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A1: Detailed description of model structure 8 

General summary 9 

An overview of the model structure is provided in Fig. 1 and this detailed description of the 10 

model’s formulation will follow the presentation of key relationships outlined in the figure. 11 

The aim of our model was to assess how different land-use scenarios interact with landscape 12 

characteristics in their influence on total production (PT) and total biodiversity (BT) in a 13 

landscape. Land management was defined as (i) the fraction of land used for agricultural 14 

production in a landscape (i.e. working land, WL) and (ii) the external input effort such as 15 

fertiliser and pesticide inputs, invested in agricultural production per area (i.e. intensification 16 

effort, IE). In our simulations, we only assessed conventional intensification and did not 17 

consider options of ecological intensification. Ecological intensification can reach similar or 18 

sometimes even higher levels of productivity (e.g. Pywell et al. 2015), but is also frequently 19 

related to substantially higher working costs. The integration of working costs and 20 

parametrisation of the relationship between ecological intensification and working costs is not 21 

trivial and was beyond the scope of this study. IE and WL are also referred to as input 22 

variables as they can be determined by land managers.  23 

In our model, crop, soil and biotic characteristics of a landscape are influencing the form of 24 

five key relationships (Fig. 1) which together define the response of PT and BT to input 25 

variables. In Supplementary Table 1, the variables which influence these five relationships are 26 

summarised, which are further referred to as model constants. Finally, PT, BT and the average 27 

yield of cultivated land (defined here as production per area, Y) are computed based on the 28 

input variables and model constants and are hence referred to as output variables. 29 

The final mathematical output of the model is PT which was computed based on the formula: 30 

𝑃𝑇 = 𝑊𝐿  𝑌                                                                                                                                               (1) 31 

However, PT does not only depend directly on WL and Y but also on a number of first order 32 

and second order indirect relationships, which are highlighted in Fig. 1. First order indirect 33 

relationships can be summarised by the formula 34 

𝑌 = 𝑌𝑀𝑎𝑥  𝑓𝐼𝐸

𝑌 (𝐼𝐸)  𝑓𝐵𝑇

𝑌 (𝐵𝑇) 𝑓𝑊𝐿
𝑌 (𝑊𝐿)                                                                                                  (2) 35 

where YMax stands for the maximum achievable yield, while 𝑓𝐼𝐸

𝑌 (∙), 𝑓𝐵𝑇

𝑌 (∙), and 𝑓𝑊𝐿
𝑌 (∙) are 36 

functions governing the impacts of intensification effort, total biodiversity, and fraction of 37 

land used for production on Y, respectively. These terms will be defined further below. YMax 38 

was for simplicity kept at 1 for all landscapes, which led to a normalisation of productivity 39 

differences across landscapes. Second order indirect relationships can be denoted as  40 

𝐵𝑇 =  𝑓𝐼𝐸 𝑊𝐿
𝐵 (𝐼𝐸 , 𝑊𝐿)                                                                                                                              (3) 41 



2 
 

Hence, Y and BT can be derived from five pairs of predictor terms (for mathematical reasons, 42 

the two predictors affecting biodiversity are summarised in one function in Equation 3), 43 

which refer to the five key relationships in Fig. 1. Based on these relationships (detailed 44 

functions are explained below), we established for each landscape (i.e., one specific set of 45 

model constants) the response of output variables to different land management options (i.e. 46 

input variables). Different land management options were evaluated by creating a model grid 47 

that contained 10,201 different combinations of input variables. Specifically, both WL and 𝐼𝐸 48 

ranged from 0 to 100% and were scaled in 1% steps. This land-management matrix contained 49 

all possible combinations of WL and 𝐼𝐸 (101 x 101 combinations). We further refer to the 50 

assessment of PT, BT and Y under one given land-use regime (one WL and 𝐼𝐸  combination) in 51 

a specific landscape as one model scenario whereas the assessment of all possible land-use 52 

regimes in a landscape is referred to as one model run. 53 

Specific description of functional relationships 54 

In this section, we specify, the four functions listed in the equation (2) and (3) representing 55 

the five key relationship defined in Fig. 1. Equations 4-11 thereby specify the function in 56 

equation (3) and equations (12-16) the functions used in equation (2).   57 

Relationships D (the effect of 𝐼𝐸  on the realised biodiversity in a landscape) and relationship E 58 

(the effect on land-use on the potential biodiversity in a landscape) can be summarised as: 59 

𝑓𝐼𝐸 𝑊𝐿
𝐵 (𝐼𝐸 , 𝑊𝐿)  = 𝐵𝑝𝑜𝑡.

𝑊𝐿    𝐵𝑙𝑜𝑠𝑠
𝑊𝐿  + 𝐵𝑝𝑜𝑡.

𝑛𝑜𝑛𝑊𝐿   𝐵𝑙𝑜𝑠𝑠
𝑛𝑜𝑛𝑊𝐿                                                                        (4) 60 

where 𝐵𝑝𝑜𝑡.
𝑊𝐿  and 𝐵𝑝𝑜𝑡.

𝑛𝑜𝑛𝑊𝐿  stand for the potential diversity in WL and nonWL (fraction of non-61 

working land in a landscape) and 𝐵𝑙𝑜𝑠𝑠
𝑊𝐿 and 𝐵𝑙𝑜𝑠𝑠

𝑛𝑜𝑛𝑊𝐿 stand for the proportion of biodiversity 62 

remaining after accounting for the negative impact of  𝐼𝐸 in WL and nonWL, respectively. 63 

Relationship E 64 

Relationship E describes the impact of land-use on the potential number of species that can 65 

persist in a landscape. In our model, this was implemented by first creating a regional pool of 66 

n species that could potentially colonise and co-exist in the landscape. n was set to 10 000 67 

across all of our simulations. Each species in this species pool was characterised by two traits; 68 

its habitat requirements (𝐻𝐼𝑖) and its minimum habitat threshold level of existence (𝐻𝑇𝑖). 𝐻𝐼𝑖 69 

could be one of three possible categories including (a) species that could only reproduce in 70 

semi-natural and natural habitat, i.e. nonWL, (b) species that could only reproduce in WL and 71 

