
Biodiversity and the design of result-based payments: Evidence 
from Germany

Sergei Schaub a,* , Alexander Pfaff b, Petyo Bonev a,c

a Managerial Economics, Agroscope, Ettenhausen, Switzerland
b Sanford School of Public Policy, Duke University, Durham, NC, USA
c Swiss Institute for Empirical Economic Research, University of St. Gallen, St. Gallen, Switzerland

A R T I C L E  I N F O

JEL classification:
Q15
Q18
Q57 
Keywords:
Agricultural policy
Policy design
Agri-environmental payments
Result-based payments
Biodiversity
Birds

A B S T R A C T

Paying farmers for measured outcomes—i.e., results, not actions—is promoted for raising the 
effectiveness and flexibility of efforts to address agriculture’s environmental damages. One key 
design choice is how exactly to reward these measured results. Continuous rewards are possible, 
yet, in practice, observed species outcomes have been rewarded using a single threshold 
(compliant/not compliant) or, to move toward continuity, a few thresholds (e.g., low/medium/ 
high). We assess whether more continuous rewards—specifically, multiple target thresholds for 
plant species—raise bird diversity. We study a pilot scheme in Germany’s federal state of Lower 
Saxony, where an incentive with one threshold is the baseline. Using citizen-science bird data 
(offering over 6.7m entries across 16 years) and staggered difference-in-differences estimation, 
we find that the pilot scheme using multiple target thresholds for plant species raised bird di
versity versus the single-threshold baseline (same lower threshold, but no further thresholds). Our 
results show the benefits of even small shifts in incentive design.

1. Introduction

Intensive agriculture threatens biodiversity (Foley et al., 2011; Pe’er et al., 2014; Leclère et al., 2020). In response, governments 
worldwide have implemented agri-environmental policies to reduce this pressure on nature (Pe’er et al., 2022, Baylis et al., 2022, 
Pannell and Rogers, 2022; Elmiger et al., 2023). Such efforts are significant in scale, including the 16.6b euros spent by the European 
Union (EU) in 2023 to support “green measures”1 in the agriculture sector (European Commission, Directorate-General for Agriculture 
and Rural Development et al., 2023) to help achieve commitments under the global Kunming–Montreal Global Biodiversity Frame
work (UN, 2022) and the UN Decade on Ecosystem Restoration (2021–2030) (IUCN, 2022). One important tool to address these 
challenges is agri-environmental schemes. To date, such schemes mostly reward farmers for implementing desired practices, though 
some also include result-based payments. However, the effectiveness of payments is questioned, in general, and the gains from shifting 
design are poorly understood (Navarro and López-Bao, 2019; Pe’er et al., 2019, 2020, 2022).

Result-based payments are, themselves, a significant design shift that could increase impact relative to more common action-based 
payments (Burton and Schwarz, 2013; Elmiger et al., 2023; Kelemen et al., 2023; Sattler et al., 2023). In the latter, farmers are paid for 
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what they do, regardless of outcomes. In the former, farmers are paid for achieving predefined outcomes.
To date, the relatively few result-based payments in agriculture often use vascular plants as indicators of biodiversity (Burton and 

Schwarz, 2013; Elmiger et al., 2023). Typically, a count of distinct plant species determines whether a farmer’s field is eligible for 
result-based payments. For example, farmers might be paid if at least 4 of 40 desirable species (on a list) are present within a given 
field. To raise the chances of being paid, farmers might adjust a field’s management to make it more “flora-friendly,” which can, in 
turn, yield spillover benefits for different taxa, including birds (Kleijn and Sutherland, 2003; Vickery et al., 2004; Birrer et al., 2007; 
Baker et al., 2012).

One critical choice within the design of incentives, in the context of result-based payments, is how exactly to reward measured 
results. One could reward the achievement of a single threshold (such as 4 out of 40 listed species, in the example above). Alternatively, 
an incentive scheme could, instead, offer different rewards for different thresholds, moving toward a continuous rewards function by 
paying more for more species (e.g., from a list of 40, paying more for 6 than for 4 species).

However, despite discussions about using payments for measured results, there are few such schemes in practice. Thus, little is 
known about their impact on biodiversity (see Schaub et al., 2025 on a Swiss policy) or about the effects of different designs. To our 
knowledge, the additional impact of using multiple thresholds in result-based payments has not been studied to date.

We offer the first empirical study on the impact of multiple thresholds in result-based payment schemes. Specifically, we compare a 
multiple-thresholds design with a single-threshold design that uses the same low payment threshold but no additional thresholds for re
wards. These designs co-existed in Germany’s federal state of Lower Saxony, the focus of our study. We highlight two key challenges for 
analyzing the impacts from such result-based agri-environmental payments. The first one is the availability of biodiversity data. 
Biodiversity is costly to monitor, and datasets with many spatial units covering many years are rare. The second challenge is the 
endogenous enrollment of fields: fields that feature higher biodiversity before such a scheme starts are more likely to be enrolled by 
farmers (e.g., Kleijn and Sutherland, 2003; Hart and Latacz-Lohmann, 2005; Gómez-Limón et al., 2019; Bertoni et al., 2020). We 
address both challenges in our paper, as described below.

We leverage a biodiversity dataset with over 6.7 million citizen-science entries for birds, across 16 years of observation, for Lower 
Saxony. Even though birds are typically not targeted by result-based schemes, as plants are, the effect of agri-environmental schemes 
on bird diversity is still relevant. First, increased plant diversity, in response to a result-based payment scheme, can increase bird 
diversity both directly and indirectly (Kleijn and Sutherland, 2003; Vickery et al., 2004; Birrer et al., 2007; Baker et al., 2012; Krause 
and Culmsee, 2013; Allan et al., 2014; Müller et al., 2022). On the direct side, induced changes in field management to support plant 
diversity can positively affect bird diversity. On the indirect side, the policy can lead to an increase in plant diversity, which can, itself, 
positively impact (insect diversity and) bird diversity. The second reason for the relevance of birds is that they and their diversity can 
help to understand systems’ ecological states, as birds are sensitive to land-use changes and being in the higher ranks of the food chain 
makes them sensitive to changes in other trophic levels, such as insects (Gregory et al., 2005; Fraixedas et al., 2020; Li et al., 2020; Lees 
et al., 2022). Thus, schemes’ effects upon bird diversity are interesting in their own right.

To deal with endogenous plot enrollment, we leverage a policy reform in Lower Saxony that with “staggered adoption” introduced 
payments with multiple thresholds for measured plant species. Given a baseline single-threshold scheme, a multi-threshold scheme 
was piloted in one region in 2007/08. In 2012, the pilot was extended to additional regions, and by 2014, the multi-threshold scheme 
was implemented across all of Lower Saxony (except in nature protection areas). This staggered implementation generated a natural 
control group, specifically the regions that at a given point in time are not yet treated. We leverage this for our analysis, using a 
nonparametric, staggered difference-in-differences approach.

One major advantage of our setup is that payments were introduced in large regions. This allows us to assess impacts on mobile 
species, such as birds. In contrast, when treatment happens at the field level, the mobility of birds across fields can make such an 
assessment challenging. Thus, we can use information on bird populations which, compared to other taxa, are uniquely available 
across extensive temporal and spatial scales (Kamp et al., 2021; Lees et al., 2022).

We find that multiple thresholds within result-based payments can help to raise bird diversity. For the initial pilot area, adding an 
additional threshold raises bird diversity by ~0.28 standard deviations (90 % confidence interval = [0.00 to 0.55]; 95 % confidence 
interval = [− 0.03 to 0.59]). This adds to any impacts from single-threshold result-based payments, so it is a lower bound on the impact 
of multi-threshold payments relative to a baseline with no payments. Our findings highlight the importance of the designs of result- 
based payments going beyond the binary choice between action- and result-based approaches.

