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Integrated crop–livestock systems are a form of sustainable intensification of agriculture that rely on synergistic relationships between plant and animal system elements to bolster critical agroecosystem processes, with potential impacts on resilience to weather anomalies. We simulated productivity dynamics in an integrated cover crop grazing agroecosystem typical of southern Brazil to gain a better understanding of the impacts of livestock integration on system performance, including future productivity and resilience under climate change. Long-term historical simulations in APSIM showed that the integrated system resulted in greater system-wide productivity than a specialized control system in 77% of simulated years. Although soybean yields were typically lower in the integrated system, the additional forage and livestock production increased total system outputs. Under simulated future climate conditions [representative concentration pathway 8.5 (RCP8.5) scenario from 2020 to 2060], integrated system productivity exceeded specialized system productivity in 95% of years despite declines in average soybean yield and aboveground cover crop biomass production. While the integrated system provided a productivity buffer against chronic climate stress, its resilience to annual weather anomalies depended on disturbance type and timing. This study demonstrates the utility of process-based models for exploring biophysical proxies for resilience, as well as the potential advantages of livestock integration into cropland as a sustainable intensification strategy.
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INTRODUCTION

Sustainable intensification of agriculture aims to increase resource-use efficiency and limit expansion of agricultural land area in part by leveraging ecosystem services (e.g., soil structure, nutrient cycling, rangeland restoration) and harnessing ecosystem resilience mechanisms such as soil carbon accrual (Sanderson et al., 2013). System resilience is particularly important for agriculture's ability to cope with climate variability and change, and it is rooted in principles of adaptive capacity, self-organization, and the ability to maintain key ecosystem functions in the face of environmental stressors or disturbances (Walker, 2020). However, quantitative assessments of resilience in intensively managed agroecosystems remain elusive because of these systems' characteristic frequent disturbance regimes and the scarcity of the highly granular datasets for key biophysical functions (Peterson et al., 2018). Even where long-term datasets exist (e.g., Spiegal et al., 2018) for farm- and field-scale biophysical indicators, these remain poorly leveraged toward the examination of system resilience.

A number of recent studies have attempted to formulate proxies of resilience that characterize resistance toward stressful environmental conditions and/or increased capacity to respond to favorable conditions or recover after disturbance (e.g., Standish et al., 2014; Groot et al., 2016; Gil et al., 2017; Li et al., 2019). For example, Szymczak et al. (2020) used Ecological Network Analysis to assess the resilience of nitrogen and phosphorus flows to multiple disturbances (e.g., overgrazing, drought, soil acidification) in a diversified crop–livestock system in Brazil. Although farms and agricultural landscapes are coupled social–ecological systems that require holistic assessment of resilience at multiple scales and across domains, development of simplified, biophysical proxies of resilience and adaptive capacity (i.e., the ability to maintain function by changing in response to disturbance) represent crucial attempts to make the concept of resilience operational for intensive production systems. Furthermore, these proxies provide a bridge to better understanding the underlying mechanisms of resilience in these systems to guide planning and management.

Diversification of agroecosystems—whether biological, temporal, or spatial—has been identified as a crucial mechanism for resilience building through both maintenance of ecosystem services and cascading effects across scales (e.g., Lin, 2011; Renard and Tilman, 2019; Bowles et al., 2020). However, traditionally biodiverse integrated crop and livestock systems have followed a trend of increasing specialization over the last few decades (Garrett et al., 2020), improving productivity per unit land area and labor but exacerbating pollution, land degradation, vulnerability to climate extremes, and exposure to market fluctuations (Naylor et al., 2005; Gil et al., 2016). Recoupling of specialized crop and livestock operations as integrated crop–livestock systems (ICLSs) has shown promise as a sustainable intensification strategy (Peterson et al., 2020) as indicated by shifts in soil biological, physical, and chemical properties (Carvalho et al., 2018; Deiss et al., 2019), water and nutrient cycling (Assmann et al., 2015; Martins et al., 2016a), and plant–soil interactions (Peterson et al., 2019), typically without significantly affecting soybean grain productivity (Kunrath et al., 2015). ICLSs are also reported for foster climate change resilience via buffering mechanisms in both field-level biophysical processes, e.g., nutrient cycling (Szymczak et al., 2020) or improved crop productivity (Tracy and Zhang, 2008), and farm-level socioeconomics, e.g., economic risk mitigation and livelihood diversification (Bell et al., 2014).

However, implementing commercial-scale ICLS represents a complex challenge (Garrett et al., 2017), and the viability of ICLS as a sustainable intensification strategy is a pressing question in southern Brazil. Here, ICLSs are widely implemented in the form of an annual rotation of soybean followed by a grass cover crop grazed by beef cattle (finishing steers; Moraes et al., 2014). In the near-term future, annual precipitation in southern Brazil is projected to increase by 5 to 10%, along with an increase in the frequency of extreme rainfall events and increase in temperature from 1.5 to 4°C (Marengo et al., 2009; Chou et al., 2014). Together, these changes could impact agriculture through increased runoff and erosion risks, crop heat stress from higher daytime and nighttime temperatures, and decreased incident solar radiation due to cloud cover. Variability in precipitation is a particular concern for soybeans and is one of the primary causes of soybean yield gaps at our experimental site (Cecagno et al., 2016) and in southern Brazil more broadly (Sentelhas et al., 2015). However, it is uncertain how future conditions will impact beef–soybean ICLS given the shortage of long-term, data-intensive field experiments needed to understand the multiyear dynamics and resilience of essential agroecosystem structures and functions.

In this study, we use process-based model simulations as a tool to understand the potential impacts of climate change on beef–soybean ICLS productivity and its viability as a sustainable intensification strategy in southern Brazil. Modeling approaches are ideally suited for evaluating long-term productivity dynamics and addressing questions pertaining to resilience that are impractical to test in the field, such as predicting the impacts of novel chronic environmental conditions or quantifying response to stochastic stress events (Kahiluoto et al., 2014). Simulation approaches have been applied for some commercial-scale ICLS, for example, dual-purpose cropping systems and crop-pasture rotations in Australia and the United States (Zhang et al., 2008; Moore, 2009; Robertson et al., 2009; Lilley et al., 2015), silvopastoral systems in Europe (Balandier et al., 2003), and crop residue grazing in Australia (Thomas et al., 2010; Bell et al., 2011). However, cover crop grazing and annual crop–forage rotations, and especially their field-level response and resilience to climate change, have not been explored widely using process-based models.

We used the Agricultural Production Systems sIMulator (APSIM; Holzworth et al., 2014) to simulate long-term productivity outcomes and derive a simple proxy of resilience for an integrated soybean–beef cover crop grazing ICLS and a specialized (soybean-ungrazed cover crop) reference system in southern Brazil. We hypothesized that soybean yields in the integrated system would not differ from the specialized system in most years, but would (1) outperform the specialized system in extreme weather years (10th or 90th percentile of annual precipitation), (2) exhibit smaller production losses in low rainfall years, and (3) exhibit larger production gains in favorable/high rainfall years. Furthermore, the added production output from the grazing operation would increase field-level productivity of the integrated relative to the specialized system even under chronic adverse future climate conditions. Our results broaden the scope of process-based modeling tools for applications in ICLS and provide expanded insight into the resilience of cover crop grazing operations under future climate conditions.



