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Abstract

Agricultural land prices have increased substantially in recent decades, raising
concerns about land availability and farm profitability. There is limited evidence
on the relative importance of the factors driving these trends. This study applies
a hedonic pricing model to cadastral parcel transaction data from the Netherlands
to estimate the relative contribution of various determinants of agricultural land
prices, such as parcel characteristics, regulatory pressure, competition from alter-
native land uses, and price speculation as well as geospatial data on soil quality and
climate risk. The analysis examines how the capitalization of these factors varies
across parcels and over time. This study improves our understanding of agricul-
tural land markets and the economic forces that shape farmland prices at the parcel
level.
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1 Introduction
As the world population continues to grow, land has become increasingly scarce. As a
finite resource, land is in growing demand for urban, agricultural, and forestry uses (Lam-
bin and Meyfroidt, 2011; Gomiero, 2016; King et al., 2023; Anisimov, 2026), contributing
to record-high land prices. In the Netherlands, agricultural land prices are among the
highest in Europe and the world (Eurostat, 2025). Competing land uses are further
strained by locational shocks such as the energy transition, the Dutch housing crisis, and
recent EU reforms to nitrogen derogation rules (van der Hoek, 2024), which limit manure
application and increase costs and uncertainty in livestock-intensive regions. Together,
these factors have contributed to sharp increases in land prices.

Rising agricultural land prices have important implications for the structure and com-
petitiveness of the agricultural sector. Because land represents a primary production in-
put and a major component of farm wealth, changes in land values affect farm expansion,
entry opportunities for young farmers, and long-term investment decisions. When agri-
cultural land prices increase faster than agricultural returns, farmland ownership becomes
increasingly dependent on expectations about future land prices rather than current pro-
ductive capacity, potentially altering incentives within agricultural land markets (Falk,
1991; Clark et al., 1993).

Capitalization of increasing land prices can also influence the adoption of regenerative
and nature-based farming practices. These systems often require changes in land man-
agement, including investments in soil health, biodiversity enhancement, and ecosystem
restoration, while associated benefits typically develop over longer time horizons. Higher
agricultural land prices increase financial pressure on farmers, strengthening incentives
to maximize short-term returns from land, and potentially reducing the attractiveness
of practices with delayed economic benefits. Understanding the factors driving agricul-
tural land prices is therefore important for assessing the economic conditions under which
alternative farming systems can be adopted.

In general, the literature suggests that soil fertility, commodity prices, and crop input
prices have been key determinants of land prices (Agosta et al., 2025). However, increasing
opportunity costs of land, driven by energy development and urban expansion, have also
influenced agricultural land prices in various parts of the world, including North America
(Uematsu et al., 2013; Borchers et al., 2014; Cai et al., 2024), South America (Sills and
Caviglia-Harris, 2009; Donoso et al., 2013), and Europe (Maddison, 2000; Sklenicka et al.,
2013; Lehn and Bahrs, 2018; Tezcan et al., 2020). In the United States, farmland values
increased at a compound annual growth rate of 5.8% during the period 2019–2024, or
2.0% in real terms after adjusting for inflation (Callahan, 2026).

Despite increasing public concern, there is limited empirical understanding of the
specific drivers behind the increase in agricultural land prices in the Netherlands. Existing
studies (Needham, 1992; Koomen et al., 2004; Diogo et al., 2015; Levkovich et al., 2018)
often analyze aggregate trends without disentangling the relative contributions of parcel
characteristics, soil characteristics, climate risk, regulatory pressure, competition from
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alternative land uses, and price speculation. This study addresses this gap by quantifying
the effects of these factors on agricultural land values over time using individual-level
transaction data.

