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Abstract: Farmland fragmentation in use is related to higher operation cost and reduced
productivity, while ownership fragmentation increases transaction costs, both leading to ineffi-
cient land use and diminished overall farm performance. This paper aims to quantify the costs
of farmland ownership fragmentation using a market-based approach. We hypothesize that
buyers and sellers in the farmland market have a lower valuation and demand for spatially
separated farmland. To test this hypothesis, we analyze a rich dataset of 24,528 arable land
transactions from the eastern German Federal State of Brandenburg from 2000 to 2022 that
includes information on whether the traded land was spatially fragmented. Using a doubly ro-
bust approach combining matching and regression, we find that package transactions of spa-
tially separated parcels achieve on average 6.7% lower prices than transactions of single par-
cels with the same size and comparable characteristics. The quantified markdown for pack-
ages suggests that market participants associate costs with fragmentation and consider these
into their valuation for farmland.
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1 Introduction

Land use fragmentation refers to the spatial distribution of plots under cultivation; farmland
ownership fragmentation summarizes spatially distributed small, non-contiguous parcels
across owners. Both often have been discussed as the result of historical land reforms and
restitution processes (Hartvigsen, 2014) and in the context of inheritance practices (Gatterer
et al. 2024) and urbanisation trends (Zheng et al., 2022).

Such farmland fragmentation is widely associated with inefficiencies and increased costs for
land users and owners (VerSinskas et al., 2020): fragmented farmland use is associated with
higher production costs and lower operation efficiency as smaller and spatially distant plots
increase transportation costs and reduce economies of scale (Valtiala et al. 2023; Ptacek et
al. 2024), and ultimately farm productivity (Latruffe, Piet, 2014). Given such distance costs,
farms prefer land in proximity and their willingness to bid and pay for land declines with dis-
tance and with fragmentation (Graubner, 2018; Graubner, Huttel, 2024). Fragmented owner-
ship implies higher transaction and administration costs, e.g., to find solvent tenants
(Humpesch et al., 2023). Fragmentation may also weaken landowners’ bargaining position in
the land market; for example, parcels too small to be cultivated independently may have to be
leased out (Sklenicka et al., 2014). At a broader scale, ownership fragmentation involving nu-
merous stakeholders can impede the implementation of land-based initiatives such as land
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improvement (Sklenicka, 2016), nature conservation (VerSinskas et al., 2020), and renewable
energy projects (Winikoff, Parker, 2023). Land ownership fragmentation may thus contribute
to an underutilization of common resources (Buchanan, Yoon, 2000). Empirical evidence that
quantifies the costs of farmland fragmentation remains, however, limited.

This paper aims to quantify the costs of farmland ownership fragmentation using a market-
based approach based on observed farmland prices. Observed market prices capture the ex-
pectations of bidders about future returns and the associated cost of spatially separated par-
cels. We hypothesize that buyers and sellers in the farmland market have a lower valuation
and demand for spatially separated farmland. Markdowns for spatially separated parcels com-
pared to contiguous parcels with identical size and characteristics would provide evidence that
market participants consider the costs of fragmentation in their willingness to pay and bid for
farmland. We test this hypothesis by quantifying price differences between transactions of spa-
tially separated parcels (package transactions) and transactions of single or contiguous par-
cels of land (single transactions).” Our empirical analysis uses 24,528 arable land transactions
in the eastern German Federal State of Brandenburg. This region is marked by highly frag-
mented farmland ownership, with over 170,000 private non-agricultural landowners holding
52% of the farmland and on average of seven parcels per owner (Janicke, Miller, 2025).
Around 30% of transactions involve packages of spatially fragmented parcels.

Across different study regions, analyses of farmland price formation consistently identify trans-
action size as key price determinant, though empirical findings on the size-price relationship
remain mixed and context-dependent (Ritter et al., 2020; Schaak et al., 2023). The role of
fragmentation in this relationship, however, remains unclear. Assembling spatially separated
parcels into one package may offer transaction cost savings, productivity gains argued to drive
the size-price relationship may be limited to transactions of single contiguous parcels. Further,
because farmland markets are thinly traded with overall limited supply and price formation
being governed by the underlying local market structure (Balmann et al., 2021), each transac-
tion is unique.

To isolate the valuation for fragmentation while accounting for the specifics of farmland mar-
kets, we apply a doubly robust approach: we use non-parametric matching to pair package
transactions with single transactions that are comparable in transaction size, soil quality, loca-
tion, and time. Using the matched sample, we run a parametric hedonic price regression to
quantify the price effect attributable to package transactions. Our results indicate that package
transactions of spatially separated parcels receive on average 6.7% lower prices than compa-
rable single transactions. The observed markdown for packages suggests that market partici-
pants associate costs with fragmentation and consider these into their valuation for farmland.

This paper contributes to the literature on costs of farmland ownership fragmentation using a
market-based approache based on farmland prices. It offers the first systematic approach that
explicitly discusses and quantifies the market valuation for spatially fragmented farmland. Our
findings inform policymakers about the benefits of land consolidation and improve market
transparency by highlighting fragmentation as a determinant of farmland prices. Our robust
and tractable approach provides a framework for market-based valuation, which can support
land consolidation efforts. Our results also underscore the importance of informing future
sellers and buyers at the farmland market whether prices were formed in a package, or in a
single transaction.

The paper is structured as follows: Section 2 introduces the study region and data. Section 3
outlines our empirical strategy. We present our results in Section 4; Section 5 discusses our
results and concludes.

1 Package transactions consist of at least two spatially separated parcels. Our data does not provide information
on the exact number of parcels included in a transaction or their distances from each other.
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2 Study Region and Data

2.1 Study Region

The German Federal State of Brandenburg, our study region, is located in eastern Germany
and surrounds the German capital, Berlin. Nearly 45% of Brandenburg’s area is used for agri-
culture, with 77% arable land and 23% grassland. Farming conditions are characterized by low
precipitation (long-term average 1991-2022: 580 mm/year) compared to the German average
(800 mm/year) (DWD, 2022b), and low average soil quality with mostly sandy soils with poor
water storage capacity (Schmitz, Muller, 2020).

As in other eastern German Federal States and states with a post-communist transition econ-
omy history (Hartvigsen, 2014), Brandenburg’s land ownership structure and agricultural sec-
tor have been shaped by the communist era between 1945 and 1989, followed by subsequent
restitution and privatization (Wilson, Wilson, 2001; Wolz, 2013). Following World War Il, the
land of farms exceeding 100 ha and those owned by active Nazi members were expropriated
between 1945 and 1949, known as the first land reform in Eastern Germany. This land was
redistributed to private individuals, mostly agricultural workers, small-scale farmers, and refu-
gees, resulting in an average farm size of 8 ha with approximately 560,000 landowners. In
1952, aiming to increase agricultural productivity, the Socialist Party initiated the consolidation
of private farms into collective farms known as agricultural production cooperatives (LPGs).
The collectivization processes continued until the fall of the Iron Curtain in 1989, resulting in a
large-scale farm structure comprising around 580 state farms and 4,000 corporate farms and
cooperatives. Following Germany’s reunification, land was returned to the members and to
former owners who had been expropriated after 1949. This process was managed by the Treu-
handanstalt until 1992; thereafter, jurisdiction over this land was transferred to the state agency
Bodenverwertungs- und Verwaltungs GmbH (BVVG) with the mandate to transfer the land to
private ownership. In 2007, the BVVG adopted a highly efficient tendering mechanism in addi-
tion to direct sales to privatize land at market prices (Seifert, Huttel, 2023). Until 2023, BVVG
transferred in total around 900 thousand hectares of agricultural land to private ownership at
market price, accounting for around 10% of the total farmland in eastern Germany (BVVG,
2023).