MATERIALS AND METHODS


Experimental and System Details

A long-term experiment located at Espinilho Farm in Rio Grande do Sul, Brazil (28°56′14″S 54°20′52″W, 465-m elevation), has monitored cash crop, cover crop, and animal productivity and soil characteristics in a no-till, beef–soybean integrated system for over 18 years (since 2001; Carvalho et al., 2018). The climate is humid subtropical with an average annual temperature of 19°C and average annual precipitation of 1,850 mm, with a fairly even seasonal distribution. The soil is a deep, well-drained Oxisol (Rhodic Hapludox), acidic, with a surface soil (0–20 cm) texture of 54% clay, 27% silt, and 19% sand.

Details on experimental design and management protocols at the site are described in Peterson et al. (2019). Briefly, the integrated beef–soybean system involves a cover crop mixture of black oat (Avena strigosa Schreb.)/Italian ryegrass (Lolium multiflorum Lam.) grazed by yearling beef steers in winter, followed by a summer soybean (Glycine max [L.] Merr.) grain crop. Black oat is sown in early autumn (April–May), while Italian ryegrass establishes itself from the soil seed bank. The experiment examines the production and environmental impacts of the integrated system with four cover crop grazing intensities ranging from heavy to light (defined by sward heights of 10, 20, 30, and 40 cm) compared to an ungrazed, cover-crop-only control (specialized system). The specialized system utilizes the same black oat/Italian ryegrass cover crop mixture as the integrated system but it is left ungrazed, a typical management practice in this region for the purposes of soil protection during the winter and biomass production for no-till operations. Key ongoing experimental measures taken over the 18+ years of the experiment include (1) soil attributes such as bulk density and porosity (Cecagno et al., 2016), carbon and nitrogen fractions and pools (Assmann et al., 2015), pH (Martins et al., 2016b), moisture content (Martins et al., 2016a), and aggregation (Conte et al., 2011); (2) soybean crop attributes such as aboveground biomass accumulation (da Silva et al., 2014), residue (Assmann et al., 2015), leaf water potential (Martins et al., 2016a), and initial population density, yields, and yield components (Kunrath et al., 2015); (3) winter cover crop attributes such as spatial heterogeneity (Nunes et al., 2018), sward height, residue, forage allowance, and total aboveground biomass accumulation (Kunrath et al., 2020); and (4) livestock attributes such as forage intake (de Souza Filho et al., 2019), live weight (LW) gain (Carvalho et al., 2018), and manure distribution (da Silva et al., 2014).

In winter, paddocks are continuously stocked with beef steers after accumulating 1,500 to 1,600 kg ha−1 dry matter (24 cm sward height). Sward heights are maintained using the put-and-take method (Mott and Lucas, 1952), and the stocking period lasts an average of 120 days at stocking rates ranging from 300 to 1,400 kg LW ha−1 depending on grazing treatment (Kunrath et al., 2020). Urea N is applied in two doses during the winter, and potassium chloride and triple superphosphate are applied at cover crop sowing. At the end of the grazing period, paddocks are desiccated with glyphosate. Soybean is direct seeded into cover crop residues between 15 November and 15 December and harvested after ~120 days. Fungicides, insecticides, and foliar fertilizers are applied as needed throughout the growing season.



Model Configuration

APSIM v7.9 is a biophysical modeling software framework designed to capture whole-system outcomes by combining a suite of interconnected crop, soil, and management modules with the ability to set management rules that emulate a variety of production systems and scenarios (Holzworth et al., 2014). A description of the APSIM software can be found in Holzworth et al. (2014) and online at https://www.apsim.info/. The following APSIM modules were used to represent the experimental site and treatments: Soybean, AusFarm Pasture, SoilWater, SoilN, Surface OM, Soil OM, and Fertilizer (Probert et al., 1998; Holzworth et al., 2014; Dalgliesh et al., 2016). APSIM-Soybean belongs to the PLANT family of crop modules, which simulates crop growth on a daily time-step per unit area in response to climate, soil water supply, and soil nitrogen (Robertson et al., 2002). The integrated AusFarm Pasture module recognizes four functional groups of forage plants—annuals, perennials, grasses, and forbs—and models phenological development according to daily environmental variables (Moore et al., 1997). Model configuration for soil and production parameters for the integrated system were based on the moderately grazed treatments, where sward heights were maintained between 20 and 30 cm, and from the specialized control system (Supplementary Tables 1, 2). Previous studies at the site have shown that the moderate grazing intensity treatments represent the best management practice for the integrated system based on optimization of soil health and animal production outcomes (Carvalho et al., 2018).

APSIM was configured for the integrated (grazed) and specialized (ungrazed) paddocks and modeled estimates were compared to published and unpublished datasets from the study site for soybean yield, cover crop biomass production (aboveground), animal LW production, and soil water content (Supplementary Table 1). Modeled estimates for the period 2002–2017 were graphically compared with observed data from the experimental site, and model performance was evaluated in terms of root mean square error (RMSE), relative root mean square error (RRMSE), and modeling efficiency (ME). A low RMSE/RRMSE indicates good agreement between simulated and observed values, while a high ME indicates good predictive ability of the model (Wallach et al., 2014). ME is a dimensionless statistic related to the coefficient of determination, but based on the proportion of variation explained by the 1:1 relationship between simulated and observed values (i.e., y = x). An ME of 1 indicates a perfectly fitted model. Acceptable levels of model error vary depending on study objectives. For a study such as this where treatment effects are the main objective, RMSE is considered very good if it is within 10% of observed mean values and acceptable if it is within 20% or if simulation error is no greater than experimental error (Ma et al., 2011). For ecological models where experimental uncertainty may be high, an ME of > 0.5 may be considered acceptable (e.g., Moriasi et al., 2007 for a watershed simulation). For crop and soil modules in APSIM, an ME of >0.7 has been used as an indicator of acceptable calibration (Archontoulis et al., 2014).

Management rules for the specialized system were set according to observed sowing, fertilizer, tillage (no-till), harvest, and crop termination operations at the experimental site. Model estimation of the timing of aboveground biomass accumulation in the cover crop was improved by setting planting depth to an artificially extreme 200 mm to recreate the effect of slower seedling emergence through layers of surface residual matter that can be 50 to 200 mm thick in this system (Caetano, 2017). Due to limitations in modeling mixed-species paddocks, cover crops were simulated using only ryegrass rather than the ryegrass/oat mixture used at the experimental site. This setting is representative of general practice in the greater Planalto region, where grazed or ungrazed pure ryegrass cover crops are common due to their high nutritive value as a winter forage as well as their ability to supply soil cover for direct-seeding operations (Conterato et al., 2016). To best represent the observed aboveground biomass accumulation of the ryegrass/oat mixture, simulated ryegrass planting was set to occur on 2 February every year at a seeding rate of 80 kg ha−1.