(c) species that could reproduce in both WL and non-WL (both). Attribution of species to the 72 

three possible categories was a stochastic process based on predefined probabilities. These 73 

predefined probabilities (i.e. the expected proportion of species, which are able to reproduce 74 

in WL, non-WL and in both habitat types) represents a landscape characteristic (model 75 

constant) as they depend on physiochemical conditions shaping community assembly 76 

processes (e.g. Kraft et al. 2015). However, we want to emphasise that we define habitat 77 

requirements explicitly as the habitat that is required for reproduction (e.g. dead wood, clay 78 

soils, etc.). Species that require a certain habitat type for reproduction are still expected to use 79 

other habitat types for resource allocation and hence a “natural-habitat species” can have an 80 

impact on crop production.  81 

Further, each species in the species pool had a minimum habitat threshold level of existence 82 

(𝐻𝑇𝑖), which represented the minimum fraction of suitable habitat (𝐻𝑆) a species requires to 83 

survive (e.g. a 𝐻𝑇 of 0.2 indicates that a population of a species needs 20% of suitable habitat 84 
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in a landscape to persist). The association of a 𝐻𝑇 to each species was again a stochastic 85 

process based on a truncated normal distribution (i.e. only 𝐻𝑇 values between 0 and 1 were 86 

possible), which was defined based on a mean and a standard deviation that was constant 87 

within one model scenario. Hence, the expected mean and standard deviation of 𝐻𝑇 are both 88 

further landscape characteristic (model constants, see Supplementary Table 2). 89 

Based on 𝐻𝑆𝑖 and 𝐻𝐼𝑖 of n species, we compute the species richness that is maintained in WL 90 

(𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿) and nonWL (𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿) based on the formula: 91 

𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿 = ∑ 𝟏(𝐻𝑆𝑖 >  𝐻𝑇𝑖 , 𝐻𝐼𝑖 =  𝑊𝐿)

𝑛

𝑖 = 1

+ 𝑊𝐿 1(𝐻𝐼𝑖 = 𝑏𝑜𝑡ℎ)                                       (5)  92 

𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿 = ∑ 𝟏(𝐻𝑆𝑖 > 𝐻𝑇𝑖, 𝐻𝐼𝑖 =  𝑛𝑜𝑛𝑊𝐿)

𝑛

𝑖 = 1

+  𝑛𝑜𝑛𝑊𝐿 1(𝐻𝐼𝑖 = 𝑏𝑜𝑡ℎ)                  (6) 93 

where 1(∙) denotes an indicator function which returns the value 1 when the condition is 94 

fulfilled and the value 0 if it is not fulfilled. Note that the second term in equation (5) and (6) 95 

was included to allocate the species, which can reproduce in both WL and nonWL and hence 96 

always have 100 percent suitable habitat available, to WL and nonWL based on the relative 97 

ratio of the two habitat types in a model run.  𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿 and 𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿 were then 98 

summed to attain 𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑇𝑜𝑡𝑎𝑙, the total potential species richness that can be attained in a 99 

landscape given a certain land-use pattern. 100 

Finally, we calculated 𝐵𝑝𝑜𝑡.
𝑊𝐿  and 𝐵𝑝𝑜𝑡.

𝑛𝑜𝑛𝑊𝐿 for each model scenario k of the t total model 101 

scenarios in one run (i.e. 10,201) as 102 

𝐵𝑝𝑜𝑡.
𝑚𝑎𝑥𝑇𝑜𝑡𝑎𝑙 = max(𝑓𝑢 ∶ 𝑢 =  𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿

1 +  𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿
1 , … , 𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿

𝑡 + 𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿
𝑡 ) (7) 103 

𝐵𝑝𝑜𝑡.
𝑊𝐿 =  

𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑊𝐿
𝑘

𝐵𝑝𝑜𝑡.
𝑚𝑎𝑥𝑇𝑜𝑡𝑎𝑙                                                                                                                                     (8)        104 

𝐵𝑝𝑜𝑡.
𝑛𝑜𝑛𝑊𝐿 =  

𝑅𝑖𝑐ℎ𝑛𝑒𝑠𝑠𝑛𝑜𝑛𝑊𝐿
𝑘

𝐵𝑝𝑜𝑡.
𝑚𝑎𝑥𝑇𝑜𝑡𝑎𝑙                                                                                                                          (9) 105 

which effectively standardised the 𝐵𝑝𝑜𝑡.
𝑊𝐿  and 𝐵𝑝𝑜𝑡.

𝑊𝐿  by 𝐵𝑝𝑜𝑡.
𝑚𝑎𝑥𝑇𝑜𝑡𝑎𝑙, the maximal potentially 106 

attainable total species richness in a landscape.  107 

Relationship D  108 

After establishing the potential biodiversity in different habitat types, we compute 𝐵𝑙𝑜𝑠𝑠
𝑊𝐿  and 109 

𝐵𝑙𝑜𝑠𝑠
𝑛𝑜𝑛𝑊𝐿 which together determine the percentage of biodiversity (i.e. species), which is lost 110 

due to conventional intensification. Conventional intensification comprises different activities 111 

such as the use of herbicides and insecticides or fertilisers. Our basal assumption was that IE 112 

has always a negative impact on BT. However, the shape of this relationship and the maximal 113 

impact of IE on biodiversity can be highly variable and depends e.g. on the stress resistance of 114 

species in the species pool (landscape characteristic, Fig. 1). In our model, the two model 115 

constants ShapeBI and ImpactBI regulate the shape of the relationship and the maximal effect 116 

size of IE on BT independently from each other. ImpactBI can be a value between 0 (no impact) 117 

and 1 (i.e. when IE is 1 BT is 0). ShapeBI values can fall in the range between -1 (strongly 118 
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convex relationship) and 1 (strongly concave relationships) with 0 representing a linear 119 

relationship (Supplementary Figure 1). 120 

𝐵𝑙𝑜𝑠𝑠
𝑊𝐿  and 𝐵𝑙𝑜𝑠𝑠

𝑛𝑜𝑛𝑊𝐿 are computed separately, because species in WL are directly affected by 𝐼𝐸 121 