The objective of this study is to identify the factors that contribute to variation
in agricultural land prices in the Netherlands and to examine how their importance
differs across municipalities and over time. Building on a hedonic pricing framework, we
link cadastral land price data to parcel characteristics, soil characteristics, climate risk,
regulatory conditions, alternative land uses, and price speculation. The main contribution
of this paper to the literature is twofold: first, we incorporate geospatial climate risk and
soil quality data into the analysis of agricultural land prices; second, we study land
prices at the individual parcel level using cadastral parcel data. As a robustness check,
we also estimate a Manski model or a restricted Manski model to account for potential
spatial dependence in agricultural land prices and observed covariates (Manski, 1993),
and to assess whether spillover effects from nearby parcels are present. Hence, this study
provides new evidence on the mechanisms driving the agricultural land market.

2 Literature Review
Land is often analyzed in the broader economics and finance literature as an asset whose
value reflects expected future rents, conversion possibilities, and the option to wait before
development. In the real-options tradition, Titman (1985) show that uncertainty can
raise land prices because development is irreversible and owners may optimally delay
conversion. Cunningham (2006) provide empirical support for this mechanism in a parcel-
level study of the Seattle metropolitan area, where they test whether higher house-price
uncertainty delays development and raises vacant land prices. More broadly, Shiller
(2007) argues that housing markets are shaped by expectations, supply conditions, and
market psychology rather than fundamentals alone. This perspective is useful for thinking
about agricultural land markets as well, since land prices reflect expectations about future
scarcity, urban development pressure, and speculative demand.

A second strand of the literature emphasizes land not only as a productive asset, but
also as a financial object that affects collateral, debt capacity, and investment. Liu et al.
(2013) argue that housing demand shocks can generate large land-price movements, and
that when firms are borrowing constrained, these land-price changes feed into investment
and generate broader macroeconomic fluctuations. Related evidence from Japan shows
that collateral channels are important in transmitting shocks: Gan (2007) finds that de-
clines in land-value substantially reduce firm debt capacity and corporate investment,
while Kwon (1998) shows that monetary tightening lowers land prices and weakens col-
lateral values. This is consistent with a=the financial accelerator mechanism in which
declines in collateral values weaken borrowing capacity and thereby amplify shocks to
investment and output. Rajan and Ramcharan (2015) provide similar evidence for U.S.
agricultural land in the 1920s, showing that easier credit contributed to the land-price
boom and that the subsequent tightening of credit made refinancing more difficult, which
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helped push land prices downward. This broader finance literature is highly relevant for
agricultural land markets, as it highlights the role of land as collateral and the potential
for credit conditions to propagate through financial accelerator effects.

Agricultural land markets have traditionally been analyzed through the lens of agri-
cultural productivity, but recent literature highlights the growing importance of spatial,
regulatory, and socioeconomic factors in explaining farmland prices1. Agosta et al. (2025)
provide a systematic review of agricultural land markets and identify intrinsic factors,
such as soil fertility, water availability, and parcel characteristics, as well as extrinsic fac-
tors, such as urban pressure, demographic changes, and climate variation, as important
determinants of farmland values. The authors note that only about 5% of the reviewed
studies use cadastral parcel-level transaction data to analyze land prices. Since our study
uses cadastral transaction data from the Netherlands, we aim to explain land prices,
including any speculative component.

Several studies have examined agricultural land markets and land-use dynamics in
the Netherlands using different methodological approaches. Needham (1992) develops a
theoretical framework for studying Dutch land prices in publicly supplied land markets,
emphasizing the role of institutional arrangements and land supply constraints. Koomen
et al. (2004) use a land-use simulation model to analyze future agricultural land alloca-
tion, while Diogo et al. (2015) develop an economic theory-based modeling framework
that explains agricultural land-use patterns through local utility maximization. More
recently, Levkovich et al. (2018) apply a hedonic pricing approach to study the effect of
spatial planning regulations on land values, focusing on zoning classifications and parcel
characteristics. Although these studies provide important information on Dutch land
markets, there is limited empirical evidence on how parcel and soil characteristics, regu-
latory pressure, competition from alternative land uses, and price speculation are jointly
capitalized into agricultural transaction prices.

