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ABSTRACT

Evaluations of agri-environmental schemes (AES) based on observational farm data generally use a matching
algorithm for comparing participating and non-participating farms. To mitigate the potential post-matching
covariate imbalances between groups resulting from the use of large covariate sets, this paper proposes a
method mix that reduces the covariate set and maximises the utilised number of observations. We test the
approach on an evaluation of the European Union’s AES in the programming period of 2000-2006, estimating
the impacts of AES participation on typical measures of land management, i.e. fertiliser and plant protection
expenditures and grassland share. We use Mahalanobis distance matching with exact matching on the entry year
of the participating farms and kernel matching with automated bandwidth selection to maximise the utilised
sample and increase the estimator’s efficiency. Combining cause-and-effect path analysis with statistical co-
variate selection algorithms reduces the covariate set and improves balance on the characteristics that describe
the production environment, farming intensity, productivity, and farmers’ preferences. We find that AES
generate moderate decreases in plant protection expenditure and moderate increases in grassland shares. We
conclude that our proposed method mix ensures an efficient use of information and improves the reliability of

AES impact evaluation.

1. Introduction

The European Union’s (EU) agri-environmental schemes (AES) were
designed to mitigate the adverse environmental effects of farming.
Early AES-evaluation studies have noted mixed results for achieving
biodiversity goals (Kleijn et al., 2006), while recent studies noted that
subsequent schemes were not reversing population declines in farm-
land birds (Teillard et al., 2015; Jerrentrup et al., 2017; Bellebaum and
Koffijberg, 2018; Bowler et al., 2019). Other studies reported positive
effects of AES on biodiversity, depending on the landscape context
(Scheper et al., 2013; Marja et al., 2019). To date, few environmental
impact assessments of AES and similar programs using large quantita-
tive data sets have been undertaken (Baylis et al., 2016; Borner et al.,
2017; Yoder et al., 2019), for example, Pufahl and Weiss (2009) for
Germany, Chabé-Ferret and Subervie (2013) for France, Arata and
Sckokai (2016) for selected EU countries and Cisilino et al. (2019) for
Italy.
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The AES impacts of interest are identified by comparing the average
differences in land management (outcome) over the AES period of
participants compared to matched non-participants (Pufahl and Weiss,
2009; Chabé-Ferret and Subervie, 2013; Arata and Sckokai, 2016; Cisi-
lino et al., 2019; Bertoni et al., 2020). Comparative methods depend on
collecting large numbers of participating and non-participating farms
with several years of observations (panel data), sufficient overlap in the
farms’ characteristics and parallel outcome trends between control and
treated groups. To ensure comparability and mitigate confounding from
time-invariant unobserved effects (selection bias), matching algorithms
have been combined with difference-in-difference (DID) approaches
(Heckman et al., 1997). Conditioning on covariates describing the farm
and production characteristics that are relevant for the AES participa-
tion decision and the resulting farming outcome, i.e., all confounding
characteristics, the unobserved counterfactual is approximated by ob-
servations of the non-participants (Imbens and Rubin, 2015; Kainz et al.,
2017).
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In the EU context, the Farm Accountancy Data Network (FADN)
appears most suitable for counterfactual AES evaluations (Castano et al.,
2019). Given the typical AES contract length of five years, a panel length
of at least six years is needed to denote the impact of participation in the
AES programming period on land management (measures) after
participation. But given the rotating panel nature of the FADN (Cisilino
et al., 2011), each additional year included in the analysis reduces the
number of usable observations at the expense of statistical efficiency.
Typically, large sets of covariates capturing regional production,
farming, and farm(er) characteristics are used to describe the decision to
participate in AES (Pufahl and Weiss, 2009; Pascucci et al., 2013;
Lastra-Bravo et al., 2015; Arata and Sckokai, 2016; Zimmermann and
Britz, 2016; Bartkowski and Bartke, 2018). However, such a “kitchen
sink approach” (Shortreed and Ertefaie, 2017) could require pruning
more observations than necessary to achieve covariate balance on the
confounding covariates at an additional expense of statistical efficiency.
In a worst case, the relevant covariates may remain unbalanced with
biased effect estimates, outweighing the advantage of reducing the risk
of missing important confounders. Extensive sets of covariates also could
inflate standard errors of nonparametric estimates of the desired policy
impacts without improving covariate balance and increase bias of the
estimate (de Luna et al., 2011; Wooldridge, 2016; Shortreed and Erte-
faie, 2017).

Some studies include land management measures prior to partici-
pation (pre-treatment outcome) in the set of covariates (e.g. Pufahl and
Weiss, 2009; Arata and Sckokai, 2016). DID matching with conditioning
on the pre-treatment outcome, however, could introduce bias
(Chabé-Ferret, 2015, 2017; Daw and Hatfield, 2018): before entering
AES, farms could manage land at lower intensities due to temporary or
transitory shocks unrelated to AES participation, such as liquidity con-
straints. In such cases, conditioning on the pre-treatment outcome vio-
lates the parallel trends assumption and also could introduce bias
(Chabé-Ferret, 2017).

Motivated by the challenges of AES evaluation, this paper proposes
a method mix approach that reduces the full covariate set to the rele-
vant set by using minimal subset identification (de Luna et al., 2011;
Persson et al., 2017), while still maximising the utilised number of
observations. Our approach increases efficiency in two ways: we
maximise the utilised pre-matching sample by including staggered AES
entry dates, i.e., the participating farms entering in the first, second,
and third years of the respective programming period. Then we
combine DID matching on the Mahalanobis distance with exact
matching on the entry year to include all relevant entry cohorts and use
kernel matching with optimal bandwidth selection (Loader, 1999;
Galdo et al., 2008; Huber et al., 2015) which is more efficient than pair
matching (Caliendo and Kopeinig, 2008; King and Nielsen, 2019). In
contrast to frequently used approaches for lasso-based variable selec-
tion in regression contexts (Belloni et al., 2014) which aim at finding
the set of covariates that enables an unbiased regression coefficient
estimation, we aim for minimal subset identification (de Luna et al.,
2011; Persson et al., 2017) to find the relevant set of matching vari-
ables. Finding the relevant set of matching variables means gauging
between potential bias stemming either from exhaustive sets of cova-
riates for which covariate balance cannot be achieved or from reduced
covariates sets that erroneously exclude important confounders. We
therefore  combine data-driven  covariate selection  with
theory-informed cause-and-effect paths to reduce the risk of missing
confounders (Swanson, 2015; Steiner and Kim, 2016).

We estimate the impacts of AES participation on typical measures of
land management (intensity and diversity), i.e. fertiliser and plant pro-
tection expenditures and grassland share, and apply the approach to
data from the FADN for Western Germany and the first AES
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programming period 2000-2006." Our procedure increased the size of
the sample by 97% compared to a sample that only used farms entering
in 2000. Covariate selection combined with cause-and-effect paths di-
agrams reduced the set of covariates by up to 59%. Post-matching co-
variate balance was achieved with the reduced set of covariates
describing the production environment, farming intensity, productivity,
and preferences. While only small and statistically insignificant effects
on fertiliser expenditures could be attributed to AES, we found moderate
reductions in plant protection expenditures and moderate increases in
grassland shares.

2. Efficient AES evaluation: data set maximisation and covariate
selection

2.1. The Rubin causal model and DID matching

We quantify the average treatment effect of the treated (ATT) of AES
on farms’ environmental outcome based on Rubin’s causal model
(Rubin, 1974). The causal effect of AES participation is defined as the
difference between participants’ outcome under AES and their coun-
terfactual outcome, i.e. the outcome as if they had not participated.
Using observational data from the FADN, we rely on the observational
approach and apply statistical matching to identify a counterfactual
group and the causal effect: By conditioning on observable covariates,
capturing farm and farming characteristics, differences in outcomes can
attributed to AES participation. Yet, any remaining unobserved (time--
constant) determinants for AES participation and outcomes could bias
the estimated effects (selection bias), e.g., farms could select into AES
because they already operate at low intensities for longer and the pro-
gramme is an easy source of remuneration (Defrancesco et al., 2008). A
direct comparison of the outcomes between groups would then suggest
an AES effect on farming intensity, whereas the difference is actually
caused by the farming intensity prior to AES participation.