whilst species in nonWL are only affected indirectly via negative spill-over effects (𝑆𝑝𝑖𝑙𝑙𝐼𝐸) 122 

caused e.g. by pesticide applications (Brühl et al. 2021). The decrease of 𝑆𝑝𝑖𝑙𝑙𝐼𝐸 over space is 123 

accounted for by linking the constant to WL. 𝐵𝑙𝑜𝑠𝑠
𝑊𝐿  and 𝐵𝑙𝑜𝑠𝑠

𝑛𝑜𝑛𝑊𝐿 are hence computed as: 124 

𝐵𝑙𝑜𝑠𝑠
𝑊𝐿 = {

(1 − 𝐼𝐸)(1+ 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 + 6 𝑆ℎ𝑎𝑝𝑒𝐵𝐼
3 )  𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼 + (1 − 𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼)     𝑖𝑓 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 ≥ 0 

1 − 𝐼𝐸
(1+ |𝑆ℎ𝑎𝑝𝑒𝐵𝐼| + 6 |𝑆ℎ𝑎𝑝𝑒𝐵𝐼|3 )  𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼    𝑖𝑓 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 < 0

 (10)  125 

𝐵𝑙𝑜𝑠𝑠
𝑛𝑜𝑛𝑊𝐿 = {

(1 − 𝐼𝐸)(1+ 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 + 6 𝑆ℎ𝑎𝑝𝑒𝐵𝐼
3 ) 𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼 𝑊𝐿𝑆𝑝𝑖𝑙𝑙𝐼𝐸          𝑖𝑓 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 ≥ 0

+(1 − 𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼 𝑊𝐿𝑆𝑝𝑖𝑙𝑙𝐼𝐸)

1 − 𝐼𝐸
(1+ |𝑆ℎ𝑎𝑝𝑒𝐵𝐼| + 6 |𝑆ℎ𝑎𝑝𝑒𝐵𝐼|3 )  𝐼𝑚𝑝𝑎𝑐𝑡𝐵𝐼 𝑊𝐿𝑆𝑝𝑖𝑙𝑙𝐼𝐸         𝑖𝑓 𝑆ℎ𝑎𝑝𝑒𝐵𝐼 < 0

 (11) 126 

 127 

Based on 𝐵𝑙𝑜𝑠𝑠
𝑊𝐿  and 𝐵𝑙𝑜𝑠𝑠

𝑛𝑜𝑛𝑊𝐿 as well as  𝐵𝑝𝑜𝑡.
𝑊𝐿  and  𝐵𝑝𝑜𝑡.

𝑛𝑜𝑛𝑊𝐿 (derived from equations 8 and 9), 𝐵𝑇 128 

can be computed after equation (4) for each scenario in a model run. 129 

Relationship C  130 

Relationship C describes the impact of BT on average Y in an agricultural landscape and is 131 

represented by the function 𝑓𝐵𝑇

𝑌 (𝐵𝑇) in equation 2. Analogously to the computation of LBWL, 132 

we again establish an effect size (ImpactYB) and a shape parameter (ShapeYB). ImpactYB is 133 

again scaled from 0 (no reduction in Y when BT is 0) to 1 (Y is 0 when BT is 0). ShapeYB ranges 134 

from -1 (concave) to 1 (convex relationships; Supplementary Figure 1). 𝑓𝐵𝑇

𝑌 (𝐵𝑇) is expressed 135 

as 136 

𝑓𝐵𝑇

𝑌 (𝐵𝑇) = {
𝐵𝑇

(1+ 𝑆ℎ𝑎𝑝𝑒𝑌𝐵 + 6 𝑆ℎ𝑎𝑝𝑒𝑌𝐵
3 )  𝐼𝑚𝑝𝑎𝑐𝑡

𝑌𝐵
+  (1 − 𝐼𝑚𝑝𝑎𝑐𝑡

𝑌𝐵
) 𝑖𝑓 𝑆ℎ𝑎𝑝𝑒

𝑌𝐵
≥ 0 

1 − (1 − 𝐵𝑇)( 1+ |𝑆ℎ𝑎𝑝𝑒𝑌𝐵| + 6 |𝑆ℎ𝑎𝑝𝑒𝑌𝐵|3 )  𝐼𝑚𝑝𝑎𝑐𝑡
𝑌𝐵

𝑖𝑓 𝑆ℎ𝑎𝑝𝑒
𝑌𝐵

< 0
          (12) 137 

Relationship B  138 

Relationship B represents the impact of 𝐼𝐸 on Y described by the function 𝑓𝐼𝐸

𝑌 (𝐼𝐸) in equation 139 

2.  Again, the relationship is dependent on two constants representing effect size (ImpactYI) 140 

and relationship shape (ShapeYI). However, in contrast to relationships C and D, we only 141 

considered concave relationship shapes for the impact of IE on Y (-1 ≤ ShapeYI ≤ 0) as this 142 

relationship type is generally conceptually assumed (e.g. Liu et al. 2018) and found in field 143 

investigations (Scaife 1968). 𝑓𝐼𝐸

𝑌 (𝐼𝐸) is expressed as: 144 

𝑓𝐼𝐸

𝑌 (𝐼𝐸)  = 1 − (1 − 𝐼𝐸)(1+  |𝑆ℎ𝑎𝑝𝑒𝑌𝐼| + 6 |𝑆ℎ𝑎𝑝𝑒𝑌𝐼|3 )  𝐼𝑚𝑝𝑎𝑐𝑡𝑌𝐼                                                        (13)  145 

Relationship A  146 

Finally, modelled landscapes are designed to show heterogeneity in their maximal potential 147 

productivity (i.e. not all areas are equally fertile). Areas attributed to WL are always 148 

implemented on the most productive land. E.g. a value of 0.2 for WL implies that the 20 most 149 

productive percent of the landscape are used for agricultural production. We describe the 150 
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heterogeneity of potential productivity in modelled landscapes based on a beta-distribution. 151 

