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1. Introduction  

The Agricultural Model Intercomparison and Improvement Project (AgMIP, www.agmip.org) is 

a major international effort linking the climate, crop, and economic modeling communities with 

cutting-edge information technology to produce improved crop and economic models and the 

next generation of climate impact projections for the agricultural sector. In this paper we provide 

an overview of the Regional Integrated Assessment (RIA) framework developed by participants 

in AgMIP.  By “regional” we mean a geographic area that has agro-ecological coherence, 

typically a sub-national region where one or more agricultural systems are in use. In the second 

section of this paper, we describe the AgMIP methods and discuss how they improve upon 

impact assessment methods used to assess vulnerability and food insecurity.  In the third section 

we summarize the findings from recent applications of these methods by regional research teams 

in Sub-Saharan Africa and South Asia. In the final section, we discuss some extensions of the 

AgMIP RIA methods that are currently under development, and the AgMIP effort to organize a 

new set of coordinated global and regional integrated assessments for agriculture. 

 

2. The AgMIP Methods for Regional Integrated Assessment  

 

2.1. Linking RIA to Policy Decision Making Through Stakeholder Engagement 

The principal goal motivating AgMIP’s regional integrated assessment (RIA) methodology is to 

provide the scientifically rigorous information needed to support improved decision making by 

the various stakeholders, ranging from local to national and international non-governmental and 

governmental organizations. The principal motivation for AgMIP itself was the recognition that 

the quality of agricultural impact assessments could be substantially improved through a more 

transparent, protocol-based approach to global and regional assessment, motivated in part by the 

success of the Coupled Model Intercomparison Project (CMIP) that has substantially improved 

global climate modeling over the past two decades.  

 

AgMIP’s leaders see the need for improved impact assessment methods at global and regional 

scales.  For regional assessments, through interactions with stakeholders and researchers a 

number of key features of the approach were identified: 

 A protocol approach is needed that is based on a rigorously documented methodology so 

that results can be replicated and inter-compared, and so that methods can be improved 

over time.  

 The approach should facilitate input from stakeholders in the study design, including the 

systems and adaptations to be investigated, the future pathways and scenarios to be used 

in the assessments, and the identification of impact indicators to be used.  
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 To be useful for adaptation planning and investment, the approach must be based on an 

experimental design that allows the impacts of climate change to be distinguished from 

the effects of adaptations that may be undertaken in response to climate change.   

 A trans-disciplinary, systems-based approach is needed that can incorporate important 

features of current and possible future systems, including multiple crops, inter-crops, 

livestock, and non-agricultural sources of income. The approach must provide a sufficient 

level of detail about the production systems to allow meaningful characterization of 

possible adaptations.  

 The approach must be able to account for the highly diverse types of systems, and the 

widely varying bio-physical and socio-economic conditions characterizing farms.  

 The approach must be able to incorporate the high degree of heterogeneity in bio-

physical and economic conditions typical of most agricultural regions.  

 The methods must be able to quantify impacts of climate change vulnerability to climate 

change in a meaningful way, i.e., it must be possible to characterize the impacts on those 

farm households that are adversely impacted by climate change, as well as those that 

benefit from climate change. In other words, it must be possible to quantify not only 

average impacts but also the distribution of impacts in diverse populations.  

 The methods must be able to represent system resilience in response to climate changes 

as well as the effects of weather variability and extreme events.   

 Key uncertainties in crop, bio-physical and economic dimensions of the analysis must be 

assessed and reported so that decision makers can understand them and use them to 

interpret the results of the analysis.  

 

2.2. The AgMIP RIA Handbook: A Protocol-Based Approach 

AgMIP developed an integrated assessment framework that links global and regional analysis 

(Figures 1 and 2), elaborated in the Guide for Regional Integrated Assessments: Handbook of 

Methods and Procedures available online at agmip.org.  As in earlier modeling studies, this 

framework combines the climate data, bio-physical data and simulation models, and economic 

data and simulation models. However, there are a number of notable features of this framework 

that represent methodological advances.  

 

Data and Model Linkage through New Information Technology (IT) Tools. A critical component 

in the implementation of the protocol-based approach is a systematic way to manage both input 

and output data of the various models. AgMIP has developed a new set of IT tools to do this, 

described in the AgMIP RIA handbook.  

Emissions Pathways and Climate Models. The models are implemented for multiple greenhouse 

gas emissions pathways (Representative Concentration Pathways, or RCPs), using the more 

recent CMIP5 data, downscaled to the scale at which the crop and livestock models are 



4 

 

implemented, using a standardized set of procedures described in the handbook. Data from 

multiple climate models can be used to represent uncertainty in climate projections.  

 

Future Development Pathways. To characterize future non-climate bio-physical conditions and 

socio-economic conditions, Global Shared Socio-Economic Pathways (SSPs) are combined with 

global and regional Representative Agricultural Pathways (RAPs) and data from global 

economic models to characterize future conditions at the regional and farm level relevant to the 

analysis of impact and adaptation. In principle, various SSPs and RAPs can be incorporated into 

an analysis to represent alternative possible future conditions, and to represent uncertainty about 

the future.  Methods to develop RAPs are discussed in more detail below (see section 2.5).  

 

Impacts of Climate Change and Adaptation on System Productivity. Crop and livestock models 

are run on a site-specific basis to simulate the impacts of climate change on the distribution of 

relative yields (i.e., the yield under future climate conditions relative to the yield under current 

climate conditions) in the farm population. These relative yield distributions represent the range 

of yield responses across farms according to site-specific conditions (see below). In principle, 

multiple crop and livestock models can be used to characterize uncertainty associated with these 

models. In addition, the models can be used to evaluate how system adaptations could alter the 

impacts of climate change. For example, changes in planting dates can be modified in crop 

models, as can fertilizer application rates, and irrigation use. Some models also allow alternative 

crop rotations to be modeled. However, a number of significant limitations to these models must 

be recognized. Notably, livestock models are limited in the ways that they can represent the 

effects of climate on livestock productivity, and interactions between crop and livestock systems 

are not well represented. Moreover, insect pests, diseases and weeds are not represented in most 

models, and the effects of climate on these organisms are not well understood or modeled in their 

own right.   

 

Economic Analysis of Impact, Vulnerability and Adaptation. A fundamental feature of 

agricultural systems and households is their heterogeneity: they differ in their various bio-

physical and socio-economic characteristics (Figure 2). A basic hypothesis underlying the 

AgMIP approach is that this heterogeneity is a key factor in how systems are impacted by 

climate change and how they can adapt to climate change. This heterogeneity is represented in 

the economic analysis using relative yield distributions obtained from crop and livestock 

simulation models, together with farm survey data, Representative Agricultural Pathways, and 

data from global economic models. In the studies carried out by the AgMIP regional teams, the 

economic model called TOA-MD (discussed in more detail below) is used to implement four 

types of simulation experiments to carry out climate impact and adaptation analyses (see section 

2.4 below). Sensitivity analysis to model parameters can be used to investigate uncertainty 

associated with the economic model analysis.  
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The Multi-Model Approach, Uncertainty Analysis and the Dimensionality Problem. As noted 

above, each of the components of the framework allows for scenario and model uncertainty to be 

represented. However, there are substantial practical limitations to this approach, because the 

total number of simulations that must be carried out rapidly increases with each dimension of the 

analysis. In addition, the number of bio-physical and economic models that are currently 

available and appropriate for a given system is limited by data, model scope, and the research 

team’s capabilities. In the case of economic models, as we discuss below, the TOA-MD model is 

the only economic impact assessment model currently available that is generic, documented, and 

that can be used consistently across multiple systems and locations.  

 

Stakeholder Engagement. There are a number of ways that stakeholders can be engaged in the 

study design process and in the communication of findings.  The type of engagement depends in 

part on the stakeholder and the type of analysis.  As we will describe here (also see Figure 1), 

stakeholders need to be engaged throughout the process of designing, implementing analysis and 

communicating results.  At the study design stage, stakeholders work with the research team 

implementing the analysis to identify the important systems to be studied, the key indicators of 

system performance to be used, the types of adaptations to be studied, and the most effective 

modes of communicating results. Another way that AgMIP has found to be an extremely 

effective method of stakeholder engagement is their involvement the development of future 

socio-economic scenarios that are used to define the future non-climate conditions assumed to 

exist during the time period of the analysis. AgMIP has created the concept of “Representative 

Agricultural Pathways” or RAPs as a way to create modeling scenarios that extend and add 

additional agricultural and regional detail to global pathways and scenarios (i.e., to Shared Socio-

economic Pathways, or SSPs). The RAPs development process is discussed in more detail in 

section 2.5. A more general overview of the stakeholder engagement process with the AgMIP 

teams is described in Figure 3. While the teams have ongoing interactions and activities with 

stakeholders over the life of the project, specific milestones are accomplished by or during the 

AgMIP regional workshops. An example of these interactions with stakeholders is provided in 

section 3.2 below. 

 

2.3. Core Climate Impact Assessment Questions 

The AgMIP RIA approach is implemented by carrying out a set of well-defined simulation 

experiments that are used to evaluate climate impacts and the effects of system adaptations.  

There are many possible simulation experiments that can be carried out, and one of the important 

advances in the AgMIP method is the clear definition of the simulation experiments that are 

being implemented (including the various assumptions being made for the “no-climate” 

counterfactual baseline, including future socio-economic conditions, and the factors incorporated 

in the climate scenario including identification of system adaptations that are included).  
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Working with various stakeholders, AgMIP has identified four “core” research questions for 

regional integrated assessments.  Figure 4 illustrates these Core Questions.  Note that climate 

change can have either negative (left figure) or positive (right figure) effects without adaptation, 

and adaptation can reduce negative effects or enhance positive effects.  Another key element of 

Figure 4 is the definition of the future state of the world in climate as well as other, non-climate 

conditions. As we discuss further below, the AgMIP RIA method uses a concept called 

Representative Agricultural Pathways to define these future non-climate conditions for the 

analysis (discussed further below).  