As mentioned, matching algorithms have been combined with
difference-in-difference (DID) approaches to account for the observed
and unobserved but time constant (permanent and transitory) differ-
ences between groups (Heckman et al., 1997). DID matching, however,
requires differencing and conditioning on the set of covariates that
determine AES participation and respective outcomes, to achieve con-
ditional ignorability of the participation decision (Rubin, 1980; Rose-
nbaum and Rubin, 1983), i.e., that the conditional mean independence
between the changes in potential land management outcomes and AES
participation must hold.

To capture potential transitory confounders and to ensure the par-
allel trends assumption, conditioning on pre-treatment outcomes, has
been proposed (Abadie, 2005). But combining DID matching with con-
ditioning on pre-treatment outcomes potentially introduces bias
(Chabé-Ferret, 2015, 2017; Daw and Hatfield, 2018) for two reasons.

1 In 2000 an overhaul of the Common Agricultural Policy, known as “Agenda
20007, combined existing environmental programmes into a unified framework
for the first time, establishing what came to be known as the “second pillar” of
the CAP. Prior to the overhaul, the CAP promoted integrated cultivation
practices, set-aside land, grassland conservation, organic farming and con-
tracted nature protection measures (Osterburg and Stratmann, 2002). The
German federal states used the Agenda 2000 to broaden measures to reduce
fertiliser applications in water protection areas, promote environmentally ori-
ented farm management, introduced extend set-aside options and measures to
promote biodiversity on pasture land (Osterburg and Stratmann, 2002, p. 264).
Some federal states had been offering programmes only for the farm
branch-level, e.g., mulch seeding, drill row spacing, or abstaining from mineral
fertiliser and chemical plant protection. These farm-level programmes had
marginal adoption rates and eventually were replaced with programmes of-
fering a modulated approach (Thomas et al., 2001). Based on the FADN, the
average yearly share of AES participants in 2000-2006 increased to 51%
compared to 32% in 1993-1999 (own calculations).
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Fig. 1. Potential cause-and-effect paths relevant for AES evaluation. Note: Arrows represent direct causal relationships, nodes show the starting and ending points of
the arrows, full nodes show the observable covariates or sets of covariates denoted by X or Z, respectively, hollow nodes show the unobserved ones denoted by E, D
denotes the treatment, Yj. and Y, denote outcomes before and after treatment X denotes regional production, farming, farm(er) characteristics, E denotes
environmental preferences, Z%and Z” denote the variables on the back-door path caused by E and related to treatment and outcome, respectively.

First, DID matching with conditioning on the pre-treatment outcome
reduces to the matching estimator and is only consistent in the absence
of a time-invariant unobserved confounder (Chabé-Ferret, 2017). Sec-
ond, pre-treatment outcomes such as land management intensity could
be affected by temporary or transitory shocks that are unrelated to AES
participation. For example, temporary liquidity constraints in the
pre-participation year could be a reason for lower fertiliser expenditure.
Conditioning on this pre-treatment outcome selects a subgroup with
reduced land management intensity into the control group. Due to the
transitory nature of such a liquidity shock, these farms would recover
and return to their “normal” level of land management intensity. In this
case, matching on measures for land management intensity (pre-treat-
ment outcome) violates the parallel trends assumption.

2.2. Theory-informed covariate selection for matching

Given the limited panel size in the FADN or comparable data sets for
AES evaluation implies that using large sets of matching covariates
could fail to obtain a post-matching covariate balance on the most
relevant covariates. Theory-informed directed acyclic diagrams (DAGs)
(Pearl, 2009) have been used to show the potential cause and effects
between observed and unobserved covariates, AES participation
(treatment assignment), and land management measures (outcomes). In
Fig. 1, the straight arrow from the treatment assignment D to the
outcome Y, shows the causal effect of interest. Nodes show the starting
and ending points of the arrows, full nodes show the observable cova-
riates or sets of covariates denoted by X or Z, respectively, and hollow
nodes show the unobserved ones denoted by E. The trajectories between
D and Y, with an arrow pointing to D and ending in Y, show the
non-causal associations between D and Y, that denote the back-door
paths (Pearl, 1995, definition 3). Conditional mean independence can
be achieved if all back-door paths between D and Y, are blocked. A
back-door path can be blocked by conditioning on a covariate that lies
on the back-door path (Pearl, 1995).

In the case of selection on observables (Fig. 1, panel a) back-door paths
between D and Y}, emerge if the observable variables in X are directly
related to Ypos: and via pre-participation outcome Ypr.: D~X— Y05 and
D«X—Ypre— Ypost. Conditioning on the observable covariates in X blocks

all back-door paths, and the effect is identified by (simple) matching on
X.

Farms could decide for AES participation based on observables such
as regional production, and farming and farm(er) characteristics (X) and
on unobserved ones such as environmental preferences (Chabé-Ferret
and Subervie, 2013; Leonhardt et al., 2021). Unobservables such as
environmental preferences denoted by E are related to treatment and
outcome separately from X (see Fig. 1 panels b and c). Assuming a
time-invariant effect of E on the outcome before and after AES partici-
pation creates the back-door path

D<E-Y,.—Y,0u-

Alternatively, if farmers with strong pro-environmental preferences
increase their efforts for sustainable land management and consequently
improve the respective outcome measure over time irrespective of AES
participation, it creates the back-door path

D—E—=Y,u.

To capture such effects, we consider that the observed covariates
lying on the backdoor path stemming from E and related to the partic-
ipation, Z¢, or the outcome, Z’ in the set of potential covariates (see
Fig. 1, panel c). Conditioning on any of these variables blocks the back-
door paths going through E. The covariates in Z¢ could include partici-
pation in other nature conservation programmes, a previous AES, orina
green political party. The covariates in Z¥ could include measures for
sustainable land management practices or technologies, e.g., an agro-
environmental index (Purvis et al., 2009).

We explicitly consider measures for Z’and Z¢ in the set of potential
covariates (hereafter, the full set). The data-driven covariate selection
procedure described below reduces the full set of available covariates to
the set of covariates, jointly associated with treatment assignment and
outcome for the specific question and data set (Vansteelandt et al.,
2012).

2.3. Data-driven covariate selection procedure

Previous AES evaluation studies relied on treatment selection for the
matching, where the covariate set was selected based on statistically
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significant covariates from a logit regression of the treatment indicator
on farm characteristics (Pufahl and Weiss, 2009; Arata and Sckokai,
2016). This approach may include covariates that are strongly related to
treatment but unrelated to outcome, which increases bias (Brookhart
et al., 2006; Pearl, 2009) and inflates standard errors (Shortreed and
Ertefaie, 2017). Thus, the latter authors recommend including all
covariates associated with the outcome. Adjusting for all outcome
related covariates, however, could result in achieving less covariate
balance, compared to adjusting only for the confounding set.

To overcome this selection problem, de Luna et al. (2011) suggest
finding the confounding set as the minimal subsets of covariates related
to treatment and outcomes, such that the treatment and the potential
outcomes are independent given these sets. Haggstrom et al. (2015) use
non-parametric regression to find a minimal subset of covariates. In a
simulation study, Persson et al. (2017) conclude that lasso regression has
the highest success rate to select the subsets that uphold uncon-
foundedness when using smaller samples. Additionally, lasso offers a
reasonable compromise between controlling false positives and discov-
ering true positives (Wang et al., 2020). Therefore, we use two lasso
regressions to find a minimal subset by the intersection set of covariates
that predict AES participation and the outcome.

Minimal subset selection procedures typically used for matching
approaches are distinct from covariate selection procedures used for
treatment effect estimation based on (parametric) regression models. To
select covariates for a regression that estimates a treatment effect, Bel-
loni et al. (2014) suggest using the union set of covariates from two lasso
regressions: one predicting the outcome, and the other the participation
status, which is known as a double selection procedure. The rationale is
to increase the robustness of the estimation of effects (regression co-
efficients) by mitigating the problem that lasso-based covariate selection
excludes covariates that are weakly correlated with programme partic-
ipation, or the outcome, or both. The double selection procedure, which
tends to include non-confounding covariates, could prohibit achieving
post matching covariate balance. To address this shortcoming, we use
minimal subset selection, because the selection of fewer covariates im-
proves post matching covariate balance (Abadie and Imbens, 2006; de
Luna et al., 2011; Haggstrom et al., 2015; Persson et al., 2017; Abadie
and Cattaneo, 2018). To prevent omitting confounding covariates, we
complement the minimum subset selection with cause-and-effect paths
using DAGs, and categorise the confounding factors based on theory to
ensure including all covariates representing each category in the
matching.

