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Abstract

This paper assesses the influence of heat and drought stress on the economic performance of
the European dairy sector. Climatic data from the Gridded Agro-Meteorological data in
Europe were combined with dairy enterprise data from the Farm Accountancy Data
Network, resulting in a data set of 4412 farms in 22 European Union (EU) countries over
the period 2007–2013. Since the performance of dairy farms is influenced by the context in
which they operate, farms were grouped into areas representing similar climatic conditions
through the use of a latent class analysis. Technical efficiency (TE) and economic downside
risk were used as performance indicators against which the effect of climatic stress factors
was evaluated. TE was estimated using a ‘true-fixed’ effect stochastic frontier model.
Economic downside risk was based on gross margin deviations. Regression analysis suggests
a significant negative effect of drought and heat stress on both TE and the downside gross
margin difference in most climatic classes, with few exceptions. Results imply that both
drought and heat stress-related issues need to be considered when designing adaptation strat-
egies to address threats to the economic performance of the EU dairy sector.

Introduction

The European dairy sector is the second largest agricultural sector in Europe (EU, 2018). The
EIP-AGRI Focus Group on Robust and resilient dairy production systems reported that
(2018): ‘A robust and resilient dairy production system should be able to withstand changes
from outside like drought and volatile prices’. Indeed, the sector is likely to be increasingly
affected by climatic change, including higher temperatures and more frequent extreme events
such as heat waves, droughts, storms and heavy rainfalls (Ahmad et al., 2009; IPCC, 2014,
2019), which are expected to lead to both direct and indirect impacts. With increasing summer
temperatures, heat stress is likely to affect dairy cow productivity more frequently, even in tem-
perate climate regions (Armstrong, 1994; Fodor et al., 2018). Heat stress negatively affects dairy
cattle welfare and productivity in multiple ways, including reduced feed intake, and increased
body temperature and respiratory rate, as cows cope with high environmental temperatures
and humidity (Armstrong, 1994; Bernabucci et al., 2014; Ammer et al., 2018).

These direct consequences on the animal can be further exacerbated through the negative
influence of heat and drought on pasture and forage production (Soussana et al., 2010).
Drought stress events have become more common in Europe, and in the Mediterranean
basin in particular, while the increasing occurrence of higher temperature records may worsen
the impacts of drought (IPCC, 2019). The combined effects of heat waves on cattle welfare and
on pasture and forage productivity are likely to affect the economic performance of dairy
farms.

The literature on dairy systems typically analyses the effects of climate on yields or revenues
in very specific contexts or countries, and impacts are often measured only for a limited time
period (Bernabucci et al., 2014; Fodor et al., 2018). In addition, very few of those studies focus
specifically on the impacts of environmental conditions on efficiency.

This paper aims to evaluate the influence of heat and drought stress on the annual perform-
ance of dairy cow systems across a large geographic region using balanced dairy enterprise
panel data from the Farm Accountancy Data Network (FADN) database (EU-FADN – DG
AGRI, 2019). Performance is measured in terms of technical efficiency (TE) and economic
downside risk, which are often used as economic indicators in the dairy sector since they
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reflect the capacity of farms to achieve their specific potential and
face major economic risks (Madau et al., 2017; Finger et al., 2018).

TE characterizes farm performance and reflects the ability of a
farm to generate output units, given the inputs and the state of
technology at its disposal (Johansson, 2005; Abdulai and Tietje,
2007). In other words, TE represents the effectiveness with
which a given set of inputs (e.g. pesticides, feed, etc.) is used to
produce output units (e.g. milk production per cow). We assume
that climate stress can decrease TE through two main pathways.
Firstly, dairy cows can be directly affected by heat stress with an
immediate drop in milk yield and quality (Hill and Wall, 2015).
Secondly, both heat and drought stress can affect the quantity
and the quality of forage available for dairy cows, causing reduced
grass availability for grazing herds during the stress period, and
potentially impacting yield and quality of forage harvested for
the subsequent winter feeding period. The reason these pathways
are considered relevant for TE is that the ability to convert inputs
into outputs under the influence of exogenous weather variables is
likely to vary between farms, depending on the management sys-
tem in place under a given state of technology.

Economic downside risk measures the negative economic impact
(s) associated with production risk(s). It is a performance indicator
that is of particular importance in the dairy sector in which farmers
have to deal with high volatility in milk quantity and quality and
market price (Wolf et al., 2009; Belasco et al., 2010; Henry et al.,
2016; Finger et al., 2018). TE and economic downside risk are com-
plementary indicators, in that high TE of farms does not necessarily
reduce exposure to economic downside risk (and vice versa),
depending on the intensity of input use per dairy cow. In this
study, we hypothesize that, on average, both TE and economic
downside risk are negatively affected by climate stress.

Materials and methods

Data

The analysis of impacts of the climate on the performance of the
European Union (EU) dairy cow sector was undertaken by com-
bining climatic data available from the Gridded
Agro-Meteorological data in Europe (AGRI4CAST) (EU, 2019a)
and the farm accounting data available from the FADN database
(EU-FADN – DG AGRI, 2019) at a NUTS2 region (e.g. French
Alsace region) spatial scale (EU, 2019b). NUTS stands for
Nomenclature of Territorial Units for Statistics, which is a geo-
graphical system according to which the EU territory is divided
into hierarchical levels. The three hierarchical levels are known
as NUTS1, NUTS2 and NUTS3. NUTS2 are basic regions for
the application of regional policies. A given NUTS1 or NUTS2
region typically contains several NUTS2 and NUTS3 regions,
respectively. The primary purpose of the FADN is to monitor,
on an annual basis, farm income and business activities in EU
countries. Software Stata 15.1 (StataCorp, 2017) was used in all
steps of the analysis for data management and computation.

