon an accurate measure 

of housing price index. 
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In addition, such housing price index can be used in the case of portfolio choice (Shiller, 

1993). When investors are presented with different investment portfolios, some of which 

contain housing or housing related assets, an accurate housing price index will give the 

investor a general view on the risk and return profile of these investment opportunities. 

Investors can thus make their portfolio choice on the basis of this risk return tradeoff and 

their degree of risk aversion. Housing price index can also be of particular interest to 

financial institutions which engage in providing mortgage loans to households. As the 

price of housing fluctuates, the loan-to-value ratio is also changing over time. If the house 

price drops significantly, meaning a high loan-to-value ratio, households are more likely to 

default on their mortgage loans, which will inevitably affect the solvency of the financial 

institutions that provide these mortgage loans. Therefore, an accurate measure of the 

development of the house price will help these financial institutions to better assess and 

manage the risks they are facing. 

 

Recognizing the practical challenges in the estimation of housing price index, various 

estimation methods have been proposed. Among them, the most popular approaches are 

repeated sales regression (Bailey et al., 1963) and hedonic regression (Kain and Quigley, 

1970). Repeated sales regression employs a sub sample of houses that have been sold for at 

least twice to control for quality change over time. The estimated price difference for the 

same house is interpreted as the pure appreciation of housing between different points in 

time, which is used in the construction of the price index. Comparing with the repeated 

sales regression, hedonic approach uses hedonic regressions to estimate the implicit prices 

of housing attributes, which can be used in the index construction. Despite their popular 

application in practice, some of the fundamental flaws associated with these techniques are 

not negligible (Palmquist, 1979; Wallace, 1996; Meese and Wallace, 1997). Repeated sales 

regression cannot capture the depreciation of housing over time (Bailey et al., 1963; 

Palmquist, 1980). Since it only uses a sub-sample of houses that are sold for multiple times, 

the estimation is not efficient (Case and Quigley, 1991; Hill et al., 1997), and the repeated 

sales data may be subject to sample selection bias (Clapp and Giaccotto, 1992). Moreover, 

using repeated sales regressions, unbalanced frequencies of observations can lead to very 

different weights for the mean returns for each time period (Meese and Wallace, 1997). As 

Case and Shiller (1987) pointed out, the constant variance assumption in repeated sales 
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regression is not likely to be valid. For hedonic regressions, it normally requires 

comprehensive attribute variables, which are difficult to obtain in practice. In addition, the 

usual functional specification poses a problem, since there is no theoretical justification for 

the log linear functional form (Rosen, 1974). A common assumption in both models is the 

invariability of implicit prices of attributes. For both methods, the estimated index stability 

will have practical implications, which can be tackled by constructing a chained index 

(Clapham et al., 2006). 

 

Variations of these two popular approaches have been proposed to address one or the other 

of these problems. Case and Shiller (1987) proposed weighted repeated sales method to 

address the heteroskedasticity problem. Quigley (1995) and Englund et al. (1998) applied 

the hybrid model to estimate the housing price index for Los Angeles and eight 

geographical regions in Sweden respectively. Palmquist (1980) used hedonic regression to 

identify the depreciation of housing, which made it possible to derive depreciation 

corrected price relatives using repeated sales regression. Due to the increasing popularity 

of hedonic regression, its functional form assumption has drawn a lot of attention. As 

shown in Mason and Quigley (1996), it is futile to deduce the precise hedonic specification 

from economic theory, and that the form of the hedonic model is ultimately an empirical 

issue, which casted doubts on the conventional log-linear form of the hedonic regression. 

Halvorsen and Pollakowski (1981) dropped the stringent log linearity restriction and 

estimated the appropriate functional form of hedonic regression using Box-Cox 

transformation (Box and Cox, 1964). A number of studies advocate non-parametric 

modeling of the hedonic equation to make the estimation robust to model misspecification. 

Hodgson et al. (2006) used kernel method to estimate the error distribution non-

parametrically, which fed into the maximum likelihood estimation of the parameters of 

interest. Their semi-parametric approach addressed possible non-normality of the error 

terms in the ordinary least squares (OLS) regression, which contributed to precision of 

index estimation. Martins-Filho and Bin (2005) adopted local polynomial estimators to 

asses the appropriate functional form of continuous variables in the hedonic regression, 

and showed superiority of this method over the alternative parametric model in terms of 

out-of-sample prediction performance. Wallace (1996) applied LOESS estimator, which 

was a weighted local least squares regression, to approximating the hedonic regression 
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equation non-parametrically. She found significant difference between the price indices 

estimated using repeated-sales regression that assumed constant quality over time and the 

non-parametric hedonic equation. Bao and Wan (2004) employed spline smoothing to 

estimate the non-parametric hedonic equation, and they confirmed that the true functional 

form was far from smooth and any prior imposed parametric model was likely to result in 

model misspecification. Henderson et al. (2007) estimated the hedonic equation using OLS, 

semi-parametric, and non-parametric models. Local linear least squares estimation was 

used in both the semi-parametric and non-parametric models. They concluded that non-

parametric model was able to capture the non-linearity structure of the data, which could 

produce intuitive and meaningful results. Pace (1993) used the kernel estimation of the 

non-parametric model, and confirmed the robustness of non-parametric model over its 

parametric counterparts. 

 

In this chapter, we will investigate the issue of the functional form assumption concerning 

the hedonic regression and its implication on housing price index estimation using a 

housing transaction dataset from Amsterdam region, The Netherlands. It differs from 

previous works on two grounds. First, we employ cubic spline smoothing to approximate 

the unknown functional form. Second, we address the index revision problem by 

estimating the hedonic equations year by year and construct a chain index, contrary to 

standard method of pooling all data and estimating the index through time dummies as is 

more common in the literature. In particular, we will apply both the parametric OLS and a 

more general semi-parametric model to the estimation of our hedonic equation. Model fits 

will be examined, and housing price index constructed using both models are also 

compared. In the construction of the housing price index, we first find the hypothetical 

“representative” housing for each year. The values of the “representative” housing are 

predicted by both models, through which changes of value of the “representative” housing 

are identified from year to year. A Laspeyres chained index is then constructed on the 

changes of values of the “representative” housing. The “representative” housing is found 

by combining the means of the attributes of all housing for a specific year, and we would 

expect it will change from year to year.  
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The rest of the chapter is organized as follows. Section 2.2 provides a simple and non-

exhaustive overview of our semi-parametric estimation method. Section 2.3 discusses the 

housing transaction data used in this study. Section 2.4 presents the empirical results. 