2.4. DID matching: efficient data use and matching algorithm

We begin by maximising the sample to include all farms that adopted
AES during any year of the first AES programming period. To account for
the staggered entry years, we combine Mahalanobis distance matching
with exact matching on the respective entry year. Then, we apply kernel
matching algorithms combined with optimal bandwidth selection
(Loader, 1999; Galdo et al., 2008; Huber et al., 2015) using the R x
quant-distance method (Huber et al., 2015) that sets the bandwidth to
1.5 times the 0.90-quantile of the distribution of (non-zero) distances
between observations, and two variants based on cross-validation and
weighted cross-validation, respectively (Galdo et al., 2008). For the
kernel matching, we match on the Mahalanobis distance using the
Epanechnikov kernel function. To demonstrate the performance of the
kernel estimators we compare them with one-to-one and one-to-five pair
matchings based on Mahalanobis distance.

3. Empirical evaluation of AES participation in 2000-2006 for
Western Germany

3.1. Treatment, outcome, and covariate definition from the EU FADN

We test our approach on a sample of farms in Western Germany for
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the first period. Our aim is to identify the effect of AES after the usual
five-year contract length, when a policy impact should have been real-
ised. Considering the potential disadvantages of conditioning on the pre-
treatment outcomes, we examine the sensitivity of the results when
including pre-participation outcomes in the covariate sets.

In Western Germany, AES implementation consists of measures
supporting the maintenance of grassland and/or reduced grassland use
intensity, sustainable fertiliser application techniques, mulch, and no-
till farming, extensive crop rotation, flower strips, and organic farming
(Grajewski and Schmidt, 2015). Following previous studies we estimate
the effect of AES participation on fertiliser and plant protection expen-
ditures per hectare of farmland (see Arata and Sckokai, 2016 for five EU
member states, Chabé-Ferret and Subervie, 2013 for France, and Pufahl
and Weiss, 2009 for Germany). We interpret the input intensities as
indirect indicators of a farm’s sustainability in land management. e.g., a
reduction in fertiliser expenditure could imply decreases in soil nutrient
input and improvements in groundwater and surface water quality (e.g.,
Ulén et al., 2007). Reduced fertiliser and plant protection expenditures
per hectare of utilised agricultural area (UAA) and increased grassland
share could relate to overall lower intensities in land management that
contribute to biodiversity (Billeter et al., 2008; Emmerson et al., 2016;
Carmona et al., 2020).2

We structure the set of covariates related to farms’ (dynamic) utility
maximisation and the farm optimisation problem under environmental
(biological and geophysical) production and farm capacity constraints
(e.g., Bowman and Zilberman, 2013; Chabé-Ferret and Subervie, 2013).
We characterise farms’ production environment by farmland (total UAA)
and region, because these measures relate to production constraints. To
capture potential farm expansion limits, we include share of rented land,
e.g., a high share of rented land could imply that a farm expanded and
reached other capacity limits (Margarian, 2010) and because ownership
affects land management decisions (Leonhardt et al., 2019). Related to
input choice as a result of the optimisation problem, we characterise
farms by farming intensity in several dimensions, including livestock and
capital density, and productivity, defined as output over input measured
by sales per ha, revenue per capital, revenue per labour input, and total
output over total input. To acknowledge different farming, risk and time
preferences, we also include type of farming and farmer’s age. A diver-
sified farm could be linked to farming preferences or risk management.
Diversification could stabilise yields (Rosa-Schleich et al., 2019) or
mitigate price risk. Younger farmers could be more likely to adopt AES
(Villanueva et al., 2015).

To compare farms according to farmer’s environmental preferences,
we consider participation in environmental programmes prior to 2000
as a measure for Z? to block the back-door paths caused by environ-
mental preferences E (see DAG in Fig. 1 panel c). Effect identification
using matching with conditioning on participation in agri-
environmental programmes prior to AES, however, requires farms to
change their participation status between programming periods
(switchers). If the majority of farms participating in 2000-2006 also
participated in a previous programme, effect identification relies on the
limited number of farms entering or exiting in 2000-2006. Alterna-
tively, we consider sustainable land management practices as a measure
for 7. The practices could result from pro-environmental preferences
and block the back-door paths going through E (see DAG in Fig. 1 panel b
and c). We use the Shannon diversity index as a measure of crop di-
versity (Areal et al., 2018). For the list of covariates, see Table 1: Farm
characteristics.

2 Studies of other AES impacts include farm income (Udagawa et al., 2014),
farm productivity (Mennig and Sauer, 2019), quantity of environmentally
relevant input use (Cisilino et al., 2019), and farming structure described by
crop diversity and proportion of organically managed cropland (Bertoni et al.,
2020).
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Table 1
Farm characteristics.

Starting year of participation in AES

2000 2001 2002

Participation No Yes No Yes No Yes
Production environment
Land input (ha) 60 54 65 80 64 59
Region

South 0.06 0.80 0.06 0.25 0.09 0.58

West 0.18 0.17 0.21 0.63 0.21 0.25

North 0.76 0.03 0.73 0.12 0.70 0.17

Proportion of rented land 0.50 0.57 0.51 0.63 0.52 0.58

LFA subsidies (yes/no) - - 0.12 0.47 0.13 0.42

Farming intensity

Proportion of grassland 0.38 0.39 0.37 0.3 0.34 0.31
area

Proportion of cereals area 0.32 0.34 0.34 0.43 0.36 0.38

Direct payments crops 161 171 166 214 172 197
(€/ha)

Direct payments livestock 30 17 50 33 81 67
(€/ha)

LU cattle per ha 1.11 0.94 1.08 0.68 1.07 0.97

LU pigs and poultry perha  1.01 0.65 1.00 0.76 1.08 0.90

Fertiliser exp. per ha 88 74 104 88 113 108

Plant protection exp. per 69 70 73 79 82 83
ha

Fixed capital per ha 13.32 13.85 1341 1099 13.64 13.36
(1000€)

Productivity

Sales per ha (1000€) 2.79 2.45 3.04 2.43 3.50 2.85

Revenue per AWU 91 64 99 88 102 85
(1000€)

Revenue per capital (€) 0.51 0.29 0.61 0.49 0.47 0.30

Total output over total 1.17 1.10 1.20 1.09 1.15 1.11
input

Preferences

Age of farmer 45 45 45 45 45 47

Farm type
Crop 0.22 0.19 0.25 0.30 0.27 0.29
Livestock 0.50 0.46 0.48 0.32 0.48 0.44
Livestock crop mixed 0.28 0.34 0.27 0.37 0.26 0.27

Participation in AES
before 2000

Yes 0.05 0.48 0.04 0.25 0.05 0.29

No 0.95 0.52 0.89 0.68 0.83 0.42

Unknown 0.00 0.00 0.07 0.06 0.13 0.29
Shannon diversity index 0.96 1.19 0.99 1.32 1.01 1.23
N 458 740 491 139 482 52

Notes: LU denotes livestock units and ha denotes hectare (total UAA).
Source: FADN.

3.2. Data set

Seventy-one percent of participating farms in the first programming
period 2000-2006 adopted AES between 2000 and 2002 (see Appendix
Table A.I). We use farms that entered AES in one of these years (three
entry cohorts). Using data for the pre-participation years (1999, 2000, or
2001, respectively) and for the five years after entering AES with
continuous participation or non-participation yields a sample of 937
treated and 1431 untreated farms.

We exclude farms that switched treatment state from the control
group, to avoid comparing early with late adopters, which would not
yield insights into the effect of participation. We also exclude organic
farms because their participation rate was almost 100%, and horticul-
ture, vineyard, and permanent crop farms because their participation

3 To represent the counterfactual, Kuhfuss and Subervie (2018) suggested
using farms that did not participate in 2000-2006 and participated later, but we
would need to extend the minimum panel length to 9 years. Such panel lengths
are not widely available for the German FADN. Our data set contains 12 farms
which did not participate between 1999 and 2006 and only began participating
in 2007.