Brandenburg’s farmland ownership remains highly fragmented. In 2020, more than 170,000
private persons owned 52% of the total farmland, with an average of seven parcels per owner
(Janicke, Mller, 2025). Field sizes average at 12 hectares (Wesemeyer et al., 2023).

In total, around 5,400 farms operated in Brandenburg in 2023. The average farm size is 242 ha,
i.e., around four times the German average (MLUL BB, 2023). The farm structure includes
small privately-owned farms and larger agricultural holdings and cooperatives with average
farm sizes of 134 ha and 688 ha, respectively (MLUL BB, 2023). With the privatization process,
the share of rented land decreased from 81.3% in 2005 to 64.9% in 2023 (EU average: approx.
50%; Eurostat, 2024). Privately owned farms show a lower share at 59.1% compared to farms
operated as legal entities at 66.8%.

The farmland market in Brandenburg is thinly traded, with only 1.4% of the total agricultural
area traded annually between 2005 and 2022 (MLUL BB, 2023). Farmland prices developed
dynamically: Between 2005 and 2022, prices more than tripled from around 2,501 €/ha in 2005
to 12,180 €/ha in 2022. Given Germany’s rather liberal farmland market regulation (Vranken
et al., 2021), investigating Brandenburg’s land market provides a suitable case for analysis.
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2.2 Farmland Transaction Data

We rely on detailed transaction data for arable land from 2000 to 2022 in Brandenburg provided
by the Committee of Land Valuation Experts (Oberer Gutachterausschuss, OGA) (see Appen-
dix A for the data profile). On behalf of the federal state, the OGA documents all farmland
transactions to track land market activity and to ensure market transparency. For each trans-
action, we observe the sales price, key land characteristics (e.g., transaction size and a soll
quality index?), characteristics of the transaction (e.g., contract date), and location information
including the geocoordinate.

The data also includes information on whether a transaction consists of a single parcel or if it
includes more than one parcel.® We define a package transaction as a transaction with at least
two spatially separated parcels and refer to transactions involving one parcel or contiguous
parcels as single transactions. In package transactions, our data does not enable us to identify
the number of parcels and their distance to each other. Recorded characteristics of package
transactions relate to the “price-determining” or “largest” parcel (e.g., transaction coordinate).
We illustrate package transactions involving spatially separated parcels based on selected
transactions with information on all included parcels identified in the transaction’s records in
Appendix Figure A1.

Our initial data set comprises 51,216 transactions. We consider arm’s-length transactions; 145
transactions with prices of 500 €/ha or less, and with total prices of 1 € or less are removed as
they likely do not reflect regular market activity. We also consider only transactions of parcels
that can be operated independently, e.g., without requiring further rights of way, which ex-
cludes another 6,913 observations. Following the OGA’s definition of regular land market ac-
tivity, we remove 4,203 transactions smaller than 0.25 ha. We drop 811 transactions located
in Brandenburg’s four independent cities (Brandenburg an der Havel, Cottbus, Frankfurt
(Oder), Potsdam) due to a suspected urbanization impact on prices potentially correlated with
the choice of selling a single parcel or a package of parcels. Further, we drop 7,417 transac-
tions by public sellers including the privatization agency BVVG as price formation may differ
from the remaining market due to the use of public tenders and the tendency to package a
large number of parcels of heterogeneous qualities in one offer (Seifert, Huttel, 2023). We
exclude data from eight counties in the early years of the observation period, during which
parcel transactions seem to be erroneously recorded (see Appendix A1 for details). A further
3,487 observations are excluded due to missing information. This mainly concerns unobserved
soil qualities, which are not recorded for transactions of farmland intended for a future non-
agricultural use, such as public infrastructure investments. Lastly, we also remove 370 trans-
actions identified as outliers using the minimum covariance determinant estimator
(Rousseeuw, van Driessen, 1999).

Our final dataset for the analysis comprises 24,528 transactions with a total transaction volume
of 104,624 hectares generating revenues of 671 million € in 2015 terms (GDP deflator by
Destatis, 2022). Thereof, 17,112 are single transactions (53,567 ha, 352 million € in 2015
terms), and 7,416 package transactions (51,057 ha, 320 million € in 2015 terms).

2.3 Farmland Price Determinants

We augment the transaction data by incorporating information on factors that affect the ex-
pected returns from land ownership that are likely to be reflected in the observed sales prices

2 The soil quality index reflects the natural yield capacity of farmland. It is used for the fiscal valuation of
agricultural land in Germany. The parameters of soil structure up to a depth of one meter, terrain conditions,
climatic conditions, water availability and other natural conditions are included in the index (Schmitz, Miiller,
2020).

3 The data differentiations transaction composition as: 1 = entire parcel affected, 2 = parcel partially affected, 3 =
additional parcels also affected, 4 = additional parcels affected with parcels being spatially separated.
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(Nickerson, Zhang, 2014). For each transaction, we consider the land’s productivity, local farm-
ing conditions, and the local farming structure as key elements.

We capture expectations about the returns of land ownership by the transaction size, soil qual-
ity, and water availability. An increasing parcel size may offer economies of scale, suggesting
higher expected returns from farming and thus higher prices (Ritter et al., 2020); returns to
scale may, however, not be available for the buyer of a package. For very large transaction
size, competition may be reduced due to the financing constraints of the potential buyers. A
price premium may be observed for smaller parcels (Brorsen et al., 2015) due to a wider range
of potential buyers, including, for instance, non-agricultural buyers intending a non-agricultural
post-sale land use, such as horse keeping.

Climate change affects yields and yield stability by impacting the local drought exposure and
water availability and thus may affect expected returns from farming and finally farmland values
(Ortiz-Bobea, 2020). To account for water availability, we use the long-term average annual
precipitation in the 30 years before the transaction extracted from a 1 km grid at the transaction
coordinate (DWD, 2022b). To account for droughts, we indicate the lands’ drought exposure
in the three years before the transaction using the average de Martonne drought index over
this period calculated on a 1 km grid at the transaction coordinate (DWD, 2022a).

The expectation of higher returns from a non-agricultural land use, often tied to the location of
land, may likewise influence farmland prices (e.g., Delbecq et al., 2014). We use multiple var-
iables to capture such effects: to account for potential urban sprawl effects around Berlin, we
use a dummy variable that reflects location in a municipality bordering the city-state of Berlin.
A second dummy indicates adjacency to a settlement if the parcel’s most distant point is within
500 m of a settlement to account for option values from a potential conversion to building land
by. Additionally, we consider the distance to the next upper or middle centers* (BBSR, 2019)
to account for urban proximity and infrastructure access (Seifert et al., 2021). We also use the
shares of utilized agricultural area (UAA) and settlement area at the municipal level to indicate
the local land use structure and demand for land. To account for land demand for animal hus-
bandry, we include information on the capacity-weighted livestock density (LSU) using geo-
referenced data on farmsteads, types of husbandry, and stable sizes in Brandenburg (LfU,
2022).

With the German Renewable Energy Act in 2000, Brandenburg became a hotspot region for
renewable electricity generation. Higher expectations on returns from using land for renewable
energy production have been shown to increase land rents (e.g., Hennig, Latacz-Lohmann,
2017) and farmland values (e.g., Haan, Simmler, 2018). To account for the impact of renewa-
ble energy sources, we utilize plant-level data recorded by the German regulatory office for
electricity (Marktstammdatenregister, BNetzA, 2022). We derive capacity weighted-kernel
density maps (Hart, Zandbergen, 2014) that reflect the installed capacity of each wind and
biogas plant in each year in Brandenburg, and extract the respective installed density at the
location of the transaction.

2.4 Pre-Assessment

Table 1 lists the descriptive statistics for package transactions (left) and single transactions
(right). Parcel packages account for around 30% of all transactions in our sample. We observe
minor unconditional price differentials between transactions of parcel packages (0.58 €/m?)
and single parcels (0.59 €/m?) (see Table 1). Over our observation period, no clear patterns
are visible (e.g., -0.057 €/m2?in 2002 and -0.018 €/m? in 2022).

