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Abstract

:

Simulating organic agriculture is a considerable challenge. One reason is that few models are capable of simulating crop-pest interactions and the yield losses they cause. Here, a recently developed process-based crop-pest model (Pest-EPIC) was used to simulate conventional and organic agriculture in the European Union for the years 1995–2100. Yields and pesticide application rates were calibrated against FAOSTAT and Eurostat data. Results indicate that current pesticide application rates may be sufficient to control pests and diseases even at the end of the century. The range of simulated yield differences under organic and conventional agriculture under current conditions (e.g., wheat 21–55% (mean 34%) lower yields; potatoes 20–99% (mean 56%) lower yields) closely matched recorded values. Under climate change, the gap between yields under conventional and organic management will remain constant for some crops (e.g., at 3 t/ha for potatoes), but others—susceptible to a larger number of pests and diseases—may experience a widening of the yield gap (e.g., increase of yield difference from 0.8 to 1.6 t/ha for wheat). The presented results-dataset may in future be a valuable resource for integrated assessments of agricultural land use and policy planning, but the inherent uncertainty is still very high.
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1. Introduction


Pesticides are an integral part of modern agriculture and are used to control diseases, increase crop yields, and support food preservation [1]. Pesticides in combination with mineral fertilizers enabled modern intensive agriculture, thus mitigating the trend towards agricultural area expansion [2] and slowing down the import rates of virtual agricultural land by countries with high demand for agricultural goods [3]. However, only a small proportion of the pesticides applied to crops actually reaches their target. The rest enters into the environment, contaminating air, water, and soil, and often persists over long time periods [4,5]. Due to concerns about these negative impacts, policy-makers started to outlaw many pesticides and tightened regulations, while consumers began to buy food produced without pesticides. One consequence is that the area under organic agriculture continues to increase. It currently amounts to 71.5 million hectares globally, roughly 1.5% of the total arable area [6]. Regional environmental impacts of this trend are largely positive and include a higher biodiversity [7] and a higher soil organic carbon and nitrogen content [8]. Yields, however, are 15–50% lower in organic systems than in conventional ones [9,10,11,12], which may cause higher rates of agricultural area expansion and/or larger imports of virtual agricultural land, shifting more intensive agriculture towards other regions. This concern is especially pressing considering the high amount of food waste, the continuous global population, and income growth, as well as the rising demand for animal proteins and bioenergy products, which will most likely necessitate a significant increase in agricultural area in the coming decades [13,14].



Considering these complex interactions and the additional challenge climate change will pose in many regions, it is more important than ever for policy-makers, scientists, and stakeholders to be able to draw on multiple tools and datasets to inform their decisions and direct their actions and resources. One such resource is robust information on per-hectare production capacities under different management systems and their environmental impacts [15], in this case conventional and organic agricultural systems. Data on past yields have been collected for many years by national governments and international organizations such as the FAO, and a variety of models is available to estimate yields under future climatic conditions and different levels of water and nutrient availability [15]. However, quantifying the impacts of pests and diseases, a prerequisite for simulating organic agriculture, has remained a challenge [16,17]. The immense variety of pathogens and pests, their complex interactions with target crops, and their often unknown response to changes in climate have prompted scientists to mainly focus on developing models for short-term, tactical questions, applicable for specific climates and/or locations and specific pest-crop systems [16,18,19]. Only recently have models been developed that explicitly focus on simulating crop-pest interactions for entire agricultural systems at larger scales (e.g., [20]). This paper presents the first attempt to use such a model to simulate simplified representations of conventional and organic agriculture at multi-national level.



The study has multiple goals. The first is to assess if the currently available data on pesticide application rates in the EU are sufficient to calibrate the model in such a way that yield quantities, as well as pesticide application rates, can be simulated adequately. The second goal is to use the calibrated model to study if the simulated quantity of pesticide application rates in conventional agricultural systems of the EU will change over the course of the 21st century. Application rates in the model are dependent on the damage level caused by pests and diseases, and the literature thus far is inconclusive about how climate change will affect pest pressure as a whole [21,22,23,24,25]. The third goal is to simulate a simplified version of organic agriculture, inspect the simulated current yield levels for plausibility, and continue to project expectant yields for the next decades. The reported range of yield gaps between organic and conventional agricultural systems is large [9,10,11,12], and it is uncertain how it will develop under climate change. The last goal is to assess the capability of the model to simulate soil property changes under the different management options. Organic agriculture is not only viewed positively because organic produce is less contaminated by pesticides [26], but also because soil quality in organic systems tends to be higher [8,27]. If a dataset such as the one presented in this paper should be used in the future for integrated assessments of land use options, the effects of the different management strategies on soil properties should also be depicted accurately.




