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Climate change will put millions more people in Africa at risk of food and nutrition insecurity by 2050. Integrated assessments of food systems tend to be limited by either heavy reliance on models or a lack of information on food and nutrition security. Accordingly, we developed a novel integrated assessment framework that combines models with in-country knowledge and expert academic judgement to explore climate-smart and nutrition-secure food system futures: the integrated Future Estimator for Emissions and Diets (iFEED). Here, we describe iFEED and present its application in Malawi, South Africa, Tanzania and Zambia. The iFEED process begins with a participatory scenario workshop. In-country stakeholders identify two key drivers of food system change, and from these, four possible scenarios are defined. These scenarios provide the underlying narratives of change to the food system. Integrated modeling of climate change, food production and greenhouse gas emissions is then used to explore nutrition security and climate-smart agriculture outcomes for each scenario. Model results are summarized using calibrated statements—quantitative statements of model outcomes and our confidence in them. These include statements about the way in which different trade futures interact with climate change and domestic production in determining nutrition security at the national level. To understand what the model results mean for food systems, the calibrated statements are expanded upon using implication statements. The implications rely on input from a wide range of academic experts—including agro-ecologists and social scientists. A series of workshops are used to incorporate in-country expertise, identifying any gaps in knowledge and summarizing information for country-level recommendations. iFEED stakeholder champions help throughout by providing in-country expertise and disseminating knowledge to policy makers. iFEED has numerous novel aspects that can be used and developed in future work. It provides information to support evidence-based decisions for a climate-smart and nutrition-secure future. In particular, iFEED: (i) employs novel and inclusive reporting of model results and associated in-country food system activities, with comprehensive reporting of uncertainty; (ii) includes climate change mitigation alongside adaptation measures; and (iii) quantifies future population-level nutrition security, as opposed to simply assessing future production and food security implications.
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1. INTRODUCTION

Holistic assessments of climate change impacts and adaptation options require complex integrated knowledge of socio-environmental systems and their inherent uncertainties. Food system adaptation is therefore often referred to as a “wicked problem” (Vermeulen et al., 2013). Required policy decisions become even more complex when seeking to also minimize greenhouse gas (GHG) emissions and enhance food and nutrition security.

The Food and Agricultural Organization (FAO) define food security as “a situation that exists when all people, at all times, have physical, social and economic access to sufficient, safe and nutritious food that meets their dietary needs and food preferences for an active and healthy life.” This is commonly distilled into four “pillars”: availability, access, utilization, and stability over time. Discussion of food security has tended to focus on averting shortfalls in calories. But achieving food security means eliminating all forms of malnutrition (HLPE, 2017), including overnutrition and undernutrition, and taking into account macro- and micronutrients. Here we use the term “nutrition security” to refer specifically to an adequate supply of calories and nutrients for the population. Such complex processes inevitably require assessments of trade-offs and synergies that are challenging to include in modeling systems, and to date, there is comparatively little research in the area of food utilization in particular (Wheeler and von Braun, 2013). For these reasons, a broad range of approaches to assessing pathways toward achieving nutrition security under climate change are needed (Vermeulen et al., 2013). For example, assessments risk losing relevance if they are limited to yield and production projections. Stakeholder input can be used to direct modeling to develop country-specific adaptation recommendations given modeling outcomes (Campbell et al., 2016).

Crop modeling—driven by model projections of climate change—is a powerful tool used to assess future food production (see e.g., Ewert et al., 2015). A range of models with differing degrees of complexity are available for this purpose (Challinor et al., 2009). Integrated Assessment Models (IAMs) describe interactions between the biophysical and socio-economic systems, including how climate change and land use choices impact food production and GHG emissions. IAMs have been used for assessments of future food outcomes (e.g., see Müller and Robertson, 2014). Such models can be difficult to interpret given the complexity of these interrelated processes and uncertainty propagation (Webber et al., 2014; Ewert et al., 2015). The choice of mechanistic detail inherently determines, to a large degree, the skill of the model: too simple and the real-world processes are not captured; too complex and the determination of, and interaction between, model parameters becomes difficult to constrain with observations (Challinor et al., 2018). Thus, models should be of appropriate complexity, which will vary according to the problem being addressed and the observed data available for calibration and evaluation.

Assessment of future national-scale nutrition security can draw on integrated modeling of national-scale changes to future food supply, and resulting changes in per capita nutrient availability. However, analysis of appropriate complexity suggests that not all components of the food system can be explicitly modeled because of a lack of data and understanding of certain underlying processes and how these might scale up to the national level (Sinclair and Seligman, 2000). For example, how national-scale changes to climate change adaptation strategies might affect food access for different demographics is beyond the capabilities of models that seek to represent national-scale nutrition security. Even if all processes were included, this would introduce model components that cannot be evaluated robustly using the available data.

Given the importance of complex, place-based (Beveridge et al., 2018) processes that contribute to determining nutrition security outcomes, and the inability of models to robustly represent these processes, the integration of country-specific knowledge, social science and ecological context with modeling is of high importance in integrated assessments of nutrition security. An integrated assessment framework that combines stakeholder (including policy makers) and academic expertise with integrated climate-food-emissions modeling can therefore help to bridge the gap between large-scale integrated modeling and policy-relevant outputs (Webber et al., 2014; Hamilton et al., 2015).

Scenario frameworks have underpinned much research on global environmental changes over the last four decades, including integrated assessment modeling (O'Neill et al., 2020). Scenarios can serve as a platform around which to explore uncertainties in the future through trade-offs and synergies of interest to decision-makers, across a range of possible futures. While significant progress has been made in this area, O'Neill et al. (2020) highlight that room for improvement remains, notably in the integration of stakeholders in the scenario development process.

In their forward-looking review, Challinor et al. (2018) recommend reframing uncertainty quantification into statements concerning possible risks, especially around processes and trade-offs, as these are likely to be more informative than large uncertainty ranges. Using expert judgement to assess uncertainty is therefore of high importance in policy-oriented modeling. The leading example of this with regard to climate change is the Intergovernmental Panel On Climate Change (IPCC) methodology that ascribes confidence to statements based on the level of result robustness and agreement (Mastrandrea et al., 2011).

Here, we present the integrated Future Estimator for Emissions and Diets (iFEED)—a novel integrated assessment framework for delivering evidence to inform national-level policies on climate-smart and nutrition-secure food systems. iFEED builds upon previous climate change adaptation studies, as recommended by Webber et al. (2014) in that it provides a framework for the integration of climate-food-emissions modeling with in-country agricultural expertise and a range of expert knowledge from the social, climate, agricultural, ecological and nutritional sciences, thus ensuring that results can inform policy and do not omit in-country knowledge. Uncertainty in model outcomes is accounted for using confidence statements that summarize all sources of inherent uncertainty and frame conclusions with appropriate levels of confidence that are supported by expert opinion and the wider literature—thus building on the example of the IPCC (Mastrandrea et al., 2011). A stakeholder-driven scenarios framework is used to characterize possible futures, as recommended by O'Neill et al. (2020); contrasting these possible futures enables robust conclusions to be made regarding the direction of future environmental and policy change, despite the large irreducible uncertainties involved. In summary, iFEED provides a transparent and alternative approach to IAMs in order to assess nutrition security and climate smartness—both of which are neglected areas in climate change impacts and food security scenario studies (Challinor et al., 2018; van Meijl et al., 2020).

The iFEED methodological framework was developed and applied in four case study countries in sub-Saharan Africa: Malawi, South Africa, Tanzania and Zambia. This is a region where climate change will put millions more people at risk of nutrition insecurity by 2050 (Mbow et al., 2017). Holistic policies on agriculture, nutrition and trade are therefore urgently needed (Challinor et al., 2017). The methodology is transferrable to other regions of the globe, since the process includes in-country stakeholder engagement throughout, as well as widely-available climate-food-emissions modeling tools, nutrition data, and expert judgement on future agricultural trade developments.



2. METHODS

iFEED consists of three stages. Each stage is described in the sections as detailed below, and includes a case study of how the methodology was applied in the iFEED case study countries.

Section 2.1 describes the stakeholder-driven scenarios of food system futures (Figure 1; foundation of pyramid). Section 2.1.1 describes the generic scenario process, and Section 2.1.2 its application in case study countries, including stakeholder agreement of changes to agricultural land use, trade, technological impacts on crop yields and adaptation to climate change that take place in each scenario.
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FIGURE 1. iFEED overview.


