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Abstract

This paper studies the profitability of investments in agricultural land, using the
rent—price ratio (RPR) as a profitability measure. In order to allow for district-level
heterogeneity, the full conditional distribution of the RPR is modelled using a gener-
alised additive model for location, shape and scale. The analysis is based on data from
Lower Saxony, Germany. The profitability of investments in land varies between and
within districts. The variation can be explained by differences in the farming struc-
ture, the production programme and economic indicators. Further, differences in the
distribution of the RPR between arable land and grassland are found.
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1. Introduction

Land is the most important factor for agricultural production. Price develop-
ments for agricultural land and their determinants are therefore an important
research topic in agricultural economics. A sharp increase in land price in
Germany, as well as other European countries (Eurostat, 2019) has moti-
vated intensive research activity in this area. Latruffe and Le Mouél (2009)
report that land prices were positively affected by agricultural support policy
instruments. Likewise, Hennig, Breustedt and Latacz-Lohmann (2014) find a
positive effect of payment entitlements on land rental prices. The effect of bio-
gas subsidies on rental rates is studied by Habermann and Breustedt (2011) and
Hennig and Latacz-Lohmann (2017). Feichtinger and Salhofer (2013) provide
a meta-analysis on the impact of subsidies on agricultural land prices. Regard-
ing the spatial dynamics of land prices, Yang, Ritter and Odening (2017) find
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clusters of regional convergence in Germany. Following the 2008 financial
crisis, the hypothesis that additional demand from non-agricultural investors
accelerated price increases has drawn much attention (Hiittel, Wildermann and
Croonenbroeck, 2016; Plogmann et al., 2020; Tietz, Forstner and Weingarten,
2013). However, as land can be bought and rented, research ideally would
not only consider sales prices, but also rental rates for land, as well as their
dependencies.

While there are multiple ways of approaching the analysis of farmland val-
ues, a commonly applied approach is rooted in the theory of valuing financial
assets which is dependent on income capitalisation, or the net present value
(NPV) model (Burt, 1986). In this context, theoretical land values are often
derived by using cash rents as a proxy for returns from agricultural activities.
In an efficient market, the sales price should equal the capitalised returns and
therefore only further depend on the interest rate. These theoretical farmland
values can then be compared with the observed values. Alternatively, the ratio
between observed rental and sale prices (rent—price ratio (RPR)) can serve as
an indicator of the profitability of an investment in land. Likewise, under the
assumption of a static economic environment, the ratio can be interpreted as
the capital recovery factor of an investment in land. Using a variance decompo-
sition approach (Campbell and Shiller, 1988), Plogmann et al. (2020) recently
undertook a study of the RPR at the federal state level in the German land mar-
ket. The authors find a substantial variation of the RPR between federal states,
which remains unexplained. The study concludes ‘that differences regarding
price formation on land markets are in place, which might be the result of
different farm structures in the various federal states’ (Plogmann et al., 2020:
12). However, the farming structure can also vary substantially within a fed-
eral state or region (see, e.g., Destatis, 2021). At the same time, it has also
been shown that agricultural land markets are only integrated regionally (Yang,
Ritter and Odening, 2017). Therefore, the question arises, whether the RPR is
also heterogeneous at finer spatial levels and whether it can be explained by
the local farm structure.

The relationship between agricultural land prices and rental rates has been
extensively studied in economics research (see, e.g., Alston, 1986; Burt, 1986;
Falk, 1991; Hyder and Maunder, 1974; Phipps, 1984; Traill, 1979). Gener-
ally, it is assumed that cash rents should vary in congruence with farmland
values, with a strong positive relationship in their respective trends (Gutierrez,
Westerlund and Erickson, 2007). Ibendahl and Griffin (2013) find that rent
costs lag behind changes in land prices when they are increasing, but not when
they are decreasing. Saguatti, Erickson and Gutierrez (2014) find that the long-
run elasticity of cropland values with respect to net cash rents is close to unity.
This can be interpreted as evidence for the validity of the NPV assumption.
However, the literature also shows some conflicting results. Although farm-
land price and rental rate movements are highly correlated, price movements
are not always in accordance with the expected relationship (Clark, Fulton and
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Scott, 1993; Falk, 1991; Hallam, Machado and Rapsomanikis, 1992). There-
fore, the real options approach has also been applied in order to account for
uncertainty in future growth and capital gains (Turvey, 2003).

An important related issue is the (cross-sectional) heterogeneity on the land
markets, as land remains an important cost factor in agricultural production.
Thus, the understanding of the land market is important in order to fully under-
stand other production-related developments. Nevertheless, heterogeneity of
agricultural land sale prices and farmland rental rates is an issue that has rarely
been considered in the literature (Marz et al., 2016; Mishra and Moss, 2013).
Even if the NPV approach holds, farmland values could obviously vary due to
the different natural conditions. Still, at a given interest rate, the RPR should
be identical between all regions. However, a recent study by Plogmann et al.
(2020) finds that this is not the case in Germany. This result represents the
starting point for the present paper. The objective is to study the relationship
between rental rates and sale prices on the basis of the RPR. In contrast to
Plogmann et al. (2020), the focus of the paper is at the cross-sectional distri-
bution of the RPR on the regional level. Based on observations at the district
level, this paper is the first to explicitly model all parameters of the district
level distribution of the RPR, using a unique dataset, combining data from the
German agricultural census and data collected by the expert committees for
land evaluation Lower Saxony (Oberer Gutachterausschuss fiir Grundstiick-
swerte Niedersachsen, OGA Lower Saxony). The study area is well-suited
to the research topic as local farming structures in Lower Saxony are hetero-
geneous, with areas of intensive dairy, livestock and crop production. Other
structural parameters, such as the average farm size, also differ at the local
level in Lower Saxony (cf. Destatis, 2021; NMELYV, 2017).