Section 2.5 concludes. 

 

2.2 Semi-parametric Model 

 

2.2.1 Specification 
 

The popular hedonic regression model is given by  

 y            2~ (0, )i N        1, ,i n   

where   

1 1
1

( ,..., )
D

D D
d

E Y X x X x xd d  


                                      (2.1) 

y ,  and   are  vectors and 1n   is 1n  vector of ones, and i are i.i.d. error terms. The 

coefficients are normally interpreted as the implicit attribute prices of housing. The model 

we use in this chapter generalizes equation (2.1) by making some but not all explicit linear 

relations to be non-parametrically estimated from the data. Ideally, we would estimate the 

hedonic equation in the most flexible form 

 1 1 1( ,..., ) ( ,..., )D D DE Y X x X x f x x       

where f  is a smooth function. However, it is not feasible to perform such estimation in a 

pure non-parametric setting due to the presence of the “curse of dimensionality”, meaning 

that neighborhoods with a fixed number of points become less local as the dimension 

increases (Bellman, 1961). Therefore, we make an assumption on the structure of 

1( , ), Df x  x  that does not include interactions among the independent variables 1, , Dx x , 

and  1( ,
1

, ) ( )
D

D d d
d

f x x f x


 .  The semi-parametric model we use is thus of the form  

                 
'

1 1
1 1

( ,..., ) ( )
d D

D D d d
d d d

E Y X x X x x f x  
  

       d d                         (2.2) 

 
 

 9



2.2.2 Estimation 
 
 
To estimate this semi-parametric model, we apply the penalized log-likelihood criterion 

                 '

'' 2
1 1

1

1
( ,..., , ,..., ) ( , ) [ ( )]

2

D

d D d d dd
d d

J f f l y f x   
 

    dx
                             (2.3)  

where ( , )l y  is the log-likelihood function,   is the smoothing parameter that attaches 

the degree of penalty with respect to the roughness of the estimated function ( )f x , 

2)][ ''(f x dx  denotes the penalty on the roughness of the estimate of ( )f x , and ''( )f x  is 

the second order derivative with respect to x  . It is clear that the smoothing parameter  

controls the trade-off between the model fit and smoothness. If  = 0, we simply have the 

maximum likelihood estimation which will lead to data interpolation. On the contrary, 

if 

d

, we put all weight on the penalty on wiggliness that leads to . Therefore, 

the unknown functions will be estimated to be least square lines. Given smoothing 

parameters 

''( )f x  0

 , functions ( )d df x  that maximize the criterion (2.3) are cubic splines, 

because it is a curve made up of piecewise cubic polynomial linked together that is 

continuous in level as well as first and second order derivatives (Reinsch, 1967).1 We 

choose cubic spline over other smoothers to approximate the unknown function primarily 

for its computational simplicity. Specifically, cubic smoothing spline is not constructed 

explicitly like kernel smoother, but emerges naturally as the solution to the optimization 

problem (2.3). As shown in Hastie and Tibshirani (1990), the penalized log-likelihood 

criterion can be rewritten in the form  

                            '

'
1 1

1

1
( ,..., , ,..., ) ( , )

2

D

d D d d dd
d d

J f f l y f   
 

   dK f                         (2.4)  

where s are known penalty matrices for each  dK dx for ' 1, ,d d D   .  

 

                                                 
1 For detailed coverage of the statistical properties of splines, we refer to Wahba (1990) and Gu (2002). 
Moreover, we take the even spaced knots to be 10 (except for the variable “number_of_room” in 1992, in 

which case we take the knots to be 5) to approximate the unknown smooth function ( )d df x . This is 

motivated by the fact that neither the choice of number of knots and their locations should not have an 

influence on the model fit, and the estimated shape of ˆ ( )f x  is determined by the choice of   (Wood, 

2006).  
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We apply the local-scoring procedure, maximizing equation (4) with respect to  , 1  , ... , 

'd
 , ' 1d

f


, ... , Df , and linearizing around local value of  0  in the score equations. Denote 

                                         
l

U



                          
2

'

l
H




   

where   is defined according to  equation (2.2). we get2  

 

                                                             (2.5) 
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where  

                                                               0 1z H  

                                                              1( )S H      

                                                 ' 1 '( ) 1,...,
d d d dS x Hx x H d

 d    

                                                  1( ) 1,...,
df d dS H K H d d      D

We can see that the local scoring procedure is similar a Newton-Raphson algorithm, which 

provides updates that fit the additive model. 

 

Up-to-now, the smoothing parameters d  are taken as given. If   is set too high, the data 

will be over smoothed. On the contrary, a too low   will lead to under smoothing. In both 

cases, the estimated functions f̂  will deviate from the true functions f . This calls for a 

                                                 
2 See derivation in the Appendix. 
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criterion for   to be chosen optimally such that the deviance between f̂  and f  can be 

minimized. In the context of model (2.2), this can be achieved as follows. First, define 

deviance 

                                             ˆ( , ) 2[ ( , ) ( , )]maxD y l y l yˆ                                                (2.6) 

where ( maxl , )y  denotes the maximized likelihood of the saturated model, and is evaluated 

by setting ˆ y . The leave-one-out cross-validated deviance is given by   

                                                        
1

1
ˆ( , )

n
i

i i
i

CV D y
n





                                                   (2.7) 

where ˆ i
i
  is the fitted value at the th point by leaving the i th point out of the sample 

(Hastie and Tibshirani, 1990, p.159). In essence, equation (2.7) is the expected deviance 

evaluated at  and its predicted value based on the model. By minimizing CV with respect 

to 

i

y

d s, smoothing parameters can be optimally chosen that provide the best out-of-sample 

forecast.  

 

The theory of inference on additive models is well presented in Hastie and Tibshirani 

(1990). Wahba (1983) developed the prediction interval for the smoothing spline estimator 

f  from the Bayesian approach, since it can be shown that the smoothing spline estimator 

is the posterior mean of the Bayesian regression function composed of spline basis 

functions. A 100(1 )%   prediction interval for the value of the mean function df  at ,d ix  

is  

                                              ,

2

( ) [ ( )d d i d d i, ]f x Z Var f x y                                              (2.8) 

where /2Z   is the 100(1 ) th percentage point of the standard normal distribution. 