2. Material and Methods


2.1. Pest-EPIC Model


All simulations were run with the Pest-EPIC model (for details, see Rasche and Taylor [20]). The model is based on EPIC v0810 [28,29], a biogeophysical model of crop growth on one homogeneous field. Original submodels of EPIC v0810 include hydrology, soil nutrient dynamics, wind and water erosion, plant environment control, tillage, and crop growth, all driven by daily weather data (minimum and maximum temperature, solar radiation, precipitation, relative humidity and wind speed). For Pest-EPIC, additional submodels for the simulation of fungal diseases, insect pests and weed infestations were added. In the weed submodel, the number of seeds in the seed bank is tracked and weeds are grown depending on these seeds and germination rates. The weeds compete with the crop for light, water and nutrients. A herbicide may be applied manually in the operation file, or an application may be triggered if the weed LAI (leaf area index) surpasses a user-specified ratio to crop LAI. In the insect submodel, a biological temperature response function is used to model the daily feeding rate, from which population growth is derived. Mortality is dependent on temperature and nutrient availability. Optimal temperature, mortality at 0 °C, body mass and main feeding/damage target (aboveground biomass, root biomass, leaf area or radiation use efficiency) are pest-specific. Crop stress is dependent on the feeding rate, which may trigger an insecticide application if a user-defined threshold is exceeded. Insecticide applications may also be scheduled by the user. In the disease submodel, disease spread depends on coefficients of primary and secondary infection, abundance of spores and host density. The number of spores increases depending on a humidity and temperature function, and decreases according to a decay rate. Optimal temperature and humidity, decay rate and the coefficients of infection are pest specific. Crop stress is dependent on the ratio of healthy to infected plant tissue, which may compromise radiation use efficiency or the different biomass compartments. If the stress-factor exceeds a user-defined threshold, a fungicide application may be triggered, or an application can be scheduled by the user.



Prior to the simulations, the Pest-EPIC model was improved from the version described in Rasche and Taylor [20]. In the old version, all crops were grouped in one of the following crop groups: warm or cold season annual legumes, perennial legumes, warm or cold season annuals, perennials, evergreen or deciduous trees, cotton or N-fixing trees. This is a feature of EPIC v0810, which allows adjustments to the growth functions depending on the growth type. We used these groups to define “host” groups, meaning that crops from the same group serve as hosts to the same diseases and should not be grown in rotation. This solution was not satisfactory and was addressed now by adding a new crop parameter denoting a specific “host group” to which a crop belongs. The new host groups are: (1) all cereals except corn, (2) cotton, (3) corn, (4) oil seeds (rape, sunflower, oil flax, soybeans), (5) potatoes, (6) sugar beet, (7) other, (8) weeds.




2.2. Data


Most of the input data for the running of the model (Table 1) were taken from a database originally compiled for the CCTAME project (https://cordis.europa.eu/project/id/212535 (last accessed on 26 June 2021)). The derivation procedure for the simulation units was described in detail in Balkovič, et al. [30], the datasets in UNIBA [31]. The simulated area covers the area currently used for crop production in the EU (approximately 1,084,087 km2), divided into 38,738 simulation units located in 16 countries (details on the number of simulation units in each country, the irrigated area, the fertilization rates, and the crops grown can be found in Table S1 of the Supplementary Materials). For the presentation of aggregated simulation results, yield and pesticide values of every crop grown on a single simulation unit were weighted by the frequency of the crop in the rotation; the weight of the results of the single simulation units was determined by the area they cover in each country. Daily climate data for the years 1995 to 2100 were provided in bias-corrected form by the Climate Service Center for Germany (GERICS), and covers projections based on relative concentration pathway (RCP) scenarios 2p6, 4p5, and 8p5 (optimistic, intermediate, and worst-case scenario, respectively). Data on pesticide use in the different EU member states were taken from an Eurostat report about the use of plant protection products in the EU in the years 1992–2003 [32]. The values are listed in Table S2 of the Supplementary Materials. The year 2003 was chosen as the reference year because it was the only one for which the application rates of different pesticide types were reported, not only the sum of all pesticides. A more recent usable dataset was not available, as the one published in October 2020 by Eurostat (aei_pestuse) was still missing data for many crops, years and/or EU-countries (such as France and Germany).




