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ABSTRACT

The implementation of agri-environmental practices (AEPs) is a key strategy to reach biodiversity and environmental objectives in agricultural landscapes, but their
widespread application is often hampered by perceived trade-offs with crop production. However, the extent of these trade-offs remains poorly understood and has
rarely been quantified in real-world case studies.

Hence, our aim was to analyze trade-offs between crop yield, water quality and farmland biodiversity using an optimization approach for the spatial allocation of
AEPs for a catchment in Eastern Germany. Potential AEPs were selected based on a co design approach with local stakeholders (stakeholder-based scenario) and were
complemented by additional AEPs to reach current EU policies targets (policy-based scenarios). Consequences for crop production and environmental objectives were
evaluated through spatially-explicit crop, water and biodiversity models. Contrary to common perception, we found that crop losses required to increase envi-
ronmental objectives were marginal (maximum loss of 1.1% in the stakeholder based scenario). The implementation of AEPs even led to win-win outcomes for crop
production and environmental objectives in over 20% of the Pareto-optimal solutions as compared to the status quo. These win-win outcomes resulted merely from
biophysical effects as positive biodiversity feedbacks to agriculture were not included in our model. Spatial optimization of AEPs allocation was key to mediating

trade-offs across scenarios, highlighting the large potential of spatially explicit approaches for the management of agricultural landscapes.

1. Introduction

The simplification and management intensification that has charac-
terized agricultural landscapes in industrial nations since the mid-20th
century has increased agricultural productivity but is also associated
with high environmental costs (Campbell et al., 2017). These costs are
reflected in environmental changes such as the loss of fertile soils and
decreasing water quality, as well as ecosystems degradation and
resulting loss in ecosystem functions (Dainese et al., 2019). As a
consequence, agricultural landscapes are becoming more vulnerable, e.
g. to droughts, floods, pest outbreaks and to the overall risk of yield
instability (IPCC et al., 2022; Zhao et al., 2017), which can negatively
affect agricultural production itself.

An often promoted strategy to mitigate these environmental chal-
lenges and their negative socio-ecological impacts is to reconsider the

current structure of agricultural landscapes (Landis, 2017; Sietz et al.,
2022). Such a redesign should encompass an increase in landscape
complexity and a reduction in land use intensity (Batary et al., 2020;
Garibaldi et al.,, 2023; Landis, 2017). The implementation of
agri-environmental practices (from here on abbreviated as AEPs) ad-
dresses both goals. Many AEPs are supported by agri-environmental
payments, both in Europe (Hasler et al., 2022) and in other countries
(e.g. Baylis et al. (2022); Pannell and Rogers (2022)). We here use the
term AEPs to denote the actual practices, such as establishment of
hedgerows, riparian buffer, fallow land, reduced tillage and cover crops,
regardless of whether they are subsidized. AEPs have different impacts
on biodiversity and ecosystem services supply (Bullock et al., 2021). For
instance, fallow land is expected to favor farmland biodiversity (Pe’er
et al., 2017), riparian buffers to reduce water pollution (Baaken, 2022;
Mockel et al., 2024; Williams et al., 2023) and cover crops to reduce soil
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erosion (Williams et al., 2023).

The implementation of AEPs, however, is often perceived to lead to
trade-offs with agricultural production, as they are usually linked to
reductions in chemicals input and decreases in cultivated area. If certain
targets of implementation need to be reached, for example at the Eu-
ropean Union level to comply with overarching policy objectives (e.g.
the Farm to Fork strategy) or to be able to access subsidies (e.g. Good
Agricultural and Environmental Conditions (GAEC) under the current
Common Agricultural Policy (CAP) enhanced conditionality), this
perception can even be stronger.

As a response, farmers tend to implement AEPs in less productive or
already complex landscapes, following economic and management
reasons (i.e. lower opportunity costs, already difficult mechanization
processes) (Alarcon-Segura et al., 2023; Bartkowski et al., 2023; Paulus
et al., 2022), which in turn are often less effective in improving envi-
ronmental aspects. Instead, optimal spatial allocations of AEPs within
agricultural landscapes would allow maximizing ecological effects,
while minimizing trade-offs, or even obtaining win-win situations be-
tween the considered objectives (Ekroos et al., 2014).

Multi-objective optimization techniques can support the identifica-
tion of such optimal spatial allocation. They have been used in multiple
land use studies to analyze trade-off situations and provide Pareto-
optimal solutions (Kaim et al., 2018). Pareto-optimal solutions are
defined as land-use configurations for which no single optimization goal
can be increased without simultaneously decreasing one or more of the
other goals (Coello et al., 2007). Studies on multi-objective optimization
have been conducted to address specific environmental and climatic
problems (e.g. eutrophication (Rodriguez-Gallego et al., 2019), water
scarcity (Farrokhzadeh et al., 2020)) or to foster agricultural adaptation
to climate change (Klein et al., 2013). Various studies also included
biodiversity indicators (e.g. habitat suitability, species richness, func-
tional diversity) as an objective, although only few are working with real
landscapes (Kaim et al., 2021; Reith et al., 2022; Verhagen et al., 2018;
Witing et al., 2022).

In this study, we present a spatially explicit, multi-objective opti-
mization approach to evaluate the potential for maximizing crop yield,
water quality regulation and farmland biodiversity through the imple-
mentation of AEPs for the agricultural landscape of the Schwarzer
Schops river basin, Germany. Potential AEPs were selected based on a
co-design approach with local stakeholders (stakeholder-based scenario)
and were complemented by additional AEPs to comply with current EU
policies targets, particularly those related to reducing fertilizer input
and having a minimum share of non-productive areas within a farm’s
arable land (policy-based scenarios). As proxies for modelling biodiver-
sity potential, we used a set of indicators novel to optimization ap-
proaches, including an index for probability of connectivity, which
estimates the connectivity between semi-natural habitat (SNH) patches
in the entire catchment, and an index for habitat quality, which esti-
mates the negative spill-over effects of nitrogen from neighboring fields.
Specifically, we aimed to (i) quantify the losses in agricultural produc-
tion, compared to the current management, when environmental ob-
jectives are increased; (ii) identify possible hotspots for AEPs
implementation; and (iii) analyze how the results change when AEPs
implementation needs to comply with EU targets.

2. Material and methods
2.1. Analysis workflow

We used the Schwarzer Schops river basin in Saxony (Germany) as an
example of an intensively used and simplified agricultural landscape in
which to implement AEPs. We performed a multi-objective optimization
for indicators of crop yield, water quality regulation and farmland
biodiversity potential (represented by habitat connectivity and habitat
quality). Our goal was to simultaneously:
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i. Maximize habitat connectivity index;

ii. Maximize habitat quality index;
iii. Minimize phosphorus load at the catchment outlet;
v. Minimize losses in agricultural production.

—-

The interest was in increasing farmland biodiversity both from a
conservation point of view and for its potential to supply different
agriculture-enhancing ecosystem services (e.g. pollination, nutrient
cycling). As the water bodies in the case study often suffer from phos-
phorus pollution, the interest was also in decreasing the phosphorus load
into the main reservoir, thereby improving water quality regulation.

Each of the considered objectives corresponds to the output of a
particular spatially-explicit biophysical or ecological model, each of
which was determined by a fixed set of input variables as well as varying
sets of AEPs (Fig. 1). We refer to each set of implemented AEPs and their
specific spatial allocation as a land-use configuration (Fig. 1). The
considered AEPs in this study (see Table S3.1 for details) included the
implementation of landscape elements (hedgerows, riparian buffers,
grassed waterways, and retention ponds) as well as changes in agricul-
tural practices (reduced tillage in combination with winter cover crops
and fallow land). Using the multi-objective optimization tool COMOLA
(Constrained Multi-objective Optimization of Land-use Allocation)
(Strauch et al., 2019) we identified specific land-use configurations that
resulted in the optimization of our four objectives.

2.2. Multi-objective optimization

CoMOLA is based on the NSGA-2 genetic algorithm (Deb et al.,
2002). It starts an optimization process by first creating a randomly
generated set of land-use configurations. For each of these configura-
tions, model outputs are computed for all four optimization objectives.
The genetic algorithm then applies a Pareto ranking (i.e. non-dominated
sorting) to identify the land-use configurations that performed well with
respect to optimization objectives. Based on these rankings, the algo-
rithm generates new land-use configurations by ‘recombining’ previously
well performing configurations (Strauch and Schiirz, 2024). In this way,
multiple ‘offspring’ configurations are produced forming a new ‘genera-
tion’ for which model outputs are computed. The entire procedure was
repeated for 200 generations using a population size of 100 individuals,
resulting in 20,100 model simulations (see section 1.1 in Supplementary
Information for additional details on the configurations of the optimi-
zation algorithm and accompanying sensitivity analyses).

2.3. Biophysical models

In our approach, we relied on three distinct biophysical models
(Fig. 1). These were (i) the Soil and Water Assessment tool (SWAT+), (ii)
a habitat connectivity model and (iii) a habitat quality model.

