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Abstract
Certification in agriculture ensures compliance with tangible standards and
should generate economic opportunities for farmers. This study quantifies the
variable profit and efficiency impacts of organic certification in dairy farming
across Europe, using farm-level FADN data from 25 countries while account-
ing for heterogeneity through a class splitting model. Four distinct classes with
dairy farm enterprises operating under similar production conditions were iden-
tified in order to assess gross margin and efficiency differences among certified
and non-certified farms. Depending on the nature of the selection bias, treat-
ment effects were estimated either through an endogenous treatment model
or through entropy balancing. The results suggest that organic certification
increases gross margins for dairy farm enterprises in Europe, while slightly
increasing technical efficiency in two out of four classes. These significant effects
of certification on efficiencywere estimated at 2% and 7%, respectively. As regards
variable profit, effects range from to 66 Euros per cow to 234 euros per cow. In
relative terms, this implies gains between 38% and 50% for farms classified into
more cool or temperate zones and a gain of up to 182% for the farms assigned to
the class that designates warmer climatic conditions.
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1 INTRODUCTION

Agroecology is increasingly recognized as an important
strategy for achieving more sustainable agricultural and
food systems (FAO, 2018; HLPE, 2019). To work for farm-
ers, it needs to make economic sense. This requires that
agroecology interventions are systematically evaluated in
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terms of their economic potential. Certification plays a
key role in this context. Organic farming by its nature
entails the application of many agroecological principles,
but is in addition formalized by using standards to cer-
tify compliance with these principles (Mockshell & Villar-
ino, 2019). Organic agriculture is globally growing rapidly
(Willer & Lernoud, 2019) and, under the right conditions,
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the prospects for farmers created through organic certifi-
cation can make an important contribution to sustainable
rural livelihoods (Crowder & Reganold, 2015).
Sustainability standards have been evaluated for a wide

range of outcomes, such as gender equality (Meemken
& Qaim, 2018), adoption of good agricultural practices
(Ibanez & Blackman, 2016) or pesticide use reduction
(Schreinemachers et al., 2012). Many impact evaluation
studies related to sustainability standards seek to exam-
ine economic effects (Schleifer & Sun, 2020). One key
objective of certification, including organic standards, is
to generate economic opportunities for farmers. Increas-
ing case study evidence from a low- and middle-income
country context (e.g.; Bolwig et al., 2009; Mendoza, 2004;
Ssebunya et al., 2019; Tran & Goto, 2019;) as well as from
a high-income country context (e.g., Hoop et al., 2017;
Moakes et al., 2016) point towards financial benefits of
organic certification. A meta-study of the competitiveness
of organic farming showed higher profitability and benefit-
cost ratios for organic certified farms as compared to non-
certified farms (Crowder & Reganold, 2015). Additionally,
a recent review paper compiled empirical evidence on the
economic potential of agroecology in Europe, including
data from several certified organic cases (van der Ploeg
et al., 2019). As regards efficiency, less studies are avail-
able though. The literature generally suggests that organic
farms are less efficient, especially when measured against
the same production frontier as conventional farms (Oude
Lansink et al., 2002; Kumbhakar et al., 2009; Mayen et al.,
2010).
We add to the existing literature by conducting a cross-

country efficiency and gross margin impact analysis using
a large representative data set covering dairy farms across
25 EU countries. The dairy industry, both organic and
conventional, is highly competitive and, in terms of out-
put value, the second biggest agricultural activity in the
EU after vegetable production (EPRS, 2018). Organic cow
milk production in Europe has almost doubled between
2008 and 2017, with latest figures indicating an output of
4.7 million metric tons. The organic market share ranges
from less than 1% to above 10% in some Central European
countries (Willer & Lernoud, 2019). Changing consumer
preferences and pressures onmilk prices are considered as
key drivers behind rising numbers of conversion among
dairy farmers (Bouttes et al., 2019). Certification is cru-
cial for managing compliance with agroecological farming
requirements and ensuring price premiums, which moti-
vate adoption (Serra et al., 2008).
To account for variable profit and efficiency effects of

standard implementation, this study relies on two key
performance indicators: Gross margins are calculated to
assess impacts on dairy enterprise gross margins, and effi-
ciency scores are estimated to provide insights into the con-
version of production inputs into economic output. In the

framework of a counterfactual analysis, the two selected
outcome measures can explain how organic certification
influences farm performance, while taking into account
possible trade-offs or synergies between variable profit and
efficiency.
The novelty of this research rests upon its scope

and methodological approach. To the knowledge of the
authors, no rigorous impact studies exist that evaluate the
profitability and efficiency effects of organic certification at
a regional scale, with other similar studies being location-
specific and mostly focusing on farm incomes only. The
cross-country impact estimates are of wide relevance for
practitioners and policy-makers in Europe and beyond. A
key challenge in covering almost the entire EU dairy sec-
tor is to account for contextual factors. By combining a
latent class model with state-of-the-art impact evaluation
methods for observational data, the study quantifies the
context-specific economic effects of organic certification.
This allows drawing a more precise and comprehensive
picture of certification impacts. The broad geographic cov-
erage and the significance of the dairy sector should foster
a better understanding of the wider economic implications
of organic certification.
The analysis finds that obtaining certification generally

makes economic sense for organic dairy farmers in Europe.
The next section of the paper explains data sources, the
class splitting approach, and the econometric model used
to assess certification impacts. Impact estimates for all four
classes are then presented in section three and discussed
in section four of the paper. The final section also includes
some relevant policy implications that can be derived from
the analysis.