 

2.3 Data Description  

 

Before we describe the dataset that is used in this study, it is worthwhile to get a glimpse 

on the transaction process in the Dutch housing market. In The Netherlands, when a seller 

wants to sell his dwelling, he will most likely approach a real estate broker for two reasons. 

First, he asks the broker to market the dwelling that he sells. Second, he can get 
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recommendations on the price of the selling property from the broker. The broker then 

markets the dwelling on the media, which is normally the local newspaper or 

. If a buyer is interested in the dwelling, he can contact the broker for a visit 

of the property. Once the visit is completed, the buyer can give his own bid that kicks off 

the negotiation process. Sometimes, such bid can be above the list price depending on the 

market condition. As long as an agreement is reached, the transaction of the dwelling goes 

through.  

. .www funda nl

 

In our study, we apply both OLS and the semi-parametric model (2.2) to a dataset of 

housing transactions within the vicinity of Amsterdam. The dataset is composed by The 

Dutch Association of Real Estate Brokers and Real Estate Experts (NVM), which 

possesses several unique attributes. First, it traces the housing transaction in Amsterdam 

region to as early as 1970. Although the data in these early years may be too few to 

produce reliable statistical results, it nevertheless gives us the possibility to estimate the 

housing price index for almost 40 years. Second, the dataset covers a substantial part of the 

total housing market transactions in the Amsterdam region.3 This is desirable since a large 

sample size is beneficial to the accuracy of our estimation. Third, the dataset has an 

extensive coverage on the characteristics of transacted houses. A large number of housing 

attributes is a necessary prerequisite for a hedonic regression to be estimated meaningfully 

in order to mitigate the omitted variable problem. However, in practice, it is hard, if not 

impossible, to obtain housing transaction data with such comprehensive coverage on these 

attributes. Table 2.1 gives an overview of the characteristics of the transacted houses in the 

dataset that are incorporated into this study. 

 

The vicinity of Amsterdam in this study is defined to include Amsterdam, Amstelveen, 

Diemen, and Ouder-Amstel, although all have their own local authorities. Since there has 

been a high moving frequency within these four regions of the vicinity of Amsterdam, it is 

sensible to include all of them in our estimation of the housing price index for Amsterdam 

region. We have access to a total number of 91,941 housing transactions for the 

Amsterdam region, spanning a time period from 1970 to 2007. Due to limited number of 

observations, we delete the data for the early year from 1970 to 1989. We also exclude data 

                                                 
3 The market share of NVM in the Greater Amsterdam region is shown in Appendix D. 
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for the year 2007, since the dataset for 2007 is still under construction. Since the variable 

“square meters” and “volume” are correlated, we construct another variable “height” 

through dividing “volume” by “square meters”, which is also easier for interpretation than 

“volume”. We remove the entries of “height” below 2 meters and above 4.5 meters (think 

about the average height of the Dutch people!). Moreover, we identify some entries for 

variables that have either missing or irregular values, which are also excluded from our 

estimation. After cleaning the dataset, we have a sample consisting of 77,373 observations 

spanning a period from 1990 to 2006. Among these transactions, roughly 76.5% are 

apartments. Since most of young and middle-aged people choose to reside in Amsterdam 

region for stimulating atmosphere and job opportunities, apartments are more popular than 

houses which typically locate on the outskirts of the city. Table 2.1 shows descriptive 

statistics of the housing attributes in our transaction dataset. 

 

Table 2.2 provides a description of the distribution of the number of transacted dwellings 

that are incorporated into our estimation. We can see a clear trend in terms of the number 

of transactions on a yearly basis. The number of transactions in 2006 is almost 7 times that 

in 1990. Few possible insights may help to explain such a dramatic increase in terms of the 

housing transaction volume in Amsterdam region over time. First, it may be due to a 

booming housing market for the Amsterdam region from the demand side. Second, an 

increase in transaction volume is the result of an increase of the owner-occupied dwelling 

of the total housing stock in Amsterdam over time. Third, it may also be the case that the 

market share of NVM has been increasing over time.  

 

Table 2.1 Descriptive Statistics 

 

Panel A - Continuous variables   

Variable Mean Std. Deviation 

size 96.85 43.87 

number of rooms 3.43 1.49 

number of bathrooms 0.93 0.42 

height 2.80 0.22 
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Table 2.1 continued  

 

Panel B - Frequency of binary variables   

Variable Mean Observations 

storage attic 0.028 2166 

balcony 0.490 37933 

new 0.023 1806 

lift 0.233 18061 

parking 0.132 10226 

good inside maintenance  0.895 69243 

good outside maintenance  0.955 73869 

Transaction quarter   

Q1 0.232 17937 

Q2 0.252 19476 

Q3 0.257 19851 

Q4 0.260 20109 

Type of dwelling    

row house 0.154 11935 

schakelwoning 0.003 263 

corner house  0.048 3721 

semi-detached house 0.016 1208 

detached house 0.013 1017 

apartment (ground level) 0.092 7118 

apartment (non-ground level) 0.353 27287 

apartment (maisonnette) 0.041 3154 

apartment (front door in hall) 0.103 7951 

apartment (galary) 0.166 12831 

apartment (for the elderly) 0.003 232 

apartment (ground level with multiple floors)  0.008 656 

Building year   

1500-1905 0.143 11064 

1096-1930 0.233 18053 

1931-1944 0.079 6102 

1945-1959 0.061 4745 

1960-1970 0.161 12468 

1971-1980 0.060 4632 
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Table 2.1 continued  

 

Panel B - Frequency of binary variables   

Variable Mean Observations 

Building year   

1981-1990 0.096 7434 

1991 and after 0.166 12875 

Location   

post codes 1000-1019 0.171 13235 

post codes 1020-1025 0.026 2026 

postcode1030-1049 0.026 2028 

post codes 1050-1059 0.178 13802 

postcodes 1060-1069 0.105 8153 

postcodes 1070-1079 0.136 10510 

postcodes 1080-1087 0.038 2968 

postcodes 1090-1099 0.072 5570 

postcodes 1100-1108 (1234) 0.054 4190 

postcodes 1110-1114 0.029 2240 

 

 

Table 2.2 Yearly Transactions 

 

Year Obs. Year Obs. 