4 The distance-based hierarchy of upper and middle centers is based on the principles outlined in Germany's
Spatial Planning Act, which aims to ensure balanced access to essential facilities throughout the country (BBSR,
2019).
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Table 1. Descriptive statistics by transaction composition status

Packages Single
n= 24,528 n, = 7,416 ne= 17,112

Mean SD Q1 Q99 Mean SD Q1 Q99

Dependent variable

Deflated price [€/m?] 0.58 0.43 0.11 2.01 0.59 0.44 0.10 2.04

Price [€/m?] 0.59 0.46 0.10 2.10 0.59 0.47 0.09 2.14
Land characteristics

Transaction size [ha] 6.88 6.11 0.39 29.5 3.13 4.13 0.26 21.34

Soil quality [index] 32.95 9.87 16.00 61.00 32.32 10.52 14.00 62.89
Agro-climatic conditions

Precipitation [cm] 56.38 3.67 47.75 65.12 56.87 3.38 4841 64.89

Drought index [count] 2.87 0.37 2.02 3.74 2.89 0.36 2.02 3.70
Location

Metro region [0/1] 0.04 0.20 0.00 1.00 0.05 0.22 0.00 1.00

Adjacency to settlement [0/1] 0.15 0.36 0.00 1.00 0.28 0.45 0.00 1.00

Distance to next center [km] 38.63 15.08 10.21 8147 36.73 15.3 8.62 79.63

Share UAA [%] 55.8 19.25 18.41 89.8 53.75 18.89 16.18 89.01

Share settlement [%)] 5.86 5.32 1.61 29.83 6.40 5.75 1.57 31.59

LSU density [LSU/cell] 3.47 2.10 0.12 9.17 3.56 2.37 0.08 10.31
Renewable energies

Wind density [MW,,;/cell] 492 11.24 0.00 51.57 449 10.04 0.00 49.18

Biogas density [ MW,,;/cell] 1.01 1.40 0.00 6.88 0.91 1.26 0.00 5.95

Notes: due to data privacy regulations, minima and maxima are not reported.
Source: own calculation based on data sources indicated in text

Packages and single transactions exhibit, on average, similar soil quality of around 32 index
points with similar ranges between 14 and 62, respectively. The transaction size is 6.88 ha on
average for packages, which is twice as high as for single transactions (3.13 ha). The 99®
quantile of transaction size indicates a wider range for package transactions (29.5 ha) com-
pared to single transactions (21.34 ha).

Approximately 28% of the single transactions are adjacent to settlements, compared to around
15% for package transactions. We observe small differences in the distance to the nearest
regional and administrative center (38 km for packages, and 36 km for single transactions),
the share of UAA at the municipality (55.4% vs 53.7%), and the share of settlement (5.86%
and 6.40%). Small differences in average wind and biogas densities suggest that package
transactions are located in regions with higher intensity of wind power and biogas installations.

The data shows some spatio-temporal dynamics in the shares of package transactions: re-
spective shares vary across Brandenburg’s districts, ranging from 17% in Elbe-Elster to 45%
in Teltow-Flaming (see Figure 1). In some counties, the total traded volume of package trans-
actions exceeds that of single transactions while comprising fewer transactions (see Appendix
A, Figure A3 and Table A2). Over our sample period, 2000-2022, the annual share of package
transaction in Brandenburg ranges from 25.2% to 40.8% (see Appendix A, Figure A4), without
a clear time trend.
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Figure 1. Number of transactions by composition in Brandenburg, Germany

Source: own illustration based on data from the Committee of Land Valuation Experts in Brandenburg

3 Empirical Strategy

To quantify the price differences between package transactions and single transactions, we
consider that whether a parcel is sold in a single transaction or in a package may not be ran-
dom but depend on the land’s characteristics and market sentiment. For instance, in regions
with excess demand and strong competition for agricultural land, buyers might be more willing
to buy a package of spatially separated parcels if parcels of the package would otherwise be
sold to another buyer. Without further control, such a relationship between our effect of interest
and the sales’ characteristics could bias our estimates.

To mitigate such potential bias, we aim to compare transactions with similar land characteris-
tics traded in the same local market and at the same time. We follow the procedure proposed
by Ho et al. (2007) and adopt a doubly robust approach that combines non-parametric match-
ing in a first step with a parametric post-matching regression in the second step. Matching in
the first step serves as a pre-processing to identify a set of single transactions similar in farm-
land characteristics, market location, and time of trade to the package transactions. In the
second step, we conduct a parametric hedonic regression using the matched sample to quan-
tify price effect attributable to package transactions. The second step adjusts for remaining
imbalances in the variables used for matching and for other price-determining factors not in-
cluded in the matching. The resulting estimate of the package effect is “doubly robust”; that is,
it is consistent if either the matching procedure or the parametric outcome model are correctly
specified (Ho et al., 2007: 215). This reduces model dependence in the parametric regression.

3.1 Matching

The matching uses a non-parametric two-nearest neighbor matching to identify for each pack-
age transaction the two nearest single transactions with the most similar covariate values. The
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similarity between two transactions is assessed through the Mahalanobis distance, which com-
bines information in a unitless measure accounting for the potential correlation of these varia-
bles (Rubin, 1980). Matching on Mahalanobis distance creates pairs of transactions with sim-
ilar covariate values (i.e., following the idea of matching a “perfect” twin), addressing critiques
on other approaches such as propensity score matching (King, Nielsen, 2019). The two-near-
est neighbor matching based on the Mahalanobis is particularly suitable for our approach:
matching on few key characteristics ensures similarity in the main price determinants while
retaining a sufficiently large pool for matching twice. Two-nearest neighbor matching further
reduces the dependence of the identified effects on individual transactions.

In the matching, we consider transaction size x;, soil quality x,, and longitude and latitude of
the transaction coordinate as covariates. Matching on transaction size and soil quality ensures
similarity in the main land productivity characteristics (Nickerson, Zhang, 2014). Matching on
the coordinates should ensure that matched transactions are traded in the same market envi-
ronment, including similar supply and demand structures as well as competition for farmland
(Balmann et al., 2021). The geographical proximity may further increase similarity in location-
specific factors impacting farmland price formation. This includes both factors observed and
unobserved by us, such as weather characteristics, topographic features or the degree of ur-
ban sprawl. Matching on coordinates, rather than exact matching on administrative units, helps
to mitigate problems of defining the relevant market and allows matching across administrative
borders. To ensure that potential matches take place in times of similar market sentiment, and
to account for the price surge in our observations period (Hainbach et al., 2024), we only match
package transactions with single transactions from the same year, or one year apart.

To avoid a potential bias from extreme single transactions, we allow the matching of a single
transaction only up to three times (Stuart, 2010). This prevents an overuse of control units and
a high dependence on a few control units while limiting the effect of a single potential match
on the final outcome. We assess the matching quality based on the standardized difference in
means and the Euclidian distance between package transactions and their matched single
transactions.

3.2 Hedonic Regression

In the second step, we base our analysis on the hedonic pricing framework (Rosen, 1974),
where the price of land is expressed as a function of the implicit prices of its characteristics.
These implicit prices reflect the average market valuation of the land’s characteristics, deter-
mined by the observed matches of the buyer’s willingness to pay and the seller’s willingness
to accept. The observed farmland price p; for a transaction i, resulting from a search and bar-
gaining process, with land characteristics x;, is expressed as:

ln(pi) = h'(xllﬁ) + 6pa6kagedi,package + €; (1)

where h(.) denotes the hedonic price function, g the vector of implicit prices of the land char-
acteristics, and e the error term. We assume that this relationship varies between non-frag-
mented and package transactions through the indicator variable d; ,qckqge, Where d; package =

0 for single transactions, and d; ,,ckage = 1 for package transactions; srackage indicates the
price effect attributable to being a package transaction. The parameter estimate of §Package,

§package indicates the average price effect attributable to a transaction being a package, i.e.,
the market valuation for fragmentation in a package.