Hedonic pricing models are commonly used to estimate the implicit value of individual
land characteristics and provide a suitable framework for analyzing these factors. Maddi-
son (2000) applies a cross-sectional hedonic pricing model to agricultural land markets in
England and Wales, examining how parcel characteristics, population density, soil classi-
fication, climate conditions, and elevation are capitalized on farmland values. Vural and
Fidan (2009) also relies on cross-sectional variation to analyze agricultural land markets
in Turkey, highlighting the importance of parcel and soil characteristics. Extending this
approach to pooled cross-sectional datasets, Khan et al. (2015) analyze agricultural land
prices in Pakistan during the period 2013-2015, controlling for locational, agricultural and
environmental characteristics. Sheng et al. (2018) employ a pooled cross-sectional frame-
work covering the period 2009-2011 to examine how improvements in transport infras-
tructure are reflected in farmland prices in Australia. Together, these studies demonstrate

1Land value refers to the appraised worth of land based on its physical characteristics, contextual
factors, and income-generating potential, whereas land price is the actual amount agreed upon in a market
transaction. The two may differ because transaction prices can reflect speculation, market distortions,
and incomplete information (Agosta et al., 2025).
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the applicability of hedonic pricing models that analyze how different land characteristics
are reflected in agricultural land values.

Agricultural policies and regulatory changes represent another important determinant
of farmland values, as policy incentives and restrictions can be capitalized on land prices.
In the Netherlands, the phase-out of the EU derogation exemption under the Nitrates
Directive started in 2022 and will be fully eliminated by 2026 (van der Hoek, 2024). The
removal of this exemption lowers the amount of manure that dairy farmers can apply per
hectare, potentially creating additional demand for agricultural land as farmers require
more land to maintain existing livestock production levels.

In addition to policy developments, increasing competition for land from alternative
uses has also been identified as an important determinant of agricultural land values. A
large body of literature focuses on urbanization pressure and urban sprawl, measured
through population density (Lehn and Bahrs, 2018; De Noni et al., 2019b), distance or
travel time to urban centers (Sklenicka et al., 2013; Delbecq et al., 2014; Lehn and Bahrs,
2018; Wineman and Jayne, 2018; ?), and urban-rural classifications (Uematsu et al.,
2013; Chen et al., 2018). This source of land-use competition is particularly relevant
in the Netherlands, where limited land availability and high population density create
strong competition between agricultural and urban land uses.

The transition to green energy represents another source of alternative land-use pres-
sure, as agricultural land is increasingly considered for renewable energy production.
Haberl et al. (2014) highlight land-use competition from bioenergy production, while
Tsai et al. (2019) and Lee et al. (2021) examine how the expansion of solar energy pro-
duction can affect agricultural land values. This is increasingly relevant as renewable
energy targets create additional demand for land suitable for energy infrastructure.

The literature on agricultural land prices contains relatively limited work that explic-
itly utilizes geospatial data. Agosta et al. (2025) find that only 2% of the publications
in their systematic review include geospatial factors, although several studies (Bastian
et al., 2002; Samarasinghe and Greenhalgh, 2013; De Noni et al., 2019a; Giuffrida et al.,
2023) estimate spatial econometric hedonic pricing models, building on the framework
of Manski (1993); Anselin (1988); Kelejian and Prucha (1998); Elhorst (2010). These
approaches are motivated by the fact that nearby parcels may display similar prices or be
affected by shared local shocks, implying spatial autocorrelation and potential spillover
effects. This is especially relevant in settings with geospatial data, where distance, neigh-
borhood structure, and local market conditions can be incorporated through a spatial
weights matrix.