2 MATERIAL ANDMETHODS

2.1 Data

The study utilizes detailed economic data from the Farm
Accountancy Data Network (FADN, 2018) database for
farm types that include cattle systems for the period 2011
until 2013 (the latest year that data was available for anal-
ysis at point of data application). It covers 25 EU member
countries, representing a large diversity of farming across
Europe. The organic certification variable in the dataset is
specified in line with the regulations that govern the EU
organic standard (Reg. EC No. 834/2007 and Reg. EC No.
889/2008). This implies for instance more adequate space
for cows, no preventive use of antibiotics and livestock feed
of organic origin. Farms defined as organic in the dataset
have fully converted and obtained official accreditation.
To identify farms with a significant dairy enterprise,

only those farms with a minimum of 35% of economic
output from the dairy enterprise (specialization rate) are
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included in the dataset, as per FADN recommendations
(FADN, 2018). Different specialization rates (25% and 45%)
were applied as part of the robustness tests performed in
the analysis. Different rates did not change results. The
FADN dataset does not represent a complete balanced
panel data structure, as there is no exact overlap among
farms from 1 year to another. While certain farms remain
in the sample, some drop out and others are added. For
the 10-year period between 2004 and 2013 only 22 % of
farms are identical (between 1% and 56% depending on
the country). Each year ca. 18% of farms dropped out and
were replaced. This complicates time-series analysis, as
impact studies need to compare the same farms across
time. Therefore, the present study relies on a pooled subset
of data including observations from the three most recent
years in the entire dataset, that is, 2011, 2012, and 2013.
Year-dummies are included in the analyses where needed
to account for temporal effects. In line with the classifi-
cation explained in the following section, summary statis-
tics for key variables used in the analysis are provided in
Table 1.
All inputs, aside from land and labor, are measured in

constant monetary terms using 2013 as base year. Output
is used in the analysis both as a physical and as a finan-
cial parameter (for gross margin calculations). All indica-
tors have been computed according to the proposed FADN
calculationmethodology (FADN, 2018). Themonetary out-
put variable includes direct revenues from milk sales, but
excludes subsidies. The inflation adjustment of input val-
ues is based on the Harmonized Index of Consumer Prices
(HICP) and the price indices of the means of agricultural
production provided by Eurostat (2018, 2019). We made
use of the latter to deflate feed and forage costs, while
the other monetary variables, less associated to fertilizer
markets, were adjusted by the HICP. Feed costs comprise
coarse fodder, non-fodder, and concentrate expenditures,
while forage costs were estimated based on seed, fertilizer,
and pesticide expenditures. The variable labeled as other
direct costs sums up expenditures for herd renewal, veteri-
nary services, and contract work. Land refers to forage area
for dairy cows. Labor input includes hours from hired and
own labor. Various data on farm characteristics were used
in different parts of the analysis. As outlined in Table 1 this
includes information on the area of the farm, economic
size of the farm, stocking density, subsidy payments, farm
assets, available forage area, degree of specialization, share
of family labor used on the farm, rented land, and posi-
tion in a less favored area. The bacon routine was used
to identify outliers for the production variables shown in
Table 1 (Weber, 2010). After removing seven outliers, the
resulting subset for this study contained 41,903 dairy farm
enterprise observations. Stata 15.1 was used for the entire
analysis.

2.2 Farm classification

When assessing economic farm performance, it is impor-
tant to compare and benchmark producers that oper-
ate under similar circumstances. In the context of effi-
ciency analysis for example, different production frontiers,
reflecting different production technologies, may apply
to different sets of farms. Efficiencies of various produc-
ers need to be estimated with respect to the appropriate
technology (Kumbhakar et al., 2015). Farming conditions
and technological choices vary within and between coun-
tries. For context-specific data analysis, this heterogeneity
requires some kind of classification or grouping. One sim-
ple option to address the issue is to estimate production
frontiers and calculate economic performance indicators
for distinct countries or regions. However, in production
economics such a type of classification is generally con-
sidered arbitrary (Orea & Kumbhakar, 2004; Mekonnen
et al., 2015). Producers within the same region or coun-
trymay operate under different production circumstances,
whereas producers in different countriesmay bemore sim-
ilar and share a production frontier. For instance exten-
sive grazing systems for dairy production can be found
in Poland as well as in France or Austria. Latent differ-
ences are thus considered more important than a strict
geographic categorization when estimating production
frontiers.
We employed a latent classmodel to allocate dairy farms