For the integrated system, a number of simplifications were made to accommodate the limitations of the model. Instead of simulating the livestock dynamics in a put-and-take grazing management system for the cover crop phase, we used a defoliation rule to approximate the total aboveground biomass removal observed experimentally. The defoliation rule made cuts of 80 mm height (~750 kg ha−1 of dry matter or ~50% of sward height) on a regular basis after the ryegrass exceeded a threshold of 1,500 kg ha−1 of available dry matter. This led to an approximate average of 2,500 kg ha−1 of available dry matter during the grazing window, or 20 to 30 cm of sward height, in agreement with target sward heights for the experimental site. Cover crop defoliation was implemented until the end of the grazing period (1 November) for all simulated years, after which the cover crop was killed. This rule was implemented to represent cattle grazing of the cover crop in amounts that approximate the maximum amount of dry matter intake per unit LW per day in beef steers. The latter is a function of the energy content of the feed and LW0.75 (NRC, 2016) as well as sward height, with sward height being particularly relevant in pasture-based systems (de Souza Filho et al., 2019). Total aboveground biomass production in the integrated (grazed) system was calculated as the sum of end-of-season standing shoot biomass and cumulative biomass removal by cattle annually, and in the specialized (ungrazed) system as the maximum standing shoot biomass. Simulations were N-unlimited for both ryegrass and soybean phases, so the contributions of dung and urine to N cycling were omitted for simplicity. Therefore, this simulation plays to the model's strengths of capturing the general effects of defoliation and aboveground biomass accumulation on soil water and C cycling and consequences for crop yield, rather than the more subtle effects of grazing animal activity on soil chemical (e.g., pH, cation exchange capacity, base saturation) and biological (e.g., root nodulation, microbial activity) parameters.

The soybean crop module was configured such that sowing was in accordance with observed dates, seeding rates (38 kg ha−1), and row spacings (450 mm). Two different soybean varieties have been planted during the experimental period, neither of which has been parameterized in the APSIM-soybean module. For this reason, we chose a cultivar (Hutcheson_5.0) that best approximated the phenology of sown crops and the photoperiod sensitivity and crop longevity of commonly grown cultivars in southern Brazil and Argentina (Conterato et al., 2016). Soybean was harvested when the growth stage reached mature/ripe, typically in late March/April in agreement with experimental observations. Volumetric water content was set to carry over from 1 year to the next, allowing the model to simulate the refilling and depletion of soil water over the cropping cycle.

Parameter values for plant available water capacity, soil texture, percent organic carbon, C:N ratio of soil organic matter, starting nitrogen concentrations, and additional soil chemical and physical properties were derived from direct measurements at the site and assigned as denoted in Supplemental Table 2. Direct measurements of soybean and ryegrass KL (fraction of plant available water extracted from a layer of soil per day) and XF (root exploration factor) were not available for this site, therefore these parameters were estimated so as to minimize error between model estimates and observed measurements. Sensitivity tests for these parameters were performed to ensure that model behavior was robust (e.g., Holzworth et al., 2011).

Parameter values for various soil physical properties differed between the integrated and specialized systems in accordance with observed differences at the field site. These differences include lower bulk density at depth, lower saturated soil water content, higher pH, and lower aluminum concentrations in soils in the integrated system. Many of these differences have been attributed to grazing effects, especially increased root litter deposition in grazed ryegrass (Wilson et al., 2018), increased soil macrofauna activity (Marchão et al., 2009), and altered nutrient cycling dynamics (da Silva et al., 2014; Assmann et al., 2015). For example, the combination of acidity and high aluminum tends to restrict root elongation in soybeans, which translates to the lower XF assigned to the specialized system (Silva et al., 2001; Supplementary Table 2).

Daily historical minimum and maximum temperatures, solar radiation, and precipitation for the calibration period (2002–2017) were obtained from the weather station at Cruz Alta, RS, 78 km from the experimental site. This weather station was chosen because it had the longest continuous dataset for the above variables and showed reasonable similarity to the 1 to 2 years of daily records available from an on-site weather station (R2 of 0.99 for the relationship between solar radiation records and 0.88 for temperature records between the two sites). Where gaps in the Cruz Alta temperature and solar radiation record occurred, missing values were interpolated with downscaled daily satellite observations from the LaRC POWER single point data access tool (Stackhouse, 2010). Missing precipitation values were infilled with data from the nearest available weather stations at São Luiz Gonzaga (81 km from site) and Julio de Castilhos (72 km from site).



Prediction of Animal Production and Gross Margins

In addition to model predictions of soybean yield and cover crop aboveground biomass accumulation, we developed a post-model prediction of beef production (Supplementary Figure 3) and system gross margins. All post-model analyses were conducted in R v3.5.2 statistical programming software (R Core Team, 2018). We estimated animal LW gain (kg ha−1) over the grazing period as a function of model-predicted forage removal (i.e., defoliated biomass) and a forage conversion ratio (FCR), that is, the ratio of dry matter intake to unit LW gain (Wilkinson, 2011). We opted for a conservative FCR of 14:1 based on experimental estimates of forage intake and animal weight gain (de Souza Filho et al., 2019). From this value we calculated end-of-season animal LW gain as:
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We used gross margins as a proxy of field-level productivity, similar to total calorie or human digestible protein production, because it accounts for productivity originating from both the crop and livestock enterprises of the system. In this study, gross margins are not a complete economic treatment of the farm system, but rather a reflection of relative productivity between the integrated and specialized systems at the level of the field. To calculate gross margins for each simulated year, we estimated revenues using the average prices for soybean and beef LW from 2013 to 2017 (Food Agriculture Organization of the United Nations, 2018) multiplied by production predictions, and subtracted the typical production costs for each system. Prices were set as the 5 year (2013–2017) average in local currency units (LCU, Brazilian Reals) without considering long-term trends. As such, the analysis rests on the assumption that prices and input costs are constant and will remain fundamentally unchanged in the future (see Thamo et al., 2017 for a similar approach).

For the specialized system, fixed costs for the soybean enterprise and for the establishment and maintenance of the winter cover crop were obtained from a previous economic analysis of the experimental site (Oliveira et al., 2013). In this analysis, the authors calculated costs for the soybean enterprise as the sum of input costs, including soybean seed and desiccant, and operation costs, including sowing, fertilizing, pesticide application, and harvesting. For the integrated system, costs for the livestock enterprise were calculated as 90% of the expected revenues, which was representative of the typical margin for livestock sales (Oliveira et al., 2013) not including the cost of steer purchase. This assumption was the most representative of reality given that costs associated with the livestock enterprise are expected to vary in accordance with management decisions and the quality and supply of forage during the grazing season. We also tested a fixed cost approach and a variable cost approach derived from the linear model of the relationship between costs and length of the grazing window. The effects of these assumptions on the outcomes for gross margins are illustrated in Supplementary Figure 4.



Long-Term and Climate Change Simulations

Simulations were run using long-term observed meteorological data for the historical period, and using the bias-corrected predicted weather conditions for future climate scenarios. Daily historical minimum and maximum temperature, solar radiation, and precipitation for the years 1961–2002 were obtained from the Princeton Global Meteorological Forcing Dataset (Sheffield et al., 2006) and reanalyzed in the CCAFS GCM Data Portal (Navarro and Tarapues, 2015). Near-future meteorological conditions for representative concentration pathway (RCP) 8.5 were simulated for the years 2020–2060 (Riahi et al., 2011) with an ensemble of 6 CMIP5 Global Climate Models (GCMs) (Taylor et al., 2012): CMCC CMS, CSIRO Mk3.6.0, GFDL ESM2G, IPSL CM5A LR, MIROC5, and MPI ESM MR. This ensemble is a reasonable representation of regional climate projections for southern Brazil considering the availability of adequate data for downscaling. GCMs were calibrated with the Princeton dataset, and the RCP8.5 scenario was simulated in the CCAFS Data Portal. Raw GCM outputs were bias-corrected using the quantile mapping method in the qmap package of R (Gudmundsson, 2016), which corrects for GCM tendency to produce too many “drizzle days,” i.e., small-scale rainfall events (Gudmundsson et al., 2012).

