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Abstract 

We estimate a hedonic-pricing model using geo-coded farmland-transaction data from the Campine region, situated in 

the north-east of Belgium. Unlike previous hedonic studies, we use the method of unconditional quantile regression 

(Firpo, Fortin, and Lemieux 2009). An important advantage of this new method over the traditional conditional 

quantile regression (Koenker and Bassett 1978) is that it allows for the estimation of potentially heterogeneous effects 

of cadmium pollution along the entire (unconditional) distribution of farmland prices. Using a threshold specification 

of the hedonic-pricing model, we find evidence of a U-shaped valuation pattern, where cadmium pollution of the soil 

has a negative and significant impact on prices only in the middle range of the distribution, insofar as cadmium 

concentrations are above the regulatory standard of 2 parts per million for agricultural land. Results obtained from a 

probit model to classify land plots into different price segments further suggest that the heterogeneous impact of soil 

pollution on price can be directly related to the variety of amenities that farmland provides.  

 

 

Key words 

Hedonic analysis 

Cadmium pollution 

Farmland prices 

Unconditional quantile regression 

Non-uniform valuation 

 

 

  

 

 

 

 

 
 

 



2 
 

1.  Introduction 

Soil pollution in the form of heavy-metal contamination is one of several major pollution problems in today’s world, 

causing severe threats to humans and the environment. In many countries, especially those experiencing rapid 

industrialization such as, for example, China (Hu et al. 2014), the problem of heavy-metal polluted soils is mounting 

to alarming proportions. Despite the growing concern about this environmental hazard, remarkably little attention has 

been devoted in the environmental-economics literature to the impact of soil pollution on local land markets and, more 

precisely, on local farmland prices and associated welfare implications.  

 The lack of hedonic studies dealing with soil pollution is striking. The purpose of the present paper is to start 

filling this gap. Specifically, we examine whether heavy-metal pollution plays a significant role in determining 

farmland prices in the Campine region, situated in the north-east of Belgium. This region is widely known for its 

burdensome legacy of airborne cadmium (Cd) pollution due to zinc-smelting/-alloying activities of the local non-

ferrous metal industry in the past (e.g., Van Meirvenne and Goovaerts 2001). We specify a hedonic land-pricing 

model to estimate the implicit price of Cd pollution, which is a useful indicator of the value that people attach to this 

potentially hazardous land attribute. The estimation of our model uses data from more than 500 geo-coded sales 

transactions in a specific area of the Campine region, concluded during the period 2004–2011. 

 Estimation of the implicit price of Cd pollution is challenging, especially if one is willing to allow for a non-

uniform valuation of land characteristics, which may arise due to the variety of amenities that farmland provides; e.g., 

agricultural production, rural living, open space, and net asset value to land developers (Ma and Swinton 2012). 

Purchasers of farmland may value the Cd contamination of their newly acquired land differently, for various reasons. 

If such is the case, conventional mean regression using ordinary least squares (OLS), which has long been a standard 

tool of hedonic valuation, is not appropriate due to its singular focus on the effect of Cd pollution on the conditional 

mean of the price distribution, at the expense of exploring the segmentation that may exist in the local land market. To 

overcome this obvious limitation, we use the new method of unconditional quantile regression (UQR), recently 

introduced by Firpo, Fortin, and Lemieux (2009; FFL hereafter). To the best of our knowledge, the present hedonic 

study is the very first one using UQR, so we consider this a key contribution of this paper. 

 The use of UQR opens up new avenues for research. In the present case, UQR allows us to address the issue of 

potentially heterogeneous effects of Cd pollution on the prices of farmland. That is, UQR enables us to assess the 

impact of Cd pollution at different quantiles of the unconditional (or marginal) distribution of the farmland prices—

i.e., the price distribution for the whole (sample) population of farmland sales transactions concluded in the local area. 

Using a threshold specification of the hedonic-pricing model, our application of UQR provides evidence of a U-

shaped valuation pattern, where Cd pollution tends to have a negative and significant impact on farmland prices only 

in the middle range of the price distribution—insofar as Cd levels are above the regulatory standard for agricultural 

land prevailing in the region. Moreover, results from an examination of the information conveyed by the distribution 

of farmland prices suggest that the varying impact of Cd contamination basically arises from the self-selection of 

purchasers into specific price segments for reasons related to the variety of goods and services provided by farmland. 

 The rest of the paper is organized as follows. Section 2 provides relevant background information which may help 

the reader in appreciating the empirical results presented later in the paper. Section 3 sets out the estimation methods 

used, with a focus on the UQR method. Section 4 describes the study area and presents the baseline specification of 

the hedonic-pricing model, along with an overview of the data and the variables included in the empirical model. 
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Section 5 starts with a discussion of the main results, followed by a robustness check of the empirical findings. Section 

6 summarizes the results and formulates some concluding remarks. 

 

2. Background 

 

2.1 Measures of Soil Pollution 

The standard approach in the hedonic literature is to take several measures of distance or adjacency to the pollution 

source (toxic site) as a proxy for environmental quality. Despite its widespread use, it remains unclear whether 

distance to the pollution source is a valid measure of what participants in the land market are actually aware of and/or 

care about (e.g., Guignet 2013). 

 For the present study, we were in a fortunate position to have had access to objective (science-based) measures of 

Cd pollution. More specifically, we used the information available from previous research on heavy-metal polluted 

soil in the Campine region, which was based on a large number of field measurements of Cd pollution (Schreurs et al. 

2011). Using GIS techniques, we then assigned spatially-interpolated levels of Cd concentration to each geo-coded 

farmland plot comprised in our data set. We recognize that difficulties may arise by using objective rather than 

subjective pollution measures, given that heavy-metal pollution of the soil is not visible, does not emit odor, and does 

not have any other characteristic that easily identifies its presence (e.g., Boyle and Kiel 2001). But support comes from 

previous hedonic research in which it was found that objective and subjective measures of pollution tend to converge 

in validity (Baranzini et al. 2010), and in some instances objective measures would even outperform subjective ones 

(Poor et al. 2001). 

 From another perspective, most buyers of farmland in the present case are local farmers and other individuals who 

are fairly knowledgeable about the problem of heavy-metal pollution in the study area. The public’s awareness of the 

soil pollution stems from numerous media reports released in the past on the alarming results of a series of clinical 

studies conducted in the area (e.g., Hogervorst et al. 2007; Nawrot et al. 2008), along with several large-scale action 

plans and information campaigns launched by the Flemish government, including the Cadmium Action Plan and the 

(cross-border) BeNeKempen project.
1
 Moreover, if buyers of farmland bid down prices for those plots whose actual 

(objective) Cd contamination is higher, then, intuitively, it must be that these buyers are aware of the spatial 

distribution of Cd-polluted soils and can easily localize the plots of land that are heavily polluted and those that are 

not. Unfortunately, we are not able to test these conjectures as we have no direct (survey-based) evidence at our 

disposal of what participants in the local land market know in reality.  

 Finally, the use of objectively measured levels of Cd contamination is also consistent with policy considerations, 

and therefore enables us to directly involve environmental regulations in the hedonic-pricing analysis. To target 

public-health concerns, a threshold level for the Cd pollution of agricultural land is set at 2 parts per million (ppm) by 

the Public Waste Agency of Flanders (OVAM), which is the regulatory institute that is responsible for waste 

management and soil remediation in Flanders (Van Meirvenne and Meklit 2010).
2
 In the empirical analysis that 

follows, we show that this threshold value plays a critical role in the valuation of Cd contamination of farmland. An 

important implication of this environmental regulation is that farmers buying heavily-polluted land (i.e., land carrying 

Cd levels above the alert value of 2 ppm) face agricultural land-use restrictions. That is, the newly acquired land is not 

the best and is much less versatile, as it cannot be used for crop/vegetable production. So it can be expected that this 

limitation translates into lower farmland prices (see also, e.g., Lizin et al. 2015).
3
 In the case of non-agricultural land 
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uses, environmental regulations are less stringent. For example, the threshold values set by OVAM for residential and 

recreational land uses are 6 ppm and 9.5 ppm, respectively. These values are far outside the empirical range of our 

data sample. 

 

2.2 Exurbanization and Distance Measures 

Exurban development, sometimes designated as “rural sprawl” (Ma and Swinton 2012), is prevalent is the Campine 

region and elsewhere in Belgium, particularly in Flanders. As an outcome of this pattern of rural-urban development, 

developed space is always nearby because of the scattered housing (i.e., houses spread out over an extended area) and 

the archetypical “ribbon development” (i.e., houses along both sides of the main provincial roads). The consequence 

of these tight rural-urban interfaces is that every reasonably accessible patch of land is a potential building site, where 

all farmland potentially qualifies for being put to a different future use other than agricultural production. 

 Due to the fact that the landscape of the Campine region is predominantly characterized by low-density residential 

development and a high level of spatial fragmentation of the land in conjunction with significant land-use diversity, 

the development potential of a given farmland plot cannot possibly be associated in a meaningful way with its mere 

distance to the nearest urban (local town) center. Therefore, the use of conventional distance-to-city-center measures 

as a proxy for the urban-development potential of farmland (Plantinga et al. 2002; Livanis et al. 2006; Guiling et al. 

2009) is likely to fail in the present case, as is confirmed later in the paper.  

 Besides, three other reasons can easily be advanced for not using distance measures. First, the use of distance to 

the nearest town center is considered inappropriate because such an approach imposes a uniform morphology on the 

area. As a simple example, take two land plots located at equal distance from the nearest town center. When using a 

distance-to-city-center measure, the two plots are viewed as being subject to the same extent of urban-development 

pressure, regardless of the topographical and zoning or land-use differences that may exist in the direct vicinity of the 

two plots. Second, since our data set covers sales transactions concluded over a period of several years, the area 

surrounding a given farmland plot observed in, say, 2005 is likely to be different from the one in, say, 2011, while the 

distance to the nearest town center obviously remains the same. Third, the distance to the nearest central business 

district (CBD), which is a widely-used measure in hedonic-pricing studies dealing with the impact of “urban sprawl”, 

is unlikely to exert a perceptible influence on farmland prices in our case, since the nearest CBD, in the city of 

Antwerp, is located at a distance of 70 km, on average, which amounts to about an hour’s drive by car.
4
  

 Finally, given the relatively low residential mobility typically observed in Belgium, it is felt realistic to assume that 

urban-development pressure on agricultural land primarily comes from the expansion of local towns to accommodate 

increasing housing needs (due to local demand for rural living) and commercial and other development needs (due to 

local demand for amenities associated with urban life). Accordingly, we use a more natural way to control for urban-

development pressure, namely by incorporating the “address density” within a small radius around each land plot. 

 

2.3 Exurbanization, Land-Use Conversions, and Speculative Purchases 

Exurbanization with rural housing is also an increasingly important driver of changes in the demand for agricultural 

land and potential land-use conversions. Farmland markets are therefore increasingly subject to competitive pressures 

due to the expansion needs of local towns. Furthermore, agricultural zoning and land-use regulations in Belgium 

(Flanders) are not always strictly enforced. Finally, prices of developable land in our study area are, on average, 35 
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times higher than those of agricultural land, thus potentially giving rise to purchases for speculative purposes by non-

agricultural investors. 

 As a result, farmland prices may far exceed the capitalization of agricultural rents (Capozza and Helsley 1989; 

Deaton and Vyn 2010), such that any attempt to conduct a sensible hedonic analysis of farmland prices calls for the 

inclusion of appropriate controls describing non-agricultural amenities of farmland. If purchasers of farmland have 

reasons other than agricultural production for buying the land, Cd pollution is likely to be traded-off for other 

characteristics of the land deemed attractive or convenient for the intended purposes (Cho et al. 2011; Cohen et al. 