Climatic data
Daily meteorological data for the period 2004–2013 were obtained
from the Agri4Cast database that comprises daily weather values,
including the grid number (location) of each weather station, alti-
tude (m), vapour pressure (hPa), precipitation quantity (mm) and
the maximum, minimum and average temperature (°C). The indi-
vidual weather station data needed to be aggregated to NUTS2
regions in order to match heat and drought information with

the anonymized farm data organized by NUTS regions within
the FADN data structure. On average there are 44 weather stations
per NUTS2 region. As the approximate altitude of each farm was
available, the climatic data could be allocated to a binary altitude
variable, allowing a differentiation between lowland and upland
farms (threshold of 600 m). Missing values, due to a lack of wea-
ther station data in a particular NUTS2 region and given altitude
level (lowland or upland), were derived using the percentage dif-
ference between lowland and upland areas at the larger NUTS1
level where data were available. The percentage difference was
applied to the value available at the NUTS2 level and given alti-
tude level (lowland or upland) to derive the missing value at
the NUTS2 level from either the lowland or upland area. Values
were replaced as a proportion of 0.0057 in the total number of
observations. The percentage difference was capped to a propor-
tion of ±0.25 to prevent inaccurate extreme difference when the
initial value was very close to zero. Adjustments to the value of
the corresponding NUTS2 region and given altitude level (low-
land or upland) are needed because the altitude influences the
weather conditions.

The performance of dairy farms is strongly influenced by the
context in which they operate, so it is important to cluster
farms from regions that are part of a similar environment.
Ceglar et al. (2019) defined European climate zones using weather
data at the NUTS2 level, but their study focused specifically on
cropping systems and the variables used to define the different
zones were selected for their capacity to discriminate favourable
climatic conditions for vegetation growth. In this paper, we postu-
late a direct effect of weather on forage production but also on the
health and productivity of dairy cows. Therefore, NUTS2 regions
were grouped into classes representing similar climatic conditions
(climatic regions) in general terms. The data set contained 239
lowland and 153 upland NUTS2 regions. Latent class analysis
(LCA) was used to identify the underlying structure of the data
to predict the probability of each lowland region belonging to a
specific class (Hagenaars and McCutcheon, 2002). Following
authors who specified European agro-environmental zones
(Metzger, 2005; Iyigun et al., 2013; Beck et al., 2018), maximum
summer temperature, minimum winter temperature, annual
standard deviation (S.D.) of daily average temperature, number
of rainfall days with <1 mm and the average daily rainfall were
selected for use in the parametrization.

To classify the data into more homogeneous groups, a general-
ized structural equation model to measure latent variables and
defining latent classes was used (Stata command gsem, with lclass
option) for all NUTS2 regions in lowland areas, with upland areas
further identified by their altitude (>600 m) given their specificity
in terms of dairy system. The number of classes was defined by
minimizing the Schwarz Bayesian information criterion
(Schwarz, 1978) while ensuring sample sizes of >200 observations
a year to avoid generating too small classes that would signifi-
cantly reduce statistical power. This resulted in five lowland
classes, while all upland farms were grouped into a single class.
Therefore, six climatic classes were assessed, with the following
geographically descriptive names: North Atlantic (NAT), West
Atlantic (WAT), Boreal (BOR), Continental (CON), South
(SOU) and Upland (UPL).

Temperature–humidity index
Temperature–humidity index (THI) is a commonly used indica-
tor to measure potential heat stress in cattle based on environ-
mental temperature and humidity (Johnson, 1980; Hahn et al.,
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2003). However, the expected threshold above which heat stress
can be observed varies greatly in the literature, ranging from 60
to 78 (McDowell, 1972; Brügemann et al., 2012; Dash et al.,
2016), which is likely due to the large diversity in both method-
ology and geographical location covered by different studies. An
important difference is whether the calculated THI thresholds
correspond to a daily average, daily maximum, daily minimum,
a mix of maximum and minimum values or instantaneous values,
either real or derived from the maximum and minimum THI
values (Ravagnolo et al., 2000; Finger et al., 2018). Another
major difference is the geographical area studied as there is evi-
dence of cattle acclimatization to heat stress (Dunn et al., 2014).

Several THI formulae have been developed over the past few
decades (see e.g. Dikmen and Hansen (2009) for a review). In
this study, THI was calculated in three steps, as follows (NRC,
1971; Sargent, 1980; Oyj, 2013):

Tdc = 240.7263
(7.591386/log10(Pw/6.116441))− 1

( )
(1)

RH = (10(7.591386× ((Tdc/(Tdc+240.73)) −(Tdb/(Tdb+240.73))))) (2)

THI = (1.8× Tdb+ 32)

− ((0.55− 0.0055× RH)× (1.8+ Tdb− 26.0)) (3)

where Tdc is the dewpoint, Pw is the vapour pressure (hPa), Tdb is
the dry bulb temperature (°C) and RH is the relative humidity (%).

West (2003) and Spiers et al. (2004) reported a heat stress
impact on milk yield from the third consecutive day of exposure
to high THI. In this study, to account for heat stress, the number
of occurrences when there were at least three consecutive days of
exposure to high THI was calculated. Different THI thresholds
were primarily assigned to the geographical classes identified by
the LCA procedure: a threshold of 60 was selected for NAT and
BOR (coolest western classes) in line with estimations by
Brügemann et al. (2012); 64 was the threshold for WAT, CON
and UPL (average of estimation by Brügemann et al., 2012;
Zimbelman et al., 2009) and 68 was the threshold for SOU as sug-
gested by Bouraoui et al. (2002) under a Mediterranean climate.
The threshold of 64 assigned to CON and UPL classes did not
allow assessment of a significant effect, so it was increased to 68.