We estimate Equation (1) using the natural logarithm of the price p in € per m? of the transac-
tion i deflated to 2015 values as the dependent variable. In the hedonic part, h(.), we adjust
for price-determinants of farmland considering land characteristics, location, agro-climatic con-
ditions, and renewable energy intensity. For the land characteristics and agro-climatic condi-
tions, we follow Seifert et al. (2025) and use a flexible functional form to allow for potential non-
linear relationships. Transaction size (x,) and soil quality (x,) enter flexibly as square roots, in
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their quadratic form, and as interactions of the linear terms. Precipitation (z,,.) and drought
index (z4,,) are included in linear and quadratic form. We use dummy variables to indicate the
location in the metropolitan area of Berlin (dy.,1i,) @and adjacency to a settlement (dges10)- The
distance to the next high or middle center (x,;5:) enters in linear and squared form. We describe
the local land use by the shares of agricultural land (x,,,,) and settlements (x.:1;) at the mu-
nicipal level in linear terms. We account for land demand from animal husbandry and for re-
newable energy production from wind and biogas plants using respective spatial kernel densi-
ties in linear term. To capture remaining unobserved temporal and spatial heterogeneity, we
add county dummy variables (d;) indicating the location in one of the 14 counties, and year
dummy variables (d;) for the respective year of sales. We add a dummy variable indicating the
time of transaction in the third quarter of a year (d,3) to account for a potential seasonality
resulting from higher cash flows of farms after the harvest season (Seifert et al., 2021). Omit-
ting the transaction-specific subscript i, the hedonic specification is

h() = a+ Biyfxs + BoxZ + Bafxq + Baxd + Bs(xs X xg) +
BosZpre + BrZpre + BaZaro + BoZiro +
Brodperiin + Bi1dsettie + BrzXaist + B13Xdise + BraXuaa + BisXsettie + (2)
BieXLsu + B17Xbiogas + BisXwina

DN Vlwuntydz + Xy de + Yo3d03

where a denotes the intercept; 8’s and y’s are parameters to be estimated for price-determin-
ing factors and spatiotemporal dummy variables, respectively.

We estimate the second step regression using weighted least squares. Weights for the
matched single transactions reflect the matching frequency from the pre-processing step
scaled to the sum of the uniquely matched single transactions (Ho et al., 2011). Weights for
the package transactions are one. Unmatched single transactions receive a weight of zero.

Toillustrate the magnitude of the package effect, we simulate the monetary difference between
a single and a parcel transaction for different transaction sizes and transaction compositions.
Using the coefficient estimates from the hedonic regression, we predict prices and revenues
for a hypothetical sale of two parcels sold separately or as a package. We vary the composition
between the two parcels considering parcel sizes from 0.5 to 17.5 hectares and investigate
how different composition of the package affect price outcomes. We use Markisch-Oderland
(MOL), the county with the highest transaction volume, and the year 2022 as the baseline for
prediction; all other variables are fixed at the matched weighted sample mean.

Because our observations might be non-independent within clusters (Abadie et al., 2023), we
base statistical inferences on clustered standard errors. To determine the appropriate level of
clustering, we implement the test by MacKinnon et al. (2023). That is, we sequentially test from
fine clustering (i.e., no clustering, each observation is a cluster) to coarser clustering (municipal
level, county level). Based on the test result, we report 95% confidence intervals using cluster-
robust standard errors clustered at the municipal level. We implement our approach using R,
version 4.3.1; the matching procedure is implemented using the Matchlt package v.4.5.4 (Ho
et al., 2011).

3.3 Effect Heterogeneity

The package price effect may vary with transaction size and financial volume due to economies
of scale (Valtiala et al., 2023; Ritter et al., 2020; Schmidt et al., 2024), and due to the land
market sentiment in which a transaction occurred. We therefore analyze potential heterogene-
ity in the package effect for different transaction sizes, across space, and over time.



Isenhardt et al. | Ger J Agr Econ 74 (2025)

First, addressing the role of transaction size we investigate the package-effect for different
transaction sizes by interacting the package indicator d,ckqge With dummy variables for the
deciles of the transaction size observed in our matched sample. We use 10 dummy variables
dg size that equal one for a transaction in the d" decile of the observed transaction size distri-
butions. The regression Equation is:

k
ln(p) = h() + chl(il 8gfqticzeage (dpackage X dd,size) + chl(il ﬁd,sizedd,size +e€ (3'1)
where 63222““‘79 gives the average log price difference between the transactions of packages

and matched single transactions for decile group d, conditional on characteristics included in
h(.).

Second, parcel sizes and landownership structures may, however, vary also notably across
our study region (Balmann et al., 2021; Janicke, Muller, 2025). The probability to observe a
package transaction and potential price differentials between single and package transaction
may thus be linked to a lot’s location. We investigate spatial heterogeneity of the package price
effect by interacting the package indicator d,q¢1q4. With dummy variables indicating location in
one of the 14 counties such that

In(p) = h(.) + X1 6P 9% (dpgerage X di) + € (3-2)

where §7**%9¢ indicates the average log price difference between single and package trans-
actions in county .

Third, given the considerable price surge in our study region during the observation period, we
also investigate the temporal heterogeneity of the package price effect. We perform a rolling
window analysis: We split our unmatched sample into consecutive, overlapping subsamples
of three years each, resulting in 21 overlapping intervals (2000-2002, 2001-2003, ..., 2020-
2022). For each interval, we apply the doubly robust approach with two-nearest neighbor
matching, and post-matching regression based on Equation (1). For each interval, all single
transaction observations from the same years, one year prior, and one year afterwards are
considered as potential matches. This procedure gives the average log price difference be-
tween package and matched single transactions for each of the 21 intervals. In contrast to a
time interaction model that spans the entire period, the rolling window approach offers flexibility
regarding other explanatory variables and provides a more nuanced analysis for each interval.

3.4 Robustness Checks

We investigate the robustness of our results using additional analyses. First, we compare var-
ious empirical model specifications with and without matching, including and excluding county
fixed effects, year fixed effects, and the hedonic control variables. Second, we investigate the
robustness of our results under different matching estimators. We perform one- and three-
nearest-neighbor matching as well as kernel matching. The kernel matching uses a Gaussian
kernel; bandwidths are selected to minimize the mean integrated squared error (Wand, Jones,
1994). In all cases, the second step regression uses the specification of Equation 2. Third, we
run our procedure on different samples. We consider samples based on our cleaning proce-
dure enlarged by transactions (i) in the four independent cities of Brandenburg, (ii) including
public sellers, and (iii) in counties with erroneous recordings. We also conduct a robustness
check based on a sample without further filtering except for removing observations with miss-
ing values and inconsistent data.

10



Isenhardt et al. | Ger J Agr Econ 74 (2025)

4 Results

4.1 Matching Quality

The results of the two-nearest-neighbor matching based on the Mahalanobis distance with up
to three replacements matches 7,416 package transactions with 7,711 single transactions. Of
the matched single transactions, 3,461 are matched once, 1,406 are matched twice, and 2,853
units are matched three times (see Appendix Table B1 for descriptive statistics). Figure 2
shows the absolute standardized mean difference of the main variables for the unmatched
(grey) and the matched sample (black). After matching, the absolute standardized difference
in means is below 0.1 for all core characteristics, indicating a good matching balance (Stuart,
2010). The average mean distance between the location of the matched pairs is 13.68 km
(median 10.58 km) indicating that transactions of the matched samples occurred in the same
region.