Soybean sowing for the long-term simulations was modified to a conditional rule, whereupon the crop was sown within a specified window once minimum rainfall requirements of 30 mm for 3 consecutive days were met, or alternatively, the end of the sowing window (25 December) was reached. In addition to the Hutcheson_5.0 cultivar, a modified cultivar was tested that required 10% more thermal time for each growth stage to account for changes in season length under future climate conditions. All other soil and crop parameters and management rules remained the same as in the initial calibration.



Field-Level Resilience

In this study, we used the definition of resilience for managed agroecosystems proposed by Peterson et al. (2018), following Conway (1986) and Rist et al. (2014). This definition considers both the ability of a system to resist external disturbance (resistance or decreased downside) and to recover to usual levels of productivity after a disturbance (recovery or enhanced upside). This definition also places resilience in the context of the objectives and outcomes that human agents value in managed production systems. Accordingly, resilience can be either desirable or undesirable depending on whether it characterizes a system that is reliably performing needed functions to the needed degree (Standish et al., 2014; Peterson et al., 2018). For example, a system that is resistant toward drought but that always produces sub-optimal yields is exhibiting resilience, but not desirable resilience.

To describe resilience in our experimental systems, and in particular the downside and upside risks, we first calculated ranked Probability of Exceedance (POE) using the Weibull method (Makkonen, 2006). The POE represented the likelihood that soybean yield, forage cover crop aboveground biomass production, or field-level gross margins would benefit or be penalized by the inclusion of animal grazing in the system. Differences in the indicator variables between the integrated and specialized systems were ranked from most negative to most positive and then represented as a proportion of all observations as in Equation 2:
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where r is the observation's rank and n is the number of observations.

We also calculated a proxy of resilience to abnormal annual precipitation for soybean, cover crop, and economic productivity outcomes, which we refer to here as the R-index. The R-index reflects the percent change in productivity metrics in response to a disturbance, in this case high (90th percentile) or low (10th percentile) precipitation years, in comparison to baseline average annual precipitation. Past research at this site has shown that the main driver in variability of soybean yields is variability in annual precipitation (Cecagno et al., 2016). APSIM stress indices also showed that soil water stress is an important driver of variability in both soybean yields and cover crop biomass production (Supplementary Figure 6 and Supplementary Table 3). The R-index was intended to capture both resistance to precipitation disturbance, indicated by a smaller negative percent change in unfavorable precipitation years, and capacity for recovery/enhanced upside, indicated by a larger positive percent change in favorable precipitation years. Smaller negative percent changes and larger positive percent changes indicated greater resilience in one system compared to the other. These within-system responses were then contextualized by the comparative magnitude of productivity of the given indicator to demonstrate whether or not resilience was a desirable system property in each scenario. For example, if soybean yields in one system exhibited higher resistance to a precipitation disturbance than the other but lower yields on average, this outcome would not reflect desirable resilience.




RESULTS


Model Evaluation—Crop Yield and Cover Crop Biomass

Model performance for soybean yield was acceptable, with RMSE of 598 kg ha−1, RRMSE of 21%, and ME of 0.69 for soybean yield predictions (Figure 1A). Generally, the model accurately predicted the yield of soybean in the integrated compared to the specialized system and correctly tracked year-to-year fluctuations in yield (Supplementary Figure 1). However, in a few cases it was less accurate, underpredicting soybean yields during highly productive years and overpredicting yields during extremely poor years, the latter of which tended to coincide with drought years at this site. Model predictions for cover crop aboveground biomass production were also acceptable, with RMSE of 1,210 kg DM ha−1, RRMSE of 37%, and ME of 0.58 (Figure 1B). Model predictions for aboveground biomass production in the specialized system agreed well with observed data but tended to simulate peak biomass later than observations (Supplementary Figure 2). For the integrated system, on the other hand, observed data were more variable than model simulations.


[image: Figure 1]
FIGURE 1. Relationship between observed and simulated (A) soybean yield and (B) cover crop aboveground biomass production for the calibration period in the integrated system (grazed cover crop; solid points) and the specialized control (ungrazed cover crop; open points). Model evaluation indices are root mean square error (RMSE), relative root mean square error (RRMSE), and modeling efficiency (ME).


The post-hoc model of animal gain, based on the cover crop biomass production and forage conversion ratio, poorly tracked observed year-to-year fluctuations in animal LW gain (RMSE = 82 kg ha−1, RRMSE = 19%, ME = −0.50; Supplementary Figure 3). However, other observed variables from 2002 to 2016 such as length of the grazing window and stocking rate explained less of the variability in model estimates than dry matter production. The model tended to underestimate animal LW gain in highly productive years and overestimate gain in poor production years. Model estimates were therefore conservative but produced reasonable estimates of long-term average animal gains such that they were sufficient for use in the subsequent analysis of gross margins.



Model Evaluation—Soil Water Dynamics

Model outputs for soil water content agreed with observed data from 2016 to 2017 growing season and adequately predicted lower soil volumetric water content in the integrated system at both depths (Supplementary Figure 5). Model predictions for volumetric water content had a RMSE of 0.05 cm3 cm−3, RRMSE of 15%, and ME of 0.51. Magnitude and dynamics of soil water depletion and replenishment were comparable between observed and simulated volumetric water content values during the critical soybean grain-filling stages (January to mid-February) and deviations mostly occurred during the early and late stages of the soybean growing season. Deviations in estimates of soil water content during these stages generally did not affect the accuracy of predictions for soybean yields.



Long-Term Historical Productivity Outcomes

For 1961–2017, an overall mean soybean yield of 3,300 kg ha−1 was predicted across system types and years. A soybean yield penalty was predicted for the integrated system compared with the specialized system in 80% of years (Figure 2A). However, these yield penalties were minor, <400 kg ha−1 in over 75% of simulated years. Years in which integrated system yields were penalized relative to the specialized system typically coincided with years in which soil water stress occurred in the critical grain-filling growth stages. APSIM stress indices indicated that soil water stress had a strong negative relationship with soybean yield (Supplementary Figure 6 and Supplementary Table 3), whereas temperature stress and variation in net solar radiation had relatively minor impacts on yield.
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FIGURE 2. Simulated difference in productivity indicators in the integrated system (grazed cover crop) compared with the specialized control (ungrazed cover crop). Values for the specialized system are set at 0, with points representing relative productive penalty or benefit for each simulated year in the integrated system. Productivity indicators are (A) soybean yield, (B) ryegrass cover crop aboveground biomass production, and (C) gross margins under historical (black points) or future (green triangles) climate conditions.