2.3. Scenarios and Simulation Settings


In the conventional scenario, herbicide applications were simulated as follows: half of the reported herbicide application rate for the single crops was applied as a pre-emergent herbicide before planting, which was scheduled manually in the operation file (cf. Table S2). For the duration of the growing season, no more herbicide applications were scheduled, but further applications were allowed if the stress-threshold was reached. The same setting was applied to fungicide applications, but pre-emergent applications were only scheduled for potatoes. Irrigation was simulated as recorded in the CCTAME database based on the agricultural statistics and land cover data, with one exception: rice crops were always irrigated. Fertilization with nitrogen, phosphorous and potassium fertilizers was also simulated as recorded in the CCTAME database (cf. Table S1), as was the crop rotation for the single simulation units. In the organic scenario, manure was applied instead of elemental N/P/K fertilizers. The application rate was adapted to the nitrogen content of the manure but capped at a maximum of 250 kg/ha. No pesticides were applied, and the crop rotation was adapted to include a legume catch crop for N-fixation and green manure fertilization if the field was fallow for more than 60 days between two crops. Since only the presence of pesticides, the fertilizer type, and the legume catch crop is different between the simulated conventional and organic management systems, the simulated organic system should be considered a simplified version of actual organic systems. Usually, the crop rotation used in organic systems is different, intercropping is practiced, compost may be added to the soil in addition to green manure, the tillage is different, and biopesticides may be applied instead of conventional pesticide products. Since these practices are not uniform across farms and, in some cases, difficult to model, the differences between organic and conventional farming were reduced to the most important drivers for the simulations.



The initial settings for the pest submodel were adapted from Rasche and Taylor [20]. For weeds, a seed bank initial value of 500 seeds/m2, a seed half-life of 1000 days, a 100 seed weight of 303 mg and a germination rate (%) of 0.5 was assumed. The variables describing the various pest-insects and diseases are listed in Table S3 of the Supplementary Materials. A short sensitivity analysis of the input variables is provided there as well. It should be kept in mind that even if the different parameter sets are named after specific diseases and insect pests, they should be considered more as an amalgam of all pests with similar characteristics (climatic envelopes, targets, damage rates), and not as exact representations of this one disease/pest. The probability of occurrence (Table S4 of the Supplementary Materials) was used to adapt the importance of each disease/pest amalgam for each host group. Herbicide applications were triggered when weed LAI reached 20% of crop LAI, but only executed every 20 days, and in the manufacturer recommended dosage. A fungicide application was triggered once 10% of the leaf surface shows lesions; and an insecticide application was triggered if the damage rate (biomass consumed by insects) surpassed 10%. Fungicides may be applied every 10 days, insecticides every 7 days in manufacturer recommended doses.




2.4. Calibration


Crop yields and pesticide application rates were calibrated simultaneously prior to the scenario runs. The calibration of yields is generally straightforward, as reported crop-specific yields are usually available, there is only one yield-value per crop, and simulated yields are directly influenced by a variety of crop parameters which can be adapted if necessary. Pesticide application rates, on the other hand, are not generally available, much less at crop level, there are a variety of pesticides which are applied under different circumstances, and pesticide application rates in themselves serve only as a proxy for the underlying pest-pressure, which should be calibrated instead. The only available dataset on pesticide use in the European Union contains pesticide application rates per (aggregated) crop group, consisting of cereals, maize, oil seeds, potatoes, sugar beet, and other [32]. Application rates for the different pesticide types used on the different crop groups are only available for the year 2003, and only for the top-five chemical classes applied. Pesticides like growth regulators or molluscicides are not considered in Pest-EPIC and had to be deleted from the top-five list. This left few data points in some cases (see Table S1 of the Supplementary Materials). For a quality check of the dataset, the reported rates were compared to values from a dataset covering the UK for the year 2003 [34]. The rates differ widely in most cases (Table 2), indicating a considerable bias in (presumably) the Eurostat data, but for a lack of alternatives at the EU-level, the Eurostat-dataset was used for calibration regardless.



The calibration simulations were run for the years 1985 to 2005 to provide a spin-up period and generate enough data-points to cover at least one whole rotation on every simulation unit. It was then checked if simulated and reported yields and the total amount of pesticides were comparable at the country level. If not, crop parameters, the probability of occurrence of pests (Table S4 of the Supplementary Materials), and/or the pesticide application trigger were adapted. The calibration of yields was checked visually for every crop grown in every country and deemed satisfactory if the range of simulated yields over the years 1985 to 2005 was in proximity to the range of reported yields for the same time-period for a majority of crops (Figure S1 of the Supplementary Materials).



The calibration of pesticide application rates was checked visually and numerically, but due to the missing crop-specific values and general uncertainty of the reported data, it was difficult to decide when to call the calibration successful. The decision was made to focus on the total application rate, not single pesticide types, and to try to recreate the relative intensity of application rates between countries rather than absolute values. The reasoning was that (i) it is likely that the relative differences between countries are more accurate than the absolute values in the Eurostat dataset, and (ii) in practice, pesticide application rates are generally higher than would be necessary to treat a disease or infestation, which is not the case in Pest-EPIC. With this calibration setup, it was possible to establish a baseline, and calculate the change relative to the presumed baseline under different management scenarios and future time-periods.