Our study contributes to assessing the impacts of agri-environmental payments on biodiversity in agricultural landscapes. Based on 
the measure of biodiversity, this literature can be broadly divided into studies using in situ (i.e., “in-the-field”) measured biodiversity 
(plant, insect, or bird populations) versus indirect proxies, such as management practices (e.g., fertilizer use) and policy take-up (e.g., 
area enrolled). Studies using measured biodiversity are most often correlational, not accounting for decisions to enroll only certain 
fields (e.g., Kleijn and Sutherland, 2003; Roth et al., 2008; Baker et al., 2012; Meichtry-Stier et al., 2014; Marja et al., 2018). Studies 
addressing the endogenous selection of fields do so by using matching to identify similar fields (e.g., Kleijn et al., 2001; Kleijn et al., 
2006; Knop et al., 2006) or by comparing trends across similar fields (Kleijn and van Zuijlen, 2004). They have focused on action-based 
payment, however, and often find small to moderate effects.

An exception, in the sense of combining diversity outcomes with attention to identification, is Schaub et al. (2025). They examine 
the payment increase of a single-threshold result-based payment scheme in Switzerland based on measured plant diversity. Compared 
to fields already eligible for payments but facing no shift in incentives, they find that the payment increase raised plant diversity in 
fields whose pre-reform species counts were just below the threshold of 6 indicator plant species. These fields likely faced lower 
adjustment costs.

Several studies using proxies for biodiversity seek to account for the selection of fields to schemes (e.g., Chabé-Ferret and Subervie, 

S. Schaub et al.                                                                                                                                                                                                         Journal of Environmental Economics and Management 134 (2025) 103247 

2 



2013; Bertoni et al., 2020; Stetter et al., 2022; Wuepper and Huber, 2022; Coderoni et al., 2023; Zimmert et al., 2024). They often find 
small to no effects of agri-environmental payments. One major advantage of using proxies is the temporal and spatial availability of 
data easily linked at the plot or farm level. Yet, while these studies are important for understanding uptake and input decisions,2

proxies cannot indicate the magnitudes of effects on biodiversity, as their links to biodiversity are strongly context specific (e.g., 
Dormann et al., 2008; Socher et al., 2012; Báldi et al., 2013; Graham et al., 2018; Montgomery et al., 2020).

Finally, we contribute to literature on citizen-science data and drivers of changes in biodiversity. Citizen science is an emerging 
valuable tool, one complementing “traditional” data sources, that can temporally and spatially extend ecological data (Kosmala et al., 
2016; Fraisl et al., 2022). Such data have helped identify species’ temporal trends (e.g., Schultz et al., 2017; Neff et al., 2022) and 
spatial distributions (e.g., Tiago et al., 2017; Johnston et al., 2020), in addition to assessing the influences of farms’ sizes and protected 
areas on biodiversity (Noack et al., 2022; Wauchope et al., 2022). Yet, to our knowledge, they have not been used to assess the causal 
effects of agri-environmental payments on biodiversity.

The rest of this paper is set out as follows. Section 2 offers policy background, while Section 3 describes the data that we employ. 
Section 4 lays out our empirical approach, Section 5 provides our results, and, finally, Section 6 concludes.

2. Policy background

We study multi-threshold versus single-threshold result-based agri-environmental payments in the German federal state of Lower 
Saxony, which is Germany’s second-largest state (at ~48k km2) and larger than Switzerland or the Netherlands (State Office for 
Statistics of Lower Saxony, 2023). Over half of Lower Saxony’s land is used for agricultural production, often intensive (Lomba et al., 
2017), with mixed environmental and production conditions hosting livestock, arable crop, and grassland production in various 
climates and soils (Lomba et al., 2017). Some regional patterns can be seen: poorer, sandy soils predominate in the northeast, while 
higher-yielding soils are more prevalent in the middle-east, southeast, and south (Schüler and Noack, 2019; IRENES, 2020). These 
patterns correspond to certain land uses, with more grassland—for livestock—in the northern coastal region in contrast with more 
extensive arable farming (including cereals, potatoes, and sugar beets) in the middle-east, southeast, and south (Schüler and Noack, 
2019; IRENES, 2020). In the southwest of the state, production focuses on animal husbandry (including pig, poultry, and egg pro
duction; Schüler and Noack, 2019; Lower Saxony Ministry of Food, Agriculture and Consumer Protection, 2019). Studying 
agri-environmental payments in Lower Saxony is interesting in part because of this heterogeneity of conditions and production sys
tems, which can be relevant for a range of settings common across Europe.

As Germany is in the European Union (EU), its agricultural policy is strongly regulated by the EU’s Common Agricultural Policy 
(CAP). The CAP has two pillars: one focuses on direct payments to support farmers’ income, and the other focuses on rural devel
opment (Détang-Dessendre et al., 2023). Programs under the second pillar are cofinanced by Member States, who have flexibility in 
terms of program design. In Germany, the states design and implement their respective state programs.

Since the early 2000s, Lower Saxony has financed agri-environmental programs via their Rural Development Policy (Federal 
Agricultural Research Center, 2005; Andersson et al., 2017). For the policy period from 2007 to 2013, the Rural Development Policy 
was reformed, which included the introduction of a set of new agri-environmental payment schemes (the rural development program 
for this period was called PROFIL; Tietz et al., 2006). These new schemes included a result-based payments scheme for species-rich 
grasslands. We call these “result-based payments”. They were—at least in part—initially only introduced in pilot areas (Fig. 1), 
providing a unique opportunity to study their effects on biodiversity.

The result-based payment scheme is based on plant species and has two “layers” (or target thresholds driving payments). The first 
layer (NAU/BAU B2) was introduced in the entire state in 2007. Farmers were eligible for payments of 110 euros ha− 1 year− 1 when 
four or more indicator plant species were present on grasslands (Dickel et al., 2010; Most et al., 2015). The list had 31 plant species, or 
species groups, referred to as “indicator plant species” because they are often linked with certain habitat compositions and biodiversity 
(Most and Keienburg, 2006).3

The second layer (KoopNat FM 411; Fig. 1) was introduced in 2007/08 in pilot regions.4 A field was eligible for an extra payment of 
110 euros ha− 1 year− 1, adding to the payment from the first layer, if its number of indicator plant species was at least 6 (Dickel et al., 
2010). This pilot was then spatially extended in 2012 (Fig. 1). Thus, some regions had only one payment layer (i.e., a single target 
threshold), while pilot regions had two layers (i.e., two target thresholds, here referred to as multi-threshold result-based payments). We 
focus upon the impacts of this pilot.

These initial pilot regions in Lower Saxony featured different grassland types. Stakeholders including academics, environmental 
planning officers, and farmers were invited to engage in selecting the pilot regions. Yet the announcement of which regions were 
eligible was only made shortly before farmers could apply. Thus, farmers could not manage for diversity in anticipation. In contrast to 
the initial pilot region, the later extensions of the scheme’s pilot region in 2012 included areas with higher-expected-species grasslands 
(outside nature-protection areas) and where stakeholders had signaled their high interest in such species schemes. Farmers in the 2012 
extension might have shifted behaviors before payments schemes were implemented.

2 While Zimmert et al. (2024) use a biodiversity score, a useful extension of other work in approximating biodiversity, the score is not an in situ 
measure of biodiversity; it is based upon management practices (Jeanneret et al., 2014).