In order to model the distribution of the RPR, the paper relies on the ‘gen-
eralized additive models for location shape and scale’ (GAMLSS; Rigby and
Stasinopoulos, 2005) framework. In this framework, not only the mean, but
also the higher moments of a distribution can be modelled by generalised
additive models (GAMs; Hastie and Tibshirani, 1990). Thus, the response dis-
tribution is completely characterised by one joint model (Umlauf and Kneib,
2018). In this context, the spatial heterogeneity at the district level can be mod-
elled by effect specifications simply accounting for (i) the mere presence of
district-level heterogeneity (unstructured spatial effects), as well as (ii) effects
taking the neighbourhood structure of the district into account (structured spa-
tial effects, cf. Fahrmeir and Kneib, 2011). Modelling the mean and the scale
parameter of the RPR’s distribution allow for identifying factors which influ-
ence the average profitability of land investments, as well as its heterogeneity.
In order to avoid an overly complex model and overfitting, a variable selection
procedure is used to define the final model.

The remainder of this paper is structured as follows. Section 2 outlines the
methodological basis of the paper. In section 3, the data sets used and the
preparation of these are described, followed by a motivation of the applied
variable selection procedure. The results of the analysis are presented and
discussed in section 4. The paper ends with conclusions (section 5).
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2. Methodology

In order to model the distribution of the RPR, all parameters of its condi-
tional distribution are considered. In the context of regression methods, this
can be achieved by using a generalisation of the GAM framework, referred
to as GAMLSS (Rigby and Stasinopoulos, 2005). The GAMLSS-framework
makes way for more flexibility than more traditional regression frameworks.
This is achieved by (i) not only modelling the mean (or location) parameter
of the dependent variable’s conditional distribution but also other parameters
(e.g. the variance) and (ii) allowing for distributions which do not belong
to the exponential family. The aim of this section is not to give a com-
prehensive presentation of the framework, but rather to outline the overall
concept and the specification used in the present study. For general discussions
of the GAMLSS framework, the reader is referred to the canonical refer-
ences (e.g. Rigby and Stasinopoulos, 2005; Stasinopoulos and Rigby, 2007;
Stasinopoulos et al., 2017).

Generally, within  the GAMLSS  framework, parameters
6" = (0,,0,,...,0,) of the dependent variable ¥’s distribution are individu-
ally modelled by a GAM. As mentioned earlier, the distribution of Y is not
limited to the exponential family and can be chosen from a more general fam-
ily (see Rigby et al. (2019) for a comprehensive discussion). Distributions
from this family have up to four parameters which can be modelled individ-
ually, implying that 1 < p < 4. Depending on the specific distribution, the
parameters represent the distribution’s location (e.g. the mean), scale (e.g. the
variance) and shape (skewness and kurtosis). The following description of the
GAMLSS closely follows Rigby and Stasinopoulos (2005).

It is assumed that for k=1,2,...,p; i=1,2,...,n independent observa-
tions y; have the probability density function (PDF) f(y;|60"), where 8 denotes
the i row of the matrix 6 = (6;) € R" . Further, a known monotonic
link function g (+) (e.g. a log-link function) is used to relate the k™ column
of 6, denoted as 8, to the explanatory variables and random effects. The
corresponding additive model, the GAMLSS, is given by

Tk
& (0) = n, = Xi B, + Z Zjj (D

j=1

Here, 1, is a vector of length n, X; is a known design matrix,
B = (Blk, . ,[3]1/(,() is a parameter vector of length J;, Zj is a known design

matrix and -y, is gi-dimensional random variable. If J, = 0 for all k, equation
(1) reduces to a fully parametric model. If, for all combinations of j and %,
Z; =1,, where I, is an n x n identity matrix, and -y, = hy = hy (x3) the
model reduces to a semiparametric GAMLSS, where hy is the vector which
evaluates an unknown function A at x; and X is a vector of length n. In
practice, hj can be approximated using smoothing splines in the estimation. If
Z; =1, and v, = hy = hy (x;) only for specific combinations of j and k, the
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resulting model incorporates parametric, semiparametric and random-effect
terms.

One frequent concern in agricultural research is the potential presence
of spatial dependencies among observations. For data where observations
originate from different spatial areal units, De Bastiani et al. (2018) extend the
standard GAMLSS. Building on Gaussian Markov Random Fields (GMRF),
the authors show how random effects are expressed in a way to account for
the neighbourhood structure of the observations. Generally, a neighbourhood
structure can be given by an undirected graph G = (), £) that consists of ver-
tices V = (1,2,...,q) and a set of edges £. A typical edge of the graph is
(m,t),t,m € V. With respect to the graph, a random vector v = (y1,...,7,)"
is called a GRMF with mean p and symmetric precision matrix AG, if and
only if its density is given by

1
() ocexp [ =AY — w)'G(y—n) )

and
G #0& (m,1) € E form # 1, 3)

where G, is the element of matrix G for row m and column ¢ (Rue and Held,
2005). G contains the information about adjacent regions. When G is a non-
singular matrix, the GMRF model is called conditional autoregressive (CAR)
model (Besag, 1974) and can be defined by

75|77i NN(ZO[U’Y]’]([) ) (4)
J

where v = (Vi,%25 -, Vie 1y Vit 155 Vg)» Qi = 0,045 = =G/ Gyi (i # )
and k; =1/ (A\Gy), fori=1,2,...,q. If G is symmetric, then u = 0 (Besag
and Kooperberg, 1995). For GAMs, the intrinsic autoregressive model (IAR),
which is a limiting case of the CAR, is typically used to model spatially struc-
tured random effects (De Bastiani et al., 2018). In order to incorporate an IAR
model in the GAMLSS, its respective Z is set to be an index matrix indicating
which observation belongs to which region. Then - is a vector of ¢ spatial ran-
dom effects and v ~ N(0,A\"'G™"). The intuitive interpretation is that such
an effect follows Tobler’s law and that estimated values in ~y for neighbouring
regions are closer to each other than for non-neighbouring regions. For more
details, please refer to De Bastiani et al. (2018).