2015), which may be different from agricultural production (e.g., residential or recreational purposes). Therefore, it is 

possible that non-agricultural amenities can be found to be more important determinants of farmland prices (see also 

Uematsu et al. 2013, for the case of farmland; Snyder et al. 2007, for the case of forestland). 

 

2.4 Arm’s Length Transactions and Grey Market 

An important characteristic of sales transactions in Belgium requires some more clarification. We refer to the fact that 

most transactions in the local land market in the Campine region (in our data sample about 80% of all transactions) are 

realized through private treaty rather than through public auction. Private sales are common in Belgium, but these 

transactions are not necessarily—and mostly not—of the non-arm’s length type involving lower prices for relatives 

and friends (Huang et al. 2006). 

 Excessively high transaction costs related to the purchase of agricultural land (e.g., registration tax, notary fee, 

etc.) have led to the emergence of a lively grey market, which provides strong incentives to buyers of land to pay part 

of the price to the seller “in an envelope”, and to refrain from paying any taxes on this side payment. It was estimated 

in a previous study that, on average, the envelope payment (which is approximately equal to the mean difference 

between auction-sale prices and private-sale prices) is about 20% of the full (or actual) purchase price (Ciaian et al. 

2012, p. 8). 

 

3. Unconditional Quantile Regression Method 

 

To estimate the impact of soil pollution on the prices of farmland, we perform a hedonic-valuation analysis. A stylized 

form of the hedonic-pricing model is as follows: 

 
 logPrice = 𝛼 + 𝛽(Pollution) + 𝛾(Covariates) + 𝜀, 

 

(1) 

 

where logPrice is the natural log of the price per square meter (m
2
) realized for farmland, Pollution is some measure 

of Cd contamination, Covariates comprises a set of controls, and 𝜀 is the error term. 

 To estimate the hedonic-pricing model in Eq. (1), we use three different methods: (i) ordinary least squares (OLS), 

(ii) conditional quantile regression (CQR), and (iii) unconditional quantile regression (UQR). Many researchers have 

found quantile-regression methods useful because they provide richer evidence than OLS by allowing for 

heterogeneous effects and estimating the distributional impacts of the explanatory variables. However, standard CQR 

provides estimates of the relationship between the covariates and the conditional rather than the unconditional 

distribution of the outcome variable. Our focus is, therefore, on the new method of UQR, recently introduced by FFL 

(2009), while OLS and CQR are used mainly for the sake of comparison with the results obtained using UQR.  
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3.1 From OLS over CQR to UQR 

OLS is a widely-used tool for conducting hedonic-pricing studies. The traditional linear regression shows how the 

conditional mean of the dependent variable Y (farmland prices, in our case) responds to a change in an explanatory 

variable X (a farmland characteristic, in our case), other things being equal. An appealing feature of OLS, through the 

law of iterated expectations, is that it provides consistent estimates of the effect of X on the unconditional population 

mean outcome of Y. However, since OLS regression focuses only on the mean, it is not well suited to explain the 

changes in the overall distribution of the outcome variable. 

 To overcome this limitation, researchers typically resort to the use of the CQR method, developed by Koenker and 

Bassett (1978), to examine how implicit prices vary across the conditional distribution of property prices.
5
 This is not 

a trivial case, as property characteristics may be valued differently at different points of the conditional price 

distribution. However, despite the fact that the use of CQR has become widespread in applied economics by now, its 

implications are not always fully understood. Accordingly, misleading interpretations of the CQR results easily arise. 

Basically, the problem with CQR stems from the fact that it is not able to provide consistent estimate of the population 

quantiles, since the law of iterated expectations does not apply. Specifically, the CQR coefficient on a covariate X 

represents its effect on the 𝜏th quantile of the conditional distribution of Y--or the “within-group” effect conditional 

on, say, the mean values of all other covariates included in the model. The problem is even worsened by the fact that 

this asymmetry implies that the interpretation of the CQR coefficients changes whenever a different set of covariates 

is included in the hedonic-pricing model. 

 Given the shortcomings of both OLS and CQR, this study uses the new method of UQR, recently introduced by 

FFL (2009).
6
 What is particularly interesting about UQR is that it also obeys the law of iterated expectation, so that it 

allows us to directly assess the impact of an explanatory variable X (level of Cd pollution) on the 𝜏th quantile of the 

unconditional distribution, 𝐹𝑌(∙), of the outcome variable Y (farmland prices); that is, 𝑑𝐹Y(𝑦) 𝑑X⁄ , all else held 

constant and irrespective of the set of covariates included. Control variables are conditioned on for identification but 

without altering the interpretation of the estimates. This is an undeniable advantage of UQR over CQR, as the 

estimated effects on Y of incremental changes in X can be directly interpreted; i.e., adding control variables or 

changing the set of control variables does not alter the interpretation of the parameter of interest.
7
 Clearly, this 

property of UQR (which it shares with OLS) is critically important when it comes to understanding the impact of the 

level of soil pollution in, say, the lower or the upper tail of the unconditional distribution of farmland prices. As a 

result of that, one should also be cautious when comparing the results obtained using CQR and UQR, since they 

estimate distinct objects of interest that are not directly comparable. Thus, apart from differences that occur in the 

magnitude of the coefficients estimated using CQR and UQR, the interpretation of the coefficients is entirely different 

as well (Maclean et al. 2014, p. 203). 

 In sum, UQR allows us to study the distributional impact of an explanatory variable X on the outcome of interest Y 

at the population level (Borah et al. 2013, p. 25) and thus to go beyond the within-group effects. UQR allows us to 

answer questions such as the following: “Suppose that every member (land plot) of the population would experience 

the same exogenous change in one of its characteristics (say, a 0.1-ppm or 1% reduction of Cd concentration), how 

would this affect the median price or the price at any quantile of the overall price distribution, holding everything else 

constant?”. To illustrate the differences between UQR and CQR, and the potential pitfalls in interpreting their results, 

a simple numerical example with a simulation is provided in Appendix A of the paper. 
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3.2 RIF-OLS Regression 

To implement the UQR method, we make use of the influence function (IF), which is widely used in the robust-

estimation literature. The IF for a distributional statistic (or functional), such as a quantile of the distribution of Y, 

refers to the influence of a single observation on that particular quantile.  

 From FFL (2009) we learn that the IF of the 𝜏th unconditional quantile is defined as  

 

 
IF(Y; 𝑞𝜏) =

𝜏 − 𝐼(Y ≤ 𝑞𝜏)

𝑓Y(𝑞𝜏)
, 

 

(2) 

 

where I(∙) is an indicator function taking the value one if Y ≤ 𝑞𝜏 and zero otherwise, and 𝑓Y(𝑞𝜏) is the probability 

density function of Y evaluated at 𝑞𝜏. The re-centered influence function (RIF) adds back the 𝜏th quantile, such that 

 
 RIF(Y; 𝑞𝜏) = 𝑞𝜏 + IF(Y; 𝑞𝜏), (3) 
 

where the mean of RIF(Y; 𝑞𝜏) is equal to the actual 𝜏-quantile. That is, 

 

 E[RIF(Y; 𝑞𝜏)] = 𝑞𝜏. (4) 

 

 FFL (2009) derive the RIF regression model by specifying the conditional expectation of the RIF(Y; 𝑞𝜏) in Eq. (4) 

as a function of the explanatory variables X, given by 

 

             E[RIF(Y; 𝑞𝜏)|X] = 𝑋′𝛽𝜏, (5) 

 

which is viewed as the unconditional quantile regression (UQR). Because EXE[RIF(Y; 𝑞𝜏)|X] = 𝑞𝜏, by virtue of the 

definition of the RIF, EX[d𝑞𝜏 dX⁄ ] is the marginal effect of a small change (or location shift) in the distribution of a 

continuous covariate X on the 𝜏th unconditional quantile of the outcome variable Y, holding everything else constant. 

FFL (2009) called this effect the unconditional quantile partial effect on the 𝜏th quantile, UQPE(𝜏), which is given by 

 

 

𝛽𝜏 ≡ UQPE(𝜏) =
1

𝑓Y(𝑞𝜏)
E [

d Pr(Y > 𝑞𝜏|X)

dX
], (6) 

 

where E[d Pr(Y > 𝑞𝜏|X) dX⁄ ] is the average derivative of the probability that Y is greater than 𝑞𝜏 given the covariates 

X.  Conversely, the estimate of the UQPE(𝜏) for a binary covariate X can be obtained as 

 
 𝛽𝜏 ≡ UQPE(𝜏) = E[Pr(Y > 𝑞𝜏|X = 1)] − E[Pr(Y > 𝑞𝜏|X = 0)], (7) 

 

where the UQPE(𝜏) is to be interpreted as the impact on the 𝜏th quantile of an incremental (say, a 1-percentage point) 

change in the probability Pr(X = 1).  

 The UQR method involves a two-step procedure which is easy to implement. For a specific quantile 𝜏, the first step 

is to estimate the RIF of the 𝜏th quantile of Y in accordance with Eqs. (2)–(3). In practice, a feasible RIF can be 

obtained as RIF̂(Y; �̂�𝜏) = �̂�𝜏 + [𝜏 − I(Y ≤ �̂�𝜏)] 𝑓Y(�̂�𝜏)⁄ , where �̂�𝜏 is the 𝜏th sample quantile of the unconditional 

distribution of Y, and 𝑓Y(∙) is estimated using a non-parametric kernel estimator. The second step of the procedure is to 

run an OLS regression, the so-called RIF-OLS regression, of the RIF̂(Y; �̂�𝜏) on the covariates X, where it is assumed 

that the quantiles of Y are a linear function of the covariates X. 
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4. Data and Variables 

The data used for the present hedonic study were made available by the Belgian Land Registry Office. This unique 

dataset contains 599 sales records of farmland plots in our study area covering 14 municipalities in the Campine 

region, shown in Fig. 1. The (unrepeated) sales transactions were concluded during the period April 2004 to December 

2011. All sales records contain detailed cadastral information, including sales price, date and type of transaction, size 

of farmland plot, presence of built structures on the property, and the type of land use prior to the sales transaction. 

Even though all properties are labeled “agricultural land” in the land register, several plots in our sample (almost 20%) 

were not located in an agricultural-zoning area at the time of the transaction.
8
 

 

Insert Fig. 1 about here 

 

 The information available from the land register allowed us to geo-code all farmland plots (using ArcGIS software, 

release 10.0).
9
 The geo-coded information thus obtained was then used to assign scientifically measured Cd-pollution 

levels to each farmland plot by using spatial-interpolation techniques (kriging). It further allowed us to construct 

various spatial variables that can be entered into the hedonic-pricing model, including, among others, the address (or 

housing) density within a 1-km buffer around each land plot, distance of each land plot to the nearest urban (local 

town) center, and distance to the Dutch border. Finally, the GIS information allowed us to construct spatiotemporal 

lags of the realized sales prices (discussed further in Section 4.4). 

 The dependent variable of our hedonic-pricing model measures the prices of farmland, expressed in euros/m
2
. We 

converted the nominal sales prices into real prices, expressed in constant 2011 euros (based on the monthly Consumer 

Price Index). It is important to note that the dependent price variable does not always represents the full transaction 

price due to the existence of a grey market (see Section 2.4). The covariates and other controls entered in the hedonic-

pricing model include: (i) structural property characteristics, along with the level of Cd pollution; (ii) neighborhood 

characteristics; (iii) municipality and year dummies, and (iv) spatiotemporal lag of the dependent price variable. Table 

1 lists all the variables and provides basic descriptive statistics. 