Section 2.2 describes the integrated climate-food-emissions modeling (Figure 1; first layer of pyramid), including how modeling is summarized using calibrated result statements that are associated with confidence assessments based on expert judgement and literature analysis. Section 2.2.3 details the application of the modeling framework in the specific case study countries.

Section 2.3 describes the process of how model results are expanded upon by a wide range of academic and in-country agricultural experts, ultimately to produce country-level policy recommendations for climate-smart nutrition security (Figure 1; top three layers of pyramid). Section 2.3.2 details the application of expert elicitation in the specific case study countries.


2.1. Stakeholder-Driven Scenario Framework
 
2.1.1. Participatory Scenario Workshops and the Development of Scenario Narratives

There is considerable uncertainty surrounding how food systems will evolve between now and 2050. Plans to develop agricultural systems should recognize this uncertainty and be robust to different possibilities.

A scenario exercise can help with planning for uncertainty by exploring the range of possibilities that the future may hold (Benton, 2019; O'Neill et al., 2020). In such a process, food system stakeholders identify a set of driving forces that shape future food system outcomes. Through discussion, two independent and impactful drivers (known as critical uncertainties) are selected over which there is high uncertainty, thus maximizing the range of possible futures.

The two critical uncertainties are used to create a 2 x 2 matrix that frames four potential future scenarios. Each one of these scenarios is discussed in detail, creating a narrative-driven scenario into which all driving forces of change can be integrated. Subsequently, in-country experts give inputs as to how to represent scenarios in the modeling framework.



2.1.2. Case Study Country Scenarios-Taskforce Input Describing Land Use Allocation, Crop Management, and Adaptation Options

Stakeholders participating in scenario workshops in each case study country consisted of representatives of government, academia, civil society and the agriculture sector—intended to be representative of as broad a range of food system expertise as possible.

In all four countries analyzed, climate risk was selected by workshop participants as the most important critical uncertainty by majority vote. In South Africa, Tanzania, Zambia and Malawi, the second-most voted upon critical uncertainties selected were the extent of land reform, technological development, market connectivity and the efficacy of cross-sectoral food system policies, respectively. In Malawi, efficacy of food system policy implementation was also associated with technological development; in Zambia, technology was also voted upon as an important factor and included in narratives alongside market connectivity. South Africa's non-climate critical uncertainty (land reform) was not associated with technological development, unlike the other countries.

After the scenario narratives were developed, a taskforce of stakeholders was selected by in-country project partner organizations, composed of individuals with expertise in climate-smart agriculture, nutrition security and agricultural and food systems policy. For each country's four scenarios, taskforce members shared their perspectives on how key agricultural trade, land use and crop management factors that can be represented in the integrated modeling system will change from the baseline period (centered on 2000) to 2050. The latter was chosen as a year of focus for this analysis to represent a time far enough in the future such that significant changes to the food system would be possible, due to policy implementation, demographic and biophysical changes.

Specifically, taskforce guidance was sought on changes to arable land area, pasture area for livestock, crop diversity and irrigated area. Input on possible changes to agricultural imports and exports was also provided. Further taskforce input was sought on how to represent adaptation of crops to climate change and how much technological improvements over time will affect crop yields. High technology/high market function/effective policy scenarios in Tanzania, Zambia and Malawi, respectively, were associated with the same percentage increases to yields per crop as were seen historically in observations from 1960 to 2010 - equal to an approximate doubling of crop productivity on average. For South Africa, the non-climate critical uncertainty (land reform) was not associated clearly with technological development in this manner, and therefore an intermediate yield trend was assumed of half that seen historically.

For high technology/high market function/high land reform/effective policy scenarios, where temperature caused a systematic reduction in crop growing season length, varieties were assumed to exist in 2050 that compensate for this projected shortening of the growing season. For the contrasting low technology/low market function/little land reform/ineffective policy scenarios, crop sowing windows and varieties were assumed to be restricted to varieties available in the baseline. Lastly, if stakeholders suggested an increase in irrigation was likely to occur in any scenario, all future areas not currently irrigated in the baseline were assumed to be irrigated.

If there was disagreement among stakeholders the majority opinion was selected; if there was no clear majority, a decision was agreed between the modeling team and stakeholders. Stakeholder scenario assumptions are listed in Supplementary Table S5.




2.2. Integrated Modeling of Scenarios
 
2.2.1. Food Production, Emissions, Trade, and Nutrition Security Outcomes

An integrated climate-food-emissions modeling framework uses multiple models and data sets to represent the impacts of climate change on crop yields, food production, GHG emissions and soil organic carbon. The end result is an assessment of how climate-smart and nutrition-secure each scenario is.

The first stage of the modeling framework is to use future climate projections to model a range of crops that are important from a food security perspective in the Southern Africa region [Figure 2, left-hand side (1)]. Food production changes are based on these projections, stakeholder-prescribed land use assumptions and crop land allocation [Figure 2, center (2)], including required changes to irrigation water [Figure 2, right-hand side (3)]. An analysis of nutrient supplies and requirements given domestic production outcomes and demographic changes under a range of illustrative trade vignettes then provides an assessment of plausible population-level nutrition security outcomes [Figure 2, right-hand side (4)].


[image: Figure 2]
FIGURE 2. Schematic outlining iFEED modeling framework.


GHG emissions and soil organic carbon are modeled following the food production projections [Figure 2, (3)], assessing changes to net emissions and emissions intensity by taking into account crop and livestock production change and land use change. Alongside the integrated modeling of nutrition security and emissions, separate analysis of climate extremes ensures that the changing variability of climate change and its impacts are taken into account.

Section 2.2.3 describes the specific modeling for the four case study countries.



2.2.2. Calibrated Statements Summarizing Model Outputs

For each component of the integrated modeling, modeling experts summarize results using concise statements of key results called calibrated statements (CS). Each CS is associated with an assessment of confidence. Confidence is expressed in terms of the robustness of the evidence (based on any available quantifications of uncertainty, such as across climate model inputs, and the expert judgement of the modelers) and agreement of iFEED results with other work (based on assessments of the wider literature). An aggregate assessment of confidence is then made for each CS, combining both robustness and agreement assessments (see Table 1). This confidence assessment is based on IPCC uncertainty guidelines (Mastrandrea et al., 2011).


Table 1. Confidence assessments based on model robustness and agreement with literature.
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2.2.2.1. Robustness Assessment

An assessment of CS robustness to model assumptions and decisions is made, for example how changes to crop model parameters or climate model inputs might affect crop yield outcomes. Robustness assessments therefore include the uncertainty associated with the climate model input data, but are not limited to this—they take into account judgement of how robust the conclusion is given all relevant decisions and assumptions that go into representing a particular model component of each modeled scenario.

IPCC calibrated language is used to allocate low/medium/high robustness. Robustness is allocated by judging whether, with different possible parameters/assumptions/climate model inputs:

• A different main conclusion is likely (e.g., >33% of climate models are outliers*) = Low robustness.

• The main conclusion is most likely the same (e.g., 10 to 33% of climate models are outliers) = Medium robustness.

• The conclusion is virtually certain/very likely the same (e.g., <10% of climate models are outliers) = High robustness.

*outliers are defined as being 1.5 x IQR +/− 3rd/1st quartile.



2.2.2.2. Agreement Assessment

An assessment is also made of the agreement of the CS with relevant material from the scientific literature:

• Low agreement = the majority of other information disagrees with iFEED results. For example, the average projected change is significantly different to the typical changes reported in the literature, and some projections are outside of the full literature range.

• Medium agreement = partial agreement with other information. For example, the average change is outside of the typical range, but all projections overlap with the full literature range.

• High agreement = strong agreement with other sources of information. For example, the average projected change is within the typical changes reported in the literature, and all projections are within the full literature range.



2.2.2.3. Combined Confidence Assessment

A combined confidence score is then given, incorporating both robustness and agreement, as shown in Table 1. For example, if a CS is associated with high robustness but low agreement with the literature, it is associated with medium confidence.




2.2.3. Case Study Country Integrated Modeling

This section contains the specifics of iFEED modeling applied in Malawi, South Africa, Tanzania and Zambia. Firstly, the preparation of specific input data for application in these countries is detailed, and then the modeling methods are described.