2.3.1. SWAT+: modelling water quality regulation and agricultural
production

SWAT is a conceptual, continuous-time watershed model developed
to assess the impact of land management on water supplies and nonpoint
source pollution (Arnold et al., 1998). Recently, improvements have
been incorporated into the updated SWAT + version (Bieger et al.,
2017), e.g. a better representation of water routing and thus connec-
tivity between land and water objects (Bieger et al., 2019; White et al.,
2022). In our simulations, we further improved model resolution for
water routing by applying the contiguous object connectivity approach -
COCOA (Schiirz et al., 2022). COCOA allows a site-specific assessment of
the effectiveness of different AEPs within a catchment (Piniewski et al.,
2024) and provides the basis for optimizing the spatial allocation of
AEPs at the landscape scale (Strauch and Schiirz, 2024). We calibrated
our model against observed annual crop yield, daily runoff and 4-6
weekly sediment and phosphorus loads at the catchment outlet for the
period 2009 to 2020 (Piniewski et al. (2024), see also section 2.1 in
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Fig. 1. Overview of the multi-objective optimization approach applied in the study. Four optimization goals were modelled based on three coupled models
based on fixed input variables and land-use configurations that were derived from an opportunity space and varied across model runs. Each step is explained in detail

in the methods sections (see sections’ numbers in the white ellipses).

Supplementary Material). The main outputs used in our optimization
procedure were (i) annual phosphorus load in the Schwarzer Schops river
at the catchment outlet, which was used as indicator of water quality
and (ii) the average annual sum of crop yield in the whole catchment
area, which was measured in grain units, reflecting the produced
nutritional value and used to standardize the harvested biomass across

crop types.

2.3.2. Biodiversity modelling

The lack of available data (e.g. management-dependent species ob-
servations, pesticide use) and the complexity of biodiversity dynamics
(Hillebrand and Matthiessen, 2009; Tscharntke et al., 2012) prevented
modelling of responses of biodiversity to changes in AEPs. Instead, we
considered landscape structure (habitat connectivity model) and
land-use effects on biodiversity (habitat quality model) to simulate a
biodiversity potential that could be realized if other conditions were also
favorable.

2.3.2.1. Habitat connectivity. Our evaluation of habitat connectivity
was based on the probability of connectivity (PC) index (Saura and
Pascual-Hortal, 2007), which is widely used in the analyses of ecological
habitat networks (Hashemi and Darabi, 2022; Keeley et al., 2021). PC
values represent the connectivity of suitable habitats in an entire land-
scape and are based on computing dispersal probabilities (p;) between
individual habitat patches following the formula

M=
M=

- $-aap,
L
— (€)]

L

Il
-
-

L

PC=

where i and j stand for two of the n habitat patches in the landscape, a
represents the size of an individual habitat patch and A} is the total area
of the landscape (Fig. 1).

In our approach, we focused on ecotones between arable land and
SNH. SNH in our study included both AEPs and others SNH, e.g. field
margins, small forest patches and also the edges of larger natural habi-
tats within a 12.5 m buffer zone around each agricultural field. This
buffer allowed us to account for the known decrease of the abundance of
farmland species in core forest and other natural areas (Lacasella et al.,
2015). Non-permanent SNH (e.g. annual fallow) was considered habitat
in the respective year due to its importance for farmland biodiversity
(Pe’er et al., 2017). To account for non-permanency, we adjusted the
habitat size a by multiplying it by the proportion of time the patch was
not used for agricultural production.

Dispersal probabilities were calculated using a decreasing exponen-
tial function (Equihua et al., 2024), based on the formula

py=e*Y @

where d; represents the edge-to-edge Euclidian distances between two
habitat patches and k is chosen so that the function matches a desired
probability distance value. We assigned a 50 % dispersal probability
when d; was equal to the mean dispersal distance of a species of interest.

Mean dispersal distances, defined as the average distance an indi-
vidual travels during a dispersal event, which varies by taxon and
functional group, can significantly impact PC values (Wang et al., 2021).
To account for this, we used a multi-species approach simulating mean
dispersal distances in insects, birds and small mammals, chosen for their
ecological role in agricultural landscapes (German National Academy of
Sciences Leopoldina acatech, 2020). We retrieved literature values of
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mean dispersal distance for 43 insect, 67 bird and 30 small mammal
species from databases or published studies (section 2.2 in Supplemen-
tary Material for details). Based on these data, we established distribu-
tions for the mean dispersal distance of each of the three taxonomic
groups (Figure S2.4). We then divided the distributions of each taxo-
nomic group into ten equal parts using the decile values, resulting in 27
mean dispersal distances (i.e. three times 9 decile values). PC values
were calculated for each of these 27 mean dispersal distances, which
were then combined into a single mean PC value for a given land-use
configuration. This single value groups all considered species, but it
also accounts for both intra- and inter-group variability in dispersal
abilities.

PC can range from 0 (no habitat patches present in the considered
landscape or all habitat patches further away than mean dispersal dis-
tance) to 1 (one habitat patch covering the considered landscape).

2.3.2.2. Habitat quality. Our habitat quality index (HQ) is based on the
estimation of negative spill-over effects of nitrogen from neighboring
fields and is computed for a given habitat patch j as

=

where f stands for one of s fields adjacent to habitat patch j, F represents
the nitrogen fertilization amount of a field, L; is the total edge length (i.e.
perimeter) of habitat patch j and Lg stands for the length of the edge that
is shared by a field and the natural habitat patch j (Fig. 1). F values are
results of management simulations within SWAT+ (see section 2.3.1)
and were min-max normalized between 0 (no nitrogen input) and 1

Reservoir
Quitzdorf
S )

Germany
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(maximum modelled nitrogen input in the catchment).
Based on the HQ values of individual habitat patches, we computed
the HQy; value for the entire case study area as

2 %9
= j=
HQue = N A4 C)]

Where N stands for the number of habitat patches in the landscape. The
second term of formula 4 was included to ensure that a transformation of
an agricultural field into a low-quality habitat patch does not reduce
HQuor.

We computed HQ for the same set of SNH considered in the habitat
connectivity index, with the only differences that fallow land was not
included for HQ. This differentiation was implemented based on the
assumption that short-term fallows will be only suitable habitat for a
relatively small subset of species. Hence, its exclusion represents a
conservative approach to avoid potential inflation of HQ, values.
However, fallow land still positively impacted the HQ of neighboring
habitat patches as fallow land is not fertilized and hence their imple-
mentation reduced nutrient spill-over to natural habitat patches. HQ can
range from O to 1, with 0 indicating low and 1 indicating high habitat
quality, respectively.

2.4. Model case study catchment and the establishment of possible land-
use configurations

The modelling and optimization approach described above was
applied to the case study catchment of the Schwarzer Schops river basin,
focusing specifically on the upper part up to its discharge into the

Land use

I barren, sparse vegetation
cropland
I meadow
[ orchard
B forest
[ shrub, semi-natural
[ grass, semi-natural
| urban, low density
[T urban, moderate density
I urban, transport
B water
[ wetland

Co-designed 9
opportunity space

"] Retention ponds
Hedgerows
Riparian buffers
Grassed waterways
/" Reduced tillage + cover crops

Fig. 2. Case study catchment. Case study area, the Schwarzer Schops river basin in Eastern Germany (the grey outline shows the federal state of Saxony). Land
cover classes are displayed by colors in the central map of the catchment. The inset map provides an example of the co-designed opportunity space, which indicates
the categories and spatial allocation of AEPs that were considered as feasible in the stakeholder consultation process.
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Quitzdorf reservoir (Fig. 2). Located in eastern Germany, in the federal
state of Saxony, the catchment measures about 136 km? and it is
dominated by agricultural land (54 % cropland and 20 % grassland),
with winter wheat, winter rapeseed, winter barley and maize silage as
main crops. The agricultural landscape is characterized by intensive
management and low structural complexity (e.g., large field sizes, SNH
limited to 7.5 % of the total area).

High land use intensity has been associated with several environ-
mental challenges, such as (i) high phosphorus pollution and blue-green
algae blooms in the Quitzdorf reservoir, which plays an important role
for nature conservation and recreational activities in the region, (ii)
increased surface runoff, contributing to recent flooding and (ii)
increased soil erosion (Routschek et al., 2014) leading to lower soil
moisture and drought resistance with implications for crop yield sta-
bility in the area.

2.4.1. Co-designed opportunity space

The AEPs to be implemented in the case study area and their specific
implementation location were co-designed together with a network of
local stakeholders representing different interest groups in the case
study area, such as agricultural production, environmental protection
and water body management, and different levels of decision making,
from the field (i.e. farm advisors) to the regional level (i.e. federal state
offices) (Van den Brink et al., 2021).

The co-designed opportunity space was defined in a two-step pro-
cess. In the first step, we proposed 13 AEP categories and local stake-
holders were asked to prioritize them based on their relevance and
potential to address the environmental issues identified in the case study
area. Six of these (see Table S3.1) were selected for the next step, as they
were considered most relevant for the optimization objectives, as well as
feasible for modeling (Marval et al., 2022). In the second step, potential
implementation sites for the practices (Fig. 2) were discussed together
with the stakeholders (Krzeminska and Monaco (2022) — Annex 4). The
identification of these potential implementation sites was based on a
high-resolution land-use map (see Fig. 2 and section 3.2 in Supple-
mentary Material for more details). For each AEP category, we proposed
relevant datasets (e.g. existing maps recommended by state agencies or
from previous modeling projects) and spatial rules (e.g. topographic or
biophysical rules) for mapping potential sites (see section 3.3 of the
Supplementary Material). We then asked local stakeholders to confirm
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their agreement with these suggestions. In cases of disagreement,
alternative approaches were discussed. Final decisions also took into
account ‘soft criteria’, such as the presence of nearby SNH and the lo-
gistic of farm operations (e.g. driving around a hedgerow) after imple-
menting an AEP.