to groups that are characterized by a higher degree of
homogeneity. Subsequently, gross margin and efficiency
were analyzed for certified and non-certified dairy enter-
prises. A similar approach had for example been used to
examine efficiency of dairy farming in Spain (Alvarez &
Corral, 2010) or to study the effects of innovation systems
on eco-efficiency in agriculture (Mekonnen et al., 2015;
Grovermann et al., 2019). To account for technological
choice and key farm and agro-climatic characteristics, the
class splittingmodelwas specified using the following vari-
ables: Costs per dairy cow (feed, forage, machinery, other
direct costs), labor per dairy cow, farm area, stocking den-
sity, forage, and fodder areas aswell as average yearlymini-
mum andmaximum temperatures, rainfall, the number of
hot days, and the number of dry days. Farms that possess
similar attributes in the above variables are more likely to
be in the same class1. Optimal class size was determined
by applying the Schwarz Bayesian Information Criterion
(SBIC) and the rule of no small classes (<than 5% of total
observations). This rule has long been used in practice as
a part of the idea of obtaining more useful results, but has

1 For a more detailed explanation of the method, including the equations
required for the assignment of observations to classes, seeMekonnen et al.
(2015) or Grovermann et al. (2019).



4 GROVERMANN et al.

TABLE 1 Class-specific average production and farm characteristics (standard deviations in brackets)

Class 1 Class 2 Class 3 Class 4
Description Dairy farming under cool

conditions
Dairy farming under temperate conditions
More intensive Less intensive

Dairy farming under warm
conditions

Organic certified NO YES NO YES NO YES NO YES
Farms (#) 4815 1066 20162 1029 9161 439 5116 115
Production data
Production (kg/cow)1 6869.97 6282.22 7247.26 6285.68 5247.69 4601.19 6667.26 6039.61

(2064.61) (1644.07) (1656.14) (1544.46) (1552.40) (1360.86) (2105.79) (2221.70)
Land (ha/cow) 2.13 2.70 1.09 1.31 1.01 1.59 0.65 1.11

(1.95) (2.37) (0.66) (0.69) (0.72) (0.91) (0.70) (1.30)
Labor (days/cow) 0.06 0.06 0.02 0.03 0.07 0.09 0.04 0.04

(0.04) (0.04) (0.01) (0.02) (0.04) (0.05) (0.03) (0.02)
Feed costs (€/cow) 1104.73 951.83 770.33 790.32 447.08 307.69 1199.07 1187.01

(579.57) (674.48) (383.54) (577.77) (214.11) (205.62) (560.71) (727.02)
Forage costs (€/cow)2 88.82 37.28 159.56 58.41 95.61 26.37 85.10 62.40

(94.34) (52.66) (86.14) (54.07) (62.49) (34.88) (85.57) (79.70)
Mach. costs (€/cow) 202.86 237.87 168.61 204.55 83.37 131.73 72.53 62.59

(163.14) (194.22) (101.47) (120.95) (66.85) (114.63) (75.68) (73.05)
Other costs (€/cow) 323.84 351.91 363.39 391.71 110.37 131.24 183.17 147.14

(253.88) (283.21) (181.08) (203.12) (82.86) (103.18) (152.69) (138.14)
Min. temperature (C) 2.30 2.45 6.37 5.95 4.61 4.54 9.43 10.40

(1.93) (1.79) (1.33) (1.13) (0.68) (0.99) (2.50) (2.00)
Max. temperature (C) 9.88 10.47 13.86 13.44 12.59 12.92 19.10 19.70

(2.22) (2.23) (1.54) (1.37) (1.03) (1.29) (1.91) (1.72)
Farm characteristics data
Farm size (ha) 163.82 99.77 166.16 144.77 46.74 41.07 51.95 53.39

(369.82) (151.09) (359.01) (244.58) (149.01) (59.79) (186.30) (50.98)
Econ. Size (ESU) 196.54 126.08 374.90 323.73 65.07 57.54 205.00 179.72

(372.01) (160.49) (604.28) (381.42) (133.67) (68.32) (324.86) (158.36)
Stocking d. (cows/ha) 1.17 0.90 2.13 1.44 2.12 1.23 8.30 3.03

(1.50) (0.44) (1.72) (0.45) (1.82) (0.52) (55.34) (2.61)
Subsidies (€/ha) 318.94 254.07 346.52 302.88 205.84 252.90 1119.49 432.06

(362.61) (165.52) (153.42) (95.21) (174.10) (103.06) (7,227.97) (468.69)
Assets (€) 1782.69 2162.21 1288.69 1700.11 1542.28 1885.41 808.71 679.03

(1460.61) (1562.04) (926.35) (1149.22) (1,169.87) (1602.62) (877.94) (741.99)
Forage area (ha) 116.68 85.16 103.43 112.46 27.46 31.34 35.50 48.09

(235.26) (121.89) (175.18) (171.01) (83.71) (43.85) (78.35) (48.84)
Specialization (prop.) 0.65 0.61 0.68 0.69 0.62 0.59 0.72 0.67

(0.14) (0.14) (0.16) (0.14) (0.16) (0.14) (0.15) (0.15)
Family labor (prop.) 0.81 0.89 0.86 0.82 0.96 0.95 0.90 0.84