 

Core Question 1. What is the sensitivity of current agricultural production systems to climate 

change?  This question addresses the isolated impacts of a change in climate assuming that the 

production system does not change from its current state.  It is useful as a baseline for 

comparison with other combinations of technology and states of the world.  

 

Core Question 2. What are the effects of adaptation in the current state of the world? This 

question is one often raised by stakeholders: what is the value of adapting today’s agricultural 

systems to climate changes that may be occurring now and in the near future?  

 

Core Question 3.  What is the impact of climate change on future agricultural production 

systems?  This question evaluates the isolated role of climate impacts on a future production 

system, which will differ from the current production system due to development in the 

agricultural sector not directly motivated by climate changes.   

 

Core Question 4.  What are the benefits of climate change adaptations? This question analyzes 

the benefit of potential adaptation options in the production system of the future, which may 

offset climate vulnerabilities or enhance positive effects identified in Core Question 3 above. 

 

2.4. Vulnerability, Resilience and Sustainability Indicators 

The AgMIP RIA methods are designed to assess vulnerability of farm households to climate 

change.  Climate is defined as a probability distribution of weather events that occur at a specific 

place and during a defined period of time.  A change in climate is a change in the probability 

distribution of weather events.  These changes are often described in terms of the mean 

temperature over a period of time such as a day, month or year, but can also be changes in 

temperature extremes, the variability of weather events, and other aspects such as rainfall amount 

and intensity and wind velocity.  

 

Impacts of climate change are quantified as gains and losses in economic well-being (e.g., farm 

income or per capita income) or other metrics of well-being (e.g., changes in health or 

environmental quality).  In this framework, some or all individuals may gain or lose from a 
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change, and we say the losers are vulnerable to loss from climate change.  The AgMIP RIA 

methodology is designed to quantify the proportion of the population that are losers, as well as 

the magnitude of loss.  It is important to note, however, that in a heterogeneous population there 

are typically some gainers and some losers, and thus the net impact may be positive or negative. 

 

Based on discussions with stakeholders and the research assessment literature, the AgMIP RIA 

method incorporates a number of key indicators into this analytical approach  to assess impact, 

vulnerability, mitigation and adaptation.     

 Physical quantities and value of principal agricultural products, at the farm household 

level and aggregated to the regional or population level.  

 Net value of agricultural production.  

 Average household per-capita income or wealth. 

 The headcount poverty rate in the population (i.e., the proportion of households below the 

poverty line).  

 Food security indicators, including capability to buy an adequate diet, per-capita food 

consumption, calories and other nutrient intake, dietary diversity indicators, and impacts 

on children such as stunting or mortality.   

 Environmental indicators, including soil fertility, soil erosion, and indicators of 

greenhouse gas emissions and mitigation.   

 Vulnerability, defined as the proportion of households that may be adversely affected by 

climate change. Losses can be measured in economic terms or in other dimensions of 

well-being such as health.  

 Resilience, defined as the capability of a system to minimize the magnitude of adverse 

impacts or enhance positive effects.  

 

2.4.1. Quantifying Resilience 

Recent discussions of “climate smart agriculture” have brought more attention to the issue of 

resilience to weather variability and extremes as well as adaptive capacity (Lipper et al. 2014; 

Antle et al. 2016). Resilience has been defined in a number of ways in the scientific literature. In 

ecology, resilience is defined as the capacity of a system to maintain its form and function in 

response to a shock or disruption (Nelson, Adger and Brown. 2007).  In economic terms, 

resilience can be defined as the capacity to restore or maintain economic values, such as farm 

income (Antle, Stoorvogel and Valdivia 2006; Antle and Capalbo 2010), or to minimize the loss 

from an adverse disruption or “disaster” over the time it takes for a system to return to its 

“normal” state (Hallegate 2014).  Resilience to climate change can also be defined more broadly 

as the capacity to cope with change and minimize losses from change and enhance possible 

benefits of change, and thus can incorporate longer-term responses through adaptation (Malone 

2009).  
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The definition of resilience as the capacity to withstand disruptions refers to the properties of a 

given system’s performance, and is most relevant to analysis of relatively short-term events such 

as a storm or drought where it can be expected that the system will return to its normal state.  In 

contrast, the capability to adapt or respond by making purposeful changes in a system seems 

most relevant to longer-term permanent changes in climate, and can include adaptations that are 

designed to improve the capability to withstand shocks or disruptions.  Clearly, both concepts of 

resilience – the ability to minimize the effects of temporary shocks and disruptions, as well as the 

capacity to cope with the long-term shifts in weather patterns associated with climate change – 

are relevant to analysis of agricultural system performance.  

 

The AgMIP RIA framework illustrated in Figures 1-5 can be used to quantify resilience using 

the various indicators identified above.  As noted above, vulnerability is measured as the 

proportion of farm households that experience a loss over a specified period of time.  Loss can be 

measured in economic terms as reduced income or loss of the capitalized value of income plus 

assets, and also in non-economic terms such as reduced health or degraded environmental 

conditions.  To quantify resilience, define the minimum possible loss for a given system as 

Lossmin and the realized loss as Loss.  This minimum loss can be defined in various ways 

depending on the context.  For example, it could be defined as the loss that would be incurred if 

the best coping actions are undertaken as soon as possible and as effectively as possible.  A 

resilience indicator can be calculated as 100 (Lossmin / Loss), similar to what Hallegate (2014) 

defines as “microeconomic resilience”.  Thus, if a system can achieve the minimum possible loss 

its resilience is 100 percent, and otherwise its resilience is less than 100 percent.   

 

This measure of resilience fits the situation where there is a loss, whereas with climate change 

and other types of change there can be net aggregate gains in some cases, and even when there 

are losers, there are also likely to be some gainers. To accommodate both gains, the resilience 

concept can be generalized by interpreting Lossmin as either the minimum loss for losers or as the 

maximum possible gain for those that gain. Also note that this definition of resilience makes 

sense for a temporary change or disruption that a system can fully recover from, such as a 

seasonal drought followed by normal weather.  However, if there are long-term changes, such as 

climate change, then the minimum loss (or maximum gain) would grow over time and the ratio 

Lossmin / Loss would be undefined. A solution to this problem is to define the losses over a finite 

time period relevant to decision making for making technology investment decisions.   

 

The analysis of resilience to a long-term change in climate is somewhat different than the case of 

a temporary disturbance in several respects.  In response to long-term changes we expect systems 

to be adapted to climate change. There are two types of adaptations that can be expected to 

occur.  First, there are the kinds of changes in management that farmers can undertake within the 

existing system, such as changes in planting dates and reallocation of land and other resources 
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among existing crops and livestock activities, or reallocation of their time among farm and non-

farm activities. These types of adaptations have been called “autonomous adaptations.”  Second, 

there are adaptations that require investments external to the farm, such as investments in 

research and development of new technologies, such as improved crop varieties, sometimes 

referred to as “planned adaptations.”  

 

Figure 4 shows the hypothetical “counter-factual” pathway without climate change, and then the 

effect of climate change and adaptation, but does not illustrate the actual pathway that a system 

would follow which presumably with be a combination of all the factors involved, socio-

economic, technological and climate.  Without adaptation, the actual pathway would begin with 

the white triangle in Figure 4 and end at the blue circle, whereas a system better adapted to the 

future climate would transition from the white triangle to the green square.  However, it is 

difficult to know at what point in time adaptations take place, and thus what time path the system 

would follow as it transitions over time from one situation to the other.  One might assume that 

autonomous adaptations occur more-or-less continuously as farmers learn about climate changes 

and how to adapt management, whereas planned adaptations could occur in more discrete steps, 

e.g., as new crop varieties are developed and released. The complexity of the progression of 

adaptation over time creates a major challenge for the analysis of adaptation.  Given the 

difficulty analysts face in knowing how adaptations would evolve over time, a feasible approach 

is to treat each adapted system as if it were to become available at a discrete point in time, and 

that its effectiveness increases over time up to its maximum, depending on the characteristics of 

the technology and the capacity of farmers to acquire and use it successfully.  We present results 

of this type of analysis of a farming system in Africa in section 3 below.   

 

2.5. Development Pathways and Scenarios 

The development of agriculture-specific pathways and scenarios is motivated by the need for a 

protocol-based approach to climate impact, vulnerability and adaptation assessment. Until now, 

the various global and regional models used for agricultural impact assessment have been 

implemented with individualized scenarios using various data and model structures, often 

without transparent documentation or public availability. These practices have reduced the 

credibility of assessments, and also hampered the advancement of the science through model 

inter-comparison, improvement, and synthesis of model results across studies (see, e.g., 

Easterling et al. 2007; Nelson et al. 2014). The recognition of the need for better coordination 

among the agricultural modeling community (AMC), including the development of standard 

reference scenarios with adequate agriculture-specific detail, led to the creation of the 

Agricultural Model Inter-comparison and Improvement Project (AgMIP) in 2010. The 

development of Representative Agricultural Pathways (RAPs) is one of the “cross-cutting 

themes” in AgMIP’s work plan, and has been the subject of ongoing work by AgMIP since its 

creation (Rosenzweig et al. 2015, Antle et al. 2015).  
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2.5.1. The Role of RAPs in AgMIP’s Global and Regional Integrated Assessment 

Framework 

Building on AgMIP’s integrated assessment framework, Figure 5 provides a stylized 

representation of the linkages between global climate models and data, global IAMs, and global 

and regional agricultural models used for climate impact, adaptation, mitigation and vulnerability 

assessment. This figure shows the hierarchical structure of the relationships between global and 

regional data and models, and between aggregate and disaggregate (“regional”) data and models. 