This stakeholder consultation resulted in a co-designed opportunity
space encompassing a total of 302 possible implementation sites for the
six AEP categories (spread over 804 land-use polygons; see section 3.4 in
Supplementary Material for details), which served as input for our
modelling approach (Fig. 1). In each model run, a different combination
of these 302 features (land-use configuration) was implemented and
tested.

2.4.2. Policy-based scenarios

We complemented the stakeholder-based scenario with three addi-
tional optimization runs (Fig. 3), reflecting policy scenarios with more
ambitious environmental and biodiversity conservation goals.

i. 20 % reduction in fertilizer input as aimed for by the EU Farm to
Fork Strategy (European Union, 2020), though not yet reflected
in specific regulations or incentives;

ii. Minimum proportion of non-productive areas and features within
a farm’s arable land of 4 %, as was originally set by the GAEC 8 in
the current CAP (2023-2027) (European Union, 2023). This
requirement has been on and off during the development of the
CAP, although maintaining non-productive areas has been shown
to have positive impacts on biodiversity (Pe’er et al., 2017);

iii. Combination of i and ii.

For each of these policy-based scenarios, we prepared new input data
to run the optimization procedure. For the reduced fertilization scenario,
we reduced the nutrient inputs by 20 % every time that a fertilization
procedure occurred. For the fallow land scenario, we expanded the co-
designed opportunity space to achieve a 4 % proportion of non-
productive areas at the farm level. While the 20 % reduction in fertil-
ization was mandatory for all fields, fallow land acts as a new AEP
category that can (but is not required to) be implemented. For all the
compliant farms (i.e. farms with arable land >10 ha or farms with
permanent grassland <75 % (Reiter et al., 2024)) we selected fields that
could be converted to fallow land in order to reach the set threshold of 4

Stakeholder-based scenario

Fallow land scenario

*  Opportunity space: co-designed

* Fertilization level: status quo

*  Opportunity space: expanded
with option of 4% fallow land

* Fertilization level: status quo

Reduced fertilization scenario ] ‘

Combined policies scenario

*  Opportunity space: co-designed

* Fertilization level: mandatory
20% reduction

*  Opportunity space: expanded
with option of 4% fallow land

* Fertilization level: mandatory
20% reduction

Fig. 3. The four possible scenarios considered in the analyses. The scenarios included the stakeholder-based scenario in grey and policy-based scenarios in
yellow. The expanded opportunity space that was used in two of the policy-based scenarios includes, in addition to the co-designed opportunity space, new sites for
the implementation of fallow land. These act as new AEPs that can (but are not required to) be implemented, as opposite to the 20 % reduction in fertilization level,
which is mandatory. Each scenario represents a separate optimization run that encompassed the analysis of over 20,000 land-use configurations.
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% non-productive areas within a farm’s arable land. This selection was
based on the field size and the soil quality rating (SQR) for cropland (see
Table S3.2), assuming that farmers prefer to take land out of production
where the soil quality is lower, as shown by Paulus et al. (2022) and
Alarcon-Segura et al. (2023) for a case study area in another part of
Saxony. Multiple smaller fields were also preferred over a few larger
fields, assuming that this would help optimize farm logistics. We
selected 41 fields that could be converted to fallow land, which we
added to the list of 302 possible implementable AEPs when running the
optimization. For the combined policies scenario, we included both
policy-based management changes.

2.5. Analysis of optimization results

2.5.1. Analysis of the pareto frontier
The result of the multi-objective optimization is a set of Pareto-
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optimal solutions. As for each of the solutions we know the values of
the four considered objectives, this allowed us to plot them in a four-
dimensional space and to analyze the resultant Pareto frontier. We
analyzed the shape and range (i.e. the difference between the minimum
and maximum modelled values reached by each objective) of the Pareto
frontier. We performed this analysis first considering all four objectives
together and then all possible pairs of objectives. Shape and range of the
Pareto frontiers were analyzed for the results of the stakeholder-based
scenario as well as for the policy-based scenarios.

2.5.2. Frequency analysis

For each AEP we calculated its polygon-wise frequency of imple-
mentation among all optimal solutions, and then grouped them by AEP
category in order to calculate the mean frequency of implementation.
We also mapped the frequency of implementation for each land-use
polygon, assuming that high frequencies indicate hotspots for AEPs

a
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Fig. 4. Four-dimensional Pareto frontier for the stakeholder-based scenario. (a) Four-dimensional Pareto frontier considering all objectives and (b-g) plots of
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implementation. The frequency analysis was also performed for 13
clusters of Pareto-optimal solutions (Figure S4.2), which were identified
along the Pareto frontier grouping solutions with similar objectives’
values (section 4.1. of Supplementary Information).

2.6. Software used for models and analyses

All analyses were performed in R version 4.3 (R Core Team, 2023).
We used the R package Makurhini (Godinez-Gomez, 2020) to calculate
PC. We used the packages sf (Pebesma, 2018) and tidyverse (Wickham
et al., 2019) to calculate for all SNH patches their area and the temporal
persistence weight in the habitat connectivity model, to calculate HQ
and for the frequency analysis. The package stat (R Core Team, 2020)
was used for the cluster analysis.

3. Results
3.1. Stakeholder-based scenario

3.1.1. Trade-offs between crop yield and environmental objectives

In our stakeholder-based scenario, multi-objective optimization
resulted in 1070 Pareto-optimal solutions (Fig. 4). The shape of the
Pareto frontier indicated clear trade-offs between crop yield and each of
the other objectives (water quality regulation, habitat connectivity and
habitat quality). The range of the modelled values indicated a potential
reduction in phosphorus loads of 18.4 % (1009.8 kg/year) and a po-
tential increase in habitat connectivity of 14.7 % and habitat quality of
7.9 %, respectively. These variations were even greater when compared
to the status quo values (i.e. 25.7 %, 15.8 % and 8.6 %, respectively). On
the other hand, we observed a variation between the minimum and
maximum values of crop yield of only 1.4 % (809.6 grain units). Of this,
1.1 % corresponded to a decrease in crop yield compared to the status
quo, while 0.3 % corresponded to an increase.

The Pareto frontier also showed that 23.8 % of the total solutions
were win-win solutions, i.e., solutions where the environmental objec-
tives increased while crop yield remained constant or even increased as
well (compared to the status quo). An in-depth evaluation of the solu-
tions with the highest crop yield increase revealed that most of the fields
with increased crop yield correlated with a reduced drought stress
compared to the status quo (Figure S5.1). Without compromising cur-
rent crop yields, the maximum increases in environmental objectives
compared to the status quo could be of 17.9 % for water quality regu-
lation, 8.1 % for habitat connectivity and 4.1 % for habitat quality.

Further, we found synergies among the multiple environmental ob-
jectives considered in this study (Fig. 4e-g). Maximum values of all three
objectives were achieved when agricultural production was at its min-
imum (i.e., bottom-right of the Pareto frontier). However, slight trade-
offs between the environmental objectives were also observed at inter-
mediate values of agricultural production, with higher values of water
quality regulation corresponding to suboptimal values of habitat con-
nectivity and quality and vice versa (Fig. 4e and f).

Trade-offs with habitat connectivity, which are strongly dependent
on assumed dispersal abilities of considered species, changed in strength
when different taxonomic groups were considered individually
(Figure S5.2). For example, the range of modelled values indicated a
possible 10 % increase in habitat connectivity for insects (below the
values of the grouped index) and a 15.5 % increase for both birds and
small mammals. Compared to the status quo, the maximum increases in
environmental objectives could be of 11 % for water quality regulation,
16.6 % for habitat connectivity and 16.9 % for habitat quality.

3.1.2. Implementation frequency of AEPs

Different categories of AEPs showed different patterns in their
implementation frequency. Hedgerows, riparian buffers and grassed
waterways showed the highest implementation frequency. Out of these
AEPs, over 60 % were implemented on average across the 1070 Pareto-
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optimal solutions (Fig. 5a). Retention ponds and reduced tillage com-
bined with cover crops had instead a lower average frequency of
implementation (respectively 42.5 % and 52 %). Independently of this,
for all AEP categories, some individual AEPs showed a high frequency of
implementation. For instance, there were three specific retention ponds
that were implemented over 80 % of the time, or there were grassed
waterways and fields with reduced tillage implemented almost 100 % of
the time (Fig. 5a).

When mapped, the frequency of implementation of individual AEPs
also allowed us to highlight their optimal allocation and therefore
possible hotspots for landscape redesign (darker polygons in Fig. 5b).
For instance, from the map we could identify 12 site-specific AEPs with
an implementation frequency of 100 % (dark red polygons).

The frequency of implementation of AEPs changed along the Pareto
frontier, generally increasing with higher values of the environmental
objectives (Figure S5.3). For instance, the mean frequency of imple-
mentation of hedgerows, riparian buffers and grassed waterways was
always below 30 % when crop yield was similar to the status quo and
water quality regulation and biodiversity potential were slightly
increased (cluster 1). It was always above 85 % when all the environ-
mental objectives were — simultaneously - at their maximum values
(cluster 13). Similarly, for most of the clusters (1-11), the average fre-
quency of reduced tillage combined with cover crops ranged between 43
and 54 %. Clusters 12 and 13 contained solutions with the highest
implementation rates, 61 and 75 % respectively.

3.2. Policy-based scenarios

Trade-offs between crop yield and the environmental objectives were
also observed in the policy-based scenarios. The range of the modelled
values and differences from the stakeholder-based scenario varied
depending on the considered scenario (Fig. 6).