(0.31) (0.22) (0.26) (0.25) (0.14) (0.17) (0.21) (0.26)
Renting land (Y/N) 0.88 0.85 0.94 0.95 0.72 0.71 0.75 0.64

(0.32) (0.36) (0.24) (0.22) (0.45) (0.45) (0.44) (0.48)
Less favored (Y/N) 163.82 99.77 166.16 144.77 46.74 41.07 51.95 53.39

(369.82) (151.09) (359.01) (244.58) (149.01) (59.79) (186.30) (50.98)
Fallow (Y/N) 0.03 0.05 0.08 0.11 0.03 0.08 0.05 0.08

(0.19) (0.21) (0.29) (0.33) (0.25) (0.27) (0.22) (0.43)
1Milk sale revenues do not include subsidies.
2Forage costs were estimated based on seed, fertilizer, and pesticide expenditures.
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recently been discovered to also have some theoretical jus-
tifications based on the posterior distribution of the class
proportions (Nasserinejad et al., 2017).

2.3 Performance measurement

The first performance measurement variable, gross mar-
gins, was calculated using per cow revenue (without subsi-
dies) and per cow variable cost figures. Cost items included
in the calculation were labor, feed, forage, machinery
maintenance, and other costs, as specified in the Data sec-
tion. The gross margin was then derived by simply sub-
tracting variable costs from sales revenues.
The efficiency scores, as second performance measure-

ment, were estimated for individual farms by applying the
stochastic production frontier framework. This is a stan-
dard approach for efficiency analysis of agricultural pro-
duction systems with applications ranging from animal to
crop production, from high-income to medium- and low-
income economies and from farm-level to country-level
analysis (for some recent examples see Houssain et al.,
2012; Mekonnen et al., 2015 or Finger et al., 2018). A meta-
study by Bravo-Ureta et al. (2007) comprised 167 farm level
efficiency estimations of which the majority are based on
stochastic frontier models, with nonparametric determin-
istic and parametric deterministic frontier models being
other key estimation techniques found in the literature.
In this study we computed observation-specific effi-

ciency scores using an output-oriented measure. This
means that a farm is inefficient if a higher level of out-
put is attainable for the given input use. Key specifica-
tion decisions relate to the choice of the functional form
of the production frontier and the distribution of the inef-
ficiency term in themodel. Stochastic frontier analysis dis-
tinguishes between a term that captures statistical noise
and a term that accounts for inefficiency (Alvarez & Arias,
2014). As explained by Kumbhakar et al. (2015) assuming a
half-normal distribution for the inefficiency term implies
that the majority of the producers are operating at rather
efficient levels. For the highly competitive dairy sector, this
is considered an appropriate specification. For the estima-
tion of the frontier model a Cobb-Douglas functional form
was selected, following a constant returns to scale assump-
tion. We also tested a translog specification as robustness
check. Apart from some slight divergence, mostly in class
four, both specifications resulted in similar efficiency esti-
mates and regression results (see Tables A4 and A7 in the
appendix for details). Therefore, output is considered to
increase in proportion with an increase in all production
factors. Estimations were not only separated by class, but
also performed separately for conventional farms and for
organic farms, with all parts then merged again into one

dataset for further analysis. To start with, the eight sub-
classes were created and then in a second step the empir-
ical stochastic frontier model was estimated, based on the
following parameterization:

ln(OUTi)|c,o=β0+βiln (Xi) |c,s+βT+vi|c,s−ui|c,s (1)

where the vertical bars with index c and index o mean
that different models were separately estimated for each
class c and for organic and conventional systems s. The
dependent variable OUTi measures milk output in kg per
dairy cow for observation i in class c and system s. Xi
constitutes an observation-, class and system-specific vec-
tor of output-enhancing inputs, these being per cow land
requirements, labor, feed costs, forage costs, machinery
costs, and other costs. T are dummies for the years 2012
and 2013 (2011 being the reference year). The systematic
error component vi is assumed to be an independently
and identically distributed random error term with a nor-
mal distribution. The inefficiency term ui is measured as
the ratio of observed output to the corresponding class-
specific stochastic frontier and follows in this application,
as explained above, a half-normal distribution.

2.4 Impact analysis

The focus of our interest is the impact of certification on
the gross margin and efficiency scores of dairy farm enter-
prises in each of the four classes. To obtain a valid mea-
sure of impact from the certification intervention some
pre-processing of the data was needed to avoid the com-
parison being confounded with other factors (White &
Raitzer, 2017). For a valid comparison, producers in the
participating and non-participating groups should not sig-
nificantly differ in characteristics that are not related to
certification, but rather possess similar production condi-
tions (such as agro-climatic circumstances) or farm traits
(such as size or specialization). Due to non-random assign-
ment, a particular challenge when comparing certified to
non-certified producers is self-selection bias, that is, the
fact that those producers that choose to participate in a
standard often significantly differ in a number of char-
acteristics from those producers that do not participate
(Meemken & Qaim, 2018; Ssebunya et al., 2019). Several
techniques to control for such a bias are available, of which
propensity score matching, reweighting, or instrumental
variable (IV) approaches, are among the most widely used
(see reviews by Lopez-Avila et al, 2017 or Knook et al.,
2018). While the latter can control for selection on prop-
erties that are often unobserved, such as entrepreneurship
or risk behavior for example, matching and reweighting
methods rely on observable information, that is, a dataset
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that captures all important variables that directly or indi-
rectly determine selection. In the present analysis endo-
geneity due to unobserved properties can occur in some
or all instances of the class-outcome combinations. There-
fore, IVwas selected as primary estimation strategy, backed
up by a reweighting approach.

