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Abstract
Reducing the usage of fossil fuels is a central issue in ongoing policy debates. This
in particular holds for Dutch horticulture, given its energy-intensive production. We
analyse differences in energy usage and price responsiveness of horticultural firms
by estimating energy demand functions using a Bayesian random coefficient model.
Beyond, the effects of a proposed energy tax are assessed. Allowing for firm-specific
energy price coefficients gives a better model fit compared to conventional models with
fixed slope parameters. This confirms that firms respond differently to energy prices,
which is taken into account in simulating the effects of more restrictive energy policies.
The results show that larger-sized firms use less gas per square meter yet also point at
a considerable spread in additional energy expenses between firms.
Keywords: energy policy, input prices, heterogeneity, horticulture, farm income,
random coefficient model, Bayesian
JEL classification: O13, D24, Q12, Q41

1. Introduction
Agricultural firms face strong societal pressure to take the environmental
effects of their production into account (Pons et al., 2013; Nishitana et al.,
2014). This is particularly the case as new climate policies stress that urgent
actions are required in order to reduce global warming (Falkner, 2016). Reducing greenhouse gas emissions in the coming decades is therefore the main
policy concern (Cuchiella, Gastaldi and Miliacca, 2018). Consequently, there
are strong political wishes to reduce the extraction and consumption of fossil
fuels and spur the transition towards the use of sustainable energy (Mouter, De
Geest and Doorn, 2018).
The aim to reduce greenhouse gasses also affects the agricultural sector and
potentially the incomes of primary producers (see e.g. Finger and El Benni,
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1 Contracts between primary producers and energy suppliers can differ in e.g. the duration and
closing date of a contract, as well as certain terms and conditions such as delivery with fixed or
flexible annual volumes.
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2020). This holds in particular for glasshouse horticultural production in the
Netherlands, where energy is among the main inputs (Aramyan, Oude Lansink
and Verstegen, 2007). In recent decades, substantial steps have already been
taken towards a more sustainable production in Dutch horticulture. Many
firms have invested in energy-saving technologies, such as heat storage, cogenerators and energy screens (Aramyan, Oude Lansink and Verstegen, 2007;
Pietola and Oude Lansink, 2006). On the other hand, an increasing number
of firms use artificial growing light installations in order to prolong the growing season of the plants, leading to additional energy usage (Van der Velden
and Smit, 2018). The presence of these heterogeneous production technologies
goes together with large differences between firms in their production structure (Goncharova et al., 2008). The Dutch horticultural sector is characterized
by the co-existence of both smaller family farms and larger modern firms
with a more distinct organizational structure. Firms also differ in their production orientation, with some focusing on producing high-quality products
for niche markets and others focusing at standard products at lowest possible
costs. Given the underlying heterogeneity, it is likely that firms respond differently towards changes in the institutional framework, such as more restrictive
climate policies (Finger and El Benni, 2020; Reidsma et al., 2010).
Most studies that focus on the impact of climate policies on agricultural
incomes (e.g. Baker et al., 2010; Babcock, 2015) do so at an aggregate level.
Studies using partial equilibrium or computable general equilibrium models
are in particular suited to study impacts of policy interventions at regional
or global level (e.g. Beckman et al., 2012; Robertson et al., 2013). Studies
analysing the heterogeneous impact of these policies at disaggregated level
or on different types of firms are still scarce (e.g. Berger and Troost, 2014).
Moreover, panel data models on agricultural production often overlook potential (unobserved) heterogeneous responses to policy and price changes. Most
of these models implicitly assume that primary producers respond homogeneously to economic incentives given that the effect of e.g. netput prices
are most often specified as a fixed slope coefficient equal across all firms
(Koutchadé, Carpenter and Femenia, 2018).
In this study, we investigate the potentially heterogeneous energy demand
responses and the resulting income effects of the policy proposals in the Dutch
Climate Agreement (2019). These proposals entail, amongst others, additional
taxation on the use of natural gas and hence a change in the relative prices of
energy inputs. Firms may respond heterogeneously to these proposals since
they often differ in production methods and have different energy systems
and different contracts with energy suppliers.1 We first estimate demand functions derived from a normalized quadratic cost function for natural gas and
electricity using panel data from Dutch horticultural firms. In order to capture heterogeneity in energy demand, we apply a Bayesian random coefficient
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2. Energy usage and policy interventions in Dutch horticulture
2.1. Energy usage in Dutch horticulture