Soil quality{ & :
Transaction size - AE
Year: |& i
Latitude+ |4 E Sample
! Unmatched
! A Matched
Longitude+ |A !
0.0 0.2 0.4 0.6
Absolute Standardised Difference in Means

Figure 2. Matching quality

Source: own illustration based on estimates from first-stage matching

4.2 Hedonic Post-Matching Regression

Table 2 shows the post-matching regression results for our main model. The regression shows
an R? of 0.708, indicating a satisfying fit in explaining the price variation. We interpret the co-
efficients as the percentage change in the dependent variable by one unit change in the inde-
pendent variable by transforming the reported coefficient by (exp([?) — 1) * 100 (Wooldridge,
2010: 186). Coefficients smaller than 0.1 can be directly read as the proportional change.

In line with other studies (e.g., Ritter et al., 2020), we find a non-linear relationship between
transaction size and prices with a decreasing marginal effect. Results also show a positive
effect of urbanization on land prices, with average markups of 26.9% ((e®23% — 1) = 100) and
7.1% for transactions located in the metropolitan region of Berlin and adjacent to settlements,
respectively. An increasing intensity of renewable energy production from wind and biogas is
associated with higher prices.

We find that transactions of spatially separated parcels (packages) yield, on average, 6.7%
lower prices compared to similar transactions of single or contiguous parcels. The 95%-Cl,
derived from robust standard errors clustered at the municipal level, spans from -7.9% to
-5.4%, suggesting some statistical uncertainty but robust negative effects. A t-test rejects the
null hypothesis of no effect of transaction composition on farmland prices at any conventional
level of statistical significance.

11
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Table 2. Post-matching regression results of the main model

Coef. 95%-ClI

Intercept -0.712  (-1.955, 0.531)
Land characteristics
\Transaction size 0.035 (0.020, 0.051)
\Soil quality index 0.111  (0.083, 0.140)
Transaction size? -0.0002 (-0.000, -0.000)
Soil quality? -0.0000 (-0.000, 0.000)
Transaction size x soil quality 0.0002 (0.000, 0.000)
Agro-climatic conditions
Precipitation -0.045 (-0.091, 0.000)
Precipitation? 0.000 (-0.000, 0.001)
Drought index -0.136  (-0.387, 0.116)
Drought index? 0.030 (-0.012, 0.072)
Location
Metro region Berlin 0.238 (0.203, 0.272)
Adjacency to settlement 0.071  (0.054, 0.087)
Distance to next center 0.006  (0.004, 0.008)
Distance to next center? -0.0001  (-0.001, -0.0005)
Share UAA 0.003 (0.002, 0.003)
Share settlement 0.001  (-0.000, 0.003)
LSU density 0.001  (-0.003, 0.005)
Renewable energy
Wind density 0.001  (0.000, 0.002)
Biogas density 0.014  (0.008, 0.019)
Transaction composition
Package -0.067  (-0.079, -0.054)
Year FE Yes
County FE Yes
Weights Yes
Single transactions 7,720
Package transactions 7,416
R2 0.708

Notes: The dependent variable is the log price in €/m? deflated to Q4/2015 Euro values using the quarterly GDP
deflator (Destatis, 2022). 95%-confidence intervals are based on heteroscedasticity-consistent standard errors
clustered at the municipal level. Fixed effects for county and year dummy variables are listed in Appendix Table B2.
Source: own calculation using Equation (1)

The post matching regression results indicate price markdowns for package transactions and
markups for larger transaction sizes, with a non-linear relationship between price and size.
Figure 3 illustrates in panel a) the estimated relationship between transaction size and prices
for single transactions and package transactions in Markisch-Oderland for 2022 fixing all other
variables at the matched sample means. Panel b) shows the results of the predicted difference
in revenues between the separate sale of two parcels and the sale of as a package of the
same size.

12
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Figure 3. a) Predicted price-size relationship for single transactions and packages and b) differ-
ence in revenues between the separate sale of two parcels and their sale as a package in €/ha

Source: own illustration based on estimates from Table 2

The difference in revenues between two parcels sold either separately or together as a pack-
age varies with total transaction size and with the composition of the package. For instance, a
package transaction consisting of one 3-ha parcel and a 7-ha parcel shows lower revenues of
around 150-250 € per ha. For two medium-sized parcels equal in size (6—8 ha), results sug-
gest that selling two parcels together as a package could achieve higher revenues compared
to a separate sale. That is, with increasing transaction size and similar proportions of the two
parcels, the difference in revenues between separate sales and sale as a package decreases.

Figure 4 contrasts the package effect estimate results from our main model (depicted in black)
against effect estimates obtained through alternative specifications. We find markdowns for
package sales in all specifications. Nearly all confidence intervals overlap with our main esti-
mate. Exceptions are models that do not account for the time effect and, thus, omit the strong
price increase in the observation period. We note that our main specification has the smallest
95% CI for the parcel price effect among all models. The mean price difference between the
package transactions and single transactions in the unmatched sample is statistically insignif-
icant based on a t-test; without condition on any other control variables. Regression using the
full specification of the hedonic regression without matching (column 11) suggests a higher
effect size than the main model, with a coefficient estimate of -7.5% (95%-Cl: -8.75%
to -6.29%). The unconditional matched price difference between in the matched sample
(-6.3%) is nearly identical to our main model; we note a notably larger confidence, interval
ranging from -8.59% to -4.08%. This underscores that the matching already accounts for the
main farmland price determinants, whereas the second step helps to reduce statistical uncer-
tainty of the estimated effect of interest by accounting for other price determinants.
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Figure 4. Specification chart with different models in decreasing
order of the package estimate, black indicates the main model

Source: own illustration

Second, we investigate the robustness of our results under different matching estimators and
using different sample selection criteria. Results of the robustness check, summarized in Ap-
pendix C, show markdowns for package sales with magnitudes close to our main estimate and
overlapping confidence intervals. Pairwise t-tests do not reject the null hypothesis of identical
effects at conventional levels of statistical significance.

4.3 Effect Heterogeneity

Figure 5 illustrate the package effects by transaction size (panel a), over space (panel b), and
time (panel c). For deciles of the transaction size, the interaction terms range from -3.6%
to -8.8% with generally overlapping 95% Cls. Pairwise t-tests do not indicate statistically dis-
tinguishable point estimates at conventional levels of statistical significance (see Appendix B,
Table B3). The package effect estimates by county (panel b) show some spatial heterogeneity
and vary between +3.5% (Barnim, BAR) and -13.7% (Oder-Spree, LOS). Except for one
county, point estimates are negative; for around the half of the estimates, 95% Cls cover only
negative values. Results do not suggest obvious spatial patterns across our study region. Re-
sults also indicate only minor variation over our observation period (panel c). The panel sug-
gests a slight decrease in the price effect attributable to package transactions for time intervals
after the onset of the farmland price boom in 2007; 95%-Cls are, however, overlapping across
all intervals.
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Figure 5. Package estimate by a) transaction size, b) county, and c) time

Source: own illustration

5 Discussion and Conclusion

The aim of the study was to quantify costs of farmland fragmentation based on market-based
approach. Using 24,528 arable land transaction in Brandenburg between 2000-2022, we quan-
tify price differences between packages transaction of spatially separated farmland and trans-
action of single contiguous parcels.