Beta-distributions are naturally constraint to values ranging between 0 and 1 and the shape of 152 

distributions can be described by its mean and variance. However, in contrast to normal 153 

distributions, the variance of the beta-distribution is logically constrained to certain values, 154 

which results from the limited data-range of the distribution (i.e. if values are restricted to 155 

range from 0 to 1, variance cannot be 100). This restriction of the variance becomes stronger 156 

when mean values approach 0 or 1 (Supplementary Figure 2).   157 

The mean (Ypotmean) and the variance (Ypotvariance) of potential productivity values (Ypot) in 158 

our landscape again represent landscape characteristics, which are constant within model runs. 159 

We used Ypotmean and Ypotvariance as input to establish a beta-distribution. Ypotmean ranges 160 

naturally, as the mean of a beta distribution, from 0 to 1. For each Ypotmean value, we then 161 

compute the maximal variance that mathematically still allows to establish a beta-distribution 162 

(Ypotvarmax) following the equation 163 

𝑌𝑝𝑜𝑡𝑣𝑎𝑟𝑚𝑎𝑥  =  𝑌𝑝𝑜𝑡𝑚𝑒𝑎𝑛 (1 −  𝑌𝑝𝑜𝑡𝑚𝑒𝑎𝑛)                                                                                 (14)  164 

Ypotvariance is then calculated as normalisation of the variance used in the beta-distribution by 165 

dividing it by Ypotvarmax. Hence, also Ypotvariance ranges between 0 and 1. After setting Ypotmean 166 

and Ypotvariance, we established Ypotmean for the land that is used for agriculture based on 167 

drawing s values for 𝒛𝒉 from the parameterised beta-distribution. s, which was set to 10 000 168 

across all simulations, represents thereby the number of equally-sized spatial units (i.e. the 169 

number of gird-cells) in a landscape and 𝒛𝒉 stands for the Ypot of a given cell h.  170 

If all drawn 𝒛𝒉 values are ordered from the largest to the smallest value, then the element 171 

ranked at the position q, which defines the lowest yield potential of all agriculturally used 172 

cells (𝑌𝑝𝑜𝑡
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) is calculated as 173 

𝑞 =  𝑊𝐿 (𝑠 + 1)                                                                                                                                   (15) 174 

The 𝑌𝑝𝑜𝑡 of q (the value drawn from the beta distribution for the element q) is then equivalent 175 

with 𝑌𝑝𝑜𝑡
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 and 𝑓𝑊𝐿

𝑌 (𝑊𝐿) calculated as 176 

𝑓𝑊𝐿
𝑌 (𝑊𝐿)  =  

∑ 𝑧ℎ 𝟏(𝑧ℎ ≥ 𝑌𝑝𝑜𝑡
𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑)𝑠

ℎ=1,

𝑞
                                                                                   (16)  177 

Hence, the function 𝑓𝑊𝐿
𝑌 (𝑊𝐿) in equation (2) amounts to taking the mean of all random draws 178 

from the Beta distribution that are larger or equal to working land. 179 

A2 Model parametrisation  180 

T The three main components of our study were (i) the assessment of biodiversity-production 181 

relationships in artificial landscapes, (ii) the contextualisation of model results in archetypic 182 

case-studies and (iii) a systematic sensitivity analysis to assess underlying mechanisms 183 

triggering intensification traps. In the following section, we describe model parametrisation 184 

for each of these three components.  185 

Creation and assessment of artificial landscapes 186 
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The goal of the assessment of artificial landscapes was to evaluate biodiversity-production 187 

relationships in a wide range of conditions and evaluate the impact of variability in landscape 188 

characteristics on the risk of intensification traps. Our primary targets in the process of 189 

parametrisation were to (i) attain a large number of datasets for the parametrisation of the 190 

eight model constants that we focused on, and (ii) ensure that the applied datasets cover a 191 

wide range of different crop types and geographic regions.  192 

Our literature search started with the establishment of a list of search terms for each of the key 193 

relationships that were parametrised (listed in Supplementary Table 3). These terms were used 194 

as search terms applied to search within title, abstract, keywords and keywords plus of articles 195 

in Web of Science. All searches were implemented within the period of 01.12.2022 to 196 

20.03.2023. It was not feasible to implement a full meta-analysis for each model parameter 197 

screening all available scientific articles as each search term combination resulted in over 198 

thousand returns. Instead, we screened the first hundred returns (sorted by ‘relevance setting‘) 199 

of each query for potential data sets that filled the requirements for model constant 200 

parametrisation (see below for criteria for individual model constants). This search resulted in 201 

data that was often biased covering either a limited range of crops (e.g. wheat, rice or maize) 202 

or a limited geographic distribution (primarily originating from industrialised countries). If 203 

necessary, we, therefore, complemented our data for parametrisation by using snowball 204 

searches starting from key references and by using more region or crop type-targeted search 205 

terms to attain data from otherwise underrepresented systems. All references used for 206 

parametrisation and the resulting values for individual model constants are listed in 207 

Supplementary Data.  208 

Screened articles were filtered based on the following criteria: 209 

Relationship A was parametrised by screening literature for available datasets that provided 210 

multiple yield measurements within an otherwise largely homogenous landscape. We, for 211 

example, discarded datasets that contained differences in fertiliser or pesticide applications or 212 

that showed large differences in the amount of adjacent natural habitat, which could induce 213 

biodiversity-driven yield differences. As we controlled for these factors, the variability of 214 

yields reflected largely the variation in the agricultural production potential within a 215 

landscape. From each of the resulting datasets, mean and standard deviation were computed, 216 

which was used to parametrise Ypotmean and Ypotvariance. 217 

Relationships B, C and D where each defined by two parameters, a slope and an effect size 218 

parameter (equations 5-8). The slope parameter was determined using datasets that covered a 219 