1990 1321 1999 4967 

1991 1540 2000 5505 

1992 1598 2001 5817 

1993 1832 2002 6344 

1994 1959 2003 6703 

1995 2845 2004 7692 

1996 3221 2005 9036 

1997 3576 2006 9062 

1998 4232   

 

To improve the statistical properties of our estimations, we transform some of the variables 

through aggregation over their domain. For example, there are 9 different descriptions of 
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the state of the maintenance within the building ranging from “excellent” to “bad”. Since 

only few of the dwellings have excellent or bad interior, we transform the variable with 

only “good” or “bad” descriptions through aggregating from “excellent” to “reasonable” 

and from “below reasonable” to “bad”. After this transformation, there are still over 89.5% 

of the transacted dwellings with good interior. We transform altogether three variables 

following similar lines of reasoning, and they are “maintenance of inside the dwelling”, 

“maintenance of outside the dwelling” and “parking”. 

 

2.4 Empirical Results   

 

We run separate cross-sectional regression for the yearly data applying both OLS and the 

semi-parametric model (2.2). The dependent variable in both models is log(transaction 

price) , and we treat the building year between 1500 and 1905 as the base category for age 

dummies. We also suppress transaction quarter 1 as the base quarter, detached house as the 

base dwelling type, and postcode between 1000 and 1019 as the base location. We treat 

OLS as the null model which imposes the linear functional form restriction and the semi-

parametric model as alternative model which is more general in that we do not impose 

prior functional form for some of the regressors. We follow Hastie and Tibshirani (1990) 

and perform test on linear model restriction on the basis of the statistic  

 

                                                 1 2 1 2ˆ ˆ ˆ ˆ( , ) ( , ) ( , )D D y D y                                             (2.9)

which has a 2 distribution with degrees of freedom equal to the difference in the 

dimensions of the two models.  

 

Both models are employed for value prediction of the “representative” dwelling and the 

estimation results are presented in Appendix B. Table 2.3 gives summary of the results of 

the parametric model. The coefficients are interpreted as the semi-elasticity of the effects 

of dwelling attributes on the transaction price except for the coefficients of both the 

log(size) and log(height) which measures the elasticity of size and height on transaction 

price respectively. 
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The signs of the coefficients for log(size) are both positive and significant as expected. The 

effects of a one-percentage increase in size will lead to an increase of transaction prices 

ranging from 0.78% to 0.89%. For 14 out of 17 years in our sample, housing transaction in 

quarter 1 were less favorable compared with other quarters. On the contrary, trading in 

quarter 4 was more profitable for the seller since the transaction price was generally higher 

than other quarters, which was the case for 13 out of 17 years in the sample. Therefore, our 

quarter dummies capture the expected upward intra-year index development trend. The 

effect of “new” dwelling is not significant and not applicable for some of the years when 

there were no new dwellings traded. Having “lift” and “storage attic” both would 

positively affect the transaction price of housing. However, the effect of having a 

“balcony” is mixed, though insignificant for most of the years, contrary to we expect that a 

balcony will exert positive impact on the transaction prices. The “number of rooms” has a 

positive effect on the transaction prices as expected. However, the effect can also be 

nonlinear, since people may attach different values to an increase of rooms from 2 to 3 and 

from 4 to 5. This possibility is investigated in the estimation of the semi-parametric model 

where we estimate the effect of “number of rooms” via a smooth function of unknown 

form other than the pre-specified linear form. The effect of “number of bathrooms” is 

positive for all the years. This is in line with our prediction, since more bathrooms will 

bring more convenience to the household. One extra bathroom will positively affect the 

transaction price. The constructed variable “height” has significant positive impact on the 

transaction prices.  

 

The effect of dummy variable “dwelling type” shows that “detached house” is generally 

valued more than other type of dwellings. Intuitively, a detached house is more costly to 

build than other type of dwelling, and is normally equipped with private parking and a 

garden. However, there are also significantly higher operating and maintenance costs 

associated with owning a house than owning an apartment, which can negatively affect the 

valuation of a house. In our case, the benefits of owning a detached house clearly outweigh 

the corresponding costs, which makes detached house more valuable in Amsterdam region. 

On the contrary, “apartment for the elderly” is found to be the cheapest type of dwelling in 

Amsterdam region. This is not surprising since this type of dwelling, with large service 
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costs, can only be purchased by people who are above 65, and its price is significantly 

lower than its comparable type due to government regulation.  

 

The effects of the age dummies are among the most interesting findings of this study. Due 

to the depreciation of dwelling over time, we expect the impact of age on transaction price 

to be negative. However, our findings are mixed. Generally, dwellings built in 1960s are 

cheaper than dwellings built between 1945 and 1959. For some of the years, dwellings 

built before 1905 are actually more expensive than dwelling built between 1905 and 1990. 

This counter-intuitive discovery may be an indication of the fact that age may also proxy 

for other variables that are not included in the estimation which will positively affect the 

transaction price, for instance, building style and interior design. Postcodes, which proxies 

for location, have significant effects on the housing transaction price. We find that 

dwellings within the city center with postcodes ranging from 1000 to 1019 are the most 

expensive for Amsterdam region. However, dwellings in Amsterdam Zuidoost are 

significantly cheaper than other areas within the region. This might be due to the fact that 

immigrants concentrate in Amsterdam Zuidoost and the crime rate there is higher than 

other parts of Amsterdam region. “Parking” is significantly positive in relation to the 

transaction price, and both bad interior and outside maintenance are penalized with a lower 

price. 

 

Table 2.4 presents the results of the alternative semi-parametric estimation. We make 

explicit linearity assumption for all the dummy variables plus “number of bathrooms”, 

which is the parametric part of this semi-parametric model. The functional forms of three 

variables “log(size)”, “number of rooms” and “log(height)” are estimated non-

parametrically that fit the data best according to criterion (2.3).4 In Table 2.4, the estimated 

coefficients of the parametric part of the model are reported. However, no explicit 

coefficients for the smooth functions are available and only the degrees of freedom used in 

the estimation of the unknown functions are reported, since the smooth functions have non-

linear structure by construction. 