Our doubly robust approach combining matching and hedonic price regression indicate that
package transactions of spatially separated parcels achieve, on average, 6.7% (95%-Cl: -7.9%
to -5.4%) lower prices compared to transactions of single or contiguous parcels of the same
size traded at the same time in the same market. Simulation results suggest that price differ-
ences between package and single transaction vary with the composition of the packages with
lower markdowns for packages containing lots of rather equal sizes. For our sample, this cor-
responds to 20.5 million € lower revenues, relative to a hypothetical case in which all parcels
were consolidated. We qualify this markdown for spatially separated parcels as buyers’ and
sellers’ costs of land fragmentation, i.e., the reduced valuation for farmland associated with
fragmentation. In turn, the increase in land values if parcels were consolidated could also be
interpreted as the positive valuation for land consolidation (Versinskas et al., 2021).% The mark-
down for spatially separated farmland remains robust across various model specifications,

5 We thank the anonymous reviewer for offering this interpretation.
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matching approaches, and sample selections (see Appendix C). The heterogeneity analysis
indicates that the package effect exhibits some spatial variation across the study region.

We offer two explanations of the markdown for fragmented farmland, consisting with spatial
theory for farmland markets (Graubner, 2018): First, buyers may associate fragmented farm-
land with higher management and operation costs, reducing their willingness to pay. For farmer
buyers, increased distances between parcels raise transportation costs and limit benefits from
economies of scale of larger field sizes (Ptacek et al., 2024; Valtiala et al., 2023), reducing the
expected returns from farming. This aligns with Latruffe, Piet (2014), who show that land frag-
mentation has adverse effects on farm performance in various dimensions (i.e., production
costs, yields, revenue, profitability and efficiency). Non-farmer buyers aiming to acquire land
for renting out may factor in higher transaction costs post-sale including anticipated additional
costs for managing the portfolio related to the search of the tenant with the highest willingness
to pay (Humpesch et al., 2023). The markdown may also reflect the reduced development
potential associated with fragmented farmland, i.e., fragmentation hinders implementation of
infrastructure projects or investment in renewable energy (e.g., Winikoff, Parker, 2023).

Second, the markdown can also be interpreted as the result from reduced demand for frag-
mented land and altered bargaining position of sellers and buyers in the price formation. Pack-
ages of spatially-fragmented parcels may draw interest of buyers willing to acquire all parcels
in the package. This buyer group is likely smaller and potentially distinct from those interested
in the individual parcels as more productive parcels tend to attract more bidders and different
bidder types including also non-agricultural investors (Isenhardt et al., 2023; Piet et al., 2021;
Seifert, HUttel, 2023). This interpretation is supported by Pennerstorfer (2022) and Michels et
al. (2024), who find that farms are more likely to opt for short-term rentals rather than purchas-
ing land as distance costs increase. Sellers facing a smaller pool of potential buyers may have
a weakened bargaining position in the price formation process (Balmann et al., 2021). Inter-
ested buyers may benefit from reduced competition and may have an improved bargaining
position in the price formation, with lower prices as a result (Curtiss et al., 2021; Balmann et
al., 2021). We note, however, that we cannot differentiate these two effects of a reduced valu-
ation and reduced competition for packages. These effects are likely to appear simultaneously
and are thus observed as net effect in our markdown for packages of fragmented farmland.

The observed markdown for fragmented farmland raises concerns of allocation efficiency and
the potential of foregone revenues for sellers in a land market with high search and information
gathering costs. ldeally, farmland should be allocated to most productive land-user with the
highest valuation (Seifert, Huttel, 2023). An ex-ante design of the package, however, may cre-
ate an entry barrier by deterring some buyers type that are interest only in some parcels of the
package.

Multi tract auctions offer a potential mechanism to improve the allocative efficiency in the pres-
ence of farmland fragmentation (Cramton et al., 2010; Milgrom, 2012). In contrast to standard
auctions formats with bidders bidding on packages predefined by the auctioneer, multi-tract
auctions allow bidders to place offers on individual tracts, combinations of tracts, or the entire
package. The auctioneer awards the land to the bidder(s) offering the revenue-maximizing
allocation. This mechanism can attract a broader range of buyers (Milgrom, 2012), ranging
from a non-agricultural buyer interest in one specific parcel up to an agricultural investor valu-
ing the entire package. Attracting broader range of bidders and allowing for a more nuanced
expression of bids can result in higher revenues for the auctioneer and a more efficient alloca-
tion of the farmland (e.g., Milgrom, 2012; Levin, Skrzypacz, 2016).

For landowners and buyers, our findings indicate that strategic land consolidation may in-
crease the overall value of farmland. Even if not all parcels in a package are ideally aligned in
terms of location or suitability, purchasing the package may be still attractive for farmers and
may offer the potential for growth (Appel, Balmann, 2023). Distant parcels may later be ex-
changed with neighboring farms to improve spatial efficiency (Rénnqvist et al., 2023), or used

16



Isenhardt et al. | Ger J Agr Econ 74 (2025)

to meet EU CAP requirements for non-productive landscape features such as set-aside areas
(Cuadros-Casanova et al., 2023).

From a policy perspective, our results highlight the costs associated with farmland fragmenta-
tion in use and ownership and emphasize the benefit of land consolidation programs to ad-
dress these inefficiencies. Land consolidation programs restructure ownership and parcels,
thereby increase parcel size and reducing the number of parcel per owner (VerSinskas et al.,
2021; Versinskas et al., 2020). A central element in this process is land valuation commonly
following the “least as well-off” principle. Ideally, this means that a landowner receives an
equivalent area of land within the same cadastral unit, at a similar distance to the settlement,
and with comparable characteristics but as one parcel. Our approach adds to market-based
valuation used in voluntary land consolidations programs that relies on comparable sales
transaction to determine land value at market price. By combining matching and hedonic re-
gression, we provide a tractable framework that can inform policymakers and practitioners in
land consolidation procedures, offering a transparent, market-based benchmark for valuation
in thinly traded land markets. Beyond land consolidation, the approach can also be helpful in
other contexts where equitable land valuation is required, for instance, compensation for land
loss or increased fragmentation resulting from infrastructure projects. Moreover, for land mar-
kets, our results also highlight that information about the transactions’ composition should rec-
orded in price publications and official statistics to prevent biases in the future price formation
of farmland (Seifert, Hittel, 2023).

We note the following limitations of our study, which also provide opportunities for future re-
search: First, we lack detailed information on the degree of fragmentation within a package,
such as the number of parcels, their individual sizes, and distances from the main parcel. Con-
sequently, we are unable to uncover in detail how the degree of fragmentation influences farm-
land valuation. Second, despite our rich model specification, unobserved heterogeneity may
confound the effect estimate. This may concern buyer-specific information, for instance, if a
single parcel was purchased by a nonfarmer for non-agricultural purposes. Third, we lack ex-
plicit information on buyers’ locations (e.g., farmstead or residence), which determine distance
costs and thereby influence willingness to pay and bid behavior. Fourth, the applied approach
of combining matching and regression provides a well-established and interpretable frame-
work. However, a misspecification of the functional form in the hedonic regression could bias
the estimated effect attributed to package transactions. Although the matching step reduces
model dependence by improving comparability between transactions, it does not fully resolve
concerns about functional form assumptions. Alternative approaches, such as causal forests
(Athey, Imbens, 2016) or double/debiased machine learning (Chernozhukov et al., 2018) offer
greater flexibility by allowing the data to determine the functional relationships. Such methods
are particularly suited to high-dimensional settings and to uncover effect heterogeneity with a
trade-off regarding interpretability. Given our focus on farmland price formation - where domain
knowledge informs model specifications - our chosen approach balances robustness, trans-
parency, and practical applicability. Nevertheless, future research could benefit from using
more advanced approaches such as causal forest (e.g., Schmidt et al., 2024) with geo-refer-
enced transaction data and detailed land-use information, and buyer location data.
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Appendix