‘sufficient range’ of the predictor and contained at least 5 different predictor values. In order 220 

that a range was considered as sufficiently wide, one of two requirements needed to be 221 

fulfilled. Either values ranged from very low values (almost 0) to values that represent the 222 

upper range found in natural agroecological landscapes (e.g., in terms of fertiliser 223 

applications, etc.). Alternatively, an upper data range was considered as sufficient if it 224 

included the saturating section of a non-linear relationship (e.g., in biodiversity – ecosystem 225 

function relationships). Once a data-set was considered as suitable for the parametrisation of 226 

the slope parameter, we create a fitting grid containing 20301 combinations of parameter 227 

values for the shape parameter (ranging from -1 to 1, Supplementary Figure 1) and the effect 228 

size parameter (ranging from 0 to 1; both shape and effect size parameters were 229 

systematically varied across ranges in steps of 0.01 to create the fitting gird). We then 230 

computed for each combination of shape and effect size parameter predictions for the data 231 
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points in the parametrisation data set and chose the parameter settings that resulted in the 232 

lowest deviations between predictions and real values (i.e. lowest sum of square of residuals). 233 

This procedure was repeated for each of the available parametrisation data sets (at least 11 per 234 

shape parameter of the key relationships B, C and D).  235 

The effect size parameter can be derived from the change of the response variable across a 236 

sufficient range of the predictor variable. In that regard, the same principal requirements for 237 

the required data range as for the range of slopes were applied, but only two data points were 238 

required (upper and lower end of predictor range). A challenge was that the available datasets 239 

for the parametrisation of 𝐼𝑚𝑝𝑎𝑐𝑡𝑌𝐼, which represents to joint impact of pesticides and 240 

fertilisers, are either quantifying the effect of pesticides or fertilisers. Hence, we assessed the 241 

impact of pesticides (number of data sets: 11) and fertilisers (number of data sets: 17) 242 

separately and combined the two effects by multiplying the results. 243 

SpillIE, which is required for the parametrisation of relationship B was estimated as 0.9 244 

reflecting that pesticide and other agricultural practices have a spillover effect on natural 245 

communities, which is, however, only of moderate importance (Szabo et al. 2012; McArt et 246 

al. 2017). The variability of SpillIE across landscapes was set to a standard deviation of 0.1.  247 

The parametrisation of relationship E required to establish the regional species pool and 248 

hence, setting habitat requirements and a threshold for persistence, HT, for each species. We 249 

created the regional species pool by setting the total number of species to 10,000, which was 250 

high enough to avoid stochastic effects having a large impact on model outputs. Further, the 251 

average HT across all species was set to 0.25 after Martin et al. (2019) and we determined HT 252 

values for individual species by drawing from them from a normal distribution with a 253 

standard deviation of 0.4. Non-realistic values of below 0 above 1 for individual species were 254 

discarded. Also, the habitat requirement of species, i.e. the habitat that is required to persist, 255 

was determined stochastically for each individual species. The expected fraction of species 256 

that require either WL, or non-WL or can reproduce in both habitat types was set to values of 257 

0.6, 0.25 and 0.15, respectively and varied stochastically as depicted in Supplementary Figure 258 

3.  259 

Although, the establishment of relationship E is rooted in ecological theory, it represents a 260 

highly simplified and conceptualised representation of natural systems. Simplification and 261 

conceptualisation help to understand mechanistic dependencies in agroecological systems, but 262 

made a parametrisation from real-word data difficult. We nonetheless varied the mean HT, its 263 

standard deviation and the fraction of different habitat requirements in different model runs to 264 

represent the variability in natural systems. Yet, the boundaries of their range were chosen 265 

arbitrarily (Supplementary Figure 3). Further, we set the variability of mean HT and the 266 

variability of its standard deviation to 0.2 and 0.3, respectively.  267 

Consequently, we established for each model constant a mean value and a standard deviation. 268 

These mean values and standard deviation were primarily derived from literature values and if 269 

this was not possible, they were carefully chosen to reflect variability in real world situations. 270 

Based on mean and standard deviation of real-world data, we established distributions 271 

assuming normality. Hence, we were able to create via a bootstrap algorithm artificial 272 

landscapes, by drawing for each model constant a value from its distribution. 273 

In real-world situations, shape and effect size of the five key relationships in our conceptual 274 

framework are influenced by a combination of environmental (e.g. soil chemistry, climate), 275 

biotic (e.g. composition of species pools) and crop (e.g. dependency on pollination and natural 276 
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pest control, crop rotation, etc.) characteristics. Hence, one artificial landscape with one set of 277 

model constants reflects one set of environmental conditions paired with a specific natural 278 

community configuration and a specific crop cultivation scheme. In our analysis, we 279 

established 10,000 different artificial landscapes and analysed the associated risk of 280 

intensification traps and trade-offs between biodiversity and production. As the model 281 

constant that drive differences between these landscapes, were derived based on a broad and 282 

extensive literature analysis of real-world data, we presumed that our analytical procedure 283 

captures the variability of crop, soil and biotic landscape characteristics encountered across 284 

different biomes and geographic regions.  285 

Selection and model parametrisation of archetypal case-studies 286 

The three archetypal case-studies, the US wheat-belt scenario, the South-East Asian rice 287 

scenario and the African small-holder scenario, were selected to represent production systems 288 

with largely diverging crop, soil and biotic characteristics from different geographic regions. 289 

One major element that differed across archetypal case-studies was crop diversity. In case of 290 

the US wheat-belt scenario, a highly industrialised production system based on a wheat 291 

monoculture with little crop rotation was chosen, which is commonly encountered in the 292 

Great Plains and Northern US (Bushong et al. 2012; Vocke & Ali 2013). Similarly, also the 293 

South-East Asian rice scenario was predominantly based on one main crop, although an 294 

upland rice system was chosen that shows greater degrees of crop rotation (Atlin et al. 2006; 295 

Saito et al. 2018). In contrast, the African small-holder scenario was conceptualised as 296 

diversified agro-pastoralist system, a common production form in humid and sub-humid areas 297 

of Sub-Saharan Africa (Thornton & Herrero 2015). In these systems, both crop rotation and 298 

intercropping are frequently common practice (Conelly & Chaiken 2000; Isaacs et al. 2016) 299 

with often five or more crop types planted in a single field (A. Burian, personal observation; 300 