 

                                                 
4 It is not possible to estimate the functional form of the variable “construction year” since it is recorded 
using dummy instead of continuous variables.   
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Table 2.3 OLS Results for Selected Years5 

 

 1991 1996 2001 2006 

 Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

log(size) 0.826** 0.025 0.777** 0.020 0.865** 0.014 0.857** 0.013 

Q2 0.017 0.018 0.013 0.013 0.019 0.010 0.027** 0.009 

Q3 0.028 0.017 0.058 0.013 0.023 0.010 0.048** 0.009 

Q4 0.057** 0.018 0.073** 0.013 0.019 0.010 0.077** 0.010 

new 0.000 0.000 0.000 0.000 0.054 0.022 0.001 0.019 

lift 0.001 0.023 0.020 0.017 0.027 0.011 0.054** 0.011 

number rooms 0.010 0.006 0.025** 0.006 0.005 0.004 0.005 0.003 

attic -0.029 0.028 0.005 0.025 0.039 0.023 -0.044 0.035 

balcony 0.039** 0.013 -0.014 0.010 0.007 0.008 -0.008 0.007 

bathroom 0.118** 0.015 0.098** 0.013 0.011 0.009 0.025** 0.008 

log(height) 0.293** 0.095 0.098 0.071 0.405** 0.046 0.342** 0.047 

post1020-1025 -0.659** 0.042 -0.438** 0.036 -0.489** 0.026 -0.379** 0.021 

post1030-1049 -0.543** 0.051 -0.438** 0.033 -0.531** 0.024 -0.463** 0.021 

post1050-1059 -0.326** 0.025 -0.233** 0.020 -0.191** 0.014 -0.133** 0.013 

post1060-1069 -0.510** 0.034 -0.416** 0.022 -0.458** 0.015 -0.418** 0.015 

post1070-1079 -0.012 0.027 -0.021 0.019 -0.002 0.014 0.062** 0.013 

post1080-1087 -0.130** 0.035 -0.165** 0.028 -0.135** 0.022 -0.160** 0.022 

post1090-1099 -0.304** 0.033 -0.246** 0.027 -0.219** 0.016 -0.183** 0.015 

post1100-1108) -0.803** 0.033 -0.628** 0.029 -0.611** 0.021 -0.560** 0.018 

post1110-1114 -0.470** 0.036 -0.300** 0.028 -0.406** 0.021 -0.359** 0.028 

post1180-1183 -0.220** 0.028 -0.228** 0.023 -0.252** 0.018 -0.178** 0.020 

post1184-1188 -0.347** 0.029 -0.260** 0.022 -0.327** 0.018 -0.320** 0.020 

post1190-1191 -0.258** 0.053 -0.183** 0.051 -0.275** 0.034 -0.190** 0.040 

row house -0.391** 0.044 -0.225** 0.043 -0.330** 0.032 -0.349** 0.034 

schakelwoning -0.183 0.167 -0.133 0.082 -0.208** 0.055 -0.720** 0.071 

corner house  -0.347** 0.046 -0.185** 0.045 -0.281** 0.034 -0.322** 0.036 

semi-detached -0.165** 0.056 -0.074 0.052 -0.100 0.042 -0.164** 0.043 

ground-level-app -0.430** 0.054 -0.311** 0.048 -0.301** 0.034 -0.387** 0.035 

non-ground-app -0.507** 0.051 -0.384** 0.049 -0.348** 0.033 -0.430** 0.035 

maisonnette -0.452** 0.057 -0.319** 0.052 -0.365** 0.036 -0.457** 0.038 

 

 
                                                 
5 For the sake of space, not all results are reported. Results for other years are available upon request. 
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Table 2.3 continued 

 

 1991 1996 2001 2006 

 Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

Front-door-in-hall -0.463** 0.049 -0.295** 0.046 -0.357** 0.035 -0.431** 0.037 

galary-app -0.491** 0.048 -0.348** 0.045 -0.394** 0.036 -0.474** 0.039 

for-elderly-app  -0.743** 0.098 -1.052** 0.069 -1.263** 0.065 -1.230** 0.073 

ground-more-app -0.483** 0.067 -0.146 0.063 -0.374** 0.047 -0.366** 0.050 

b1906-1930 -0.126** 0.024 -0.024 0.018 -0.041** 0.013 -0.069** 0.012 

b1931-1944 -0.075** 0.029 -0.032 0.024 -0.097** 0.016 -0.127** 0.016 

b1945-1959 -0.040 0.029 -0.093** 0.023 -0.126** 0.019 -0.170** 0.020 

b1960-1970 -0.058 0.028 -0.144** 0.023 -0.179** 0.018 -0.250** 0.018 

b1971-1980 0.008 0.029 -0.080** 0.028 -0.145** 0.021 -0.194** 0.022 

b1981-1990 0.118** 0.027 0.046 0.023 -0.080** 0.018 -0.148** 0.016 

b1991 0.265** 0.057 0.135** 0.021 -0.011 0.015 -0.070** 0.015 

parking 0.063** 0.020 0.083** 0.016 0.063** 0.011 0.033 0.012 

m-inside-good 0.126** 0.017 0.082** 0.014 0.074** 0.014 0.076** 0.013 

m-outside-good 0.106** 0.022 0.114** 0.021 0.073** 0.020 0.011 0.024 

 
** significant at 5% level 

 

We confirm our finding in the OLS estimation of the intra-year appreciation of housing 

price in Amsterdam region. Both “lift” and “storage attic” will contribute to a higher 

transaction price. However, the effect of having a balcony is mixed as in the parametric 

case. The effect of one extra bathroom on the percentage change of transaction price is 

significantly positive. The effects of “housing type” are significant, and we find that 

“detached house” is the most expensive and “apartment for the elderly” is the cheapest 

among all housing types in Amsterdam region. The age dummies still have interesting 

estimated coefficients. Again, there is no clear cut effect of age on the transaction prices, 

and our interpretation in the previous parametric model still stands in this semi-parametric 

model. In terms of the effect of location on transaction price, we confirm our earlier 

finding that downtown Amsterdam is the most expensive area and Amsterdam Zuidoost is 

the cheapest area of the whole Amsterdam region.  
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All of the dummies “parking”, good interior and exterior maintenance have the signs as 

expected. In addition to the parametric results, the approximate significance of the smooth 

terms is also presented in Table 2.4. The effective degrees of freedom associated with 

smooth function indicates the amount of smoothing that the smoother does. If the 

smoothing parameter is very high, we would have close-to-linear estimate of the smooth 

function which has few degrees of freedom. Therefore, the smoothness is inversely related 

with degrees of freedom. Figure 2.1 in Appendix B also gives a visualization of the 

estimated smooth functions for our yearly data with 95% confidence bounds. The 

estimated function “log(size)” has the expected upward sloping shape, although not strictly 

monotonic for 1 out of 17 years. Moreover, it is clearly not linear, which demonstrates that 

our prior linear functional form restriction is not valid.  