 

Insert Table 1 about here 

 

 We now proceed with a description of all the variables included in the hedonic-pricing model. We begin with an 

account of the environmental-hazard variable, namely the objectively determined level of Cd pollution assigned to 

each farmland plot, and the form in which this measure is incorporated in the empirical model. Next, we provide an 

overview of the set of covariates (other land-plot characteristics) and some additional controls. 

4.1 Environmental Variable: Cd Pollution 

Our measure of cadmium (Cd) pollution of the farmland is derived from a trend surface which was estimated, through 

spatial interpolation, on the basis of about 12,000 actual field measurements in the study area (Schreurs et al. 2011). 

GIS information was used to assign “the best estimate” of the level of Cd pollution to each geo-coded farmland plot in 

our sample. The objective pollution values assigned to each plot are best regarded as proxies for the buyers’ and 

sellers’ perceptions of the pollution. Said differently, prevailing perceptions of pollution are largely consistent with the 

“actual” levels of Cd contamination. A contour map of the soil pollution in the study area is shown in Fig. 2. 
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Insert Fig. 2 about here 

 

 To model the relationship between prices and pollution levels, we considered several ways of specifying the Cd-

pollution term, but eventually settled for a threshold specification which enforces the effect of Cd to be zero at levels 

below a critical threshold value, 𝜃, and non-zero and monotonically increasing (in absolute size) at levels above the 

cutoff value. Accordingly, the effect of Cd pollution is switched on, so to speak, once the threshold is passed. This 

brings us to the following form of the RIF-OLS regression model for the 𝜏-th quantile (using notation in a “loose” 

way, for ease of presentation): 

 
 

E[RIF(logPrice𝑖 ; 𝑞𝜏)] = 𝛼𝜏 + 𝛽𝜏 {𝐼(Cd𝑖 > 𝜃) × [log (
Cd𝑖

𝜃
)]

2

} + 𝛾𝜏(Covariates), 

 

(8) 

 

where Price𝑖 is the price/m
2
 of farmland, 𝛽𝜏 measures the 𝜏th quantile effect of Cd pollution, 𝐼(∙) is an indicator 

function which is equal to 1 if Cd𝑖 > 𝜃, and 0 otherwise, and 𝜏 ∈ [0, 1]. The threshold value 𝜃 for agricultural land is 

set at 2 ppm by OVAM. 

 The specification choice in Eq. (8), involving a two-part transformation of the Cd-contamination measure, is 

motivated by three considerations. First, the threshold-indicator design (the first part) implies two “regimes” 

associated with distinct valuations of Cd pollution. The underlying idea is as follows. At low levels of Cd pollution 

(Cd ≤ 2 ppm), purchasers may, on average, not worry about soil pollution. Since Cd levels are below the alert value, 

there is nothing to really worry about as the land is declared safe, and, therefore, farmland prices remain essentially 

unaffected by small variations in contamination levels. At high levels of Cd pollution (Cd > 2 ppm), however, buyers 

may begin to worry about soil pollution and consider the land potentially hazardous, so that prices become more 

sensitive to increasing Cd levels (see also, e.g., Johnson and Chess 2003; Alberini 2007; Guignet 2012). Moreover, the 

threshold specification is consistent with the observation that objective (science-based) measures of pollution are 

convergent in validity with the public’s subjective perceptions of pollution (Poor et al. 2001), especially for moderate 

to high pollution levels (Baranzini et al. 2010).  

 Second, the quadratic form of the proportional-deviation measure (the second part) is intended to rule out the 

occurrence of a sharp discontinuity or “break” at the threshold value of 2 ppm, where the impact of Cd pollution is 

assumed to become effective. So the specification allows for a timid start beyond the Cd level of 2 ppm. Evidently, 

such a “smooth-transition” type of model is more plausible, since it is highly improbable that buyers are fully 

knowledgeable about the threshold point (most likely they have only fuzzy knowledge about it) and would massively 

bid down prices immediately beyond the level of 2 ppm (see also, e.g., Chay and Greenstone 2005, p. 392).  

 A third reason for adopting the baseline specification in Eq. (8) is that it gives rise to a “natural” concave-convex 

(or reverse-logistic type) price response at Cd levels greater than 2 ppm, as will be  illustrated in Section 5.2 below, 

where it can be shown that the inflection point of the price-response curve occurs where 

 

 

 
2𝛽𝜏 [log (

Cd𝑖

𝜃
)]

2

− log (
Cd𝑖

𝜃
) + 1 = 0; (9) 

 

that is, at  

 

Cd𝑖 = 2 exp (
1 − √1 − 8𝛽𝜏

4𝛽𝜏

) ,    for Cd𝑖 > 𝜃. 
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 From Eq. (8), the implied elasticity of the farmland price with respect to the level of Cd pollution at the 𝜏th 

quantile, 𝜂𝜏, can be computed as 

 
 

𝜂𝜏 ≡
∆𝜏 logPrice

∆ logCd
= 𝐼(Cdi > 𝜃) × 2𝛽𝜏 log (

Cd𝑖

𝜃
). 

 

(10) 

 

This expression indicates that 𝜂𝜏 is a non-constant elasticity at any given 𝜏-quantile, which increases (in absolute 

value) in a non-linear fashion with a growing proportionate deviation of the actual Cd level from the regulatory 

standard of 𝜃 = 2 ppm.
10

 

 

4.2 Covariates: Other Farmland Characteristics 

This section provides a brief overview of the covariates (other farmland characteristics) and additional controls 

incorporated in the hedonic-pricing model.
11

 First, a binary variable (public) is included to indicate whether the sales 

transaction was concluded through public auction (public = 1) or private treaty (public = 0). This indicator variable is 

intended to control for the fact that the dependent variable does not always represent the full price of the farmland plot but 

only the price net of the (hidden) side payment in the case of private-sale transactions (see Section 2.4). The size of the land 

plot is also considered an important determinant of the price (see, e.g., Cavailhés and Wavresky 2003). A small 

number of farmland plots have buildings (farmhouses, barns, or other buildings) attached to them. So we included a 

binary variable to indicate whether a land plot comprises built structures (structure = 1) or is vacant (structure = 0).
12

   

 Next, we included additional binary variables to indicate (i) the farmland’s use prior to the sales transaction 

(pasture), and (ii) the type of zoning of the area in which the farmland plot is located (either residential or 

natureforest). In the first case, the included category is pasture land (pasture = 1), covering permanent and temporal 

grassland as well as meadowland, while the omitted (reference) category has been designated as “arable and other 

land” (pasture = 0). The reason for the latter is that in several instances our data set does not allow us to identify the 

specific types of usage of the land. In the second case, the included categories are residential zoning (residential = 1) 

and nature/forest zoning (natureforest = 1), while the omitted category is agricultural zoning (residential = 

natureforest = 0). 

 To capture the future development potential of farmland plots, we further include the local address density as a 

proxy for the pressure exerted by increasing urbanization on agricultural land in our study area. This variable is 

defined as the number of addresses (expressed in thousands) found within a one-km radius around each farmland 

plot.
13

 We prefer the use of the address-density variable over the use of a distance-based measure, for the reasons 

discussed above, in Section 2.2. 

 Finally, we include a number of spatial variables in the hedonic-pricing model. First, we enter the distance of each 

farmland plot to the Dutch border to capture the existence of a “border effect” caused by the fact that many Dutch 

people want to buy land just across the border in Belgium, given that real-estate prices are lower in Belgium. Second, 

we include a spatiotemporal lag of the dependent price variable, the specification of which will be described below.  

 

4.3 Municipality and Year Dummies 

To control for unobserved local-area and time effects, we also incorporate municipality and year dummies in the 

hedonic-pricing model, consistent with common practice in hedonic studies. First, municipality dummies have been 
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included to capture slowly-changing (if not entirely time-invariant) attributes of the municipality in which a farmland 

plot happens to be located, such as accessibility (access to express highways, public transportation services, etc.), and 

different municipal planning, land-use (conversion vs. conservation), and zoning policies. Many of these attributes are 

likely to be closely related to the “rural character” or “agricultural connection” of a municipality; that is, whether the 

local land market in a municipality is still, say, predominantly rural, semi-rural, or rural-urban. 

 Second, year dummies have been included to represent various common factors such as changing interest rates, 

changes in agricultural support measures (e.g., subsidies), adjustments to environmental and land regulations, and so 

on. However, unreported analyses suggested that the year dummies are principally reflective of the time-series 

variation in the prices of developable land, averaged over the municipalities in our study area.
14

 

 

4.4 Spatiotemporal Lag of Sales Prices 

Lastly, we include spatiotemporal lags of local farmland prices, following (with some modifications) Patton and 

McErlean (2003) and Maddison (2009). This additional variable is defined as a spatially weighted average of realized 

farmland prices in the recent past within some predefined neighborhood (distance range), and is intended to account 

for the fact that agricultural land prices are not solely determined by the characteristics of the land but tend to reflect 

also average local farmland prices. It is should be emphasized, though, that we do not use a symmetric weights matrix 

(as is typically used in standard spatial-lag models), because a symmetric matrix would be over-connected as 

information about future prices cannot possibly travel backwards in time. Thus, all observations have been pooled 

while taking into account the temporal dimension of the data (see also Dubé and Legros 2014). 

 In constructing the spatiotemporal lag of farmland prices, two specific issues arise: (i) how to define the relevant 

“neighborhood”; and (ii) how to determine the “recent past”. To address the first issue, we conducted a preliminary 

covariance analysis, as explained in Appendix B of the paper. Based on this analysis, we decided to account only for 

the within-municipality spatiotemporal price effects, while ignoring covariances among prices of farmland plots 

located in different municipalities. As regards the second issue, we have chosen a 12-month time window.
15

  

 The specifics of the construction of this variable are as follows. The spatiotemporal weights matrix 𝐖 is obtained 

from the Hadamard (element-by-element) multiplication of the spatial weights matrix 𝐒 and the temporal weights 

matrix 𝐓; that is, 𝐖 = 𝐒 ʘ 𝐓 = {s𝑖𝑗 ∙ t𝑖𝑗} = {𝑤𝑖𝑗}, where ʘ is the Hadamard-multiplication operator. Our measure of 

proximity is based on the distances between the farmland plots in our sample. Specifically, the matrix 𝐒 contains 

inverse distances, s𝑖𝑗 = 1 d𝑖𝑗⁄  for land plots 𝑖 ≠ 𝑗, with diagonal elements, s𝑖𝑖 , set to zero (note that the use of inverse 

distances implies a 50% decay of the spatial weight at a distance of 2 km). If sales are ordered by their time of 

occurrence (from the most recent sales transaction to the first one in the observation period), the matrix 𝐓, with 

elements t𝑖𝑗, is specified as the Hadamard product of three matrices: (i) an upper-triangular matrix of ones; (ii) a 

matrix containing blocks of ones to identify farmland plots sold on an earlier date within the 12-month time window 

(where the ones are replaced by zeroes for those transactions that took place on the very same day), and (iii) a matrix 

of interspersed ones to identify within-municipality sales. The resulting hybrid weights matrix 𝐖 was row-

standardized for the purpose of computing the spatiotemporal lags of the within-municipality farmland prices.
16
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5.  Estimation Results 

This section presents the estimation results. A summary of the results is provided in Table 2. Since the dependent 

variable is measured in logs, we look at proportionate changes (or percentage changes in the case of elasticities) in the 

real price per square meter of farmland.  