Dashed boxes represent model outputs at each level which serve as inputs for lower-level 

(sectoral or regional) models. However, higher-level outputs are not sufficient to implement the 

lower-level models, so they are complemented by variables derived from development pathways 

at each level of analysis. Moving from top to bottom, Figure 5 represents different geographic 

scales (global to regional to local), and the three columns of the figure represent biophysical 

models and data (left-hand column), bio-physical and socio-economic pathways (center), and 

impact models (right-hand column).  

 

The top of the figure represents the main components of global integrated assessments.  RCPs 

and GCMs combine to generate climate outputs on a global gridded basis
1
. These climate outputs 

are combined with inputs from global socio-economic pathways (SSPs), such as projected rates 

of economic growth and population, macro-economic and trade policy parameters, and climate 

policy assumptions, which serve as inputs into global IAMs. These global IAMs typically 

generate global and multi-country or country economic outcomes such as production, prices and 

incomes; some models also simulate certain biological or physical outcomes such as changes in 

land use or land cover (Antle et al. 2015).  

 

Agricultural assessment models operate at both global and regional scales. At the global level, 

bio-physical production system models can be simulated on a gridded basis  or on a point basis 

and then aggregated (Ewert et al. 2015). These models can be used to generate inputs for partial- 

or general-equilibrium agricultural economic models (Nelson et al.  2014). These models may 

use outputs from the global IAMs (e.g., prices of energy, income), or may use some of the same 

drivers from the global socio-economic pathways that global IAMs use. However, both 

agricultural production system models (PSMs), including crop and livestock simulation models, 

and agricultural economic models (AEMs), require additional inputs that are not provided by 

global IAMs. These variables include technology or productivity growth rates for individual 

outputs (crops, livestock), more detailed food-specific demand elasticities, and agriculture-

                                                           
1
 Use of Global Gridded Crop Models (GGCMs) to simulate crop productivity and climate impacts at relatively high 

spatial resolution over continental and global extents (Elliot et al., 2015) 
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specific inputs as labor, machinery, seed, fertilizers, irrigation water and fuels. In addition, 

agriculture-specific policy parameters may be needed, e.g., for domestic output or input taxes or 

subsidies, and parameters for trade policy (e.g., tariffs). Thus, global RAPs are needed which are 

consistent with global shared socio-economic pathways but which provide the additional 

agricultural-specific detail needed to implement PSMs and AEMs.  

 

The bio-physical component of the assessment requires regional climate models or downscaling 

of gridded GCM outputs to higher spatial and temporal resolution to be used with global gridded 

PSMs and regional gridded or point-based PSMs. In addition, the framework may include a 

water component (e.g., the SWAT model), or a soil erosion component (e.g., using the EPIC 

model). These models may be implemented on a global basis, as is done for water supply-

demand in the IMPACT AEM model (Rosegrant et al. 2012), or may be done on a gridded basis 

as is done with EPIC in the GLOBIOM AEM model (Havlik et al. 2014). Similar model linkages 

may be done on a national or sub-national model, as with the FASOM model for the United 

States (McCarl 2008) or the TOA-ME model for a region in Kenya (Valdivia, Stoorvogel and 

Antle 2012). At both the global and regional scales, these models may involve drivers such as 

details of land use or water use that are not available from higher-level models, and thus need to 

be specified as part of a RAP.  

 

Global AEMs generate projections of globally consistent market equilibrium commodity-specific 

prices, yields and acreages that can be used as drivers for regional AEMs that do not solve for 

global equilibria.  There are various types of regional AEMs, ranging from representative farm 

optimization models, regional optimization models (e.g., Merel and Howitt 2014), regional 

technology adoption and impact assessment models such as TOA-MD (Antle 2011; Antle and 

Valdivia, 2016; Antle, Stoorvogel and Valdivia 2014), regional land use models (Wu et al. 

2004), and national partial equilibrium economic models such as FASOM (McCarl 2008) or the 

SEAMLESS-IF system developed for the European Union region (van Ittersum et al. 2008). 

These models may utilize variables from global models as drivers, notably prices, productivity 

and land use.  

 

At the regional level, some AEMs continue to be formulated on a commodity basis, but some 

models represent production of crops and livestock as integrated systems. Some models also 

incorporate a household production component, as well as non-agricultural income generating 

activities. Generally, models do not exist to project this level of detail for model inputs and thus 

inputs must also be addressed using RAPs. Essential details typically include input cost or use by 

type of production activity, including livestock; some models also require data on farm and 

household characteristics such as farm size and number of people in the household, as well as 

non-agricultural income and farm labor. Greater detail on policy parameters, such as domestic 

output, input and environmental subsidies or taxes may be needed, as well as parameters related 

to climate mitigation policy.  When these models are linked to PSMs, details on management 
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inputs are also required for those models. A major limitation of most PSMs is that they are not 

capable of simulating the effects of pests and diseases on crops or livestock. Therefore, an 

important topic for trans-disciplinary collaboration is to address the potential for new pests and 

diseases to impact the production system being modeled, and how these pests and diseases may 

be managed. In the mean time, pest and diseases can be addressed using RAPs.  

 

2.5.2. The Conceptual Framework for RAPs Development 

One of the key motivations for the new pathways concepts has been the growing recognition of a 

need for a more integrative or parallel process to develop projections of emissions and socio-

economic development.  The parallel development of new emissions and socio-economic 

pathways is intended to ameliorate inconsistencies at the aggregate, global scale. Figure 5 

presents a scenario matrix showing how RCPs and “Shared Socio-Economic Pathways” (SSPs) 

proposed by Kriegler et al. (2014) could be combined (top left part). As this matrix implies, 

RCPs and SSPs are designed to be independent dimensions, to reflect the fact that a particular 

emissions trajectory could correspond to various socio-economic conditions that cause and are 

caused by greenhouse gases and the resulting climate change. Thus, various socio-economic 

scenarios could be designed to represent, say, future worlds with either low or high emissions 

combined with various levels of economic activity and types of mitigation and adaptation 

capabilities and policies. However, recent research suggests that some combinations of RCPs and 

SSPs may not be plausible (e.g., very low emissions with very high economic growth).  SSPs 

describe future socio-economic changes that could occur in parallel to climate change and that 

may affect the ability to adapt. SSPs are designed to capture a plausible range of future socio-

economic conditions under different degrees of “challenges to adaptation” and “challenges to 

mitigation” as well as other features of socio-economic development.  

 Figure 6 (right hand side) shows the five SSPs that have become the basis for 

quantification of key drivers, such as population, economic growth, urbanization, education, and 

land use (International Institute for Applied Systems Analysis 2012). Narratives associated with 

these SSPs can be found in O’Neill et al. (2014).  

For impact and vulnerability assessment of agricultural systems, pathways specific to the 

agricultural sector are needed. Representative Agricultural Pathways (RAPs) are designed to 

extend global socio-economic pathways to provide the detail needed for global and regional 

assessment of agricultural systems. RAPs are based on the integrated assessment framework 

developed by AgMIP. This framework shows that both bio-physical and socio-economic drivers 

are essential components of agricultural pathways and logically precede the definition of 

adaptation and mitigation scenarios that embody associated capabilities and challenges.  

AgMIP’s experience in developing RAPs shows that this process must be not only parallel but 

trans-disciplinary, meaning that it needs to involve an integrative process of collaboration 

among disciplines to produce outcomes that transcend what can be achieved by individual 

disciplines, or by simple passing of data or other information from one disciplinary researcher or 
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group to another.  The need for a trans-disciplinary approach is motivated, firstly, by the fact that 

agricultural pathways need to address key bio-physical dimensions important to agriculture, as 

discussed above. Moreover, a trans-disciplinary approach is needed to ensure logical consistency 

between model components at a given spatial and temporal scale, as well as across scales (see 

figure 5). As the discussion of figure 5 showed, this need for a trans-disciplinary approach 

increases as we move from the highly aggregate level at which global pathways and scenarios 

are developed and used in models, to the dis-aggregate sectoral, regional and local levels at 

which analysis of climate impact and adaptation also needs to be carried out. 

Figure 6 (bottom, left side) portrays five possible RAPs corresponding to combinations of low 

and high economic development and bio-physical conditions.  In contrast to SSPs, the axes are 

defined in positive terms. RAP 1 is the case of adverse synergies resulting in low outcomes in 

both dimensions, which might occur if persistently high population growth led to both poverty 

and environmental degradation as is true in some countries today. RAP 3 is described as the 

opposite case of win-win synergies in both dimensions and thus represents sustainable high 

growth, e.g., a shift to soil- and water-conserving tillage systems that also achieve high 

productivity. RAPs 4 and 5 represent cases of strong tradeoffs between economic and 

environmental outcomes. RAP 4 could correspond to a case of policies that achieve 

environmental protection by severely restricting economic activity; RAP 5 might correspond to 

the continuation of present trends in some industrialized countries where productivity growth 

continues at a high level by continuing to exploit natural resources in an unsustainable manner. 

This latter example illustrates that the time horizon of the RAP is a crucial element, since RAP 5 

might be a plausible option in the near term but not feasible in the longer run if the high rate of 

economic growth depends on an unsustainable rate of depletion of natural resources such as soil, 

water or biodiversity. RAP 2 can be interpreted as current trends continued or business as usual 

pathway. 