From 1961 to 2017, mean total cover crop aboveground biomass production (including biomass removed by cattle grazing) across systems was 7,500 kg DM ha−1. Grazed cover crops in the integrated system exceeded the aboveground biomass production of ungrazed cover crops in the specialized system in more than 90% of years (Figure 2B), with a forage yield benefit of over 1,000 kg DM ha−1 in over 60% of years. In a given year, an average of 4,900 kg DM ha−1 was removed by cattle in the integrated system. As a result, maximum standing aboveground biomass in the integrated system was typically less than maximum standing aboveground biomass in the specialized system at any given time point (3,900 kg DM ha−1 on average for the specialized and 2,200 kg DM ha−1 on average for the integrated system), but cumulative production (including removed biomass) was greater in the grazed, integrated system (7,060 kg DM ha−1 on average in the specialized vs. 7,890 kg DM ha−1 on average in the integrated system). As with soybean yields, cover crop aboveground biomass production typically decreased with increasing soil water stress and decreasing length of the grazing season (as indicated by the day of the first biomass cutting; Supplementary Figures 6, 7 and Supplementary Tables 3, 4).

Field-level productivity (as measured by gross margin from crop and livestock production) was on average 23% higher in the integrated system compared to the specialized system despite the yield penalties observed for soybeans (Figures 3A,B). From 1961 to 2017, mean gross margins were 3,177 LCU per hectare per year for the integrated system compared to 2,583 LCU ha−1 yr−1 in the specialized systems. The integrated system earned an average of 4,780 LCU ha−1 yr−1 in revenue from beef production and 3,661 LCU ha−1 yr−1 in revenue from soybean production with costs of 4,302 and 962 LCU ha−1 yr−1 for beef and soybean production, respectively (Figure 3). In contrast, the specialized system produced 3,908 LCU ha−1 yr−1 in revenue from soybean production and roughly 1,325 LCU ha−1 yr−1 in costs for cover crop maintenance and soybean production (Figure 3B). Under historical climate conditions, simulated annual gross margin in the integrated system exceeded gross margin in the specialized system in 77% of years (Figure 2C). These gross margin surpluses in the integrated system ranged from 22 LCU ha−1 yr−1 to more than 890 LCU ha−1 yr−1, while deficits ranged from 14 to 786 LCU ha−1 yr−1. Annual gross margin penalties were typically incurred in years with poor cover crop biomass production, when revenues from beef production were not sufficient to offset soybean yield penalties and operation costs in the integrated system.
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FIGURE 3. Contributions of soybean and livestock revenues and production costs to gross margins for integrated (grazed cover crop; A,B) and specialized (ungrazed cover crop; C,D) system under historical (A,C; 1961–2017) and future (B,D; 2020–2060) climate scenarios.




Productivity Response to Future Climate Conditions

Under the RCP8.5 future climate scenario for 2020–2060, the GCM ensemble projected a 23% increase in annual precipitation, from an average of 1,830 mm historically to 2,260 mm in the future simulation (Figures 4A,B). This change came mostly from a 52% increase in summer precipitation under the future scenario (from 915 to 1,389 mm), whereas precipitation during the winter cover crop phase remained relatively unchanged (916 mm yr−1 historically to 869 mm yr−1 in the future; Figure 4B). Average annual maximum temperature increased in both the soybean phase (Figure 4C) and the cover crop phase (Figure 4D), with an increase of 3°C predicted for both seasons. Inter-annual variance in precipitation accumulation did not differ between historical and future simulations for either the soybean or cover crop phase, with a coefficient of variation between 23 and 29% across seasons and years. Likewise, within-season variation was similar between the historical and future simulations with coefficients of variation of 23 and 20%, respectively. The average frequency of extreme rainfall events (daily precipitation of >3 standard deviations from the historical mean) was slightly higher in the future simulation, increasing from an average of 12 extreme events per year (SE = 0.78) to 16 extreme events per year (SE = 0.73).
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FIGURE 4. Change in (A,B) mean annual precipitation accumulation and (C,D) average annual maximum temperature in (A,C) the soybean phase and (B,D) ryegrass cover crop phase at the experimental site, as predicted by a six-model ensemble of CMIP5 GCMs under the RCP8.5 global emissions scenario.


Simulations under the RCP8.5 future climate scenario projected a 15% decline in mean soybean yield, from an average of 3,300 kg ha−1 under historical conditions to 2,900 kg ha−1 under future conditions (Table 1). Soybean yield reductions were partially related to soil water stress, though the response was less severe than in the historical simulation (Supplementary Figure 6). In the future simulation, soybean yield declines were also related to faster crop maturation times due to higher average temperatures during the growing season (Supplementary Figure 8 and Supplementary Table 5). The potential to adapt soybean genotypes to this altered climate was tested by re-running the future simulation with a cultivar with a 10% greater thermal time requirement for each phenological stage. Predicted mean yields using this adapted cultivar were 3,400 kg ha−1, equivalent to the yields predicted under the historical simulation and 15% higher than predicted future yields using the non-adapted cultivar (Supplementary Figure 8 and Supplementary Table 5).


Table 1. Predicted mean and change in mean soybean yield, ryegrass cover crop aboveground biomass production, and gross margins from historical (1961–2017) to future (2020–2060) simulation periods for integrated (grazed cover crop) and specialized (ungrazed cover crop) systems.
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While overall soybean yields declined when using the non-adapted cultivar, soybean yields in the integrated system increased relative to the specialized system (Figure 2A and Table 1); the average deficit of 220 kg ha−1 under historical climate was reduced to 90 kg ha−1 under the future climate. Frequency of yield benefit from the integrated system increased from−20% of years in the historical simulation to 35% of years in the future simulation (Figure 2A). Yield differences between the integrated and specialized systems were smaller in the future simulation, with yield penalties of more than 400 kg ha−1 projected for <5% of years compared to 22% of years in the historical simulation (Figure 2A).

Mean cover crop aboveground biomass production declined by 23% under the future climate scenario (Table 1). Unlike soybean yields, this decline in cover crop biomass production was not driven by soil water stress, as higher summer rainfall accumulation and lower winter biomass production would result in both increased initial soil water content and decreased soil water consumption through transpiration. However, length of the winter grazing season (as indicated by the date of the last biomass cutting) decreased by 20%, from ~116 days in the historical simulation to 93 days in the future simulation (Supplementary Figure 7 and Supplementary Table 4). Temperature stress and reduced solar radiation did not impact aboveground biomass production in the future simulation. While overall cover crop aboveground biomass production declined, relative differences in biomass production between the integrated and specialized system remained the same (Figure 2B). Frequency of higher aboveground biomass production for the integrated system increased from 93 to 98% of years in the future climate compared to the historical climate scenarios (Figure 2B).

Future climate conditions were projected to have a negative impact on gross margins across systems (Table 1). In the integrated system, mean gross margins declined by 540 LCU ha−1 yr−1 in the future simulation, while in the specialized system mean gross margins declined by 581 LCU ha−1 yr−1. The difference in total field-level productivity between the systems was reduced in the future climate. Average future soybean revenues declined more in the specialized system (581 LCU ha−1 yr−1 less) than in the integrated system (434 LCU ha−1 yr−1 less). In the integrated system, the revenue loss from livestock production was almost twice as much as revenue loss from soybean production (1,061 LCU ha−1 yr−1 less). Despite this loss of income, gross margins in the integrated system exceeded gross margins in the specialized system in 95% of years (Figure 2C). These gross margin surpluses in the integrated relative to the specialized system ranged from 29 to 589 LCU ha−1 yr−1.