 

Insert Table 2 about here 

 

 In the discussion that follows, our focus is on the results obtained using UQR. In contrasting the UQR results with 

those returned by OLS and CQR, it should be remembered that the estimates are not directly comparable. The 

estimated coefficients on the other covariates will be discussed only briefly. 

 

5.1 Impact of Cd Pollution 

The OLS estimate of the coefficient on the Cd-pollution term, reported in column 1 of Table 2, predicts a downward 

(−0.378) but statistically insignificant (𝑝 = 0.512) change in the mean of the distribution of farmland prices. This 

initial finding also masks the heterogeneity of the effects across the quantiles of the distribution of the farmland prices. 

The results obtained using CQR (columns 2–4 of Table 2) and UQR (columns 5–7 of Table 2) do reveal such 

heterogeneity, but the results from the two quantile-regression estimators display strongly diverging patterns of the 

quantile effects. 

 A more detailed picture is provided by the quantile plots shown in Fig. 3, where the estimated coefficients on the 

Cd term are plotted against the quantiles of the price distribution. Looking at the CQR results, it can be seen that the 

estimated coefficient on the Cd-pollution term decreases from a value slightly above zero at the 10th percentile (0.343) 

to a negative value at the 30th percentile (−1.011) and then remains fairly stable all the way through to the 90th 

percentile (−0.928) of the conditional price distribution, while actually being statistically indistinguishable from zero. 

 

Insert Fig. 3 about here 
 

 In contrast, the UQR estimates of the Cd coefficient appear to display a U-shaped pattern of the estimated pollution 

coefficients along the quantiles of the unconditional distribution of farmland prices. Specifically, the UQR effect of 

Cd pollution is negative and significant only for the (logged) prices in the middle range of the distribution, yielding a 

coefficient at the median of −1.381 (which is significant at the 1% level). This result suggests that the unconditional 

price distribution becomes more (less) positively skewed with higher (lower) levels of Cd pollution, holding 

everything else constant. In contrast, the effects of Cd pollution at the lower and upper tails of the price distribution, 

while being quite important in size, are imprecisely estimated to such an extent that they are not significantly different 

from zero. By uncovering the non-uniform price response to changes in the level of Cd pollution, the advantages from 

using UQR become utterly clear, while a singular focus on the mean of the price distribution using conventional OLS 

would not have revealed the “dip” in the quantile plot at the median. Also, using CQR does not lead to conclusions 

different from the one that can be made on the basis of the OLS estimate.17 

 Although a U-shaped pattern of the quantile effects is discernable from Fig. 3, we note that the null hypothesis of 

pair-wise equality of the coefficients at the 90th percentile and the median of the price distribution could not be 

rejected by a Wald-type F test (see at bottom of Table 2).
18

 However, it should be noted that the Wald-type F test is a 
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rather “conservative” test, such that it is not uncommon to find insignificant coefficient heterogeneity in hedonic-

pricing studies using quantile regression (see also, e.g., Gamper-Rabindran and Timmins 2013).
19

 Conversely, the 

pair-wise equality of the estimated coefficients at the 10th percentile and the median is strongly rejected at the 1% 

level of significance. 

 While we find a negative and significant effect of Cd pollution on farmland prices at the median, consistent with a-

priori expectations, the insignificant results obtained at the “extremes” of the price distribution call for a closer 

inspection. To improve our understanding of why farmland plots in the lower and upper 20% tails of the distribution 

are virtually unaffected by variations in the level of Cd pollution, we conducted a more detailed investigation of the 

bundles of land characteristics found in different price segments. We regressed an indicator for being a farmland plot 

in one of the tails or the middle range of the price distribution using a probit model (see Maclean et al. 2014, p. 202, 

for a similar idea, applied in a completely different setting).
20

 The probit estimates, summarized in Table 3, suggest 

that several plot characteristics are strikingly different depending on whether the land plot belongs to the lower tail, 

the middle range, or the upper tail of the price distribution. Importantly, the results of the probit analysis may provide 

some priors about why Cd pollution affects farmland prices differently in distinct segments of the distribution. The 

following findings stand out. Land plots in the lower 20% tail tend to be used as pasture land or to be located in 

nature/forest-zoning areas, where buyers care less about the level of Cd pollution (perhaps some buyers may simply 

use the acquired land plot for the purpose of manure disposal). Land plots in the 60% middle range are significantly 

larger in size, so these plots are likely to be more suitable for continued farming, and buyers care more about soil 

pollution. Finally, land plots in the upper 20% tail are smaller in size, surrounded by a larger number of residential 

dwellings (higher address density), and tend to be located in residential-zoning areas. These land plots are also more 

likely to be sold through public auction, and tend to be located much closer to the national border. Our conjecture, 

therefore, is that these farmland plots were primarily sold to Dutch purchasers and used mainly for residential 

purposes. 

 The above results suggest that buyers who sort themselves into the lower and higher ends of the price distribution 

tend to place less or no value on soil pollution. Although the estimates at the lower extreme of the price distribution 

are statistically indistinguishable from zero, their counter-intuitive signs and large magnitudes remain somewhat 

disturbing. The unexpected results could be indicative of a positive correlation that exists between Cd levels and some 

unobservable characteristics that make the land plots involved particularly attractive, hence rendering pollution an 

endogenous attribute (where a naïve interpretation would erroneously conclude that buyers derive utility from 

pollution). One possible explanation, in the spirit of Cotteleer et al. (2008), could be that a government agency (for 

instance, the Agency for Nature and Forest in Flanders) buys farmland for nature and landscape preservation, or that 

individuals buy the land for the natural-amenity services it provides. Thus, prices at the lower end of the distribution 

might just have been driven up by strong demand shocks related to the farmland’s non-agricultural amenities (e.g., 

open space and recreational opportunities).
21

 

 

Insert Table 3 about here 

 

 We calculated the implied elasticities of farmland prices with respect to Cd pollution, as defined in Eq. (10), 

evaluated at selected levels of Cd contamination. Our findings suggest that the elasticities at the median of the price 

distribution range from −0.095, at Cd = 2.07 ppm, to −2.082, at Cd = 4.25 ppm, and are significantly different from 

zero (at the 1% level). The elasticities evaluated at Cd levels of 3 ppm and 4 ppm are −1.120 (with 95% confidence 
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interval (−0.313, −1.926)) and −1.914 (with 95% CI (−0.536, −3.293)), respectively.
22

 

 To inform our intuition about the implications of the estimated coefficients for the price level, we simulated 

farmland prices for Cd levels above the threshold value of 2 ppm by using Eq. (8) in its exponentiated form, 

exp(X𝑖
′𝛽𝜏). Evaluated at the means of the continuous variables, and assuming a zero value for all the binary indicators, 

we find that a discrete change in the distribution of the soil pollution such that the average level of Cd concentration 

increases from 2 ppm to 3 ppm results in a price depreciation of 20.3% (with 95% CI (6.1%, 32.4%)), for �̂�0.50 =

−1.381. If Cd levels change to an average level of 4 ppm, as compared to 2 ppm, the implied price reduction would be 

48.5% (with 95% CI (16.8%, 68.1%)). If we apply these percent changes to the median price in the estimation sample 

(2.37 euro/m
2
), the above shifts in Cd level would lead to price discounts of 0.48 euro/m

2
 (with 95% CI (0.14, 0.77 

euro/m
2
)) and 1.15 euro/m

2
 (with 95% CI (0.40, 1.61 euro/m

2
)), respectively, if farmland prices are uniformly 

converted into constant 2011 euros. We further note that these findings are broadly in line with estimates reported in 

Howland (2000), Jackson (2002), and Alberini (2007). 

 

5.2 Relationships with Other Farmland Characteristics 

While our primary interest lies with the impact of soil pollution on farmland prices, several reasonable associations 

between farmland prices and other characteristics of the land plots seem to emerge from the estimations as well. The 

quantile plots, showing the estimated coefficients on those characteristics returned by OLS, CQR, and UQR, are 

presented in Fig. 4.  

 

Insert Fig. 4 about here 

  

 We begin by looking at the coefficients on the farmland characteristics entered as binary variables in the hedonic-

pricing model. (Remember that the UQR estimate of the coefficient on a binary variable X represents the effect of a 1 

percentage-point change in the share of “successes”, or ∆X = 0.01.) To the extent that a causal interpretation of the 

estimates is valid, our results suggest that 1 percentage-point growth in the share of public sales leads to a 0.57% and 

0.83% increase of the 80th and 95th percentiles of the price distribution, respectively (the rebound at the 95th 

percentile after the lower value of 0.21% at the 90th percentile has is not shown in panel a of Fig. 4). By contrast, the 

quantiles in the lower 30% tail of the price distribution hardly change.
23

 The overall picture of a (quasi) monotonically 

increasing effect of the share of public sales across the quantiles of the price distribution is consistent with our finding 

that this type of sales is predominantly associated with the higher segments of the price distribution (see column 3 of 

Table 3).   

 The presence of built structures on a land plot has no statistically significant impact on farmland prices (panel b). 

This insignificant result could be due to the fact that in many instances the presence of a built structure is a liability 

when it must be removed before the sales transaction and potential development of the land can take place (e.g., 

Howland 2000). Pasture land sells at prices significantly lower than arable and other land, where the UQR estimates at 

all quantiles of the price distribution are close to the OLS estimate, thus suggesting a pure location shift (panel c). 

Moreover, as expected, land plots located in a residential-zoning area sell at significantly higher prices than those 

located in agricultural-zoning areas, though this finding holds for plots in the upper price range only (panel d). 

Conversely, land plots located in nature- or forest-zoning areas (natureforest) sell at much lower prices than those in 

agricultural-zoning areas (panel e). 
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 We now turn to the coefficients on the farmland characteristics measured as continuous variables. (Remember that 

the UQR estimate of the coefficient on a continuous variable represents the effect of a location shift of the entire 

distribution of this variable.) First, the relationship between the price and the size of a land plot is found to be negative 

and significant only in the upper end of the price distribution (panel f of Fig. 4). This could be indicative of the fact 

that a larger size in the high-price segment of the land market may not be in agreement with the intended uses that 

buyers had in mind at the time of the purchase. The positive value of smaller land plots, occasionally called “plattage 

value”, is known to be prevalent in (ex)urbanized areas, where farmland is likely to have more development potential. 

This phenomenon typically arises from the fact that the costs of subdividing larger land plots into smaller ones can be 

avoided (e.g., Chicoine 1981; Colwell and Munneke 1997; Ecker and Isakson 2005). Second, the address density 

within a 1-km buffer around each plot of land has a sizeable positive effect on its price, particularly for those plots in 

the higher price segments of the market (panel g). Third, land plots that are closer to the Dutch border fetch much 

higher prices, as expected (panel h). Finally, the coefficient on the spatiotemporal lag of the sales price is significant 

only at the 60th percentile of the price distribution; the overall picture, though, appears to be one of a pure location 

shift of the price distribution due to spatiotemporal price spillovers, which is teasing the borderline of statistical 

significance at the 10% level (panel i).  

 Finally, the municipality dummies are generally found to be significant along the quantiles of the price 

distribution, while the year dummies are found to be significant only at the median of the price distribution. To the 

extent that the year dummies are reflective of the time-series variation in the average prices of developable land in the 

study area (see footnote 14), this finding suggests that only the median of the farmland prices is particularly sensitive 

to “spillovers” from the prices prevailing in the local market of developable land. Evidently, more work is needed to 

understand the mechanisms that are at work. 