Land Use Policy 114 (2022) 105950

rate was very low.

Table 1 reports that farms show a higher proportion of rented land,
but lower livestock density, sales per hectare, lower labour and capital
productivity, and fertiliser expenditure, which indicate an overall lower
production intensity before participation. Higher values for the Shannon
diversity index indicate more crop diversity. Participation rates in
Southern Germany are higher than Northern Germany. On average,
participating farms receive payments for less favoured areas (LFA)
compared to non-participating farms.

Forty-eight percent of farms that started participation in 2000 had
participated during the 1990s (minimum two years of participation).
Due to panel attrition, the share of farms for which pre-participation
status is unknown increased to 29%. Matching on the pre-
participation status reduced the available control group to farms
participating in 1990s and stopping AES participation later. With only
5% of non-participating farms in the data set, matching on the pre-
participation status limits identification of the causal effect,” which is
why we use the Shannon diversity index to block the back-door paths
going through E.

The large share of farms already participating in the earlier pro-
grammes introduces another challenge for effect identification. While
the AES reform in 2000 brought major changes (see footnote 1), some
federal states had already implemented similar programme variants. In
these states, farms participating before 2000 and continued partici-
pating after Agenda 2000 possibly incurred fewer changes in farming
operation than the farms participating only after Agenda 2000, i.e., the
reform could have had a higher impact on the outcome measures of
farms that did not participate before 2000. Therefore, we examine
whether impacts of AES participation differ for the farms that did not
participate in AES prior to 2000 and estimate the treatment effects for
this subgroup of newcomers separately.

3.3. Covariate selection based on lasso

Table 2 lists the results of the covariate selection procedure for the
outcome measures of fertiliser and plant protection expenditures per ha
UAA and grassland share. The lasso procedure does not select the pre-
participation status (participation before 2000) into the set of con-
founding variables. Determining the relevance of the pre-participation
status, however, could suffer from weak identification because only a
small number of farms exited the AES program after 2000 (n = 23 for
year 2000). Again, we use the Shannon diversity index to block the back-
door paths going through E.

For the outcome fertiliser expenses, covariate selection based on
lasso (lasso-selected set) indicates region, proportion of grassland area,
pigs and poultry (LU) per ha UAA, fertiliser expenditure, plant protec-
tion expenditure, sales per ha, total output over total input, farmer’s age,
farm type, and interaction between farm size and direct payments. For
the outcome plant protection expenditure, the lasso set includes pro-
portion of rented land, reception of LFA subsidies, and interaction effects
with farm size, such as grassland share, livestock density, fixed capital,
revenue per capital age and the Shannon diversity index. For the
outcome grassland share, the lasso set also includes the Shannon di-
versity index. Other covariates from the lasso-selected set are region,
farm size, LFA participation, proportion of grassland and cereal area,
cattle density, plant protection expenditure, fixed capital, sales per ha,
revenue per capital, and the interaction between farm size and direct
payments for livestock.

To evaluate the matching procedures in terms of the post-matching
covariate balance, we compare the standardised differences in means
before and after matching (Rosenbaum and Rubin, 1985; Imai et al.,
2008; Kainz et al., 2017). Guidelines for what constitutes an acceptable
standardised difference for a given covariate lie between 0.1 and 0.25,

4 We thank an anonymous reviewer for this observation.
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Table 2
Results of lasso covariate selection.
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Outcome Fertiliser exp.

Participation Outcome

Plant protection exp. Grassland share

Participation Outcome Participation Outcome

Production environment

Land input (ha)

Region south

Region north

Proportion of rented land

LFA subsidies (yes/no)

Farming intensity

Proportion of grassland
Proportion of cereals area

Direct payments crops per ha
Direct payments livestock per ha
LU cattle per ha

LU pigs and poultry per ha
Fertiliser exp. per ha

Plant protection exp. per ha
Fixed capital per ha (1000€)
Productivity

Sales per ha (1000€)

Revenue per AWU (1000€)
Revenue per capital (€)

Total output over total input
Preferences

Age of farmer X X
Farm type crop X
Farm type livestock X

Participation before 2000 X

Shannon diversity index
Scale effects
Land input?
Land input

Mo oM M M MoX M XXM X
L i "

MoX X M

>

Prop. grassland
Land input x Prop. rented land
Land input x Prop. cereal area
Land input x Direct payments livestock

Cattle (LU/ha)

Eo T T B

Land input

Land input x pigs and poultry (LU/ha)

Land input x Plant protection exp. X

Land input x Fixed capital

Land input x Revenue per capital

Land input x Revenue per working unit

Land input

X
X
X
X
X
X
Land input x Sales per ha
X
X
X
X
x Age
X

Land input x Shannon diversity index X

Mo "
LT T T I Y MoM X M
> Mox oM M M
» MM

Mo X M M

MM M M
Mo M M
M

oM X MK X MM >
"

>
>

>
>

X

HooM X X X
>

X

Notes: LU denotes livestock units and ha denotes hectare (total UAA); boldface denotes common set covariate selections.

depending on the context (Harder et al., 2010). We consider a stand-
ardised difference of below 20% as balanced. Table 3 lists the stand-
ardised differences for the full covariate set and the lasso-selected set.

For the outcome fertiliser expenditure, standardised differences tend
to decrease after matching, but could also increase for single covariates,
i.e., grassland share. For the full covariate set, notable differences for
region, rented land, cattle density, and productivity remain after
matching. For the lasso-selected set, the nearest neighbour matching
variants and kernel matching® based on cross-validation with respect to
the means of covariates X performs best in reducing covariate imbal-
ance. Mean standardised differences (absolute) of all covariates in these
matching variants with reduced set could drop below the threshold
value of 20%. For the cross-validation with respect to the outcome, the
mean standardised difference (absolute) over all covariates higher than
for the other variants (0.17), which show mean values from 0.04 to 0.09.
Additionally, standardised differences in the two covariates, region and
productivity, remain above the threshold level of 0.2.

5 Kernel matching estimators were calculated with the Stata user-written
program kmatch (Jann, 2017).

For the outcome plant protection expenditure, the full set does not
achieve covariate balance. For the lasso-selected set (Table 2 columns 4
and 5), covariate balance is achieved for the nearest neighbour matching
variants (Table 4). For these variants the mean standardised difference
(absolute) reduces to 0.06 (1:1 NN matching) and 0.09 (1:5 NN
matching), and no selected covariates have a standardised difference
after matching of above 0.2.

For the outcome measure proportion of grassland, we present results
with exact matching on region as this improves covariate balance. For
the full set, covariate balance could not be achieved and for the reduced
set, imbalance remains in the covariates farm size, capital per ha, and
cattle density (see Appendix Table A.II). The 1:1 nearest neighbour
matching achieves the best covariate balance with a mean difference of
0.09 and two covariates (farm size and fixed capital per ha) above the
threshold of 0.2.

3.4. Average treatment effects on the treated

DID relies on parallel trends, but testing this assumption is debatable
because the potential outcomes are unobserved (Roth, 2018; Freyal-
denhoven et al., 2019) and a careful assessment of the data is required. A



R. Uehleke et al.

Table 3
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Covariate balance in terms of standardised differences using the outcome measure “fertiliser expenditure”.

NN matching

Kernel matching
Cross-validation w.r.t.