2.2.3.1. Input Data

2.2.3.1.1. Climate Data. Coupled Model Intercomparison Project Phase 5 (CMIP5) climate projections were used as climate input data for the iFEED analysis. These data were bias-corrected to more accurately represent the African climate using WFDEI data (WATCH Forcing Data methodology applied to ERA-Interim data) and the cumulative distribution function transform (CDF-t) method (Famien et al., 2018). The data were from the years 1980 to 2099, and available at 0.5° resolution. We used data from two Representative Concentration Pathways (RCPs)—RCP2.6 and RCP8.5—to represent the low and high climate change risk scenarios, respectively. RCP2.6 represents an optimistic climate change scenario, with emissions peaking and declining before 2050. RCP8.5 represents a pessimistic climate change scenario, with emissions continuing to rise in 2100.

From the original 29-model ensemble of Famien et al. (2018), models were limited to those that had data for both RCPs of interest to allow a direct comparison of models in the two RCP ensembles. That meant that the following models were excluded as they did not have data for RCP2.6: ACCESS1-0, ACCESS1-3, CMCC-CESM, CMCC-CM, CMCC-CMS, HadGEM2-CC, IPSL-CM5B-LR, MRI-ESM1 and inmcm4.

Two further models (HadGEM2-ES and HadGEM2-AO) were excluded from the CMIP5 ensemble as they did not have full 365-day calendar years of bias-corrected data which the daily time-step modeling requires. This left a total of 18 models in the bias-corrected CMIP5 ensemble used in this analysis: bcc-csm1-1, BNU-ESM, CSIRO-Mk3-6-0, GFDL-ESM2G, IPSL-CM5A-LR, MIROC-ESM, MPI-ESM-LR, MRI-CGCM3, NorESM1-M, bcc-csm1-1-m, CanESM2, CNRM-CM5, GFDL-CM3, GFDL-ESM2M, IPSL-CM5A-MR, MIROC5, MIROC-ESM-CHEM, and MPI-ESM-MR.

The size of the climate model ensemble (ranging from a possible 25 to 42 models in the case of CMIP5 models; Taylor et al., 2012) can be prohibitive in studies where climate model data are used as inputs into other complex impacts models. Representative subsets of climate models are therefore useful in that they allow a regionally-specific representative range of climate projections, whilst allowing computer simulation time to be devoted to other areas within the impacts arena (McSweeney and Jones, 2016). Note that a subset of 5 of the 18 climate models is used for the trade and nutrition analysis, and the emissions and soil organic carbon modeling. See climate model input data Supplementary Section S1.5 for more information on how this subset was selected using the methods of Ruane and McDermid (2017).

2.2.3.1.2. Soil Data. Soil data were from the Regridded Harmonized World Soil Database v 1.2 (Wieder et al., 2014). The soil input parameters required for crop modeling were the drained lower limit, drained upper limit and saturation limit. Percentage values of sand and clay, aggregated to the 0.5° grid, were used to calculate the above hydrological parameters using the method of Saxton et al. (1986).

2.2.3.1.3. Crop Area and Irrigation Information. For the food production analysis, LUH2 data (Hurtt et al., 2011) were used as land use data. This dataset features different land cover classes but not crop-specific data; instead, LUH2 provides information on broad crop photosynthetic pathway categories such as C4 annual and C3 annual crops. These crop classes were calculated by aggregating the crop-specific area data from Monfreda et al. (2008) to the relevant class.

The area data were matched to 2000 FAO national area totals for each crop by dividing the relevant class, based on the national fraction of LUH2 categories that were each crop according to FAO data. For example, if the FAO maize area was 60% of the total LUH2 C4 area in Zambia, 60% of the C4 area in each grid cell in Zambia was assumed to be maize. In some cases, insufficient area data were available for a crop type. If this occurred, area was re-categorized from other categories and assigned to the relevant crop class. In Malawi, other crop and pasture areas were re-categorized to C3 and C4 annual crops to match FAO area information. In Tanzania, C3 annual crop area data were re-categorized to add to the C3 nitrogen-fixing crop areas to match FAO statistics. This process was done sequentially in each grid cell, so that area was taken from the most similar land use type first, in order of: other annual crop area, other perennial crop area, and lastly pasture area.

Irrigation for the baseline was determined by a majority grid cell approach using the MIRCA data set (Monthly Irrigated and Rainfed Crop Areas; Portmann et al., 2010), representing information from the years 1998–2002. If greater than 50% of growing area in a grid cell was irrigated, supplementary irrigation simulations were used for that grid cell.

Shapefiles from the Database of Global Administrative Areas were used to define national boundaries (http://www.gadm.org/). Data were gridded onto a 0.5° grid to match the climate data using the statistical software R (R Core Team, 2017) and the Geospatial Data Abstraction software Library (GDAL/OGR contributors, 2019). In any grid containing two or more countries, the grid cell was assigned to the country with the largest fraction of area in that grid cell.

2.2.3.1.4. Protected Area Information. Data from the World Database on Protected Areas (WDPA; UNEP-WCMC and IUCNe, 2019) were used to define the amount of protected areas at the national scale that were excluded from baseline and future agricultural use. Data were gridded onto a 0.5° grid to match the available weather data using the statistical software R (R Core Team, 2017).

WDPA data consist of polygons and point data. Point data are associated with latitude and longitude but do not have boundary information. These data were included by adding the protected area from each point to the relevant grid cell. Any points that overlap with polygons were excluded.

Some of the designated protected area polygons in WDPA overlap—i.e., the same protected area can have multiple designations in the data set. Any duplicated or overlapping areas were removed from the data set when gridding. Any protected areas with unreported area were also excluded, as were protected areas with polygons smaller than 0.01 km2 as this is the approximate size of grid cells at the equator of the resolution used to grid and aggregate the WDPA data. Marine-protected areas were not included, and any protected areas designated or reported after the year 2000 were excluded as this is the center of the baseline period (with which crop growing areas are associated). Lastly, point areas were added to each grid cell and the data were aggregated to the 0.5° grid.



2.2.3.2. Modeling for Future Food Projections

The crops modeled in the four case study countries were maize, soybean, potato and groundnut. Modeling of these crops underpinned projections of the full range of agricultural commodities.

The General Large Area Model for annual crops (GLAM; Challinor et al., 2004) was used to run crop simulations that assess changes to yield mean and variability in the future. Simulations were conducted using a historical period around the year 2000 (1990 to 2010), out to a future period centered on 2050 (2040–2060). Planting windows and crop varieties were selected based on the combination that returned the highest yield in each year (using a rolling 21-year average). Different crop varieties were defined using different maturity classes. Simulations assumed irrigated conditions according to MIRCA data (Portmann et al., 2010) in the baseline and a range of irrigation conditions in the future (as defined by scenarios—see Supplementary Section S1.7).

Simulations were conducted for RCP2.6 and 8.5 (to represent low and high climate risk) using data from Famien et al. (2018). Carbon dioxide fertilization was accounted for by changing transpiration efficiency, radiation use efficiency and the maximum transpiration rate to simulate the responses seen in FACE data according to Kimball (2016). Additional simulations explored all possible yield gap and irrigation levels, as well as adaptation to not allow systematic reduction in the length of the crop growing season. See Supplementary Section S1.7 for more information on crop modeling methods and for model evaluation in case study countries.

These projections were used as the basis of a “gap-filling” method to assess climate impacts on yields for a full range of agricultural commodities. This involved averaging over C3 crop results for the majority of crops, and using maize projections as the basis for other C4 crops, similarly to Müller and Robertson (2014). Table 2 gives full details of simulated commodities. All crops with growing area according to FAO (2020) in the baseline period were included in the analysis. All crop yields were weighted to match mean baseline yield levels according to FAO (2020).


Table 2. Mapping of crop model results onto the agricultural commodities in FAO.
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The impact of technology trends on future yields is also accounted for; past trends in observed yield data from FAO (2020) were analyzed, with the largest trend from 1961 to 2010 across all four countries applied to future yields in the “high tech./high market efficacy/high policy efficacy” scenarios for Tanzania, Zambia and Malawi, respectively. For the converse “low tech.” scenarios in these countries, no technology improvement was applied to yields. All four South Africa scenarios assumed half of the trend applied in the other countries, as the non-climate critical uncertainty was not clearly related to technological improvement and therefore an intermediate yield trend was assumed. If mean yields exceeded the maximum global yield historically for any crop then they were capped at this level; for the four explicitly modeled crops, if yields exceeded maximum simulated potential yields they were also capped. See Supplementary Section 1.2 for more information on gap-filling and trend methods.