This paper contributes to the literature on land prices in two ways. First, we utilize
cadastral parcel-level data on agricultural land prices in the Netherlands to perform a
pooled cross-sectional hedonic pricing model. This framework allows us to examine how
parcel characteristics, soil characteristics, climate risk, regulatory pressure, and alterna-
tive land use affect farmland values. Second, the study incorporates geospatial data on
soil quality and climate risk at the parcel level, allowing us to account for parcel-level
heterogeneity in these factors and to better identify their contribution to farmland prices.
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3 Theoretical Framework
Agricultural land is a heterogeneous asset whose land price reflects the discounted stream
of expected future returns generated by its underlying characteristics. Under hedonic
pricing theory, land is viewed as a bundle of productive, environmental, and locational
attributes that are capitalized into market prices. Buyers therefore bid not only for the
land itself but also for the characteristics that determine its expected profitability.

The productive capacity of farmland depends on its underlying natural capital. Soil
quality influences agricultural productivity through fertility, nutrient availability, drainage,
and water retention capacity, while hydrological conditions determine exposure to drought
and waterlogging. Because these characteristics affect expected yields and production
risk, they are expected to be reflected in farmland prices.

Farmland prices are also influenced by competing land uses. Urban expansion, popu-
lation growth, and renewable energy development increase the opportunity cost of agri-
cultural land by creating alternative uses that may generate higher economic returns.
Expectations regarding future conversion opportunities therefore increase demand for
strategically located parcels and may be capitalized into agricultural land prices.

Government regulation may alter the price of agricultural land by changing production
constraints and expected future returns. Policies that increase the scarcity of productive
land or raise the demand for additional acreage among agricultural producers are expected
to affect land prices through capitalization of anticipated future profits.

In addition to fundamental determinants, farmland prices may also reflect extrapola-
tive expectations. When market participants expect recent price appreciation to con-
tinue, past price growth may itself stimulate current demand, leading prices to deviate
from values implied solely by productive fundamentals. Such feedback mechanisms have
been documented in asset markets and may also arise in agricultural land markets.

These considerations motivate an empirical specification in which farmland prices are
modeled as a function of productive characteristics, environmental conditions, regulatory
exposure, competing land uses, and market expectations.

4 Methods
Building on the hedonic pricing framework, which assumes that agricultural land prices
reflect the capitalization of underlying land attributes, we empirically estimate the de-
terminants of farmland prices using repeated cross-sectional data on agricultural land
transactions in the Netherlands. Since individual parcels are not repeatedly observed
over time, we estimate a pooled cross-sectional ordinary least squares (OLS) model with
municipality and year fixed effects. This approach allows us to examine how the vari-
ation in parcel characteristics, soil characteristics, regulatory pressure, competing land
uses, and market expectations is reflected in observed cadastral transaction prices. The
baseline specification is given by
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ln(Pimrt) = α+βLi+γSi+ϕRi+θCmt+λEmt+ρUmt+τDi+η∆ ln(P̄r,t−1)+µm+δt+εimrt,

(1)
where Pimrt denotes the transaction price per hectare of agricultural parcel i in mu-

nicipality m in COROP region r and year t.

4.1 Parcel characteristics

The vector Li contains parcel-level characteristics, including parcel size and parcel size
squared. Parcel size and its squared term capture the nonlinear relationship between
parcel size and land prices, allowing us to assess potential economies of scale. Following
Ritter et al. (2020), we adopt a log-linear-squared functional form. Other parcel-level
characteristics include buyer and seller type, but this data will be obtained from the
cadastral parcel transaction data.

4.2 Soil characteristics

Similar to Vural and Fidan (2009), the vector Si contains parcel-level soil characteristics,
including clay content (g/kg), silt content (g/kg), sand content (g/kg), soil organic carbon
(dg/kg), pH level (pH × 10), and total nitrogen (cg/kg) in the top 0 to 30 cm of the
soil. These variables capture time-invariant differences in the biophysical quality of land
across parcels and are included as baseline controls in the hedonic specification. The soil
variables are derived from SoilGrids, which provides modeled estimates of soil properties
based on available soil observations and environmental covariates. As such, the SoilGrids
variables should be interpreted as proxy measures of underlying baseline soil chemistry
and physical conditions rather than as direct time-varying observations of management-
induced soil changes. Soil texture, measured through the relative shares of clay, silt,
and sand, influences water retention, drainage capacity, nutrient availability, and the
suitability of the land for different agricultural activities (Joshi et al., 2026). The soil
organic carbon captures the fertility of the soil by improving nutrient cycling, water-
holding capacity, and soil structure, increasing the productive capacity of agricultural
land (Lal, 2016). The pH level measures soil acidity and affects nutrient availability and
crop growth conditions (Barrow and Hartemink, 2023). Finally, total nitrogen captures
the major forms of nitrogen present in the soil and is a key driver of leaf and stem
growth in plants (Novoa and Loomis, 1981). Together, these soil characteristics represent
the natural productive capacity of agricultural land and are therefore expected to be
capitalized into farmland prices.