Supplementary Figure 4). The level of diversification can be even further enhanced by 301 

planting timber and fruit trees (Kuyah et al. 2019).  302 

Archetypal case-studies represent an idealised form of sometimes quite variable production 303 

systems (e.g. the US wheat belt stretches over more than thousand km and covers largely 304 

different crop varieties with different features; Vocke & Ali 2013). Additionally, 305 

parametrisation of individual case-studies with case-study specific data sets was not possible 306 

due to data limitations (some of the measurements necessary for parameterisation show a high 307 

degree of stochasticity and hence parameterisation form one or a very small number of 308 

literature data is not to a robust practice). We therefore chose model constants for archetypal 309 

case-studies using the mean and range of literature data (Supplementary Table 2) as yardstick 310 

and qualitative literature evaluation (see below) as reference. 311 

The US wheat-belt scenario was set to have the highest average yield potential and lowest 312 

variability of yield potential whereas the African small-holder scenario had the lowest average 313 

yield potential and the highest variability of yield potential (note: the yield potential is always 314 

normalised to a certain landscape and differences in average yield potential do not denote 315 

difference in absolute fertility). These parameters were chosen to reflect the impact of land-316 

use history during past decades, which in the Great Plains through the use of large machinery 317 

can drive soil homogenisation (Stover & Henry 2018). In contrast, small-scale farms can be 318 

very patchy in e.g. soil qualities and many Sub-Saharan agricultural landscapes show 319 
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fragmentary degradation due to non-sustainable land-use practices (Siedenburg 2006; 320 

Oostendrop & Zaal 2012). 321 

The effect size of conventional intensification on yields was highest for the South-East Asian 322 

rice scenario as rice fields have commonly higher N, P and especially K input requirements 323 

than wheat fields (Ludemann et al. 2022, considering global crop field areas). The respective 324 

effect size was slightly lower for the African small-holder scenario (Supplementary Table 4, 325 

Extended Data Fig. 1) as crop types commonly include one or even multiple Fabaceae (see 326 

Supplementary Figure 4), reducing required fertiliser inputs.  327 

The effect size of biodiversity on yields was set to comparatively lower values for the non-328 

pollination dependent wheat and rice production systems than for the diversified African 329 

small-holder scenario. However, rice has a higher vulnerability to insect predators (Deutsch et 330 

al. 2018) and natural pest control plays frequently an important role in rice paddy systems 331 

(Dominik et al. 2017; Zou et al. 2020). Hence, the effect size of biodiversity on yields was set 332 

higher for the South-East Asian than for US wheat-belt scenario. The African small-holder 333 

scenario was reliant on a diverse mix of crops which included also crops with intermediate to 334 

large pollination dependency (e.g. mangos, cashew, beans, pumpkin, melon; Klein et al. 2007; 335 

Bishop & Nakagawa 2021), justifying its higher effect size of biodiversity on yields. 336 

Finally, the effect size of conventional intensification on biodiversity was set highest in the 337 

African small-holder scenario and lower in the other two case-studies (Supplementary Table 338 

4). A global assessment of land-use history has shown that historic exposure to disturbance 339 

through e.g. agricultural land use results in a higher resistance of communities to land use 340 

impacts (Betts et al. 2019). Consequently, the longer land use history in the US and South-341 

East Asian case studies compared to often very recent crop-land extensions in Sub-Saharan 342 

Africa (Maitima et al. 2009; Rudel 2013; Montfort et al. 2021) was the justification for this 343 

choice. We, nonetheless, acknowledge that the parameters defining the sensitivity of natural 344 

systems have been started to be explored (Filgueiras et al. 2021), but are only rudimentary 345 

understood. The choices for other model constants are displayed in Supplementary Table 4 346 

and the resulting key relationships are presented in Extended Data Fig. 1.  347 

Model parametrisation in sensitivity analysis 348 

The third element of our assessments was the implementation of a systematic sensitivity 349 
analysis to evaluate the mechansism underlying the emergence of intensififcation traps. This 350 

senstivity analysis targeted each of the five key relationships defined in our conceptual 351 
framework (Fig. 1). Relationships A-D had always 2 model constants that together define the 352 
shape and effect size of the respective relationship. In a fully factorial design, each of the two 353 
variables was changed in steps of 0.01 units between the ranges stated in Supplementary 354 
Table 2. All other model constants were maintained at mean literature values (Supplementary 355 

Table 2; fractions of species’ habitat requirements in the regional species pool were 0.3 for 356 

agricultural land, 0.6 for natural habitat and 0.1 for species that could reproduce in both 357 

habitat types). For each combination of the two model constants that define one key 358 
relationship, a full model run was implemented (i.e. model outputs were computed for all 359 

combinations of model inputs). Hence, we could evaluate the response in biodiversity and 360 
production in agricultural landscapes to changes in the key relationships defined in our 361 
framework. 362 

The senesitivity analysis for relationship E was implemented by altering the expected 363 
fractions of species’ habitat requirements in the regional species pool. Possible ranges 364 
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included 0 - 0.8 for species reproducing only in agricultural land and species that can 365 

reproduce in both habitat types. The range for species that require natural habitats for 366 
reproduction varied from 0.2 – 1. Habitat requirements were altered in steps of 0.01 units and 367 

all possible combinations within the defined ranges of habitat requirement classes were 368 
evaluated by implementing a full model run (i.e. model outputs were computed for all 369 
combinations of model inputs). 370 

A3 Simplifications in model construction  371 

Naturally, conceptual modelling approaches represent a simplification of natural 372 
environments. We highlight in this section the major simplification made in our approach and 373 

potential ramifications. Specifically, we will address (i) issues of scale and landscape 374 
configuration, (ii) the simplified integration of biodiversity and (iii) the conceptualisation of 375 
agricultural land-use practices and (iv) the lack of interaction effects and temporal dynamics 376 
in our framework. 377 

(i) Issues of scale and landscape configuration: Our framework is designed for the landscape 378 
scale, which is variable in extent and is extensively discussed in literature (Fahrig 2005). We 379 

restrain from a specification of a fixed grid-size as the appropriate analytical scale is likely 380 
case-study specific and e.g. dependant on landscape heterogeneity. Our aim was not to make 381 
explicit predictions but to improve our conceptual understanding of intensification traps. 382 
Hence, we chose a generic landscape perspective that can be flexibility applied.  383 