Cropland allocation was determined as follows. In the high technology scenarios, future arable crop areas were optimized to maximize crop production based on future crop yields using the R package Rsolnp (Ghalanos and Theussl, 2015), which uses optimization based on the algorithm of Ye (1987). For lower technology scenarios, and all South African scenarios (not being clearly associated with technological change) simpler changes to future arable crop areas were assumed, with current crop areas remaining in the same grid cells in future and using simple expansion or contraction of land and changes to crop diversity, expressed as a change toward or away from maize. See Supplementary Section S1.3 for more details.

It was assumed that protected areas will stay constant between baseline and 2050. Urban areas and forests were also excluded from agricultural use in 2050. The protected areas were assigned spatially in coherence with the LUH2 data. The fraction of primary areas needed to match the WDPA area nationally was used to define the fraction of the primary area in each grid cell that was designated as protected. If more than the primary land available nationally is needed to cover the protected areas nationally then the fraction of the secondary land needed at the national scale was also used at every grid cell. Any forested areas in the LUH2 data that were not included in these defined protected areas were also preserved (i.e., not used for baseline or future agriculture).

Using (a) results from the crop modeling, providing crop yield projections in 2050 and (b) future crop areas, as defined by the above prescribed land use assumptions and cropland allocation, food production volume changes from the baseline to 2050 for all crops were calculated. Production changes for livestock commodities were calculated using regressions based on the historical relationships between livestock food and livestock production (Herrero et al., 2013). There are seven livestock production categories in the Herrero et al. (2013) data that were used to train regressions: bovine meat, bovine milk, sheep and goat meat, sheep and goat milk, pig meat, poultry meat, and poultry eggs.

Country-level multiple linear regressions related livestock food sources to livestock production using grid cell-level data from the data set described in Herrero et al. (2013). National-scale percentage changes to livestock food categories (crop production, residues and livestock pasture) were applied to the mean baseline grid cell data used to train regressions, giving a change to 2050 for livestock food sources. Regressions were then used to project 2050 livestock production. This assumed that proportionally, livestock groups use the same feed as in the baseline.

The percentage changes to livestock production categories were then applied to the appropriate livestock commodities in FAOSTAT Food Balance Sheets (FBS) for input into the nutrition security analysis (e.g., percentage changes to pig meat informed future pig production; where necessary, aggregated changes were calculated for aggregated FAO categories such as Fats, Animals, raw). Fish products were assumed to be constant between baseline and future. See Supplementary Section S1.4 for more details on livestock regressions and livestock commodity mapping.



2.2.3.3. Nutrition Security Analysis Under Different Trade Vignettes

Using the food production projections of commodities in Table 2 and baseline values for foods not modeled (e.g., seafood), nutrition security implications were assessed for a range of plausible trade futures for each scenario. Medium-variant United Nations (UN) population projections for 2050 were used to translate age- and sex-specific per capita nutrient requirements into population-level nutrient targets in each country (Figure 2; right-hand side). Figure 3 shows the workflow of the trade and nutrition security analysis.
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FIGURE 3. Flow diagram of the trade and nutrition security analysis.


A subset of 5 of the 18 climate models was used for the trade and nutrition security analysis; (see Supplementary Section S1.5) for more information on how this subset was selected. This analysis results in a large range of nutrition security outcomes that are dependent on area, yield and technological changes for domestic food production, climate pathways, and trade balances; climate model uncertainty was a comparatively small factor in shaping final nutritional outcomes. Additionally, results associated with the 5-climate model subset represented a significant fraction of the range from the wider ensemble when tested in South Africa.

Nutrient supply was estimated from FAO FBS data. The FBS provided an estimate of the supply of 96 food commodities within each country based on domestic production, imports and exports, including stock variation of each commodity within the country. These data were further categorized into the supply for human consumption and other uses (e.g., feed, seed and losses) and provided an estimate of per capita supply of calories, protein and fat. Data for micronutrients are not supplied in the FBS, therefore in iFEED these were calculated for each country using a method developed by Macdiarmid et al. (2018). In summary, FBS food commodities were converted to food as eaten, adjusting for unavoidable (e.g., inedible peel, bones) and household waste (e.g., edible food; FAO, 2011). The food commodities were disaggregated into food items and matched to foods in country or region-specific food composition tables, which provided an estimate of the supply of calories, protein, fat, carbohydrate, saturated fat, fiber, calcium, zinc, iron, vitamin C, thiamin, riboflavin, niacin, folate and vitamin B6. Each food item was then weighted to represent the quantity of each food eaten at a country level, before being aggregated back to the commodity groups, and then total nutrient supplies calculated.

The marker of adequate nutrition supply was set to achieving the supply of population-level nutrient requirements taken from World Health Organization recommendations. The nutrient requirements are country-specific and adjusted for projected demographic changes (i.e., population size, age, sex, fertility rates) based on medium-variant UN projections to 2050.

For each scenario quadrant in each country, nutrition security was evaluated under a range of four illustrative trade ‘vignettes’ to demonstrate that nutrition security outcomes are crucially dependent not only on evolutions to domestic production but also on choices about which, and how much, agricultural commodities are supplied to and sourced from international markets. The four vignettes were self-sufficiency (assuming no imports or exports and thus addressing how well domestic production matches domestic requirements); business as usual (imports and exports remain in the same proportions to domestic production as at baseline); stakeholder expectations (reflecting in-country expert judgements about likely future trade dependencies); and trade optimisation for nutrition security. The first three vignettes assessed nutrition security outcomes under contrasting future trade relationships; the fourth vignette provides an indication of import requirements and surpluses available for export if nutrition security requirements are realized, given 2050 domestic production projections.



2.2.3.4. Modeling Changes to Agricultural Greenhouse Gas Emissions and Soil Organic Carbon

The ECOSSE model (Estimating Carbon in Organic Soils—Sequestration and Emissions; Smith et al., 2010a,b) provided projections of greenhouse gas emissions, soil organic carbon (SOC) and nitrogen (N) dynamics associated with agriculture in each future scenario, taking into account yield and land use changes.

ECOSSE is based on the concepts of RothC (Jenkinson and Rayner, 1977; Jenkinson et al., 1987; Coleman and Jenkinson, 1996) and SUNDIAL (Bradbury et al., 1993; Smith et al., 1996). Soil organic matter (SOM) is described in the model as pools of inert organic matter (IOM), humus (HUM), biomass (BIO), resistant plant material (RPM) and decomposable plant material (DPM). If the carbon (C) plant input is not provided in the input file, it is estimated by a modification of the Miami model (Lieth, 1975), which is a simple conceptual model that links the climatic net primary productivity (NPP) to annual mean temperature (T) and total precipitation (P) (Grieser et al., 2006). Plant C and N inputs are added monthly to the DPM and RPM pools.

ECOSSE calculates the heterotrophic respiration (Rh) from the decomposition process which depends on temperature, water content, plant cover and pH of the soil and exchanges material between the SOM pools. The minimum inputs needed for ECOSSE are monthly precipitation (mm), temperature (°C) and potential evapotranspiration (PET, mm) and long-term averaged monthly precipitation and temperature. The soil requirements are the initial soil C content (kg/ha), soil depth of measurements (cm); soil sand, silt and clay content (%); soil bulk density (g/cm3) and soil pH. A constant 15% of biomass residues are assumed to remain on the ground following harvest. For a full description of the ECOSSE model and the plant input estimates refer to Smith et al. (2010a) and Dondini et al. (2016).

A spatial version of ECOSSE—Global ECOSSE (version 6.2b)—was used to model SOC, C and N fluxes on a spatial resolution of 1 km x 1 km for Malawi, Zambia, South Africa and Tanzania. Soil input data were derived from the Regridded Harmonized World Soil Database v1.2 (HWSD; Wieder et al., 2014). The simulations run from 2000 to 2060, using the scenario assumptions described in Table 3.


Table 3. Land use classifications simulated in ECOSSE.
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Due to the large processing requirements of ECOSSE and a lack of sensitivity in modeled outcomes to climate model inputs, a subset of 5 of the 18 climate models was used for ECOSSE simulations; (see Supplementary Section S1.5) for more information on how this subset was selected. ECOSSE results from each of the 5 climate models were used in conjunction with the 18-model ensemble land use and yield change results. For example, the “hot-dry” representative model in the climate model subset was used in conjunction with yield and land use change results for all “hot-dry” models.