4.3 Climate risk

The vector Ri captures parcel-level drought- and waterlogging risk. It includes the vari-
ables GLGi, GLG2

i , GHGi, and GHG2
i , where GLG denotes the average lowest ground-
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water levels (in centimeters) and GHG stands for the average highest groundwater levels
(in centimeters). We expect a nonlinear relationship between land prices and ground-
water levels because the marginal effects of GLG and GHG are unlikely to be constant
across their ranges. Very dry conditions can reduce crop productivity through water
stress, while very wet conditions can lower productivity through waterlogging and poor
soil aeration. As a result, land prices may respond more strongly at extremes than would
be implied by a simple linear specification. The drought risk (GLG) is measured by the
30-year average of LG3, where LG3 is defined as the average of the three lowest ground-
water levels in a hydrological year, measured in centimeters2, while a sampling frequency
of twice per month, approximately on the 14th and the 28th. The waterlogging risk
(GHG) is measured analogously as the 30-year average of HG3, where HG3 is defined as
the average of the three highest groundwater levels in a hydrological year, also measured
in centimeters and observed twice per month.

4.4 Regulatory pressure

The variable Cmt captures heterogeneous exposure to the manure derogation phase-out.
We exploit municipality variation in exposure to the policy using a continuous difference-
in-differences specification, where municipalities with higher pre-policy cow density are
expected to be more exposed to the regulatory change. The interaction term compares
changes in agricultural land prices after the policy change across municipalities with
different levels of pre-policy cow density and is defined as:

Cmt = Post2022t × CowDensitym, (2)

where Post2022t equals one after the start of the manure derogation phase-out and
zero otherwise. The density of cows at the municipal level is measured using livestock
density in 2020 prior to the policy change and is defined as

CowDensitym = Cowsm,2020

AgriLandm,2020
, (3)

where Cowsm,2020 is the number of cows in municipality m in 2020 and AgriLandm,2020

is the total agricultural area in hectares in 2020.
A key assumption in our continuous difference-in-differences specification is that mu-

nicipalities with different levels of pre-policy cow density would have followed parallel
price trends in the absence of the manure derogation phase-out. Since the treatment
variable cow density is continuous, we assess this assumption using an event study spec-
ification that interacts CowDensitym with year indicators. The pre-policy coefficients
provide a direct check for differential trends before 2022.

We estimate the following event study specification:
2It is the distance from the ground surface to the groundwater level.
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ln(Pimt) = α +
∑

τ ̸=2021
βτ (⊮[t = τ ] × CowDensitym) + µm + δt + X ′

imtγ + εimt, (4)

where 2021 is the omitted reference year. If the parallel trends assumption holds, the
coefficients for the pre-policy years should be statistically indistinguishable from zero.
Based on our hypothesis, we expect the post-2021 coefficients to be positive, indicating
stronger price increases in municipalities with higher pre-policy cow density after the
phase-out of the derogation.

The variable D1,i captures parcel-level spatial exposure and is time-invariant. It rep-
resents the distance from parcel i to the nearest Natura 2000 region, reflecting potential
regulatory pressure as well as the risk of biodiversity impacts. Parcels located closer to
Natura 2000 regions may face stronger regulatory pressure and may be associated with
a higher likelihood of biodiversity harm. The variable D1,i is included in the vector Di.