In the reduced fertilization scenario, the maximum value for water
quality regulation increased by an additional 5.5 percentage points
compared to the maximum value of the stakeholder-based scenario. The
maximum value for habitat quality also increased an additional 3 per-
centage points, while the values for habitat connectivity remained
similar. The entire range of values for crop yield decreased by about 4
percentage points compared to the stakeholder-based scenario. There-
fore, no win-win solutions were possible compared to the status quo
values.

In the fallow land scenario, maximum values for habitat connectivity
increased by an additional 6 percentage points compared to the
maximum value of the stakeholder-based scenario, while habitat quality
values increased by less than 1 percentage point. Crop yield values
decreased by less than 1 percentage point compared to the stakeholder-
based scenario. Compared to the status quo values, crop yield also
increased slightly (0.2 percentage points) and win-win solutions were
possible (18.5 % of the total solutions). For these, the maximum increase
in environmental objectives from the status quo was 16.2 percentage
points for water quality regulation, 7.2 for habitat connectivity and 2.9
for habitat quality.

In the combined policies scenario, the individual effects of reduced
fertilization and fallow land added up to a reduction in crop yield values
of about 5 percentage points. Water quality, habitat connectivity and
habitat quality values increased by 4, 5, and 4 percentage points,
respectively, compared to the stakeholder-based scenario.

In all policy-based scenarios, AEPs had a similar average imple-
mentation frequency and distribution as in the stakeholder-based sce-
nario (Figure S5.4). In both the scenarios including the implementation
of fallow land, around 15 out of the 41 possible fallow land (36.2 % and
37.1 % respectively) were implemented on average across the Pareto-
optimal solutions (Figure S5.4 and Figure S5.5).



M. Bonato et al.

)
=
o

Frequency of implementation (%

25
0
Retention Hedgerows
ponds [n=28]
(n=9]

75
80.2
50
42.5
\

Journal of Environmental Management 393 (2025) 126939

Riparian Grassed Reduced

buffers waterways tillage and

[n=34] [n=30] cover crops
[n=201]

Agri-environmental practices

Frequency of
agri-environmental
practices implementation
<20%
21-40%
41 - 60%
B 61 -80%
B 81-99%
Il 100%

Water courses
Wetlands
Semi-natural habitats (SNH)

Retention
ponds

Hedgerows ;\ )§
Vs

L
VALY

Grassed
waterways

Riparian
buffers

N
A
4
5
2

X X
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4. Discussion
4.1. Marginal yield losses when improving environmental objectives

The results of all multi-objective optimization runs showed that
implementing AEPs lead to improved performance in environmental
objectives, although the AEP categories differed in their relative efficacy
of targeting the environmental objectives as also found by Bullock et al.
(2021) in their farm-scale experimental study. In two out of the four
tested scenarios, pareto-optimal solutions contained a large number of
win-win solutions, showing that improvements in environmental ob-
jectives can be achieved while maintaining or even slightly increasing
agricultural production. When production losses occurred, they were

always smaller in relative terms than the corresponding increases in
environmental objectives. Yield reductions were around 1.1 % for the
stakeholder-based scenario, while in the scenarios with reduced fertil-
ization they were around 4.5 %. This result is in line with those reported
by Williams et al. (2023), i.e., that a 2-10 % loss in crop yield is expected
as effect of a 20 % reduction in N fertilizer use. However, also in the
scenarios with reduced fertilization yield, losses were smaller than the
increases in environmental objectives.

It is important to highlight that such marginal yield losses occurred
over the spectrum of implementable AEPs that we investigated, while
more ambitious environmental targets might intensify trade-offs.
Moreover, a full analysis of the impacts on agricultural production
would require translating the identified yield effects into overall
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changes in farm income. For instance, farm income also depends on the
costs of implementation and maintenance when implementing AEPs as
well as the potential increased effort (e.g. of driving around hedgerows),
with the associated higher fuel and labor costs. Such an analysis was
beyond the scope of our study, but we acknowledge the importance of
these additional considerations.

4.2. Efficient land management as driver for win-win solutions

Our results on the win-win solutions are consistent with those of
other studies (Jones et al., 2023; Magrach et al., 2023) that showed how
the adoption of biodiversity-friendly practices or diversification of
agricultural practices can be synergistic with increases in crop yield
(relative to the status quo). Such results are often related to positive
feedbacks of biodiversity on agricultural production (e.g., through
pollination or natural pest control). In our case, such feedbacks were not
included in the modelling approach, but we acknowledge that they can
be substantial, although sometimes high biodiversity can also provide
disservices to agriculture (see e.g. Daelemans et al. (2023); Vogel et al.
(2023)).

In our case, the results were mainly related to a more efficient land
management when implementing the proposed practices, in line with
Teillard et al. (2017). The win-win solutions had a lower number of
implemented AEPs compared to solutions in other regions of the Pareto
frontier, but they were placed in the right location. The areas taken out

of production in these solutions were often characterized by low pro-
ductivity (e.g. thalwegs with high risk of soil erosion and water logging
in the case of grassed waterways). If reduced tillage was implemented in
the right areas, helping to maintain soil moisture levels during the
growing season by increasing infiltration and water-holding capacity,
crop yields could even be increased.

4.3. The benefits of spatial optimization

Also outside the win-win solutions, the results of our study showed
that the key to minimize trade-offs is to have a mix of different AEPs that
are optimally allocated in the case study area, as also shown by Ekroos
et al. (2014) and Verhagen et al. (2018). For instance, well-placed
hedgerows connecting existing SNH can result in a substantial
improvement in habitat connectivity without losing large amounts of
cultivated area (Wesemeyer et al., 2023). Similarly, well-placed riparian
buffers and grassed waterways can reduce surface runoff and increase
nutrient retention, thereby improving water quality regulation (Kreig
et al., 2019; Rao et al., 2009).

The produced maps of frequency of implementation (Fig. 5b and
Figure S5.5) can serve as an important tool for identifying the locations
where the implementation of AEPs will maximize the delivery of envi-
ronmental objectives while reducing trade-offs with agricultural pro-
duction. Implementing AEPs in low-frequency polygons is only
necessary if environmental values have to be maximized at the expense
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of reduced crop yields. In contrast, implementing AEPs in high-
frequency areas alone will likely result in a significant improvement in
environmental objectives with little to no yield loss and potentially
higher yields compared to the status quo.

For the policy-based scenarios, such maps (Figure S5.5) also high-
lighted that not all the proposed fallows were implemented with the
same frequency. Generally, setting a minimum threshold of non-
productive area for all farms would certainly increase the biodiversity
potential, but this would not be the best solution for reducing trade-offs
between multiple objectives. The spatial allocation of such practices
plays an important role in maximizing their effectiveness and reducing
trade-offs, and should therefore be considered in policy design
(Tscharntke et al., 2005).

4.4. Stakeholders’ preferences to prioritize among objectives

Although the environmental objectives are mainly synergistic,
maximum values of all of them were only achieved when crop yield was
at its minimum. Otherwise, we observed slight trade-offs between water
quality regulation on one hand and habitat connectivity and quality on
the other hand. Specific practices and their spatial allocation influenced
regulating ecosystem services and biodiversity conservation differently,
leading to situations different from the often-expected win-win (Ziv
et al., 2018).

All this has important management implications, as reducing yield
losses and potential trade-offs between regulating ecosystem services
and conserving biodiversity requires careful decisions about which AEPs
to implement and about their spatial allocation. Ultimately, it is all
about prioritizing among objectives, which should be done jointly with
stakeholders (Kaim et al., 2020) or using preference data (Kaim et al.,
2021). In our approach, stakeholders were involved in the beginning in
generating the co-designed opportunity space. A further step, not
included in this analysis, would be to bring the results of the
multi-objective optimization back to them (Strauch and Wittekind,
2025). The frequency maps, for instance, would be a great tool for the
communication of the optimization results.

4.5. Potential for further improving environmental objectives

The co-designed opportunity space is in itself an important result of
the deliberative process among stakeholders, and the optimization re-
sults showed that the currently proposed AEPs may enable improved
environmental outcomes for the case study area. However, a more
ambitious AEPs implementation could allow for a further increase as
shown by our policy scenarios. For instance in our case study region, the
current land use is characterized by 7.5 % of SNH; less than 1 % is added
if all the structural elements are implemented, and with these additional
habitat patches the landscape still remains quite fragmented. At the
same time, we have seen that the identified maximum improvements in
environmental objectives were achieved at the expense of a marginal
reduction in crop yield. This may leave a certain margin for further
implementation of AEPs to further improve the environmental objec-
tives without significantly impacting crop yield. However, considering
overall changes in farm income caused by AEPs implementation would
be necessary for a full analysis of how implementing more AEPs would
impact on agricultural production.

4.6. Strengths and limitations of the modelling approach

Modelling the impact of agriculture on biodiversity is generally very
challenging, because this is affected by a multiplicity of factors, both at
the local and landscape scale, many of which are deeply interconnected.
Burian et al. (2024), for instance, have attempted to untangle some of
these relationships, but only conceptually. Different taxa also react
differently to these drivers, making taxa-adapted models necessary (see
e.g. Bonato et al. (2023); Martin et al. (2019)). Even if models were
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available, many data are often not available (e.g. no data on pesticides
application was available for our case study area), limiting the ability to
capture the full set of drivers and therefore to more comprehensively
model biodiversity potential.

Despite all these challenges, our approach allowed us to take into
account two major mechanisms that drive biodiversity in agricultural
landscapes (i.e. the connectivity among semi-natural habitat and the
negative spillover effect from cultivated to semi-natural land). Addi-
tionally, the multi-group and multi-species approach that we used for
calculating habitat connectivity also allowed us to consider the vari-
ability with which taxa respond to this driver.