The inferential framework for the estimation of a GAMLSS is derived
from an empirical Bayesian argument. Assuming independent normal priors
for 7y, it can be shown that the maximum-a-posteriori is equivalent to the
penalised likelihood estimation for fixed smoothing (or hyper-) parameters.
For this, algorithms relying on backfitting methods are used. These can be
nested into methods for the estimation of the hyperparameters, which allows
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for an automated determination of the model’s smoothing parameters (Rigby
and Stasinopoulos, 2005).

The designated dependent variable (RPR) in the present study is logically
restricted to the (0,1) interval.! There are multiple distributions which could
be used to model such variables. A common choice is the beta distribution.
The beta-distribution is defined by two parameters and allows for a lot of
flexibility (see Rigby ef al., 2019). One way to parameterise the PDF of the
beta-distribution is:

Hlu0) = B(;mya-l(l e, 5)

The parameters p and o are the location and scale parameters, respec-
tively. They refer to the mean and the standard deviation of the variable
Y. In this parameterisation, o = j (1 —0?) /o? and B = (1 — p) (1 — 0?) 02,
while0 < < 1and 0 < o < 1. B(«, (3) represents the evaluation of the beta-
function for « and 3. The mean of Y is given by E(Y) = u, the variance by
Var(Y) = o’ (1 — p) (Rigby et al., 2019).

Other, less common, alternatives are the logistic-normal (also called logit-
normal) and the simplex distribution (Rigby et al., 2019). The PDF of the
logistic-normal distribution is given by

! {iog 5] e [5:] |

1
fY(y|MaU)=WmeXP - = , (6)

The PDF of the Simplex-distribution by

1

2y exo [ — (y_ﬂ)z G
Fr 1w, 0) {Ww_yﬂvz p( 202y<1—y>u2<1—u>2> v

Both PDFs are defined for the same range as the beta-distribution, with
0 < pu<1and o > 0. urepresents the median and the mean of the logistic-
normal distribution and the simplex distribution, respectively. The variance
is undefined in both cases; for more details, see Rigby ef al. (2019) and the
references therein. All model specifications discussed in the following are
considered for all three distributions (see Appendix Al and Appendix A2).

In the present study, two parameter vectors, i and o, are estimated. The
respective predictor vectors are 717, and 7),,. For estimations assuming the beta
distribution, the logit-link function is used for both parameters. For the other
estimations, the logit-link function is used for the ;1 parameter and the log-link
function for the o parameter.

1 Under the plausible assumption that the rental rate will always be smaller than the sale price.
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3. Data description and variable selection
3.1. Data description and processing

Calculating the RPR for a given plot of land would ideally be based on infor-
mation regarding both its rent and sale price. In reality, a plot is usually either
sold or rented out at a given point in time, but this kind of information is not
available. Instead, local averages of land rents and prices are used in the present
study. Therefore, a data set was compiled from three sources. The first source
is the data from the German agricultural census 2010 (Landwirtschaftszahlung
2010), which is latest available data set providing comprehensive information
on all farms in Germany. It contains information on all farms, including data
on the rent paid by the farmers. The second source of data is a data set provided
by the OGA Lower Saxony, which consists of plot-level data for all agricul-
tural land sales in Lower Saxony during the time period between the latest large
scale statistical farm survey (Agrarstrukturerhebung 2007) and the agricultural
census (second quarter of 2007 until the first quarter of 2010). These data were
originally collected by the OGA Lower Saxony for the purposes of the German
Federal Building Code. The third data source is the regional statistical database
of the Federal Statistical Office and Statistical Offices of the Lander, which
provides general economic indicators for the analysis (Statistische Amter des
Bundes und der Lander, 2020a, 2020b, 2020c, 2020d).

The local average land rent and land purchase prices per hectare (ha) were
calculated using a standardised spatial grid which was the smallest grid used
for official agricultural statistical purposes in Germany (e.g. Destatis, 2021).
This grid has a cell size of 5x5 km and was used to merge the two data
sources. In both data sets, observations were assigned to the grid based on
their geo-referenced locations. Then the RPR of the respective cell was cal-
culated.? It is worth noting that within Germany there is the major distinction
between ‘arable land’ and ‘grassland’ (or ‘pasture’). The difference is that
grassland is considered to be permanently used for forage production and that
there are additional legal restrictions for its usage, most importantly the ban
on ploughing. Still, this does not imply that arable land is not used for for-
age production at all. Nevertheless, the profitability of the investment in land
may vary between the two types. As the data differentiate between arable and
grassland, the RPR was calculated separately on the cell level. This led to a
total of 2,794 local observations of the RPR. In order to allow for a differ-
entiation between the land type of each observation of the RPR, a cell level
dummy variable d_grassl (1 if the observation is based on grassland land, 0
otherwise) was included in the final data set. All other explanatory variables
considered were calculated at the district level, using the farm-level data from
the agricultural census and regional statistics database. Apart from our own

2 As the rental rates are only available at the farm level, an unobserved measurement error for
the cell level averages is potentially present, as farms may rent plots located in other grid cells
compared to the ones they are located in.
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considerations, these variables are motivated by previous research on the deter-
minants of rental rates for land (Habermann and Breustedt, 2011; Habermann
and Ernst, 2010; Marz et al., 2016).