To incorporate crop yield change, an average yield change across all crops was first calculated in each 0.5° grid cell. This was a weighted average, with weighting in favor of those crops that had more area in the future in each grid cell. A regression equation was fit to each ECOSSE output that related yield change to output values. This allowed intermediate outputs associated with yield change to be calculated. When applied yield changes in future arable land resulted in negative emissions/NO3, these were fixed at 0 kg/ha. ECOSSE outputs were at a finer resolution than the GLAM and land use outputs. Therefore, the yield change in each GLAM grid cell was used for each finer resolution ECOSSE grid cell, and the results from all finer resolution grid cells were then averaged to calculate values at the 0.5° grid on which GLAM was simulated.

To incorporate land use change, the percentage of each grid cell that was continuous arable, continuous grassland (both livestock pasture and other grasslands), arable to grassland or grassland to arable was calculated, and the appropriate simulations from ECOSSE used for each land use category.

The per area ECOSSE future outputs were then multiplied by the area in each grid cell that was continuous arable, continuous grassland, arable to grassland or grassland to arable. This gave future absolute values of SOC and emissions, from the land that changed from arable to grassland or grassland to arable, as well as the emissions and SOC from the land that was continuous grassland or arable. Total emissions associated with each future agricultural land use pattern were then calculated.



2.2.3.5. Climate Extremes

Parallel work assessed the risks of extreme weather events such as extreme heat, precipitation, drought and severe storms. Analyses included estimating the historical risk of extreme years of rainfall and temperature, projected changes of severe storms and drought and specific agro-climatic indicators of extreme heat and rainfall.

2.2.3.5.1. Present-Day Extremes. To gain a better understanding of the present-day likelihood of extreme seasonal temperature and rainfall events, and their joint occurrence, we apply the UNprecedented Simulated Extremes using ENsembles (UNSEEN; Thompson et al., 2017) approach to a large ensemble of high-resolution initialized climate simulations in each country. We use UNSEEN to assess the annual likelihood of unprecedented seasonal temperature and precipitation extremes in the maize-growing regions of each country during January-March, and investigate the large-scale dynamics of the climate system that govern their occurrence.

2.2.3.5.2. Severe Storms. We used extreme value theory (EVT; Gilleland and Katz, 2006; Overeem et al., 2009) and regional frequency analysis to look at how very rare rainfall extremes (> 2-year return period) change with climate change in a convection-permitting model and its parameterised counterpart in East Africa (Chapman et al., In press). We also used the CORDEX-Africa ensemble (Jones et al., 2011) of regional climate models to see how length of time series impacted results. We compared the model results to the CHIRPS (Funk et al., 2015) and TRMM (Huffman et al., 2007; Huffman, 2016) satellite data.

2.2.3.5.3. Drought. Drought was assessed using the SPEI (standardized precipitation and evapotranspiration index; Vicente-Serrano et al., 2010; Whitfield et al., 2021). Drought was defined as SPEI < = −1. Droughts were assessed using the CORDEX-Africa ensemble of regional climate models.

2.2.3.5.4. Agro-climatic Indictors. Climate indices based on temperature and precipitation data can be used to provide more information about potential impacts than the temperature and precipitation data alone. We used the CMIP5 data biased-corrected to the WFDEI observational dataset (Famien et al., 2018) to generate specific climate indices of the mean number of consecutive dry days per month and the percentage of the month in which the mean temperature is greater than 35°C for the baseline period of 1981–2010 and the future period of the 2050s (2036–2065).

2.2.3.5.5. Yield Shock Rates. Changes to yield shock rates were assessed between a baseline of 1990–2010 and 2040–2060. Simulations were rainfed, and assumed adaptation of planting windows and varieties (this is considered autonomous adaptation, as these are the varieties available in the baseline climate). Yield shocks were defined as when yields were below 1.5 standard deviations from the baseline mean value (across each 21-year period), as in Parkes et al. (2015). Yield shocks were assessed for maize, soybean, potato and groundnut.




2.3. Expert Elicitation
 
2.3.1. Implication Statements and Integration Workshops

The calibrated statements (CS) described in Section 2.2.2 are expanded upon by a wide range of academic experts who examine model results and provide implication statements (IS). This process builds upon the integrated modeling to ensure that processes/topics not explicitly modeled are included in final result summaries.

IS are made in small academic expert teams around specific topic areas. These topic areas are agreed with in-country stakeholders and based on the expertise in the research team, selected to cover the various aspects of importance to climate change impacts and agricultural resilience in the region being studied.

The next stage of the process broadens the engagement out to the full range of experts and stakeholders involved in the project. Integration workshops are used for facilitated discussion of the IS in order to sense-check agreement with modeled outputs and across other IS. This step minimizes the chance of misinterpretation of CS. It also ensures that interrelationships between implications are adequately captured. At these workshops, each group of IS are presented to the full team and collectively agreed upon. Wider contextual details can also be discussed for inclusion in final result summaries. Figure 1 summarizes this process.

Expert elicitation in iFEED addresses a number of the guidance points raised during IPCC AR5 (Mach et al., 2017). For example, the process of moving from hundreds of thousands of model simulations to hundreds of CS, and then to a similar number of IS, is aimed at achieving appropriate generalization by going beyond listing model results and clearly stating implications. The involvement of a broad range of experts in developing IS is critical to ensuring that results are not extrapolated beyond what the model results themselves suggest.




2.3.2. Case Study Country Expert Elicitation

The following is a description of the application of the IS and workshop process in the case study countries. The topics around which IS were made by academic expert groups on each modeled scenario were as follows:

• Soil health: implications for soil erosion, degradation, soil organic carbon and fertility; how management practices such as fertilizer and irrigation application can be implemented to improve sustainability; how intensification of agriculture may impact soil health; implications of expanded livestock for soil health.

• Aflatoxin risk: how maize post-harvest losses could be impacted given climate and policy changes through aflatoxin contamination.

• Cassava toxicity: how temperature and drought changes could impact the cyanide concentrations (and therefore toxicity) of cassava, with likely implications on diets explored.

• Crop diversification: implications of reduced or enhanced crop diversity in terms of soil health, resilience to climate change, and pests and diseases; management implications for diversification; trade-offs between commercialization of crops and a diversified crop sector.

• Livestock: benefits of livestock diversification; water demands of increasing livestock; livestock breeding and management improvements.

• Pests and diseases: are biotic stresses likely to increase with climate change and/or agricultural intensification? Management practices necessary to cope with pests and diseases; policies that can be adopted to mitigate against increasing pest and disease impacts.

• Seed systems: crop breeding implications; whether new varieties are needed; the likelihood that new varieties can be developed (in time) to cope with climate change; how seed systems may need to change in terms of farmer access to genetic material.

• Water-energy-food nexus: possible conflicts between the agricultural and energy sectors for water use; possible pressures and upper limits to irrigation water given demand-driven projections; water quality implications.

• Trade and nutrition: given projected changes to domestic food production, what changes to crops, livestock or trade could be needed in order to achieve nutrition security?

• The social context: household and livelihood perspectives; which demographic groups are vulnerable to climate impacts; environmental implications of modeled agricultural changes.

Next, integration workshops were conducted to ensure CS and IS agreement. Wider contextual details were also discussed as they arose upon presentation and agreement of the IS. In all countries, some scenarios assumed that irrigation water use would increase by 2050. Integration workshops made clear that the broader implications of increasing water needed expanding upon—in particular, what this could mean for the energy sector, for example diverting water from hydro-electric power and toward agriculture. The potential for land use conflict across sectors and between producers was emphasized in Tanzania—although modeling assumed no expansion of agriculture in forested or protected areas, Tanzania experts emphasized that agricultural expansion is a major driver of deforestation in the country (Doggart et al., 2020) and that conflict between humans and wildlife, and between crop and livestock producers, are exacerbated in areas of crop expansion (Bergius et al., 2020; Msofe et al., 2020). Similarly, in Malawi, the importance of understanding potential conflicts around land for agriculture was discussed, with the importance of miombo woodlands emphasized. In South Africa, land reform was a point of particular discussion—following discussions at the workshop additional IS were drafted to further explore what land reform could entail with or without significant government support.

After the integration workshops, results were summarized (for each scenario and country) firstly by topic area. The topic areas were: food production and land use, climate smartness (including emissions and soil health), trade and nutrition security, and climate extremes.