Further, our framework accounts for spatial relationships (e.g. ratios of land-use types), but 384 
does not integrates explicit spatial landscape configuration. We fully acknowledge that the 385 

spatial structure of landscapes is key in mediating both positive and negative spill-over effects 386 
from and to natural habitats (Rand, Tylianakis & Tscharntke 2006; Szabo et al. 2012; 387 
Albrecht et al. 2020; Garibaldi et al. 2021). However, an integration of explicit landscape 388 

structure would have exponentially increased model complexity and made a conceptual 389 
synthesis of the drivers of intensification traps very difficult. 390 

Moreover, we normalised biodiversity and agricultural crop production within each analysed 391 
landscape. This normalisation facilitats direct comparison across different individual 392 

landscapes, but prevents assessments along e.g. absolute productivity or biodiversity 393 
gradients, which were not the target of our analyses.   394 

(ii) Simplifications required to incorporate biodiversity: We relied on species richness as our 395 

metric to capture biodiversity and it was derived based on the requirements of the species 396 
present in the regional species pool. However, also other biodiversity metrics such as 397 
evenness or genetic diversity can play an important role in regulating agricultural production 398 

(Graves, Pearson & Turner 2017; Tarifa et al. 2021; Burian et al. 2023). Additionally, also the 399 
abundance of individual population play a key role in determining their impact on agricultural 400 
crops (Dainese et al. 2019).  401 
Moreover, biodiversity and other indicators of natural communities have not only positive, 402 
but sometimes also negative consequences for crop production (e.g. a high natural 403 

biodiversity can also lead to a higher abundance and diversity of pests and diseases). The 404 
integration of theses complex interrelationships, i.e. between species richness, evenness and 405 
abundance, would have substantially complicated our model structure. Hence, we decided to 406 
use species richness as a simple indicator of the impact of natural communities on agricultural 407 

production. 408 
Further, there was also an implication of the lack of an exact landscape structure for the 409 
representation of biodiversity. This lack of an explicit spatial landscape structure meant that 410 
differences in habitat connectivity among patches of non-working land could not be 411 
considered. Hence, our model is based on the assumption that landscape design allows for an 412 
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efficient colonisation of the different local habitat patches by species in the regional species 413 

pool. 414 

 (iii) Conceptualisation of agricultural land-use: We highlighted and explained already 415 
before, why we did only consider conventional intensification and did not explicitly model 416 
agroecological practices in our framework. Moreover, conventional intensification was 417 
primarily considered as the degree of fertiliser and pesticide use. We readily acknowledge that 418 

conventional intensification also incorporates also many other practices, such as irrigation, 419 
changes in frequency of tillage and simplification of crop rotations. Yet, these elements of 420 
conventional intensification have a much more context-dependent impact on biodiversity and 421 
we consequently made the decision to focus on fertilisation and pesticide use as main 422 
elements and indicators of conventional intensification (Beckmann et al. 2019).  423 

(iv) Absence of interaction effects and temporal dynamics: A further important simplification 424 
in our framework is the decision to neither consider potential interaction effect among the five 425 
key relationships nor specific temporal dynamics. Interaction effects between different drivers 426 

of yields can substantially affect the outcome of our model. These interaction effects can both 427 
increase or decrease the likelihood of intensification traps. For example, Chen et al. (2022) 428 
have recently shown positive interactions between pollination and nutrient fertilisation. In the 429 

context of our model, this would imply that a higher level of conventional intensification 430 

would have a positive impact on the effect size of biodiversity on yield.  431 
Similar interaction effects have already been reported earlier (Klein et al. 2015; Villa‐Galaviz 432 

et al. 2021), but they are not always positive in their nature. For example, a negative 433 
interacting effect between pesticide application and natural pest suppression can be expected. 434 
I.e., when high levels of pesticides are applied, the benefits generated from natural predators 435 

regulating weed or insect pest abundances are decreased. Under such conditions, conventional 436 
intensification would have a negative impact on the effect size of biodiversity on yield. 437 
Hence, these interaction effects are highly context-dependent. We clearly want to 438 

acknowledge here that these effects have the potential to alter model results substantially, but 439 
we also argue that adding this high level of complexity into our simulations would have 440 

resulted in sometimes counter-intuitive results that would have detracted much of the reader’s 441 
attention to highly context-specific situations. 442 

Finally, we do not consider temporal variability in our model structure. Temporal variability 443 
is essential in agricultural production as a large degree of interannual variability is induced 444 
through year-to-year variation in climate but also in other factors such as pest and disease 445 

prevalence. Such variability and the resulting temporal dynamics have already been shown to 446 
be of high importance in the context of poverty traps (Barrett & Swallow 2006; Barrett & 447 

Santos 2014) and can be of equal relevance for intensification traps. However, in this model, 448 
we considered the static drivers of intensification traps as the first step to increase our 449 
understanding of intensification traps before an added complexity of temporal dynamics is 450 

considered.    451 
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A4: Additional tables and figures 452 

Supplementary Table 1: Model constant that characterise the artificial landscape that is 453 

defined per model run (systematic exploration of all possible land-use combinations). 454 