Drought indicator
Water availability in soil is a key factor in forage production
(Sepulcre-Canto et al., 2012), but this information was not avail-
able. In this study, precipitation levels were used to predict drought
periods as limitation in water availability is partially caused by lim-
ited precipitation. Equivalent to the THI calculations, the drought
stress was defined as the number of periods from March to
September (most critical period for vegetation growth) with a spe-
cified minimum number of consecutive dry days. A dry day was
defined when daily precipitation was below 3mm. A drought
stress threshold of between 10 and 60 (interval of 10) dry consecu-
tive days was selected in each class at the 75th percentile of the cor-
responding number of annual dry periods. The process resulted in
a cut-off value of 40 consecutive dry days in most of the classes
apart from NAT (30 days) and SOU (60 days).

As the drought might induce a delayed effect on the following
feeding periods due to decreased forage supplies, a time-lagged

drought variable, based on the same thresholds, was also created.
This lagged variable was then transformed into a dummy variable,
to identify whether the previous year had been exceptionally dry
or not, which was created by selecting 0.3 annual dry periods from
March to September at the NUTS2 level (average from several
weather stations), corresponding to the 90th percentile in NAT,
WAT and CON. This variable was not included for the other
classes due to multicollinearity issues.

Farm data
Farm data consisted of the FADN data on farm characteristics and
production of all ruminant and ruminant-mixed farm types over
a 10 year period from 2004 to 2013 in 25 EU countries (the most
recent data available). Only farms with an economically relevant
dairy enterprise were retained. As per FADN methodology,
farms were defined as dairy specialist with a dairy economic out-
put corresponding to a proportion of at least 0.35 of the total farm
economic output (EU, 2014). The selected data set of farms com-
prised of direct and calculated FADN values, on the basis of the
FADN dairy enterprise allocation methodology (EU, 2014).
Values of EU dairy farms were calculated at the dairy enterprise,
per unit of cow, and on a forage hectare basis to further charac-
terize and quantify their economic performance.

To allow observation of the same individual (farm) in a given
period (year) and to reduce the noise associated with individual
heterogeneity, balanced panel data (in this case, identical farms
over time) are preferred over unbalanced data (Quayes, 2015).
This approach is particularly important when the model does
not assume TE to be time-invariant; in other words, when TE
is not fixed and can vary over time (Gupta and Nguyen, 2010).
The use of panel data has the advantage of controlling for the
unobservable time-invariant heterogeneity due to omitted vari-
ables (e.g. farmers’ education level) and thus helps to obtain
more accurate inefficiency estimates (Ahn et al., 2013).

The selected dairy data set of more than 140 000 observations
did not represent a perfect balanced panel database structure and
was therefore refined by only retaining farms that occurred
continuously within the data set for seven consecutive years
(2007–2013). The resulting sub-data set of ca. 35 000 observations
was further reduced after removing severe outliers. Severe outliers
(ca. 2000 observations) for the production function variables,
the farm size (ha) and stocking density [grazing livestock unit
(GLU)/ha] were excluded separately for each class using the
standard 25th and 75th percentile ± three times the interquartile
range. The final data set contained six classes comprising 30
884 observations, representing a sample of 4412 farms in 22 EU
countries over the period 2007–2013. Tables 1 and 2 show the
descriptive statistics on production and economics, as well as
climatic variables of the farms in the six climatic zones.

To obtain a better geographical representativeness of the dairy
farms in each class, a weighting factor was created and used in the
efficiency and downside risk analysis to weight individual farm
observations. The weighting factor was based on the number of
farms present in each NUTS2 region in 2007 (first year) in the
final data set compared to the number of farms represented in
the database in the same year before the data subset was created.

Efficiency analysis

As recommended by Coelli (1995) for the computation of TE
scores in an agricultural context, the stochastic production fron-
tier (SF) approach was used in this study. The model separates
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Table 1. Production and economic characterization of farms in each class, 2007–2013

Class NAT WAT BOR CON SOU UPL

Description (and countries with
NUTS2 regions represented)

Cool and wet, with
low temperature
variation (IE, UK)

Moderate
temperature, with
warmer summers
and cooler winters
(BE, DE, ES, FR, LU,
NL, PT, UK)

Very cold winters,
moderate
temperature in
summers, dry (FI,
SE)

Warm summers,
cold winters (AT, CZ,
DE, EE, FR, LT, LV,
PL, SE)

Hot summers, cool
winters (AT, CY, EL,
ES, FR, HU, IT, MT,
PT, SI)

Quite warm
summers and cool
winters (AT, CZ, DE,
ES, FR, IT, PL, PT, SE,
SI)

Observations 2289 9478 1589 12 306 1799 3423

Number of farms 327 1354 227 1758 257 489

Variables Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D.

Output and farm characteristics

Production (kg/cow) 5809 1359 7259 1564 8628 1235 5946 1700 6894 1957 6425 1516

Milk price (€/dt) 31.9 4.4 35.4 4.9 43.6 4.5 31.4 6.1 38.4 8.6 38.0 7.1

Specialization (%) 73 12 72 15 79 12 64 14 71 14 67 14

Farm size (ha) 77 49 77 54 71 39 59 58 49 47 45 38

Forage maize (%) 1.1 4.0 19.0 17.1 0.1 1.4 11.2 11.2 14.1 22.2 4.6 10.5

Stocking density (GLU/ha) 2.09 0.58 2.34 1.16 1.39 0.56 1.84 0.89 4.02 3.66 1.51 0.85

Inputs

Feed cost (€/cow) 646 287 693 365 1261 514 578 321 1241 631 766 472

Forage cost (€/cow) 142 51 154 88 184 95 108 74 102 85 61 60

Maintenance cost (€/cow) 98 51 158 91 402 199 127 91 93 80 159 98

Labour (AWU/cow) 0.02 0.01 0.02 0.01 0.06 0.03 0.06 0.04 0.04 0.02 0.05 0.02

Land availability (ha/cow) 0.67 0.22 0.69 0.28 1.10 0.44 0.91 0.54 0.60 0.44 1.19 0.74