Scenario and country-level summaries were then produced by collating the relevant topic summary information. This process was led by a country-specific member of the academic team. Country-level (cross-scenario) summaries were produced by collating the scenario summary information, resulting in country-level recommendations on the best course of action to achieve climate-smart nutrition security. At the country-level result stage, summaries were produced in consultation with in-country iFEED champions, selected from the wider iFEED stakeholder taskforce, and overseen by an iFEED Africa Coordinator and Regional Champion. Thus, policy actions with positive outcomes based on cross-scenario results were identified.





3. EXAMPLE RESULTS

As described in previous sections, iFEED provides both quantitative and descriptive results. All results are available to view at https://ifeed.leeds.ac.uk/. Crop modeling outputs are available to view directly, along with the following result summaries.

Key model results are viewable as calibrated statements (CS), as described in Section 2.2.2. Example calibrated statements are shown here—specifically how crop yield projections are used to make CS, and then how the CS are used to create implication statements. We also demonstrate how these statements are incorporated into wider result summaries to firstly assess food production outcomes, and then country-level nutrition security.


3.1. Calibrated Statements

For each scenario, crop yield projections used the adaptation options as agreed with stakeholders. For example, in low technology scenarios, only incremental changes in planting dates and crop varieties were permitted. In high technology scenarios new crop varieties were simulated that compensated for warming-induced growing season duration reduction. The calibrated statements for the two low climate risk scenarios for Zambia are as follows. Note that the confidence assessments are based on a robustness assessment (expert opinion on model uncertainty) and an agreement assessment, as described in Section 2.2.2.

Calibrated statement for the low market connectivity and RCP2.6 scenario:

The mean percentage change to maize yield with autonomous adaptation for RCP2.6 is –14% (range across climate models –28 to –4%; 0/18 climate models are outliers).

Robustness assessment: Medium robustness. 0/18 climate models are outliers, which means highly robust with respect to climate model uncertainty; however, there is some uncertainty associated with crop model parameterisation (e.g., CO2 and response to duration, which differ across crop models; and only one crop model was run here). Therefore, the robustness assessment has been downgraded to medium.

Agreement assessment: High agreement. Many studies in the literature suggest that maize yields are likely to decline with climate change, even with some adaptation. The Challinor et al. (2014) meta-analysis shows a range of yield losses with adaptation that are entirely commensurate with the range produced by iFEED, hence high agreement.

Confidence Assessment: High confidence (medium robustness and high agreement).

Calibrated statement for the high market connectivity and RCP2.6 scenario:

The mean percentage change to maize yield with adaptation to negate warming-induced growing season reduction for RCP2.6 is 5% (range across climate models –1 to 13%; 0/18 climate models are outliers).

Robustness assessment: Medium robustness. 0/18 climate models are outliers, which means high robustness with respect to climate model uncertainty; there is also some uncertainty associated with crop model parameterisation (e.g CO2 and response to duration, which differ across crop models; and only one crop model was run here). Overall, this suggests medium robustness.

Agreement assessment: Medium agreement. Many studies in the literature suggest that maize yields are likely to benefit from adaptation; there is uncertainty over how large this benefit is. For example the Challinor et al. (2014) meta-analysis shows figures of 7–15% in general for adaptation, but for cultivar adjustment in particular the benefit could be higher than 20%. The positive yield change with this adaptation is also seen in many studies in the meta-analysis, although the mean change is negative. The cultivar adjustment adaptation benefit range in Challinor et al. (2014) overlaps with the range from iFEED, although iFEED projections indicate that the benefit (upwards of 30%), is on the high side of other studies, therefore medium agreement.

Confidence Assessment: Medium confidence (medium robustness and medium agreement).



3.2. From Calibrated Statements to Country-Level Result Summaries

The next step in the process is to move from calibrated statements to wider-ranging implications statements. Here, we present some examples based on the implications of the yield projections on the household and livelihood social context, crop breeding systems, and crop pest and diseases. See Section 2.3 for more details.

Low market connectivity (incremental adaptation only) with RCP2.6:

• Reductions in yields for cash crops are likely to lead to acute income loss, undermining household resilience and increasing financial vulnerability.

• Reductions in maize yields will likely lead to diversification to alternative staple starch food sources e.g., cassava, potato, rice, wheat etc.

• It can take up to 20 years from initial investment in breeding for new varieties to be available and in farmers' fields. With temperatures expected to be warmer by 1°C by 2050, continued investment in crop breeding is required in order to ensure that the adaptation of crops can keep pace with changing conditions. This may include investments in technologies that speed up the breeding process or alignment of policies that facilitate the movement of genetic material, improve access to new varieties for farmers, and enhance farmer participation in seeds value chain activities (e.g., seeds production and commercialization).

• Under low market efficacy, farmers would not afford to use chemical pesticides and crop pest and disease-resistant crop varieties.

High market connectivity (with new crop varieties) with RCP2.6:

• If markets are inclusive and sustainable, yield increases may raise incomes.

• If markets are not inclusive or sustainable, yield increases have limited impacts on incomes.

• Well connected and efficient markets may be contributing to demand driven investments in crop breeding under this scenario.

• Due to market integration, farmers will have better access to resistant and improved varieties of crops, mechanization, and chemical fertilizers and pesticides. However, pests and pathogens may evolve to overcome the genetic resistance of crops and chemical pesticides, resulting in severe crop failures with detrimental impacts on food availability and nutrition.

These CS and IS are collated (along with statements summarizing other results in the areas of, for example, soil health, land use, food production and nutrition security) in four identified topic areas (see Section 2.3): food production and land use, climate smartness (including emissions and soil health), trade and nutrition security, and climate extremes.

For example, in the low market connectivity and RCP2.6 scenario, food production stagnates by 2050, as described in the food production document. In the high market connectivity and RCP2.6 scenario, food production increases, approximately tripling by 2050, due to a combination of irrigation and crop variety improvements, and crop diversification away from maize.

• Food production summary for low market connectivity and RCP2.6 scenario

• Food production summary for high market connectivity and RCP2.6 scenario

Following this, results are further aggregated to the scenario and country level, and are available to view in the summary documents linked to below. Here, what food production means for nutrition security given the various trade vignettes is described, with key messages highlighted at the top of each document. For example, in the low market connectivity and RCP2.6 scenario: “with a 276% increase in population, low market connectivity and yield reductions will mean that Zambia will not achieve food and nutrition security under all likely trade scenarios; if nutrition security were to be achieved through increased reliance on food trade, 81% of calories would need to be imported.”

In the high market connectivity and RCP2.6 scenario, despite food production increases: “with a 276% increase in population, Zambia will not achieve nutrition security for all nutrients under all likely trade scenarios; if nutrition security were to be achieved through increased reliance on food trade, 43% of calories would need to be imported.”

See here for the scenario summaries in full:

• Scenario summary for low market connectivity and RCP2.6

• Scenario summary for high market connectivity and RCP2.6

The country-level summary then discusses cross-scenario implications. For example, summarizing the nutrition security results and wider implications, ultimately stemming from yield projections, land use allocation, and scenarios of trade:

• Under the scenarios with low market connectivity crop yields are projected to decrease by 2050. Yield losses range from 1% with some autonomous adaptation (reactive individual actions to changes in environmental or social conditions, e.g., changing varieties and/or planting dates), to as much as 10-20%. These yield reductions, coupled with a lack of technological intervention, and a 276% increase in the population by 2050, mean that Zambia is likely to face significant food insecurity, even under low climate risks.

• Under the high market connectivity scenarios (RCP8.5—HT; RCP2.6—HT) incomes are expected to increase through yield increases driven by investment in farm technology and crop varieties, irrigation, etc., regardless of the level of climate risk. However, markets will need to be inclusive and sustainable for these increased incomes to be realized by all farmers. Otherwise, inequalities may be increased as households who cannot afford technologies and improved varieties are left behind. Reducing inequalities should be an important consideration for the Farmer Input Support Programme (FISP). Without market connectivity (RCP8.5–LT; RCP2.6–LT) yield losses will reduce incomes, undermining household resilience and increasing food insecurity.

• Across all the scenarios nutrition security is not achieved for all nutrients by 2050 under all likely trade scenarios. In part this is driven by a projected 276% increase in the size of the population. Market connectivity and functionality has a much more significant impact on nutrition outcomes than does climate risk, with more market connectivity and functionality associated with better nutrition security outcomes. In all but one scenario (RCP8.5—HT) there is a deterioration in nutrient security from the year 2000 baseline, although in RCP2.6—HT vitamin C, B6 and thiamine supplies are adequate and protein supply is marginally adequate. In all scenarios many foods will need to be imported to meet domestic nutrient requirements.