 

Table 2.4 Semi-parametric Results for Selected Years6 

 

 1991 1996 2001 2006 

 Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

Q2 0.013 0.017 0.013 0.013 0.017 0.009 0.028 0.009 

Q3 0.027 0.017 0.059** 0.013 0.024** 0.009 0.048** 0.009 

Q4 0.052** 0.017 0.073** 0.013 0.019 0.009 0.077** 0.010 

new NA NA NA NA 0.041 0.021 0.003 0.019 

lift 0.000 0.022 0.022 0.017 0.031** 0.011 0.055** 0.011 

storage-attic -0.035 0.028 0.003 0.025 0.035 0.022 -0.046 0.035 

balkony 0.043** 0.013 -0.012 0.010 0.007 0.008 -0.009 0.007 

bathroom 0.115** 0.015 0.097** 0.013 0.015 0.009 0.018 0.008 

post1020-1025 -0.670** 0.042 -0.444** 0.036 -0.481** 0.025 -0.377** 0.021 

post1030-1049 -0.573** 0.050 -0.448** 0.034 -0.514** 0.023 -0.448** 0.022 

post1050-1059 -0.321** 0.026 -0.227** 0.020 -0.185** 0.013 -0.130** 0.013 

post1060-1069 -0.513** 0.034 -0.422** 0.023 -0.448** 0.015 -0.413** 0.015 

post1070-1079 -0.003 0.026 -0.019 0.019 0.001 0.014 0.064** 0.013 

post1080-1087 -0.137** 0.035 -0.174** 0.028 -0.133** 0.021 -0.163** 0.022 

post1090-1099 -0.308** 0.033 -0.243** 0.027 -0.213** 0.015 -0.181** 0.015 

post1100-1108 -0.815** 0.033 -0.630** 0.029 -0.608** 0.021 -0.553** 0.018 

post1110-1114 -0.466** 0.035 -0.304** 0.028 -0.396** 0.020 -0.350** 0.028 

                                                 
6 For the sake of space, not all results are reported. Results for other years are available upon request. 
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Table 2.4 continued 

 

 1991 1996 2001 2006 

 Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

post1180-1183 -0.229** 0.028 -0.234** 0.023 -0.241** 0.017 -0.176** 0.020 

post1184-1188 -0.359** 0.029 -0.267** 0.022 -0.318** 0.017 -0.315** 0.020 

post1190-1191 -0.294** 0.052 -0.190** 0.051 -0.266** 0.033 -0.185** 0.040 

row house -0.389** 0.046 -0.240** 0.043 -0.306** 0.031 -0.323** 0.034 

schakelwoning -0.251 0.164 -0.145 0.083 -0.194** 0.053 -0.703** 0.071 

corner house  -0.345** 0.048 -0.202** 0.045 -0.265** 0.033 -0.297** 0.037 

semi-detached -0.170** 0.055 -0.084 0.052 -0.096 0.040 -0.154** 0.043 

ground-level-app -0.443** 0.055 -0.332** 0.049 -0.267** 0.033 -0.347** 0.036 

non-ground-app -0.525** 0.053 -0.411** 0.050 -0.321** 0.033 -0.389** 0.035 

maisonnette -0.488** 0.058 -0.347** 0.052 -0.333** 0.035 -0.413** 0.038 

front-door-in-hall -0.472** 0.050 -0.320** 0.047 -0.333** 0.034 -0.389** 0.037 

galary-app -0.496** 0.050 -0.377** 0.046 -0.371** 0.035 -0.431** 0.039 

for-elderly-app -0.724** 0.098 -1.067** 0.069 -1.243** 0.063 -1.175** 0.074 

ground-more-app -0.481** 0.070 -0.170** 0.063 -0.350** 0.045 -0.329** 0.050 

b1906-1930 -0.130** 0.023 -0.030 0.018 -0.042** 0.012 -0.067** 0.012 

b1931-1944 -0.077** 0.029 -0.034 0.024 -0.107** 0.016 -0.121** 0.016 

b1945-1959 -0.059 0.029 -0.101** 0.024 -0.132** 0.019 -0.159** 0.020 

b1960-1970 -0.070 0.028 -0.148** 0.023 -0.186** 0.017 -0.239** 0.018 

b1971-1980 0.001 0.029 -0.080** 0.028 -0.153** 0.020 -0.186** 0.022 

b1981-1990 0.100** 0.028 0.037 0.023 -0.087** 0.017 -0.141** 0.016 

b1991 0.253** 0.056 0.122** 0.022 -0.019 0.014 -0.059** 0.015 

parking 0.060** 0.020 0.085** 0.016 0.062** 0.011 0.027 0.012 

m-inside-good 0.126** 0.017 0.079** 0.014 0.076** 0.013 0.079** 0.013 

m-outside-good 0.102** 0.021 0.111** 0.021 0.078** 0.019 0.015 0.024 

Approximate significance of smooth terms (** significant at 5% level) 

 edf  edf  edf  edf  

s(log(size)) 7 ** 6 ** 3 ** 4 ** 

s(number_room) 4 ** 5 ** 4 ** 4  

s(log(height)) 6 ** 1  9 ** 2 ** 

 
1. ** significant at 5% level. 
2. “edf ” is the rounded effective degrees of freedom that is used to estimate the unknown function.  
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The effect of “log(size)” on transaction price is monotonically increasing as the log(size) 

of transacted dwelling increases. The smooth function of “log(size)” is also significantly 

different from zero for all the years in our sample. The effect of “number of rooms” is 

nonlinear and is significant for 15 out of 17 years, which supports our previous hypothesis 

in the parametric model that the marginal effect of “number of rooms” on transaction price 

is not constant. However, the estimated function is difficult to be interpreted. The 

estimated “log(height)” function is also nonlinear for 15 out of 17 years except 1990, 1996  

and significant, and its effect on transaction price is likely to be negative if the housing has 

a ceiling which is above 3.3 meters or 1.2 in terms of log(height). This is reasonable since 

it is a waste of living space if the ceiling is way too high. 