In order to cultivate fruits and vegetables that otherwise would only grow in
warmer climates, glasshouses in a relatively cold climate require energy for
heating. Hence, energy inputs form a large share of the total inputs, comprising roughly 20 per cent of the total production costs (Van der Velden, Smit
and Van der Meer, 2014). In past decades, primary producers already invested
considerably in energy-saving technologies. In particular, the combined heat
and power (CHP) engine has been widely introduced in Dutch horticulture. A
CHP engine allows for so-called decentral cogeneration, meaning electricity
and heat are both generated at individual firms. As a result, heat that would get
lost in case of centrally generated electricity is no longer lost and can be used in
order to heat the glasshouses (Aramyan, Oude Lansink and Verstegen, 2007).
The electricity generated can either be used at the firm itself or can be supplied
back to the electricity grid. Furthermore, investments in other energy-saving
technologies, such as energy screens, are widespread. These screens allow
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model for estimating firm-specific responses to changes in relative input prices.
Second, using the estimated demand functions, we simulate the heterogeneous income effects of these climate policies for individual firms. Obtaining
firm-specific price coefficients allows us to see how firms respond differently
to relative input price changes. In other words, do certain firms react more
strongly towards such price increases than others, e.g. because they have
more energy-intensive production? As a result, it also allows us to predict the
potentially varying effects on the additional firm expenses in the second step
of the analysis. This provides policymakers with more accurate and detailed
estimates of the income effects of the proposed energy taxation.
The contribution of our paper to the literature is twofold. First, we estimate a system of demand equations using a Bayesian random coefficient
model (Gardebroek, 2006) that allows us to obtain firm-specific price coefficients in the context of relatively short panels. In contrast to conventional
random coefficient models (e.g. Swamy, 1970), we allow for the inclusion of
prior information, e.g. in the form of theoretically plausible values for price
coefficients. This method allows for estimating potentially heterogeneous production effects of changes in relative (input) prices as a result of e.g. policy
interventions. Second, we study the short-term heterogeneous effect of stricter
energy policies on energy usage and firm expenses. Most studies only focus
on aggregate effects or assume homogenous responses among firms.
The remainder of the paper is organized as follows. Section 2 describes
the context of energy usage in Dutch horticulture, with particular attention to
the proposed climate-related policy interventions. Based on this, a theoretical
model is specified in Section 3, followed by a discussion of the dataset in
Section 4 and the estimation procedures in Section 5. The results are presented
in Section 6, followed by the main conclusions in the final section.
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2.2. Climate-related policy interventions in Dutch horticulture

As outlined above, firms are likely to differ in energy usage due to differences
in firm structure, production technologies and energy contracts. Hence, more
restrictive climate policies may affect horticultural firms differently. Despite
such differences, horticultural firms can in general expect an increase in energy
costs, as governments aim to reduce the usage of fossil fuels among others via
price increases.
In order to reach this reduction, the Dutch government signed a national
climate agreement, which aims for a fossil free and climate neutral production
in 2050 (De Lauwere, Van der Burg and Splinter, 2019). The main overall
target is to reduce the amount of greenhouse gas emissions by 49 per cent in
2030 and 95 per cent in 2050 compared to the level of 1990. For the horticultural sector, the total intended emission reduction is scheduled between 1.8
and 2.9 megaton CO2 equivalents. In the long run, heating for glasshouse horticulture has to come from alternative sources as geothermal heat, waste heat
and electric heating (Climate Agreement, 2019). In the short run, however,
there is no strict regulation that forces Dutch horticultural producers to abstain
from using natural gas in production (De Lauwere, Van der Burg and Splinter,
2019). In order to reduce the usage of gas for heating glasshouses and to
incentivize the transition towards more sustainable energy sources, it has been
agreed to increase taxes on natural gas in 2020 with €0.04 per cubic meter of
gas, or equivalently €1.264 per gigajoule (Climate Agreement, 2019).2 Given
the average gas price in recent years of around €10 per gigajoule (Statistics
2 Where 1 gigajoule equals 31.6 cubic meters of natural gas equivalents (Knowledge Centre
InfoMil, 2019).
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for a better insulation of the glasshouse, as heat is retained (Aramyan, Oude
Lansink and Verstegen, 2007).
Contrarily, the adoption of technologies consuming additional energy is
also visible. An example is the usage of artificial growing light, which is used
to extend the growing season of plants. While most products under regular circumstances can only be harvested from (late) spring until autumn, the use of
artificial light leads to earlier plant growth, allowing for earlier harvest. This
implies that primary producers can already sell their products during periods
when prices are higher (European Commission 2019). This however leads to
a larger electricity bill and additional emissions.
Next to differences in technology, the energy intensity and environmental
effects of horticultural production are also expected to vary between individual
firms due to differences in the firm structure (e.g. Balmford et al., 2018; Ren
et al., 2019). With considerable heterogeneity in the firm size and structure in
Dutch horticulture, differences in energy usage and responses to energy prices
between firms could be substantial. Many studies e.g. assessed the relation
between input usage and farm size. Yet, the findings regarding the effects of
firm size on input use are mixed (Alvarez and Aris, 2004; Gailhard and Bojnec,
2015).
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Netherlands, 2019), this corresponds to an increase of roughly 12 per cent in
the price of gas. This in turn causes a change in the relative cost ratio of the
respective inputs. Depending on the actual usage of gas and the potential to
respond to these price incentives, such a policy intervention is likely to affect
the firm expenses and hence the income position of firms.