Other costs (€/cow) 277 127 350 166 589 274 196 151 225 162 273 156

AWU, annual work units.
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the one-sided TE component (ui) from the statistical noise cap-
tured by the random error component vi. This is of utmost
importance due to the typical occurrence of data inconsistencies
and measurement errors (Coelli, 1995). The Cobb–Douglas func-
tional form was selected, thus making the hypothesis of constant
returns to scale in all classes which is tested in this study. Constant
return to scale means that the relative increase of the output is
equal to the relative increase of the allocated production factors
(inputs). This functional form is still widely used in research on
economics and productivity measurement as it gives simple esti-
mation and interpretation (Kumar et al., 2016) and usually pro-
vides a fairly good approximation of the production process
(Pendharkar et al., 2008; Epple et al., 2010; Kumar et al., 2016).
One limitation, though, is that the function imposes a given
level for substitution possibilities between inputs. More flexible,
and still fairly simple, approaches exist such as the nested constant
elasticity of substitution functions proposed by Sato (1967) but, in
this example, substitution mechanisms remain partly inflexible
and the nest structure if often set in an arbitrary manner. Even
more flexible approaches are available such as the Translog func-
tion, which have the advantage of eliminating constraints on sub-
stitution mechanisms between inputs but their use is also far
more complex. The latter leads to two specific limitations possibly
resulting in poor results: (1) the use of the linear approximation
makes it difficult to fulfil the theoretical curvature conditions of
the isoquants (curves representing the various combinations of
two inputs resulting in the same amount of output), particularly
when prices vary greatly (Diewert and Wales, 1995; Sauer,
Frohberg, and Hockmann, 2006); and (2) the demand for inputs
is typically derived from the cost function at the optimum that
requires having all data on the cost of inputs, and even if such
data are available, it is not guaranteed that the approximation is
effectively at the optimum due to the rigidity of the function
(Dawson and Lingard, 1982). In the present case, precise data
on inputs cost are not available, thus making the use of a complex,
although more flexible production function, unsuitable. Another

possible limitation of the Cobb–Douglas function is the assump-
tion of perfect market competition. This assumption is somewhat
radical, however, the dairy sector is known to be highly competi-
tive (Drescher and Maurer, 1999), making it less dubious. It is
clear that a perfect market competition is never attained, but we
can argue that the dairy sector does not deviate much from
such a perfect equilibrium. Therefore, we believe that the model
represents a fairly good approximation of the reality.

To estimate TE scores, a ‘true-fixed’ effects mode was used
(Greene, 2005a, 2005b) where the unobserved individual effects,
capturing all unobserved heterogeneity, are fixed (time-invariant)
and assumed to be correlated with the regressors (Stata command
sfpanel, with tfe option). This ‘true-fixed’ effect model, developed
by Greene (2005a, 2005b), allows changes in observable individ-
ual effects over time by disentangling productive unit-specific het-
erogeneity from inefficiency (Wang and Ho, 2010; Kutlu et al.,
2019). The model is fundamentally a standard fixed-effect panel
data model augmented by an additional stochastic error compo-
nent capturing the heterogeneity. For the inefficiency term uit,
the half-normal distribution is specified, which appears to be an
appropriate specification for highly competitive economic sectors
(Kumbhakar et al., 2015), such as the dairy industry (Drescher
and Maurer, 1999).

The annual production of milk (kg) per dairy cow was used as
a dependent variable. Given the absence of information on the
physical quantity of inputs in the FADN database, and the lack
of full statistical information on the unit cost of the different
inputs in each EU country and over time, inputs were expressed
in constant monetary values in the model, using 2013 as the
base year. The inflation adjustment of input values was under-
taken using the harmonized index of consumer prices (HICP)
and the price indices of the means of agricultural production pro-
vided by Eurostat (2018, 2019). The latter was used to deflate feed
and forage costs, while the other monetary variables, less asso-
ciated with fertilizer markets, were adjusted by the HICP.
Inputs were also expressed per dairy cow and comprised of feed

Table 2. Climatic characterization of farms in each class, 2007–2013

Class NAT WAT BOR CON SOU UPL

Observations 2289 9478 1589 12 306 1799 3423

Number of farms 327 1354 227 1758 257 489

Climate records (mean)

Maximum summer temperature (average from the highest temperature
in June, July and August, respectively) (°C)

18.0 22.3 18.8 23.4 28.4 21.8

Minimum winter temperature (average from the lowest temperature in
December, January and February, respectively) (°C)

3.2 2.0 −10.5 −3.0 1.9 −3.8

S.D. of average temperature (°C) 4.4 6.1 9.8 8.3 7.3 7.5

Rainfall days <1mm (#) 196.3 240.2 249.6 251.0 282.9 247.9

Rainfall (mm/day) 3.0 2.3 1.7 2.0 2.1 2.8

Periods ⩾30 consecutive dry days (#) 0.22 0.46 0.64 0.35 0.99 0.45

Periods ⩾40 consecutive dry days (#) 0.02 0.14 0.20 0.12 0.52 0.21

Periods ⩾60 consecutive dry days (#) 0.00 0.02 0.03 0.01 0.25 0.06

Periods ⩾3 consecutive hot days – THI 60 days (#) 1.30 8.11 3.07 7.84 6.32 5.91

Periods ⩾3 consecutive days – THI 64 days (#) 0.00 1.03 0.23 1.96 5.00 1.11

Periods ⩾3 consecutive days – THI 68 days (#) 0.00 0.02 0.00 0.02 1.60 0.04
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costs (coarse fodder, non-fodder and concentrate), forage costs
(based on seed, fertilizer and pesticide costs), maintenance costs
(machinery, cars, building and land improvement) and other
costs related to milk renewal (herd replacement), contractual
work and veterinary services. The family and hired labour were
also included and expressed in annual work units. Finally, the for-
age area (ha) allocated to the dairy enterprise by GLU was
included to better account for forage availability per dairy cow.