Pre-matching 1:1 NN 1:5NN Quantile dist. method Means of covariate sets X Means of outcomes Y
Full covariate set
Production environment
Land input (ha) -0.12 0.13 0.06 -0.07 0.14 0.00
Region west 0.09 0.07 0.08 0.13 0.00 0.04
Region north -1.93 -0.76 -1.15 -1.9 -0.38 -1.26
Proportion of rented land 0.23 0.32 0.31 0.26 0.27 0.28
LFA subsidies (yes/no) 0.03 0.00 0.01 0.15 0.00 0.00
Farming intensity
Proportion of grassland area 0.02 -0.04 -0.13 -0.28 0.00 -0.13
Proportion of cereals area 0.07 0.06 0.12 0.32 0.04 0.14
Direct payments crops (€/ha) 0.12 0.05 0.13 0.31 0.05 0.15
Direct payments livestock (€/ha) -0.36 -0.05 -0.02 -0.09 -0.08 -0.07
LU cattle per ha -0.22 -0.24 -0.28 -0.35 -0.24 -0.23
LU pigs and poultry per ha -0.2 -0.02 -0.01 0.01 -0.06 -0.07
Fertiliser exp. per ha! -0.27 -0.09 -0.08 -0.14 -0.15 -0.12
Plant protection exp. per ha -0.03 0.09 0.15 0.13 0.01 0.05
Fixed capital per ha (1000€) -0.01 -0.2 -0.12 0.02 -0.23 -0.1
Productivity
Sales per ha (1000€) -0.20 -0.04 -0.02 -0.05 -0.09 -0.08
Revenue per AWU (1000€) -0.57 -0.11 -0.21 -0.38 -0.1 -0.27
Revenue per capital (€) -0.15 0.06 0.06 -0.03 0.02 0.00
Total output over total input -0.28 -0.17 -0.24 -0.36 -0.23 -0.29
Preferences
Age of farmer 0.03 0.07 0.03 0.03 0.03 0.02
Farm type livestock -0.09 -0.07 -0.15 -0.28 -0.01 -0.14
Farm type mixed 0.17 0.02 0.08 0.25 0.01 0.1
Shannon diversity index 0.45 0.13 0.24 0.54 0.08 0.3
Mean standardised difference 0.26 0.13 0.17 0.28 0.10 0.17
Lasso common covariate set
Production environment
Region north -1.93 -0.04 -0.09 -0.27 0.00 -1.31
Farming intensity
Proportion of grassland area 0.02 -0.08 -0.13 -0.13 -0.11 -0.07
Pigs and poultry (LU) per ha -0.20 -0.01 0.01 -0.07 -0.04 -0.08
Fertiliser exp. per ha! -0.27 -0.08 -0.09 -0.13 -0.11 -0.17
Plant protection exp. per ha -0.03 0.08 0.14 0.07 0.06 0.01
Productivity
Sales per ha (1000€) -0.2 -0.06 -0.08 -0.13 -0.11 -0.1
Total output over total input -0.28 -0.07 -0.11 -0.19 -0.12 -0.24
Preferences
Age of farmer 0.03 0.04 0.04 0.04 0.03 0.06
Scale effects (Farm size x ...)
Direct payments livestock -0.32 0.01 -0.02 -0.02 -0.02 -0.04
Mean standardised difference 0.36 0.04 0.06 0.09 0.05 0.17

Notes: Exact matching on entry year, ! indicates exclusion of pre-participation outcome from the matching set; boldface denotes standardised differences of larger than

0.2 (absolute).

comparison of trends in fertiliser expenditure between participants in
2000 and non-participants before 2000 reaffirms our use of DID
matching (see Appendix Fig. A.I).

Table 5 shows the estimated average treatment effect of the treated
(ATT) for all outcome measures. The 1:1 nearest neighbour estimators
use only 321 out of 1417 observations available from the non-
participants, when including the pre-participation outcome, whereas
the kernel matching algorithms use almost all of the observations.

For the outcome fertiliser expenditures, the ATT estimates vary with
the matching algorithms and sets of covariates. For example, column 4
shows that when matching on the full set of covariates all of the
matching variants except kernel-matching based on bandwidth selection
with respect to means of covariates X yield statistically significant esti-
mates (p < 0.1). For these kernel-matching algorithms, the standardised
differences remain higher than the threshold value of 0.2 for several
covariates including those such as region and productivity selected into
the confounding set by lasso (see Table 3). In contrast to the full set,
matching on the reduced set achieves covariate balance for the nearest
neighbour matching variants and the cross-validation with respect to the
means of covariates X. These variants cannot reject a zero impact of AES
participation on fertiliser expenditure.

For the outcome plant protection expenditure, ATT estimates are
generally lower than the naive DID estimate of — 6.05 (p < 0.05). Both
1:1 and 1:5 nearest neighbour matching, which achieve covariate bal-
ance on the lasso-selected set (Table 4, columns 3 and 4) suggest an
effect of AES participation in reducing plant protection expenditure of
5-6€/ha.

For the outcome grassland share, 1:1 nearest neighbour matching
and kernel matching with bandwidth selection based on cross-validation
with respect to the means of covariates X performs best in terms of the
standardised differences (see Appendix Table A.II). The kernel matching
estimates suggest an increase of 2.1% points in the grassland share,
although the covariates of farm size, capital, and cattle density remain
imbalanced.

For the pre-treatment outcome fertiliser expenditure, the imbalance
is 0.27 in terms of the standardised differences. Including the pre-
treatment outcome in the matching set yields equivalent results for
both variants (see Appendix Table A.IV).

Given the discussed limitations of matching on participation in a
predecessor programme and the possible differing treatment effects for
farms that did not participate in AES prior to 2000, we also estimate
ATTs for this group of newcomers (Table 6). For fertiliser expenditure
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Table 4
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Covariate balance in terms of standardised differences using the outcome measure “plant protection expenditure”.

NN matching

Kernel matching
Cross-validation w.r.t.

Pre-matching 1:1 NN 1:5 NN Quantile dist. method Means of covariate sets X Means of outcomes Y

Lasso common covariate set

Production environment

Region south 0.09 0.11 0.02 0.1
0.14 0.15

Proportion of rented land 0.23 0.14 0.14 0.2
0.17 0.24

LFA subsidies (yes/no) 0.03 0.02 0.00 0.01
0.03 0.14

Farming intensity

Proportion of grassland area 0.02 -0.02 -0.05 -0.21
-0.07 -0.24

Proportion of cereals area 0.07 0.05 0.08 0.24
0.07 0.29

Direct payments crops (€/ha) 0.12 0.05 0.09 0.24
0.09 0.29

LU cattle per ha -0.22 -0.13 -0.13 -0.28
-0.17 -0.35

LU pigs and poultry per ha -0.2 -0.03 -0.08 -0.02
-0.03 -0.02

Fertiliser exp. per ha -0.27 -0.07 -0.13 -0.11
-0.08 -0.13

Plant protection exp. per ha! -0.03 0.06 0.00 0.08
0.08 0.12

Fixed capital per ha (1000€) -0.01 0.08 0.08 0.07
0.07 0.04

Productivity

Total output over total input -0.28 -0.14 -0.22 -0.28
-0.17 -0.31

Preferences

Farm type livestock -0.09 -0.06 0.00 -0.24
-0.09 -0.24

Farm type mixed 0.17 0.01 0.00 0.2
0.03 0.2

Scale effects (Farm size x ...)

Age -0.11 0.06 0.00 0.04
0.08 0.04

Grassland share -0.06 -0.01 -0.09 -0.19
-0.03 -0.22

Pigs and poultry (LU/ha) -0.18 -0.03 -0.07 -0.02
-0.03 0.00

Revenue per capital -0.16 0.01 -0.01 -0.01
0.05 0.00

Capital per ha -0.3 -0.02 -0.04 -0.07
-0.04 -0.14

Shannon diversity index 0.18 0.12 0.11 0.23
0.19 0.29

Mean standardised difference 0.14 0.06 0.07 0.14
0.09 0.17

Notes: Exact matching on entry year, ! indicates exclusion of pre-participation outcome from the matching set; boldface denotes standardised differences of larger than

0.2 (absolute).

the naive DID estimates slightly increase to — 7.50 (p < 0.01), for plant
protection expenditure to — 7.20 (p < 0.05), and for grassland share to
0.025 (p < 0.01). The matching results and covariate balance are
equivalent to the results when using the complete sample (see Appendix
Table A.III).

4. Discussion
4.1. Benefits of the proposed approach

The challenges of using large covariate sets to satisfy the conditional
independence assumption could be overcome by using a method that

uses the data efficiently and optimises the covariate selection, to
enhance the accuracy and reliability of an impact analysis. To maximise
the utilised sample size, we use staggered entry dates and include all
farm participants entering in any year of our AES programming period.
Compared to a sample that includes only farms entering in the first year
(year 2000), our method achieves a 97% increase of the utilised sample.
Using kernel matching, we could include up to 1400 non-participating
farms and achieve post-matching balances similar or better than using
pair matching, which achieves less than 200 matched controls depend-
ing on the outcome measure.