RAPs must be designed to be part of a logically consistent set of drivers and outcomes from 

global to regional and local. To create pathways and corresponding scenarios at global, regional 

or local scales, teams of scientists, stakeholders and other experts with knowledge of the 

agricultural systems and regions work together through a step-wise process similar to the “Story 

and Scenario” approach (Alcamo 2008). AgMIP has  developed an Excel spreadsheet tool called 

DevRAPS to facilitate and document this process. DevRAPS provides a structure to guide this 

process and to record and document the information systematically, and then use it to develop 

model-specific quantitative scenarios (Valdivia et al. 2015). For example, a version has been 

designed to provide a structured format for the parameters of the TOA-MD model  and crop 

simulation models; the DevRAPS tool can be modified easily to fit other bio-physical and 

economic models.  

 

2.6.Greenhouse Gas Mitigation and Climate Smart Agriculture 
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Although AgMIP’s RIA method is focused on climate impact assessment and analysis of 

adaptation options, the RIA framework can also incorporate greenhouse gas emissions as part of 

a technology assessment with or without climate change.  Examples of how this type of 

modeling framework can be used for that purpose are presented in a number of publications, 

including Antle and Stoorvogel (2008).  However, it should be noted that accurate quantification 

of greenhouse gas emissions, including changes in soil carbon, nitrous oxide emissions from 

soils, and methane emissions from livestock, is data-intensive and requires the use of complex 

models.  Alternatively, estimates of average rates of emissions under alternative practices could 

be used.  This is an area in need of further research.  

 

The AgMIP RIA methods also are suitable for evaluating technologies that have the attributes of 

“climate smart agriculture” including analysis of resilience to climate variability and extremes. 

See Antle et al. (2016) for further discussion of the application of the AgMIP RIA methods to 

technology impact assessments for climate smart agriculture.  

 

2.7. Climate data and bio-physical Models 

The bio-physical component of the assessment framework involves several parts. First, regional 

climate models or downscaling of gridded GCM outputs to higher spatial and temporal 

resolution is needed to serve as inputs to global gridded production-system models and regional 

gridded or point-based crop and livestock models.  

 

Given the uncertainties of the climate change scenarios derived from GCMs, a good approach is 

to use several possible scenarios as inputs for agricultural models. In addition to the use of 

several scenarios, crop model ensembles have now been shown to be better predictors than single 

models, and could be incorporated into integrated assessments  (Asseng et al. 2014; Antle and 

Stockle 2016).  Other approaches include sensitivity scenarios combined with agricultural 

models (e.g. changes in temperature up to +3°C and changes in precipitation from –30% to 

+30%), which can provide an idea of the tolerable thresholds of change for a particular system.  

 

One method shown to be effective for generating climate change scenarios is to study the 

changes in the last few decades and then project those changes into the near future. For example, 

divide the long-term climate database of one region (or site) into two periods (e.g. 1930–1970 

and 1970–2010). The longer the period, the easier it will be to identify the change in long-term 

climate versus short-term climate variability. It is possible to study the statistical climate 

properties of each one of those two datasets (means and frequencies of dry spells, probability of 

subsequent days with rainfall, etc). This can be done with ‘weather generators.’ The last step is 

to continue (project) the trend observed in all these statistical parameters and create a synthetic 

scenario for the near future (e.g. 10–20 years). It is important to partner with a climate scientist 
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who has significant expertise in local climate variability and climate change to generate climate 

change scenarios. 

 

Output from climate change scenarios can be used as input data for crop and livestock simulation 

models. Table 1 lists most common crop and livestock models used for simulation applications 

and climate change and adaptation assessments. The aim of process-based models is to predict 

the response of a given crop to specific weather, soil, management and crop factors governing 

agricultural production. These models normally use simplified functions to express the 

interactions among crop growth, development and ultimately yield, and the major environmental 

factors that affect crops, especially weather and soil conditions, crop management and genetic 

characteristics. Process-based crop models are the most commonly used tools for climate impact 

assessments (White et al., 2011). Most crop models were originally developed as tools for 

optimizing crop management, particularly for providing information on the optimal amounts of 

input, such as irrigation, fertilizer and pesticides and the optimal timing of the application. Most 

of the crop models are embedded in decision support systems (DSS) to evaluate alternate 

management practices (Tsuji, Hoogenboom and Thornton, 1998). Dynamic crop models are 

available for most of the major food, feed and fiber crops. However, simulation models for 

specialty crops (such as vegetables, tree fruit, nuts, and so on) are less common. Although these 

models are able to simulate the impact of abiotic stresses, especially drought stress, very well, 

they are weak with respect to simulating the interaction with biotic stresses, such as pests, 

diseases and weeds.  

 

Crop and livestock models are important in translating the biophysical consequences of climate 

change into economic impacts.  These models provide the expected changes in yield associated 

with downscaled future climate data generated from the global climate models.  Crop simulation 

models have been used extensively for climate change studies. White et al. (2011) reviewed 211 

peer-reviewed papers that mainly examined the response to climate change of wheat, maize, 

soybean and rice (170 papers), with the United States (55 papers) and Europe (64 papers) as the 

dominant regions. The results of climate change studies that have been published in peer-

reviewed papers to date are rare. In recent model, three broad categories of crop models were 

identified: site-based crop models, agro-ecological models, and agro-ecological zone models.  

While differences in categories stem from the original purpose, scale, and parameterization of 

the models, the suite of models analyzed showed similarities in results including negative shocks 

on major global crops under higher levels of warming for most agricultural areas (Rosenzweig et 

al 2014).   

 

Regardless of type of crop model, they provide a useful resource that can help predict adaptation 

from farmers based on social learning, technical change, and experimentation through empirical 

results observed by social scientists.  However, bio-physical and socio-economic heterogeneity 

in a population of farms, or even at field level, mean that there are some limits to making broad 
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conclusions based on crop model predictions (Brown et al 2015, Mertz et al 2010). Furthermore, 

crop yields are significantly affected by the timing of rainfall and dry spells, two factors that crop 

models have difficulty in accurately predicting within a specific growing season (Baigorria et al 

2007, Ramirez-Villegas and Challinor 2012, Lobell 2013).  Crop and livestock models are useful 

tools to help assess the impacts of climate change on crop and livestock yields, food production, 

and food security in various future climate scenarios as long as it is understood that climate 

projections uncertainty affects model results  (Rosenzweig et al 2014, Lobell and Burke 2010, 

Muller 2011).  Research continues to determine how these uncertainties affect results and better 

define their effects on crop yields, which ultimately also affect agricultural economic models 

(Nelson et al 2014, Rosenzweig et al 2014, Wallach et al 2015).  

 

2.8. Economic Models for Impact, Adaptation and Vulnerability Assessment 

Various economic models have been utilized to project the potential impacts of climate change, 

at various spatial and temporal scales, ranging from the farm level to global, for single growing 

seasons and over multi-year periods. Some models are strictly empirical, while others link some 

type of economic model with biophysical models. Another distinction is between microeconomic 

models that take prices as givens, versus market models that determine prices. In this section, we 

briefly review the models in the literature, and then briefly describe the models that are being 

used for AgMIP RIAs.   

 

Reduced-form econometric models. These models are based on the idea that adaptive responses 

to climate change can be represented by equations that relate climate variables directly to 

economic outcomes such as land values, farm revenue, crop yields or farm net returns. These 

models are estimated econometrically using cross-sectional or panel data (pooled cross-section 

and time series), and are then simulated using future projected climate variables, to project 

impacts of climate change on the dependent variable in the model (Mendelsohn, Nordhaus and 

Shaw, 1994; Schlenker, Hanemann and Fisher, 2006; Deschenes and Greenstone, 2007; 

Mendelsohn and Dinar, 2009). Some economists argue that these models effectively represent 

the various economic adjustments or adaptations that occur in response to climate change, and 

can be interpreted as a type of ‘analog’ approach to climate impact assessment. There has been 

extensive critical discussion in the literature over the pros and cons of this approach (e.g. 

Schlenker, Hanemann and Fisher, 2006; Fisher et al., 2012; Ortiz-Bobea and Just, 2013).   

 

There are significant limitations of reduced-form models: They do not represent many of the 

outcomes of interest to policy decision makers such as price changes; they cannot account for 

unobserved changes in environmental conditions, such as CO2 fertilization; they do not represent 

costs of adaptation and cannot be used to estimate the effects of adaptation distinct from the 

effects of climate change; and these models implicitly hold prices and all other non-climate 

factors constant, and cannot account for the effects of possible changes in socioeconomic 
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conditions. Various studies have shown that the impacts of climate change may be very different 

under changing socioeconomic conditions, and that changes in socioeconomic conditions may be 

at least as important, if not more important, to future outcomes as climate change (Parry, 

Rosenzweig and Livermore, 2005; Parry et al., 2007; Nelson et al., 2009; Claessens et al., 2012; 

Porter et al., 2014). Recent reduced-form econometric studies include Kelly, Kolstad and 

Mitchell (2005), Schlenker, Hanemann and Fisher (2006), Deschenes and Greenstone (2007), 

and Deschenes and Kolstad (2011). Due to these limitations, reduced-form models are not used 

in the AgMIP framework which is designed to evaluate the effects of farming-system specific 

adaptations.  

 

Microeconomic structural models: econometric, optimization and simulation. There are various 

types of economic models that can be used for farm-level and regional impact assessment, 

including; structural econometric models; farm-level and regional optimization models (e.g. 