The ‘true-fixed’ effect frontier model was parameterized as fol-
lows (Greene, 2005a, 2005b):

ln (PRODit)|cl = ai|cl + ln (xit)b|cl + vit|cl − uit|cl (4)

where PRODit is the production y of milk (kg) per dairy cow for
farmi at timet in a given classcl; |cl means that each class cl is esti-
mated independently; αi is the time-invariant unobserved firm-
specific (individual) effect; xit is the vector of input variables; β
is the vector of coefficients; vit is the random noise term and uit
is the inefficiency term (score from 0 to 1).

The effect of climate stress conditions on inefficiency was esti-
mated simultaneously with the production function that identifies
the factors determining the level of production. In other words,
the inefficiency estimation (derived from the estimation of the
production function) and identification of the causing factors
were performed in a single-stage process, as undertaken by
Kumbhakar (1991) and Battese and Coelli (1995). Several applica-
tions in which exogenous variables (not in control of the produ-
cer) enter the model exist in the literature, e.g. the inclusion of
exogenous country effects such as climate conditions (Greene
2008). This method has the advantage over a two-stage estimation
process, in that it includes the vector of observed exogenous vari-
ables that may affect both the production function and the ineffi-
ciency distribution (Kumbhakar and Lovell, 2000; Wang and
Schmidt, 2002; Greene, 2008; Belotti et al., 2013).

The climatic regressors included in the model were the num-
ber of periods of three or more consecutive hot days (based on
THI 60, 64 or 68); the number of periods of at least 30, 40 or
60 consecutive dry days and the dummy-lagged drought variable.
Farm size measured as utilized agricultural area, dairy specializa-
tion rate and the share of forage maize area, were included as con-
trol variables in the model due to their potential positive influence
on efficiency (Alvarez and Arias, 2004; Bojnec and Latruffe, 2013;
Kelly et al., 2013). The share of forage maize area was included in
the model as a proxy for more productive land as it is likely to
inadvertently increase TE. An indication of whether a farm is
organic or not was also included (as dummy: 1 = organic).
Finally, the price of milk was also controlled for, as it is expected
to affect efficiency for two reasons, partly due to making fewer
efforts to improve TE, and also due to a possible bias correction
associated with a possible heterogeneity in input prices across
countries. Milk prices are likely to give an indication of input
prices due to country specificities in terms of general price
level. This assumption is supported by the data set, where we
found a moderate positive correlation between milk prices and
input costs of around 0.3 in CON, SOU and UPL (with almost
zero correlation in the other classes). Therefore, efficiency scores
of farms located in these classes may be biased and it is essential
to control for this possible bias (Table 3).

As observations may be correlated within a NUTS1 region, due
to similar farm systems at that level, the option vce (cluster) was
used to adjust standard errors (S.E.), by relaxing the usual require-
ment of independent observations (Belotti et al., 2017). Therefore,

correlation within NUTS1 regions was allowed, while assuming
observations to be independent between regions.

Economic downside risk analysis

The economic downside risk refers to the variability of the gross
margin per dairy cow and corresponds to the possible decrease of
the gross margin in 1 year compared to the average over the 7 year
period (2007–2013). Specifically, the downside risk was calculated
on an annual basis for each individual farm as the difference
between the gross margin in year t and the average gross margin
over the 7 year period. This variability of the gross margin is
called the downside gross margin difference (DGMD). Gross
margins per dairy cow for all farms were simply calculated as
the revenue (production x milk price) minus the sum of feed, for-
age, maintenance and other costs.

As we only look at the downside risk, positive values were trea-
ted as null-effects, which implies the dependent variable to be
right censored at the zero value. As a significant fraction (0.50)
of the observations had a null value, a Tobit model was selected
to deal with this type of data (Tobin, 1958). As the unobserved
heterogeneous variables were not expected to be correlated with
the regressors (climatic and control variables), a random-effects
model was used (xttobit command). The class-specific
random-effects Tobit model was specified as follows:

DGMDit|cl = x′itb|cl + 1it|cl (5)

DGMDit|cl = {0 if yit|cl ≥ 0} (6)
where Eqn (5) indicates that DGMDit is the downside gross mar-
gin difference per dairy cow for farmi at timet in a given classcl; |cl

Table 3. Variables used in the efficiency analysis

Dependent variable

Milk production (kg/cow)

Input variables

Feed cost (€/cow)

Forage cost (€/cow)

Maintenance cost (€/cow)

Labour (AWU/cow)

Land availability (ha/cow)

Other costsa (€/cow)

Climatic variables

Periods ⩾3 consecutive hot days, based on THI 60, 64 or 68 (#)

Periods ⩾ 30, 40 or 60 consecutive dry days (#)

Lagged drought variable (0/1)

Control variables

Farm size (ha)

Specialization (%)

Forage maize (%)

Organic (1 = organic)

Milk price (€/dt)

AWU, annual work units.
aThe other costs include the milk renewal, contractual work and veterinary services costs.
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means that each class cl is estimated independently; xit is the vec-
tor of explanatory variables; β is the vector of coefficients and ϵit is
the disturbance term. Equation (6) indicates that the dependent
variable is right censored at the zero value, in all classes.

Results

Technical efficiency

The Cobb–Douglas functional form was appropriate for fitting
the SF model with the test for the hypothesis of constant returns
to scale (sum of inputs elasticity = 1) being significant (P < 0.01)
across all classes, which means that the relative increase of the
output is equal to the relative increase of the allocated inputs.
The Wald test was also significant (P < 0.01) in all classes, indicat-
ing the explanatory variables had statistically significant effects
and therefore were appropriately selected.

The distribution of efficiency scores shows a similar pattern
across classes apart from SOU and UPL where the distribution
(curve) is flatter (Fig. 1), meaning that these classes are more het-
erogeneous in terms of efficiency of the different farms and over
the 7 year period. Average efficiency scores across the six climatic
classes are very high, ranging from 0.88 (out of 1) in SOU to 0.96
in NAT.