Horticultural production capacity is to a large extent determined by the total
acreage of glasshouses, which cannot be adjusted easily in the short run. So,
producers cannot increase their production if prices go up. Therefore, we
assume that producers minimize the costs of producing a given quantity in the
short run instead of maximizing their profit by optimizing their supply too.3
The relation between production costs and input use given a certain production
level is modelled using a normalized quadratic cost function. This is a flexible functional form and allows, in contrast to e.g. translog functions, for zero
values in the variables (Baffes and Vasavada, 1989). The form is flexible as
no restrictions are placed on the signs of the first and second derivatives. This
means the observed data can freely point out any relation between the inputs
and output. Economic theory requires the cost function to be monotonically
increasing in input prices and output, and concave and linear homogenous
in input prices. Whereas the first two properties can either be imposed or
tested after estimation, linear homogeneity in input prices is simply imposed
by normalizing the costs and input prices by the price of one of the inputs
(Martinez-Budria et al., 2003).
In line with Dutch horticultural production and given our specific focus on
energy demand, we distinguish between three variable inputs, i.e. natural gas,
electricity and external hired labour4 , and three fixed factors, i.e. acreage of
glasshouses, growing light and CHP engines. Moreover, production costs are
conditional on two external weather factors (heating degree days and the daily
light integral). It is assumed that costs per square meter decrease in the acreage
of glasshouses if larger firms are expected to be more (energy) efficient. Costs
are expected to increase with the usage of growing light and decrease in having
a CHP engine. Moreover, total costs are increasing in the number of heating
degree days (days in which the weather is too cold so that the glasshouse needs
heating) and decreasing in the daily light integral, which represents the amount
of daylight (Van der Velden and Smit, 2018).
In this study, we assume that production costs depend heterogeneously
on energy prices due to differences in technology and energy contracts. This
implies firm-specific slope coefficients for energy prices and their squares in
3 When estimating output supply functions derived from a profit function, we did not find a statistical relation between output prices and supply. Besides the glasshouse capacity constraints,
the absence of this relation can be explained from the large output price variation between years
to which horticultural producers do not seem to respond on a yearly basis.
4 Family labour is not considered given the high dependency on external labour in the production
process, with a share of almost 90 per cent of external labour in the total labour requirement
(Wageningen Economic Research, 2020a).
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the normalized quadratic cost function. Using the price of external hired labour
as numeraire, this function is written as follows:
ck (w, y, z) = α0k +
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αik wik + βy yk + 1/2
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where ck are the normalized costs for firm k, wik are normalized input prices
for input i (i = 1 for natural gas and i = 2 for electricity), yk is output and zgk
are conditional factors (g = 1 for acreage; g = 2 for growing light; g = 3 for
CHP engine; g = 4 for heating degree days and g = 5 for daily light integral).
α, β , δ , ψ and ρ are coefficients to be estimated. Note that all coefficients α
are firm specific. The remaining slope coefficients are equal across firms.
Applying Shephard’s lemma to the quadratic cost function (Baffes and
Vasavada, 1989; Martinez-Budría, Jara-Díaz and Ramos-Real, 2003) gives
demand functions for natural gas (x1k ) and electricity (x2k ):
X
X
∂ ck
ρig zgk
αijk wjk + δi yk +
= αik +
∂ w ik
g=i
j=i
2

xik (w, y, z) =

5

(2)

The demand equations contain firm-specific intercepts (αik ) and firmspecific energy price coefficients (αijk ). Multiplying these factor demands with
the corresponding input prices yields the energy expenses for a firm. Hence,
these equations can be used to simulate the effects of energy price increases
as proposed in the Dutch Climate Agreement. The estimation strategy is
described in Section 5.

4. Data and descriptive statistics
Our empirical analysis uses firm-level data obtained from the Analysis Tool
Rabobank (ATR). The sample contains 238 observations for specialized
cucumber-producing firms, 704 observations for specialized bell pepperproducing firms and 686 for specialized tomato-producing firms for the period
2008–2015.5 These firms are truly specialized in that they only grow one
5 Note that the studied policy intervention is only scheduled to take place several years after the
data observation period is finished. This is however not expected to influence the outcomes
of the empirical assessment, given that both the volatility and level of gas and energy inputs
(Statistics Netherlands, 2019), as well as relevant developments in the horticultural sector such
as growth in average firm sizes (Wageningen Economic Research, 2020b), show the same trend
in most recent years as during the observation period of the dataset.
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product. The data include information on both firm characteristics and energyrelated expenses. More specifically, it provides information on firm size and
the use of specific technologies and energy systems such as the use of artificial growing light and a CHP engine. Regarding the representativeness of our
sample, it is important to note that Rabobank is the largest bank active in the
Netherlands as a credit supplier for the agricultural sector (Rabobank, 2016).
The ATR sample covers over 40 per cent of the total firms in the horticultural sector and around 60 per cent of the total acreage (Statistics Netherlands,
2011). As a result, the firms in the sample are—on average—somewhat larger
than the average firm size in the population. In comparison, the Dutch Farm
Accountancy Data Network (FADN) only contains about 20 to 30 firms per
main horticultural product (Ge et al., 2018), while the ATR-set contains,
depending on the product, close to 100 firms per year.
Actual prices for labour, gas and electricity are obtained from Statistics
Netherlands (2019). The gas prices are year-averaged for non-households
per gigajoule (GJ). Electricity prices are measured in Euro per kilowatt-hour
(kWh). These prices are transformed into price indices with 2010 as base year.
Indicators for weather variables, as the heating degree days and daily light integral, are obtained from the Royal Netherlands Meteorological Institute (2019).
Heating degree days are a well-established indicator for measuring energy
requirements. It assumes that with an average temperature of (or above) 18ºC
no additional heating is required, hence giving a score of zero. Every observed
day with an average temperature below this threshold value adds one point for
every degree below the 18ºC threshold. The daily light integral in contrast measures the number of photosynthetically active photons that are delivered during
a day. The normalized value in the Netherlands is 350 10³ J/cm (Van der Velden
and Smit, 2018). Our variable measures the daily light integral for the different years as a percentage of this norm. Note that the weather variables are the
same for all firms, yet the production environment is very identical across the
country. Hence, considerable differences across years are expected for these
annual weather indicators, but differences within the country are expected to
be limited.
Figure 1 shows the unconditional relation between firm size and the annual
average energy expenses per firm for each product. The upper row of Figure 1
presents the energy costs per unit production, whereas the lower row shows the
costs per square meter. A downward pattern in the energy expenses is in particular visible for cucumber and bell pepper firms, implying that on average,
larger sized firms are able to meet their energy requirements more efficiently.
Yet, also for firms of similar size, we observe considerable differences in
energy costs. Hence, aside from acreage, various other determinants explain
differences in energy costs. Moreover, the overall net energy costs might be
negative, as also visible for several firms in Figure 1, which is due to firms
with a CHP engine supplying surplus electricity to the grid.
Descriptive statistics of the model variables are given in Table 1. The use
of a CHP engine and artificial growing light is most widespread in the cultivation of tomatoes, with 88.3 per cent of the firms having a CHP engine and
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14.1 per cent using artificial light. Most of the variation in the usage is between
firms, rather than within firms, implying that only a limited number of firms
change their energy-systems. With respect to firm size, also the differences
between cucumber firms (with an average size of 3.8 ha) and tomato producers
(an average size of 8.6 ha) stand out.
Regarding the usage of gas and electricity per square meter, again tomato
firms are the ones with the highest usage. Furthermore, the relatively high
within and between standard deviations are visible. This implies considerable
differences in the energy usage over time (depending on e.g. differences in
external weather circumstances), as well as differences between firms due to
e.g. heterogeneity in production technologies.