Appendix A: Data

Table A1. Data profile

Publicly
Data set Information accessible Source
Farmland e Price No Oberer Gutachterausschuss
transaction « Soil quality Brandenburg (OGA-BB)
e Transaction size
o Packages
o Adjacency to settlement
e Location of transaction
o Date of transaction
Cadastral data e Shapefiles of Flur Yes Landesvermessung und Geobasisinforma-
tion Brandenburg (LGB)
https://geobroker.geobasis-bb.de
Weather data o de Martonne drought Yes Deutscher Wetterdienst (DWD)
index https://dwd-geoportal.de
o Precipitation
Land cover o Settlement area at munici- Yes Statistisches Bundesamt (DESTATIS)
pality https://www.destatis.de
o Utilized agricultural area at
municipality
Stables in e Location of stables Yes Landesamt fir Umwelt Brandenburg (LFU)
Brandenburg o Type of animals https://www.metaver.de
o Stable size
Deflator e Quarterly BIP deflator Yes Statistisches Bundesamt (DESTATIS)
https://www.destatis.de
Administrative e Shapefiles of administrative  Yes Landesvermessung und Geobasisinforma-
borders units tion Brandenburg (LGB)
https://geobroker.geobasis-bb.de
Marktstamm- e Location of wind and biogas  Yes Bundesnetzagentur (BNetzA)

datenregister

plant
Year of installation
Installed electric capacity

https://www.marktstammdatenregister.de
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Figure A1. Examples of identified package transactions in the transaction data using
ALKIS cadastral data. (not available for all transactions)

Caption: Panels (a-c) depict transactions involving a single parcel. Panels (d-f) represent transactions involving
contiguous parcels. Panels (g-i) illustrate transactions where additional parcels are affected and are spatially sep-
arated. The main parcel in each transaction is shown in red, while additional affected parcels are shown in blue.
Source: own illustration based on data from the Committee of Land Valuation Experts in Brandenburg
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A1 Filtering of erroneously documentation by county

We label transactions from counties as erroneous if time-series of the shares of package trans-
actions suggest no package transaction in some time period. Based on the observed shares
of package transactions by observation year, we exclude all transactions from counties where
no package transactions are observed in a specific year, suggesting that this attribute was not
correctly recorded.

We exclude 708 transactions in Barnim for 2000-2014 as package transactions seem not to
be recorded. In Dahme-Spreewald, 336 transactions are removed (2000-2005), 218 in Elbe-
Elster (2000-2002), 440 in Havelland (2000-2007), 276 in Oberhavel (2000-2004), 296 in Pots-
dam-Mittelmark (2000-2001), 343 in Prignitz (2000-2003), and 852 in Spree-Nei3e (2000-
2014). Figure A2 presents the share of package transactions at a county by year after the
filtering step.

Barnim Dahme-Spreewald

60

40

2 TR [ anaalinlalliine

Elbe-Elster Havelland

60

% ||| I

RRR—— || |17 A LA

Markisch-Oderland Oberhavel
60
< Tt !
z 2 T Al sl
E Oberspreewald-Lausitz Oder-Spree
Lo
D
Y 1 1T 1R 1711 11117111
g Qstprignitz-Ruppin Potsdam-Mittelmark
5 60
40
20 |I-|“I|II|I||IIIIIIIII e DT
Prignitz Spree-Meiie

60

% lilill

2 _etlindll itk

Teltow-FIaming Uckermark

%

3 Iitstattbbl oottt
O a0 5,0 ,%,0,0,9 00 O oo ,0,90,.0,0,9 000
FTEPTETETFEF PP ST EE S PP S P

Year

Figure A2. Share of package transactions by county and year

Source: own illustration based on data from the Committee of Land Valuation Experts in Brandenburg
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Figure A3. Traded volume by transaction composition and county, 2000-2022

Source: own illustration based on data from the Committee of Land Valuation Experts in Brandenburg
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Figure A4. Share of package transactions by year

Source: own illustration based on data from the Committee of Land Valuation Experts in Brandenburg
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Table A2. Average transaction size by composition and county, 2000-2022

Mean size: Mean size: Ratio
County Package Single Package/single
Barnim 5.79 3.88 1.49
Dahme-Spreewald 4.63 2.81 1.65
Elbe-Elster 4.15 1.94 214
Havelland 6.63 2.89 2.29
Markisch-Oderland 8.92 4.49 1.99
Oberhavel 8.22 3.44 2.39
Oberspreewald-Lausitz 4.25 2.09 2.03
Oder-Spree 5.45 3.07 1.78
Ostprignitz-Ruppin 9.66 4.02 2.40
Potsdam-Mittelmark 4.59 2.28 2.01
Prignitz 8.10 3.98 2.04
Spree-Neilke 4.08 1.82 2.24
Teltow-Flaming 6.56 2.49 2.63
All 6.88 3.13 219

Source: calculations based on data from the Committee of Land Valuation Experts in Brandenburg
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Appendix B. Results

Table B1. Descriptive of matched sample based on two-nearest neighbor matching

Packages Matched single
n,=7,416 n=7,711

Mean SD Q1 Q99 Mean SD Q1 Q99

Dependent variable

Deflated price [€/m?] 0.58 0.43 0.1 2.01 0.63 0.46 0.10 2.07

Price [€/m?] 0.59 046 0.10 2.10 0.63 0.5 0.09 223
Land characteristics

Transaction size [ha] 6.88 6.1 0.39 29.5 6.32 5.77 0.30 26.95

Soil quality [index] 32.95 9.87 16.00 61.00 32.93 9.81 16.00 60.00
Agro-climatic conditions

Precipitation [cm] 56.38 3.67 47.75 65.12 56.62 3.61 4793 65.14

Drought index [count] 2.87 0.37 2.02 3.74 2.88 0.37 2.03 3.72
Location

Metro region [0/1] 0.04 0.20 0.00 1.00 0.05 0.22 0.00 1.00

Adjacency to settlement [0/1] 0.15 0.36 0.00 1.00 0.24 0.43 0.00 1.00

Distance to next center [km] 38.63 15.08 10.21 8147 37.95 14.95 9.89 80.88

Share UAA [%] 55.8 19.25 18.41 89.8 5545 19.19 16.72 89.05

Share settlement [%)] 5.86 5.32 1.61 29.83 6.27 5.74 1.58 31.59

LSU density [LSU/cell] 347 210 0.12 9.17 3.51 2.22 0.11 9.93
Renewable energy

Wind density [MW,,;/cell] 492 1124 0.00 5157 511 11.15 0.00 56.76

Biogas density [ MW,,;/cell] 1.01 140 0.00 6.88 0.95 1.32 0.00 6.48

Notes: descriptive for matched single parcels are calculated using weights from matching procedure.
Source: own calculation
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Figure B1. Distance between matched pairs

Source: own calculation

28



Isenhardt et al. | Ger J Agr Econ 74 (2025)

Table B2. Parameter estimate for county and year fixed effects of the main model

Coef. 95%-ClI
County
Dahme-Spreewald -0.335 (-0.3945, -0.2764)
Elbe-Elster -0.500 (-0.5610, -0.4388)
Havelland -0.142 (-0.2006, -0.0839)
Markisch-Oderland 0.002 (-0.05257, 0.05607)
Oberhavel -0.100 (-0.1667, -0.0324)
Oberspreewald-Lausitz -0.480 (-0.541, -0.419)
Oder-Spree -0.322 (-0.3787, -0.2653)
Ostprignitz-Ruppin 0.063 (0.00684, 0.11877)
Potsdam-Mittelmark -0.137 (-0.1934, -0.0810)
Prignitz 0.067 (0.00776, 0.12538)
Spree-Neille -0.635 (-0.7051, -0.5652)
Teltow-Flaming -0.247 (-0.3008, -0.1939)
Uckermark 0.374 (0.3181, 0.4303)
Time
2001 0.018 (-0.0355, 0.0719)
2002 -0.036 (-0.0895, 0.0177)
2003 -0.044 (-0.1010, 0.0125)
2004 -0.135 (-0.1868, -0.0824)
2005 -0.109 (-0.1603, -0.0586)
2006 -0.112 (-0.1635, -0.0604)
2007 -0.028 (-0.0779, 0.0220)
2008 0.095 (0.0456, 0.1442)
2009 0.208 (0.1583, 0.2571)
2010 0.331 (0.2792, 0.3832)
2011 0.507 (0.4550, 0.5586)
2012 0.620 (0.5664, 0.6732)
2013 0.774 (0.7221, 0.8260)
2014 0.893 (0.8430, 0.9440)
2015 1.031 (0.9812, 1.0811)
2016 1.070 (1.0172, 1.1237)
2017 1.167 (1.1116, 1.2230)
2018 1.173 (1.1205, 1.2252)
2019 1.208 (1.158, 1.263)
2020 1.244 (1.1880, 1.2998)
2021 1.260 (1.1906, 1.3286)
2022 1.265 (1.2077, 1.3226)
Q3 0.012 (-0.00258, 0.02590)