Figure 1a,b show reported and simulated pesticide application rates in the different EU member states. The spatial patterns do not agree perfectly, but closely. To give an impression of the bias inherent in aggregating to country-level, Figure 1c was added, which shows simulated total pesticide application rates on the single simulation units. Here, mean values for pesticide application rates can surpass 6 kg ai/ha (ai: active ingredient) on single units. Even though the focus was on the sum of all pesticides applied, the application rates of the three different pesticide types were nevertheless checked to ensure that pest pressure from the different pest types was adequately simulated (Figure 1d). Reported application rates were on average higher than simulated ones, with a sum of 258.6 kg ai/ha reported and 205.5 simulated (sums of all data-points, each representing one crop group in one country). The calibration could have been continued to more closely match reported data. However, considering the overall high uncertainty inherent in the calibration data, the lack of crop-specific data, and the fact that the pest-calibration was a calibration by proxy (pesticide application rates as an indicator for pest pressure), the quality of the calibration was deemed acceptable.





3. Results


3.1. Will Pesticide Application Rates Change in the Next Decades Due to Higher Pest Pressure?


Mean pesticide application rates as well as the range of application rates in the European Union will not change significantly in the coming decades, according to the simulation results. This applies to the single pesticide types—insecticides, fungicides, and herbicides—as well as the sum (Figure 2a), and can be observed over all three climate scenarios (Figure 2b). Even at the crop-specific level, pesticide application rates only change significantly for two crops, sunflowers and cotton, where application rates experience a very slight decrease of 0.001 kg ai/ha per decade (not shown). This finding may be initially surprising, but can be explained by the simulation setup. Every pest has a single, fixed probability of occurrence for every crop pest group. If, based on this probability, an infestation or infection is initialized on a field in a specific growing season, the stress-triggered pesticide application mechanism ensures that the pest is adequately managed in the current growing season; and the crop rotation prescribed for most of the fields prohibits an accumulation of pathogens that may exacerbate pest damages when the crop is next grown. Since the simulated application rates do not change over time, we can conclude that current pesticide application rates in combination with currently observed crop rotations are sufficient to ensure crop protection even in the future, although pathogens and pest insects with higher optimal temperatures for propagation do benefit from climate change in the simulations. The result could also indicate that current pesticide application rates are rather too high relative to pest population dynamics, and that the surplus is sufficient for controlling future disease/pest levels.



It would have been possible that even though pesticide application rates stay constant over time at EU-level, the spatial distribution of rates in the EU member states changes. This is not the case; the spatial pattern of herbicide application rates remains almost unchanged from the baseline to the future (Figure 3). The same can be observed for the spatial patterns of insecticide and fungicide application rates (not shown).




3.2. How Large Is the Simulated Yield Gap between Conventional Agriculture and Organic Agriculture in Europe?


The average relative difference between all yields simulated in the conventional scenario (always used as the baseline) and yields simulated in the organic scenario in the years 1995 to 2020 is −60.5% (±15.2%). There is no clear geographic pattern to the intensity of the loss, but it appears that losses are slightly lower in the Eastern half of Europe (Figure 4). The result should be interpreted with caution, however, since the yields of different crops can differ widely in terms of tons per hectare, and the share of each crop changes from simulation unit to simulation unit, which may lead to exaggerated relative differences if the mean yield on a single simulation unit was very low to begin with, and decreased further. If single countries and crops are considered, and the results of the single simulation units weighted according to the area, the relative differences between yields in the conventional scenario and yields simulated in the organic scenario are more nuanced (Table 3). In the case of current winter wheat yields, for example, the relative differences between the yields simulated in the conventional and the organic scenario range from −55.3% in Ireland to −21.1% in Portugal, with an average of −33.7%. In the case of potato yields, the range is much wider, with a maximum difference of −99.0% in Estonia, a minimum difference of −20.1% in Ireland, and an average difference of −55.6%. The least differences between yields were simulated for field peas, where the mean change is −10.9%, with the highest change in Italy (−27.2%), and the lowest in Sweden (−1.9%).