3 For the detailed list, see Table S1 in the Supplementary Information.
4 We know the pilot boundaries in 2008 but not 2007, so we aggregated those regions and their treatment timing. Because most of the areas 

implemented the pilot scheme in 2008 (Most et al., 2015), we use 2008 as the reference timepoint for the treatment.
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Fig. 1. Temporal (panel a) and spatial (panel b) development of the result-based payments in the federal state of Lower Saxony. RBP = result-based 
payments. Nature protection areas are defined here as those not eligible for multi-threshold result-based payments in phase 3, and include nature 
reserves, type C biosphere reserves, and national parks.
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Since the agricultural policy underwent another reform, which started in 2014 and led to a large expansion of the area eligible for 
result-based payments (Text S1), we focus on the period before 2014. Further, we note that other spatially restricted agri- 
environmental payments in Lower Saxony existed (Text S1 for details), which we account for in the analyses.

3. Conceptual framework

In this section, we provide the conceptual framework that underlies our empirical analysis. Fig. 2’s simplified causal graph depicts 
our key variables as nodes, linked by causal arrows. Node “A” depicts the eligibility criteria for result-based payments that should 
incentivize farmers to adjust field management (node “B”) to sustain or increase plant diversity (node “C”)—i.e., the policy’s target 
outcome. As per our discussion of ecological direct and indirect effects in Section 1 (Kleijn and Sutherland, 2003; Vickery et al., 2004; 
Birrer et al., 2007; Baker et al., 2012; Krause and Culmsee, 2013; Allan et al., 2014; Müller et al., 2022), field management and plant 
diversity can affect insect and bird diversity (nodes “D” and “E”). Thus, field management can have a direct effect on plant diversity 
(arrow 2) plus direct and/or indirect effects on insect and bird diversity. We aim to identify and estimate the total effect of the policy on 
bird diversity, which consists of the sum of the causal paths (1 → 4), (1 → 3 → 6), (1 → 2 → 5 → 6), and (1 → 2 → 7). In this graph, plant 
and insect diversity are mediators of the total effect of the policy on bird diversity. We do not observe these mediators but focus on the 
total effect of the policy on bird diversity. It can be identified without knowledge of mediation channels (Imai et al., 2010; Pearl, 2012).

Extending these ideas, we add a simple microeconomic model to convey cost–benefit tradeoffs and management incentives trig
gered by a single- and a multi-threshold result-based payment scheme for plant diversity. For a clear, simple model that includes all the 
ideas, here we abstract from the temporal details of the actual, staggered implementation of multi-threshold payments in Lower 
Saxony. Specifically, to focus on the incentives from introducing policies, we assume that a second, multi-threshold scheme is 
introduced at a single point in time and, further, that every farmer has only one field.5 We thus extend the model in Schaub et al. 
(2025), who focused on a single-threshold payment and plant species as a biodiversity outcome.

Let us start with a single-threshold payment, P1, for a specific number of indicator plant species, i.e., a threshold or a target T1. The 
cost of reaching any target number n of indicator species depends upon the pre-payment number, n0, as a positive linear function 
c*(n − n0).6 Thus, a farmer’s profit from trying to achieve at least the single target threshold is R1 − c*(T1 − n0).7

This gain function implies that when maximizing profits, farmers will each choose their n*
1,, the endogenous number of indicator 

species optimal for them under a single-threshold payment.8 With low enough reward R1, no farmer will find it worthwhile to change 
management practices (e.g., reduce the number of cuts, reduce fertilizer application, or overseed) to achieve that single threshold T1. 
With high enough reward R1, all the farmers not above T1 would be willing to adjust. For intermediate reward levels, only farmers with 
high pre-payment numbers of species (but not above T1) and, thus, lower adjustment costs, would respond to payment by changing 
management. In sum, farmers below target T1 and with adjustment costs below reward R1 respond. (Farmers with pre-payment in
dicator species diversity above T1 can get payment without adjusting management.)

Next, we consider a shift from a single-threshold payment scheme to a multi-threshold scheme, with a second payment R2 at 
threshold T2. Decisions under the multi-threshold scheme follow the same logic as under the single-threshold scheme. Given that the 
multi-threshold comes after a single-threshold policy (versus the single-threshold being introduced after no policy at all), for new 
choices we can just replace the initial species number (n0) with the optimal single-threshold species number given R1 and T1 (i.e., n*

1). 

The cost to reach T2 depends on the single-threshold optimum, n*
1,, again with a linear cost, i.e., c*

(
T2 − n*

1,

)
. Farmers with T2 > n*

1 ≥

T1 face gains of reaching T2 of R2 − c*
(
T2 − n*

1
)
, while farmers who optimally did not achieve T1 under R1 consider R1+ R2−

c*
(
T2 − n*

1
)
. With a low enough reward R2 for achieving T2—again, R2 is added to payment R1 for achieving T1—no farmer will adjust 

their management of their (single) field to achieve the second threshold.
With high enough R2, however, every farmer that did not yet reach T2 would optimally respond. For this latter case, those farmers 

who optimally choose to manage to try to reach T2 to get R2 potentially include some farmers who, say for a low R1, did not even try to 
manage to reach T1. For intermediate R2, only farmers with higher post-single-threshold-payment species (n*

1) will respond to the 
second-threshold reward R2. This may only include those farmers who got R1, via either high initial pre-payment indicator species 
(n0 ≥ T1) or their management to reach T1 (n*

1 ≥ T1 > n0). When a farmer has an initial level of indicator species (n0) above the 
threshold, now T2, they will receive R2, as well as R1, without having to make field management adjustments.

In sum, our conceptual model highlights that multi-compared to single-threshold payments can lead to both (i) more farmers 
adjusting their field management to raise plant diversity and (ii) farmers adjusting management more significantly to reach higher 
levels of plant diversity. As a consequence, this can raise bird diversity (see also Fig. 2).9 Thus, from here we move to empirical testing, 
having flagged policy-design issues critical for impact, such as the reward levels and targets. In addition, we note that impacts also 

5 This model can be analogously applied to a setting with staggered implementation and farmers with several fields.
6 When it is about reaching at least n, then these linear costs are c*(n − n0)*1[n0 < n], where 1[ ⋅] is an indicator function equal to one when its 

condition is satisfied. Further, one could also imagine reasons for non-linearities (either concavity or convexity) in such a cost function or, more 
generally, differences between farmers in the costs.

7 Farmers are finally eligible for payment when n ≥ T1.
8 This could be above T1, of course, if n0 ≥ T1, which would imply that a farmer faces zero cost to get R1.
9 At the conceptual level, none of these predictions would change if the adjustment costs described above were non-linear (which they could be), 

provided that marginal costs are non-negative.
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depend upon the species numbers before such a policy. In the following, we empirically assess how the introduction of multi-versus 
single-threshold payments affected biodiversity beyond plant diversity, by focusing on bird diversity.

4. Data

4.1. Bird data

We utilize data from the Ornitho (http://www.ornitho.de) citizen-science project, within which volunteers report observations for 
birds across Germany. During 2005–20, ~6,000 volunteers recorded roughly 6.7 million entries in Lower Saxony.10 We assign each 
record to a 16 km2 unit of observation, which aggregates upward from the original 1 × 1km2 sampling in the Ornitho data.11 Birds are 
mobile, so effective management of any field will affect bird observations not only in that field but also more widely, implying 
spillovers from impactful adjustments (and policies). Larger observational units reduce the number of times a given new bird is 
counted as present. They also considerably reduce the share of observations in which zero birds are counted (Table S1). On the other 
hand, too large a unit—beyond spatial spillovers—reduces the power of our tests for no good reason and can blend unmanaged with 
managed fields. For robustness, we varied the size of our observational units from 1 km2 up to 68 km2 (Fig. S1).

We excluded observations on the East Frisian Islands, which are inherently different to the mainland. We also deleted 276 entries 
for which we did not know the coordinates (1 × 1km2 grid) of the observation but only the municipality. Further, we excluded all the 
regions (and their observations) in which, between 2008 and 2013, action-based payments schemes for birds and other animals in 
restricted areas were introduced (Section 2 and Text S1). More generally, this space-time dataset is unbalanced since not every 
observation was surveyed every year.