2.5 Endogenous treatment model

To exploit the advantage of full maximum likelihood esti-
mation for IV, we follow Cerulli (2015) and employ an
endogenous treatment model, using the etregress routine
in Stata. The model tests selection on unobservable char-
acteristics and, where appropriate, corrects for such a bias
(Fischer & Qaim, 2012; Tambo & Wünscher, 2014). Con-
trary to standard IV regression, the endogenous treatment
model can estimate an average treatment effect, which
is of higher policy relevance than a local average treat-
ment effect (White & Raitzer, 2017). The core concept of
the selected model is that the variation between predicted
probabilities of treatment and actual treatment can be cap-
tured by adding terms in the outcome regression, which
absorb the effects of unobservable determinants of treat-
ment (Nichols, 2007; White & Raitzer, 2017). First a binary
participation variable is regressed on observable character-
istics using a probit model. From this, two ancillary terms,
the selection hazard rate and the inverse mills ratio, are
predicted, which are then inserted in a linear regression
determining the effect of participation on the outcome of
interest. In that way, unbiased treatment effects can be
estimated. Results of the endogenous treatment model are
based on the premise that at least one valid instrument has
been identified, that is, an independent variable included
in the probit model that influences participation, but not
the outcome of interest.
Based on observed differences in the data, we postulate

that dairy farm enterprises with fallow land aremore likely
to adopt organic certification, but that this is not associated
with their performance. As information on fallow landwas
available in the dataset, it was decided to use this variable
as an instrument in the estimation of the endogenous treat-
mentmodel for classes one to three. Following Fischer and
Qaim (2012) and Tambo and Wünscher (2014), the exo-
geneity of the instrument was tested by including it as an
additional regressor in a ’’placebo’’ regression model with
explanatory variables X, using only data fromnon-certified
farm enterprises. Fallows were not significantly associated
with either gross margins or efficiency (see Tables A8 and
A9 in the appendix for details).
The outcome equation of the endogenous treatment

model was defined for each class c (as indicated by the ver-

tical bars with index c) as follows:

PERFi|c = β0+β1 (FARM1i) |c+β2ORGi𝜆1i|c

+ β3 (1 − ORGi) 𝜆0i|c + β4L+β5T+vi|c (2)

where PERFi represents the two performance outcome
variables, per cow gross margins and efficiency for each
observation i. A range of farm characteristics are captured
by the vector FARM1i: Farm size, economic size, stocking
density, subsidy payments, farm assets, forage area, degree
of specialization, share of family labor, rented land, posi-
tion in a less favored area. Details on each variable are dis-
played in Table 1. Similar control variables have been used
in other impact evaluation studies (Mayen et al., 2010; Läp-
ple et al., 2013; Tambo & Wünscher, 2014). However, data
on certain characteristics of the farmmanager, such as age
or education, was unavailable in our case. However, these
properties are assumed to be implicit in the other variables
or are captured by the added term that accounts for unob-
servables. The variable ORG is equal to one if a dairy enter-
prise possesses organic certification and zero otherwise. λ1i
(inverse mills ratio) and λ0i (hazard rate) are parameters
produced by the joint estimation of Equations (2) and (3)
in order to absorb the selection bias. Besides controlling for
time lapse, heterogeneity between countries, for example,
due to differences in regulatory or support schemes, was
accounted for in the model. Country and time fixed effects
were included through location dummies L and T. Lastly,
vi is the random error term.
To remedy the potential endogeneity problem, the

selectedmodel estimates jointlywithEquation (2) an equa-
tion for the certification decision using the variable repre-
senting fallow land as instrument. The participation equa-
tion takes the following form:

ORGi|c=𝛿0+𝛿1ln (FARM2i) |c+𝛿2FALi|c+vi|c (3)

where the binary dependent variable ORGi captures the
organic certification decision. The vector FARM2i contains
the same variables as the vector FARM1i in the outcome
equation, apart from stocking density and actual subsi-
dies, which are considered to be somewhat influenced by
organic farming rather than the other way around. The
covariate FALi stands for the instrumental variable.
The Wald test for independent equations is used to