 

5.3 Comparison of Alternative Cd-Pollution Terms 

As already mentioned above, there are several ways to specify the Cd-pollution term in the hedonic-pricing model. 

Therefore, we examine the sensitivity of the estimated Cd-pollution impact on prices of farmland obtained from five 

alternative specifications, including our baseline specification.  

 We first look at two other threshold specifications used to ensure that the Cd-contamination level becomes 

effective only beyond the regulatory ceiling of 2 ppm, namely: (i) a threshold specification with a linear (rather than 

quadratic) form of the deviation measure, log(Cd 2⁄ ); and (ii) a simple binary indicator, which is equal to one if Cd > 

2 ppm, and zero otherwise. Next, we consider two continuous specifications, namely: (i) a quadratic form in the 

(untransformed) level of Cd pollution (Cd and Cd
2
); and (ii) a quadratic form in the logged levels of Cd pollution 

(log Cd and (log Cd)2). The estimated coefficients and implied elasticities obtained from using the various 

specifications, for the median of the price distribution, are presented in Table 4 (where, for the sake of comparison, 

column 1 presents the outcomes for our baseline specification). The implied elasticities (if any) have been evaluated at 

selected levels of Cd contamination.   

 

Insert Table 4 about here 

  

 The threshold specification with a linear form of the proportionate-deviation measure (column 2 of Table 4) 

returns a constant elasticity of −0.560 (significant at the 5% level). The specification with the binary indicator 



16 
 

(column 3) gives rise to a sudden (downward) “break” at Cd = 2 ppm (insignificant at conventional levels), and no 

elasticities are involved here. The estimates for the two quadratic forms (columns 4 and 5 of Table 4) are somewhat 

more difficult to interpret at first sight. Examination of the estimates returned by the quadratic form in Cd levels 

(column 4) reveals that the implied elasticities have the unexpected sign at levels of Cd contamination below 1.43 

ppm. Beyond that specific Cd level the elasticities become negative, and the values they take are remarkably close to 

the ones obtained from our baseline specification (column 1). However, the elasticities obtained from this quadratic-

form specification are statistically insignificant at all evaluation points. A broadly similar, though somewhat less 

pronounced, picture emerges for the elasticities returned by the quadratic form in the logged levels of Cd 

contamination (column 5); they become negative (but only marginally significant) beyond a Cd level of 0.83 ppm. An 

interesting point to notice here is that imposing the zero-impact restriction at Cd levels below the threshold of 2 ppm 

(columns 1–2) increases the efficiency of the estimated elasticities to a considerable extent. 

 To further illustrate the superiority of our baseline specification of the Cd-pollution term, we plot the simulated 

price responses for each of the alternative specifications against the level of Cd pollution in Fig. 5, where the numbers 

displayed between parentheses in the interior part of the graph match with the column numbers of Table 4. It can be 

seen that all specifications roughly point in the same direction, but do so to varying degrees. The attractive features of 

our baseline specification, as defined in Eq. (8), becomes clearly visible from the pattern displayed by curve (1) in Fig. 

5. Specifically, the negative impact of Cd pollution becomes effective only with a timid start at 2 ppm, and we see no 

abrupt and exponentially-declining price response immediately above 2 ppm, as featured by curve (2), nor a highly 

implausible break at 2 ppm, as displayed by curve (3). Second, curve (1) exhibits a natural (mild) concave-convex 

response, where the point of inflection occurs at a Cd level of 3.13 ppm, according to Eq. (9). Finally, unlike curve (1), 

the continuous specifications, represented by the curves (4) and (5), display counter-intuitive price responses at Cd 

levels below 2 ppm.  

 

Insert Fig. 5 about here 

    

5.4 Robustness Checks 

To conclude the empirical section, we check the robustness of the empirical findings to alternative model 

specifications by experimenting with different sets of covariates and controls. By doing so, we take advantage of an 

appealing feature of UQR, relative to CQR, that altering the set of covariates and controls does not change the 

estimated object, such that comparisons across alternative specifications are informative as changes in parameter 

estimates can be attributed solely to changes in identification of the parameters of interest (see also Maclean et al. 

2014, p. 204). The results of the robustness checks are summarized in Table 5 (where the first column repeats the 

results reported in column 6 of Table 2, to ease comparison). 

 

Insert Table 5 about here 

 

 In column 2 of Table 5, we show the results obtained from incorporating the (log) distance (in km) of each 

farmland plot to the nearest urban center (town centroid), as a potentially valid alternative to the address-density 

variable, to capture the influence of local development pressures on farmland prices. The estimated coefficient on the 

distance variable is negative (−0.089) and significant at the 5% level, while the estimated coefficient on the Cd-

pollution term (−1.328) hardly changes in magnitude or statistical significance. 
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 Next, in column 3 of Table 5, we add the (logged) distance in km of each farmland plot to the nearest pollution 

source (former zinc-smelting site) to our pollution term, which is consistent with the popular distance-based strategy 

of incorporating environmental disamenities in hedonic-pricing analyses. The estimated coefficient on the distance 

variable (−0.038) is insignificant (besides having an unexpected sign), however, while the coefficient on the Cd-

pollution term (−1.421) hardly changes in magnitude and significance. So the omitted-variable bias that may arise by 

neglecting the proximity of the land plot to the nearest pollution source (toxic site), as pointed out by Leggett and 

Bockstael (2000), does not seem to occur in the present case. Thus, incorporating the distance-to-source variable does 

not matter (which is not surprising, since we are not dealing with residential land prices), while removing the Cd-

pollution term, in turn, was not found to improve the estimated distance coefficient. 

 Furthermore, we examine whether results change by omitting either the municipality dummies, or the year 

dummies, or both. First, we drop the municipality dummies. The results are shown in column 4 of Table 5, where the 

(absolute) size of the estimated coefficient on the Cd-pollution term becomes somewhat smaller (−1.172). Second, we 

delete the year dummies. The results are shown in column 5 of Table 5. The alteration of the Cd-pollution coefficient 

is negligible (−1.394). Third, we remove both municipality and year dummies. The results, in column 6 of Table 5, 

indicate that the estimated effect of Cd pollution on farmland prices decreases a bit more in this case (−1.098).  

 Finally, the previous specification with no municipality and year dummies is augmented with two time-variant 

characteristics defined at the municipality level, namely: (i) the (one-year lagged) five-year moving averages of (CPI 

deflated) prices per square meter of developable land in a municipality, following Geniaux et al. (2011); and (ii) the 

area of cultivated land as a proportion of the municipal area.
24

 The results are provided in column 7 of Table 5. 

Concerning prices of developable land, we find that the estimated coefficient implies a significant “cross-elasticity” of 

about 0.4, which highlights the close link that exists between the local markets for agricultural and developable land. 

Accordingly, buyers in the market may adjust their maximum bid for agricultural land not only depending on its 

potential for continued farming, but also—and perhaps primarily—on the basis of anticipated future land-use 

conversions (e.g., Snyder et al. 2007). With regard to the proportion of cultivated land, the estimated coefficient is also 

positive and strongly significant. The appreciation of the median price could signify a positive valuation of land that is 

likely to be more suitable for agricultural uses, at least to the extent that differences in the proportions of cultivated 

land across municipalities represent differences in agricultural productivity. The estimated impact of Cd contamination 

on farmland prices appears to be somewhat less pronounced for this specification (−0.987). 

 In sum, we find that the estimated price discount due to increasing Cd pollution at the median of the price 

distribution is quite robust to changes in model specification, with estimates staying fairly close to the value returned 

by the baseline model, especially if municipality dummies are included. In fact, inspection of the standard errors 

reveals that the estimated impacts of Cd pollution on farmland prices are not significantly different from one another 

across model specifications.  

 

6. Concluding Remarks 

The purpose of this paper was to provide evidence of how cadmium (Cd) pollution of the soil affects farmland prices 

in a small area of the Campine region in Belgium. To estimate the hedonic (implicit) price of Cd contamination, we 

used the new method of unconditional quantile regression (UQR), introduced by Firpo, Fortin, and Lemieux (2009). 

The present study benefited from three important advantages of UQR over conventional ordinary least squares (OLS) 
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and standard conditional quantile regression (CQR). First, UQR goes beyond the impact of Cd on just the mean of the 

price distribution. Second, UQR estimates the heterogeneous impact of Cd pollution at different quantiles of the entire 

distribution of farmland prices, thus for all sales transactions in the sample population. Third, UQR results are much 

easier to interpret. That is, unlike CQR results, they have a direct and more intuitive interpretation, namely as the 

impact of Cd pollution along the overall distribution of farmland prices, conditional on other covariates. Evidently, 

these are important features that are of great relevance for the proper evaluation of the cost-benefit performance of 

potential future soil remediation and soil-management policies and regulations. To the best of our knowledge, this 

study is the first in which UQR has been applied to hedonic valuation. 

 The UQR estimations provided convincing evidence of a U-shaped pattern of the influence of soil pollution on 

farmland prices, where an increasing level of Cd pollution has a negative and significant impact only in the middle 

range of the price distribution—insofar as Cd contamination levels are above the regulatory standard of 2 ppm 

imposed by the Flemish government, thus at pollution levels considered hazardous for agricultural production. It was 

found that the elasticities of the farmland price with respect to the level of Cd concentration at the median of the 

distribution are −1.1 and −1.9 (and strongly significant), when evaluated at Cd levels of 3 ppm and 4 ppm, 

respectively. Conversely, the elasticties at the lower and upper ends of the price distribution turned out to be not 

significantly different from zero, at all levels of Cd pollution. The non-uniform valuation of Cd contamination that 

emerged can essentially be traced back to the different amenities provided by farmland, namely agricultural 

production (with significant impact of Cd) as opposed to open space/recreation and rural living (with no significant 

impact of Cd).    

 Like all empirical studies, this study has also limitations. We faced a number of practical problems that typically 

arise when applying hedonic-valuation methods to assess the impacts of environmental disamenities. These problems 

include, among other things: (i) small sample size, (ii) difficult-to-measure pollutants (often not observable for 

buyers), and (iii) non-existence of property-specific pollution measurements (see Guignet 2012, p. 54). In this respect, 

our study is not different from other hedonic studies found in the environmental-economics literature. However, 

despite these limitations, we were able to obtain statistically significant and substantively meaningful results. One 

such result suggests that soil-remediation measures would raise the median price of farmland, rendering the price 

distribution more symmetric and, therefore, generating potential welfare gains for certain groups of participants in the 

local land market. Of course, prices may not always rebound after a cleanup of hazardous land, considering that an 

environmental stigma of the public’s perception may linger for quite some time after the removal of the heavy-metal 

pollutants (e.g., Dale et al. 1999; Gregory and Satterfield 2002; Messer et al. 2006). Yet it is hardly imaginable that the 

stigma effect would persist indefinitely (e.g., Thanos et al. 2014). 

 Finally, our empirical case has demonstrated the flexibility and usefulness of UQR, as well as its advantages over 

conventional mean regression (OLS) and standard CQR. We also feel that we have convincingly shown that OLS 

leads to conclusions that are vastly oversimplified and, hence, that OLS is not really suitable as an analytical tool of 

hedonic valuation. Given the (relative) ease with which UQR is implemented in practice, and the credible results 

returned by this new estimation method, we recommend its use to anyone involved in the hedonic valuation of 

environmental (dis)amenities. 
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Notes  

                                                           
 1 Synthesized information (written in Dutch) on the Cadmium Action Plan and the BeNeKempen project is online available at 

http://www.milieurapport.be/Upload/main/miradata/MIRA-T/02_themas/02_15/Synthesetekst_MiraT2006-08Def.pdf (MIRA–

Milieurapport Vlaanderen/Flanders Environmental Report). 