 

The model selection test results are reported in Table 2.5 in Appendix B. For all the years 

in our sample, the semi-parametric model (2.2) performs significantly better than the 

parametric model (2.1) in terms of the overall model fits. We also perform t-test on the 

coefficients of the parametric part of this semi-parametric model to examine if these 

coefficients are significantly different from their counterparts in the parametric model. The 

t-statistic is calculated by7  

                                 ,semi-parametric model ,parametric model

,semi-parametric model

ˆ ˆ
statistic =

ˆSE( )
i i

i

i

t
 




  

We find in very rare cases that they are significantly different from each other. Therefore, 

the better fit of the semi-parametric model stems from the unspecified flexible functional 

forms for the variables which are suppressed to be linear in OLS. 

 

We construct the hypothetical “representative” dwelling for each period by combining the 

mean of all individual attribute of dwellings in our sample period. The hypothetical 

“representative” dwellings for selected years are presented in Table 2.6. We apply both the 

parametric and semi-parametric model to the prediction of values of the “representative” 

dwellings, which will feed into our construction of the housing price index. The index 

number measures basically the amount that we need to compensate the “representative” 

household for the change of cost of purchasing a “representative” dwelling to maintain 

                                                 
7 The t-test performed here does not take into account the standard errors of the coefficient estimates from the 
parametric model, and these coefficient estimates are treated as given numbers in the test.    
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his/her certain standard of living from the reference period to some future period. In other 

words, it measures the amount that we need to bear in order to shield the household from 

price fluctuations without affecting their original standards of living. We calculate 

Laspeyres index for each year, and the index numbers are chained to produce index 

development over time. The predicted values of the “representative” dwellings for different 

years are reported in Table 2.7. We treat 1990 as the reference year with value 100, and our 

calculated index numbers are presented in Table 2.8. 

 

Figure 2.2 shows the index development of the Amsterdam housing market for the period 

1990-2006, which are constructed separately with the OLS and the semi-parametric models. 

Moreover, we also add published NVM housing index that have been widely used by real 

estate practitioners. The methodology behind the NVM index is simple since only the 

median transaction prices are used in the index construction. All indices share similarities 

in their respective development paths. The housing price steadily increased from 1990 to 

1996, but the speed of increase accelerated after 1996 up to 2001 when the housing price 

reached its peak. The housing market tumbled after 2001, and the recovery started roughly 

in late quarters of 2004. Figure 2.2 demonstrates divergence of index numbers estimated 

by OLS and semi-parametric model respectively, and the divergence is widened as time 

proceeds. In addition, the index numbers constructed by OLS is consistently overstating 

their semi-parametric counterparts. Moreover, the published NVM index is less volatile as 

compared with other two indices. Although the NVM index resembles the development 

paths of the indices estimated by both the OLS and the semi-parametric model, its 

theoretical soundness is not well founded. First of all, the dwelling corresponds to the 

median transaction price is not necessarily representative of the housing market. Second, 

the NVM index does not contribute to the understanding of the change of implicit prices of 

housing attributes from time to time. 
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Figure 2.2 House Price Index Development 

 

90

140

190

240

290

340

390

1990 1992 1994 1996 1998 2000 2002 2004 2006

OLS SEM I NVM

 

 

We investigate further the consistent divergence between OLS and semi-parametric 

estimates of the housing price index by examining the yearly change of housing prices. 

Figure 2.3 illustrates the yearly change of housing prices as published by NVM together 

with estimation by both methods. We observe similar pattern of the estimated yearly 

change of housing prices between OLS and the semi-parametric model, except for 1990 

and 1997. However, the OLS estimation normally records higher yearly change of housing 

prices than that of the semi-parametric model, which sheds light on the consistent 

divergence in terms of index levels as estimated by both methods. The overestimation of 

index returns by OLS can be potentially explained by the implicit non-linear nature of the 

three smooth functions of “log(size)”, “number of rooms”, and “log(height)”. 

 

It is not hard to discern that the development path of the indices resembles closely to that 

of the Dutch nominal GDP of the period as shown in Figure 2.4 in Appendix C. Two 

possible explanations are put forward. When the economy is doing well, there are more job 

opportunities and better remuneration, which will translate into a surging demand for big 

and better housing from residential households. Furthermore, when there is a booming 

economy, inflation will pick up, and households may reshuffle their investment portfolio in 

order to mitigate the impact of inflation on their portfolio return. Since housing is believed 

to a good hedge against inflation, households will invest in new or existing housing as part 

of their portfolio adjustment. However, the exact cause of the similarity between the 
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housing price index and temporal economic development deserves further research, and is 

thus beyond the scope of this chapter. 

 

Figure 2.3  Yearly Change of House Price Index 
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2.5 Conclusion  

 

In this chapter, we assess the functional form assumptions concerning the popular hedonic 

regression, and its implications on the index construction. We apply both traditional 

hedonic model and the semi-parametric models to a unique housing transaction dataset for 

the Amsterdam region. Our model selection test results support using less stringent 

functional form for the hedonic equation, which is line with the findings of a number of 

studies mentioned in this chapter. In the construction of index, we implicitly tackle the 

index revision problem by estimating hedonic regression cross-sectionally, which implies 

that, when new information becomes available, past index numbers are not subject to 

change, contrary to standard time series estimates of price index with pooled data and time 

dummies used to capture the temporal house price development. Moreover, we allow 

variations of quality and implicit prices of housing attributes over time, which runs counter 

to repeated sales methodology. We apply the flexible functional form in our semi-

parametric model to address the assumption of linear hedonic functional form problem. 

Chained Laspeyres index is applied in our index estimation, which measures the change of 

value between the base year and future period for the same “representative” housing of the 

base year. 