The data include whether a bird species was seen and the number of individual birds observed for that species. We compute the 
average number of individual birds seen per species, per observation, across different volunteer observers, and then we rescale each of 
the variables to have a mean of zero and standard deviation of one. The data also include an anonymous ID for any volunteer reporting 
a sighting. Using this, we can calculate the number of volunteers per spatial observational unit, which we later use in our estimation as 
a time-varying covariate. The data show that the number of volunteers generally increased over time (Fig. S2) and that volunteers were 
quite evenly distributed across space (Fig. S3).

4.2. Treatment data

To identify when an area was exposed to the “treatment” (i.e., when an area became eligible for multi-threshold result-based 
payments), we use data provided by the Lower Saxony State Department for Waterway, Coastal and Nature Conservation. We label an 
observation as “treated” when at least 50 % of it is in the pilot area. We also vary this treatment definition (i.e., the % in the pilot area) 
in our sensitivity analyses to examine “at least 70 %” and “at least 90 %.”

4.3. Bird species outcome definition

We focus on common bird species in studying the effects of shifting to multi-threshold payments. We expect that this is where agri- 
environmental result-based payments might have an influence, given that it has been shown that agriculture and grassland man
agement can be (particularly) important for common bird species (Donald et al., 2001; Benton et al., 2002; Batáry et al., 2007; Kleijn 

Fig. 2. Causal graph depicting the potential direct and indirect effects of field management on bird diversity. In the figure, each directed arrow 
denotes a causal impact and each node a variable. RBP = result-based payments.

10 Note that in autumn of 2011 ornitho.de (the online platform) was launched. The data before 2011 was retrospectively entered.
11 The sampling grid used by Ornitho (following the German “Halbminutenfelder”) is approximately 1 × 1 km (i.e., 1 km2).
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et al., 2011; Busch et al., 2020; Rigal et al., 2023). Moreover, volunteers might be better at detecting common birds compared to rare 
bird species (Cox et al., 2012; Kosmala et al., 2016). We define as common all those recorded during 2005–2020 in the German 
Common Bird Monitoring Survey (Mitschke et al., 2005; Table S3).12

In addition to common birds, we test the effects on all birds and farmland birds to better understand which birds are most affected. 
Using farmland species may help to reduce potential selection biases resulting from volunteers’ decisions about what species to record 
(Noack et al., 2022). Our classification of farmland species is based on lists by Busch et al. (2020) and Noack et al. (2022) (Table S4). 
Species in those lists are seen as indicator bird species for farmland species overall as they occupy various ecological niches in agri
cultural landscapes (Busch et al., 2020).

4.4. Diversity measure

Our main measure of diversity is species richness, a common and simple measure of how many different species were observed 
(Roswell et al., 2021). We focus on this because citizen-science data are thought to offer more precision for presence, for any species, 
than for abundance, i.e., number of individual birds observed per species (Bird et al., 2014; Kosmala et al., 2016). In our sensitivity 
analyses, we also examine the effects on the Hill–Shannon index, which in addition takes into account the species’ abundances 
(Roswell et al., 2021; Text S2).

Fig. 3 shows richness over time in our data, for common bird species, using 16km2 units. An upward trend in total birds observed by 
citizen-science is expected, given the increasing popularity of participation in such citizen observation (Knape et al., 2022), distinct 
from actual population trends for the birds (Busch et al., 2020; Kamp et al., 2021; Lees et al., 2022; Rigal et al., 2023). Yet, these data 
nonetheless allow for a comparison of regions, as below we show that the trends before the implementation are not different between 
the regions (Section 6).

4.5. Additional data

We use several additional data sources in our analysis (see estimation procedure in Section 5.2 and additional observed covariates in 
Section 6.3). First, we use the share of nature protection areas (Fig. S7) from Lower Saxony State Department for Waterway, Coastal 
and Nature Conservation (2023) and NUMIS (2002). These areas suggest high perceived natural value and were excluded from 
result-based payments until 2021.

Second, we use the share of agricultural land and grassland in 2006, with a resolution of 100 × 100m, from the EU’s Copernicus 
Land Monitoring Service (2020) to account for agricultural areas where farmers could enroll land to the payment scheme.

Third, we use the mean of grassland yield to account for opportunity costs, which can influence non-participation in any agri- 
environmental payment scheme (Schaub et al., 2023), from the State Office for Statistics of Lower Saxony (2024). These data cover 
2002–2007 at the county level (Fig. S8 for the county distribution in Lower Saxony) and are matched to each grid based on the county 
in which the majority of the grid is located.

Fig. 3. Development of species richness over time of common bird species. The development for the Hill–Shannon index of common bird species, 
species richness over time of all bird species, and species richness over time of farmland bird species are shown in Fig. S4–6, respectively. The scale of 
the y-axis of this plot is selected to easily compare the trends with Figs. S5 and S6.

12 These common bird species encompass 180 species in total.
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Fourth, we use topsoil organic carbon content (Jones et al., 2005) and soil pH (Reuter et al., 2008)13 at a 1 × 1km and 5 × 5km 
resolution, respectively, from the European Soil Data Centre (Panagos et al., 2022) to account further for differences in opportunity 
costs and yield potential. Fifth, we use nitrogen surplus (Batool et al., 2022) and cattle density (Du et al., 2025) in 2005 at an 
approximate resolution of 10 × 10km and 5 × 5km, respectively, which provide information on management intensity.

Sixth, we use human population density, in a 1 × 1 km grid, from the German 2011 census from the Statistical Offices of the Federal 
Government and the States (2015) to account for the likelihood of recording in citizen-science data (Hertzog et al., 2021). While 2011 
is after the 2008 treatment, we assume this treatment does not affect human population.

Seventh, in our robustness tests, we consider yearly weather variables. These variables include, following Palmer et al. (2025), 
annual average min and max temperature and precipitation from 2005 to 14, have a resolution of ~4 × 4km, and are taken from 
TerraClimate (Abatzoglou et al., 2018). For all variables, we compute the average value per unit then rescale so that variables have a 
mean of zero and a standard deviation of one.

5. Empirical strategy

We are interested in the impact of a multi-threshold compared to a single-threshold result-based payments scheme on bird di
versity. In this section, we present notation and treatment definitions (in Section 5.1), then we outline our identification and estimation 
strategy (Section 5.2).

5.1. Notation and treatment effects of interest

Let t denote time, and let D ∈ {0,1,2} be a treatment variable with three values: 0 (no result-based payments), 1 (result-based 
payments with one threshold or “single-threshold” payment), and 2 (for a result-based payments scheme with two thresholds or “multi- 
threshold” payment). Let Yt,i(d) denote the potential biodiversity (proxied by bird species richness within our main analysis) that 
would be observed for unit i in period t had the region received a treatment d = 0,1,2. The corresponding measured outcome is defined 
as Yti (the index i is frequently omitted for convenience). With this notation, we can define the following average treatment effect: 

Δt,dʹ́ (d, dʹ)= E[Yt(d) − Yt(dʹ)|D= dʹ́ ]. (1) 

Intuitively, Δt,dʹ́ (d, dʹ) describes the average effect on biodiversity from switching from mode dʹ to d for those who are under 
treatment arm dʹ́ . When d = dʹ́ , this is a standard average treatment effect on the treated. Since we focus on treatment as the 
introduction of the payment in a region rather than the enrollment of individual fields in a payment scheme, the effects should be 
interpreted as Intention-to-Treat (ITT) effects.

It is helpful to introduce the following additional notation. Let B, S, and M be three different groups of regions reflecting phase 3, 2, 
and 1 when multi-threshold payments were introduced (compare with Fig. 1). We illustrate the temporal development of the number 
of thresholds in each of these groups in Fig. 4. Group M gets the multi-threshold payment d = 2 in period 2008, group S in 2012, and 
group B in 2014, the point in time at which the multi-threshold payment scheme is introduced for every region.