 2 Cadmium has been identified as the trace element with the highest bio-accumulation index in green plants, causing severe 

health risks (e.g., kidney damage, bone decalcification, and cancer). As a result of that, farmers are not allowed to grow 

crops/vegetables for human consumption on heavily contaminated land. 

 3 To verify if farmers are compliant with existing food regulations, the Federal Agency for the Safety of the Food Chain 

(FASFC), an executive body with jurisdiction over the entire Belgian territory, collects a large number of food samplings and 

performs different kinds of controls and inspections. To enforce compliance with the law, non-compliance is penalized, and 

transgressors even risk legal prosecution. OVAM takes action only in the case of land that is directly in danger; i.e., land that is 

potentially hazardous due to former polluting activities on-site. 

 4 The average (Google-Maps) distances between the 14 municipalities in our study area and the cities of Brussels and Antwerp 

are 94.7 km (min = 68.1, max = 117.0) and 71.5 km (min = 56.0, max = 90.9), respectively. 

 5 CQR has been well documented elsewhere (Koenker and Bassett 1978; Koenker and Hallock 2001). Therefore, it will not be 

further discussed here. An example of the application of CQR to the hedonic valuation of farmland characteristics is Uematsu et al. 

(2013). Their study is closely linked to ours through its focus on the contribution of natural-amenity attributes to the price of 

farmland.  

 6 We just give a brief account of UQR. Readers unfamiliar with UQR and who wish to learn more about it are directed to the 

Econometrica paper by FFL (2009). Some good expositions of UQR can be found in Borah and Basu (2013) and Fournier and 

Koske (2012). 

 7 This property does not hold for CQR, for the simple reason that, say, observations at the top of a conditional distribution may 

be at the bottom of the unconditional distribution. 

 8 In the present study, sales transactions are only those transfers of farmland where a landowner sells a plot of land to a buyer at 

an agreed price. Transactions in the rental market have been excluded from our analysis, since rental prices are regulated by the 

Flemish government; that is, they are not allowed to exceed a legal maximum level, where the latter is below the market price. 

Moreover, there is legislation to protect the tenant (e.g., in the form of long-term contracts), and the tenant has a pre-emptive right 

to buy the tenanted land if it is for sale. Thus, a farmer with a written lease cannot easily be evicted. 

 9 The GIS files are polygons of plot boundaries. Given the generally small size of the farmland plots in our sample (see 

summary statistics in Table 1 below), our geo-referenced variables are expected to be quite robust.    

 10 In Section 5.3 we compare the performance of the baseline model specification with some other, more commonly-used 

specifications. 

 11 These covariates have been included as control variables, and are primarily aimed at helping the identification of the Cd 

parameter of interest. So the coefficients on the former do not necessarily have a “causal” interpretation. 

 12 Evidently, built structures vary tremendously in quality, size, age, etc. Unfortunately, our data set contains only information 

about the presence or otherwise of built structures. 

 13 One could, of course, argue that the choice of the one-km distance is arbitrary, but we consider this radius as reasonable, 

given the “peculiar” landscape features of our study area. If we had chosen, say, a larger distance, the local nature of the urban-

development pressure might have been lost. Also, the use of distance-buffer variables is not uncommon in the literature. For 

instance, Alberini (2007) used a variable defined as the percentage of land slated for residential use within 1,500 m of the parcel. 

 14 Specifically, it was found that the correlation between the time-series variation of the average real prices per square meter of 

developable land (averaged over the 14 municipalities of the study area) and the estimated year dummies in our baseline hedonic-

pricing model is 0.96. 

http://www.milieurapport.be/Upload/main/miradata/MIRA-T/02_themas/02_15/Synthesetekst_MiraT2006-08Def.pdf
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 15 Our choice of the length of the time period is partly motivated by the modest size of our data set. We choose a 12-month 

time-window, which implies that we lose the first 64 observations (or 11% of the original sample). If we had chosen 24 months, we 

would have already lost 160 observations (or 27% of the original sample). 

 16 The Euclidian distances (in km) between the farmland plots in our sample (the elements in the distance matrix D) have been 

calculated on the basis of the so-called Lambert (x, y) coordinates. The mean (median) distance between the farmland plots is 15.3 

km (14.3 km). The minimum distance is only 9 m, while the maximum distance is 49.6 km. The largest minimum distance is 4.1 

km (i.e., there is one plot that is located at 4.1 km from its nearest neighbor), while the smallest maximum distance is 25.7 km (i.e., 

there is one plot that is located within a 25.7-km distance of every other plot). 

 17 It should be noted, in passing, that the UQR estimate (for the median of the price distribution) is two and four times larger in 

absolute size than its CQR (for the median) and OLS (for the mean) counterparts, respectively. 

 18 To obtain the full covariance matrix of the estimated coefficients, necessary to implement the Wald-type F test, we had to 

perform a prior bootstrap estimation (based on 500 replications). 

 19 For example, although the quantile estimate at the 80th percentile (�̂�0.80 = −0.236) lies outside the 95% CI of the estimate at 

the median (�̂�0.50 = −1.381), as can be seen from Fig. 3, the null hypothesis of their equality could not be rejected at conventional 

levels of significance (F�̂�0.80−�̂�0.50
= 1.38, 𝑝 = 0.241). 

 20 It is important to note that a probit analysis as conducted here is meaningful only in the context of UQR (thus not for CQR), 

as it provides useful information on the observable association between the characteristics of the land plots in the sample population 

and their position in the unconditional price distribution. 

 21 While being an intriguing issue, any further investigation of it to make stronger claims is beyond the scope of the present 

paper, as our data set contains no information on the buyers’ identity and/or personal characteristics and preferences as, e.g., in 

Kostov (2010) and Curtiss et al. (2013).   

 22 A more extensive overview of the estimated elasticities is provided below in Table 4 of Section 5.3, where our baseline 

elasticities (evaluated at the median of the price distribution) will be compared with those returned by some alternative 

specifications of the Cd-pollution term. 

 23 The OLS estimate of the coefficient on the public dummy is 0.209 (see column 1 of Table 2). This means that, on average, 

the public-sale (auction) price is estimated to be about 23.2% = (𝑒0.209 − 1) × 100 higher than the private-sale price. Or, the price 

stated to the government (full price net of side payment) is, on average, about 18.8% lower than the full transaction price. This 

percentage is close to the 20% mentioned in Ciaian et al. (2012, p. 8). 

 24 Municipal-level data on average prices of developable land and areas of cultivated land were available from the Flemish 

portal of local statistics, http://aps.vlaanderen.be/lokaal/lokale_statistieken.htm. 

 

http://aps.vlaanderen.be/lokaal/lokale_statistieken.htm
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Appendix A: Differences Between CQR and UQR – Illustrative Simulation Example 

 

This appendix presents a simple simulation example (borrowed with some modifications) from McMillen (2013) to illustrate 

the differences between traditional CQR and new UQR, and to point to potential problems that may arise when interpreting 

the estimates returned by CQR.  

 Consider a single explanatory variable, X, which is limited to take integer values from 1 to 10. Each integer value occurs 

200 times in the simulated data set, leading to a total of 2,000 observations. The regression equation is specified as Y = 10 −

0.5X + 𝜀. To ensure an R2 of approximately 0.8 for the OLS (mean) regression, we specify 𝜀 ~ N[0, 𝜎𝜀(X)], where σ𝜀
2(X) =

0.2𝜎X
2

X
. This variance function for 𝜀 implies that the quantiles of the conditional distribution of Y given X converge; that is, the 

dispersion (variance) of the conditional distribution of Y decreases with higher values of X.  

 The results from OLS, CQR, and UQR are summarized in Table A.1. Selected CQR regression lines, representing the 

10th, 50th, and 90th percentiles of the conditional distribution of Y given X, are shown in Fig. A.1. The OLS regression line 

represents the conditional mean of Y. 

 

Insert Table A.1 about here 

 

Insert Fig. A.1 about here 

 

 The points 𝑎 and 𝑏 in Fig. A.1 show why standard CQR results may be misinterpreted. Point 𝑎 is associated with a high 

value of X on the 90th-percentile regression line, whereas point 𝑏 represents a low value of X on the 10th-percentile 

regression line. The value of the dependent variable Y at point 𝑎 is lower than its value at point 𝑏, where the former is 

positioned at the bottom end of the unconditional distribution of Y. Therefore, it is not the case that an increase in X leads to a 

greater decline in Y whenever Y is unconditionally high. The steeper slope at the 90th percentile merely indicates that an 

increasing X leads to greater declines in Y along the 90th percentile of Y than at its 10th percentile, conditional on the values 

of X. 

 Another way to illustrate the differences between the estimated effects of X on Y using either CQR or UQR is to look at 

the quantile plots presented in Fig. A.2. Specifically, they show the CQR and UQR estimates (along with their 95% 

confidence bands) of the effects of X at nine different quantiles (from the 10th to 90th percentile). It can immediately be seen 

that the estimated effect obtained using UQR is highly non-monotonic, exhibiting a pronounced U-shaped pattern, whereas 

the effect obtained using standard CQR declines monotonically. It is interesting to see that the pattern displayed by the 

quantile coefficients obtained using UQR is close to a “mirror image” of the inverse U-shaped pattern shown in FFL (2009, 

their Fig. 1, p. 965). 

 

Insert Fig. A.2 about here 

 

 The quantile coefficients obtained using CQR are the estimated slopes of the regression lines in Fig. A.1, which show 

how the quantiles of the conditional distribution of Y given X  are affected by a 1-unit change in X. Thus, CQR and UQR 

estimate two different things, where CQR focuses on the unobserved heterogeneity of Y reflected by the distribution of Y for 

a given value of X, F(Y|X) = F(𝜀), while UQR centers on the observed distribution of Y for the entire population, F(Y). Yet it 

is curious to see that in many empirical applications of CQR, results are often erroneously interpreted as if they were UQR 

results. 
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Appendix B: Within- and Between-Municipality Covariances among Farmland Prices 

 

This appendix provides simple descriptive measures of the covariance (or correlation) patterns among observed prices as a 

function of the distances between the farmland plots. 

 Following Barrios et al. (2012), we calculated the within- and between-municipality covariances for pairs of prices of 

farmland plots whose (straight-line) distance in km is within some bandwidth ℎ of a given distance 𝑑; that is, 

 

 𝐶𝑊(𝑑)̂ =
∑ 𝟏𝑚𝑖=𝑚𝑗𝑖<𝑗 ∙ 𝟏|𝑑𝑖𝑗−𝑑 |≤ ℎ ∙ 𝑝𝑖 ∙ 𝑝𝑗 

∑ 𝟏𝑚𝑖=𝑚𝑗
∙ 𝟏|𝑑𝑖𝑗−𝑑| ≤ ℎ𝑖<𝑗

 (B.1) 

and  

 
𝐶𝐵(𝑑)̂ =

∑ 𝟏𝑚𝑖≠𝑚𝑗𝑖<𝑗 ∙ 𝟏|𝑑𝑖𝑗−𝑑 |≤ ℎ ∙ 𝑝𝑖 ∙ 𝑝𝑗 

∑ 𝟏𝑚𝑖≠𝑚𝑗
∙ 𝟏|𝑑𝑖𝑗−𝑑| ≤ ℎ𝑖<𝑗

 (B.2) 

 

where 𝑝𝑖, 𝑝𝑗 are the “demeaned” sales prices (measured as deviations from the overall sample mean). The symbols 𝑚𝑖 and 

𝑚𝑗  denote the municipalities in which the plots 𝑖 and 𝑗 are located. Specifically, 𝑚𝑖 = 𝑚𝑗 (𝑚𝑖 ≠ 𝑚𝑗) means that farmland 

plots 𝑖 and 𝑗 are (not) located in the same municipality. Note that all farmland plots have been ordered, and the condition 

𝑖 < 𝑗 just takes account of the symmetry of the variance-covariance matrix. 