Landscape 

characteristics 
Limits Explanation 

ShapeBI -1 ≤ x ≤ 1 

Impact independent shape of the relationship between BT 

and IE: -1 one is a strongly concave and +1 a strongly 

convex nonlinear relationship 

ImpactBI 0 ≤ x ≤ 1 Maximum impact size of IE on BT  

Ypotmean 0 ≤ x ≤ 1 
Mean of potential maximum Y across all areas in a 

landscape 

Ypotvariance 0 ≤ x ≤ 1 
Variance of potential maximum Y across all areas in a 

landscape 

ShapeYB -1 ≤ x ≤ 1 

Impact independent shape of the relationship between Y and 

BT: -1 one is a strongly concave and +1 a strongly convex 

nonlinear relationship 

ImpactYB 0 ≤ x ≤ 1 Maximum impact size of BT on Y 

ShapeYI 0 ≤ x ≤ 1 

Impact independent shape of the relationship between Y and 

IE: -1 one is a strongly concave and +1 a strongly convex 

nonlinear relationship 

ImpactYI 0 ≤ x ≤ 1 Maximum impact size of IE on Y 

HT.mean 0 ≤ x ≤ 1 
Threshold value of existence, representing minimum habitat 

requirements of a species to persist 

HT.sd 0 ≤ x Standard deviation of the threshold value of existence 

HWL 0 ≤ x ≤ 100 
Percentage of species in the species pool that only live in 

WL 

Hnon-WL 0 ≤ x ≤ 100 
Percentage of species in the species pool that live only in 

non-WL 

Hboth 0 ≤ x ≤ 100 Percentage of species that can live in both WL and non-WL 

SpillIE 0 ≤ x ≤ 2 Spill-over effects of IE in working land on Bnon-WL 

 455 

Supplementary Table 2: Parametrised model constant for analyses of artificial landscapes and 456 

the sensitivity analysis. Stated are the number of datasets used (n), the mean and standard 457 

deviation of extracted values. Further, we state the lower and upper range of model constants 458 

in the systematic sensitivity analysis. *: 17 datasets for fertilisation and 11 for pesticide use. 459 

Relationship 

in Fig. 1 

Model 

constant 

Literature data Sensitivity analysis 

n mean sd Lower range Upper range 

A Ypotmean 21 0.45 0.13 0.1 0.9 

A Ypotvariance 21 0.22 0.13 0.01 0.99 

B ShapeYI 11 -0.53 0.14 0.2 0.99 

B ImpactYI 27* 0.77 0.28 -1 0 

C ShapeYB 17 -0.36 0.40 0.01 0.99 

C ImpactYB 26 0.60 0.24 -1 1 

D ShapeBI 14 0.25 0.37 0.2 0.99 

D ImpactBI 21 0.67 0.17 -1 1 
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Supplementary Table 3: Searched terms used for the literature queries to gather dataset for the 460 

parametrisation of key relationships A-D.  461 

Key 
relationship Model constants Search terms 

A Ypotmean, Ypotvariance 
("production" OR "productivity") AND ("crop" OR 
"agricultur*" OR "fruit" OR "hay") AND ("mean" OR 
"variability" OR "standard deviation" OR "variance") 

B ShapeYI, ImpactYI 

("production" OR "productivity" OR "Yield") AND ("crop" 
OR "agricultur*" OR "fruit" OR "hay" OR "fruit") AND 
("fertiliser" OR "intensity" OR "intensification" OR 
"pesticide") 

C ShapeYB, ImpactYB 

("biodiversity" OR "richness" OR "phylogenetic diversity") 
AND ((("functionality" OR "function") AND ("agriculture" 
OR "soil")) OR "pollination" OR "pest control" OR 
"fertility" OR "flower visits" OR "seed 
predation"OR"production"OR"productivity")  

D ShapeBI, ImpactBI 

("sensitivity" OR "resistance" OR "response") AND 
("pesticide" OR "herbicide" OR "fungicide" OR 
"eutrophication" OR "insecticide") AND ("animal" OR 
"insect" OR "bird" OR "pollinator" OR "fauna" OR 
"biodiversity" OR "richness") 

 462 

Supplementary Table 4: Model constant chosen for the archetypal case-studies in relation to 463 

mean literature values.  464 

Relationship 
in Fig. 1 

Model 
constant 

Mean 
Literature data 

Wheat case-
study 

Rise case-study 
SSA small-holder 

case-study  

A Ypotmean 0.45 0.70 0.65 0.40  

A Ypotvariance 0.22 0.20 0.30 0.35  

B ShapeYI -0.53 -0.60 -0.40 -0.30  

B ImpactYI 0.77 0.85 0.95 0.70  

C ShapeYB -0.36 -0.50 -0.40 -0.50  

C ImpactYB 0.60 0.30 0.60 0.70  

D ShapeBI 0.25 0.30 0.30 -0.20  

D ImpactBI 0.67 0.50 0.70 0.85  

E HWL 0.15 0.05 0.30 0.05  

E Hnon-WL 0.60 0.70 0.65 0.70  

E Hboth 0.25 0.25 0.05 0.25  

 465 
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 467 

 468 

Supplementary Figure 2: In the creation of artificial landscapes, the percentage of species that can survive 

in non-WL ranged between 30 and 90%. 90% would represent a landscape where natural habitat is highly 

diverse (e.g. tropical rainforest), whilst 30% would indicate that the original natural habitat is relatively 

poor in species and that transformations into cropland with associated fertilisation can increase species 

richness (e.g. situation frequently encountered in tropical soils (Barnes et al. 2017)). Further, we set the 

range of species living in WL to 10-70% of the total species pool. We thereby defined a minimum level of 

10% based on the reasoning that there will be always some species that are specialised to the planted crops 

and that will not be able to persist in natural habitats. Finally, the resulting range of species that can 

survive in both WL and non-WL was 0-60%. The graph displays the impact of changes in the percentage of 

species living in non-WL on the percentage of the remaining species that live in WL. The blue line 

represents most frequent values and the shaded area the range that is described by the 68.2% prediction 

interval.   

 

Supplementary Figure 1: Possible shapes of the relationship between predictor and response variable in 

negative (left) and positive (right) relationships. Extreme endpoints of relationships range between highly 

concave (shape constant of -1) and highly convex (shape constant of 1) with a shape constant of 0 

indicating a linear relationship.   
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469 

Supplementary Figure 3: Logical constrain of variance (solid line) and the variance threshold to achieve 

unimodal distributions (dashed line) in beta distributions in relation to different mean values.   

Supplementary Figure 4: Example of African small-holder system in Northern Mozambique. Within a 

small area, cassava is intercropped with maize, bean, peanuts, sweet potatoes and pumpkins. Additionally, 

cashew, papaya and mango trees as well as other medicinal and timber trees are used to create an 

agroforestry system that is high in crop diversity at the field level. 
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