support interpretation of the output of the endogenous
treatment model. Where the test statistic is insignificant,
indications are that there is no need to control for unob-
servable characteristics, thus matching or reweighting
methods are sufficient. For this case, for estimating effects
in class four and for better understanding the results
overall, we therefore complemented the analysis with a
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balancing through entropy weights, a data pre-processing
technique proposed by Hainmüller (2012) and imple-
mented in Stata through the ebalance routine. A very sim-
ilar approach was used by Meemken and Qaim (2018) to
analyze the impact of food standards. Due to exact adjust-
ment of covariate moments, it is considered an appealing
alternative to standard matching or reweighting meth-
ods when estimating causal effects from observational
studies (Zhao & Percival, 2016). Using entropy balancing,
covariate balance for mean and variance moments could
be directly incorporated in the estimation. Observation-
specific weights were thus generated using the covariates
in the vector FARM2i. Including these weights in further
analysis, differences correlated with selection and existing
prior to or independent of treatment can be controlled or
eliminated. Certification effects were estimated using a
weighted regression for the gross margin and technical
efficiency outcomes, based on the same outcome equa-
tion as specified for the endogenous treatment model
(Equation 2). We thus used a doubly robust approach as
described by Hainmueller (2012). Following the approach
developed by Oster (2019), we also conducted robustness
checks on the model choice by calculating the relative
degree of selection. This method is increasingly applied to
understand the role of unobservable factors that affect the
outcomes of interest (e.g., Gunes & Tsaneva, 2020; Wuep-
per et al., 2021). Lastly, all estimations were adjusted for
clustered standard errors to account for regional clusters at
the level of nuts2 regions. This specifies that observations
are independent across clusters, but not necessarily within
clusters. Farmers in one region are likely to implement
more similar approaches and often share similar values.

3 RESULTS

3.1 Classification

The overall class splitting approach resulted in four distinct
groupings, as shown in Table 1. This was considered suit-
able, with the smallest class including 12% of observations,
whereas a five-class model would have produced a distinct
minor class with less than 4% of observations. Class one
represents dairy farming under cool conditions (including
e.g., Scandinavian and Baltic farms), class two character-
izes more intensive dairy farming under temperate con-
ditions (including for example many Dutch, German or
Irish Farms), while class three characterizes more exten-
sive dairy farming under temperate conditions (including
for examplemany Polish or Austrian farms), and class four
relates to dairy farming under warm conditions (including
for example many Italian or Spanish farms). While there
is no strict geographic split, there are geographical tenden-

cies, for example, 71% of Italian farms are found in class
four and almost all Dutch farms were assigned to class
two. However, farms that exhibit distinct features, such as
mountain dairy enterprises in Italy for example, are not
allocated to class four, but rather to classes one or three (for
more information on the distributions of farms by country
and class see Table A1 in the Appendix). To illustrate dif-
ferences among farms that are organic certified or not, data
in Table 1 are further subdivided according to certification
status.

3.2 Efficiency scores

Efficiency scores take on values between zero and one. Our
results show that across all four classes and across certifi-
cation status efficiency levels are high, peaking among the
dairy farm enterprises in class two.
From the first to the fourth class, average scores for non-

certified dairy enterprises are .86, .87, .86, and .85 respec-
tively. Those for certified enterprises lie at .87, .87, .86,
.90 for each of the four classes. Distribution of efficiency
scores are presented in Figure 1, revealing no major dif-
ferences due to certification status, apart from class four.
Also distributions across classes are not highly distinct.
Detailed regression outputs of the class-specific stochas-
tic frontier estimations are provided in Tables A2 and A3
in the appendix. All coefficients had the expected positive
sign across the four classes, apart from those for land in
class four, which is however not significant in this class.

3.3 Certification impacts

The effects of organic certification vary among classes in
terms of their magnitude, but are positive across all four
classes, as regards gross margins. In classes two and four
the Wald test suggests that an IV estimation approach
is justified. For classes one and three, entropy balancing
results apply. Certification impacts on variable profit are
highest among the predominantly Mediterranean farms in
class four, with the estimated effect amounting to 182%.
Impacts are 50% in class three, regroupingmostly extensive
central European farms. Gross margin differences are less
pronounced among the farm enterprises in cool northern
European and intensive central European environments,
being 43% in class one and 38% in class two (see Table 2).
The results from the respective bias correcting techniques
differ somewhat in terms of magnitude, but both show a
similar trend for classes one to three. Contrary to the other
classes, the findings for class four diverge substantially.
This could be due to an important role of unobservable
characteristics, which we further analyzed (Oster, 2019).
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F IGURE 1 Distribution of efficiency scores for conventional and organic dairy enterprises in classes 1 to 4

TABLE 2 Certification impacts for gross margin and efficiency outcomes across four classes

Class 1 Class 2 Class 3 Class 4

GM(€/cow) EFF(0-1) GM(€/cow) EFF(0-1) GM(€/cow) EFF(0-1) GM(€/cow) EFF(0-1)
(1) Endogenous treatment model
ATT 101 0.037 158 0.018 119 0.001 376 0.075
Sig. Ns *** *** Ns *** *** ***
Comparison −220 0.851 413 0.863 290 0.859 207 0.837
% change 46% 4% 38% 2% 41% 0% 182% 9%
Wald test Ns Ns *** ** Ns ns *** ns
(2) Entropy balancing model
ATT 104 0.014 102 −0.007 66 −0.004 1 0.062
Sig. ** *** *** Ns ** ns Ns ***
Comparison −242 0.835 399 0.879 132 0.829 211 0.865
% change 43% 2% 26% −1% 50% −1% 0% 7%
Delta (Rmax = 1.3*R) −17.5 −8.7 1.2 −2.8 −4.4 −1.2 0.1 −4.6
N 5881 21,191 9600 5231