With respect to the farming structure, the share of farms, which are legal
entities ( farm_type_share), the share of part time farms (parttime_share), the
share of rented land on the agricultural land (rent_sharel), the average share of
rented land on agricultural land per farm (rent_share2) and the share of organic
farms (organic_share) in the district are calculated. Furthermore, the labour
intensity per ha (labour) and the average farm size (size) were considered. In
order to account for the district-level competition, a concentration measure was
included in the analysis; it is defined in the form of a Herfindahl-Hirschmann
Index (hhi) and calculated as:

) i (Area_of_ farmi>2
hhip = 3 (TS )

- Total_area;
i=1

for the N; farms in a district j and measured for the concentration of farmland
in that district. If each of the farms in the district were of the same size, the
index would be equal to ﬁ (thus approaching 0 with an increasing number of
equal sized farms) and would be equal to 1 if there were only one farm in the
district (thus the land is fully concentrated).

In addition to the farming structure, there are two additional dimensions,
which should be accounted for: the average production programme and the
general economic situation in the district. With respect to the average produc-
tion programme, the average density of cattle (cattle), as well as hogs and
poultry (hog_poultry) animal units (AU) per ha were calculated. In terms of
crop production, shares of potato, rye, sugarbeet and winterwheat in the crop-
ping pattern were considered for the analysis. As discussed above, the potential
effects of biogas production on land markets have gained interest in recent
years (Habermann and Breustedt, 2011; Hennig and Latacz-Lohmann, 2017).
To account for such potential effects, two variables reflecting biogas produc-
tion in terms of the agricultural production direction as well as the farming
structure are considered for the analysis. For the former case, this is the dis-
trict’s average biogas capacity (in kWh) per ha (biogas_cap), for the latter it is
the share of farms with biogas plants in the district (biogas_share). Lastly, the
share of pasture on the total agricultural land in the district (grass_share) is
considered. This variable is linked to the district’s average production system.
In order to account for the general economic situation, the district-level unem-
ployment rate (unemployment), population density (pop_density) and average
income (income) are also considered for the analysis. Finally, the average
landprice in each district is also included. The variables are summarised in
Table 1. All variables are considered for both the predictor of the mean and
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the scale parameter of the RPR. As discussed earlier, potential remaining spa-
tial heterogeneity could be addressed by including structured spatial effects
(fir) and unstructured spatial effects (f,,s,) in the predictors.’

3.2. Variable selection

One of the major advantages of GAMLSS is the ease to study complex mod-
els with various potential effect specifications. This also represents a potential
drawback, as overly complex models are prone to overfitting, leading to inad-
equate model specifications. One way to select the terms to be included in the
model is model comparisons based on the generalised Akaike information cri-
terion (GAIC; Stasinopoulos et al., 2017). Therefore, a modification of the
procedure outlined by De Bastiani et al. (2018) was applied. In a first step,
an appropriate set of variables was selected. In a second step, it was evaluated
whether remaining heterogeneity could be explained by spatial effects. The
procedure was as follows:

1. Estimate a ‘Null model’, containing only a constant in 7, and 7,,.
2. Select variables to be included in the model, based on the GAIC, by:
2.1. Applying a forward-stepwise selection procedure on 17,,.
2.2. Applying a forward-stepwise selection procedure on 7),,, given the
model obtained by step 2.1.
2.3. Applying a backward-stepwise elimination procedure on the vari-
ables in 7,,, given the model obtained by step 2.2.
3. Consider the inclusion of structured and unstructured spatial effects in
the model obtained in step 2.3. by:
3.1. Applying a forward-stepwise selection procedure on 77,,.
3.2. Applying a forward-stepwise selection procedure on 7, given the
model obtained by step 3.1.
3.3. Applying a backward-stepwise elimination procedure on the spatial
effects in 7),,, given the model obtained by step 3.2.

The model obtained in step 3.3 will be used as the final model for the
analysis. Note that the degree of smoothing for structured and unstructured
spatial effects is not fixed, but rather determined during the estimation process
(cf. Rigby and Stasinopoulos, 2014). In the case that the variable d_grassl is
selected in step 1, itis reasonable to also control for potential interaction effects
between the variable d_grassl and other variables included in the model. These
potential interactions are considered by the selection algorithm applied in the
steps 2.1-2.3. The final model selected by the procedure is presented and
discussed in the following section.