Mérel and Howitt, 2014); and regional simulation models for technology adoption and impact 

assessment (e.g. Antle, 2011; Claessens et al., 2012). Some regional models are formulated on a 

commodity basis, while other models represent production of crops and livestock as integrated 

systems. Some models incorporate a household production component and non-agricultural, 

income-generating activities. These models can utilize variables from global models as inputs, 

notably prices, productivity and land use. However, global models do not project the level of 

detail needed for a number of important input variables (e.g. farm size, household size, family 

and hired labor use, cost of production) and thus many of these inputs must be projected into the 

future using pathways and scenarios (e.g. RAPs). Like global models, these regional models can 

be linked to biophysical crop and livestock production models to incorporate the effects of 

climate change on productivity. van Wijk et al. (2014) recently reviewed 126 farm-level and 

regional models used to assess impacts of climate change on agriculture and food security.  

 

As the name implies, structural models represent economic decision-making more explicitly than 

reduced-form models and can simulate resource allocation decisions with and without economic 

responses to climate change. The main disadvantages of these models, compared with reduced-

form models, are increased data requirements and model complexity. Some of these models 

relate economic decisions directly to climate variables through econometric estimation, and some 

link biophysical process models to economic decision models. Seo and Mendelsohn (2008), Seo 

et al. (2009) and Seo (2010) use household survey data from South America, Africa and Latin 

America to examine the ways in which farmers adapt to climate change via switching crops or 

livestock species. Fleischer, Mendelsohn and Dinar (2011) use a cross-section of farms in Israel 

and observe that farmers can respond to climate change by modifying their technologies or 

management practices or both. Kaminski, Kan and Fleischer (2013) develop a structural land-use 

model wherein farmers maximize profit by allocating their land among crop-technology bundles 

as adaptation to climate change.  
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Antle et al. (2004) and Valdivia, Stoorvogel and Antle (2012) developed a spatially explicit, 

econometric-process simulation model that combines econometric production models and 

biophysical simulations to evaluate how economic adaptations on the intensive and extensive 

margins offset climate impacts. An important feature of these models is that, through their 

linkages to process-based models, they can account for biophysical responses to effects such as 

increased concentrations of atmospheric CO2 on crop growth (so-called CO2 fertilization), and 

as-yet unobserved temperature thresholds. The TOA-MD model (Antle and Valdivia, 2016) is a 

generic, documented, publicly available economic model designed for multi-dimensional 

assessment that can be used with various types of data, including biophysical simulations, to 

assess climate impact, adaptation, mitigation and vulnerability (e.g. see Claessens et al., 2012). 

The TOA-MD model is being used by the AgMIP across Africa and South Asia because it is a 

generic, documented model that can be used for all the systems in these regions, and because it is 

capable of assessing the distributional impacts of climate change and system-specific adaptations 

(see chapters in Rosenzweig and Hillel, 2015b).  

 

Land-use models. Many studies have investigated various drivers of land-use change using 

econometric models. For example, Wu et al. (2004) present an empirical modeling framework 

that uses spatially explicit data from the National Resources Inventory in the United States to 

assess the environmental and economic effects of incentive programs on crop choices, crop 

rotations and the adoption of conservation tillage practices in the Midwest of the United States. 

Radeloff et al. (2012) use a similar model to project future land use for crop, pasture, range, 

forest and urban to the mid-century under alternative land-use policy scenarios. Mu, McCarl and 

Wein (2013) use a land-use model to assess the potential for climate change adaptation in the 

United States. These land use models could be incorporated into the AgMIP regional integrated 

assessment framework to complement the TOA-MD model described above.  This would add 

more capability to model land use change along with system adaptations, but this has not yet 

been done.  

 

Market equilibrium models. Both partial equilibrium and computable general equilibrium models 

are being used for climate impact assessment at the national and global levels. These models 

represent production according to spatial units that are typically subnational regions for large 

countries, or individual countries, and represent consumption and trade at national levels. They 

can simulate the effects of exogenous ‘shocks’ or changes in productivity, policy or other factors 

such as climate on various economic outcomes, including market equilibrium prices, production, 

productivity, consumption, trade and land use. For climate impact assessment, these models can 

be linked to biophysical simulation models and down-scaled climate data. For example, the 

International Model for Policy Analysis of Agricultural Commodities and Trade (IMPACT) 

model, a partial equilibrium model developed by the International Food Policy Research 

Institute, is linked to a globally gridded version of the DSSAT’s suit of crop simulation models; 

the GLOBIOM model developed by the International Institute of Applied Systems Analysis is 
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linked to a globally gridded version of the EPIC model. Various models in the literature can 

produce substantially different projections of economic outcomes, suggesting substantial model 

uncertainty. Nine of the major partial equilibrium and computable general equilibrium models 

used for climate impact assessment were inter-compared (Nelson et al 2014). A major new 

modeling project, MACSUR (<http://macsur.eu/>), is utilizing the various farm-level and 

regional partial equilibrium models developed in the earlier SEAMLESS project to assess 

climate change impacts in Europe. Following the framework presented in Figure 2, AgMIP is 

utilizing the multi-model simulations being carried out by the AgMIP global economic modeling 

team that include 10 global partial and general equilibrium models (e.g., see Wiebe et al. 2015), 

to obtain price and productivity trends as inputs into the regional integrated assessments.  

 

2.8.1. Implementing AgMIP RIAs with the TOA-MD Model 

AgMIP is using the Tradeoff Analysis model for Multi-Dimensional impact assessment (TOA-

MD) to implement the economic analysis component of the RIA methodology. Following the 

descriptions above, the TOA-MD model can be thought of as a type of microeconomic structural 

model.  The TOA-MD model is a parsimonious, generic model for analysis of technology 

adoption and impact assessment, and ecosystem services analysis. Further details on the impact 

assessment aspects of the model are provided in Antle (2011) and Antle, Stoorvogel and 

Valdivia (2014). The model software and the data used in various studies are available to 

researchers with documentation and self-guided learning modules at 

http://tradeoffs.oregonstate.edu.  

The TOA-MD model was designed to simulate technology adoption and impact in a population 

of heterogeneous farms.  The choice of system is based on the distribution of expected economic 

returns in the farm household population, so the predicted adoption rate can be interpreted as the 

rate that is economically feasible.  The model can simulate the full range of adoption rates from 

zero to 100 percent, and thus can be used to study impacts if other factors (e.g., financial or 

behavioral) constrain adoption.  Impacts are estimated based on the statistical relationship 

between expected returns to the alternative system and outcome variables (e.g., economic, 

environmental or social outcomes).  

There are several features of this model that make it appropriate for assessment of technologies 

for climate impact assessment as well as analysis of technologies for CSA. First, TOA-MD 

represents the whole farm production system which can be composed of (as appropriate) a crop 

sub-system containing multiple crops, a livestock subsystem with multiple livestock species, an 

aquaculture sub-system with multiple species, and the farm household (characterized by the 

number of family members and the amount of off-farm income). Second, TOA-MD is a model of 

a farm population, not a model of an individual or “representative” farm. Accordingly, the 

fundamental parameters of the model are population statistics – means, variances and 

http://macsur.eu/


20 

 

correlations of the economic variables in the model and the associated outcome variables of 

interest. With suitable bio-physical and economic data, the statistical parameters of the TOA-MD 

model can be estimated for an observable production system. Using the methods described in the 

AgMIP Regional Integrated Assessment Handbook (AgMIP 2015), bio-physical crop and 

livestock models can be simulated to estimate the productivity impacts of climate change and 

climate adaptation, and then the TOA-MD model parameters can be calculated, and the model 

can be used to evaluate the four Core Questions of climate impact assessment identified in 

Figure 3.  

The TOA-MD model is used to assess climate impacts by using a simple analogy to technology 

adoption. Farms cannot choose whether to have climate change or not, but if farms had such a 

choice, those that would choose to “adopt” climate change are those who would gain from it; 

farms that would prefer not to “adopt” climate change are those who would lose from it. An 

important implication of this model, when used to predict a technology adoption rate, is that the 

rate is typically between zero and 100 percent – it is rare for all farms to adopt a technology 

because in a heterogeneous population not all farms perceive it to be beneficial. The analogy to 

climate impact assessment is that there are typically both losers and gainers from climate change. 

The phenomenon of losers and gainers from climate change can be explained (at least in part) by 

the heterogeneity in the conditions in which the farms operate, such as soils, water resources, 

topography, climate, the farm household’s socio-economic characteristics, and the broader 

economic, institutional and policy setting. 

 

2.9. Assessing and Communicating Impacts and Uncertainty 

The complex structure of the modeling framework for agricultural impact assessment (figure 4) 

involves a cascade of uncertainty that needs to be identified, quantified and communicated. 

Information about the sources of uncertainty is key to prioritize further work on improving 

agricultural assessment methods. Uncertainty information is also necessary for stakeholders who 

want to use the results as part of the decision-making process. Uncertainty information indicates 

the degree of confidence of the results of the impact assessments. However, it is important to 

recognize that climate impact assessments are not predictions of the future; rather, they are 

interpreted as providing a plausible range of future outcomes.  