To optimise covariate selection, we combine theory-informed cause-
and-effect paths with data-driven covariate selection based on lasso. We
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Table 5
ATT estimates: changes in outcome measures.
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Outcome measure Fertiliser expenditure

Plant protection expenditure

Grassland share

Covariate selection/ Matched Matched ATT in Matched Matched ATTin€/ha  Matched Matched ATT (A
matching estimator treated controls €/ha treated controls treated controls share)
Full set of covariates
NN Mahalanobis matching
1:1 NN matching 928 321 -7.47* 928 326 -6.34% 928 190 .017**
(4.37) (3.68) (0.007)
1:5 NN matching 928 776 -6.37%* 928 778 -5.51* 928 477 .025%*
(3.15) (2.60) (0.009)
Kernel matching
R x quant-dist. method®) 908 1369 -3.77* 909 1364 -5.10%** 905 1375 .023%**
(2.08) (2.08) (0.008)
Cross-validation w.r.t. X 517 506 -6.82 534 496 -6.78* 722 866 .021**
(5.41) (3.24) (0.009)
Weighted cross-validation 826 1178 -4.15* 897 1297 -5.43%** 928 1413 .019**
w.r.t. YY) (2.37) (1.86) (0.007)
Lasso covariate selection
set
NN Mahalanobis matching
1:1 NN matching 928 240 -3.15 928 350 -5.28* 931 187 .015(0.009)
(4.17) (2.70)
1:5 NN matching 928 559 -3.22 928 782 -5.89* 931 457 023 *
(3.50) (2.40) (0.009)
Kernel matching
R x quant-dist. method® 901 1298 -1.52 908 1353 -5.59%** 905 1366 .021%**
(3.01) (1.81) (0.009)
Cross-validation w.r.t. X 848 994 -2.74 796 939 -6.69%** 796 974 .021%**
(3.15) (2.10) (0.009)
Weighted cross-validation 916 1379 -3.78* 908 1353 -5.59%#** 931 1427 .019**
w.r.t Y (2.22) (1.92) (0.008)
N 928 1417 928 1417 928 1417
Notes: Exact matching on entry year, excluding pre-treatment outcome from matching set; standard errors in brackets, * p < 0.1, ** p < 0.05, *** p < 0.01; a)

1.5 x 90% quantile, Huber et al. (2015); b) Galdo et al. (2008); standard errors for NN matching based on Abadie and Imbens (2006) and for kernel matching
bootstrapped with 1000 replications; naive DID: fertiliser expenditure — 6.05 (p < 0.05), plant protection expenditure — 6.00 (p < 0.01), and grassland share 0.019

(p < 0.05).

identify the relevant covariate set by the common set of variables
selected by a lasso regression on the treatment and a lasso regression on
the outcome. Based on this data-driven covariate selection procedure,
we could reduce the full set of covariates by up to 59%, depending on the
outcome measure.

Across all outcome measures, the lasso-selected set of covariates
includes our measures from each category of covariates: region as a
measure for production environment; pigs and poultry density, plant
protection expenditure, and sales per ha as measures for farm intensity;
total output over total input as a measure for productivity; farm type and
farmer’s age for the outcome fertiliser expenditure, and the Shannon
crop diversity index for the outcome grassland share as measures for
preferences.

In line with previous studies, we suggest a relation between farming
intensity measures (prior to participation) and AES adoption (Zimmer-
mann and Britz, 2016) and outcome measures (Billeter et al., 2008).
Previous studies, however, have reported mixed results for a relation
between productivity measures and AES adoption. Pufahl and Weiss
(2009) and Salhofer and Streicher (2005) found no correlation between
productivity and AES adoption for Germany and Austria, respectively.
Was et al. (2021) reported statistically significant correlations between
farm productivity and AES participation for Poland, and based on the-
ories of cultural capital, viewed productivity as an expression of land-
scape preferences. Such preferences could inhibit participation because
AES could imply less desirable landscape changes. Our result supports
Chabé-Ferret and Subervie (2013), who found windfall effects resulting
from adverse selection, and Pates and Hendricks (2020), who emphas-
ised that AES could offer substantial private benefits. We note that
observed productivity also is the result of the farm optimisation problem
and depends on technology and input choices under production uncer-
tainty (Chambers and Pieralli, 2020), with possible time-dependencies
(Ahn et al., 2000). Thus, current productivity could simultaneously

determine farmer’s technology choice, such as AES adoption, and relate
to environmental outcome measures (Serra et al., 2014; Baldoni et al.,
2017).

The lasso regressions also select farmer’s age, and the Shannon di-
versity index in case of the outcome grassland share. Since both vari-
ables could reflect farmers’ experience and preferences, their relation to
outcome measures seems plausible, which is in line with studies that
considered behavioural aspects, such as attitudes, perceived norms, and
farmer types as predictors for adopting sustainable farming practices
and AES (Dessart et al., 2019; Villamayor-Tomas et al., 2019; Leonhardt
et al., 2021).

The lasso regressions show a relation between participation in
environmental programmes prior to 2000 and participation in AES
2000-2006, but no relation between earlier participation and the
outcome measures. Although some studies noted that prior participation
is an important predictor for AES adoption (e.g., see overview in Las-
tra-Bravo et al., 2015), rarely has it been considered in impact evalua-
tion studies. One exception is Chabé-Ferret and Subervie (2013), who
discussed experience with prior participation as an important
confounder for evaluating AES. We find no difference between the re-
sults from separately estimating the effects for newcomers and for
farmers with long-standing participation and the results based on the
full sample.

For the outcome grassland share, the lasso-selected covariate set
includes the Shannon diversity index as a measure for sustainable land
management practices and is in line with Fig. 1 mechanism c. This
supports our assumption that farm sustainability measures can block the
backdoor-path through environmental preferences.

Based on the existence of minimal subsets (de Luna et al., 2011), the
applied covariate selection approach of including the relevant covariate
set differs from covariate selection approaches proposed for parametric
regression that rely on a correct model specification. For example, the
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Table 6
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ATT estimates: changes in outcome measures for farms that do not participate in environmental programmes prior to AES (1992-1999).

Outcome measure Fertiliser expenditure

Plant protection expenditure

Grassland share

Covariate selection/ Matched Matched ATT in Matched Matched ATTin €/ha  Matched Matched ATT (A
matching estimator treated controls €/ha treated controls treated controls share)
Full set of covariates
NN Mahalanobis matching
1:1 NN matching 524 220 -5.59 524 229 -5.78(4.22) 524 146 .025%*
(5.35) (0.007)
1:5 NN matching 524 653 -5.95 524 658 -5.76* 524 391 .032%**
(3.68) (3.32) (0.011)
Kernel matching
R x quant-dist. method®) 513 1306 -5.54* 512 1299 -4.53%* 513 1317 .028%**
(2.35) (2.17) (0.010)
Cross-validation w.r.t. X 338 556 -4.69 351 572 -3.16(3.02) 399 796 .030%**
(6.23) (0.010)
Weighted cross-validation 457 932 -4.22 392 664 -2.65(2.78) 523 1350 .025%**
w.r.t. YY) (3.22) (0.009)
Lasso covariate selection
set
NN Mahalanobis matching
1:1 NN matching 524 192 -3.33 524 259 -6.59%* 525 135 .021*
(4.75) (3.13) (0.013)
1:5 NN matching 524 484 -4.33 524 672 -6.53%* 525 357 .032%**
(4.01) (2.40) (0.012)
Kernel matching
R x quant-dist. method®) 502 1249 -2.48 519 1284 -5.26%* 506 1315 .028%*
(3.24) (2.20) (0.011)
Cross-validation w.r.t. X 463 851 -3.73 455 844 -5.64%** 403 784 .027%*
(3.76) (2.16) (0.013)
Weighted cross-validation 460 823 -4.50 444 819 -5.11%* 525 1365 .025%**
w.r.t. Y?) (3.71) (2.11) (0.009
N 524 1354 524 1354 525 1365

Notes: Exact matching on entry year, excluding pre-treatment outcome from matching set; standard errors in brackets, * p < 0.1, " p < 0.05, ™" p < 0.01; a) 1.5 x 90%
quantile, Huber et al. (2015); b) Galdo et al. (2008); standard errors for NN matching based on Abadie and Imbens (2006) and for kernel matching bootstrapped with
1000 replications; naive DID: fertiliser expenditure — 7.50 (p < 0.01), plant protection expenditure — 7.20 (p < 0.05), and grassland share 0.025 (p < 0.01).

double selection approach by Belloni et al. (2014) uses the union of
covariates, because the unbiasedness of the coefficient of interest re-
quires inclusion of covariates with small coefficients, which lasso will
discard. Compared to matching on the covariates, the sparsity condition
for these treatment effect estimators is relaxed but they are sensitive to
poor overlap (D’Amour et al., 2021).