3 The reader may ask why no alternative specification with a set of dummy variables indicating the
district were considered. As the other explanatory variables are also considered at the district
level, doing so would lead to multicollinearity issues.
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Table 1. Descriptive statistics of the RPR and the predictor variables considered for the

analysis

Variable Description Mean SD n

biogas_cap Average biogas capacity (in kWh) 0.0995 0.1036 46
per ha

biogas_share Share of farms with biogas plants 0.0143 0.0141 46

cattle Average cattle density in animal 0.6341 0.5072 46
units (AU) per ha

d_grassl Dummy variable, 1 if the obser- 0.4528 - 2794
vation refers to grassland, 0
otherwise

farm_type_share Share of farms solely in 0.9051 0.0377 46
proprietorship

grassl_share Share of grassland on total 0.3030 0.2394 46
agricultural land in production

hhi Herfindahl-Hirschman index, 0.0084 0.0126 46
based on the farm size in ha and
the total amount of land under
production in the district

hog_poultry Average density of hogs and 0.2705 0.4024 46
poultry in AU per ha

income Average taxable income (in 10,000 3.0365 0.2800 46
EUR per taxable person)

labour Average labour force per farm 1.5572 0.2128 46

landprice Average land price (10,000 EUR 1.6710 0.7494 46
per ha)

organic_share Share of organic farms 0.0328 0.0221 46

parttime_share  Share of part-time farms 0.3524 0.0844 46

pop_density Population density (per 1000 2.9058 3.6301 46
inhabitants per km?)

potato Share of potato in the cropping 0.0146 0.0193 46
pattern

rent_sharel Share of rented land on total 0.4617 0.0594 46
agricultural land

rent_share2 Average share of rented land on 0.3819 0.0543 46
agricultural land per farm

RPR Rent price ratio 0.0198 0.0121 2794

rye Share of rye in the cropping pattern 0.0519 0.0470 46

size Average farm size in 100 ha 0.6729 0.1817 46

sugarbeet Share of sugar beet in the cropping 0.0537 0.0701 46
pattern

unemployment Unemployment rate 7.9413 1.9375 46

winterwheat Share of winter wheat in the 0.2687 0.1758 46

cropping pattern

Note: all variables except RPR and d_grassl are given at the district level, RPR and d_grassl are given on the grid

level.

Sources: RDC of the Federal Statistical Office and Statistical Offices of the Lander, agricultural census 2010 and data
from the OGA Lower Saxony and the Federal Statistical Office and Statistical Offices of the Lénder, own calculations.
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4. Analysis of the RPR

4.1. Results of the model selection and overview of the studied
model

In this section, the results of the model selection procedure are presented
in Tables 2—4. Estimations were done using the ‘R’-software-package®
(R Core Team, 2019). Additionally, alternative, fixed model specifications
as well as all models under different distributional assumptions (logistic nor-
mal distribution and simplex distribution instead of the beta distribution) were
estimated. The models vary in their complexity, sequentially including all vari-
ables considered in the variable selection, their interactions with d_grassl, and
the spatial effects in the predictors; first only for the p parameter and then
for both the p and o parameters. Thus, the comparison covers regular linear as
well as additive regression models and different distributional regression spec-
ifications in both the conventional setting (beta distribution) and non-standard
distributions. The GAIC and the (effective) degrees of freedom (DFs) for the
fits of all models are presented in Appendix A1.> Summarising, the variable
selection (under the assumption of a beta distribution) yields a model which
outperforms all alternative model specifications in terms of the GAIC, while
only using a moderate number of DF. Note that the DF can be interpreted as
the effective number of parameters in the model, which becomes continuous in
presence of smoothing terms (Stasinopoulos et al., 2017). It is also important
to note that regular standard errors obtained by the GAMLSS implementa-
tion may not be accurate when the model includes additive smoothing terms.
Additionally, the standard errors do not account for the variable selection
procedure, which further renders the interpretation of these effects unreliable
(Hastie, Tibshirani and Friedman, 2009). In order to be able to assess the sta-
tistical significance, an additional non-parametric bootstrap procedure with
1,000 samples was carried out (Stasinopoulos et al., 2017).

The selected variables include the local farming structure (e.g. farm_type_
share and labour), the production programme (e.g. winterwheat and potato)
and also the overall economic structure within the district (e.g. unemployment).
In particular, d_grassl is selected for the mean and scale predictor, while the
district level landprice is only selected for the mean predictor. In total, more
variables are selected for the scale predictor than for the mean predictor. Fur-
ther, a series of interaction effects between d_grassl and other variables are
selected. Also here more effects are selected for the scale predictor. These
effects are discussed in section 4.2. In both predictors, structured and unstruc-
tured spatial effects are included in the model. This is an indication that after

4 For the estimations of the models, the ‘gamlss’ package (Rigby and Stasinopoulos, 2005;
Stasinopoulos and Rigby, 2007) was used. The structured spatial effects rely on the imple-
mentation of the ‘gamlss.spatial’ package (De Bastiani, Stasinopoulos and Rigby, 2018). The
bootstrap procedure was implemented using functions of the ‘boot’ package (Canty and Ripley,
2019; Davison and Hinkley, 1997).

5 The variables included by the variable selection procedure under the three distributional
assumptions are summarised in Appendix A2. The complete estimation results are available
as supplementary material.
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Table 2. Parameter estimates for the mean parameter of the RPR (n =2,794)

95 % CI

Variable 154 Lower bound Upper bound
Intercept —0.7891 —3.6424 0.1047
biogas_cap 0.5973 —0.4569 1.0268
biogas_share —-6.3747 -9.1365 3.4462
d_grassland —0.3059 —0.6355 0.2132
farm_type_share -1.5637 —2.6208 1.1547
grassl_share —-0.4315 —-0.6195 -0.1742
income -0.2111 -0.3118 —0.0678
landprice -0.2186 -0.3270 —0.1485
parttime_share -0.9171 —1.2980 -0.3110
pop_density -0.0597 —-0.0757 -0.0112
rent_share2 -0.1614 —1.2750 0.5918
unemployment -0.0122 —0.0328 0.0160
Interaction effects

d_grassl x landprice -0.2072 —0.2738 —0.1425
d_grassl x pop_density 0.0220 —0.0090 0.0548
d_grassl x rent_share2 2.2916 0.9292 3.3734
d_grassl x unemployment —-0.0367 —0.0666 —0.0123

Note: CI: confidence interval, based on 1,000 bootstrap samples.
Sources: RDC of the Federal Statistical Office and Statistical Offices of the Léander, agricultural census 2010 and data
from the OGA Lower Saxony and the Federal Statistical Office and Statistical Offices of the Lander, own calculations.

controlling for the selected variables, the remaining heterogeneity has spatial
components. These effects are discussed in section 4.3.