5.2. Identification and estimation

Identifying strategy. We first focus on the identification of Δ2012,S(2, 1) = E[Y2012(2) − Y2012(1)|S]. This is the one-period effect of 
introducing a multi-threshold payment relative to a single-threshold payment for the group S. Thus, we interpret a system with one 
threshold as the baseline or control condition, while a system with two conditions is the treatment. The effect is identified under the 
assumption 

Fig. 4. Time change by region in the number of thresholds (2 = “multi-”, 1 = “single-”). Each scheme has a threshold of 4 indicator plant species. 
The multi-threshold scheme adds one threshold of 6 indicator plant species, with another payment “layer.” Note that here, we indicate the intro
duction in 2007/08 as if it were in 2008.

13 While the soil pH data were published in 2008 (i.e., in the first treatment year), all input data comes from preceding years; hence, the data (as 
well as the data on organic carbon content published in 2005) represent pre-treatment conditions.
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(PT1) E[Y2012(1) − Y2012(1)|S] = E[Y2012(1) − Y2012(1)|B] (2) 

which is the standard parallel trends assumption.14 Below, we provide evidence for the validity of PT1. Estimation of Δ2012,S(2, 1)
can be performed as in the canonic two-period difference-in-difference setup using only observations from 2011 to 2012 for groups B 
and S. To increase the efficiency of this estimator, we additionally include the pre-treatment periods 2008–10 as well as the post- 
treatment period 2013. Note that our analysis uses only post-treatment periods up to 2013, as in 2014 the agricultural policy in 
Lower Saxony underwent another reform, leading to the widescale adoption of multi-threshold payments (Fig. 1). This restriction 
poses a limitation for our analysis, since it only allows us to assess the change in biodiversity in 2 periods after the reform. This is 
problematic if biodiversity needs more time to adjust, as has been documented (e.g., Chamberlain et al., 2000; Ernoult et al., 2006; 
Uezu and Metzger, 2016), or when farmers’ management adjustments in response to the payment introduction take time (e.g., Hynes 
and Garvey, 2009; Moret-Bailly and Muro, 2024)

To deal with this problem, we additionally use the following approach. An estimator that uses all periods until 2013 and all groups 
can be constructed when the multi-threshold payment (d = 2) is considered to be the treatment and all other regimes (d = 0,1) as the 
control. Since d = 2 is introduced in 2008 (for group M), 2012 (for group S), and 2014 (for group B), we obtain a setting with a 
staggered implementation of the treatment. We use the nonparametric estimator of Callaway and Sant’Anna (2021). The major 
advantage of this approach is that it utilizes all available information and provides effect estimates for different periods after the 
treatment (and, thus, the unfolding of the effect over time can be studied).

The potential problem with this estimator is that by pooling 0 and 1, the interpretability of the estimates becomes more compli
cated. In the following, we show that this is not an issue and that the estimates can be interpreted as lower bounds for the true effects. 
Specifically, the effects suggested by Callaway and Sant’Anna (2021) depend on the quantity 

ATT(g, t)= E
[
Yit(d) − Yit(0)|Gg =1

]
(3) 

where g is the point in time of first treatment, and Gg is a binary variable indicating whether treatment takes place in period g. This is 
the so-called group-time effect. Based on ATT(g, t), we can compute the group effect as 

ATTgroup =
1

τ − g + 1
∑τ

t=g
ATT(g, t) (4) 

which is a weighted aggregation of the group-time effect and where τ is the number of periods we observe (Callaway and San
t’Anna, 2021). ATT(g, t) is identified via (Marcus and Sant’Anna, 2021): 

ATT(g, t)= E
[
Yit − Yig− 1

⃒
⃒Gg =1

]
− E

[
Yit − Yig− 1

⃒
⃒Dt =0,Gg =0

]
(5) 

These quantities are then estimated with sample averages. In our case, since before 2008 all individuals have a treatment status D =

0, and since after 2008 no individual is under D = 0, this approach amounts to estimating quantities of the type 

Q := E[YPOST(2) − YPRE(0)|M] − E[YPOST(2) − YPRE(0)|B2], (6) 

where POST refers to the period between 2008 and 2014 and PRE represents a period before 2008, and B2 = B
⋃

S means the union 
of the groups B and S. The quantity Q can be consistently estimated from the observed data by substituting the expectations with their 
finite sample averages. Assume also the parallel trends assumption for the case of no treatment, 

(PT0) E[YPOST(0) − YPRE(0)|M] = E[YPOST(0) − YPRE(0)|B2] (7) 

Below, we provide compelling evidence that this assumption is satisfied. Moreover, it is straightforward to show that under PT0, the 
quantity Q can be represented as a difference between two different one-period treatment effects on the treated. Specifically, it holds 
that 

Q=E[YPOST(2) − YPOST(0)|M] − E[YPOST(1) − YPOST(0)|B2]. (8) 

The proof of the equality is provided in Text S3 of the Supplementary Information. The first component of the right-hand side of the 
above equality is the treatment effect of introducing multi-threshold payments relative to no result-based payments for the group M, 
while the second component represents the treatment effect of introducing single-threshold payments (relative to no result-based 
payments) for the group B2. Thus, this difference in treatment effects is difficult to interpret. However, under the mild assumption 
that E[YPOST(1) − YPRE(0)|B2] is non-negative, we can derive the following inequality15

Q ≤ E[YPOST(2) − YPOST(0)|M]. (9) 

14 In our multi-period setup, Δ2012,S(2,1) is more generally identified under the assumption (PT 1) E[Y2012(1) − Yt |S] = E[Y2012(1) − Yt |B], where t <
2012.
15 This assumption is supported by recent findings of Schaub et al. (2025) and Wuepper and Huber (2022). Both studies consider the effect of 

single-threshold result-based payments on biodiversity, which is precisely the setup envisioned by the assumption. While this literature finds that for 
some farms, the payments come as a windfall gain, there is no evidence for a boomerang (i.e., negative) effect in these cases, and the average effect 
of the policy is positive.
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Thus, the estimable terms Q can be interpreted as lower bounds for the quantities ATT(g, t).
Estimation procedure. We use the nonparametric estimator of Callaway and Sant’Anna (2021). The estimator builds on a doubly 

robust estimator, which leverages propensity scores (Sant’Anna and Zhao, 2020), allowing flexible consideration of observed pre
treatment characteristics and the use of unbalanced data. We include two types of covariates in the estimation. First, we consider 
time-invariant and pre-treatment covariates, denoted by Xi, such as the share of nature protection areas, the share of agricultural land, 
the mean grassland yield, and human population density (see Section 4.5). Second, as the only time-varying covariate in our main 
analysis, we consider the number of volunteers that record birds, Zit . This can be an important variable, as it links directly to the 
likelihood of number of birds observed and the “effort” spend to observe. Following, for example, Wauchope et al. (2022), we model 
the log of it in our analysis. The main identification assumption here is that these covariates are not affected by the treatment. We 
provide empirical evidence that this is not the case in Section 6.3.

Remark 1. To assess the robustness of our results, we follow the recent literature on covariates in staggered difference-in-differences 
models (Caetano and Callaway, 2024; Caetano et al., 2022; Karim and Webb, 2024) and estimate a variety of different specifications 
with covariates. Specifically, we consider separate specifications with only time-constant pre-treatment covariates, specifications with 
time-constant and pre-treatment values of time-varying covariates, or specifications that include all sorts of covariates, including 
time-varying covariates. The validity of the estimates of these different specifications depend on different conditional parallel trends 
assumptions and, in the case of time-varying covariates, on assumptions regarding the relationship between the treatment and the 
covariates (Caetano et al., 2022). In this latter case, identification relies on the specific exogeneity and confoundedness assumptions 
(assumptions Cov-exogeneity and Cov-unconfoundedness in Caetano et al. (2022)). Violation of these assumptions leads to condi
tioning on colliders, or, put differently, bad controls (Karim and Webb, 2024).