Notes: dependent variable is the log price in €/ m? deflated to Q4/2015 Euro values using the
quarterly GDP deflator (Destatis, 2022). 95%-confidence intervals are based on heteroscedas-
ticity-consistent standard errors clustered at the municipal level.

Source: own calculation
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Table B3. Two-side t-test: 87°“%9° — §P%%%9¢ pasad on model 2 in Equation (3-1)

D,s1ze K, si1ze

1 2 3 4 5 6 7 8 9
-0.825 ]
(0.41)
-0.798 | 0.073

(0.425) | (0.942)

0979 | -0.145 | -0.229
(0.328) | (0.884) | (0.819)

4117 | 0294 | -0.385 | -0.152
(0.264) | (0.769) | (0.7) | (0.879)

-1.363 | -0500 | -0.614 | -0.353 | -0.189
(0.173) | (0.617) | (0.539) | (0.724) | (0.85)

0707 | 0189 | 0122 | 0352 | 0512 | 0758
(0.479) | (0.85) | (0.903) | (0.725) | (0.609) | (0.448)

-0.846 | 0.002 | -0.073 | 0.153 0.306 0.521 | -0.194
(0.397) | (0.998) | (0.942) | (0.879) | (0.76) | (0.602) | (0.846)

1627 | -0.798 | -0.926 | -0662 | -0500 | -0.341 | -1.074 | -0.829
(0.104) | (0.425) | (0.354) | (0.508) | (0.617) | (0.733) | (0.283) | (0.407)

0493 | 0.383 0.331 0.544 0.696 0.945 0.219 0.394 | 1.244
(0.622) | (0.702) | (0.741) | (0.587) | (0.486) | (0.345) | (0.827) | (0.694) | (0.214)

Note: value of t-statistic reported with the p-values in parentheses below.
T-test is based on cluster-robust standard errors.
Source: own calculation
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Appendix C. Robustness Checks

We perform two types of robustness-checks: First, we use different matching algorithm to test
the sensitivity our results to the chosen matching approach. Second, we run the two-stage
procedure on different subsamples to test for sensitivity of our results with respect to our se-
lection procedure.

Robustness-checks: Matching algorithm

We perform one and three nearest matching as well as Kernel matching as robustness checks.
The model specification is based on Equation 2. The kernel matching follows Cameron and
Trivedi (2008) and we rely on a Gauss-Kernel with bandwidth selection following Wand and
Jones (1994). Figure C1 presents the matching quality based on the standardized difference
in means and Table C1 presents the post-matching regression.

Robustness-checks: Sample selection

We run the doubly robust approach outlined in Section 3 on different samples. We create five
subsamples using following selection procedures:

S1. No filtering: only missing values and inconsistent data were removed

S2. Cleaned sample including transactions in the four independent cities of Brandenburg
S3. Cleaned sample including transactions by public sellers

S4. Cleaned sample without excluding transactions in counties with erroneously recordings
S5. Cleaned sample without an outlier detection.

Results of the doubly robust approach based on samples S1 to S5 are presented in Table C2.
References

Cameron, A.C., Trivedi, P.K. (2008): Microeconometrics: Methods and applications. 7. print.
Cambridge University Press, Cambridge.

Wand, M.P., Jones, M. (1994): Multivariate plug-in bandwidth selection. Computational Statis-
tics 9 (97-116).
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Figure C1. Matching quality of One-NN, Three-NN, and Gauss-Kernel matching

Source: own

illustration

Table C1. Post-matching regression based One-NN, Three-NN, and Gauss-Kernel matching

One-NN

Three-NN

Kernel matching

Intercept
Land characteristics
Transaction size
VSoil quality index
Transaction size?
Soil quality?
Transaction size x SQ
Agro-climatic conditions
Precipitation
Precipitation?
Drought index
Drought index?
Location
Metro region Berlin
Adjacency to settlement
Distance to next center
Distance to next center?
Share UAA
Share settlement
LSU density
Renewable energy intensity
Wind density
Biogas density
Transaction composition
Package

-0.654 (-2.011, 0.703)

0.036 (0.018, 0.053)

0.114 (0.082, 0.145)

-0.0001 (-0.0002, -0.00005)
-0.00001 (-0.00004, 0.00003)
0.0002 (0.0001, 0.0003)

-0.047 (-0.097, 0.003)
0.0004 (-0.0001, 0.001)
-0.166 (-0.440, 0.109)
0.036 (-0.010, 0.081)
0.236 (0.198, 0.274)
0.071 (0.053, 0.090)
0.075 (0.053, 0.098)
-0.009 (-0.011, -0.006)
0.002 (0.002, 0.003)
0.001 (-0.0004, 0.003)
0.001 (-0.003, 0.005)

0.001 (0.0003, 0.002)
0.015 (0.010, 0.021)

-0.063 (-0.077, -0.049)

-1.060 (-2.237, 0.118)

0.034 (0.019, 0.049)

0.100 (0.074, 0.126)
-0.0002 (-0.0003, -0.0001)
0.00001 (-0.00002, 0.00004)
0.0002 (0.0001, 0.0003)

-0.029 (-0.072, 0.014)
0.0002 (-0.0002, 0.001)
-0.133 (-0.370, 0.104)
0.029 (-0.011, 0.068)
0.232 (0.200, 0.264)
0.071 (0.055, 0.086)
0.051 (0.032, 0.070)
-0.006 (-0.008, -0.004)
0.002 (0.002, 0.003)
0.002 (0.0003, 0.003)
0.002 (-0.002, 0.005)

0.001 (0.0005, 0.002)
0.012 (0.007, 0.017)

-0.069 (-0.081, -0.058)

-1.659 (-2.751, -0.567)

0.004 (-0.009, 0.017
0.066 (0.046, 0.086

)
)
-0.0002 (-0.0003, -0.0001)
0.00003 (0.00001, 0.0001)

)

0.0004 (0.0003, 0.0005

-0.012 (-0.051, 0.027)
0.0001 (-0.0003, 0.0004)
0.158 (-0.059, 0.375)
-0.021 (-0.057, 0.015)

0.217 (0.189, 0.245)
0.086 (0.073, 0.099)
0.020 (0.003, 0.037)
-0.003 (-0.005, -0.001)
0.002 (0.002, 0.002)
0.003 (0.001, 0.004)
)

0.0003 (-0.003, 0.003

0.001 (0.001, 0.002)
0.012 (0.007, 0.017)

-0.075 (-0.088, -0.063)

Weights

Time and County FE
Package transaction
Single transaction
Adjusted R?

Yes
Yes
7,416
4,812
0.715

Yes
Yes
7,416
9,949
0.703

Yes
Yes
7,416
17,112
0.666

Note: the parentheses report the 95%-Cl based on robust standard errors clustered at the municipality level.
Parameter estimates for county and year FE are available on request.
Source: own calculation
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