4.2. Results of the variables selected in the model

The effects of the selected variables on both the mean and the scale of the
RPR’s distribution are presented and discussed. For the interpretation of the
effects of the explanatory variables, it is helpful to recall that the RPR is a
crude measure for the profitability of an investment. Thus, taking the per-
spective of a potential investor (and less of a farmer) as a potential buyer into
account allows for an intuitive interpretation of the results. Also, while the
analysis shares some similarities with hedonic pricing studies, the results are
not directly comparable, as the present study considers a relative and not an
absolute measure. Table 2 shows the effects of the variables selected in the
mean predictor and thus the effects on the average profitability of an invest-
ment in land (at the district level). Additionally, the respective 95 per cent
confidence intervals (CIs) are presented, which are used to assess the statistical
significance of the individual effects.

The statistically significant effects indicate that investments in land are less
profitable in districts with a higher share of grassland (grassl_share) as well
as with a higher share of part-time farmers (parttime_share). The average
landprice in a district has a statistically significant negative effect on the RPR,
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indicating that in districts with higher average land prices, investments are
less profitable. This indicates that rental rate on average does not increase at
the same rate as land prices. Still, this interpretation has to be considered with
caution, as rental rates used in this study represent all paid rents during the con-
sidered period (regardless of the contract date), whereas sale prices are limited
to this period. The statistically non-significant effect of d_grassland indicates
that when considering only the main effect, the profitability of investments
in grassland does not significantly differ from investments in arable land.
Still, the statistically significant interaction effects of d_grassland indicate
that the RPR for grasslands is lower in districts with higher average land prices
(d_grassl % landprice) and a higher unemployment rate (d_grassl X unemploy-
ment), but higher in districts with a higher average share of rented land per
farm (d_grassl % rent_share2). Arguable, the latter two effects lack a direct
economic interpretation. Still, an improved general economic situation may
lead to increases of leisure-related pastures usages (e.g. for sports or private
equine husbandry). Thus, the unemployment rate may capture such effects as a
proxy variable. The results also indicate that investments in land are less prof-
itable in districts with a higher population density (pop_density) and a higher
average income. Assuming a higher competition for land with other economic
sectors in these districts allows for the interpretation that this increases effi-
ciency on the agricultural land market. An analogue argument for the effect of
income can be made as for the interaction effect d_grassl x unemployment.
In principle, the RPR should be homogeneous in efficient markets. Thus,
the results for the scale predictor indicate which variables are potentially asso-
ciated with the district-level market efficiency. The heterogeneity of the RPR
(Table 3) increases with the average farm size (size) but decreases with the
degree of land concentration (hhi). If larger farms are active on a larger spatial
scale, their activity potentially helps to equalise the RPR in different locations,
explaining these effects. The RPR is also lower in districts with a higher share
of farms in sole proprietorship (farm_type_share). Here, a potential expla-
nation is that farms of this type are usually family farms, where the family
members have a good knowledge of the local market conditions. This higher
level of knowledge thus leads to sales prices and rental rates closer to those at
the theoretical market equilibrium. This would be reflected in a lower variabil-
ity of the RPR. The results also indicate that the RPR heterogeneity decreases
with the share of winterwheat. This appears reasonable, as wheat requires less
specific production conditions compared to other considered crops (e.g. pota-
toes). Hence, a higher share in the average production programme could be
seen as an indicator for more homogenous natural conditions and indicate more
homogenous returns in the district. The negative effect of labour could readily
be explained by the fact that labour is a costly production factor which has
to be compensated. Interestingly, the two variables relating to biogas produc-
tion have statistically significant effects of opposite sign. The share of farms
with biogas plants (biogas_share) reduces the district-level heterogeneity of
the RPR, while the average capacity per ha (biogas_cap) increases it. Here,
one interpretation is that if the biogas capacity is spatially unevenly distributed,
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Table 3. Parameter estimates for the scale parameter of the RPR (n =2,794)

95 % CI

Variable 153 Lower bound Upper bound
Intercept 3.7028 —1.0366 7.2977
biogas_cap 1.6886 0.4229 3.7242
biogas_share -20.0327 -36.1906 -9.5104
d_grassland —4.4121 —9.6543 1.7782
farm_type_share —5.4918 —9.3334 —1.0785
hhi —27.3018 —67.8583 —13.5538
hog_poultry —0.2004 —-0.4140 0.0091
income —0.2938 —0.5628 —-0.0376
labour —0.8331 —1.3477 —0.2701
organic_share 3.6574 -1.7769 8.2914
parttime_share 0.5304 —0.6645 1.9825
pop_density 0.0692 0.0165 0.1324
potato —0.0600 —4.3113 2.9674
size 1.3542 0.7222 2.4660
winterwheat —1.7000 —2.5154 —0.9413
Interaction effects

d_grassl x farm_type_share 4.8465 —0.7248 9.7712
d_grassl x hhi 23.2742 —15.0156 58.4324
d_grassl x hog_poultry 0.2004 —0.0453 0.4513
d_grassl x income —0.2464 —0.6355 0.1860
d_grassl x labour 0.3033 —0.6526 1.0437
d_grassl x organic_share —8.6041 —13.7022 —1.1562
d_grassl x parttime_share 1.0753 -1.3130 3.0351
d_grassl x pop_density —0.0906 —0.1818 —0.0055
d_grassl x potato 5.9402 0.5318 10.8336
d_grassl x winterwheat 1.4770 0.3319 2.5049