Resilience to Precipitation Anomalies

Under historical climate conditions, the R-index indicated greater resilience of soybean yields in the integrated system in high precipitation years and comparable resilience between the integrated and specialized systems in low precipitation years (Table 2). However, the specialized system typically had higher soybean yields on average, with a small average yield advantage of 150 to 200 kg ha−1. This relationship changed only slightly under the future climate simulation, with the integrated system showing better yield resilience in both high and low precipitation years but the two systems performing relatively equally in terms of overall mean soybean yield.


Table 2. R-index and productivity indicators for historical and future climate scenarios simulated in APSIM for a Brazilian soybean-beef integrated system (grazed cover crop) and a specialized control system (ungrazed cover crop).
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For historical cover crop aboveground biomass production, on the other hand, the integrated system had a better R-index under both high and low rainfall scenarios along with higher overall biomass production (14%; Table 2). Under the future climate scenario, resilience was higher for the specialized system in low precipitation years, but relative aboveground biomass productivity remained greater in the integrated system in both high and low precipitation years (21 and 11% more biomass, respectively).

R-Indices for gross margins indicated more resilience in the integrated system under all precipitation scenarios except when high or low rainfall occurred in both the summer and winter seasons (Table 2). Similarly, the integrated system had better mean gross margins overall in all scenarios except when low rainfall occurred in both summer and winter, with gross margins up to 15% higher than the specialized system in the low summer precipitation scenario. Under the future climate scenario, the integrated system had a better R-index in most precipitation scenarios. R-index was equal between the two systems in the low winter precipitation scenario. Overall gross margins paralleled these relationships, with the integrated system performing better in all scenarios for which data were available.




DISCUSSION

We used long-term historical and future simulations to examine the dynamics of agroecosystem performance and resilience in a commercial, ICLS with a grazed forage cover crop. We found that soybean yields tended to be slightly lower in the integrated system relative to the specialized, ungrazed cover crop reference system due to more frequent soil water stress, but that gross margins were sufficient to compensate for these yield penalties because the integrated system generated revenue from both crop and livestock production. These trends were largely upheld under both historical and future climate scenarios, but the probability of gross margin benefits in integrated systems increased from 77% of all simulated years to 95% of years under future climate. Results for field-level resilience, as indicated by the R-index for resistance and/or recovery, were more favorable for the integrated system but depended on the disturbance in question (low or high precipitation year). These results have direct implications for the suitability of ICLS, and specifically cover crop grazing, as a sustainable intensification strategy for southern Brazilian row crop and pasture systems.


Livestock Integration Impacts on Soybean Production

Cover crop grazing in the integrated system resulted in minor yield penalties relative to the specialized system for soybean cash crops grown in rotation under both historical and future climate conditions. These penalties, ranging from a yield difference of −1,000 kg ha−1 in 2 years to a yield difference of < -400 kg ha−1 in the majority of years, were partly attributable to the greater risk of soil water stress in the integrated system. Lower soil water content in grazed cover crops is caused by (1) greater winter water demand from cover crop transpiration—grazed biomass must continually regrow to compensate for defoliation, therefore remaining green and actively transpiring longer into the season than ungrazed biomass (e.g., Geremia et al., 2019)—and (2) greater evaporative loss from the soil surface due to less residue cover in grazed compared with ungrazed cover crops (Peterson et al., 2019). However, this dynamic may not fully explain yield penalties in the integrated system, and past studies at this site have shown that observed soybean yields do not differ statistically from the specialized system even during severe drought years (Martins et al., 2016a). Other soil properties that differ between the integrated and specialized systems include aggregate structure (Conte et al., 2011), total and particulate organic carbon and nitrogen (Assmann et al., 2014), and pH and aluminum toxicity (Martins et al., 2014), among others. The dynamics of these properties are not fully captured by the model but could contribute to observed relative yield responses in this system.



Climate Change Impacts on Soybean Production

Average integrated and specialized system soybean yields declined by 15% under the future climate scenario. Expected trajectories for soybean yields in response to climate change tend to increase globally but decrease in parts of the tropics and subtropics, including Brazil (Deryng et al., 2014). Model simulations have shown future soybean yields in subtropical South America varying from −16 to +3% without accounting for the effect of elevated atmospheric CO2, and up to +50% when accounting for elevated CO2 (Travasso et al., 2009). When not accounting for CO2 fertilization, other studies have predicted similar declines of up to 20% in Brazilian soybean yields under the RCP8.5 climate change scenario (Deryng et al., 2014). Although this negative effect could be mitigated by soybean yield gains from CO2 fertilization, other limiting factors such as temperature stress, soil nutrients, drought, pests, and weeds would likely interact to alter the impact of elevated CO2. For example, while a large yield boost has been predicted for soybean in response to elevated CO2, this response can be significantly curtailed in tropical and subtropical regions where high temperatures and faster crop maturation rates limit photosynthesis and light interception (Lin et al., 2020). As in other simulation studies of crop response to future climate, we elected to examine potential productivity changes in the absence of CO2 fertilization because the ability of crop and pasture models to simulate the effects of elevated CO2 and its interactions with these other limiting factors is uncertain (Soussana et al., 2010; Durand et al., 2018).

Soybean yield declines under the future climate scenario were linked to faster maturation times due to the extreme increases in temperature—and thus acceleration of soybean growth rates—predicted for this region of Brazil. Modifying the degree-day requirements of the cultivar mitigated this effect of degree day accumulation, suggesting that adoption of longer-season varieties or similar cultivar adjustment may be an important consideration for adaptation of Brazilian soybean production to future changes in climate. Other adaptation options may include adjustment of sowing/harvesting dates to account for changing crop phenology (Travasso et al., 2006). Some authors have also suggested increasing the diversity of crop rotations in the region to reduce the vulnerability of single-crop monocultures and alleviate the nutrient imbalances that often accompany large-scale soybean operations (Costamilan et al., 2012). This option includes crop-pasture rotations such as the cover crop grazing system examined here, warranting continued examination of the possible tradeoffs noted for these systems.

The magnitude of soybean yield penalties in the integrated relative to the specialized system was reduced under future climate conditions, in part due to increased summer precipitation that mitigated soil water limitations. Increases in summer precipitation could negatively impact soybean productivity if excess precipitation causes flooding and anoxic soil conditions or increases the prevalence of disease (Urban et al., 2015). However, these kinds of threats were not captured in the model. Given the conservativeness of the model, both potential future losses from oversaturated soils and potential gains from decreased frequency of soil water stress might have been underestimated. In any case, precipitation increases meant that soil water reductions brought on by winter cover crop grazing did not become a limiting factor for crop maturation, such that the tradeoff between winter forage and crop water utilization became inconsequential in the integrated system. This dynamic raises important questions regarding the feasibility of cover crop grazing systems in more water-limited environments. In semi-arid climates, for example, the tradeoffs in soil water usage among rotation components might be too costly to warrant the risk in an integrated system (Wunsch et al., 2017), although careful grazing management or the addition of irrigation could potentially avoid such tradeoffs (Whish et al., 2009; Sulc and Franzluebbers, 2014).