There are two important points to be made here. First, unlike the selection on observables approaches, such as matching or 
augmented inverse probability estimation, the (staggered) difference-in-differences approach does not require that all factors of the 
outcome are accounted for (and, therefore, observed). Instead, observed covariates are used to relax the parallel trends assumption and 
only impose it within groups with similar observed characteristics (Heckman et al., 1997, 1998). Selection upon unobservables is 
allowed for, even conditionally on observed covariates. Second, the only diagnostic tool for assessing the validity of the different 
parallel trends assumption is estimating placebo effects in pre-treatment periods (see Remark 2 in Caetano et al., 2022, and also 
Heckman et al., 1997, 1998). As discussed below, our estimates provide strong evidence for the validity of the different parallel trends 
assumption. In addition, we also provide evidence for the Cov-exogeneity and Cov-unconfoundedness of our main time-varying co
variate (i.e., the number of volunteers).

6. Results

6.1. Main results – common bird species

Our main results examine common bird species. Consider first our estimates for Δ2012,S(2,1), which is the impact of changing from a 
single-to a multi-threshold payment for the 2012 pilot area. The group-time effects and group effects are displayed in Fig. 5, where the 
group effects are the weighted aggregation over group-time effects (see Equation (4)). As discussed above, we are only able to estimate 
the group-time effects for the first two periods after the treatment, which may not reveal time-lagged effects given that farm man
agement and biodiversity may need time to adjust (e.g., Chamberlain et al., 2000; Ernoult et al., 2006; Hynes and Garvey, 2009; Uezu 
and Metzger, 2016; Moret-Bailly and Muro, 2024). Both estimates are very close to zero in magnitude. Yet, it may take time for any 
effect to unfold. All pre-treatment estimates are also very close to zero, and the corresponding confidence bands contain zero almost at 
their centers, indicating that the parallel trends assumption is plausible.

To assess the possibility that effects arise over time, we pool control groups d = 0 and d = 1 then use a staggered difference-in- 
differences approach (see Section 5.2). This approach allows us to obtain effect estimates for 6 post-treatment periods (Fig. 6). 
Consistent with the previous approach, these estimates also are practically zero for the first two post-treatment periods (Fig. 6a). 
However, from period three, effects are positive and increasing and, as shown, can be interpreted as lower bounds. The point estimate of 
the 2008 group effect (ATT2008) is 0.28 standard deviations (Fig. 6b).

Since the related literature predicted non-negative effects without providing a specific prior, we use confidence intervals, following 
Imbens (2021), rather than p-values. In other words, our objective is to estimate a policy effect, not test a given Null hypothesis (see, 
also, Cox, 2020; Wasserstein and Lazar, 2016). The 90 % and 95 % confidence intervals for this ATT2008 estimate are [0.00 to 0.55] and 
[− 0.03 to 0.59], respectively. The lower bound of the 95 % confidence interval just includes zero, while that of the 90 % interval does 
not.,1617

Finally, all pre-treatment estimates displayed in Fig. 6a are again practically equal to zero, and the tight confidence bounds imply 

16 That said, of course plausibility is not uniform along the confidence intervals. Under mild regularity conditions, an outcome at the point estimate 
is 4 times as plausible as an outcome at the extremes of a 90 % confidence interval, and that ratio becomes about 7 times more plausible than at the 
extremes for a 95 % confidence (Romer, 2020).
17 In our multi-period setup, Δ2012,S(2,1) is more generally identified under the assumption (PT 1) E[Y2012(1) − Yt |S] = E[Y2012(1) − Yt |B], where t <

2012.
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that these measurements are very precise. This provides further evidence for the validity of the parallel trends assumption.

6.2. Alternative bird population focus

We now present estimates using data on all (Fig. 7a) and farmland bird species (Fig. 7b) (instead of common). To simplify, we focus 
in this section on the group effect. This group effect include, for the 2008 pilot area, 6 post treatment periods, which allows us to 
capture when effects occur with a longer time lag, while only two post treatment periods are included for the 2012 pilot area (see 
Figs. S9 and S10 for group-time treatment effects).

These estimates reveal two insights for the 2008 pilot area (we do not observe effects for the 2012 pilot area). First, the point 
estimate for all birds, 0.27, is very similar to that for common birds (0.28), even if more uncertain. Second, the multi-threshold result- 
based payments had an even clearer positive group effect, again beyond a single-threshold effect, on farmland birds for the 2008 pilot 
area (Fig. 7b). The point estimate is 0.41, with 90 % and 95 % confidence intervals of [0.21 to 0.61] and [0.19 to 0.63], respectively. 
Finally, Figs. S9 and S10 show that the parallel trends assumption is supported.

6.3. Further results and robustness checks

Number of volunteers as a covariate. To evaluate whether the number of volunteers can be included in the regression as a time- 
varying covariate, we follow Caetano et al. (2022). Specifically, they adopt a parallel trends assumption conditional on pre-treatment 

Fig. 5. Effects of treatment on common bird species richness, considering the 2012 pilot area. Panel a shows the group-time effect, and panel b 
shows the group effect. The light and dark bars indicate the 95 % and 90 % confidence intervals, respectively, and standard errors are clustered at 
the county level.

Fig. 6. Effects of treatment on common bird species richness, considering the 2008 pilot area. Panel a shows the group-time effect, and panel b 
shows the group effect. The light and dark bars indicate the 95 % and 90 % confidence intervals, respectively, and standard errors are clustered at 
the county level.
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covariates and show that identification and standard procedures hold if, in addition, the pre-treatment covariates are exogenous 
(where “exogeneity” follows a weaker definition, see their assumption 3a) and unconfounded. To evaluate these assumptions, we 
follow the two approaches described in Remark 2 in Caetano et al. (2022). The “direct” approach is to provide the placebo effect of bird 
diversity estimates for pre-treatment periods. As discussed in Section 6.1, our placebo effect estimates support the conditional parallel 
trends assumption. As an “indirect” approach, we estimate a staggered difference-in-differences model with the number of observers as 
a dependent variable (Fig. S11). First, the results show that all post-treatment effect estimates are close to zero, which makes it 
plausible to assume that the treatment has no effect on the number of observers and supports the exogeneity assumption of Caetano 
et al. (2022). Second, the unconfoundedness assumption is related to the untreated potential covariate outcome (i.e., the number of 
volunteers). This assumption is supported by the pre-treatment effect estimates being also very close to zero. Thus, the number of 
observers is a valid covariate (in the sense of Caetano et al., 2022).

In addition to these robustness checks, we also run a model without accounting for the number of volunteers (i.e., we drop the time- 
variant number of observers variable Zit from the specification). The results are displayed in Fig. S12 and are very similar to those in 
our main analysis. Importantly, the pre-treatment trends are shown to be parallel.

Avidity bias.18 One potential pitfall of our empirical strategy to use birds as a proxy for biodiversity is the so-called avidity bias 
(Moeltner and Shonkwiler, 2005). Specifically, observations of birds are potentially collected in locations known for their high bird 
diversity, which are at the same potential locations as species-rich grasslands.19 This type of sampling is known as on-site sampling, 
which is a form of stratified sampling (Shaw, 1988). The potential problem arises “if the probability of inclusion in a given sample is 
commensurate to the size of the variable to be recorded” (Moeltner and Shonkwiler, 2005). A rich literature has discussed this bias and 
related ones in the context of on-site sampling and, more generally, choice models (Englin and Shonwiler, 1995; Moeltner and 
Shonkwiler, 2005; Hindsley et al., 2011; Kuriyama et al., 2013).