5. Empirical procedure
5.1. System estimation of demand equations

Equation (2) presented in Section 3 defines two demand equations for natural
gas (i = 1) and electricity (i = 2). Since both demand equations are derived
from the same cost function, it holds that α12k = α21k . Therefore, the two
equations are estimated jointly as a system with this restriction imposed in
estimation. In both frequentist and Bayesian econometrics, this is referred to
as the seemingly unrelated regression model. In short, this requires writing
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Fig. 1. Relation between firm size and energy expenses in the cultivation of cucumber, tomato and
bell pepper (Source: authors based on ATR-data).
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Table 1. Descriptive statistics of the main variables

Heating degree
days (∗100)
Daily light integral
N (n)

Tomato

Bell pepper

14.036 (5.884)
(5.548; 2.826)

18.691 (6.445)
(6.541; 3.705)

14.805 (5.562)
(4.613; 3.292)

0.826 (2.100)
(2.679; 0.628)

0.835 (1.488)
(1.687; 0.747)

0.604 (0.895)
(0.710; 0.483)

0.986 (0.153)
(0.116; 0.121)
1.032 (0.067)
(0.031; 0.064)

0.955 (0.155)
(0.101; 0.135)
1.029 (0.066)
(0.029; 0.065)

0.979 (0.156)
(0.097; 0.138)
1.032 (0.066)
(0.028; 0.065)

173.687 (29.692)
(32.917; 10.031)

55.928 (12.337)
(12.192; 4.595)

31.400 (10.236)
(9.826; 5.344)

0.613 (0.487)
(0.491; 0.138)
0.050 (0.219)
(0.174; 0.000)
3.802 (2.176)
(2.016; 0.613)
25.304 (5.730)
(3.943; 4.997)
106.228 (2.832)
(1.601; 2.580)
238 (65)

0.883 (0.321)
(0.339; 0.086)
0.141 (0.348)
(0.341; 0.136)
8.618 (7.981)
(8.150; 1.756)
26.018 (5.353)
(2.678; 5.042)
106.270 (2.841)
(1.397; 2.698)
686 (142)

0.815 (0.388)
(0.403; 0.078)
0.089 (0.285)
(0.292; 0.041)
7.223 (7.570)
(6.449; 2.485)
25.371 (5.670)
(2.991; 5.307)
106.323 (2.804)
(1.040; 2.714)
704 (142)

Notes: The mean is followed by the standard deviations in parentheses. The second row provides a breakdown of the
standard deviation in the between standard deviation followed by the within standard deviation, both given in italics.

the individual equations as one combined equation that can be estimated with
single-equation techniques with the data belonging to the individual equations
stacked and the covariance matrix of the residuals corrected for heteroscedasticity. In the combined equation, it is straightforward to impose the restriction
α12k = α21k . See Koop (2003: 137–143) for more details.
5.2. Approaches for estimating heterogeneous coefficients

Both demand equations contain firm-specific intercepts (αik ) as well as firmspecific price coefficients (αijk ), which for ease of notation are both denoted
as αk . This requires an estimation approach that allows for estimating unitspecific or heterogeneous coefficients. In the econometric panel data literature, a distinction is often made between fixed and random heterogeneous
coefficient models (Biørn, 2016: 107–131; Hsiao, 2015). In fixed heterogeneous coefficient models, the unit-specific slope coefficients αijk are estimated
directly, but this typically requires a large number of observations per unit,
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Gas usage (normalized GJ per
square meter)
Electricity usage
(normalized kWh
per square meter)
Normalized gas
price index
Normalized electricity price
index
Production quantity (in kg or
pieces per square
meter)
CHP engine
(1 = yes)
Artificial light
(1 = yes)
Acreage (ha)

Cucumber
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5.3. Bayesian hierarchical random coefficient estimation