To explain the magnitude of the differences between yields produced under conventional and organic agriculture in the different countries, mean elevation, mean annual temperature, precipitation sum, relative humidity and solar radiation, mean ratio of irrigated area, and mean NPK-fertilizer amount were used as explanatory variables. Linear models were fitted for each crop separately, and non-significant variables were excluded in order of their significance rating and relative importance. It was not possible to find significant models for peas, potatoes, rapeseed, and winter rye. For barley, the model with the highest explanatory power (R2 adj. = 0.37) included only NPK-fertilizer. For corn, the model included mean annual temperature, relative humidity, solar radiation, and NPK-fertilizer (R2 adj. = 0.55). For sugar beet, the model contained NPK-fertilizer, and mean precipitation sum (R2 adj. = 0.52). For sunflower, the model included NPK-fertilizer, and mean annual relative humidity (R2 adj. = 0.53), and for winter wheat, the model contained only NPK-fertilizer (R2 adj. = 0.60). The results show that while climate variables do influence the yield gap, the amount of fertilizer plays a dominant role, with higher amounts of fertilization leading to a larger relative difference in conventional and organic yields. This could also be shown for corn, potato, sugar beet, and sunflower, when models containing only NPK-fertilizer as the explanatory variable were fitted to the data (Figure 5).




3.3. Will the Yield Gap Change under Climate Change?


The progression of yield differences between conventional and organic agriculture until 2100 is crop-specific and differs in trend. In the climate scenario RCP 4p5, there was no significant change simulated for corn and corn silage; a significant increase in yield differences for barley, oats, rice, winter rye, and winter wheat; and a significant decrease for peas, potatoes, rapeseed, sugar beet, and sunflowers (Figure 6, not all shown).



The increase in yield differences is more pronounced than the decrease, with increases of 0.6–1.0 t/ha and decreases of 0.05–0.15 t/ha (except sugar beet, where the decrease is ~1 t/ha). One explanation for these differing trends is that the crops belong to the different pest response groups: corn/corn silage (no change), cereals (yield gap increase), and potatoes/sugar beets/oil seeds (decrease). ‘Cereals’ comprise the crops barley, durum wheat, oats, rice, winter rye, and winter wheat, and it follows that the group is susceptible to more diseases than the ‘corn’ group, just because it consists of six crops instead of only two (corn, corn silage). This means that the probability of occurrence for a single fungal disease is low, but the number of potential diseases with a low probability of occurrence is high in the ‘cereal’ group. The opposite applies to potatoes, sugar beet, and oil seeds, which have high probabilities of occurrence for a few fungal diseases. The results show that this leads to a higher disease pressure over time for cereals, because more diseases occur on the field by chance, and a relatively constant pressure for potatoes, sugar beet, and oil seeds, where diseases spread from the beginning but no new diseases occur over time. When looking at the example of winter wheat, the spatial distribution of yield differences under conventional and organic agriculture does not follow a clear pattern (Figure 7). In the period 1995–2020, very large differences in average yields can be observed in Northern Spain, Southern Italy, small parts of Eastern France and Northern Austria, and several other small regions across Europe. In the period 2075–2100, the differences in wheat yields are almost uniformly high in all regions of Europe, indicating that the combined effects of climate change and pest pressure affect wheat production under the two different systems in all countries almost equally.




3.4. How do Soil Nutrient Values Respond to the Different Cultivation Methods?


All simulations started with the same initial soil data. At the end of the simulation period in 2100, organic soil phosphorus and nitrogen values were significantly higher in the organic scenario than in the conventional scenario (Figure 8), with a higher increase for phosphorus (mean values increased by 60–79%, depending on RCP scenario), than for nitrogen (2–8%). Conversely, values of mineral phosphorus and nitrogen decreased significantly under organic agriculture (by 47–59% and 19–35%, respectively). Organic carbon contents of the soil increased minimally but still significantly from the conventional to the organic scenario (4–8%). The results show that the model recreates expected patterns of changes in soil nutrient availability: Manure and green manure applications under organic agriculture enrich soil organic matter and the nutrient fraction bound in organic compounds, whereas mineral fertilizers applied in conventional agriculture (conventional scenario) supply the soil with a higher amount of nutrients in forms that are more readily available for plant uptake.