To address the possibility of such a bias, we rely on several alternative strategies. First, we follow the most common method in the 
literature and account for the endogenous stratification by adjusting the observations using their (estimated) inverse probability 
weights (Hindsley et al., 2011; Wooldridge, 2002). The intuition behind weighting the observations in the context of choice-based 
sampling, which was first suggested by Manski and Lerman (1977) and then further developed by a variety of studies (Imbens, 
1992; Hindsley et al., 2011), is to oversample underrepresented regions. The probability of choice of location (the one that determines 
which region is underrepresented) is estimated as a first step, and then each observation is multiplied by its inverse probability weight. 
In the context of nonparametric difference-in-differences, Sant’Anna and Zhao (2020) and others develop the properties of a doubly 
robust estimator based on the propensity score. An analogous principle is used in the staggered version of the estimators that we use in 

Fig. 7. Group effects of treatment on all (panel a) and farmland (panel b) bird species richness. The 2008 pilot area is indicated in blue, and the 
2012 pilot area is indicated in orange. The model specification follows our main estimation specification. The light and dark bars indicate the 95 % 
and 90 % confidence intervals, respectively, and standard errors are clustered at the county level. All results of the group-time effects on all bird 
species and farmland bird species can be found in Figs. S9 and S10, respectively. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the Web version of this article.)

18 For an additional discussion on the “quality of volunteers,” see Text S4.
19 We thank an anonymous referee for pointing this out.
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this paper. To account for differences in bird diversity across regions, we use a rich set of predictors, such as local population density, 
share of agricultural land, regional grassland yield, and conservation area.

Second, note that in contrast to choice models, our difference-in-differences estimates are only affected by avidity bias if the 
treatment interacts with (or is related to) the on-site intensity of observation in a dynamic way. Specifically, a major threat here is that 
the treatment affects the number of observers because it makes the observation activity less costly or more attractive. To account for 
this possibility, we utilize a major property of our dataset—namely, we observe the number of observers of each grid (i.e., unit of 
observation). This allows us to estimate the effect of the treatment on the number of observers. Above, we show the absence of any such 
effect.

Finally, if the local intensity of observation does not interact with the treatment, the avidity bias boils down to estimating 
heterogenous (location-specific) effects. In this case, the treatment effect estimate for each location is unbiased; however, it may differ 
significantly from the overall average treatment effect. This possibility does not represent a threat to our results for the following 
reasons. Even if we estimate a treatment effect only for bird-rich and, thus, indirectly for grassland-rich locations, it can be argued that 
this effect is the ultimate effect of interest and not an effect over all possible regions. In particular, since flora diversity hotspots are 
found mainly in grassland-rich areas, precisely those areas are the target of the agri-environmental scheme.

Measurement error. One potential pitfall of our dataset is that it is collected by ordinary citizens and not by professionals. Thus, 
even though in our main results we focus on common species, misreporting may exist. Therefore, we perform an additional estimation 
with an alternative dataset. Specifically, we use the German Common Bird Monitoring Survey (CBS) as a check on the validity of the 
bird sightings in the citizen-science data (Mitschke et al., 2005).20 In the CBS, all common birds are systematically recorded based on 
stratified sampling areas and independent of the species interests of the observer (Text S5). The results show that Ornitho data would 
indeed appear to be valid for depicting changes in bird populations (Table S5; Fig. S13), despite sighting locations and times not being 
identical in the Ornitho and CBS data.

Furthermore, we note that using citizen-science data—i.e., data collected through unstructured methods—has often been shown to 
be a reliable source of information,21 and the conclusion of studies that use both citizen-science and structured datasets often align 
(Hoyer et al., 2012; Aceves-Bueno et al., 2017; Callaghan et al., 2018; Henckel et al., 2020; Noack et al., 2022; Binley et al., 2025), 
supporting its validity in applications such as ours.

Measurement and definition choices. We run several checks to understand the sensitivity of our main findings with respect to the 
measurement and definition choices. First, we redefine “treated” from having at least 50 % of area eligible for multi-threshold result- 
based payments to thresholds of 70 % and 90 %. Our results remain robust to these changes (Fig. S14).

Second, in our main analysis, the size of the observations is 16km2. Our results are robust to altering the observation size to 1km2, 
4km2, and 64km2 (Fig. S15).

Third, we account for potential earlier anticipation effects by farmers in the 2008 pilot regions, which could arise if most of the 
treatment effect of the 2008 pilot area already happened in 2007 (note that we merged the 2007 and 2008 areas; see Section 2). To this 
end, we set 2006 instead of 2007 as the reference year to which the treatment effect is compared. The estimates remain similar to those 
in our main specification (Fig. S16).

Fourth, instead of our current species richness measure, we make use of the Hill–Shannon index (which considers both abundance 
and richness) as the measure of diversity. We find that the results are consistent with our main results (Fig. S17).

Additional observed covariates. We re-estimate our model including different sets of observed covariates. First, we consider the 
possibility that our results are influenced by weather. Specifically, there are two ways in which weather could impact our estimates. On 
the one hand, weather can impact the intensity of observation. For example, bad weather could deter some observers from going out 
and, thus, decrease the number of observations in the sample. On the other hand, trends in weather caused by climate change might 
affect the size and location of bird populations. With these considerations, we re-estimated the main model with common bird diversity 
as well as the number of volunteers and extended it by including weather. Specifically, following Palmer et al. (2025), we controlled for 
the time-varying covariates of annual average min and max temperature as well as precipitation, which are by definition exogenous. 
The results of the estimations with common bird diversity and the number of volunteers as the outcome variables support our main 
findings (Figs. S18 and S19).

Second, we control for the share of other spatially restricted programs introduced in earlier reforms than the reform that included 
the introduction of result-based payments. These programs include the “Wild herbs, spatial biotope types scheme” and the “Nordic 
visiting birds scheme” (Text S1). The results support our main findings (Fig. S20).

Third, so far we have considered nature protection area status as being an indication of high perceived natural value, including all 
areas established by 2022. In this robustness check, we re-run our estimation considering only those areas that were established in 
2008 or earlier. The results support our main findings (Fig. S21).

Fourth, we use the share of grassland instead of agricultural land in 2006 as a pre-treatment covariate to consider that grassland 
rather than agricultural land more generally might affect our estimates. This change supports our main analysis (Fig. S22).

Fifth, next to pre-treatment grassland yields we include additional variables that may be linked to spatial differences in opportunity 
costs and grassland yield potential, as well as management intensity information in the area. Specifically, we include pre-treatment 

20 We use the CBS data only for the purpose of validation, since while it is systematically selected based on random sampling, it is not suitable for 
our main analysis due to very low numbers of sampling areas in the pilot areas.
21 The reliability might be higher when comparing the differences between spatially closely related regions rather than general changes over time, 

given the increasing popularity of participation in such citizen observation over time (Knape et al., 2022; Kamp et al., 2016).
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information on organic carbon content, soil pH, nitrogen surplus, and cattle density. Our results are robust against the inclusion of 
these variables (Fig. S23).22

Assessment of the overlap assumption. The overlap assumption (Callaway and Sant’Anna, 2021) requires that the characteristics of 
an observation do not deterministically define the treatment status. Specifically, it is necessary to ensure that conditioning on cova
riates in our conditional difference-in-differences approach is indeed feasible. A violation of the overlap assumption would lead to very 
large (close to 1) or very small (close to 0) estimates of the propensity score, leading to very large or even infinite standard errors. In 
order to assess the overlap assumption, we estimate the propensity score (including only the time-invariant covariates of our main 
estimation) using a logit model. The results shows that this assumption is satisfied (Fig. S26). 