In a Bayesian hierarchical model (see e.g. Lindley and Smith, 1972), the
firm-specific coefficients are structured according to a hierarchical prior distribution, which has the advantage that it allows the unit-specific coefficients
to have their own specific distribution at firm-level but still to be connected
to a more general overall distribution. In other words, the firm-specific coefficients are allowed to differ, but due to the hierarchical structure they are
not too different from an overall mean (Koop, 2003: 155). In our model, the
hierarchical prior consists of two stages. In the first stage, the firm-specific
coefficients αk are independent
P draws from a multivariate normal distribution,
with mean µα and variance α , or αk ∼ N(µa, Σα). In the second
P stage, distributions are defined for both the means µα and the variances α . The means
µα are drawn from a prior distribution with prior means µa and prior variances
P−1
Va, or µa ∼ N(µa, Vα). The inverse of the variance, α , follows a Wishart
distribution with degrees of freedom v α and a prior precision matrix given by
P−1
P−1
P−1
,
or
∼
W
(
v
) (Koop, 2003: 156). The lower bars indicate the
,
α
α
α
α
prior values. This two-stage structure allows for defining average prior values,
from which firm-specific coefficients can deviate. The extent to which they
can deviate from this depends on the prior value specified for the variance but
also on the data for the individual firms.
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which in short micro-economic panels are usually not available. For example, the average time span in our sample is 5.07 years, leaving only very few
degrees of freedom for individual regressions. In the random heterogeneous
coefficient approach, it is assumed that the unit-specific slope coefficients αijk
are the sum of a common value αij , representing the average response over
all units, and a stochastic unit-specific element uijk . The product of uijk and
the corresponding model variable becomes part of a composite disturbance,
requiring a generalized least squares (GLS) procedure for estimation. Swamy
(1970) proposed a feasible GLS procedure, which can also be used to predict
the random coefficients ex post (Biørn, 2016: 127). A drawback of this GLS
procedure however is that it requires least squares estimates of the individual
slope coefficients, which just like for the fixed heterogeneous coefficient model
may be very imprecise or even infeasible in case the number of observations
for a unit is too small.
In the broader statistical literature, a class of models known as mixedeffects models generalizes the above random heterogeneous coefficient
model by allowing for more intricate heterogeneous coefficient structures,
e.g. by allowing heterogeneous coefficients to depend also on other variables
(e.g. Verbeke and Molenberghs, 2000). When applied to panel data these
mixed-effects models are also denoted as multilevel or hierarchical models,
since individual observations may be clustered at multiple levels (e.g. firm,
region or country), which allows for hierarchical structuring of the random
coefficient distributions at different levels.
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Following Bayes’ rule, the prior distributions are combined with a likelihood function (representing the data), resulting in the following (conditional)
posterior distributions for αk (Koop, 2003: 156):

∼ N ᾱk ,

α

with

X

!−1
−1
X
α

k

ᾱk =

k

!

k

= hXk ′ Xk +

X

X

′

hXk yk +

−1
X
α

µα

!

and

P−1
(hXk ′ yk + α µα )
=
P−1
(hXk ′ Xk + α )

(3)

The upper bars in equation (3) indicate posterior values. The posterior
expression for our coefficients of interest (αk ) is a function of two main elements, arising in both the numerator and the denominator, namely the sum
of squares multiplied by h (the error
Pprecision), as well as the posteriors of
the hierarchical parameters µα and α , which in turn are based on both the
specified priors and the average value of the coefficients. The size of the first
part (concerning the sum of squares) depends on the number of observations
per firm in the data. A larger number of observations leads to a bigger sum
of squares, resulting in a larger influence on the posterior. On the other hand,
for a firm with only very few observations in the dataset, this number is small,
and hence, the posterior is rather driven by the hierarchical parameters. This
allows us to deal with the unbalanced nature of the dataset, as firms with many
observations in the data are allowed to deviate more from the overall average
values than firms with a smaller number of observations.
5.4. Defining prior information and estimation procedure

As indicated in the previous subsection, the hierarchical prior naturally connects to the idea of hierarchical modelling, i.e. specifying coefficient distributions at different levels, which in our application are the overall level and the
firm level. Prior information in general represents the beliefs or information
the researcher has on the coefficients ex ante. In our model, there are several pieces of information that can be included as prior information. First, the
hierarchical model implies that the heterogeneous coefficients are distributed
around a sample mean. In other words, pooled least squares coefficients and
their covariances provide natural prior information for the mean and variance
in the first stage of the hierarchical prior. This provides a first set of prior
values that are denoted as least squares priors. Second, concavity of the cost
function implies that the energy demands are decreasing in their own prices
and increasing in the prices of other variable inputs. This provides information on the sign of the heterogeneous price coefficients that can be included.
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Table 2. First-stage hierarchical prior distributions for unit-specific price coefficients in the
system of energy demand equations
Tomato

Bell pepper

N(−7.29; 6.28)
N(1; 1.57)
N(−0.316; 3.83)

N(−9.70; 2.72)
N(1; 0.431)
N(−0.405; 1.80)

N(−7.51; 1.96)
N(1; 0.251)
N(−0.292; 1.04)

Third, and related to the previous point, given the importance of energy in
Dutch horticulture, energy demand is expected to be inelastic with respect to
own and other prices. In other words, the own price elasticities are assumed
to be between −1 and 0, whereas the cross-price elasticities are expected to
be between 0 and 1. Rewriting the expression for the price elasticity into an
∂x
x
expression for the slope of the demand equation, i.e. ∂wik = εx,w ∗ wik , using
j
j
average values for xik and wj and assuming the own price elasticities to have
an expected value of −0.5, this leads to a range of prior values for the own price
coefficients in equation (2). For the cross-price coefficient that appears in both
equations and which is imposed to be similar, we assume a mean value of 1
for the coefficient. These prior distributions based on theoretically consistent
values for the price coefficients are summarized in Table 2.
For the remaining (fixed) coefficients, we also use least squares values as
prior information. This second set of prior values is referred to as least squares
and elasticity priors. Note that all final posterior estimates may deviate from
the initial prior values.
The system of equations with firm-specific price coefficients is estimated
using both sets of prior information for the three products. In addition, the
system of equations is also estimated as a pooled model and a model with
only firm-specific intercepts, in order to compare with the system with firmspecific price coefficients. This gives a total of 18 models that were estimated.
The models were estimated in Matlab using Gibbs sampling (Koop, 2003:
148–162). This procedure sequentially draws from the conditional posterior
distributions of the various model coefficients resulting in the empirical posterior distributions. Posterior distributions were simulated based on 25,000
draws plus 5,000 burn-in draws. See Gardebroek (2006) for another application and further explanation. Note that a supplementary file at the website of
the European Review of Agricultural Economics (ERAE online) contains the
code of the Matlab files for obtaining the estimates of the pooled and random
coefficient models for tomato-producing firms.
Due to the hierarchical nature of the models, which increases the parameter dimensionality, and the fact that pooled and random intercept models are
nested within the more general random coefficient model, a proper way of
comparing the models is on the basis of marginal likelihoods (Koop, 2003:
157–158), which are defined as the product of the likelihood and the prior distribution, divided by the posterior distribution. Since the models are estimated
using Gibbs sampling, the method of Chib (1995) is used for calculating the
marginal likelihoods.
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5.5. Effects on energy usage and expenses