  The panels in Fig. B.1 show the covariance functions for bandwidth ℎ going from 1 to 4 or the within- and between-

municipality covariances. For example, with bandwidth ℎ = 1, we look at the prices of all plots 𝑗 located at a distance 

between 0 and 2 km from plot 𝑖 for 𝑑 = 1, between 1 and 3 km for 𝑑 = 2, between 2 and 4 km for 𝑑 = 3, and so on.  

 

Insert Fig. B.1 about here 

 

 The main conclusions from the graphs presented in Fig. B.1 are that the covariances decrease with distance, and that the 

between-municipality covariances are of a magnitude much smaller than the within-municipality covariances. Therefore, the 

results provide some empirical support for (i) the importance of using simple inverse distances, and (ii) the land-market 

segmentation along municipal boundaries. In a way, the latter can be interpreted as a manifestation of “home biases” along 

municipal boundaries, due to higher transaction or information-search costs associated with the prices prevailing “on the 

other side of the fence”. Obviously, this is just a conjecture, which has not been further tested here. 

 Based on the findings from this covariance analysis, our empirical application in the main text uses the only the within-

municipal farmland prices in constructing the spatiotemporal lag of the dependent variable. 
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The study area covers 14 municipalities: Balen, Beringen, Bocholt, Ham, Hamont-Achel, Hechtel-Eksel, Houthalen-Helchteren, 

Leopoldsburg, Lommel, Mol, Neerpelt, Overpelt, Peer, and Tessenderlo. 

 

Fig. 1   Location map of Campine region and study area in Belgium 
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The map shows the three sites associated with the historical Cd contamination due to zinc-smelting/-alloying activities. The sites are 

located in the municipalities of Balen, Lommel, and Overpelt. During our sample period 2004–2011, the sites in Balen and Overpelt 

were operated by Nyrstar (http://www.nyrstarbalenoverpelt.be), which reduced airborne Cd pollution to zero (by using clean, non-

thermal zinc-refining technologies), whereas the site in Lommel was completely re-developed (after levelling the old structures) by 

Sibelco, whose business is the extraction, production, and distribution minerals for industrial use (http://www.sibelco.be). 

 

Fig. 2   Reference map of study area and spatial distribution of Cd pollution 

http://www.nyrstarbalenoverpelt.be/
http://www.sibelco.be/
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The light and dark grey areas in the graph represent the 95% confidence intervals for the CQR and UQR estimates of the quantile 

effects of Cd pollution, respectively. 

 

Fig. 3   Quantile plots for estimated coefficients on Cd-pollution term  
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(a) Public sale (1/0) (b) Built structures (1/0) (c) Pasture land (1/0) 

 
 

  

(d) Residential zoning (1/0) (e) Nature/forest zoning (1/0) (f) Plot size (log)    
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The light and dark grey areas in the graphs represent the 95% confidence intervals for the CQR and UQR estimates of the quantile effects of other farmland characteristics, respectively. 

 

Fig. 4   Quantile plots for estimated coefficients on other farmland characteristics 

 

 

(g) Address density ≤ 1 km (h) Distance to Dutch border (log) (i) Spatiotemporal lag of dep. var. (log) 
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The simulated prices for different Cd levels (while holding everything else constant) have been calculated at the means of the 

continuous variables (with the exception of Cd), and with all binary variables set to zero. The mean values in the estimation sample 

(511 observations) are: 1.42 for plot size; 0.414 for address density; 10.5 for distance to Dutch border; and 2.80 for the 

spatiotemporal price lag. The estimated constant term is 0.927. The numbers shown in the interior part of the graph, between 

parentheses, correspond to the column numbers of Table 4. The (thick) solid curve (1) represents the price-reponse curve predicted 

from our baseline specification, as defined in Eq. (8). For all specifications considered the (constant or average) predicted prices for 

Cd ≤ 2 ppm are almost identically equal to 2.40 euro/m
2
. This price level matches closely with the observed median price in the 

estimation sample (2.37 euro/m
2
). 

 

Fig. 5    Simulated prices for alternative specifications of Cd-pollution term 
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Appendix A 

 

 

The blue lines represent the 10th, 50th, and 90th percentile-regression lines returned by CQR, whose slopes are equal to −0.390, −0.507, and 

−0.597, respectively. The red line is the mean-regression line obtained from using OLS, which practically coincides with the 50th percentile-
regression line. The variance of the conditional distribution of Y given X decreases from about 1.8 for X = 1 to 0.2 for X = 10. 

 
Fig. A.1    Predicted CQR and OLS regression lines 
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Appendix A 

 

The vertical axis measures the mean and quantile effects at different quantiles; i.e., the estimated coefficients on X at different quantiles of 

the conditional and unconditional distributions of Y for CQR and UQR, respectively. The shaded areas represent the 95% confidence 
intervals for the CQR estimates (light grey) and UQR estimates (dark grey). 

 

Fig. A.2   Quantile plots for OLS, CQR, and UQR 
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Appendix B 

(a) (b) 

  
 

(c) 

 

(d) 

  
 

Fig. B.1    Within- and between-municipality price covariances 
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Table 1  Basic descriptive statistics   

Variable Description Measurement unit #Obs. Mean S.D. Min. Q25 Median Q75 Max. 

(a)  Dependent  variable 

rpricefland  Real price of farmland per m2 euro  599 2.82 2.35 0.17 1.82 2.34 2.98 23.57 

(b)  Transaction characteristics  

public  Public sale vs. private sale =1 if public sale 599 0.184 0.388 0    1 

plotsize   Plot size hectare  599 1.40 4.55 0.02 0.34 0.68 1.39 103.15 

residential  Residential vs. agricultural zoning =1 if residential 599 0.078 0.269 0    1 

natureforest   Nature/forest vs. agricultural zoning =1 if nature/forest 599 0.109 0.311 0    1 

pasture    Pasture land vs. arable and other land =1 if pasture 599 0.424 0.495 0    1 

structures  Built structures vs. vacant =1 if structure 599 0.052 0.222 0    1 

addressdensity  Address density ≤ 1 km thousands   599 0.414 0.340 0 0.175 0.326 0.579 2.051 

distcenter  Distance to nearest local urban center km     599 3.6 1.8 0.3 2.2 3.3 4.7 14.8 

distborder  Distance to Dutch border km  599 10.5 6.1 0 6.3 9.8 14.6 31.1 

 

(c)  Municipality characteristics 

cultland  Cultivated land proportion  599 0.307 0.173 0.064 0.179 0.229 0.518 0.564 

rpricedevland   Real price of developable land per m2 euro  599 97.75 22.02 51.04 80.67 98.50 113.18 151.13 

(d)  Environmental variables 

cd     Cd-pollution level ppm (mg kg−1) 599 1.007 0.688 0.255 0.750 0.750 1.250 5.436 

 - Cd ≤ 2 ppm  555 0.852 0.358 0.255 0.750 0.750 1.250 1.873 

 - Cd > 2 ppm   44 2.958 0.857 2.070 2.250 2.750 3.250 5.436 

distsource  Distance to nearest pollution source km   599 10.0 5.0 1.6 5.3 10.2 13.6 25.6 
 

The sample contains 599 observations, distributed over the 14 municipalities belonging to the study area. The number of spatiotemporal lags of farmland prices are based on 597 for all prices 

(regardless of municipality), and 567 observations for “within-municipality” prices. Prices of farmland per square meter are expressed in constant 2011 euros (year and month CPI deflated). 

Prices per square meter of developable land are measured as five-year moving averages at the municipality level (CPI deflated annually). The variables distcenter (distance to nearest urban (local 

town) center), distsource (distance to nearest pollution source), cultland (proportion of cultivated land), and rpricedevland (prices of developable land) are only used for robustness checks (see 

table 5 below). The spatiotemporal lag of the dependent variable is constructed on the basis of the “within-municipality” prices realized for nearby land plots in the recent past. 
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Table 2   Estimation results obtained using OLS, CQR, and UQR 

 

OLS 

 

 CQR  UQR 

 Q10 Q50 Q90  Q10 Q50 Q90 

(1) 

 

 

 

 (2) (3) (4)  (5) (6) (7) 

          Public sale 0.209*** 

(0.055) 

 0.136 

(0.121) 

0.234*** 

(0.062) 

0.285** 

(0.124) 

 0.028 

(0.092) 

0.180*** 

(0.054) 

0.205 

(0.157) 

Log plot size −0.076*** 

(0.020) 

 0.012 

(0.041) 

−0.049* 

(0.027) 

−0.099** 

(0.046) 

 −0.013 

(0.036) 

−0.037* 

(0.022) 

−0.189** 

(0.077) 

Built structures 0.168* 

(0.087) 

 0.058 

(0.238) 

0.220** 

(0.101) 

0.156 

(0.118) 

 0.130 

(0.147) 

0.193* 

(0.102) 

0.075 

(0.245) 

Pasture land −0.153*** 

(0.033) 

 −0.236*** 

(0.076) 

−0.089** 

(0.043) 

−0.163** 

(0.076) 

 −0.109 

(0.079) 

−0.130*** 

(0.043) 

−0.058 

(0.095) 

Residential zoning 0.244** 

(0.097) 

 0.009 

(0.109) 

0.205 

(0.125) 

0.554*** 

(0.214) 

 −0.018 

(0.148) 

0.026 

(0.081) 

0.480* 

(0.290) 

Nature/forest zoning −0.100* 

(0.049) 

 −0.209 

(0.160) 

−0.140** 

(0.071) 

0.019 

(0.202) 

 −0.244* 

(0.144) 

−0.128** 

(0.060) 

0.019 

(0.169) 

Address density ≤ 1 km 0.272*** 

(0.089) 

 0.123 

(0.146) 

0.207*** 

(0.079) 

0.405** 

(0.177) 

 0.060 

(0.118) 

0.224*** 

(0.065) 

0.511*** 

(0.193) 

Log distance to Dutch border  −0.117** 

(0.038) 

 0.008 

(0.070) 

−0.073* 

(0.039) 

−0.137** 

(0.069) 

 −0.042 

(0.057) 

−0.093** 

(0.037) 

−0.356*** 

(0.123) 

Log spatiotemporal lag of dependent variable 0.098 

(0.083) 

 −0.021 

(0.126) 

0.040 

(0.093) 

0.279** 

(0.134) 

 0.006 

(0.120) 

0.086 

(0.055) 

0.047 

(0.149) 

𝐼(Cd > 2) × [log(Cd 2)⁄ ]2  
 

−0.378 

(0.247) 

 0.343 

(0.677) 

−0.675 

(0.693) 

−0.928 

(1.023) 

 0.818 

(0.502) 

−1.381*** 

(0.507) 

−0.743 

(1.574) 

Municipality dummies jointly = 0, p value 0.000  0.000 0.018 0.475  0.000 0.020 0.410 

Year dummies jointly = 0, p value 0.000  0.855 0.053 0.057  0.968 0.018 0.626 

Wald-type F test for equality of coefficients 

(𝑝 value) 
 

 1.52 

   (0.218) 

   0.06 

  (0.812) 

 10.27*** 

(0.001) 

   0.13 

  (0.717) 

Number of observations 511  511 511 511  511 511 511 
 

The dependent variable in the case of UQR is the RIF of the (logged) real farmland prices. All models include municipality and year dummies. Omitted (reference) categories are private sale, 

vacant, arable and other land, and agricultural zoning. Standard errors are clustered around municipalities for OLS, and bootstrapped (500 replications) for CQR and UQR, and are reported in 

parentheses. The estimated constant terms and coefficients on the municipality and year dummies are not reported in the table to save space. Four influential observations, with Cd levels larger 

than 4.25 ppm (members of the 1% upper tail of the Cd distribution in the original sample), were removed from the estimation sample. The spatiotemporal lags are constructed on the basis of the 

within-municipality farmland prices only (see Appendix B). OLS and CQR were implemented using Stata’s in-built commands “regress” and “bsqreg”, respectively, while UQR was estimated 

using Stata‘s “rifreg” procedure, which is available at http://faculty.arts.ubc.ca/nfortin/datahead.html. The Wald F test is for the null hypothesis of pair-wise equality of the coefficients at the 

50th and 10th or 90th percentiles. 