Livestock Integration and Climate Change Impacts on Cover Crop Production

In contrast to the trend for soybean yields, cover crop aboveground biomass production in the integrated (grazed) system usually exceeded biomass production in the specialized (ungrazed) system under historical climate conditions. This result agrees with past observations at this site (Carvalho et al., 2018) and is consistent with compensatory growth behaviors of grazed ryegrass (Fulkerson and Donaghy, 2001). Relative forage production benefits persisted under future climate conditions and in both normal and anomalous (high or low) precipitation years.

The effects of climate change on tropical and subtropical pastures, annual forages, and grazing lands are highly uncertain, in part due to the complexity and diversity of these systems globally (Campbell and Stafford Smith, 2000). Our long-term simulations showed a considerable decline in average annual ryegrass productivity from the historical period to the near-future period (2020–2060), regardless of whether it was grazed. Similarly, Moore and Ghahramani (2013) demonstrated a 9% decline in annual net primary productivity of temperate grazing lands by 2030 using the GRAZPLAN model under the SRES A2 scenario in southern Australia. Similarly, we expect that the increases in winter temperatures projected for southern Brazil would be counterbalanced by increases in precipitation to mitigate cover crop water stress, but that faster maturation rates would result in an overall decline in cumulative end-of-season aboveground biomass production.

Elevated CO2 levels will likely further mitigate soil water stress by increasing water use efficiency, but other effects of elevated CO2 on annual forage production are uncertain. Interactions with temperature/rainfall variation, nutrient cycling, and shifts in growing season may limit many of the photosynthetic advantages of elevated CO2 (Ghahramani et al., 2019), while higher forage C:N ratios (Moore and Ghahramani, 2013) could decrease forage conversion efficiency, health, and productivity of grass-fed livestock (Ghahramani et al., 2019). Furthermore, animal LW gain is highly dependent on forage utilization, which is difficult to predict and can change in response to sward structure, composition, and palatability (Stejskalová and Hejcman, 2013). In the interest of minimizing confounding variables and simplifying our assessment of potential productivity outcomes in a complex system, we did not examine the effects of elevated CO2 levels on cover crop biomass accumulation and forage quality. Recognizing unknowns in forage utilization and grazing behavior, we instead used a conservative estimate of the forage conversion ratio to avoid overestimating animal production in the absence of elevated atmospheric CO2.



Climate Change Impacts on Field-Level Agroecosystem Performance—Gross Margins

Average gross margins across systems declined by 18% under the future climate scenario, reflecting commensurate declines in both soybean and livestock revenue earning components. These results agree with some studies on the effects of global climate change on farm income and rural livelihoods, where models have predicted shrinking margins as a result of lower crop yields combined with increasing operation and input costs (Medellín-Azaura et al., 2011). In a simulation of an Australian mixed livestock-cropping system, Thamo et al. (2017) showed that most climate scenarios to 2050 resulted in decreased farm profitability, with profit margins more sensitive to climate conditions than crop or livestock productivity. Our simple field-level proxy suggests that an overall decline in farm profitability could also occur in subtropical beef–soybean systems, assuming constant prices and policy environments. However, favorable policy scenarios and price trends could result in improvements in farm livelihoods in other scenarios. It should be noted that our gross margins proxy is not intended to be a full bioeconomic assessment of farm-level incomes. Economic realities may differ from these proxy productivity indicators, as a poor yield could be offset by high prices in a given year or vice versa. In addition, this analysis reflects only the costs incurred at the field level without accounting for farm-wide expenses such as the purchase of steers for finishing—costs that are typically spread across multiple fields and seasons.

Nevertheless, the risk mitigation benefits of enterprise diversification would likely still hold true for integrated systems producing both livestock and crops (Thornton and Herrero, 2014). As Oliveira et al. (2013) found previously for this site, field-level productivity in the integrated system tended to exceed field-level productivity in the specialized system. The added animal production gleaned from winter grazing at this site tends to compensate for small losses in soybean yield and result in a more profitable system overall. ICLS have been shown to result in “income smoothing” for producers in both the small and large farm context—for example, even in extreme weather years when the crop component of the system fails outright, the livestock component may still produce revenues (Garrett et al., 2017). ICLS have also been shown to allow for more efficient allocation of resources and increased ability to manage spatial heterogeneity of the farm landscape (Bell and Moore, 2012), thus increasing adaptability in unfavorable years.

When livestock enterprise costs were held proportional to revenues, field-level gross margins in the integrated system were more likely to exceed gross margins in the specialized system under future climate conditions (77% of years under historical conditions, 95% of years under future conditions). Ryegrass appeared more sensitive to climate stress than soybeans, as gross margins for the livestock component of the integrated system declined twice as severely (28%) as profits for the soybean component (12–14%) in either system. Nevertheless, revenue from the livestock operation typically provided enough additional revenue both to compensate for small losses in soybean production and revenue and to outperform the specialized system, particularly under future climate conditions where both systems experienced declines in soybean yields.

Our post-hoc model of animal production is conservative with regard to forage dry matter conversion to LW, but does not account for potential changes in forage quality that might occur under future climatic conditions. In cool-season grasses, forage quality tends to decline with warming temperatures and increasing atmospheric CO2 concentrations (Izaurralde et al., 2011; Lee et al., 2017). Plant maturity is the major determining factor for nutritive quality, as more crude protein is provided by young green tissue (Nelson and Moser, 1994), so an increase in growth rates leading to faster maturation could also decrease nutritive value of forages through changes in structural composition of the pasture. These factors could negatively impact the productivity of the animal component of the integrated system and thus the outcome for field-level productivity.

Despite these potential risks for declining advantages from integrating livestock in the future, gross margins in the integrated system still exceeded gross margins in the specialized system in all but two of simulated years. When gross margins are interpreted as an indicator of field-level productivity, as intended here, this result indicates that the integrated system creates opportunities for more agricultural production from the same land area than the specialized system and provides a buffer from variability in soybean revenue. However, should adaptation measures be taken to offset the anticipated soybean productivity losses, the probability that the integrated system would outperform the specialized system would likely decrease. These results suggest that each component of an integrated system must be managed with care to obtain overall field-level benefits, underlining the complexity faced by managers of integrated systems.



Agroecosystem Resilience

The integrated system typically showed greater resilience than the specialized system in response to precipitation anomalies in the simulated historical and future weather. However, this was not true under all disturbance scenarios, and our approach reflects the value of accounting for context to identify cases where there is a tradeoff between greater resilience and field-level productivity or profitability. Greater resilience in either or all components of the system does not necessarily translate to greater productivity or maximum yield potential (Li et al., 2019) as seen under the high historical rainfall scenario, where soybean production in the integrated system was more resilient but the specialized system had a small relative yield advantage. Conversely, cover crop production in the integrated system was less resilient to low winter rainfall scenarios but still more productive on average than in the specialized system. These results illustrate the need to consider the objectives of a production agroecosystem—in this case, soybean and beef production—when appraising resilience. Because systems are not restricted to a single objective, environmental or cultural objectives could be held in equal weight to productivity, effectively reframing the assessment of resilience.