Note: CI: confidence interval, based on 1,000 bootstrap samples.
Sources: RDC of the Federal Statistical Office and Statistical Offices of the Lander, agricultural census 2010 and data
from the OGA Lower Saxony and the Federal Statistical Office and Statistical Offices of the Lénder, own calculations.

it can lead to local differences in competition on the land markets. Population
density (pop_density) increases the heterogeneity, which appears reasonable,
as the population within a district is usually unevenly distributed in space, for
example, between cities and rural areas, leading to locally varying competition
of the agricultural land market with other land usage forms. Income has a neg-
ative effect on the RPR’s scale. Again, this can be linked with the economic
situation within the district.

As with the mean predictor, the main effect of a plot being grass-
land or not (d_grassl) is not statistically significant, an indication that
the local profitability heterogeneity did not significantly vary between pas-
ture and arable land (d_grassl) when solely considering this difference.
Still, a number of relevant interaction effects can be found. These include
the share of organic farms (d_grassl x organic_share), the population
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density (d_grassl % pop_density) and the average production programme
(d_grassl x winterwheat and d_grassl x potato). Here, it is interesting that
the results indicate that heterogeneity of the RPR for grassland is higher in
districts with a higher share of wheat and potato production, which can be
seen as competition for forage production on arable land.

The remaining included variables have wide CIs covering zero; thus, it
cannot be stated that they significantly contribute to the explanation of the
distribution of the RPR and thus they do not influence the profitability of
investments in agricultural land and the market efficiency. The same holds
for the variables not selected in the model (cf. Appendix A2). Comparing the
type of variables with statistically significant effects in the mean and the scale
predictor, differences can be found. For the mean predictor, these variables
can be linked to more general structural differences between the districts, e.g.
general economic indicators (e.g. population density) or the share of part-time
farms. In contrast, for the scale predictor, variables relating to the average pro-
duction programme can also be found (e.g. the biogas capacity or the share
of winter wheat). This serves as an indication that the average profitabil-
ity in land is not affected by the regional production differences, while its
heterogeneity is.

While these results are readily interpreted from an investor’s perspective,
an interpretation from the farmer’s perspective is more challenging. Still, the
results could be used to give some decision support. The RPR in a district on
average decreases with higher average land prices, this indicates that it is rela-
tively ‘cheaper’ to rent land in these districts. The same holds for districts with
higher shares of grassland and part-time farmers. The final decision whether
to buy or rent land would still have to be made individually, as the actual
profitability would depend on the realisable returns from farming activities.
Additionally, this result may only hold in the short run.

It also has to be taken into account that the results (analogously to hedonic
price studies) may include expectations of actors on the land market. As the
studied time period covers the land market before assumed increased inter-
est of non-agricultural investors, it can be argued that if such expectations
were present, they would most likely be the expectations of the farming sec-
tor and the expectations of non-agricultural investors. Furthermore, the data
on land rents average information on all rental contracts, including potential
older and long-running contracts. This is a fundamental issue of data avail-
ability, as land sales and rental contracts are commonly not observed at the
same point in time.® Lastly, many of the results discussed above have to be
considered exploratory, as they lack direct interpretation based on theoretical
considerations. Rather, they can be seen as the starting point for more theory
driven investigations of these effects.

6 The only hypothetical exception would be a case where a plot of land (without a current rental
contract) is sold to an investor, who immediately rents it out to a farmer.
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Table 4. Parameter estimates of the spatial effects

Predictor Ny No

Spatial effect Structured Unstructured Structured Unstructured
oy, 0.0037 0.0398 0.0033 Not included
Effective DF used in the fit 1.8052 15.6454 1.2587

Sources: RDC of the Federal Statistical Office and Statistical Offices of the Lander, agricultural census 2010 and data
from the OGA Lower Saxony and the Federal Statistical Office and Statistical Offices of the Lander, own calculations.

4.3. Spatial effects

As shown in Table 4, structured and unstructured spatial effect terms for the
mean parameter are selected in the final model. For the scale parameter, only
the structured term is included. This indicates that the spatial effects lead to
an overall improvement of the model and that spatial heterogeneity is present
with respect both to the mean and to the scale of the RPR’s distribution. For a
first assessment of the spatial effects, Table 4 shows their standard deviations
(0p), as well as the DF used for their fit. For the RPR’s mean, the standard
deviation of the unstructured effect is larger by one order of magnitude and
more DF are used for the fit as for the structured one (recall that effective DF
are a crude measure for the complexity of the respective fit). For the spatial
effects of the scale parameter, the standard deviation of the structured effect is
similar to the one of unstructured spatial effect in the mean predictor.

While the inclusion of the spatial effects leads to an overall improvement
of the model, the question arises whether this spatial variation also indicates
a significant difference at the district level (cf. Marz et al., 2016). As the
mean of both the structured and unstructured effects are zero by construction,
a district-level effect significantly different from zero would indicate a positive
or negative deviation from the overall intercept. To assess their statistical sig-
nificance, CIs of the district level effects were also obtained by the bootstrap
procedure.