 

 27



The resulting indices based on the parametric and semi-parametric models share some 

similarities in terms of their development paths. However, the OLS index numbers are 

generally overstating their semi-parametric counterparts. Therefore, we conclude that OLS 

can be a useful first step to have a general view over the index development path due to its 

practical simplicity. However, hedonic equation with less stringent functional form is still 

preferred for its robustness to model misspecification and better model fits if we aim to 

produce accurate and consistent estimates of the housing price index that can be used for 

practical purposes. 
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Appendix A  Derivation of Equation (5) 

 

We use a simpler model than model (2.3) to show how equation (2.5) is derived. Consider 

                                                 1 1 2 2( )x f x      

 Maximizing criterion (2.4) with respect to  ,   and 2f , we have 

                                                            0
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Linearize the equations above around 0 , we have 
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In matrix form   
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where U and  are the same as defined in the chapter. After rearranging, we have  H
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 with , z S ,  
1

S and  
2f

S defined similarly in the chapter. 
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Appendix B  Other Estimation Results  

 

Table 2.5 Model Selection Test Results  

 

Year P value  Year P value 

1990 0.00  1999 0.00 

1991 0.00  2000 0.00 

1992 0.00  2001 0.00 

1993 0.00  2002 0.00 

1994 0.00  2003 0.00 

1995 0.00  2004 0.00 

1996 0.00  2005 0.00 

1997 0.00  2006 0.00 

1998 0.00    

 

 

Table 2.6 Characteristics of “Representative” Dwelling for Selected Years 

 

 1991 1996 2001 2006 

size 102.901 98.292 98.570 92.119 

Q2 0.259 0.236 0.251 0.269 

Q3 0.281 0.255 0.271 0.264 

Q4 0.268 0.256 0.246 0.209 

new 0.000 0.000 0.029 0.045 

lift 0.194 0.274 0.256 0.203 

number_room 3.705 3.476 3.432 3.320 

storage_attic 0.047 0.036 0.024 0.010 

balkony 0.240 0.315 0.587 0.546 

bathroom 0.857 0.914 0.960 0.942 

height 2.925 2.850 2.790 2.727 

post1020-1025 0.026 0.020 0.023 0.037 

post1030-1049 0.017 0.025 0.028 0.034 
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Table 2.6 continued 

 

 1991 1996 2001 2006 

post1050-1059 0.176 0.144 0.168 0.195 

post1060-1069 0.058 0.104 0.117 0.100 

post1070-1079 0.111 0.137 0.126 0.147 

post1080-1087 0.052 0.052 0.040 0.036 

post1090-1099 0.047 0.042 0.074 0.095 

post1100-1108 0.055 0.050 0.046 0.070 

post1110-1114 0.043 0.039 0.040 0.018 

post1180-1183 0.142 0.116 0.075 0.051 

post1184-1188 0.106 0.101 0.074 0.045 

post1190-1191 0.015 0.010 0.012 0.008 

row house 0.204 0.152 0.162 0.128 

schakelwoning 0.001 0.004 0.006 0.003 

corner house  0.073 0.058 0.046 0.039 

semi-detached 0.025 0.019 0.013 0.013 

ground-level-app 0.045 0.054 0.099 0.109 

non-ground-app 0.065 0.042 0.413 0.529 

maisonnette 0.029 0.025 0.051 0.040 

front-door-in-hall 0.156 0.143 0.104 0.066 

galary-app 0.362 0.472 0.081 0.049 

for-elderly-app 0.005 0.007 0.004 0.003 

ground-more-app 0.013 0.010 0.010 0.008 

b1906-1930 0.234 0.201 0.220 0.266 

b1931-1944 0.075 0.063 0.076 0.075 

b1945-1959 0.099 0.079 0.056 0.048 

b1960-1970 0.240 0.237 0.162 0.117 

b1971-1980 0.100 0.069 0.067 0.044 

b1981-1990 0.110 0.107 0.075 0.108 

b1991 0.012 0.104 0.205 0.206 

parking 0.145 0.123 0.150 0.112 

m inside good 0.812 0.853 0.915 0.915 

m outside good 0.897 0.938 0.963 0.976 
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Table 2.7 Predicted Value of “Representative” Dwelling  

 

Year OLS Model Semi-parametric Model Year Model Used 

1990 11.207 11.276 1990 

 11.238 11.280 1991 

1991 11.274 11.309 1991 

 11.373 11.421 1992 

1992 11.354 11.405 1992 

 11.430 11.449 1993 

1993 11.431 11.451 1993 

 11.513 11.550 1994 

1994 11.513 11.551 1994 

 11.560 11.575 1995 

1995 11.548 11.562 1995 

 11.652 11.676 1996 

1996 11.644 11.666 1996 

 11.788 11.795 1997 

1997 11.795 11.801 1997 

 11.930 11.941 1998 

1998 11.937 11.948 1998 

 12.160 12.155 1999 

1999 12.195 12.189 1999 

 12.351 12.346 2000 

2000 12.348 12.343 2000 

 12.428 12.415 2001 

2001 12.417 12.410 2001 

 12.421 12.406 2002 

2002 12.416 12.401 2002 

 12.371 12.366 2003 

2003 12.373 12.371 2003 

 12.394 12.370 2004 

2004 12.371 12.346 2004 

 12.380 12.367 2005 

2005 12.361 12.347 2005 

 12.482 12.465 2006 

 

 

 33



Table 2.8 House Price Index Numbers 

 

Year OLS Model Semi-parametric Model 

1990 100 100 

1991 103.15 100.41 

1992 113.88 112.33 

1993 122.84 117.37 

1994 133.33 129.62 

1995 139.83 132.72 

1996 155.12 148.70 

1997 179.12 169.30 

1998 204.91 194.65 

1999 256.24 239.45 

2000 299.61 280.24 

2001 324.62 301.01 

2002 325.96 299.77 

2003 311.67 289.45 

2004 318.24 289.24 

2005 321.14 295.31 

2006 362.39 332.26 
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Figure 2.1 Visualizing Smoothing Results for Selected Year - 1991 
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Figure 2.1 continued 

 

 

 

 

Appendix C Dutch GDP Index 
 
 
Figure 2.4 Yearly Change of Dutch GDP  
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 Source: Dutch Central Bureau of Statistics (CBS) and author’s own calculation  
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Appendix D  NVM Market Share 1995-2006 
 
This graph shows the market share of NVM in terms of housing transactions within the Greater Amsterdam 
region.  The Greater Amsterdam region classified by Dutch CBS includes more municipalities than the 
Amsterdam region in this study. As a result, the NVM market share with reference to the Greater Amsterdam 
region in this graph is a conservative measure of the true market share of NVM within the Amsterdam region 
in this study.   
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Source: NVM, Dutch Central Bureau of Statistics (CBS), and author’s own calculation 
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