See here for the Zambia summary document in full.

Section 4 contains a detailed discussion of the strengths and limitations of iFEED.




4. DISCUSSION

iFEED is an integrated assessment framework that combines climate-food-emissions modeling with expert input to describe stakeholder-driven scenarios of possible change. The framework addresses several issues for climate change adaptation studies, as highlighted in Challinor et al. (2018); integrated assessment framework issues as highlighted by Webber et al. (2014); and climate-smart agricultural assessment issues as highlighted by van Wijk et al. (2020).

Inevitably, the methodology has limitations and, as with any approach, it is important to assess these limitations in order to aid interpretation of results and suggest future directions for research. Accordingly, a critical review of iFEED, based on the recommendations of Challinor et al. (2018), can be found in Supplementary Section S1.1, with the scores associated with each recommendation listed in Table 4. The following three sections summarize the main outcomes of this process.


Table 4. Assessment of iFEED against criteria of Challinor et al. (2018). A score out of 4 is given for each criterion.
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4.1. Framing and Bounding the Assessment With Stakeholders

The scenario framework that iFEED uses contrasts different possible futures as determined by stakeholder input. These scenarios give the overall framing of the problem by defining the factors that shape the future of the food system and how they might vary in the future. The problem is therefore framed and bound by the scenario process—stakeholders are asked what the key issues are that will shape the food system, and how we might go about addressing the challenges of achieving sustainable agricultural development—i.e., climate-smart nutrition security.

As O'Neill et al. (2020) acknowledge, stakeholders often find reference scenarios of no change unrealistic, although these have an important role to play in scenario analysis. A combination of stakeholder-driven scenarios and pre-defined reference scenarios that explore no change to maximum change is a way of ensuring that stakeholder voices are heard without giving up on the full range of possible outcomes that should, ideally, be explored.

Although the resulting future scenarios are highly uncertain, by comparing results across these uncertain futures conclusions can emerge that are robust to the range of possible outcomes. For example, based on model projections across RCP2.6 and RCP8.5, it is sensible to assume that extreme impacts from climate change will increase in terms of precipitation and temperature patterns, regardless of how global emissions and resulting climatic change evolves. Policies should therefore adapt with increasing frequencies of extremes in mind, regardless of whether a low or high climate risk future occurs.

iFEED incorporates stakeholder and academic expertise to move beyond statements that assume certain adaptations take place with associated assessments of uncertainty, toward narratives of change that set out challenges and pathways to achieving adaptation to climate change. Resilience of the system is also considered—incorporating vulnerability as well as risk—meaning that disadvantaged sections of society are not overlooked. Each scenario explores how such changes can take place, and in-country expertise is crucial for this process.

Much of the stakeholder engagement was conducted online due to the COVID-19 pandemic. This had the benefits of saving time, money, and reducing the emissions from long-distance travel. In-depth conversation and ensuring all voices are heard can be harder online, and can be seen as a limitation, although careful online meeting facilitation made progress possible. How stakeholders are engaged, as well as which stakeholders are engaged, are important considerations.



4.2. Integrated Modeling of Appropriate Complexity

The nature of the problem being addressed determines the appropriate bounding of a study. The iFEED integrated assessment framework is used to explore pathways toward country-level nutrition-secure and climate-smart food systems. Therefore, the study is bounded at the national level, although the broader nature of international trade is also included in the analysis.

Rather than relying on complex partial or general equilibrium economic models as part of the integrated agricultural-economic analysis (e.g., see Nelson et al., 2014), iFEED uses a qualitative international trade analysis that combines future projections of domestic food production with simple plausible scenarios of trade that bound future possibilities. This has the advantage of not having to rely on data for complex model evaluation, and has transparency of inputs and output interpretation.

For modeling future crop production, a gap-filling approach is used, similar to the approach of Müller and Robertson (2014) to infer yields for agricultural commodities that are not directly modeled. The crop model simulates a small range of crops known to be important to the region, and for any crops not explicitly simulated, average projections are used across the C3 photosynthetic pathway crops where relevant, and maize projections used for other C4 crops.

Alternatives to the gap-filling approach include modeling of more crops using processed-based models, statistical models—which are calibrated using observed data for each crop (Lobell and Asseng, 2017)—or modeling of a representative C3 and C4 crop rather than multiple specific crops. Statistical models and simpler process-based options (e.g., C3/C4 representative crop models) have the advantage of being faster to implement and more complete in terms of crops included than process-based models, however they lose the benefits of crop-specific process-based knowledge for crops of particular importance to the region, enabling detailed examination of adaptation benefits and pathways toward possible change.

The majority of crops do not have readily-available and well-tested parameterisations (Ewert et al., 2015), with the majority of process-based crop models focussing on the “big four” crops: maize, wheat, rice and soybean (e.g., Ruane et al., 2018). Even if models were available for the majority of crops, data are lacking to parameterise and evaluate them adequately. Because of this, process-based crop models need to be used in conjunction with gap-filling methods to represent climate change impacts on a full range of crops.

Trade-offs will inevitably exist between computational/human effort and the mechanistic detail of crop modeling output—for example, knowledge of when growing seasons are likely to shorten, or whether adaptation to climatic stresses is needed or possible. The best approach to crop modeling in each study will be context-specific. In this case, given the importance of maize in the region, it was decided to use a partial process-based and gap-filling method, rather than using generic statistical or process-based crop representations. The majority of other crops were not directly modeled due to time constraints. The addition of further process-based crop simulations would change crop-specific projections. However, it is unlikely that these changes would have significant impacts on the conclusions resulting from projections of food production given that factors other than climate change impacts on yields typically contribute more to any changes to food production for explicitly modeled crops such as maize—changes to agricultural area and assumed technological trends are larger determinants of future food production.

GLAM is selected as the processed-based crop model for this study because it has been developed for use in large-scale (several kilometers squared) simulations—at the spatial scale of the input weather-yield relationship (Challinor et al., 2003, 2004). Recent developments in crop modeling suggest simpler and potentially more skilful methods, relying on fewer empirically-derived parameters that would further enhance the simplicity (and therefore utility) of the model (Droutsas et al., 2019).

A common uncertainty reporting format (Wesselink et al., 2015; Challinor et al., 2018) is used to make explicit the assumptions underlying the results of the study and ensure that these assumptions were reflected in the certainty of conclusions. This process culminates in the production of calibrated statements, which enable a more comprehensive assessment of the uncertainty associated with projections than the reporting of model ranges. Rather than simply relying on the uncertainty associated with climate model inputs, each aspect of the modeling is assessed in terms of its robustness to possible changes in model assumptions or parameters, as well as assessing agreement with broader literature. This gives a more complete picture of the realism of results.

The quantification of uncertainty in the crop simulations is limited, since a single crop model is used. This is reflected in relevant confidence assessments, however, thus making this limitation explicit. Quantification of climate uncertainty is more comprehensive: an ensemble of 18 bias-corrected global climate models is used as input into iFEED. For other parts of the iFEED analysis, computational and methodological constraints meant that a subset of 5 models is used. This limitation is also reflected in confidence statements.

Appropriate complexity in representing adaptation is also an important element of climate impacts assessments. Changes to planting dates, crop varieties and irrigation are the only adaptations simulated in iFEED. This is far from being a comprehensive list of adaptation options, as is typical in crop modeling studies (Beveridge et al., 2018). However, these projections are supplemented by expert input at the IS stage to give regional insight into adaptive capacity and local constraints. Therefore, suitable opportunities for adaptation recommendations are informed by both in-country expertise and integrated modeling. In this way both bottom-up knowledge and top-down modeling are combined to deliver realistic pathways toward climate change adaptation strategies.



4.3. Next Steps for Integrated Assessment Frameworks

iFEED provides a platform to bring together scientific and stakeholder expertise, as suggested by Webber et al. (2014). iFEED also makes significant strides in fulfilling the specific recommendations of Challinor et al. (2018) for climate change adaptation studies. As a platform for adaptation studies, iFEED is particularly strong in the areas of stakeholder engagement, nutrition security, comprehensive and relevant reporting of uncertainty, and inclusion of climate change mitigation.