*Notes: Overall significant estimations underlined and in bold.
ATT = Average Treatment Effect on the Treated; Comparison = Mean reference value in the comparison group; GM = Gross Margin; EFF = Efficiency; Wald
test =Wald test of independent equations to test for selection on unobservable characteristics; Delta = Coefficient of proportionality that describes how large the
effect of unobservables needs to be in proportion to the effect of observables for the treatment effect to be equal to 0, given amaximumvalue of the R-squared*** = 1%
significance level; ** = 5% significance level; * = 10% significance level.
ˆFull regression outputs for the estimations of the endogenous treatment model are shown in tables A5 and A6 in the appendix.
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TABLE 3 Simple comparison (without any pre-processing)ˆ of certified and non-certified farms

Class 1 Class 2 Class 3 Class 4
Organic certified NO YES NO YES NO YES NO YES
Gross margin (€/cow)
Mean −211.61 −157.77 419.53 371.64 301.25 152.84 205.75 316.60
Standard dev. (855.05) (998.72) (584.80) (651.51) (557.97) (650.27) (742.41) (650.77)
Sign. diff. ** *** *** *
Efficiency
Mean 0.85 0.88 0.86 0.86 0.86 0.85 0.84 0.89
Standard dev. (0.14) (0.10) (0.10) (0.10) (0.10) (0.13) (0.12) (0.17)
Sign. diff. *** ns *** ***

***1% significance level.
**5% significance level.
*10% significance level.
ˆThe simple comparison shown here does not involve the careful construction of a counterfactual and the balancing of properties among certified and uncertified
dairy enterprises.

The estimates of the proportional degree of selection reveal
that selection on unobservables in the gross margin mod-
els is an issue particularly in class four, and to some extent
in class two. As Table 2 exhibits, the delta values in these
two cases are positive and either below unity or close to
it (i.e., the bias from unobservables is higher or similar to
the bias from observables).The grossmargin coefficients of
proportionality (delta) for classes one and three are nega-
tive. Negative values suggest that including additional con-
trols in the model increases the effect of organic certifica-
tion and that unobservables are negatively correlated with
the controls. The threat of upward bias comesmainly from
positive selection only. Therefore, negative values also con-
firm robustness of the results (Gunes & Tsaneva, 2020).
Significant efficiency effects were found only in classes

one and four. These amount to 2% and 7% respectively.
These relatively small estimated effects are predominantly
due to the fact that the majority of all farms are operating
at rather high efficiency levels. Coefficients of proportion-
ality are all negative in the efficiency estimations.
According to our results, the Wald test of independent

equations proved highly significant in three out of eight
estimations. Therefore, the endogenous treatment model
is a reasonable choice in these three instances (for full
model estimations, see Tables A5 and A6 in the appendix).
For the remaining cases, where selection on unobserv-
able characteristics appears to be no issue, results from
the entropy balancing approach can be considered more
appropriate.
The per cow gross margin calculations indicate that sev-

eral dairy enterprises are making a loss, as becomes also
evident from the estimates in class one. In this context it
is important to clarify that subsidies as well as fixed costs
have not been taken into account in the computation of
the gross margin variable, as we intended to focus on a

variable profit measure that reflects the farm economics
without government support. While in the counterfactual
analysis dairy farm enterprises with organic certification
appear slightlymore efficient and considerablymore lucra-
tive, in a simple comparison, as shown in Table 3, cer-
tified farms perform worse in terms of gross margin for
classes one to three. This indicates that an impact eval-
uation approach produces results that differ substantially
from a simple comparative approach.

4 DISCUSSION AND CONCLUSIONS

Using a latent class counterfactual approach we were able
to systematically quantify the variable profit and efficiency
impact of the organic standard for dairy farms across
Europe. The study shows that certification pays off for
those dairy farmers that converted to organic farming. This
supports findings from previous more location-specific
studies about the positive economic effects of organic cer-
tification (Bolwig et al., 2009; Hoop et al., 2017; Tran &
Goto, 2019). In addition, findings indicate that not only
were higher profits achieved on average, but small aver-
age efficiency gains also resulted from organic certification
in two instances. The latter outcome is contrary to find-
ings fromprevious studies that compared efficiency among
organic and conventional dairy farms (Oude Lansink et al.,
2002; Kumbhakar et al., 2009; Nehring et al., 2009; Mayen
et al., 2010). Mayen et al. (2010) point out that efficiency
estimates for certified farms are lower if a common fron-
tier is assumed for organic and conventional farms. In
the context of the present analysis, we estimated sepa-
rate functions for organic and conventional dairy enter-
prises. Foremost however, we apply a class splittingmodel.
The latent differences among farms are considered more
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central for addressing heterogeneity among farms than
a using a priori defined geographic areas. The resulting
groups are entirely based on the statistical characteristics
of the data with the aim to identify most distinct groups
within the data, while farms within a group transform eco-
nomic inputs in a similar way—as far as reflected in the
data—into economic output. The opposite to this data-
driven approach is to operatewith predefined groups based
on administrative units or agronomically motivated cut-
offs, such as production regions (e.g., plain, hills, moun-
tains). The advantage of such groups is that they are mutu-
ally exclusive along all single dimensions and make sense
from an agronomic classification point of view—but may
not reflect the “reality” regarding production technologies
as captured in the input-output relations provided by the
data analyzed. The data-driven grouping on the other hand
reflect economic input-output relations butmaynot be eas-
ily interpreted from an agronomic point of view. Further-
more, they are not clear-cut and show overlaps along all
dimensions.
Many organic dairy enterprises, just like conventional