Unlike the indicators used for agricultural production and water
quality regulation, we acknowledge that the indicators of biodiversity
potential are rather abstract and less tangible. In fact, while phosphorus
load and crop yield have clear physical meaning (i.e. phosphorous load
is measured in kg/ha/year and crop yield is measured in grain units),
biodiversity indicators lack a direct physical correlate, such as the
number of individuals or species that can move in the landscape with a
specific value of habitat connectivity. Additionally, biodiversity poten-
tial indicators are context-dependent, making them less comparable to
indicators calculated in another landscape unless all assumptions are
maintained. Nevertheless, both biodiversity indicators directly respond
to the implementation of new AEPs by showing the direction and
magnitude of change in habitat connectivity and habitat quality, thus
working perfectly for the trade-offs analysis that we performed.

Due to the lack of data, a precise parameterization of the SWAT +
model was also challenging, especially with respect to sediment and
phosphorus processes. As a result, the impact on soil erosion and thus
particulate phosphorus loss might be overestimated, while the impact on
dissolved phosphorus loss, which often increases with conservation
measures (Bechmann et al., 2005), might be underestimated (Flaten
et al., 2024). This might explain why the implementation of fallow land
in the policy-based scenarios did not have a substantial impact on water
quality, even though fallow land is characterized by the absence of
fertilization and includes a permanent vegetation cover. Another reason
could be that fallow land, as opposed to the other AEPs could not be
allocated on erosion-prone land in our study.

4.7. Management and policy implications

The results of our multi-objectives optimization approach may have
various implications for management and policy. The land-use config-
urations associated with the Pareto-optimal solutions may serve as
detailed spatial plans for redesigning agricultural landscapes to address
the challenges raised by stakeholders during the workshops. Outside of
the study design, the results of our multi-objective optimization could
support a landscape redesign aimed at achieving policies’ targets.
Indeed, different EU directives and regulations target the same objec-
tives that we considered in our analysis. For instance, the Water
Framework Directive aims to achieve a “good status” for the EU water
bodies (European Parliament and Council of the European Union, 2000).
The Nature Restoration Regulation, instead, aims to restore habitats
(including farmland) from a poor to good condition and enhance
species-focused connectivity (European Parliament and Council of the
European Union, 2024). Both legal acts require the creation of man-
agement plans (i.e. River Basin Management Plans, National Restoration
Plans), in which local authorities must identify priority measures and
their locations. The optimal land-use configurations resulting from
multi-objective optimization exercises could therefore form the basis for
drawing such management plans. Still, the optimization itself disregards
institutional, economic and social constraints. Hence, the implications
for management and policy are rather indirect and partial.

The results of our study could also support the redesign or spatial
targeting of economic subsidies so that they only cover the most envi-
ronmentally efficient AEPs, ensuring that the right AEPs are placed
where they will be most effective. In Saxony and other German federal
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states, this is partly already achieved through the establishment of so-
called Kulissen, which define zones that are eligible for specific sub-
sidies. These zones are defined based on general spatial and environ-
mental criteria (e.g. soil types, hydrology or conservation status).
Implementing specific measures in these zones is expected to deliver
certain ecological benefits. Our method could improve the definition
of these zones. In our study, in fact, optimal allocations of AEPs that
deliver higher environmental values were identified through spatially
explicit models, after testing over 20,000 different land-use
configurations.

5. Conclusion

Agricultural landscapes are very often perceived as characterized by
trade-offs between different objectives, especially in the context of
implementing AEPs. In this study, we performed a multi-objective
optimization between crop yield, water quality regulation and biodi-
versity potential for the case study of the Schwarzer Schops river basin.
Our aim was to better understand modelled trade-offs between the
considered objectives.

Our results suggest the possibility that production losses are not a
limiting factor for implementing AEPs, as we observed only marginal
losses in crop production linked to increased environmental objectives.
In order to reduce trade-offs between crop production and environ-
mental objectives, it was important to implement a mix of different AEPs
that are optimally allocated in the case study area. Especially for win-
win solutions, it was crucial to have a low number of implemented
AEP, but placed in the right location. Well-placed reduced tillage, in
particular, could reduce water-related stress on crops, leading to
increased yield compared to the status quo.

Our study showed how biophysical and ecological modeling ap-
proaches combined with a multi-objective optimization of AEPs imple-
mentation can provide valuable support for redesigning agricultural
landscapes. The application of these spatial planning tools demonstrates
the importance of thoughtfully allocating AEPs and related subsidies,
highlighting the potential to deviate from “one size fits all” policy ap-
proaches and to allow more flexibility for local decision-making.

CRediT authorship contribution statement

Marta Bonato: Writing — review & editing, Writing — original draft,
Visualization, Software, Methodology, Formal analysis, Data curation,
Conceptualization. Alfred Burian: Writing — review & editing, Meth-
odology, Conceptualization. Julian A. Equihua: Writing — review &
editing, Methodology, Conceptualization. Anna F. Cord: Writing — re-
view & editing, Supervision, Conceptualization. Bartosz Bartkowski:
Writing — review & editing, Supervision, Conceptualization. Michael
Strauch: Writing - review & editing, Validation, Supervision, Software,
Resources, Methodology, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

The authors would like to thank the other colleagues working on the
German case study of the OPTAIN project (https://www.optain.eu/,
grant no. 862756): Martin Volk, Felix Witing, Christoph Schiirz, for the
help with the land-use map, the SWAT + modelling and the exchange
with the network of local stakeholders. This work was carried out within
the framework of the INTERCEDE (Interactions of Farmland Biodiversity
and Agricultural Ecosystem Services under Climate Change) PhD con-
sortium at the Helmholtz Centre for Environmental Research (UFZ). AFC

11

Journal of Environmental Management 393 (2025) 126939

was supported by the Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) under Germany’s Excellence Strategy — EXC
2070-390732324.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jenvman.2025.126939.

Data availability

The R software used for modelling and for the analysis of the multi-
objective optimization results can be found at: https://github.
com/mrtbonato/optiscape and can be cited with this DOI: https://doi.
org/10.5281/zenodo.15739236. The code for the used multi-objective
optimization tool (CoMOLA) can be found at: https://github.
com/michstrauch/CoMOLA.

References

Alarcén-Segura, V., Paulus, A., Roilo, S., Beckmann, M., Klein, N., Cord, A.F., 2023. Farm
structure and environmental context drive farmers * decisions on the spatial
distribution of ecological focus areas in Germany. Landsc. Ecol. 38, 2293-2305.

Arnold, J.G., Srinivasan, R., Muttiah, R.S., Williams, J.R., 1998. Large area hydrologic
modeling and assessment part I : model development’ basin scale model called
SWAT (soil and water speed and storage , advanced software debugging policy to
meet the needs , and the management to the tank model. J. Am. Water Resour. Assoc.
34 (1), 73-89.

Baaken, M.C., 2022. Sustainability of agricultural practices in Germany: a literature
review along multiple environmental domains. Reg. Environ. Change 22 (2). https://
doi.org/10.1007/5s10113-022-01892-5.

Bartkowski, B., Beckmann, M., Bednaf, M., Biffi, S., Domingo-Marimon, C., Mesaros, M.,
SchiiBler, C., Sarapatka, B., Tarcak, S., Véclavik, T., Ziv, G., Wittstock, F., 2023.
Adoption and potential of agri-environmental schemes in Europe: cross-regional
evidence from interviews with farmers. People Nature 5 (5), 1610-1621. https://doi.
org/10.1002/pan3.10526.

Batary, P., Baldi, A., Ekroos, J., Gallé, R., Grass, ., Tscharntke, T., 2020. Biologia Futura :
landscape perspectives on farmland biodiversity conservation. Biologia Futura 71
(1), 9-18. https://doi.org/10.1007/s42977-020-00015-7.

Baylis, K., Coppess, J., Gramig, B.M., Sachdeva, P., 2022. Agri-environmental programs
in the United States and Canada. Rev. Environ. Econ. Pol. 16 (1). https://doi.org/
10.1086/718052.

Bechmann, M.E., Kleinman, P.J.A., Sharpley, A.N., Saporito, L.S., 2005. Freeze-Thaw
effects on phosphorus loss in runoff from manured and catch-cropped soils.

J. Environ. Qual. 34 (6), 2301-2309. https://doi.org/10.2134/jeq2004.0415.

Bieger, K., Arnold, J.G., Rathjens, H., White, M.J., Bosch, D.D., Allen, P.M., Volk, M.,
Srinivasan, R., 2017. Introduction to SWAT+, A completely restructured version of
the soil and water assessment tool. J. Am. Water Resour. Assoc. 53 (1), 115-130.
https://doi.org/10.1111/1752-1688.12482.

Bieger, K., Arnold, J.G., Rathjens, H., White, M.J., Bosch, D.D., Allen, P.M., 2019.
Representing the connectivity of upland areas to floodplains and streams in SWAT+.
J. Am. Water Resour. Assoc. 55 (3), 578-590. https://doi.org/10.1111/1752-
1688.12728.

Bonato, M., Martin, E.A., Cord, A.F., Seppelt, R., Beckmann, M., Strauch, M., 2023.
Agriculture , ecosystems and environment applying generic landscape-scale models
of natural pest control to real data : associations between crops , pests and biocontrol
agents make the difference. Agric. Ecosyst. Environ. 342 (June 2022), 108215.
https://doi.org/10.1016/j.agee.2022.108215.