Remark 2. One advantage of our empirical approach is that a consistent estimation of the propensity score does not invalidate our 
estimates. As in the cross-section doubly robust estimation (Knaus, 2022) and in the standard two period-two groups 
difference-in-differences estimation (Chang, 2020), both the propensity score and the outcome equation are nuisance parameters, and 
misspecifying one of them is allowed as long as the other one is consistently estimated (the standard double robustness property; see 
Robins et al., 1994; Scharfstein et al., 1999).

Remark 3. In terms of identification, we do not match on observed covariates as in selection-on-observables methods, such as 
propensity score matching. We use covariates only to relax the parallel trends assumption. As in the case of unconditional difference- 
in-differences estimators, the plausibility of this assumption can only be verified with the inspection of pre-treatment placebo effects 
(Caetano et al., 2022; Heckman et al., 1997, 1998). As discussed above, we provide robust evidence that these pre-treatment trends are 
parallel.

7. Concluding remarks

Governments across the globe use agri-environmental payments to reduce the loss of biodiversity in agricultural systems, with 
several objectives including those set under the Kunming–Montreal Global Biodiversity Framework (UN, 2022) and the UN Decade on 
Ecosystem Restoration (2021–2030) (IUCN, 2022). To increase the impact, result-based payments might be a useful innovation 
(Burton and Schwarz, 2013; Elmiger et al., 2023; Kelemen et al., 2023; Sattler et al., 2023). However, there is a lack of knowledge 
about the impact of such result-based approaches in general, and, in particular, we highlight the lack of prior consideration of different 
payment designs.

We help close that gap by estimating the effects of multi-threshold payments compared to those of single-threshold payments on 
biodiversity. Thus, we assess the effect of moving the assessment of biodiversity in result-based payments toward a continuous matrix. 
Bird diversity is used as a measure of biodiversity, which can be seen as a spillover benefit from increasing plant diversity and the 
associated changes in management required to achieve that increase. We exploit the staggered rollout of a multi-threshold result-based 
payment scheme in the German federal state of Lower Saxony and citizen-science bird data collected over 16 years, with over 6.7 
million data entries.

Our results highlight that multi-threshold result-based payments can increase bird diversity when compared to single-threshold 
payments and that this effect is only established with a time lag. For the initial pilot area, the average effect over time is about 
0.28 standard deviations (90 % confidence interval = [0.00 to 0.55]; 95 % confidence interval = [− 0.03 to 0.59]). Related to the post- 
treatment average of bird diversity, our point estimate indicates an increase of 35 %23 over a period of six years. However, as discussed 
in Section 6.1, it is important to account for uncertainty (Imbens, 2021; Romer, 2020). Our lower bounds for the 95 % and 90 % 
confidence intervals—representing the “statistical worst-case scenario”—are close to zero, yet they are only approximately 
one-seventh and one-quarter as likely, respectively. Therefore, our findings predict, on average, large gains for biodiversity from a 
multi-threshold result-based payment scheme and underscore the importance not only of choosing between result- and action-based 
payments but also of carefully designing result-based payments to increase valued impacts.

Our findings contribute to the existing literature on the effects of results-based payments by combining “in-the-field” measured 
biodiversity with a causal identification strategy (i.e., accounting for the endogenous selection of fields into schemes). Most previous 
studies have focused on either “in-the-field” measured biodiversity or on causal identification (e.g., Kleijn and Sutherland, 2003; Roth 
et al., 2008; Baker et al., 2012; Chabé-Ferret and Subervie, 2013; Meichtry-Stier et al., 2014; Marja et al., 2018; Bertoni et al., 2020; 
Stetter et al., 2022; Wuepper and Huber, 2022; Zimmert et al., 2024). An exception is Schaub et al. (2025), who investigated a payment 
increase within a single-threshold scheme in Switzerland and found positive effects on plant diversity—primarily for fields that already 
nearly met the eligibility criteria prior to the payment change. Wuepper and Huber (2022), analyzing the same policy change as 
Schaub et al. (2025), showed that a 1 % increase in payment led to a 1 % increase in enrolled area. In contrast to Schaub et al. (2025)
and Wuepper and Huber (2022), we examine a newly introduced multi-threshold payment scheme and its effects on bird diversity. Our 
analysis reveals relatively large biodiversity effects, suggesting potentially greater effectiveness compared to single-threshold schemes.

22 We also use time-varying nitrogen surplus and cattle density information in another model estimation, the results of which support our main 
findings (Fig. S24). Similarly, we estimate our main model specification using annual instead of pre-treatment grassland yields (see Text S6 for 
additional data information); this adjustment also supports our results (Fig. S25). However, we note that the inclusion of these time-varying var
iables could potentially bias our estimates. The reason for this is that nitrogen surplus, cattle density, and grassland yields might be impacted by the 
treatment themselves and are then “bad controls” (Karim and Webb, 2024).
23 Or, in absolute terms, 0.4 species per square km.
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More generally, the relatively large effect sizes observed in our study stand in contrast to the typically smaller impacts (or asso
ciations) found for action-based payments (e.g., Kleijn and Sutherland, 2003; Roth et al., 2008; Baker et al., 2012; Chabé-Ferret and 
Subervie, 2013; Bertoni et al., 2020; Stetter et al., 2022; Zimmert et al., 2024), which may indicate that multi-threshold results-based 
payments are more effective in promoting biodiversity outcomes than conventional action-based approaches.

An important question for policymakers is whether the multi-threshold result-based payment scheme is desirable overall. This is a 
complex question that has several dimensions. The first is the cost-effectiveness of the program in the narrow sense of the ratio of 
biodiversity output to subsidies. Yet, our theoretical model and empirical evidence suggest that a two-threshold system reduces the 
number of fields that receive windfall gains and, thus, might be superior to a one-threshold system in terms of cost-effectiveness. 
However, the overall evaluation depends on the absolute value of windfall gains (i.e., the number of fields receiving windfall gains 
multiplied by the payment) and, therefore, on the payment levels and the number of fields with indicator species exceeding the 
different thresholds in a two-threshold system. On the other hand, considering the extra utility of farmers generated by windfall gains 
complicates the cost-effectiveness evaluation. An overall welfare calculation would require a comparison of this utility and the societal 
utility generated by higher biodiversity. Such calculations require measuring the societal “biodiversity reservation wage” (see, e.g., 
Wuepper and Huber, 2022, for an approach to measure willingness to pay for biodiversity). While it is not in the scope of our paper to 
conduct these calculations, such tradeoffs need to be explicitly accounted for by policymakers in considering whether such programs 
should be implemented.

Our findings suggest important future research, next to estimating the societal biodiversity reservation wage. First, future studies 
could identify the costs of multi-compared to single-threshold payments. Second, it would be valuable to investigate how farmers have 
adjusted their management practices in response to single-versus multi-threshold payment schemes and to examine the roles of 
landscape features and composition in shaping the impacts of result-based payments. Third, future research could extend our study by 
looking at other taxa (e.g., plants, insects, and soil microbiomes) because, while birds can provide important insights about the 
ecosystem state (Gregory et al., 2005; Fraixedas et al., 2020; Li et al., 2020; Lees et al., 2022), they cannot alone convey the complexity 
of environmental change (e.g., Siddig et al., 2016).
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Andersson, A., Höjgård, S., Rabinowicz, E., 2017. Evaluation of results and adaptation of EU rural development programmes. Land Use Policy 67, 298–314.

S. Schaub et al.                                                                                                                                                                                                         Journal of Environmental Economics and Management 134 (2025) 103247 

15 

https://doi.org/10.1016/j.jeem.2025.103247
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref1
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref1
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref2
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref2
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref3
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref3
http://refhub.elsevier.com/S0095-0696(25)00131-7/sref4


Baker, D.J., Freeman, S.N., Grice, P.V., Siriwardena, G.M., 2012. Landscape-scale responses of birds to agri-environment management: a test of the English 
environmental stewardship scheme. J. Appl. Ecol. 49 (4), 871–882.
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