Overall, statistically significant district-level effects were only found for
the spatial effects terms of the mean parameter. Following Marz et al.
(2016), the statistical significance of the structured and unstructured spa-
tial effects for the RPR’s mean is depicted in Figure 1. District-level
effects whose ClIs lie below zero are in light grey, while black ones indi-
cate CIs above zero. Grey indicate districts where the effects’ CI overlap
zero. Ceteris paribus, this can be interpreted as such that the respective
parameter values of the RPR’s distribution in a given district are larger or
smaller.

The difference of the structured and unstructured effect term standard devi-
ations indicates that the district-level effect sizes of the unstructured term are
larger than the ones of the structured term. Most of the statistically significantly
positive effects are found for districts located between the federal city state of
Bremen and the intensive livestock production districts (cf. NMELYV, 2017).
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sig. negative
non-significant
sig. positive

Fig. 1. Statistical significance of the structured (left hand) and unstructured (right hand) district-level
effects for the mean of the rent—price ratio distribution based on bootstrapped 95 per cent confidence
intervals.

Note: the empty polygon represents the federal state Bremen.

Sources: RDC of the Federal Statistical Office and Statistical Offices of the Lénder, agricultural census
2010 and data from the OGA Lower Saxony and the Federal Statistical Office and Statistical Offices
of the Lander, own calculations.

This is an indication that the profitability of investments in agricultural land
is, ceteris paribus, higher in this region. Identifying the underlying reasons
for these apparent spillovers from regions with either a high density of ani-
mal or humans (respectively their potential interations) would require further
investigation. Further, two districts have both statistically significant nega-
tive structured and unstructured effects, indicating that investments in land in
these districts are less profitable than Lower Saxony’s average. This shows
that unobserved district-level heterogeneity remains after adjusting for the
explanatory variables for a limited number of districts.

With respect to the spatial effects for the scale parameter, only the structured
effect term was included in the model selection procedure. Still, none of its
values have a confidence interval excluding zero (not depicted). This implies
that all meaningful heterogeneity of the RPR’s scale is captured by the other
explanatory variables.

5. Conclusions

Recent price increases for agricultural land in many European countries have
reinforced the need for the understanding of the related land markets. By focus-
ing on the cross-sectional profitability of investments in farmland, the results
presented in this paper complement and extend prior research. The district-
level analysis of the RPR of agricultural land revealed that the average RPR
as well as its heterogeneity are influenced by the district average production
programme, the farming structure and the general economic condition within
the district. Remaining district-level spatial heterogeneity was identified by
including structured and unstructured spatial effects in the regression model.
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The results have some implications for policymakers, farmers and other
actors on markets for agricultural land. They provide general insights on dis-
tribution of the profitability of agricultural land, which can be utilised by
decision-makers at different spatial scales. There are differences between
investments in grassland and arable land. This is important insofar, as the sta-
tus of arable land can change to grassland but, under current legislation, not
vice versa. The results indicate that the market for agricultural land cannot be
seen being independent from the non-agricultural economic situation, as the
average RPR varies with general economic indicators like the average income.
Also, the RPR in districts with a higher land concentration varied less, which is
an indication that (at current levels) the local land market was potentially more
efficient. In the light of political and societal discussions about the effects of
structural change and land ownership in the agricultural sector, this would be
particularly relevant. Still, present results should only be seen as an indica-
tion; they cannot be interpreted as a causal relationship. Here, more research
is needed.

In future research, GAMLSS variants (e.g. for high-dimensional settings
relying on boosting methods, Mayr et al., 2012) could be considered. Given
the recent developments on the land markets, further insights could be gained
by expanding the data set, in either the spatial, temporal or even jointly in
the spatiotemporal domain. Such extensions would be straightforward from a
methodological perspective. More interestingly though, future research could
also aim to extent the present work to allow for causal interpretations. By
nature, this research would need to have a narrower focus in terms of the effects
of interest. Based on the results presented here, this could, for example, be the
difference between both arable and pasture lands or the influence of the general
economic structure on the profitability of investments in agricultural land. In
this context, it could also be fruitful to consider the market for agricultural land
in integration with the market for land in general. In any case, such work would
crucially depend on the availability of larger amounts of more comprehensive
data.
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Appendix A2. Variables selected in model specification 1 under the different distributional
assumptions (n =2,794)

Distribution Beta Logistic normal Simplex

Variable o o " o “w o

biogas_cap v
biogas_share
cattle

d_grassl
farm_type_share
grass_share

hhi

hog_poultry
income v

AN N N N
AN N NN
NS

AN NN

labour
landprice v v v
organic_share

parttime_share v
pop_density v
potato

rent_sharel

rent_share2 v v
rye

size v
sugarbeet

unemployment v v
winterwheat

ﬁ‘lr /
f unstr v v

Interaction effects®

d_grassl x biogas_share v
d_grassl X farm_type_share
d_grassl % hhi

d_grassl x hog_poultry
d_grassl X income
d_grassl X labour

d_grassl X landprice v v v
d_grassl % organic_share

d_grassl X parttime_share

d_grassl % pop_density v
d_grassl % potato

d_grassl x rent_sharel

d_grassl X rent_share2 v v
d_grassl X rye

d_grassl % size v
d_grassl x sugarbeet

d_grassl X unemployment v v
d_grassl x winterwheat v

AN NN
AN
AN

SN

SN

SS
AR N NN N N N NN
AN
AN

AN NN N
AN

SNSSS

AN NN
AN
NSNS
AN

AN

Note: 2all other potential interaction effects were not selected in one of the models.
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