Bullock, J.M., McCracken, M.E., Bowes, M.J., Chapman, R.E., Graves, A.R., Hinsley, S.A.,
Hutchins, M.G., Nowakowski, M., Nicholls, D.J.E., Oakley, S., Old, G.H., Ostle, N.J.,
Redhead, J.W., Woodcock, B.A., Bedwell, T., Mayes, S., Robinson, V.S., Pywell, R.F.,
2021. Does agri-environmental management enhance biodiversity and multiple
ecosystem services?: a farm-scale experiment. Agric. Ecosyst. Environ. 320
(January), 107582. https://doi.org/10.1016/j.agee.2021.107582.

Burian, A., Kremen, C., Wu, J.S.T., Beckmann, M., Bulling, M., Garibaldi, L.A.,
Krisztin, T., Mehrabi, Z., Ramankutty, N., Seppelt, R., 2024. Biodiversity—production
feedback effects lead to intensification traps in agricultural landscapes. Nat. Ecol.
Evolut. 8 (4), 752-760. https://doi.org/10.1038/541559-024-02349-0.

Campbell, B.M., Beare, D.J., Bennett, E.M., Hall-spencer, J.M., Ingram, J.S.I.,
Jaramillo, F., 2017. Agriculture production as a major driver of the Earth system
exceeding planetary boundaries. Ecol. Soc. 22 (4).

Coello Coello, C.A., Lamont, G.B., Van Veldhuizen, D.A., 2007. Evolutionary Algorithms
for Solving Multi-Objective Problems, second ed. Springer, New York, NY. https://
doi.org/10.1007/978-0-387-36797-2.

Daelemans, R., Hulsmans, E., Laenen, E., Remy, S., Belién, T., Honnay, O., 2023. Direct
and indirect effects of management and landscape on biological pest control and
crop pest infestation in apple orchards. J. Appl. Ecol. 60 (1), 181-192. https://doi.
org/10.1111/1365-2664.14319.

Dainese, M., Martin, E., Aizen, M., Albrecht, M., Bartomeus, 1., Bommarco, R.,
Carvalheiro, L., Chaplin-Kramer, R., Gagic, V., Garibaldi, L., Ghazoul, J., Grab, H.,


https://www.optain.eu/
https://doi.org/10.1016/j.jenvman.2025.126939
https://doi.org/10.1016/j.jenvman.2025.126939
https://github.com/mrtbonato/optiscape
https://github.com/mrtbonato/optiscape
https://doi.org/10.5281/zenodo.15739236
https://doi.org/10.5281/zenodo.15739236
https://github.com/michstrauch/CoMOLA
https://github.com/michstrauch/CoMOLA
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref1
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref1
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref1
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref2
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref2
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref2
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref2
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref2
https://doi.org/10.1007/s10113-022-01892-5
https://doi.org/10.1007/s10113-022-01892-5
https://doi.org/10.1002/pan3.10526
https://doi.org/10.1002/pan3.10526
https://doi.org/10.1007/s42977-020-00015-7
https://doi.org/10.1086/718052
https://doi.org/10.1086/718052
https://doi.org/10.2134/jeq2004.0415
https://doi.org/10.1111/1752-1688.12482
https://doi.org/10.1111/1752-1688.12728
https://doi.org/10.1111/1752-1688.12728
https://doi.org/10.1016/j.agee.2022.108215
https://doi.org/10.1016/j.agee.2021.107582
https://doi.org/10.1038/s41559-024-02349-0
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref13
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref13
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref13
https://doi.org/10.1007/978-0-387-36797-2
https://doi.org/10.1007/978-0-387-36797-2
https://doi.org/10.1111/1365-2664.14319
https://doi.org/10.1111/1365-2664.14319

M. Bonato et al.

Jonsson, M., Karp, D., Kennedy, C., Kleijn, D., Kremen, C., Landis, D., Letourneau, D.,
et al.,, 2019. A global synthesis reveals biodiversity-mediated benefits for crop
production. Sci. Adv. 5. https://doi.org/10.1101/554170.

Deb, K., Pratap, A., Agarwal, S., Meyarivan, T., 2002. A fast and elitist multiobjective
genetic algorithm: NSGA-II. IEEE Trans. Evol. Comput. 6 (Issue 2).

Ekroos, J., Olsson, O., Rundlof, M., Watzold, F., Smith, H.G., 2014. Optimizing agri-
environment schemes for biodiversity, ecosystem services or both?. In: Biological
Conservation, vol 172. Elsevier BV, pp. 65-71. https://doi.org/10.1016/j.
biocon.2014.02.013.

Equihua, J., Beckmann, M., Seppelt, R., 2024. Connectivity conservation planning
through deep reinforcement learning. Methods Ecol. Evol. 15 (4), 779-790. https://
doi.org/10.1111/2041-210X.14300.

European Parliament and Council of the European Union, 2000. Directive 2000/60/EC of
the European Parliament and of the Council of 23 October 2000 establishing a
framework for Community action in the field of water policy. Off. J. Eur.
Communities - Legislation 327 (1), 1-73.

European Parliament and Council of the European Union, 2024. Regulation (EU) 2024/
1991 of the European Parliament and of the Council of 24 June 2024 on nature
restoration and amending Regulation (EU) 2022/869. Off. J. Eur. Union.

European Union, 2020. Farm to Fork Strategy. for a Fair, Healthy and environmentally-
friendly Food System.

European Union, 2023. Approved 28 CAP Strategic Plans (2023-2027). Facts and figures.

Farrokhzadeh, S., Arman, S., Monfared, H., Azizyan, G., Shahraki, A.S., Ertsen, M.W.,
Abraham, E., 2020. Sustainable water resources management in an arid area using a
coupled optimization-simulation modeling. Water 12 (885). https://doi.org/
10.3390/w12030885.

Flaten, D.N., Kleinman, P.J.A., Osmond, D.L., 2024. Balancing agriculture and
environment: Andrew Sharpley’s nutrient, soil, and water management legacy.

J. Environ. Qual. 1-7. https://doi.org/10.1002/jeq2.20547.

Garibaldi, L.A., Zermoglio, P.F., Jobbagy, E.G., Andreoni, L., Ortiz de Urbina, A.,
Grass, 1., Oddi, F.J., 2023. How to design multifunctional landscapes? J. Appl. Ecol.
60 (12), 2521-2527. https://doi.org/10.1111/1365-2664.14517.

German National Academy of Sciences Leopoldina, acatech, 2020. National Academy of
Science and Engineering, the Union of German Academies of Sciences and
Humanities. Biodiversity and Management of Agricultural Landscapes — wide-
ranging Action is now Cru n.d.

Godinez-Gémez, O., 2020. Makurhini: analyzing landscape connectivity. Correa Ayram,
Camilo A. https://doi.org/10.5281/zenodo.3771605.

Hashemi, R., Darabi, H., 2022. The review of ecological network indicators in graph
theory context: 2014-2021. Int. J. Environ. Res. 16 (2), 1-26. https://doi.org/
10.1007/541742-022-00404-x.

Hasler, B., Termansen, M., Nielsen, H.@., Daugbjerg, C., Wunder, S., Latacz-Lohmann, U.,
2022. European agri-environmental policy: evolution, effectiveness, and challenges.
Rev. Environ. Econ. Pol. 16 (1). https://doi.org/10.1086/718212.

Hillebrand, H., Matthiessen, B., 2009. Biodiversity in a complex world: consolidation and
progress in functional biodiversity research. Ecol. Lett. 12 (12), 1405-1419. https://
doi.org/10.1111/j.1461-0248.2009.01388.x.

IPCC, 2022. In: Portner, H.-O., Roberts, D.C., Tignor, M., Poloczanska, E.S., Mintenb, K.
(Eds.), Climate Change 2022: Impacts, Adaptation, and Vulnerability. Contribution
of Working Group II to the Sixth Assessment Report of the Intergovernmental Panel
on Climate Change. Cambridge University Press. Cambridge University Press,
Cambridge, UK and New York, NY, USA. https://doi.org/10.1017/9781009325844.

Jones, S.K., Sanchez, A.C., Beillouin, D., Juventia, S.D., Mosnier, A., Remans, R., Estrada
Carmona, N., 2023. Achieving win-win outcomes for biodiversity and yield through
diversified farming. Basic Appl. Ecol. 67, 14-31. https://doi.org/10.1016/j.
baae.2022.12.005.

Kaim, A., Cord, A.F., Volk, M., 2018. A review of multi-criteria optimization techniques
for agricultural land use allocation. Environ. Model. Software 105 (July), 79-93.
https://doi.org/10.1016/j.envsoft.2018.03.031.

Kaim, A., Strauch, M., Volk, M., 2020. Using stakeholder preferences to identify optimal
land use configurations. Front. Water 2 (December), 1-14. https://doi.org/10.3389/
frwa.2020.579087.

Kaim, A., Bartkowski, B., Lienhoop, N., Schroter-Schlaack, C., Volk, M., Strauch, M.,
2021. Combining biophysical optimization with economic preference analysis for
agricultural land-use allocation. Ecol. Soc. 26 (1). https://doi.org/10.5751/ES-
12116-260109.

Keeley, A.T.H., Beier, P., Jenness, J.S., 2021. Connectivity metrics for conservation
planning and monitoring. Biol. Conserv. 255, 109008. https://doi.org/10.1016/j.
biocon.2021.109008.

Klein, T., Holzka, A., Calanca, P., Seppelt, R., 2013. Adapting agricultural land
management to climate change : a regional multi-objective optimization approach.
Landsc. Ecol. 28, 2029-2047. https://doi.org/10.1007/510980-013-9939-0.