4. Discussion


This study represents the first attempt to use a process-based crop-pest model to simulate a simplified representation of conventional and organic agricultural systems at a large scale. Results of studies like this not only offer insights into potential changes in agricultural inputs and outputs under climate change, they are also a useful resource for integrated assessments of land use and management changes in the agricultural sector, especially when observed datasets may become unreliable as reference points under the progressing climatic changes [16]. Based on the simulation results, current pesticide application rates should be adequate to control pests, diseases and weeds even at the end of the century. It has been documented in the literature that a variety of crop pests and pathogens move northwards (cf. [25,35]), which would mean that pest pressure should increase in Europe, at least in the northern countries. Since the spread of infection and the insect feeding rates have a temperature-dependent component in the model, Pest-EPIC is in theory capable of recreating this trend. However, no increase in pesticide application rates can be observed in the simulation results. It would seem that either the temperature sensitivity is too low in the model—relative humidity is the more critical factor for diseases and the model is more sensitive to it—or current pesticide application rates include a prophylactic quantity that is sufficient to control future levels of disease. The literature is also still inconclusive about the net-effects of climate change on pest pressure. Soil moisture, for example, may increase the severity of diseases affecting the belowground biomass of plants if near the saturation point [36], whereas dry conditions may stress plants and lower their resistance to infections [37], but also reduce the buildup of migratory pest-insect species [38]. Some insects, such as mites, favor hot and dry conditions, whereas wingless species may disappear under the same conditions due to lack of food [24]. The effect of elevated CO2 levels is equally inconclusive [39,40]. It is, therefore, possible that the results are accurate and that the net-effect of climate change on pest damage is so small that current pesticide application rates suffice for its control. This conclusion only applies to situations where no new pests are introduced to the system, which was not covered by the model. However, even then, results may still be similar, as the spread of pathogens due to climate change is also highly variable, with some areas projected to have lower disease risks in the future and others higher [35,41].



Under organic management, where no pesticides are applied, the average simulated decrease in yields ranges from 11% to 56%. The range of yield losses due to pests, diseases and weeds reported in the literature is wider, and covers values from 7% to 80% [42,43,44,45], but in these studies, all agricultural systems were considered. Reports pertaining specifically to organic systems list yields as, on average, 19% lower [10], 25% lower [9], 20–45% lower [11], and 30–50% lower [12], which covers the simulated range to a high degree. These differences not only depend on pesticide applications, but also on other factors such as site characteristics, crop, and management. Oil seed crop yields e.g., may only decrease by 11% under organic management, whereas cereal yields may decrease by 26%; and average yields may decrease by 13% if best organic practices are used, whereas they decrease by 34% if the organic and conventional system are most comparable [9]. The abundance of soil-pathogens causing root and foot rots may be smaller on organic fields, and lower nitrogen concentrations in foliar tissues, often found in organic systems, may attenuate attacks by sucking pests or airborne diseases [46]. The overabundance of nitrogen in itself may increase pest occurrences [47,48], e.g., by promoting growth and prolonging the vegetative period, thereby increasing the susceptibility to diseases [36]. Leitch and Jenkins [49] found that Septoria diseases caused a potential yield loss of 5% for each 100 kg N/ha that was applied, and Veresoglou, et al. [50] showed in a meta-study that combined N and P fertilization caused a significant increase in disease severity and suggested that a surplus of nitrogen may cause pathogens to become more aggressive due to C-limitations. The presented simulation results confirm a significant relationship between yield gap size and NPK-fertilizer application rates.



Related to nutrient availability and input is soil organic matter. Soil organic carbon contents are 0–70% higher under organic farming practices [8]—in the simulations, they are on average 4–8% higher—which can influence pest pressure. A higher organic matter content can lead to higher microbial activity and thus more competition for soil-dwelling pests, but also larger amounts of CO2 releases, which is toxic to some pathogens in high concentrations [36]. Soil nitrogen contents may be 21–47% higher in organic systems, whereas plant-available phosphorous and potassium may not be influenced [8]. The simulation results differ in this regard, as organic and mineral phosphorous fractions did change significantly from one management system to the other, whereas nitrogen pools showed a low variability, but this can be an effect of the tillage system and the applied fertilizer types and amounts.




5. Conclusions


The considerable overlap between reported and simulated yield differences under organic and conventional agriculture suggests that the model is reasonably accurate in the simulation of pest damages. The results confirm the wide range in yield differences between organic and conventional systems, even under the tightly controlled boundaries of a simulation and not actual field conditions. Even though simulated pesticide application rates stay almost constant over time, the simulations under the organic management scenario indicate that pest pressure can increase if a crop is susceptible to a large number of pests and diseases. Crop yields are affected equally by climate change under organic and conventional management.



What currently limits the explanatory power of the presented data is the considerable uncertainty associated with the available data on pest pressure and pesticide use by farmers, as well as the model functions and assumptions. For example, the accuracy of the Eurostat pesticide use data does not seem to be very high, based on the comparison of pesticide-use data presented in Table 2. Since the pesticide use values of the model were calibrated to these data, the accuracy of the absolute simulated values cannot be higher, which is why the focus lies on the change over time. Further, the pest damage simulated for organic systems is likely overestimated, since it is currently not possible to simulate alternative ways of pest control in the model. The disease and insect modules are generic, meaning that all disease and insect pest dynamics are simulated using the same functions with disease/insect-specific variables. The coefficients describing the spread of a disease could not be derived from existing literature and were thus not calibrated or changed between diseases. The pesticide efficacy is based on studies collected in the EPA ECOTOX database [51] and needed to be derived for some species from similar ones, since pesticide manufacturers rarely publish their efficacy data, only toxicity studies for unrelated species.