ones, can define and be very close to the specific fron-
tiers, as our analysis revealed. The findings indicate that,
given the respective production environments, they can
achieve slightly greater technical efficiency than conven-
tional enterprises in the same class, but not across all
classes. In this regard it should be noted that technical effi-
ciencies refer to the "own" frontiers of organic and con-
ventional farms, which means that we can compare the
efficiency scores, but cannot compare relative productivity
of specific inputs between organic and conventional pro-
duction. Another consideration is that our analysis focuses
on efficiency per cow. While organic farms achieve greater
economic performance per cow, due to the lower stocking
rateswithin organic systems, the results per hectare of land
may differ. Overall, the fact that high levels of efficiency
can be found across all classes, suggests that the scope for
efficiency improvements in Europe under current condi-
tions is rather restricted.
As in similar impact studies (Läpple et al., 2013; Tambo

& Wünscher, 2014), the endogenous treatment model
proved valuable in addressing selection bias by taking into
account both observable and unobservable characteristics.
The appropriate statistical test suggested that the model
was appropriate in three out of eight estimations. For the
remaining estimation and for checking the general direc-
tion of the effects, estimates from entropy balancing are
provided. The overall approach, testing for selection on
unobservables and otherwise using entropy balancing as
data pre-processing method, follows the logic outlined by
Meemken and Qaim (2018). The results of the endogenous
treatment model are based on the premise that at least one
valid instrument can be identified. Using fallow land as

instrumental variable relies on the assumption that it is
associated with deciding on organic certification, but not
with the performance of dairy production. This is consid-
ered a valid assumption and was tested. Besides IV and
reweighting approaches, further analysis of the impacts of
organic certification could seek to exploit certification dif-
ferences across time applying a regression discontinuity
approach (Cattaneo, Idrobo, & Titiunik, 2020). Following
Wuepper et al. (2020) geographic boarders–here delineat-
ing clear thresholds in terms of organic farming adoption–
could provide a case for employing a fuzzy spatial regres-
sion discontinuity design. Such spatial features can be the
result of distinct regional or national policies for promot-
ing organic farming.
Overall, the results point out that organic dairy produc-

tion appears to be an economically sensible strategy for cer-
tified dairy farmers in Europe. It is however important to
note that organic dairy farming has been found to be more
risky than conventional production (e.g., in a study for the
Netherlands by Berentsen et al., 2012), with organic farm-
ers appearing to be generally less risk averse than conven-
tional farmers (Iver et al., 2020). While certification might
thus not be a viable option for several of the existing con-
ventional farms, the results point out that non-certified
farms with characteristics that are similar to those of the
certified farms may benefit from conversion. The findings
also show that higher dairy enterprise gross margins are
partially associated with higher efficiency.
An important factor to take into consideration when

deriving from the present analysis any broader recommen-
dation on transitioning to organic dairy farming is the con-
sumer side. There have been signs that despite substan-
tial recent growth, the potential of future organic dairy
sales growth might be limited due to market saturation.
This implies a need for policy interventions to target the
demand side, for example, through attempting to include
some external costs in the price of conventional milk. Fol-
lowing our results and economic reasoning, supply of suf-
ficient organic dairy products seems less problematic, as
financial incentives for conversion exist. Following the
findings of Ramankutty et al. (2019), an additional policy
measure lies in the greening of conventional dairy produc-
tion including fairer pricing and a blend of best practices
from different systems. This might be a good alternative
also for those farmers who do not consider organic certifi-
cation as an option for their dairy enterprise. Seufert et al.
(2017) point out that environmental principles are inade-
quately represented by organic regulations. The concept of
eco-efficiency might offer a promising indicator for stud-
ies that integrate the assessment of economic and environ-
mental performance aspects. For future impact research on
dairy farming, it would be of interest to extend the analysis
beyond technical efficiency and gross margin outcomes to
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include aspects of fair price, animalwelfare, and ecosystem
services. Flexibility is another important potential indi-
cator, that is, the capability to adapt production output
without major shifts in the average cost structure. Flex-
ibility can contribute to maintaining profitability during
economic shocks. Recent studies have shown this as well
as a tradeoff between flexibility and technical efficiency
(Hirsch et al., 2020; Renner et al., 2014). More research on
this issue in organic farming is required.
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