6. Results
6.1. Estimation results: comparison of model specifications and
prior values

Based on the two different sets of prior values and the three different model
specifications (pooled, random intercept and random intercept plus random
price coefficients), six different models were estimated for each product. These
models were compared on the basis of the log marginal likelihood values,
presented in Table 3.
Table 3. Log marginal likelihood values of the estimated models

Cucumber
Least squares priors
Least squares and elasticity priors
Tomato
Least squares priors
Least squares and elasticity priors
Bell pepper
Least squares priors
Least squares and elasticity priors

Pooled model

Random
intercepts

Random intercepts and price
coefficients

−1,320.70
−1,380.40

−1,047.99
−1,065.62

−193.17
−160.75

−3,988.41
−4,001.02

−3,458.35
−3,506.39

−993.53
−1,292.25

−3,804.21
−3,858.38

−3,374.03
−3,200.783

−1,584.60
−1,746.41
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In the last step of the analysis, the system of estimated demand equations
is used to assess the impact of gas price increases on the energy usage and
expenses. First, baseline predictions for gas and electricity demand (x∗ik ) are
made for each observation. Multiplying these baseline predictions with the
actual prices of gas and electricity provides a prediction for the original energy
expenses: c∗ik = wik x∗ik .
In order to obtain the new energy prices wNik , we add the proposed taxation
of €1.264 per GJ on the gas prices. The electricity prices remain unchanged.
Replacing the original input prices with the increased energy input prices
allows us to obtain predictions for the new factor demands x∗N
ik . The simulated
energy expenses for the energy tax scenario are then obtained by multiplying
N ∗N
the simulated energy demands and increased energy prices: c∗N
ik = wik xik .
Comparing the expenses of the baseline prediction with the scenario prediction gives the impact of the policy intervention on firm expenses. Given
that Dutch horticultural firms face competition on international markets from
in particular producers in southern countries (who grow products in more
favourable climatological circumstances requiring less heating of glasshouses
(Elzen, Van Mierlo and Leeuwis, 2012)), it is expected that the additional
expenses in the production process are not translated into higher output prices.
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6.2. Estimation results: posterior coefficient distributions

For the selected models based on the highest log marginal likelihood, Table 4
gives the posterior means and standard deviations of the coefficients from the
system of gas and electricity demand functions. Note that for the random coefficients, the intercepts αik and price coefficients αijk the table provides the
mean value of all the individual coefficients. Furthermore, the 95 per cent
highest posterior density intervals are given, indicating the range of values
that the estimated coefficient can have with 95 per cent certainty (Koop, 2003:
43–45). The overall gas demand equation shows results largely in line with
a well-behaved normalized quadratic cost function, meaning we find a negative own price effect for all products. The cross-price effects however show
mixed results, where—on average—only tomato firms have a positive crossprice effect. Beyond, we see that more intensive production is associated with
a higher demand for gas for all products. Furthermore, our conditional climate
variables are in line with the expectations: colder years (so years with a higher
number of heating degree days) are associated with a higher demand for gas,
whereas years with a higher light integral are associated with a lower demand
for gas.
Regarding the remaining conditional factors, we find a negative effect for
acreage for tomato and cucumber firms. This implies larger firms—holding
other conditional factors constant—are able to use less gas in their production
per square meter as compared to smaller firms. The magnitude of the effect
is particularly visible for cucumber firms and, to a lesser extent, for tomato
firms. Beyond, we observe positive relations between usage of a CHP engine
and artificial growing light on gas usage.
As a result of imposing the symmetry restriction, cross-price effects are
equal in the gas and electricity demand equation. The own price effect for
electricity is negative, yet the range of the HDPI is considerable. This holds
for most coefficients in the electricity demand equation, as in most cases the
95 per cent posterior density interval includes zero. Yet, our results do point out
that firms with an artificial growing light installation on average have a higher
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A log marginal likelihood value closer to zero implies that the model is better than the model it is compared with. A number of observations can be made.
First, all models with random intercepts and price coefficients are favoured
over the more restrictive random intercept and pooled models. This implies
that it is preferred to model energy price responses of Dutch horticultural firms
as heterogeneous over modelling these as fixed for all firms. Table 3 also shows
that the random intercept models are superior over the pooled models. Second,
it can be concluded that for cucumber the model with combined least squares
and elasticity priors has a better log marginal likelihood than the model based
on least squares priors only. However, for both tomato and bell pepper, the
model based on least squares priors only is favoured. The remainder of this
results section is based on these preferred models.
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Table 4. Posterior distributions of coefficients for the system of gas and electricity demand
functions