Many of these issues could be addressed with additional, better and more readily accessible data, and further model development, but it will take substantial time and effort by many people to achieve this. Efforts are under way, Eurostat for example, plans to increase the quality of pesticide-related data by harmonizing data collection and specifying a common reference year, report format, crop selection, and aggregation level [52]. There are also many additional factors that could not be considered in this study, either due to missing data, non-existent or insufficient methods, or for being beyond the scope. These include the impact of crop breeding on yields in organic and conventional systems, the evolutionary potential of pests and diseases, potential synergies between crops and beneficial arthropods/fungi in organic systems, and possible adaptation strategies to climatic change. Until more data and knowledge is available and methods and models have been refined or newly developed, the current results should be interpreted with caution and under due consideration of all assumptions, uncertainties, and limitations.
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Figure 1. Reported and simulated (after calibration) total pesticide application rates at EU country level. (a) Eurostat data; (b) simulated data; (c) simulated pesticide application rates at simulation unit-level; (d) reported and simulated pesticide application rates per pesticide type, where each point represents one crop group (cereals, maize, oil seeds, potatoes, sugar beet, other) in one country; the two numbers in the triangles indicate the sums over all reported/simulated data-points for reported and simulated application rates. 
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Figure 2. Mean decadal simulated pesticide application rates over all simulation units covering the agricultural area of EU member states with standard deviation; (a) application rates of insecticides, fungicides, herbicides and the sum of all three (mean insecticide application rates are so low that the bar is only visible as a line); (b) the sum of all pesticide application rates for the three different RCP (climate) scenarios. Pesticide applications can be stress-triggered, the constant rate over time indicates that pest pressure does increase or decrease noticeably. 
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Figure 3. Simulated herbicide application rates in two time periods on the agricultural area of the European Union member states. 
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Figure 4. Relative differences between mean yields simulated in the conventional and the organic scenario for the time period 1995–2020 (with conventional yields used as the baseline). 
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Figure 5. Linear regression models to explain the yield difference between yields simulated in the conventional and yields simulated in the organic scenario for RCP 4p5 and the period 1995–2020 (with conventional yields used as the baseline). Dashed lines indicate that the model is only slightly significant. 
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Figure 6. Yields simulated in the conventional and organic scenarios for RCP 4p5 on all simulation units (upper panels) and absolute yield differences between the two scenarios in all three RCP scenarios (lower panels). 
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Figure 7. Maps of average winter wheat yields simulated under the conventional scenario for the current time-period (1995–2020), and relative yield differences between average winter wheat yields simulated under the conventional (baseline) and under the organic scenario for the current (1995–2020) and future (2075–2100) time periods. The climate scenario is RCP 4p5. 
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Figure 8. Values of selected soil variables at the initialization of the simulations (Initial) and at the end of the simulations in the conventional and organic scenario (conv, org). The climate scenario is RCP 4p5. 
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Table 1. List of input and calibration data.
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	Topic
	Dataset
	Resolution
	Description





	Agricultural statistics
	NEW CRONOS

MARS
	NUTS2 *

50 km
	New Cronos regional statistics (Eurostat)

Monitoring of Agriculture with Remote Sensing



	Climate
	IMPACT2C
	0.25°
	CSC-REMO2009-MPI-ESM-LR + for RCPs 2.6, 4.5, 8.5



	Crop calendars
	CGMS

MOCA

SAGE
	50 km

50 km

5′, 5°
	Crop Growth Monitoring System

Crop Monographies on Candidate Countries

Center for Sustainability and Global Environment



	Crop rotation
	CCTAME
	Simulation unit
	Optimal rotations calculated with CropRota [33]



	Crop yields
	FAOSTAT
	country
	Crop yields in 1985–2005 of 23 crops



	Land cover
	CORINE

LUCAS
	1 km

2 km
	Combined CORINE and PELCOM

Land Use/Cover Area Frame Statistical Survey



	Pesticides
	Eurostat
	country
	The use of plant protection products in the European Union. Data 1992–2003 [32]



	Soil
	ESDB v2

OC TOP v1.2 HYPRES
	10 km

1 km

-
	The European soil database

Map of organic carbon in the topsoils in Europe

Database of Hydraulic Properties of European Soils



	Topography
	GTOPO30
	30″
	Global digital elevation model







* NUTS: Nomenclature des unités territoriales statistiques; level 2: 281 basic regions for the application of regional policies, + data were bias-corrected, - a database without resolution.
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Table 2. Pesticide application rates reported for the UK in 2003 in FERA and Eurostat datasets in kg ai/ha (ai: active ingredient).
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	Pesticide
	Source
	Cereals
	Maize
	Oilseeds
	Sugar Beet
	Potatoes