The estimated coefficients for the milk production function are
presented in Table 4. The majority of coefficients had the
expected positive sign. Feed cost per dairy cow was a highly sig-
nificant factor across all classes, though no significant associations
were found for forage costs. Labour was significant for all classes,
while maintenance, land availability and other costs (milk
renewal, contractual work and veterinary services) were signifi-
cant for most classes.

Table 5 presents the determinants of inefficiency, and not effi-
ciency, as the analysis was conducted in a one-stage process. In
the WAT, BOR, SOU and UPL classes, drought is significantly
and positively associated with inefficiencies in a given year t.
Otherwise, drought had no significant effect in CON, while it

had a delayed significant effect in NAT for year t + 1. Heat also
significantly contributed to inefficiencies in most of the classes,
with exceptions in CON and UPL.

The estimated parameters for the control variables suggest that
a higher specialization rate and a higher milk price have a signifi-
cant effect, reducing or increasing inefficiencies, respectively. The
effect of farm size on the inefficiency term was not significant
across classes apart from BOR where an increased farm size sig-
nificantly reduced inefficiency. The share of maize forage was
not significant in most classes apart from UPL. Moreover, organic
farms appear to be significantly less inefficient than conventional
farms in BOR and SOU, though this effect is not confirmed in
other classes.

Economic downside risk

An average proportion of ca. 0.50 (n = 2217) of the total number
of farms (n = 4412) was affected annually by downside risks
across all classes. However, this share was quite variable and ran-
ged from ca. 0.29 in 2007 to 0.89 in 2009, with an S.D. of 23% over
the 7 year period.

The average trend of DGMD per dairy cow is illustrated in
Fig. 2. A similar pattern can be observed for all classes except
for BOR. The DGMD magnitude substantially increased across
Europe in 2009, compared to the 7 year average, probably due
to the widespread reduction in milk prices in 2009 compared to
2008 (−21%) and compared to the whole 7 year period (−17%).
Another increase in the DGMD magnitude is observed in the
BOR class in 2012 and 2013, possibly due to the overall feed
cost rise in these 2 years compared to the 7 year period (mean
= +31%).

The determinants of the DGMD per dairy cow are reported in
Table 6. The Wald test was significant (P < 0.01) across all classes,
indicating that the Tobit model was correctly specified. Our find-
ings indicate that drought consistently had a significant negative
effect on DGMD in BOR, CON, SOU and UPL directly in year
t and also a delayed effect on the year t + 1 for CON. The effect

Fig. 1. Distribution of efficiency scores in each
climatic class, 2007–2013.
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Table 4. Milk production function determinants in each climatic class, 2007–2013

Class
NAT WAT BOR CON SOU UPL

Variable Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.

Feed [ln(€/cow)] 0.118*** 0.026 0.169*** 0.018 0.073*** 0.002 0.088*** 0.004 0.115*** 0.026 0.140*** 0.008

Forage [ln(€/cow)] −0.005 0.006 −0.001 0.002 −0.000 0.004 0.004 0.002 0.001 0.010 −0.000 0.005

Maintenance [ln(€/cow)] 0.013* 0.007 0.015*** 0.003 0.025*** 0.005 0.020*** 0.001 0.002** 0.001 0.008 0.008

Labour [ln(AWU/cow)] 0.132*** 0.015 0.090*** 0.016 0.063*** 0.008 0.081*** 0.015 0.173*** 0.037 0.117*** 0.027

Land [ln(ha/cow)] −0.020 0.018 0.084*** 0.011 0.007 0.012 0.034*** 0.013 0.033*** 0.001 0.091*** 0.033

Others [ln(€/cow)] 0.048*** 0.006 0.056*** 0.004 0.027*** 0.002 0.029*** 0.004 0.020*** 0.004 0.002 0.004

Constant −5.743*** 0.246 −6.019*** 0.393 −5.737*** 0.197 −4.918*** 0.112 −45.557*** 0.761 −43.519*** 0.751

Observations 2289 9478 1589 12 306 1799 3423

Number of farms 327 1354 227 1758 257 489

AWU, annual work units.
Note: Significance levels: ***P < 0.01, **P < 0.05, *P < 0.1.
Dependent variable: Milk production [ln(kg/cow)].

Table 5. Influence of heat and drought stress on technical inefficiency in each climatic class, 2007–2013

Class
NAT WAT BOR CON SOU UPL

Variable Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E. Coef S.E.

Drought −0.736 0.468 0.535** 0.249 0.129*** 0.044 0.118 0.893 0.506** 0.232 1.090*** 0.269

Lagged drought 0.667*** 0.240 −0.012 0.239 0.045 0.563

Heat 0.695*** 0.236 0.304*** 0.093 0.150*** 0.005 −6.307 6.302 0.179** 0.091 −0.013 0.093

Farm size (ha) −0.017 0.025 −0.019 0.015 −0.014*** 0.005 −0.024 0.019 −0.003 0.003 −0.002 0.001

Specialization (%) −0.046 0.029 −0.042*** 0.008 −0.059*** 0.009 −0.064*** 0.014 −0.016** 0.007 −0.033*** 0.006

Maize (%) −0.102 0.078 −0.002 0.005 −0.042 0.037 −0.004 0.018 −0.006 0.004 0.006* 0.003

Milk price (€/dt) 0.010 0.028 0.076*** 0.010 0.218*** 0.010 0.067** 0.029 0.042*** 0.007 0.037*** 0.008

Organic (yes = 1) 1.280 1.456 0.534 0.412 −1.003*** 0.069 −0.166 0.954 −1.107*** 0.265 −0.250 0.223

Constant −2.604* 1.445 −3.553*** 1.117 −10.126*** 0.092 −2.646*** 0.985 −3.877*** 0.802 −2.825*** 0.633

Observations 2289 9478 1589 12 306 1799 3423

Number of farms 327 1354 227 1758 257 489

Note: Significance levels: ***P < 0.01, **P < 0.05, *P < 0.1.
Dependent variable: [inefficiency term ui].
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of drought is more ambiguous in NAT and WAT as in the current
year it appears to lessen the downside risk while it has a negative
effect in the year t + 1. The significant effect of heat is negatively
associated with DGMD across classes, with the lowest magnitude
in UPL and the highest in CON.