These results also reflect the challenge of directly characterizing resilience solely based on annual productivity trends, without fully considering how a system can rearrange or adapt its component parts when facing disturbances (Walker, 2020). These concepts have yet to be fully operationalized in agroecosystems research, especially when considering interactions that occur across system boundaries and temporal and spatial scales. Our approach provides a valuable quantitative assessment tool that can be complemented with other tools to develop more holistic assessments of social–ecological resilience.



Model Performance

For agricultural models in general, standards of model performance depend on the objectives of the study. For determining treatment effects, many authors consider models to be “acceptable” if estimates fall within 10% to 20% of observed means, or if model responses correctly track different trajectories among treatments (Ma et al., 2011). By either of these definitions, our model performance was acceptable for making estimates of soybean yield, cover crop aboveground biomass production, and for the soil-related functions for which the most reliable calibration data was available. The main limitation in the soybean simulation was the lack of a cultivar parameterization specific to cultivars grown in Brazil, which added to the uncertainty around this component of the simulation. However, the RMSE of ~600 kg ha−1 for soybean yield is comparable to errors predicted in previous simulation studies for a Brazilian soybean variety using APSIM and several other crop models (RMSEs of 535 to 650 kg ha−1; Battisti et al., 2017).

Model-estimated soil volumetric water content generally agreed with observed measurements from the 2016–2017 field season (Peterson et al., 2019), with some early- and late-season inaccuracies. Early-season disagreement in soil volumetric water content may have occurred due to the thick mats of residue present on the soil surface in this no-till system, especially in the specialized (ungrazed cover crop) system. While residue mats are captured by the model, potential related impacts such as lowered soil temperature and reduced evaporation from mats of this thickness may not have been. This aspect of the model could lead to underestimation of the time to emergence for seedlings and/or overestimation of the amount of soil water utilization by young plants or evaporation components of the water balance during these periods. Similarly, late-season disagreements may have occurred due to reduced reliability of field observations under dry soil conditions, when the granular matrix sensors used to detect soil water content tend to lose contact with the soil and cause observed readings to fluctuate.

Achieving a high level of agreement between observed and simulated cover crop and livestock production was more difficult due to the vagaries and uncertainties in both capturing all management dynamics and in the accurate measurement of such systems. Slight shifts in timing of simulated peak shoot biomass for the ungrazed cover crop and unrealistic precision of simulated biomass removal for the grazed cover crop decreased model performance, despite general agreement in magnitude and dynamics of aboveground biomass accumulation between observed and simulated time series. The greater variability of observed aboveground biomass quantities in the grazed cover crop can be attributed both to the finite intake capacity of livestock and to the put-and-take method of maintaining grass sward height. Biomass cutting rules implemented in the model precisely maintained sward heights of 20 to 30 cm (~2,500 kg DM ha−1), whereas some variability would be expected from sward height maintenance with put-and-take stocking. This idiosyncrasy, combined with the offset in timing of peak aboveground biomass in the specialized system, led to the higher RMSE and RRMSE for model predictions of cover crop aboveground biomass production.

APSIM performance for pastures and annual grasses is mixed, with outcomes dependent on initial soil water status, pasture type, region, and differences in transpiration and water use efficiency among cultivars (Pembleton et al., 2013; Ojeda et al., 2016). Lack of development for management scenarios such as annual forage-crop rotations and put-and-take stocking based on sward height targets limited our ability to exactly replicate the Brazilian soybean–beef integrated system. Such developments are ongoing for the APSIM AgPasture and AusFarm modules, with emphasis on grazing impacts such as dung and urine deposition and trampling on perennial mixed pasture productivity (Snow et al., 2014). Other simulation studies have modeled annual ryegrass growth dynamics in grazed pastures with reasonable accuracy (Cullen et al., 2008; Ojeda et al., 2016). However, there are few studies attempting model simulations of grazed annual ryegrass cover crops under climate change as we do here, especially in the subtropics (see Ghahramani and Moore, 2016 for an exception). In this study, calibration exercises with 15 years of observed data for the site indicated that the modeled values could account for more than 50% of the variation in observed cover crop forage production.




CONCLUSION

Using process-based model simulations to represent an annually grazed cover crop rotation with soybeans typical of southern Brazil, we showed that livestock integration with best management practices resulted in higher field-level productivity and resilience to chronic climate stress compared to a similar specialized system (no livestock integration). Winter grazing often resulted in yield penalties (up to 1,200 kg ha−1) for soybean in rotation, but this penalty was typically outweighed by the additional benefit generated by animal production. Field-level productivity (including income from both crop and livestock enterprises) was higher in the integrated system in 77% of years under historical climate conditions and in 95% of years under future climate conditions. While in many cases the multifunctionality of the integrated system was reflected in superior resilience to weather anomalies and to chronic climate stress under future conditions, outcomes were dependent on disturbance type. Nevertheless, these results highlight the importance of ICLS as an approach for sustainable intensification and agricultural adaptation to climate change. Future research should continue to calibrate and customize agricultural systems models for other types of integrated and diversified systems to determine if these results can be generalized to different environments and different management and adaptation scenarios. Further work to develop quantitative proxies for assessing biophysical resilience in agroecosystems would also increase our understanding of field-level outcomes and resilience building potential of ICLSs under future climate change.
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change from normal year)

Grazed Ungrazed
-9% 1%
—13% —16%

R-index gross margins (% change
from normal year)

Grazed Ungrazed
+16% +18%
—8% —11%
+24% +29%
—25%. ~30%
~1% -2%
—61% —57%

Mean soybean yield

(kg ha™")

Grazed Ungrazed
3925 4074
2319 25513

Mean cover crop production
(kg DM ha~")

Grazed Ungrazed
7,368 6,479
7,014 6,151

Mean gross margins
(LCU ha-1)

Grazed Ungrazed
3,796 3,429
3015 2,705
4,040 3912
2,433 2,112
3,230 2971
1277 1,305

Future climate RCP8.5 (2020-2060)

R-index soybean yield (% change from
normal year)

Grazed Ungrazed
-1% -4%
+4% 0%

R-index cover crop production (%
change from normal year)

Grazed Ungrazed
+10% +7%
—24% —19%

R-index gross margins (% change
from normal year)

Grazed Ungrazed
—3% —6%

+15% +8%
+2% —3%
+6% 0%
0% 0%

No data No data

Mean soybean yield

(kg ha™1)

Grazed Ungrazed
2843 2,869
2,996 2978

Mean cover crop production
(kg DM ha~")

Grazed Ungrazed
7,007 5,809
4,826 4,369

Mean gross margins
(LCU ha-1)

Grazed Ungrazed
2502 2,207
2,999 2,541
2672 2,276
2,769 2,363
2594 2,363

No data No data

Reindex i the percent changein performance during an abnormal yer (high or low precipitation) comparedto a baseline year (normal precipitation). Mean productiviy indicators reflect the
absolute magnitude of a system's performance. Shaded green celis indicate greater resilience for the corresponding system in terms of Rrindiex, meaning either reduced negative impact
of the abnormal year (greater resistance) or increased positive impact (greater recovery). Shaded yellow cells indicate a relative productivity advantage for the corresponding system.
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