4.5 Land competition

The vector Emt captures competing land demand associated with solar and wind devel-
opment, using measures of municipal solar and wind energy intensity. Increasing solar
and wind deployment may affect agricultural land prices through higher demand for land
from energy-related uses, particularly nonresidential solar capacity and wind power in-
frastructure. Municipalities with a higher solar capacity or a greater density of wind
turbines may therefore experience stronger competition between agricultural production
and renewable energy installation.

Nonresidential solar capacity density is defined as

SolarCapacityDensitymt = InstalledSolarCapacitynonresidential
mt

MunicipalityAream

, (5)

where InstalledSolarCapacitynonresidential
mt denotes the installed non-residential solar

capacity measured in kilowatts in municipality m and year t, and MunicipalityAream

denotes the total area of the municipality measured in hectares.
Wind turbine density is defined as

WindTurbineDensitymt = NumberOfWindTurbinesmt

MunicipalityAream

, (6)

where NumberOfWindTurbinesmt denotes the total number of wind turbines in-
stalled in municipality m and year t, and MunicipalityAream denotes the total area of
the municipality measured in hectares.

Due to data availability limitations, the solar capacity variable captures total non-
residential solar deployment rather than exclusively utility-scale solar parks located on
agricultural land. As a result, this measure should be interpreted as a broader indicator
of solar development pressure rather than a direct measure of agricultural land conversion
for solar energy production.

9



Similar to Lehn and Bahrs (2018), the variable Umt is the population density in
municipality m in year t, measured as the total number of inhabitants divided by the
municipality’s total surface area. It is a proxy for the municipality-level urbanization
pressure and competing demand for land for residential, commercial, and infrastructure
development. Higher population density may increase the price of agricultural land by
increasing the expectation of future development opportunities.

The variable D2,i captures parcel-level spatial exposure and is time-invariant. Fol-
lowing a similar specification as in Delbecq et al. (2014) and Lehn and Bahrs (2018), it
represents the distance from parcel i to the nearest urban center, reflecting accessibility
to urban markets and conversion pressure from nearby development. Parcels located
closer to urban centers may face stronger conversion pressure and greater demand from
competing land uses. The variable D2,i is included in vector Di.

4.6 Financial speculation on land

To account for financial acceleration and feedback effects in agricultural land markets, the
empirical specification includes lagged regional price growth, ∆ ln(P̄r,t−1) = ln(P̄r,t−1) −
ln(P̄r,t−2), as an additional explanatory variable. This term proxies for extrapolative
expectations, capturing the extent to which current land prices may respond to recent
appreciation in the local market rather than only to parcel characteristics, soil character-
istics, and other observed fundamentals, in a manner similar to Shiller (2007). A positive
coefficient on this variable would indicate that recent price increases are capitalized into
current land prices, consistent with a feedback mechanism in which past price growth
reinforces subsequent demand and further price appreciation. Macroeconomic financial
conditions, such as interest rates, are absorbed by the year fixed effects because they do
not vary across municipalities.

4.7 Fixed effects

Municipality fixed effects, µm, control for time-invariant differences between municipal-
ities, including persistent differences in geography, agricultural specialization, and local
land market conditions. Year fixed effects, δt, absorb national shocks common to all
municipalities, such as inflation, interest rates, agricultural commodity prices, and aggre-
gate land price trends. The main effects of Post2022t and CowDensitym are absorbed
by the year- and municipality fixed effects, respectively. The error term is denoted by
ϵimt. Standard errors are clustered at the municipality level.