 

Figure 4 shows an elaboration of the possible linkages of models and data involved in a global 

and regional integrated assessment modeling framework. Each step in the process contains 

uncertainty; therefore a major interest is to determine how much of the total uncertainty is 

contributed by each individual uncertainty source. Some of the major sources of uncertainty are 

described below. 
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Climate change scenarios. Climate change scenarios are derived from global climate models 

(GCMs) driven by changes in the atmospheric composition of greenhouse gases (GHGs), derived 

from different representative concentration pathways (RCPs) depending on future gas emissions 

scenarios. A main challenge is how to interpret the results derived from the climate scenarios and 

apply them to sector impact studies, such as agriculture. In all regions, uncertainties with respect 

to the magnitude of expected changes result in uncertainties in the potential impact on both crop 

and livestock production. For example, in some regions, projections of rainfall, the main input 

variable for rain-fed cropping systems, could either be positive or negative, depending on the 

climate scenario used. The uncertainty derived from the climate model is related to the limitation 

of current models to represent all atmospheric processes and interactions of the climate system. 

In addition there is the uncertainty associated with future GHG emissions. 

 

Climate variability. Regional climates naturally fluctuate about the long-term mean, which 

changes over time. For example, rainfall variability occurs with regard to timing and quantity, 

affecting agriculture each year. Much of the historical variability that has occurred in the past 

will continue to occur, with climate change modifying these variability patterns, particularly with 

respect to changes in future rainfall patterns. In addition, many regions across the globe are 

impacted by the El Niño Southern Oscillation (ENSO) and other sea-surface temperature 

anomalies that causes short-term changes in seasonal weather. In general, agriculture is more 

susceptible to the occurrence of extremes, such as drought and floods or heat or frost events, 

versus a gradual change in local weather conditions. 

 

Bio-physical and economic production system models. The various bio-physical agricultural 

system models (including individual crop models, livestock models, and more complex farm 

system models) and the economic models such as TOA-MD,  contain many  experimentally and 

empirically derived relationships that do not completely represent actual plant grow processes, 

livestock growth processes, and economic-behavioral processes. Also, the global economic 

models used to project future prices, production, consumption and trade for countries and regions 

of the world have been shown to embody substantial uncertainty. When models are adequately 

tested against observed data (calibration, estimation and validation process), they canrepresent 

agricultural system performance well under current climate conditions. Nevertheless, the 

simplifications of the all models are a source of uncertainty. For example, crop simulation 

models assume that weeds, diseases and insect pests are controlled; that there are no problem soil 

conditions, such as high salinity or acidity; and that there are no catastrophic weather events, 

such as heavy storms. The agricultural models can be used to test the effects of some potential 

improvements, such as improved varieties and irrigation schedules. Likewise, the TOA-MD 

model utilizes certain statistical simplifications to represent a farm population and the associated 

outcome distributions; global economic models have been shown to exhibit substantial 

uncertainty in their price projections.  Some models are tested for their capability to project out 
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of sample, but it is not possible to know the model uncertainty in projecting far in to the future 

for climate impact assessment.    

 

Effects of carbon dioxide on crops. Carbon dioxide (CO2) is a component of plant photosynthesis 

and therefore influences biomass production. It also regulates the opening of plant stomata and 

therefore affects plant transpiration. As a result, in theory, plants growing in conditions of 

increased CO2 will produce more biomass and will consume less water. Experiments in 

greenhouses confirm this. C3 crops such as wheat, rice and soybean respond more to increased 

CO2 levels compared with C4 crops such as maize. Nevertheless, because of the multiple 

interactions of physiological processes, actual changes are smaller than the theoretical ones. In 

field conditions, the changes are even smaller. Most of the crop models used for climate change 

evaluations include an option to simulate the effects of CO2 increase on crop yield and water use 

(Rosenzweig and Iglesias, 1994, 1998). However, it is difficult to evaluate the crop model results 

because there are only a limited number of these experiments worldwide, raising uncertainty 

about the simulated results.  

 

Issues of aggregation and scale. Scaling-up the vulnerability and adaptation results to a regional 

level is, as in most scaling exercises, not an easy task. Ideally, it is possible to use information 

from farms that are representative of agriculture in the region. However, the degree of their 

representativeness would need to be established. More frequently, regional assessments have 

relied on the input provided by regional planners and economists as to regional-scale effects, 

based on local data supplied to them and discussed by a full range of stakeholders. 

 

Socioeconomic projections. The limitations of projecting socioeconomic changes affect not only 

the socioeconomic scenarios but also the potential adaptive capacity of the system (i.e. 

resilience). For example, uncertainty about population changes (density, distribution, migration), 

gross domestic product (GDP), farm characteristics (e.g. farm size) and technology, determines 

and limits the potential adaptation strategies that can be employed. 

 

Reporting and communicating Uncertainty. Wallach et al (2015) describe several methods to 

report and communicate uncertainty. The way uncertainty is communicated can have a 

substantial impact on understanding and interpreting the results and the subsequent use of these 

for policy making. These methods include the use of probability density function (PDF) and 

cumulative distribution function (CDF) graphs, box plots, impact response surfaces, plume plots 

and other language-based reporting and communication methods (e.g. qualitative narratives, 

qualitative and probabilistic terms, etc.) 

 

AgMIP’s way forward to assess uncertainty. The overall goal of AgMIP’s uncertainty analysis of 

the integrated assessment framework is to improve and apply methods to quantify the end-to-end 

uncertainty and to apportion that uncertainty to specific sources. Based on what has been learned 
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so far, the way forward includes further assessing a number of issues, as discussed in detail in 

(Wallach et al 2015).  These issues include: how the quality of the uncertainty estimate varies 

with the choice of crop models in the ensemble and the number of crop models; how to choose 

crop models for the ensemble; and how to implement a multi-model ensemble of regional 

economic models.  

 

 

3. Evidence from AgMIP Global and Regional Team Studies and Policy 

Implications 

 

The AgMIP RIA methods are being used by regional teams in Sub-Saharan Africa and South 

Asia, to assess climate change impacts, vulnerability and the potential for adaptations identified 

by the research teams and stakeholders to facilitate adaptation to climate change.  The regions 

and farming systems studied typical farming systems in West, East and Southern Africa, 

Pakistan, the Indo-Gangentic Plains of North India, and the Tamil Nadu-Andrha Pradesh areas of 

Southern India and Sri Lanka.  These study areas are described in detail in various chapters of 

Rosenzweig and Hillel (2015b). Climate change was represented by five global climate models 

selected to span the range of climate uncertainty in the IPCC CMIP5 data with RCP 8.5. These 

assessments were carried out by regional teams that devised a RAP for each of the regions 

corresponding to the middle-of-the-road global socio-economic scenario SSP2 (Valdivia et al. 

2015).  

 

The RAPs were generally optimistic, being based on the positive trends in productivity growth 

that were assumed in the AgMIP global model inter-comparison study (see Nelson et al. 2014; 

von Lampe et al. 2014; Wiebe et al. 2015), as well as positive trends in agricultural prices 

projected by the IFPRI IMPACT model due to increasing global food demand. Regional teams 

identified several key indicators to describe the future biophysical and socio-economic 

conditions. Table 2 shows the main indicators and their trends expressed in terms of direction 

(decrease, increase, no change) and magnitude (small, medium, large). Soil degradation has been 

consistently identified as a major issue by all the teams, indicating that soil degradation rates will 

increase. However, the magnitude of change varies across cases, for example the magnitude is 

small in cases where there is more government investment in agriculture, promotion of better soil 

conservation activities, and increased fertilizer use. Note that these policies help to reduce the 

rate of soil degradation but don’t reverse those conditions completely, except in a few cases 

where teams have developed a second, more optimistic RAP.  

 

Another important indicator is the increased incidence of pests and diseases. This is particularly 

interesting because the effects of pests and diseases are not represented in most crop and 
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livestock simulation models. By including these effects in the RAPs (based on secondary 

information) they can be translated into model parameters and represented in scenarios. 

 

Other farm and household characteristics such as farm size and household size have also been 

identified as key variables in the RAPs, however the trends vary across cases. Farm size is one of 

the variables that have been under debate among researchers in each team. In most cases, farm 

size tends to increase due to farm consolidation and the increased off-farm opportunities, which 

also causes a decrease in household size. This also explains why most of the teams identified 

increasing trends in off-farm income.  

Another set of key variables are the ones related to production inputs, such as fertilizer. In most 

cases the teams have identified a tendency to increased use of fertilizer due to a combination of 

lower fertilizer prices (usually tied to government subsidies), increased fertilizer availability and 

improved information and extension services. Similarly, the use of improved crop varieties and 

livestock breeds is likely to increase in most cases.  

Other indicators that have also been identified as important in the RAPs discussions are the 

availabilityy of better information and investment in extension and technical services. Most of 

the teams believe that there is a positive trend in relation to access to better information that 

could help farmers make better-informed decisions. 

 

3.1. Global Models Price Projections and Uncertainties 

As noted above, the AgMIP regional modeling studies utilize prices from global agricultural 

economic models as the basis for productivity and price trends to be incorporated into future 

pathways and scenarios.  Here we will not discuss the global models in detail, but will emphasize 

the important uncertainties evident in these models, as revealed by the recent model inter-

comparisons.  

 

In collaboration with the Agricultural Model Inter-comparison and Improvement Project 

(AgMIP) and the Inter-sectoral Impact Model Inter-comparison Project (ISI-MIP), a group of 

nine major modeling teams completed the first global agricultural economic model inter-

comparison of climate change impacts in which all of the models used a standard set of scenarios 

linked to one emissions scenario and one middle-of-the-road socio-economic scenario (SSP2) 

(Nelson et al. 2014; von Lampe et al. 2014). Importantly, these scenarios did not embody effects 

of increasing CO2 concentrations on crop yields, and used climate projections based on RCP 8.5, 

so in these dimensions they can be viewed as relatively pessimistic scenarios.  However, these 

scenarios did incorporate a relatively optimistic set of projected crop yield growth rates to 

represent the impacts of ongoing productivity improvements, ranging from 1 to 2.5 percent for 

major crops (wheat, coarse grains, rice, sugar and oilseed) across the major regions of the world 

(von Lampe et al. 2014), so in this regard the scenarios can be viewed as somewhat optimistic.  