Electricity price
Production quantity
Acreage
CHP engine
Artificial growing
light
Heating degree days
Daily light integral
Intercept
Electricity demand
equation
Gas price
Electricity price
Production quantity
Acreage
CHP engine
Artificial growing
light
Heating degree days
Daily light integral
Intercept
N
n

Tomato

Bell pepper

−4.876 (1.409)
[−7.177, −2.472]
−0.127 (0.815)
[−1.458, 1.202]
0.030 (0.007)
[0.018, 0.042]
−0.458 (0.114)
[−0.645, −0.270]
5.953 (0.471)
[5.181, 6.730]
4.286 (1.154)
[2.382, 6.178]
0.170 (0.030)
[0.121, 0.219]
−0.176 (0.035)
[−0.240, −0.124]
25.678 (3.799)
[19.889, 32.388]

−10.021 (1.075)
[−11.786, −8.272]
1.440 (0.498)
[0.621, 2.260]
0.060 (0.013)
[0.037, 0.082]
−0.063 (0.025)
[−0.103, −0.023]
5.986 (0.534)
[5.114, 6.865]
2.972 (0.509)
[2.137, 3.814]
0.001 (0.000)
[0.001, 0.001]
−0.501 (0.029)
[−0.552, −0.459]
69.355 (3.620)
[64.460, 76.064]

−6.303 (0.981)
[−7.935, −4.721]
0.209 (0.351)
[−0.378, 0.789]
0.018 (0.013)
[−0.004, 0.039]
0.005 (0.020)
[−0.027, 0.037]
6.185 (0.376)
[5.567, 6.801]
1.616 (0.514)
[0.775, 2.465]
0.123 (0.018)
[0.095, 0.152]
−0.337 (0.021)
[−0.373, −0.302]
47.495 (2.518)
[43.308, 51.622]

−0.127 (0.815)
[−1.458, 1.202]
−0.064 (1.222)
[−2.163, 1.810]
−0.020 (0.004)
[−0.027, −0.014]
−0.085 (0.059)
[−0.182, 0.011]
0.625 (0.250)
[0.212, 1.034]
0.831 (0.586)
[−0.126, 1.799]
−0.007 (0.020)
[−0.039, 0.026]
−0.053 (0.025)
[−0.100, −0.014]
10.376 (3.187)
[5.909, 16.816]
238
65

1.440 (0.498)
[0.621, 2.260]
−1.824 (0.910)
[−3.362, −0.281]
0.002 (0.006)
[−0.008, 0.011]
0.029 (0.009)
[0.013, 0.044]
−0.278 (0.223)
[−0.645, 0.087]
1.249 (0.212)
[0.904, 1.600]
0.000 (0.000)
[−0.000, 0.000]
−0.017 (0.018)
[−0.048, 0.008]
2.930 (2.407)
[−0.186, 7.056]
686
142

0.209 (0.351)
[−0.378, 0.789]
−0.927 (0.719)
[−2.160, 0.227]
0.005 (0.005)
[−0.003, 0.014]
−0.004 (0.007)
[−0.016, 0.008]
0.145 (0.138)
[−0.083, 0.371]
0.102 (0.186)
[−0.203, 0.408]
−0.012 (0.010)
[−0.028, 0.005]
−0.010 (0.014)
[−0.038, 0.009]
2.571 (1.872)
[5.909, 16.816]
704
142

Notes: Posterior mean values and standard deviations are given for each coefficient in the upper row. The 95 per cent
highest posterior density intervals (hpdi’s) are given in square brackets. The presented values for the price coefficients
and intercepts are overall mean values.
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Fig. 2. Histograms of firm-specific price elasticities for cucumber, tomato and bell pepper firms.
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electricity demand. In years with a high daily light integral, the demand for
electricity drops, which is in line with our expectations.
The obtained price coefficients allow us to calculate the price elasticities. At the mean values for prices and quantities for the respective products, the gas price elasticity for the average cucumber firm equals −0.342
(−4.876*(0.986/14.036)), for tomato firms −0.512 and for bell pepper firms
−0.416. This means that, on average, tomato firms respond strongest to
changes in gas prices. Based on the estimated firm-specific (price) coefficients,
also firm-specific price elasticities were calculated. The histograms in Figure 2
show the spread in these price elasticities. We find that the majority of the firms
are concentrated around the mean value of the elasticities. A limited number of firms however have elasticities that are in the tails of the distribution.
This implies these firms either react stronger (for firms with a large negative elasticity) or less strong (for firms with elasticities close to zero) on the
energy price changes. These differences in price responsiveness of firms can be
attributed to e.g. differences in energy contracts as well as differences in production structure. In line with the obtained estimation results shown in Table 4,
the results on the cross-price elasticities are somewhat inconclusive, with some
firms (particularly cucumber firms) obtaining negative cross-price elasticities.
Also, the own-price elasticities for gas and electricity show unexpected positive effects in some of the cases. In cases where specific observations have a
deviating value (e.g. a high gas demand in a year with a similarly high price),
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Table 5. Descriptive overview of effects on energy usage per square meter
Tomato

Bell pepper

14.014 (5.149)
13.466 (5.096)
2.395 (0.837)

18.158 (5.367)
16.500 (5.396)
3.197 (3.644)

14.070 (4.482)
13.658 (4.600)
1.026 (0.743)

2.382 (0.835)

3.628 (4.055)

1.083 (0.825)

238 (65)

329 (76)