The study provides an assessment of the determinants of agricultural land price dy-
namics in the Netherlands. By quantifying how parcel characteristics, soil characteristics,
climate risk, regulatory pressure, competition from alternative land uses, and financial
speculation are reflected in land prices, the research provides insights into the economic
forces shaping agricultural land markets.
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4.8 Robustness

To account for potential spatial dependence in agricultural land prices, we estimate a
Spatial Durbin Model (SDM) as a robustness check (Anselin, 1988). The SDM is a
highly attractive specification because it simultaneously captures endogenous interaction
effects (via the spatial lag of the dependent variable) and exogenous interaction effects
(through the spatial lags of the covariates). The SDM specification is given by:

ln(Pimrt) = ρWt ln(Pimrt) + βXimrt + θWtXimrt + µm + δt + εimrt, (7)

where the dependent variable is allowed to depend on a spatially lagged version of
itself. The coefficient ρ captures the degree of endogenous interdependence in land prices
across nearby parcels. Here, Wt denotes the spatial weights matrix in year t, which defines
the relevant neighborhood structure and assigns weights to nearby observations. The
vector Ximrt contains all covariates included in the baseline hedonic specification (1), and
the associated coefficients β measure their direct effects on land prices. The term WtXimrt

includes the spatial lags of these regressors, with coefficients θ, allowing characteristics
of neighboring parcels or surrounding areas to affect the price of a given parcel. By
explicitly modeling both the spatial lag of the dependent variable and the spatial lags
of the covariates, the SDM absorbs unobserved spatial processes, including irrigation
access, water availability, or clustered profitability shocks (e.g., pests or disease), thereby
mitigating omitted variable bias.

5 Data
This study constructs a pooled cross-sectional dataset of agricultural land transactions in
the Netherlands by combining cadastral parcel transaction data with parcel, geospatial,
municipal, and regional level data. The parcel-level data includes parcel characteris-
tics and the distance from the parcel to the nearest city and nearest Natura 2000 area.
The geospatial-level data consists of soil characteristics and climate risk measures. The
municipality-level data comprises cow density in 2020, biodiversity density over the past
70 years, as well as wind turbine density, solar capacity density, and population density
for the period 2012 to 2025. The regional level data includes extrapolative expectations
of land prices. Each observation in the dataset corresponds to an individual agricultural
land transaction i observed in municipality m and region r in year t. The dataset includes
342 municipalities and 40 regions and covers the period 2012-2025.

5.1 Parcel-level data

Cadastral parcel transaction data will be obtained from the Kadaster and include agri-
cultural land prices, parcel size, and transaction-specific characteristics. Land prices are
measured as the natural logarithm of transaction prices per hectare.
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The distance to the nearest city will be calculated as the shortest absolute distance
from each sold parcel to the nearest city with at least 10,000 inhabitants. The distance to
the nearest Natura 2000 region will be calculated as the shortest absolute distance from
each sold parcel to the nearest Natura 2000 region. These calculations will be performed
in QGIS once the cadastral transaction data have been obtained.

5.2 Geospatial-level data

Soil characteristics, including clay, silt, and sand content, as well as organic carbon, pH,
and nitrogen in the soil, were obtained from SoilGrids, which uses a digital soil mapping
approach based on Quantile Random Forest trained on approximately 230,000 global
soil profile observations to generate soil property estimates at a spatial resolution of 250
meters. The geospatial-level data is considered time-invariant. Figure 1 presents the
concentration of soil organic carbon content (fine earth fraction) in dg/kg at a depth
level of 0-30cm.

Figure 1: SOC concentration on agricultural land

(a) SOC distribution (b) SOC map

Figure 2 displays the total nitrogen in cg/kg at a depth level of 0-30cm.
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Figure 2: Nitrogen concentration on agricultural land

(a) Nitrogen distribution (b) Nitrogen map

Figure 3 shows soil pH in water measured in pH x 10 (to convert to pH values divide
by 10) at a depth level of 0-30cm.

Figure 3: pH concentration on agricultural land

(a) pH distribution (b) pH map

Climate risk is examined by exploiting the geospatial variation in GLG and GHG
to capture drought and waterlogging risk, respectively. The data on GLG and GHG
are from the Bodemkaart, which is compiled by Wageningen Environmental Research.
Figure 4 presents drought and waterlogging risks in the Netherlands, based on estimates
of GLG and GHG from a groundwater dynamics model (De Gruijter et al., 2004). GLG
and GHG are measured in centimeters. Darker colors indicate higher risk in both maps.