More recently, five of the models were used to construct an additional set of simulations, based 
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on three scenarios that combined RCPs and SSPs, as well as alternative trade policy assumptions 

(Wiebe et al. 2015).  

 

Key findings of the AgMIP global agricultural model inter-comparison are summarized in 

Figures 7 and 8 (see Nelson et al. 2014, von Lampe et al. 2014).  Figure 7 presents price 

projections for five agricultural commodity groups (wheat, coarse grains, rice, oil seeds, and 

ruminant meat) for 2050 without climate change, but including other factors such as income 

growth, population growth and trends in agricultural productivity. This figure shows how 

differently the nine models perform in terms of projecting future economic outcomes such as 

prices.  The figure shows that some models project agricultural commodity prices could be up to 

40 percent higher in the future relative to those observed today without climate change, while 

others show prices falling as much as 70 percent. These findings indicate a high degree of 

uncertainty in these model projections, distinct from climate change effects.   

 

Projected crop yields are generally lower in most parts of the world with climate change, 

particularly in the latter half of this century, in the tropics, and under high emissions scenarios 

(Porter et al. 2014).  Figure 8 summarizes the projected results for the impacts of climate change, 

using the nine global economic models in the AgMIP inter-comparison study. The lower yields 

are reflected in higher prices for most agricultural commodities, but the size of this effect varies 

widely across the models, and ranges from zero to 20 percent for most models. Most models 

project some increases in land area under production, but little impact on trade or consumption. 

 

This wide range of price uncertainty, both without and with climate change, poses significant 

methodological challenges for implementation of regional analyses.  Moreover, as we shall show 

below, these prices have a major impact on the results of regional assessments.  

 

3.2. Applying the AgMIP RIA Methods: Crop-Livestock Systems in Zimbabwe 

To illustrate the AgMIP regional studies, we first present results in some detail from one study 

carried out by the ICRISAT-based team in Zimbabwe (Masikate et al. 2015).  Table 3 presents 

results from the study done by the team based in Zimbabwe study crop-livestock systems in that 

region.  To motivate the discussion of methods to follow, we first describe key features of typical 

smallholder agricultural systems in Africa, using the example of mixed crop livestock systems 

found in the Nkayi district of western Zimbabwe. Crop production is rainfed, and average annual 

rainfall ranges from 450–650 mm, making the system vulnerable to erratic rainfall with a 

drought frequency of one in every five years. Long-term average maximum and minimum 

temperatures are 26.9◦C and 13.4◦C, respectively. The soils vary from inherently infertile deep 

Kalahari sands, which are mainly nitrogen- and phosphorus-deficient, to clay and clay loams that 

are also nutrient-deficient due to continuous cropping without soil replenishment. Farmers use 

mainly a mono-cereal cropping system with addition of low amounts of inorganic and organic 
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soil amendments. Natural pasture provides the main feed for livestock, and biomass availability 

is seasonal. During the wet season feed quantity and quality is appreciable, while during the dry 

season there is low biomass of poor quality. The natural pastures are mainly composed of 

savannah woodlands, with various grass species (Homann et al., 2013; Masikate et al. 2015). 

 

As in many parts of Africa, mixed crop–livestock production systems are dominant in Nkayi. 

These farming systems are mainly based on maize, with smaller portions of sorghum, 

groundnuts, and cowpeas as staple crops, combined with the use of communal range lands, 

fallow land, and crop residues for livestock production (Figure 2b).  Household livestock 

holdings vary from a few to a up to 40 head per household of cattle, donkeys, and goats. 

Livestock play an important role in these farming systems as they offer opportunities for risk 

spreading, farm diversification, and intensification, and provide significant livelihood benefits 

(Bossio, 2009; Williams et al., 2002). Animals are kept to complement cropping activities 

through the provision of manure for soil fertility maintenance, draft power for cultivation, 

transport, cash, and food, while crop residues are used as adjuncts to dry-season feed. These 

systems evolve in response to various interrelated drivers, such as increased demographic 

pressure along with higher incomes earned by the urban populations, which results in a growing 

demand for crop and livestock products with the development of local and urban markets 

(Homann-Kee Tui et al., 2013). This increased demand for crop and livestock products could 

benefit small scale farmers as they gain access to markets, if they are able to intensify and 

diversify production in a sustainable way. This could reduce risk and increase resilience by 

providing farmers with diverse sources of income.  

 

Another key characteristic of crop-livestock systems in many regions of Africa is low 

productivity due to a combination of factors that include unfavorable climatic conditions, poor 

and depleted soils, environmental degradation, and low level of capital endowment that leads to 

limited uptake of improved technologies, as well as adverse policies (Kandji et al., 2006; 

Morton, 2007;World Bank, 2009). Climate variability and change stressors, superimposed on the 

many structural problems in smallholders farming systems where there is not much support nor 

adequate adaptation strategies, can exacerbate food insecurity and increase vulnerability (Kandji 

et al., 2006; Morton, 2007).  

 

The research process was carried out as a participatory and iterative process with researchers and 

different types of stakeholders re-designing alternative sets of plausible future scenarios and 

climate change adaptation packages for integrated modeling (Antle et al., 2015; Valdivia et al., 

2015). It was conceptualized as a longer-term dialogue for co-learning, where researchers 

explore multiple adaptation pathways to climate change and the impacts on rural livelihoods with 

stakeholders (Homman et al, 2016). Scenario design followed several cycles and each cycle 

containing several steps to come up with RAPs. First, a typical current farming systems in Nkayi 

district was conceptualized using systems diagrams. The broader external drivers that influence a 
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mid-term future (2050’s) were assessed with higher-level decision makers and experts. In a 

parallel process local visions and pathways for more desirable farming systems were assessed 

with communities, as a base for the design of adaptation options. Integrated modeling then tested 

the adaptation options for particular farm types and the entire communities. The results were 

shared with both types of stakeholders, to eventually adjust and re-design adaptation strategies 

(Figure 9).  

 

To illustrate the use of the AgMIP RIA methods, here we report results using a single mid-

century climate scenario (RCP 8.5 and one global circulation model), together with a 

Representative Agricultural Pathway for mid-century.  We evaluate the impacts of this climate 

scenario on the crop-livestock system of Nkayi, Zimbabwe without adaptation, and with the 

following package of adaptations designed for resource-limited households: 

 Adoption of long duration maize varieties instead of short duration varieties, with grain 

yield increases between 8 and 18%, and residue increases between 5 and 11%. 

 Converting 1/3 of the maize land to maize-mucuna rotation, 30% of the mucuna biomass 

left on the fields as inorganic fertilizer for subsequent maize. 70% fed to cattle or 

available for sale. 

 Application of micro-dosing (17kg N/ha) on 1/3 of the maize field, second year after the 

maize mucuna rotation.  

 

The mean of the crop model simulations showed projected crop yield losses under the current 

farming practices were modest, in the range of 7 to 9%, although some climate model projections 

were much higher or lower.  Crop systems in Nkayi are low input systems where average yields 

are around 500-700 kg/ha. Temperature thresholds for maize in the APSIM model are greater 

than 30
0
C (Hatfield et al., 2011; Hatfield and Prueger, 2015), and current average maximum 

temperature during the growing season is about 27
0
C, so higher average temperatures of 2-3

0
C 

do not substantially affect crop production unless there are more extreme events in a particular 

growing season. The simulations show average impacts on yields are small but some larger 

positive and negative outcomes can also be expected. 

 

Because the average reductions predicted by the crop models are relatively small, the use of soil 

amendments as adaptation strategies can more than offset the negative impact of climate change, 

with mean yield gains ranging between 20-80% (Figure 6). The use of organic amendments such 

as legume residues and low inorganic fertilizer application show higher yield variability as 

compared to the no-adaptation scenario, however average yields under adapted management are 

greater than 2 t/ha. The subsequent maize crop after mucuna would benefit from biological 

nitrogen fixation and also from the crop residues that are applied. Such adaptation strategies 

would benefit resource-poor farmers to improve main staple crop yields with minimal external 

inputs.  Again, we emphasize that the analysis assumes that these changes in management would 

not be made as part of the ongoing improvement in practices that is represented in the RAP.   
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Impacts of climate change and adaptation packages on livestock productivity were assessed 

through changes in feed quantity and quality. Reduced grass growth due to climate change 

lowered feed intake from the rangelands by 10 and 50% in the rainy season and dry season 

respectively. Climate change reduced on-farm maize stover yield by on average 15%, further 

aggravating the dry season feed gaps that are characteristic for the mixed crop-livestock systems 

in semi-arid areas. The adaptation package helped offsetting the adverse effects of climate 

change on fodder availability by increasing the fodder quantity through fertilizer input and 

rotations with legume crops. The diversification with legume grain and fodder crops also 

improved the fodder quality, primarily through higher protein content.   

 

Climate change resulted in a 35-39% and 30-35% reduction of annual milk production for 

households with small and large herds respectively. Offtake was roughly halved by climate 

change and with lower feed availability resulting in underfed animals, mortality rates rose by 8 

and 14% for households with small and large herds respectively. With the adaptation package, 

on-farm feed quantity and quality was improved, resulting in milk production at roughly the 

same level that was obtained without climate change. The offtake was brought back to about 80 

and 90% of the offtake in the current climate for households with small and large herds 

respectively.  