	Fungicides
	FERA
	0.11
	3.60
	0.19
	0.35
	0.59



	
	Eurostat
	0
	0
	0.1
	0
	13.5



	Herbicides
	FERA
	0.46
	0.81
	0.48
	0.31
	0.55



	
	Eurostat
	2.1
	0
	0.9
	1.9
	0.7



	Insecticides
	FERA
	0.04
	0.64
	0.02
	0.26
	0.50



	
	Eurostat
	0
	0
	0
	0.4
	0
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Table 3. Relative differences [%] in yields between the conventional and organic scenario for the period 1995 to 2020. The conventional scenario serves as the baseline.
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	Country
	Barley
	Corn
	Peas
	Potatoes
	Rapeseed
	Sugar Beet
	W.Rye
	W.Wheat





	Austria
	−43.71
	−35.9
	−11.23
	−40.83
	−13.73
	−14.29
	−58.92
	−41.25



	Belgium
	−33.71
	−52.87
	−6.43
	−77.48
	−19.91
	−36.09
	-
	−44.86



	Bulgaria
	−22.54
	−27.86
	-
	−36.57
	−27.11
	-
	−16.07
	−26.1



	Czech Republic
	−19.12
	−49.04
	−9.56
	−52.35
	−14.09
	−10.22
	−37.32
	−27.09



	Germany
	−27.65
	−45.92
	−13.31
	−65.87
	−14.18
	−34.29
	−32.35
	−37.3



	Denmark
	−27.56
	−30.1
	−19.5
	−73.88
	−2.08
	−40.06
	−20.74
	−30.36



	Estonia
	−19.1
	-
	-
	−98.95
	−1.23
	-
	−19.62
	−31.98



	Spain
	−27
	−57.71
	−16.91
	−56.45
	-
	−83
	−38.53
	−37.62



	Finland
	−28.14
	-
	−7.97
	−33.76
	−12.62
	−8.39
	−59.24
	−36.3



	France
	−35.57
	−50.95
	−6.39
	−71.82
	−17.32
	−30.06
	−43.1
	−42.32



	Greece
	−29.62
	-
	−14.17
	−72.91
	-
	−47.85
	−32.64
	−34.05



	Hungary
	−21.62
	−44.66
	−8.06
	−43.49
	−26.02
	−35.94
	−35.31
	−28.95



	Ireland
	−43.26
	-
	-
	−20.05
	-
	−20.75
	-
	−55.3



	Italy
	−25.45
	−46.03
	−27.23
	−81.88
	−32.89
	−34.6
	−11.19
	−33.32



	Lithuania
	−18.54
	-
	−24.67
	−39.79
	−33.93
	−6.14
	−36.64
	−25.47



	Luxemb.
	−23.31
	−53.69
	−12.85
	−67.53
	−21.96
	-
	-
	−31.47



	Latvia
	−11.78
	-
	-
	−33.34
	-
	-
	−27.88
	−21.36



	Netherlands
	−40.22
	−40.22
	-
	−72.58
	−19.75
	−26.36
	−25.81
	−44.72



	Poland
	−27.57
	−53.09
	−10.93
	−41.49
	−13.32
	−24.95
	−34.16
	−30.72



	Portugal
	−29.02
	−41.79
	−8.72
	−39.34
	-
	−28.3
	−27.5
	−21.05



	Romania
	−15.58
	−30.41
	−4.14
	−47.63
	−45.94
	−18.84
	−29.23
	−30.31



	Sweden
	−29.71
	-
	−1.89
	−49.86
	−13.74
	−32.33
	−44.37
	−29.18



	Slovenia
	−24.56
	−26.59
	−2.98
	−54.88
	−13.13
	−14.54
	-
	−31.87



	Slovakia
	−16.9
	−49.48
	−9.26
	−41.17
	−21.72
	−10.61
	−29.29
	−26.52



	UK
	−36.7
	−41.84
	−2.14
	−74.85
	−18.72
	−19.57
	-
	−42.03



	Mean
	−27.12
	−43.23
	−10.92
	−55.55
	−19.17
	−27.48
	−33.00
	−33.66



	Min
	−43.71
	−57.71
	−27.23
	−98.95
	−45.94
	−83
	−59.24
	−55.3



	Max
	−11.78
	−26.59
	−1.89
	−20.05
	−1.23
	−6.14
	−11.19
	−21.05
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