Results for the control variables show that a higher milk price
generally improves economic resilience through a reduced
DGMD. In addition, a higher specialization rate generally reduces
DGMD, except for NAT and WAT that showed high specializa-
tion ratios of 0.73 and 0.72, respectively. However, the specializa-
tion ratio was also high in BOR (0.79) compared to the other
classes (0.64–0.71). The other variables also play a significant
role in DGMD, but results are variable across classes in terms
of the direction of the relationships. Organic farms are less
affected than conventional farms by the economic downside
risk in BOR and SOU, but in contrast, organic farms are signifi-
cantly more affected in other classes.

Graphically, no clear link between TE and DGMD is observed
across classes. In fact, the correlation between TE and DGMD is
quasi-null in WAT and CON, while there is a slight positive cor-
relation in the other classes, ranging from 0.20 in BOR to 0.28 in
SOU (Fig. 3).

Discussion

This study assessed the influence of drought and heat stress on the
performance of a panel of EU dairy farms obtained from the
FADN data set, through measuring and estimating climate deter-
minants of TE and DGMD. The SF and Tobit models allowed
absorption of the unobserved heterogeneity effect. Furthermore,
the Cobb–Douglas functional form appeared to be appropriate
as the hypothesis of constant returns to scale was highly signifi-
cant across all classes. Even though the literature highlights that
the typical relationships between marginal costs and average
costs would imply the presence of decreasing returns to scale at
a certain point, it has also been emphasized that technological
advances and human capital investments can delay this trend in

the dairy sector (Mosheim and Lovell, 2009). Furthermore,
some studies even found increasing returns to scale in agriculture
(Martinho, 2017). However, these studies often take into account
the total output as well as the fixed capital that is known to be a
key driver to economies of scale (Kislev and Peterson, 1996;
Mohammad, 2020). In this paper, the analysis is made on a per
dairy cow basis, thus limiting for instance the effect of an
increased level of feed as the number of cows remains unchanged.
In addition, the fixed capital is largely excluded.

The selection of the two performance indicators was justified
by the absence of a clear correlation between TE and DGMD in
each climatic class. This absence or weak correlation across classes
indicates that highly technically efficient dairy enterprises are not
necessarily economically stable and in some cases may be less
resilient, as shown previously by Korhonen and Seager (2008).
This finding could be due to the fact that highly technically effi-
cient dairy enterprises operate by optimizing the use of resources
(e.g. grassland use) and may therefore have too limited reserve
capacity to face climatic shocks.

Consistent with previous findings (Shortall and Barnes, 2013;
Mareth et al., 2016; Madau et al., 2017), this study confirms
that European dairy farms are highly technically efficient and
the little lower TE scores of SOU and UPL could be due to the
frequent occurrence of drought periods in these two classes com-
pared to the others. A significant effect of drought stress on TE
was demonstrated in most of the classes. Kompas and Tuong
(2004) and Chidmi et al. (2011) have shown similar results in
Australia and North America, respectively. The delayed effect of
drought observed in the NAT class could be due to a shortage
of forage stock in the subsequent year, potentially causing an
increase in feed costs per cow. A shortage of forage may lead to
a reduced proportion of forage in the diet, which may affect pro-
duction levels in the absence of a high level of farm management
(Beauchemin and Yang, 2003). In terms of the heat stress, a sig-
nificant effect was observed on TE across four out of six climatic
classes. A few studies in the literature have shown comparable
results in American and European contexts (Mukherjee et al.,

Fig. 2. Mean of the DGMD in each climatic class,
2007–2013.
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2013; Key et al., 2014). The lack of a significant heat effect on TE
for UPL was expected as this class grouped upland farms, located
above 600 m of altitude, where heat waves are less frequent and
intense compared to lowland classes. In the case of CON, the
lack of impact of both drought and heat on TE could be due to
a lower intensity level in terms of milk yield compared to the
other classes, except for NAT.

The DGMD was also clearly affected by drought and heat
stress across classes. Finger et al. (2018) demonstrated a negative
effect of heat on the economic downside risk (on milk revenues)
in German dairy farms. In this study, an unexpected significant
positive effect of drought was found in NAT and WAT. This find-
ing may indicate a negative role played by excessive rainfall, as
NAT and WAT are two of the three most humid classes present
in the analysis, with an average daily precipitation level of 2.99
and 2.27 mm over 2007–2013, respectively. The dairy specializa-
tion rate is positively associated with DGMD in most classes,
meaning that more specialized farms often perform better in an
economic downturn.

The analysis performed in this study has the limitation that
both the weather and FADN data are from 2007 to 2013
(the most recent FADN data available). The study also has
limitations due to the averaging of climate data at the NUTS2
regional level to align the FADN and climate data sets, but
most regions are relatively uniform. Another potential shortcom-
ing of the study was the use of deflated input costs instead of
input quantities that were not available in FADN. However, the
inclusion of heteroskedastic variables in the ‘true-fixed’ effect SF
model, and the inclusion of the same variables in the Tobit
model allowed some of the residual country heterogeneity to be
captured. Moreover, the FADN methodology that was used to
allocate costs may not always provide a fully accurate allocation
of costs to characterize the dairy enterprise.

To conclude, while many studies have indicated the direct
effects of heat on individual cows or herds, this study has shown
that the TE and economic resilience of dairy cow systems across
most of Europe is negatively affected by excess heat and/or drought,
even when considering the economic performance on an annual
basis. These results would need to be further investigated in the
future using the most recent weather and farm data available.