Most adaptation assessments (including iFEED) focus on impacts and adaptation planning, rather than the processes of implementation and evaluation of adaptation actions (Leiter, 2021). Future assessments could consider basing their recommendations on evaluation of successfully implemented adaptation strategies with specific, place-based contexts (Beveridge et al., 2018).

Eleven indicators were included in the monitoring and evaluation framework used to assess iFEED. Of these, six were quantitative indicators measuring iFEED outputs (such as crop modeling and calibrated/implication statements). The remaining five were qualitative indicators mapping outcomes such as the dissemination of outputs in the focal countries and stakeholders reporting to have accessed and used the outputs. Data collection tools included surveys, baseline and endline semi-structured interviews and focus group discussions with the taskforce members and iFEED champions, as well as regular review meetings with stakeholders and the direct project team. Future work could benefit from baseline surveys or focus group discussions among a larger group of end users to map growth in awareness and skill/knowledge development.

van Wijk et al. (2020) review available climate-smart agriculture assessment tools. They find that most assessment tools do not account for sustainability of productivity, and most tools do not have pathways from agricultural production to food security and nutrition security. iFEED represents an effective tool for assessing both nutrition security and the sustainability of productivity increases. van Wijk et al. (2020) also conclude that while most tools account for mitigation, they do not go beyond GHG emissions to analyse environmental sustainability (for example water quality, soil health, ecosystem services), and most often rely on FAO emissions factors which may be less applicable to lower and middle-income countries. iFEED again shows progress on these fronts; both by accounting for NO3 and SOC; and by modeling specifically for sub-Saharan Africa. Lastly, climate change adaptation is considered the pillar of climate-smart agriculture with the weakest representation in the assessment tools reviewed by van Wijk et al. (2020); again, iFEED makes significant strides toward an improved representation of adaptation, as detailed in Table 4.

van Meijl et al. (2020) offer an alternative stakeholder scenario framework for assessing food security, but highlight particular areas for improvement being the utilization aspect of food security. iFEED is particularly strong in quantifying population-level per capita nutrition security.

Next steps for the trade and nutrition security analysis include feedback loops in the production modeling, reducing reliance on international trade to optimize nutrition security; and incorporating extreme production years into the analysis, examining nutrition security in years of severe crop failure in 2050.

Other areas to improve upon include the simulation of a wider array of adaptation options (explicitly linking country-specific practices with simulations), a fuller quantification of uncertainty (taking into account crop model and soil input data uncertainty, and not just climate model uncertainty), and a broader representation of a full range of modeled crops (or crop types)—particularly important for estimates of future nutrition security. These limitations are made less important by the broad way uncertainty is accounted for in iFEED. Adaptation options are discussed rather than simulated; uncertainty is qualified as well as quantified; and crops not explicitly modeled are discussed in terms of impact on confidence in food production projections.

We suggest the following as key principles for integrated assessment framework analysis:

1. Appropriate system complexity: Define the problem in order to choose an appropriate systems boundary (sub-national/national/international), and use modeling of an appropriate complexity for the system. Following selection of models of appropriate complexity, the necessary “beyond modeling” expert knowledge can be established, both to include processes not included in models and to provide comprehensive uncertainty assessment of modeled outcomes.

2. Comprehensive scenario assessment: A combination of stakeholder-driven future scenarios with pre-defined no change/maximum change scenarios will ensure maximum relevance and utility of options explored. Scenarios should explicitly assess the impacts of extreme climate change rather than only focusing on mean changes, as well as account for mitigation alongside adaptation to climate change.

3. Inclusivity of researchers, disciplines and actors for policy-relevant outcomes: It is important to account for contextually-important views and experiences when developing the integrated assessment framework and exploratory scenarios, and when analyzing results. Careful thought needs to also be put into the stakeholders engaged to ensure diverse representation, and to ensure regular communication to keep work policy-relevant. Monitoring and evaluation of stakeholder engagement is crucial to ensure long-term effectiveness of the outputs of integrated assessment frameworks for influencing policy.
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palm, rape, mustard, cottonseed,
sesame seed)

Vegetables, fruts, other C3 crops
(sugar best, yam, spices, plantain,
banana, apple, pineapple, grape,
orange, lemon, lime, grapefruit, other
citrus, tomato, onion, other roots,
nuts)

Livestock products (bovine meat, see

eggs, milk, mution and goat, offals, Supplementary Section 1.4
pigmeat, poultry meat)

2

GLAM = GLAM crop model directly applied. C3 = average of soybean, potato and
groundnut simulations used for C3 crops. C4 = maize yield simulations used for C4 crops.
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Grassland
Assumption
Output

Grassland between 2000 and 2060

Annual SOC, NO3 and GHG emissions (N0, COy) for the years
2000 and 2050 to 2060

Arable converted to grassland in 2050

Assumption

Output

Arable from 2000 to 2049 (C inputs derived from ECOSSE),
conversion to grassland in 2050

Annual SOC, NO; and GHG emissions (N;0, CO) for the years
2000 and 2050 to 2060

Arable between 2000 and 2060

Assumption

Output

Cropland within each grid cell between 2000 and 2060;
depending on iFEED scenario, multiple runs with different G inputs
to represent minimurm and maximum possible crop yield changes.
For each grid, year (2050 to 2060) and output (SOC & GHGs,
NOB) a regression equation was fit to outputs from the runs. This
allowed estimation of intermediate changes in each output.

Grassland converted to arable in 2050

Assumption

Output

Al grid cells are run as grassiand from 2000 to 2049, conversion
to arable in 2050 and remain to 2060; depending on iFEED
scenario, mulple runs with different G inputs to represent
minimurm and maximum possible crop yield changes.

For each grid, year (2050 to 2060) and output (SOC & GHGs,
NOB) a regression equation was fit to outputs from the runs. This
allowed estimation of intermediate changes in each output.
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Agreement and Robustness Level

High(Agreement/Robustness) +
High(Agreement/Robustness)
High(Agreement/Robustness) +
Medium(Agreement/Robustness)
High(Agreement/Robustness) +
Low(Agreement/Robustness)
Medium(Agreement/Robustness) +
Medium(Agreement/Robustness)
Medium(Agreement/Robustness) +
Low(Agreement/Robustness)

Low(Agreement/Robustness) +
Low(Agreement/Robustness)

Based on Figure 2 from M:

andrea et al. (2011).

Confidence level
Very High Confidence
High Confidence
Medium Confidence
Medium Confidence
Low Confidence

Very Low Confidence
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Criterion

The crop model used, and the processes simulated, should be of appropriate complexity given evidence from data and
spatial scale of simulations.

Ensembles should be formed from a well-justified set of models and input data.
Bias-correction of climate model data should always be carried out, unless the bias is provably small.

Projections should include uncertainty estimates. Uncertainty quantification method should assess the realism of the
resulting ranges.

The model used should be evaluated using historical observed data,
Model projections and methodologies should be critically evaluated and the limitations of the study made explicit.

The assumptions underlying the results of the study should be explicit. A common uncertainty reporting format can be used
to achieve this.

Assessments of climate change impacts should inciude autonomous adaptation; otherwise impacts wil liely be
over-estimated.

Simulations should be documented in sufficient detail to demonstrate the extent to which these criteria have been met, and
o ensure reproducibilty.

Assessments of risk need broad system boundaries.

Engagement with stakeholders is critical if the research aims to have a practical risk management or adaptation outcome.
The effect of any future adaptations should be compared directly to ther historical counterparts

Acitical assessment of all the adaptations modeled should be presented, since all methods have inherent limitations.
Adaptation should not be assessed without any reference to mitigation.

Score
(relevant section)

3 (Section 4.2)

2 (Section 4.2)
3 (Supplementary Section S1.1)
3 (Section 4.2)

3 (Supplementary Section S1.1)
4 (Supplementary Section S1.1)
4 (Supplementary Section $1.1)

4 (Section 4.2)
4 (Supplementary Section S1.1)

3 (Section 4.2)
4 (Section 4.1)
4 (Supplementary Section S1.1)
3 (Section 4.2)
4 (Supplementary Section S1.1)

Where relevant, the section where each criterion is discussed is pointed to; otherwise, see Supplementary Section $1.1 for further details. A score of 1 indicates no effort being made
to address criterion aims. A score of 2 indicates a limited effort with substantial room for improvement in addfressing the criterion aims. A score of 3 indicates a good effort, with minor

improvements possible. A score of 4 indicates an excellent effort that is unlikely to be improved upon given current limitations.
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