Using the union of covariates, however, was not feasible for our data
set because the union excludes only two covariates and six out of 14
scale effects, so achieving post-matching covariate balance is not
possible. Based on the assumption that not all covariates in this set are
needed to establish conditional mean independence, the lasso-reduced
set could be an option for supporting the exclusion of non-
confounding covariates. To avoid omitting confounding covariates, we
classify the covariate set along the relevant dimensions for the farms’
optimisation problem and use theory-informed cause-and-effects paths.
Our lasso-reduced set includes covariates from all of these dimensions,
which seems reasonable from an economics perspective.

4.2. Estimated average AES effects in the programming period
2000-2006

For the estimated ATT, we show that AES reduces plant protection
expenditure by up to 6€ per ha and increases grassland share by 2.1%
points. With a baseline mean plant protection expenditure of 72.33€/ha
for the treated group, there is an 8.3% reduction in plant protection
expenditure. For fertiliser expenditure, we cannot show an effect. We
note that kernel matching supports the credibility of the results because
the low number of observations used in pair matching could underpower
the hypothesis test and falsely suggest no effect of AES participation.

Our results differ from studies of the same AES programming period.
Based on farms’ bookkeeping data comparable to the FADN for
2000-2005 and DID matching, Pufahl and Weiss (2009) reported an
average reduction of 9.4% in fertiliser expenditure, a 4.7% reduction in
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plant protection expenditure, and an increase in grassland share of
almost 9%. Arata and Sckokai (2016), who also used the FADN but
constructed a fully balanced panel for 2003-2006, found that AES par-
ticipants reduce fertiliser expenditure by €33/ha, based on a subsample
in which the AES payments comprised more than 5% of the total farm
income; the authors also found no statistically significant effect on plant
protection expenditure. We attribute the different results to the con-
struction of the treated and control groups. Arata and Sckokai (2016)
restricted their data set to farms adopting AES in 2003, whereas Pufahl
and Weiss (2009) excluded about 80% of observations to ensure co-
variate balance. The sample used in Pufahl and Weiss (2009) is also
larger and more representative for Northern Germany than the FADN
sample.

4.3. Data limitations

While FADN is considered the best available data set for EU agri-
environmental policy impact evaluation, it lacked data on farms’
participation in specific AES programs. Thus, some programmes in our
study period do not necessarily relate to the available intensity mea-
sures. Additionally, our data set could include participants for which no
change in the outcome could be expected after AES adoption. For
instance, participation in the “late mowing of grassland” programme
does not necessarily relate to changes in a farm’s grassland share, i.e., by
including this programme’s participants, we could have skewed the ef-
fects of other programmes. From a policy perspective, we suggest that an
average effect across all programmes on the outcome measure of interest
still is a meaningful success indicator for the policy.

The FADN contained only indirect environmental outcome mea-
sures, such as input intensity. Therefore, we had to rely on fertiliser
expenditure because fertiliser quantities are available only for recent
years. Today, more studies are using the Integrated Administrative
Control System (IACS) to develop alternative environmental measures
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(e.g., crop diversity at the farm level (Uthes et al., 2020)) as outcomes
indicators because they apply to AES outcomes such as farming intensity
as well as landscape diversity and climate change mitigation (Bertoni
et al., 2020).

We note that some EU member states collect detailed data on the
environmental performance of agricultural land use and combine the
data with national farm accountancy data sets (Dabkiene, 2016; Kelly
et al., 2018). Buckley et al. (2015) derived farm-gate N and P balances
from the Irish National Farm Survey and benchmarked different farming
systems against each other. Thus, expanding the FADN could help
policy-makers develop alternative outcome measures.

The FADN’s rotating panel is a significant limitation. Given a typical
AES contract length of five years, the effect of interest will be the impact
after five years of participation. In Section 2.4, we stated that a panel
length of six years could reduce the sample size considerably. For EU
member states with very low or high participation rates (e.g., 77% of all
farms in Austria participate in AES (Eurostat, 2017); for a detailed

100 120 140
1 1 Il

mean fertiliser expenditure
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approach has potential to improve both the counterfactual analyses
within the EU’s method mix for AES evaluation and the development of
environmental programmes. We suggest that future research could
examine other approaches for covariate selection that use parametric
(Chernozhukov et al., 2018) and non-parametric regressions (de Luna
et al., 2011; Persson et al., 2017).
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Appendix A

See Fig Al.
See Tables AI-AIV.
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Never-takers

Participants starting 2000

Figure A.I. Pre-treatment outcome trend. Notes: For 2000, 425 observations are denoted as never-takers (5 years of non-participation) and 651 observations as
participants starting in 2000 (5 years of continuous participation); sample size reduces with every additional year before 2000; for 1990, only 116 treated and 119

untreated observations are available.

overview, see Zimmermann and Britz, 2016). Rotating panels also
reduce the possible number of observations in the treated and control
groups.

5. Conclusion

This study addressed the problem of having more covariates that
improve the control of confounding factors but reduce both the available
data for matching and the precision of the estimates. The proposed
approach was designed to increase the efficiency and reduce potential
bias of causal impact estimates for AES participation effects on farms’
land management using the FADN between 1999 and 2006. The
approach maximised the utilised sample while reducing the covariate set
based on cause-and-effect paths and automated covariate selection
procedures and thus achieves results that are more representative of the
complete AES programming period. The results indicated that the
approach could increase the robustness of causal impact estimation.
Moreover, when combined with improved outcome measures, the
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Table A.I
AES adoption by year in Western Germany.

Number of farms Number of farms with six years of

observations
Year Non- Participants Non-participants Participants
participants entering AES (no switchers)

1999 4216 - 458 740
2000 2769 1482 491 139
2001 1676 1562 482 52
2002 1643 677 - -
2003 1651 441 - -
2004 1567 397 - -
2005 2502 243 - -
2006 2636 414 - -

Source: FADN.
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Table A.II

Post-matching balance after DID matching using outcome measure “share of grassland”.

Land Use Policy 114 (2022) 105950

NN matching

Kernel matching
Cross-validation w.r.t.

Pre-matching 1:1 NN 1:5NN Quantile dist. method Means of covariate sets X Means of outcomes Y
Full covariate set
Production environment
Land input (ha) -0.12 0.39 0.47 0.53 0.37 0.51
Proportion of rented land 0.23 0.49 0.57 0.69 0.46 0.7
LFA subsidies (yes/no) 0.03 0 -0.01 -0.01 0 0.05
Farming intensity
Proportion of grassland area® 0.02 -0.06 -0.21 -0.16 -0.04 -0.07
Proportion of cereals area 0.07 0.06 0.22 0.15 0.08 0.09
Direct payments crops (€/ha) 0.12 0.11 0.25 0.22 0.11 0.2
Direct payments livestock (€/ha) -0.36 -0.08 -0.03 -0.04 -0.06 -0.1
LU cattle per ha -0.22 -0.37 -0.59 -0.52 -0.37 -0.5
LU pigs and poultry per ha -0.2 0.01 0.06 -0.09 -0.06 -0.13
Fertiliser exp. per ha -0.27 -0.02 -0.04 -0.06 -0.1 -0.06
Plant protection exp. per ha -0.03 0.16 0.27 0.14 0.04 0.04
Fixed capital per ha (1000€) -0.01 -0.44 -0.5 -0.64 -0.46 -0.65
Productivity
Sales per ha (1000€) -0.2 -0.07 -0.1 -0.2 -0.14 -0.23
Revenue per AWU (1000€) -0.57 0.06 0.07 0.02 0.02 -0.07
Revenue per capital (€) -0.15 0.13 0.14 0.09 0.05 0.07
Total output over total input -0.28 -0.18 -0.35 -0.46 -0.31 -0.42
Preferences
Age of farmer 0.03 0.09 0.03 -0.03 0.04 -0.04
Farm type livestock -0.09 -0.11 -0.36 -0.25 -0.14 -0.17
Farm type mixed 0.17 -0.04 0.14 0.11 0.09 0.08
Shannon diversity index 0.45 0.05 0.16 0.28 0.11 0.29
Mean standardised difference 0.18 0.15 0.23 0.23 0.15 0.22
Lasso common covariate set
Production environment
Land input (ha) -0.13 0.35 0.47 0.49 0.36 0.51
LFA subsidies (yes/no) 0.03 0.00 0.00 0.00 0.00 0.05
Farming intensity
Proportion of grassland area® 0.02 0.06 -0.03 -0.07 0.03 -0.07
Proportion of cereals area 0.07 -0.02 0.03 0.07 0.02 0.08
Direct payments crops (€/ha) 0.11 0.02 0.09 0.14 0.05 0.19
LU cattle per ha -0.22 -0.20 -0.33 -0.37 -0.23 -0.5
Plant protection exp. -0.03 0.03 0.13 0.05 -0.02 0.05
Fixed capital per ha (1000€) -0.01 -0.34 -0.45 -0.58 -0.42 -0.65
Productivity
Sales per ha (1000€) -0.2 -0.04 -0.1 -0.18 -0.14 -0.22
Revenue per capital -0.12 0.05 0.06 0.05 0.03 0.03
Preferences
Farm type livestock -0.09 0.03 -0.12 -0.16 -0.03 -0.17
Shannon diversity index 0.44 -0.01 0.04 0.19 0.05 0.28
Scale effects (Farm size x ...)
Direct payments livestock (€/ha) -0.32 0.01 0.04 0.01 0.01 -0.05
Mean standardised difference 0.14 0.09 0.15 0.18 0.11 0.22