In a global warming scenario in which climatic stress is
expected to increase in the near future, appropriate management
and innovation strategies to mitigate the effects of heat and
drought are needed to limit the negative economic implications
on the dairy sector. One strategy could be to reduce the stocking
density and to rely more on extensive and outdoor systems, thus
making more feed from pastures available to dairy cows under cli-
mate stress conditions. However, it raises a broader question
which is the sustainability of the dairy and food sector as a
whole. The dairy sector has been criticized for its high land use
requirements in contrast to plant-based foods that are less land
intensive (Temme et al., 2013). An increase in the surface area
allocated to each dairy cow (lower stocking density) would
make more feed from pastures available to cows but, at the
same time, potentially reduce the availability of forage coming
from dedicated lands, thus possibly undermining the resilience
of the dairy sector under extreme weather conditions. An even
broader consideration is that mitigating the effects of heat and
drought stress may not be seen as a sufficient response to the glo-
bal sustainable question since the dairy sector is, for instance, a
high contributor to methane emissions (Negussie et al., 2017).

Ta
b
le

6.
In
flu

en
ce

of
dr
ou

gh
t
an

d
he

at
st
re
ss

on
D
G
M
D
in

ea
ch

cl
im

at
ic

cl
as
s,
20
07
–2
01
3

Cl
as
s

N
AT

W
AT

B
O
R

CO
N

SO
U

U
P
L

Va
ri
ab

le
Co

ef
.

S.
E.

Co
ef
.

S.
E.

Co
ef
.

S.
E.

Co
ef
.

S.
E.

Co
ef
.

S.
E.

Co
ef
.

S.
E.

D
ro
ug

ht
96
.7
45
**
*

1.
95
8

88
.6
79
**
*

1.
45
8

−
51
.2
73
**
*

10
.1
88

−
53
.4
21
**
*

1.
50
1

−
12
9.
56
9*
**

4.
70
2

−
60
.7
05
**
*

1.
70
6

La
gg
ed

dr
ou

gh
t

−
15
.8
21
**
*

1.
64
1

−
13
.6
75
**
*

0.
79
4

−
18
.2
05
**
*

0.
73
6

H
ea
t

−
70
.4
97
**
*

0.
61
6

−
20
.2
95
**
*

0.
36
0

−
30
.4
57
**
*

1.
28
5

−
13
3.
20
7*
**

3.
02
4

−
43
.4
29
**
*

1.
11
9

−
16
.7
30
**
*

1.
37
4

Fa
rm

si
ze

(h
a)

−
0.
56
0*
**

0.
01
1

0.
50
2*
**

0.
00
8

−
0.
42
2*
**

0.
04
8

−
0.
73
7*
**

0.
00
5

0.
36
8*
**

0.
02
4

0.
33
2*
**

0.
01
5

Sp
ec
ia
liz
at
io
n
(%

)
−
0.
47
1*
**

0.
04
7

−
0.
82
7*
**

0.
02
6

14
.7
67
**
*

0.
16
5

0.
43
6*
**

0.
01
7

3.
69
6*
**

0.
08
2

1.
78
5*
**

0.
04
2

M
ai
ze

(%
)

−
2.
53
3*
**

0.
11
0

0.
90
5*
**

0.
02
2

4.
15
1*
**

1.
35
2

−
1.
84
9*
**

0.
02
3

1.
12
5*
**

0.
05
3

−
1.
88
1*
**

0.
05
3

M
ilk

pr
ic
e
(/
dt
)

41
.3
58
**
*

0.
12
9

46
.0
69
**
*

0.
09
8

5.
94
3*
**

0.
44
8

14
.7
00
**
*

0.
04
2

4.
88
3*
**

0.
13
3

12
.0
65
**
*

0.
08
6

O
rg
an

ic
(y
es

=
1)

−
17
1.
00
0*
**

10
.3
22

−
28
9.
00
6*
**

1.
87
9

10
5.
47
7*
**

6.
78
3

−
67
.4
04
**
*

0.
90
1

12
8.
08
4*
**

7.
04
8

−
17
.7
68
**
*

1.
56
1

Co
ns
ta
nt

−
11
59
.3
54
**
*

4.
80
3

−
15
93
.4
11
**
*

3.
94
7

−
12
72
.6
10
**
*

22
.1
56

−
40
2.
34
0*
**

1.
53
4

−
38
9.
55
8*
**

6.
59
9

−
57
4.
93
4*
**

3.
96
1

O
bs
er
va
ti
on

s
22
89

94
78

15
89

12
30
6

17
99

34
23

N
um

be
r
of

fa
rm

s
32
7

13
54

22
7

17
58

25
7

48
9

N
ot
e:

Si
gn

ifi
ca
nc
e
le
ve
ls
:
**
*P

<
0.
01
,
**
P
<
0.
05
,
*P

<
0.
1.

D
ep

en
de

nt
va
ri
ab

le
:
D
G
M
D
[€
/c
ow

].

10 Sylvain Quiédeville et al.

https://doi.org/10.1017/S0021859622000375 Published online by Cambridge University Press

https://doi.org/10.1017/S0021859622000375


In addition to these considerations and to the existing cooling
solutions, innovative genome-enabled selection tools should be
developed in order to improve the resilience of dairy cattle to
heat and associated nutritional stress in various geographical
and managerial contexts (Friggens et al., 2017). Another strategy
is to encourage the development and use of more robust and fru-
gal breeds, especially for outdoor systems that are subject to envir-
onmental perturbations (Bieber et al., 2019). Risk management
strategies may also be developed, such as index insurances
based on the expected effect of climatic stress on farm revenue
(Vermeulen et al., 2012). Finally, the agricultural policy should
be tailored to help dairy farmers in adapting their systems to
climate change, to reinforce their training with the support of
extension advisory services and to reinforce the second pillar of
the CAP to reduce intensification.
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