564 (124)

Notes: Overall standard deviation is given in parentheses. Gas usage is in normalized gigajoule per square meter and
electricity in normalized kWh per square meter.

this might result in a firm-specific price coefficient in the unexpected direction.
Yet, for most firms, elasticities are found with the expected signs.
6.3. Effects of gas price increases on energy usage and expenses

The effects of the increased gas expenses on the actual energy usage of the
firms are shown in Table 5. The results show a lower usage of gas for all products as a result of the input price-increase. This effect is most visible for tomato
firms, with an average decrease of 9.13 per cent in the demand for gas. On
the other hand, for bell pepper and tomato, we find that the electricity usage
increases. This results from the largely positive cross-price elasticities shown
in Table 4, implying that firms substitute some of the gas inputs for electricity
as a result of the price-increase. Remarkably, in the market for cucumbers, the
usage of electricity decreases resulting from the increase in gas prices. Moreover, it should be noted that due to the unexpected cross-price effect in some of
the cases (resulting in some negative coefficients), we obtain negative demand
predictions for electricity for a considerable number of observations. These
observations are not considered in the remaining analysis.
Multiplying the predicted input demands with the corresponding input
prices yields the impact on the energy expenses as shown in Table 6. Given the
substitution of mainly tomato firms from gas to electricity usage, we see that
their actual expenses on gas increased only very moderately. Yet, their electricity expenses increase resulting from the higher usage. For cucumber and
bell pepper firms, the effects on the electricity expenses are relatively modest.
Hence, they are mainly affected by the higher gas expenses resulting from the
price increase.
In order to show the underlying variability in additional energy expenses
between firms, Figure 3 shows the difference in energy expenses per square
meter between the baseline and scenario prediction for every firm set out
against the acreage per firm. The spread in additional expenses between firms
is visible for every product, yet the largest differences can be seen for tomato
firms. The figures show that the differences in increased energy expenses are
considerable for both smaller and for larger-sized firms. However, it should be
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Table 6. Effects on energy expenses in euros per square meter
Tomato

Bell pepper

13.476 (4.633)

16.653 (4.167)

13.458 (4.230)

14.491 (5.110)

16.983 (4.835)

14.634 (4.857)

2.473 (0.853)

3.289 (3.780)

1.060 (0.775)

2.460 (0.852)

3.731 (4.202)

1.119 (0.860)

15.950 (4.512)

20.002 (6.403)

14.497 (3.981)

16.952 (4.990)

20.769 (6.785)

15.735 (4.629)

238 (65)

329 (76)

564 (124)

Note: Overall standard deviation is given in parentheses.

Fig. 3. Relation between acreage and differences in energy expenses in euros per square meter
between the baseline and scenario prediction.

noted that other conditional factors (such as differences in energy systems) are
most likely to play a role in the relation between acreage and the additional
expenses resulting from the policy intervention.

7. Conclusions
In this paper, we analysed differences in energy usage for Dutch horticultural
firms and the consequences of a proposed gas price increase on incomes of
horticultural firms. Given the high energy intensity in combination with the
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increased attention for reducing greenhouse gas emissions and the usage of
fossil fuels, the aim for a further energy transition is a central policy issue in
the horticultural sector.
By first estimating a system of gas and electricity demand equations, we
obtain results that satisfy theoretical consistency and plausibility in terms of
the input-price effects. However, the empirical results on the cross-price elasticities between gas and electricity are for most firms close to zero and therefore
hard to interpret. Beyond, we find that acreage is most often negatively related
to the energy usage per square meter. Hence, larger sized firms use relatively
less gas in their production process. In addition, substantial differences arise
between firms based on their further production structure, in particular depending on the usage of artificial growing light and a CHP engine. As a result, large
differences in the energy usage between firms are observable.
Given these differences in actual input usage, as well as due to differences
in production technologies and e.g. energy contracts, it is relevant to allow
for flexibility in the estimation of our model coefficients. In a more conventional setting with fixed coefficients, we would assume every firm to react
similarly to potential price changes. In contrast, the estimation of a Bayesian
random coefficient model allows for obtaining firm-specific price coefficients
and intercepts. A potential drawback however is that this approach is prone
to data outliers. In cases where specific observations have a deviating value
(e.g. a high gas demand in a year with a similarly high price), this might result
in a firm-specific price coefficient in the unexpected direction. In more conventional estimation methods, the impact of these outliers is most often less
visible, as all observations are actually pooled in order to obtain a fixed slope
coefficient. The comparison of different models based on their log marginal
likelihood values however shows that allowing for random intercepts and price
coefficients is preferred for all studied products.
Our results point at considerable differences in the price elasticities between
firms, implying that not all firms react similarly to price changes. This implies
that policy interventions aimed at increasing or decreasing certain input prices
lead to different responses at firm level. In contrast to earlier research on the
income effect of policy interventions, which focused particularly on aggregated effects (e.g. Babcock, 2015), the use of random coefficients explicitly
allows for firm-specific responses to policy interventions. This is of particular importance as heterogeneity in firm structure and production technologies
becomes more prevalent in many agricultural sectors (Renner, Sauer and El
Benni, 2020). Hence, responses to changes in policy arrangements and market conditions are highly firm specific (Finger and El Benni, 2020; Reidsma,
2010).
Based on the proposals of the Dutch Climate Agreement (2019) for increasing energy taxes, we simulated the effects of this policy intervention on the
income positions of the different firms. The main effect of these policies is
additional costs arising from the increased gas prices. Given the considerable differences in energy usage between firms, as well as the heterogeneous
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