Notes: Exact matching on entry year and region; boldface
excluded from the matching set.

Table A.IIT

Covariate balance in terms of standardised differences,

expenditure”.

denotes standardised differences of larger than 0.2 (absolute); ! denotes that pre-participation outcome is

excluding farms that participate in the predecessor programme using the outcome measure “fertiliser

NN matching

Kernel matching
Cross-validation w.r.t.

Pre-matching 1:1 NN 1:5 NN Quantile dist. method Means of covariates sets X Means of outcomes Y
Full covariate set
Production environment
Land input (ha) -0.25 0.06 -0.01 -0.2 0.08 -0.06
Region west 0.12 0.05 0.11 0.16 0.01 0.09
Region north -1.91 -0.77 -1.08 -1.9 -0.45 -1.22
Proportion of rented land 0.19 0.29 0.27 0.21 0.29 0.25
LFA subsidies (yes/no) 0.09 0.00 0.01 0.17 0.00 0.00
Farming intensity
Proportion of grassland area® 0.13 -0.1 -0.16 -0.13 -0.01 -0.09
Proportion of cereals area -0.02 0.11 0.17 0.19 0.05 0.13
Direct payments crops (€/ha) 0.01 0.13 0.16 0.18 0.06 0.13
Direct payments livestock (€/ha) -0.37 -0.06 -0.03 -0.12 -0.04 -0.1
LU cattle per ha -0.12 -0.31 -0.33 -0.23 -0.23 -0.24
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Table A.III (continued)

Kernel matching

NN matching Cross-validation w.r.t.

Pre-matching 1:1 NN 1:5 NN Quantile dist. method Means of covariates sets X Means of outcomes Y
LU pigs and poultry per ha -0.18 0.04 0.05 -0.02 -0.05 -0.05
Fertiliser exp. per ha -0.29 -0.09 -0.1 -0.16 -0.16 -0.15
Plant protection exp. per ha -0.05 0.18 0.19 0.07 0.03 0.06
Fixed capital per ha (1000€) 0.06 -0.14 -0.07 0.12 -0.17 -0.01
Productivity
Sales per ha (1000€) -0.14 -0.05 0.00 -0.01 -0.11 -0.06
Revenue per AWU (1000€) -0.49 -0.14 -0.19 -0.36 -0.12 -0.23
Revenue per capital (€) -0.13 0.04 0.05 -0.04 0.02 0
Total output over total input -0.19 -0.32 -0.3 -0.27 -0.35 -0.32
Preferences
Age of farmer -0.05 0.00 -0.03 -0.05 -0.05 -0.07
Farm type livestock 0.07 -0.1 -0.18 -0.11 -0.01 -0.12
Farm type mixed 0.05 0.05 0.11 0.14 0.01 0.09
Shannon diversity index 0.26 0.13 0.20 0.35 0.05 0.20
Mean standardised difference 0.24 0.14 0.17 0.24 0.11 0.17
Lasso common covariate set
Production environment
Region north -1.91 -0.1 -0.17 -0.98 0.00 0.00
Farming intensity
Proportion of grassland area’ 0.13 -0.09 -0.12 -0.03 -0.12 -0.1
Pigs and poultry (LU) per ha -0.18 0.01 0.02 -0.09 -0.04 -0.04
Fertiliser expenditure -0.29 -0.03 -0.05 -0.14 -0.08 -0.08
Plant protection expenditure -0.05 0.16 0.16 0.01 0.07 0.06
Productivity
Sales per ha(1000€) -0.14 -0.02 -0.02 -0.08 -0.07 -0.07
Total output over total input -0.19 -0.03 -0.08 -0.15 -0.1 -0.09
Preferences
Age of farmer -0.05 0.02 0.04 -0.01 0.02 0.02
Scale effects (Farm size x ...)
Direct payments livestock (€/ha) -0.34 -0.05 -0.04 -0.07 -0.05 -0.04
Mean standardised difference 0.36 0.06 0.08 0.17 0.06 0.06

Notes: Exact matching on entry year; boldface denotes standardised differences of larger than 0.2 (absolute); ! denotes that pre-participation outcome is excluded from
the matching set.

Table A.IV

ATT estimates: changes in outcome measures with matching on the pre-treatment outcome.
Outcome measure Fertiliser expenditure Plant protection expenditure Grassland share
Covariate selection/ Matched Matched ATT in Matched Matched ATT in €/ha Matched Matched ATT (A
matching estimator treated controls €/ha treated controls treated controls share)

Full set of covariates
NN Mahalanobis matching

1:1 NN matching 928 328 -5.69 928 328 -5.68(3.58) 928 193 .017%**
(4.14) (0.008)
1:5 NN matching 928 780 -5.96* 928 780 -5.43* 928 467 0267+
(2.96) (2.54) (0.009)
Kernel matching
R x quant-dist. method®) 909 1371 -4.47* 909 1371 -4.89%** 909 1372 .024**
(1.99) (1.65) (0.008)
Cross-validation w.r.t. X 474 434 -4.13 474 434 -4.89* 691 785 .022%*
(4.72) (2.95) (0.009)
Weighted cross-validation 852 1138 -4.51% 887 1287 -4.84%%x 918 1398 .021%*
w.r.t. Y?) (2.33) (1.74) (0.008)
Lasso covariate selection
set
NN Mahalanobis matching
1:1 NN matching 928 252 -5.52 928 356 -5.23* 931 185 .016*
(3.48) (2.87) (0.009)
1:5 NN matching 928 560 -4.00 928 782 -5.37%* 931 458 025+
(2.96) (2.33) (0.008)
Kernel matching
R x quant-dist. method®) 904 1332 -3.74 912 1359 -4.62%%* 906 1361 .022%**
(2.31) (1.65) (0.008)
Cross-validation w.r.t. X 851 1063 -2.64 759 868 -6.18%** 827 1038 .024%*
(2.63) (2.00) (0.010)
Weighted cross-validation 826 956 -3.17 871 1221 -5.66%** 912 1381 .022%**
w.r.t. Y?) (2.75) (1.78) (0.008)
N 928 1417 928 1417 928 1417

Notes: Exact matching on entry year, standard errors in brackets, * p < 0.1, "p < 0.05, " p < 0.01;a) 1.5 x 90% quantile, Huber et al. (2015); b) Galdo et al. (2008);
standard errors for NN matching based on Abadie and Imbens (2006) and for kernel matching bootstrapped with 1000 replications; naive DID: fertiliser expenditure
— 6.05 (p < 0.05), plant protection expenditure — 6.00 (p < 0.01), and grassland share 0.019 (p < 0.05).
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