Table 1 presents descriptive statistics for the geospatial variables capturing soil char-
acteristics and climate risk. When we obtain the individual transaction data, we will link
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Figure 4: Climate risk on agricultural land

(a) Drought risk (b) Waterlogging risk

each sold parcel to the parcel- and soil characteristics in the spatial dataset.

Table 1: Descriptive statistics of geospatial data

Variable Count Mean Median Std. dev. Min. Max.
Sand (g/kg) 448,459 460.14 418.91 235.22 32.52 935.89
Silt (g/kg) 448,459 320.27 327.00 132.57 18.59 779.26
Clay (g/kg) 448,459 219.40 234.13 112.64 27.49 629.85
Nitrogen (cg/kg) 448,459 420.75 380.16 169.19 153.63 1,353.37
pH (pH × 10) 448,459 62.09 61.55 6.44 42.21 79.80
SOC (dg/kg) 448,459 637.78 596.88 284.50 150.93 2,195.16
GLG (cm) 448,459 143.62 140.00 45.32 0.00 254.00
GHG (cm) 448,459 61.88 56.00 38.83 0.00 254.00

5.3 Municipality-level data

To measure the regulatory pressure from the phase-out of the EU manure derogation
policy in the Netherlands, we use data from Statistics Netherlands (CBS). The policy
indicator is constructed as a dummy variable equal to one from 2022 onward, capturing
the announcement and implementation period of the gradual reduction of the derogation
rule. To measure differences in exposure to this policy change between municipalities,
we construct a measure of cow density using agricultural structure data obtained from
Statistics Netherlands (CBS). Cow density is defined as the number of cows per hectare
of agricultural land in each municipality. Data on the number of cows and the total
agricultural land area are collected annually and linked to each agricultural land trans-
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action based on municipality and year. Figure 5a shows a histogram of the number of
cows per hectare of agricultural land in the Netherlands. Figure 5b presents the spatial
distribution of cows per hectare of agricultural land, classified into five quantiles across
the Netherlands.

Figure 5: Cow density by municipality in 2020

(a) Cow density distribution (b) Cow density map

The pressure from alternative land uses arises from both the transition to renewable
energy and increasing urbanization pressure. To capture the renewable energy transition,
we obtain data on renewable energy developments from Statistics Netherlands (CBS) and
Windstats. For each municipality, we use the number of wind turbines and non-residential
solar capacity over the period 2012 to 2025, and divide these by the total municipal surface
area in square kilometers to construct wind turbine density and solar capacity density
measures.

Urbanization pressure is measured at the municipality level using the number of in-
habitants and municipal surface area, obtained from Statistics Netherlands (CBS). Table
2 reports descriptive statistics for the municipality-level variables. When we obtain the
individual transaction data, we will merge the individual transaction data with the cor-
responding municipality-level data.

Table 2 reports descriptive statistics for the municipality-level variables capturing
regulatory pressure and land competition. These characteristics will subsequently be
merged with the parcel-level transaction data.

5.4 Regional-level data

The lagged regional price growth variable is constructed from transaction-level data that
are currently being obtained. First, average land prices are calculated at the regional
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Table 2: Descriptive statistics of municipality-level data

Variable Observations Mean Median Std Min Max

Cow density (cows/ha) 342 2.17 1.85 2.51 0.00 22.18
Wind density (wind turbines/km2) 4,788 0.04 0.00 0.11 0.00 1.29
Solar density (kw capacity/km2) 4,736 207.70 70.80 324.29 0.00 4,293.55
Population density (people/km2) 8,208 874.86 459.88 1,028.89 22.69 6,900.49

level for each period. The variable is then measured as the difference in the logarithm
of average regional land prices between two consecutive lagged periods. This variable
captures recent price developments in the local land market.

6 Results
We are still working on the results.

7 Conclusion
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