*, **, and *** indicate significance at 10%, 5%, and 1% levels, respectively. 

http://faculty.arts.ubc.ca/nfortin/datahead.html
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Table 3  Probit classification of farmland into price segments on the basis of observed characteristics 

 

Lower 20% 

price tail 

(1) 

Middle 60% 

price range 

(2) 

Upper 20% 

price tail 

(3) 

    Dependent variable:  Pr(𝑦 = 1|𝑥) that farmland plot is within relevant price range or tail 

Public sale −0.349** 

(0.178) 

−0.623*** 

(0.229) 

1.055*** 

(0.179) 

Log plot size −0.039 

(0.084) 

0.163** 

(0.067) 

−0.227*** 

(0.062) 

Built structures −0.258 

(0.349) 

−0.220 

(0.341) 

0.558 

(0.424) 

Pasture land 0.501*** 

(0.122) 

−0.078 

(0.112) 

−0.358** 

(0.145) 

Residential zoning −0.136 

(0.308) 

−0.265 

(0.290) 

0.507** 

(0.248) 

Nature/forest zoning 0.516*** 

(0.176) 

−0.238* 

(0.134) 

−0.349** 

(0.172) 

Address density ≤ 1 km −0.503** 

(0.263) 

−0.413* 

(0.217) 

0.802*** 

(0.210) 

Log distance to Dutch border  0.135 

(0.171) 

0.240** 

(0.108) 

−0.401*** 

(0.144) 

Cd-pollution level (Cd) 

 

−0.283* 

(0.162) 

0.126 

(0.139) 

0.086 

(0.158) 

Number of observations used 497 511 505 

Percentage of observations correctly classified 81.3% 67.3% 84.4% 
 

Municipality and year dummies were included in all models. If a probit model is empirically under-identified (in our case, 

due to collinearity problems caused by the inclusion of municipality dummies in combination with several other binary 

variables), some of the original 511 observations in the estimation sample were dropped by Stata (see, e.g., Hess and Daly 

2014, p. 520). Robust standard errors adjusted for intra-municipality correlations are given in parentheses.  

*, **, and *** indicate significance at 10%, 5%, and 1% levels, respectively. 
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Table 4  UQR results for alternative Cd-pollution terms, for the median of the price distribution 

     (1)     (2)     (3)     (4)     (5) 

       (a) Estimated coefficients 

𝐼(Cd > 2) × [log(Cd 2)⁄ ]2  
 

−1.381*** 

(0.507) 

    

𝐼(Cd > 2) × log(Cd 2)⁄    −0.560** 

(0.264) 

   

𝐼(Cd > 2)    −0.090 

(0.095) 

  

Cd     0.260* 

(0.141) 

 

Cd
2
     −0.091** 

(0.039) 

 

 log(Cd)      −0.034 

(0.058) 

[log(Cd)]2      −0.089* 

(0.052) 

 
(b) Implied elasticities evaluated at selected contamination levels 

Cd = 0.225 ppm   0 

 

 

  0 

 

 

 
0.054 

(0.036) 

0.210 

(0.154) 

Cd = 1 ppm   0   0 
 

0.078 

(0.161) 

−0.034 

(0.058) 

Cd = 2 ppm   0   0 
 

−0.209 

(0.422) 

−0.157* 

(0.092) 

Cd = 2.07 ppm −0.095*** 

(0.035) 

−0.560*** 

(0.264) 
 

−0.242 

(0.445) 

−0.163* 

(0.095) 

Cd = 3 ppm −1.120*** 

(0.411) 

−0.560*** 

(0.264) 
 

−0.859 

(0.823) 

−0.229* 

(0.128) 

Cd = 4 ppm −1.914*** 

(0.703) 

−0.560*** 

(0.264) 
 

−1.874 

(1.377) 

−0.282* 

(0.155) 

Cd = 4.25 ppm −2.082*** 

(0.764) 

 

−0.560*** 

(0.264) 
 

−2.185 

(1.539) 

 

−0.292* 

(0.161) 

  

All the coefficients and elasticities reported in the table are for the median (𝜏 = 0.50). The number of observations is 

invariably equal to 511 across the columns in the table. All models include municipality and year dummies. Bootstrapped 

standard errors (using 500 replications) are provided in parentheses. For the calculation of elasticities, we selected some 

specific values of Cd contamination, where 0.255 ppm is the minimum in the sample; 2.07 ppm is the smallest Cd level in the 

sample above the regulatory standard of 2 ppm; and 4.25 ppm is the maximum value in the estimation sample. The 

elasticities are calculated according to Eq. (10). It should be noted that the specification in column 4 returns semi-elasticities. 

For the sake of comparison, the semi-elasticities have been divided by a factor 100 Cd⁄ , after which they can be interpreted as 

the percentage changes in the median price due to a 1% increase in Cd pollution at each evaluation point. Despite the fact that 

the coefficient on the linear term is positive (0.260), the elasticity value is zero at Cd = 1.43 ppm, and becomes negative 

thereafter. In unreported work, we found that other (linear) specifications including Cd or log(Cd) yielded insignificant 

results with unexpected signs. Since the estimated coefficients associated with all other covariates are barely affected, the 

table shows only the coefficients on the alternative Cd-pollution terms. 

*, **, and *** indicate significance at 10%, 5%, and 1% levels, respectively. 
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Table 5   Robustness of UQR results across different model specifications (for median of price distribution) 

 (1) (2) (3) (4) (5) (6) (7)  

         Public sale 0.180*** 

(0.054) 

0.186*** 

(0.055) 

0.180*** 

(0.055) 

0.190*** 

(0.051) 

0.168*** 

(0.052) 

0.181*** 

(0.051) 

0.172*** 

(0.052) 

 

Log plot size −0.037* 

(0.022) 

−0.042* 

(0.023) 

−0.037* 

(0.022) 

−0.022 

(0.021) 

−0.037* 

(0.022) 

−0.022 

(0.020) 

−0.027 

(0.019) 

 

Built structures 0.193* 

(0.102) 

0.213** 

(0.101) 

0.195* 

(0.102) 

0.198** 

(0.087) 

0.210** 

(0.102) 

0.206** 

(0.086) 

0.195** 

(0.090) 

 

Pasture land −0.130*** 

(0.043) 

−0.129*** 

(0.044) 

−0.132*** 

(0.044) 

−0.124*** 

(0.045) 

−0.127*** 

(0.042) 

−0.121*** 

(0.040) 

−0.123*** 

(0.042) 

 

Residential zoning 0.026 

(0.081) 

0.076 

(0.080) 

0.027 

(0.082) 

0.049 

(0.077) 

0.015 

(0.075) 

0.041 

(0.080) 

0.061 

(0.080) 

 

Nature/forest zoning −0.128** 

(0.060) 

−0.132** 

(0.059) 

−0.130** 

(0.060) 

−0.116* 

(0.063) 

−0.150** 

(0.061) 

−0.128* 

(0.067) 

−0.117* 

(0.064) 

 

Address density ≤ 1 km 0.224*** 

(0.065) 

 0.218*** 

(0.066) 

0.133** 

(0.062) 

0.202*** 

(0.067) 

0.124** 

(0.063) 

0.175*** 

(0.066) 

 

Log dist. to nearest local urban center   −0.086** 

(0.042) 

      

Log distance to Dutch border  −0.093** 

(0.037) 

−0.089** 

(0.037) 

−0.088** 

(0.038) 

−0.100*** 

(0.023) 

−0.109*** 

(0.037) 

−0.096*** 

(0.023) 

−0.048* 

(0.025) 

 

Log spatiotemporal lag of dependent variable 0.086 

(0.055) 

0.082 

(0.056) 

0.086 

(0.055) 

0.098* 

(0.055) 

0.091 

(0.060) 

0.107* 

(0.055) 

0.099* 

(0.054) 

 

𝐼(𝐶𝑑 > 2) × [log(Cd 2)⁄ ]2  

 

−1.381*** 

(0.507) 

−1.328*** 

(0.515) 

−1.421*** 

(0.513) 

−1.172*** 

(0.509) 

−1.394*** 

(0.507) 

−1.098** 

(0.538) 

−0.987* 

(0.538) 

 

Log distance to nearest pollution source   −0.038 

(0.075) 

     

Proportion of cultivated land (municipality level)       0.451*** 

(0.135) 

 

Log prices of developable land (municipality level)       0.412*** 

(0.097) 

 

Municipality dummies Yes Yes Yes No Yes No No  

Year dummies Yes Yes Yes Yes No  No No  

Number of observations 511 511 511 511 511 511 511  
 

All coefficients reported in the table are for the median (𝜏 = 0.50). To ease comparison, column 1 is a replication of the results reported in column 6 of Table 2. Omitted (reference) categories 

are private sale, vacant, arable and other land, and agricultural zoning. The correlation between address density ≤ 1 km and the distance to the nearest urban (local town) center is −0.462, and 

the correlation between the Cd-pollution level and the distance to the nearest pollution source is −0.392. 

*, **, and *** indicate significance at 10%, 5%, and 1% levels, respectively. 
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Appendix A 

 

 Table A.1  Simulation results for OLS, CQR, and UQR – Estimated coefficients on X 

OLS 

 

 

CQR  UQR 

Q10 Q50 Q90  Q10 Q50 Q90 

−0.497 

(0.007) 

−0.390 

(0.010) 

−0.507 

(0.008) 

−0.597 

(0.010) 
 

−0.296  

(0.016) 

−0.634  

(0.027) 

−0.451  

(0.032) 

Wald-type F test 

(𝑝 value) 

84.3 

   (0.000) 

104.6 

(0.000) 
 

95.2 

   (0.000) 

15.3 

(0.000) 

 

Q10, Q50, and Q90 are the 10th, 50th, and 90th percentiles of the conditional (CQR) and unconditional (UQR) distributions 

of Y, respectively. Robust standard errors for OLS and bootstrapped standard errors for CQR and UQR (based on 500 

replications) are given in parentheses. The resulting R2 for OLS is 0.795. To test the null hypothesis of equality of the 

unconditional quantile effects, we first performed a bootstrap estimation (based on 500 replications), which was necessary to 

obtain the full covariance matrix of the estimated UQR coefficients (note that there is no in-built Stata command for testing 

the equality of the quantile coefficients available for UQR, as is the case with CQR). 

 

   

 