Kreig, J.A.F., Ssegane, H., Chaubey, 1., Negri, M.C., Jager, H.I., 2019. Designing
bioenergy landscapes to protect water quality. Biomass Bioenergy 128 (November
2018), 105327. https://doi.org/10.1016/j.biombioe.2019.105327.

Krzeminska, D., Monaco, F., 2022. Tailored Environmental and socio-economic
Performance Indicators for Selected Measures. Deliverable D2.2 of the EU Horizon
2020 Project OPTAIN. https://doi.org/10.5281/zenodo.7050653.

Lacasella, F., Gratton, C., Felici, S. De, 2015. Asymmetrical responses of forest and
“beyond edge” arthropod communities across a forest-grassland ecotone.
Biodivers. Conserv. 24, 447-465. https://doi.org/10.1007/510531-014-0825-0.

Landis, D.A., 2017. Designing agricultural landscapes for biodiversity-based ecosystem
services. Basic Appl. Ecol. 18, 1-12. https://doi.org/10.1016/j.baae.2016.07.005.

Magrach, A., Giménez-Garcia, A., Allen-Perkins, A., Garibaldi, L.A., Bartomeus, 1., 2023.
Increasing crop richness and reducing field sizes provide higher yields to pollinator-

12

Journal of Environmental Management 393 (2025) 126939

dependent crops. J. Appl. Ecol. 60 (1), 77-90. https://doi.org/10.1111/1365-
2664.14305.

Martin, E.A., Dainese, M., Clough, Y., Baldi, A., Bommarco, R., Gagic, V., Garratt, M.P.D.,
Holzschuh, A., Kleijn, D., Kovacs-Hostyanszki, A., Marini, L., Potts, S.G., Smith, H.G.,
Al Hassan, D., Albrecht, M., Andersson, G.K.S., Asis, J.D., Aviron, S., Balzan, M.V.,
et al., 2019. The interplay of landscape composition and configuration: new
pathways to manage functional biodiversity and agroecosystem services across
Europe. Ecol. Lett. 22 (7), 1083-1094. https://doi.org/10.1111/ele.13265.

Marval, A.S., Vumop, P.F., Natalja, C.-A., Ku, C., Strauch, M., Ufz, F.W., Wu, S.P.,
Farkas, C., 2022. SWAT + and SWAP Retention Measure Implementation Handbook.
Deliverable D2.3 of the EU Horizon 2020 Project OPTAIN (Issue 862756).

Mockel, S., Baaken, M.C., Bartkowski, B., Beckmann, M., Strauch, M., Stubenrauch, J.,
Volk, M., Witing, F., Wolf, A., 2024. Sustainable Cultivated Landscapes in Germany:
Comparison of 27 Practical Measures for More Sustainability and their Effectiveness.
September.

Pannell, D., Rogers, A., 2022. Agriculture and the environment: policy approaches in
Australia and New Zealand. Rev. Environ. Econ. Pol. 16 (1). https://doi.org/
10.1086,/718053.

Paulus, A., Hagemann, N., Baaken, M.C., Roilo, S., Cord, A.F., Beckmann, M., Alarc, V.,
2022. Land use policy landscape context and farm characteristics are key to farmers ’
adoption of agri-environmental schemes. Land Use Policy 121. https://doi.org/
10.1016/j.landusepol.2022.106320.

Pebesma, E., 2018. Simple features for R: standardized support for spatial vector data.
R J. 10 (1), 439-446. https://doi.org/10.32614/RJ-2018-009.

Pe’er, G., Zinngrebe, Y., Hauck, J., Schindler, S., Dittrich, A., Zingg, S., Tscharntke, T.,
Oppermann, R., Sutcliffe, L.M.E., Sirami, C., Schmidt, J., Hoyer, C., Schleyer, C.,
Lakner, S., 2017. Adding some green to the greening: improving the EU’s ecological
focus areas for biodiversity and farmers. Conserv. Lett. 10 (5), 517-530. https://doi.
org/10.1111/conl.12333.

Piniewski, M., Strauch, M., Plunge, S., Schiirz, C., Cerkasova, N., Chiaradia, E.,

Witing, F., 2024. Assessment of NSWRM effectiveness under current and future
climate at the catchment scale. Deliverable D4.4 of the EU Horizon 2020 project
OPTAIN. https://doi.org/10.5281/zenodo.11233622.

Rao, N.S., Easton, Z.M., Schneiderman, E.M., Zion, M.S., Lee, D.R., Steenhuis, T.S., 2009.
Modeling watershed-scale effectiveness of agricultural best management practices to
reduce phosphorus loading. J. Environ. Manag. 90 (3), 1385-1395. https://doi.org/
10.1016/j.jenvman.2008.08.011.

Reiter, V.K., Peitz, C., Roder, N., 2024. Implementation of the green architecture of the
common agricultural policy in Germany — better funding conditions for biodiversity
in the agricultural landscape? Naturschutz Landschaftsplan. 56 (1), 26-37. https://
doi.org/10.1399/NulL.2024.01.02.

Reith, E., Gosling, E., Knoke, T., Paul, C., 2022. Exploring trade-offs in agro-ecological
landscapes : using a multi-objective land-use allocation model to support
agroforestry research. Basic Appl. Ecol. 64, 103-119. https://doi.org/10.1016/j.
baae.2022.08.002.

Rodriguez-Gallego, L., Barletta Carolina Cabrera, A., Kruk, C., Nin, M., Mauttone, A.,
2019. Establishing limits to agriculture and afforestation: a GIS based multi-
objective approach to prevent algal blooms in a coastal lagoon. J. Dynam. Game 6
(2), 159-178.

Routschek, A., Schmidt, J., Kreienkamp, F., 2014. Impact of climate change on soil
erosion — a high-resolution projection on catchment scale until 2100 in Saxony/
Germany. Catena 121, 99-109. https://doi.org/10.1016/j.catena.2014.04.019.

Saura, S., Pascual-Hortal, L., 2007. A new habitat availability index to integrate
connectivity in landscape conservation planning: Comparison with existing indices
and application to a case study. Landsc. Urban Plann. 83, 91-103. https://doi.org/
10.1016/j.landurbplan.2007.03.005.

Schiirz, C., Strauch, M., Szabo, B., 2022. SWAT+ Modeling Protocol for the Assessment of
Water and Nutrient Retention Measures in Small Agricultural Catchments.
Deliverable D4.2 of the EU Horizon 2020 Project OPTAIN. https://doi.org/10.5281/
zenodo.7463395.

Sietz, D., Klimek, S., Dauber, J., 2022. Tailored pathways toward revived farmland
biodiversity can inspire agroecological action and policy to transform agriculture.
Commun. Earth Environ. 3 (11). https://doi.org/10.1038/543247-022-00527-1.

Strauch, M., Schiirz, C., 2024. Common Optimisation Protocol. Deliverable D5.1 of the
EU Horizon 2020 Project OPTAIN.

Strauch, M., Wittekind, C., 2025. Results of Stakeholder Surveys on Preferred NSWRM
Implementation Plans. Deliverable D5.3 of the EU Horizon 2020 Project OPTAIN.
Zenodo. https://doi.org/10.5281/zenodo.15781488.

Strauch, M., Cord, A.F., Patzold, C., Lautenbach, S., Kaim, A., Schweitzer, C., Seppelt, R.,
Volk, M., 2019. Constraints in multi-objective optimization of land use allocation —
repair or penalize? Environ. Model. Software 118, 241-251. https://doi.org/
10.1016/j.envsoft.2019.05.003.

Teillard, F., Doyen, L., Dross, C., Jiguet, F., Tichit, M., 2017. Optimal allocations of
agricultural intensity reveal win-no loss solutions for food production and
biodiversity. Reg. Environ. Change 17 (5), 1397-1408. https://doi.org/10.1007/
$10113-016-0947-x.

Tscharntke, T., Klein, A.M., Kruess, A., Steffan-Dewenter, 1., Thies, C., 2005. Landscape
perspectives on agricultural intensification and biodiversity - ecosystem service
management. Ecol. Lett. 8 (8), 857-874. https://doi.org/10.1111/j.1461-
0248.2005.00782.x.

Tscharntke, T., Tylianakis, J.M., Rand, T.A., Didham, R.K., Fahrig, L., Bengtsson, J.,
Clough, Y., Crist, T.O., Dormann, C.F., Ewers, R.M., Fr, J., Holt, R.D., Klein, A.M.,
Kleijn, D., Kremen, C., Doug, A., Laurance, W., Lindenmayer, D., Scherber, C., 2012.
Landscape moderation of biodiversity patterns and processes - eight hypotheses.
Biol. Rev. 87, 661-685. https://doi.org/10.1111/j.1469-185X.2011.00216.x.


https://doi.org/10.1101/554170
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref17
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref17
https://doi.org/10.1016/j.biocon.2014.02.013
https://doi.org/10.1016/j.biocon.2014.02.013
https://doi.org/10.1111/2041-210X.14300
https://doi.org/10.1111/2041-210X.14300
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref20
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref20
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref20
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref20
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref21
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref21
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref21
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref22
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref22
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref23
https://doi.org/10.3390/w12030885
https://doi.org/10.3390/w12030885
https://doi.org/10.1002/jeq2.20547
https://doi.org/10.1111/1365-2664.14517
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref27
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref27
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref27
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref27
https://doi.org/10.5281/zenodo.3771605
https://doi.org/10.1007/s41742-022-00404-x
https://doi.org/10.1007/s41742-022-00404-x
https://doi.org/10.1086/718212
https://doi.org/10.1111/j.1461-0248.2009.01388.x
https://doi.org/10.1111/j.1461-0248.2009.01388.x
https://doi.org/10.1017/9781009325844
https://doi.org/10.1016/j.baae.2022.12.005
https://doi.org/10.1016/j.baae.2022.12.005
https://doi.org/10.1016/j.envsoft.2018.03.031
https://doi.org/10.3389/frwa.2020.579087
https://doi.org/10.3389/frwa.2020.579087
https://doi.org/10.5751/ES-12116-260109
https://doi.org/10.5751/ES-12116-260109
https://doi.org/10.1016/j.biocon.2021.109008
https://doi.org/10.1016/j.biocon.2021.109008
https://doi.org/10.1007/s10980-013-9939-0
https://doi.org/10.1016/j.biombioe.2019.105327
https://doi.org/10.5281/zenodo.7050653
https://doi.org/10.1007/s10531-014-0825-0
https://doi.org/10.1016/j.baae.2016.07.005
https://doi.org/10.1111/1365-2664.14305
https://doi.org/10.1111/1365-2664.14305
https://doi.org/10.1111/ele.13265
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref45
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref45
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref45
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref46
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref46
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref46
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref46
https://doi.org/10.1086/718053
https://doi.org/10.1086/718053
https://doi.org/10.1016/j.landusepol.2022.106320
https://doi.org/10.1016/j.landusepol.2022.106320
https://doi.org/10.32614/RJ-2018-009
https://doi.org/10.1111/conl.12333
https://doi.org/10.1111/conl.12333
https://doi.org/10.5281/zenodo.11233622
https://doi.org/10.1016/j.jenvman.2008.08.011
https://doi.org/10.1016/j.jenvman.2008.08.011
https://doi.org/10.1399/NuL.2024.01.02
https://doi.org/10.1399/NuL.2024.01.02
https://doi.org/10.1016/j.baae.2022.08.002
https://doi.org/10.1016/j.baae.2022.08.002
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref56
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref56
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref56
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref56
https://doi.org/10.1016/j.catena.2014.04.019
https://doi.org/10.1016/j.landurbplan.2007.03.005
https://doi.org/10.1016/j.landurbplan.2007.03.005
https://doi.org/10.5281/zenodo.7463395
https://doi.org/10.5281/zenodo.7463395
https://doi.org/10.1038/s43247-022-00527-1
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref61
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref61
https://doi.org/10.5281/zenodo.15781488
https://doi.org/10.1016/j.envsoft.2019.05.003
https://doi.org/10.1016/j.envsoft.2019.05.003
https://doi.org/10.1007/s10113-016-0947-x
https://doi.org/10.1007/s10113-016-0947-x
https://doi.org/10.1111/j.1461-0248.2005.00782.x
https://doi.org/10.1111/j.1461-0248.2005.00782.x
https://doi.org/10.1111/j.1469-185X.2011.00216.x

M. Bonato et al.

Van den Brink, C., De Vries, A., Nesheim, I., Enge, C., 2021. Stakeholder mapping report,
covering the case studies. Deliverable D1.1 EU Horizon 2020 OPTAIN Project, Grant
agreement No. 862756.

Verhagen, W., van der Zanden, E.H., Strauch, M., van Teeffelen, A.J.A., Verburg, P.H.,
2018. Optimizing the allocation of agri-environment measures to navigate the trade-
offs between ecosystem services, biodiversity and agricultural production. Environ.
Sci. Pol. 84, 186-196. https://doi.org/10.1016/j.envsci.2018.03.013.

Vogel, C., Poveda, K., Iverson, A., Boetzl, F.A., Mkandawire, T., Chunga, T.L., Kiistner, G.,
Keller, A., Bezner Kerr, R., Steffan-Dewenter, 1., 2023. The effects of crop type,
landscape composition and agroecological practices on biodiversity and ecosystem
services in tropical smallholder farms. J. Appl. Ecol. 60 (5), 859-874. https://doi.
org/10.1111/1365-2664.14380.

Wang, Z., Yang, Z., Shi, H., Han, L., 2021. Effect of forest connectivity on the dispersal of
species: a case study in the Bogda World Natural Heritage Site, Xinjiang, China. Ecol.
Indic. 125. https://doi.org/10.1016/j.ecolind.2021.107576.

Wesemeyer, M., Kamp, J., Schmitz, T., Miiller, D., Lakes, T., 2023. Multi-objective spatial
optimization to balance trade-offs between farmland bird diversity and potential
agricultural net returns. Agric. Ecosyst. Environ. 345 (December 2022), 108316.
https://doi.org/10.1016/j.agee.2022.108316.

White, M.J., Arnold, J.G., Bieger, K., Allen, P.M., Gao, J., Cerkasova, N., Gambone, M.,
Park, S., Bosch, D.D., Yen, H., Osorio, J.M., 2022. Development of a field scale SWAT
+ modeling framework for the contiguous U.S. J. Am. Water Resour. Assoc. 58 (6),
1545-1560. https://doi.org/10.1111/1752-1688.13056.

13

Journal of Environmental Management 393 (2025) 126939

Wickham, H., Averick, M., Bryan, J., Chang, W., Mcgowan, L.D.A., Francois, R.,
Grolemund, G., Hayes, A., Henry, L., Hester, J., Kuhn, M., Lin, T., Miller, E., Bache, S.
M., Miiller, K., Ooms, J., Robinson, D., Seidel, D.P., Spinu, V., et al., 2019. Welcome
to the Tidyverse. Tidyverse package. J. Open Source Softw. 4 (43). https://doi.org/
10.21105/j0ss.01686.

Williams, J.R., Newell Price, J.P., Williams, A.P., Bowes, M.J., Hutchins, M.G., Qu, Y.,
2023. Qualitative Impact Assessment of Land Management Interventions on
Ecosystem Services (“QEIA”). Report-3, Theme-4: Water. (Defra ECM_62324/UKCEH
08044).

Witing, F., Anne, M., Forio, E., Burdon, F.J., Mckie, B., Goethals, P., Strauch, M.,

Volk, M., 2022. Riparian reforestation on the landscape scale: navigating trade-offs
among agricultural production, ecosystem functioning and biodiversity. J. Appl.
Ecol. 59, 1456-1471. https://doi.org/10.1111/1365-2664.14176.

Zhao, C., Liu, B., Piao, S., Wang, X., Lobell, D.B., Huang, Y., Huang, M., Yao, Y., Bassu, S.,
Ciais, P., Durand, J.L., Elliott, J., Ewert, F., Janssens, L.A., Li, T., Lin, E., Liu, Q.,
Martre, P., Miiller, C., et al., 2017. Temperature increase reduces global yields of
major crops in four independent estimates. Proc. Natl. Acad. Sci. U. S. A 114 (35),
9326-9331. https://doi.org/10.1073/pnas.1701762114.

Ziv, G., Hassall, C., Bartkowski, B., Cord, A.F., Kaim, A., Kalamandeen, M., Landaverde-
gonzalez, P., Melo, J.L.B., Seppelt, R., Shannon, C., Vaclavik, T., Maria, B.,
Beckmann, M., 2018. A bird ’ s eye view over ecosystem services in Natura 2000 sites
across Europe. Ecosyst. Serv. https://doi.org/10.1016/j.ecoser.2017.08.011.


http://refhub.elsevier.com/S0301-4797(25)02915-9/sref67
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref67
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref67
https://doi.org/10.1016/j.envsci.2018.03.013
https://doi.org/10.1111/1365-2664.14380
https://doi.org/10.1111/1365-2664.14380
https://doi.org/10.1016/j.ecolind.2021.107576
https://doi.org/10.1016/j.agee.2022.108316
https://doi.org/10.1111/1752-1688.13056
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref74
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref74
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref74
http://refhub.elsevier.com/S0301-4797(25)02915-9/sref74
https://doi.org/10.1111/1365-2664.14176
https://doi.org/10.1073/pnas.1701762114
https://doi.org/10.1016/j.ecoser.2017.08.011

	Minimizing trade-offs in agricultural landscapes through optimal spatial allocation of agri-environmental practices
	1 Introduction
	2 Material and methods
	2.1 Analysis workflow
	2.2 Multi-objective optimization
	2.3 Biophysical models
	2.3.1 SWAT+: modelling water quality regulation and agricultural production
	2.3.2 Biodiversity modelling
	2.3.2.1 Habitat connectivity
	2.3.2.2 Habitat quality


	2.4 Model case study catchment and the establishment of possible land-use configurations
	2.4.1 Co-designed opportunity space
	2.4.2 Policy-based scenarios

	2.5 Analysis of optimization results
	2.5.1 Analysis of the pareto frontier
	2.5.2 Frequency analysis

	2.6 Software used for models and analyses

	3 Results
	3.1 Stakeholder-based scenario
	3.1.1 Trade-offs between crop yield and environmental objectives
	3.1.2 Implementation frequency of AEPs

	3.2 Policy-based scenarios

	4 Discussion
	4.1 Marginal yield losses when improving environmental objectives
	4.2 Efficient land management as driver for win-win solutions
	4.3 The benefits of spatial optimization
	4.4 Stakeholders’ preferences to prioritize among objectives
	4.5 Potential for further improving environmental objectives
	4.6 Strengths and limitations of the modelling approach
	4.7 Management and policy implications

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix A Supplementary data
	Data availability
	References