 

Table 3 summarizes the results of the economic analysis of climate change impact for the farm 

population in Nkayi stratified by cattle ownership. We compare climate change impact without 

adaptation and with the adaptation package (comprised of the elements identified above: long 

duration maize varieties, allocation of land to a maize-mucuna rotation, mucuna biomass left on 

the fields as inorganic fertilizer for subsequent maize, and use of micro-dosing of N on maize in 

the maize-mucuna rotation).  We emphasize that these results are based on a single scenario 

comprised of one climate model projection, one crop model and livestock model, and one socio-

economic scenario, to illustrate the type of analysis that can be done.  More generally, it is 

important to consider the uncertainties in each component by utilizing a range of scenarios and 

model assumptions.   

 

Without adaptation, Table 3 shows that vulnerability to loss from climate change ranges from 45 

percent of the farm households without cattle, to 61 and 71 percent of households with small and 

large herds.  The households with cattle are more vulnerable because, as noted above, the main 

adverse impact shown by the crop and livestock model simulations is on livestock feed 

availability and livestock productivity.  These losses range from 25 to 57 percent of mean farm 

net returns before climate change, and thus represent a substantial loss for the vulnerable 

households, and correspond to losses of 11 to 16 percent of per capita income.  However, some 

farms gain, and these gains range from 28 to 34 percent of mean returns before climate change.  

These gains are attributed to the heterogeneity in the bio-physical and economic conditions that 
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exist.  For example, in any given year, rainfall varies across the landscape with some areas drier 

and some wetter, with corresponding variation in crop and forage productivity. The net impacts 

aggregated across all farms are small for farms without livestock (about +3 percent), but much 

larger and negative for farms with large herds (-23 percent). It is important to recognize that even 

though the losses are a larger percent of farm income for the farms with cattle, the farms without 

cattle are much poorer.  Thus, with climate change the negatively impacted farms without cattle 

will be in an even worse condition than before climate change and much poorer than the farms 

with cattle.  

 

Table 3 shows that farms without cattle are very likely to adopt the adaptations being considered, 

with adoption rates about 96 percent in the rapid adaptation scenario and over 75 percent in the 

scenario of a transitional adaptation in which the benefits are realized more gradually over 10 

years. Farms without livestock would gain more (as a percent of their base system farm income) 

than farms with cattle, but do not necessarily gain more in absolute terms because the farms 

without livestock have much lower incomes.  The relatively smaller impact of climate change 

and greater benefit from adaptation for farms without livestock is because these adaptations 

improve crop productivity more than livestock productivity.  The adaptations have substantial 

impacts on per capita incomes, more than doubling the farm incomes of the poorest households.  

 

For analysis of resilience, we considered two versions of the adaptation scenarios, a transitional 

case in which adaptation takes 10 years for farmers to realize the full benefits of the practices 

(e.g., due to a gradual dissemination of the technology and information), and a rapid case in 

which farmers realize the full benefits immediately.  Recall that we defined resilience as the 

degree to which a system can be adapted to minimize the losses of climate change. In the 

analysis presented in Table 3, we interpret the rapid adaptation as the smallest possible loss, so 

its resilience is 100 percent, and we evaluate the no-adaptation case and the transitional 

adaptation case relative to the rapid adoption case.  The analysis considers the benefits over a 10-

year period using a discount rate of 10 percent.  

 

With these assumptions, the no-adaptation scenario gives the farms without cattle a resilience of 

91 percent, somewhat higher than the resilience of the systems with cattle (79 percent).  With 

transitional adaptation, the farms without livestock improve from 91 to 93 percent, whereas the 

farms with livestock improve from 79 to 93 percent (small herds) and 98 percent (large herds). 

Table 3 also shows that with rapid adaptation more farmers would adopt and the benefits would 

be much larger, especially for the small farms without livestock.  This analysis illustrates the 

potential benefits of enhancing the adaptive capability of farmers, enabling them to substantially 

reduce vulnerability and enhance resilience when effective adaptation options are available.  

 

3.3. Synthesis of Results from AgMIP Regional Studies in Africa and South Asia 
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Figures 10 and 11 present results from all of the AgMIP regional studies in two different ways, 

illustrating how the climate, crop model and scenario uncertainty can be represented.  The 

variation in each indicator shown in these figures is due to the variation in climate projections, 

two crop models, as well as regional differences in bio-physical and socio-economic conditions 

across the various study sites. Preliminary analysis of adaptation strategies is reported in 

Rosenzweig and Hillel (2015b), but is not included in these figures.  

 

The AgMIP regional studies produced indicators of (a) vulnerability, defined as the number of 

farm households that lose income due to climate change, (b) impacts on average (or net) per 

capita income, and (c) changes in poverty, but did not include food security indicators. Figures 

10 and 11 demonstrate that there is a wide range of vulnerability to climate change under current 

socio-economic conditions, averaging about 70% across study sites.  The figures also show that 

under the generally more favorable future socio-economic conditions defined by the regional 

RAPs, vulnerability to climate change averages less than 50%, demonstrating that positive 

socioeconomic developments could increase farm incomes and, in some cases, help to reduce 

vulnerability to climate change and reduce poverty.   

 

These studies have several important implications regarding the potential effects of climate 

change on the well-being of agricultural households. First, even in highly vulnerable regions, 

there is a range of household-level outcomes, with some expected to lose and some to gain from 

climate change acting within the context of other socioeconomic changes.  Second, preliminary 

analysis by the regional teams of possible adaptations of current systems shows that there are 

substantial opportunities to offset the adverse impacts and enhance the beneficial effects of 

climate change. Third, like the other global and regional studies, these regional studies show the 

important role that socioeconomic conditions will play in determining vulnerability, impact, and 

adaptation potential.  

 

Figure 12 compares results for two of the study areas, the Zimbabwe study discussed in the 

previous section and the study in Senegal. Figure 12 shows the effect that different socio-

economic assumptions, as embodied in RAPs, can have on the analysis of economic impact and 

vulnerability. The Senegal team used output data from a global economic model (i.e. IMPACT) 

to estimate price and productivity trends while the team in Zimbabwe used price and productivity 

trends estimated from interactions with stakeholders and local experts as described in section 3.2. 

The results for Senegal show a larger variability (e.g. the range of net economic impacts) and 

also a much larger (positive) impact under future socio-economic conditions compared to the 

Zimbabwe case. These results suggest that socio-economic conditions, and in particular price 

assumptions, can play an important role in the assessment of vulnerability and adaptation of 

agricultural systems.  As we discussed above, the high uncertainty in global economic models’ 
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price projections therefore translates into a high uncertainty in regional assessments.  Addressing 

this issue of economic model uncertainty is therefore an important issue for future research.  

 

 

4. Towards Further Advances in Climate Assessments for Agriculture 

 

In this section we conclude with a brief discussion of some of the initiatives currently underway 

by AgMIP to further advance global and regional integrated assessments for agriculture and food 

systems.  

 

4.1. Data and Model Improvement: Towards Next Generation Data, Models and 

Knowledge Products 

 

One of AgMIP’s key areas of work is to develop improved models and data, and to link these to 

tools (knowledge products) that will improve the usability to stakeholders. This work is outlined 

in a set of papers prepared for a project on Next Generation Models, Data and Knowledge 

Products, available at agmip.org (go to publications, search on “generation.”). These papers 

identify many areas for potential improvement of models, data and the development of user-

friendly knowledge products to facilitate the use and interpretation of model outputs.  A major 

challenge for AgMIP and the agricultural modeling community is to prioritize and make progress 

in these areas.   

 

4.2. Coordinated Global and Regional Assessments 

 

Another major initiative by AgMIP is the development, for the first time, of a set of coordinated 

global and regional assessments of climate impact on agriculture, utilizing and extending the 

methods discussed in this paper. To work toward this goal, the Aspen Global Change Institute 

convened the AgMIP Workshop on Coordinated Global and Regional Integrated Assessments 

(CGRA) of Climate Change and Food Security September 13-18, 2015. The workshop brought 

together 45 multidisciplinary agricultural experts to draft protocols and implementation plans for 

CGRA. The assessments will cover global and regional-scale modeling of crops, livestock, 

economics, and nutrition across major agricultural regions in North America, South America, 

Europe, Africa, Asia, and Australia, and characterize climate impacts on large-scale and 

smallholder farming systems.  

 

Based on discussion with stakeholders from the science community, development agencies, 

donor organizations, there were a number of key outcomes from the meeting. First, as discussed 

earlier in this paper, there are a number of areas of improvement needed in methods and their 

implementation, e.g., in pathway and scenario development, and methods to evaluate and 
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communicate uncertainty, besides the various model improvements that have been identified by 

AgMIP in its research on Next Generation models (Antle, Jones and Rosenzweig 2016).  But in 

addition, the workshop participants identified three areas that represent important 

methodological departures from most of the assessments that have been carried out thus far.  The 

first is to utilize agricultural models to address extreme events and shocks, such as how to 

respond to simultaneous droughts and floods extremes occurring across multiple bread-basket 

regions, and other shocks such as economic crises and conflicts. The second is to focus the work 

of AgMIP on the near-term ranging from within-season, interannual, and decadal timescales. The 

third area is to advance nutrition metrics that can be used in assessment studies that go beyond 

calories to include dietary intake and nutrients. These foci will inform the CGRA simulations on 

adaptation, mitigation, food security, and food policy.  

 

For the first time, the CGRA will be based on simulation protocols agreed by the participating 

scientists, and thus will represent a quantum step forward in producing consistent multi-model, 

multi-discipline, and multi-scale assessments of agricultural and food security impacts, including 

robust characterizations of uncertainty and risk. Simulations will be rooted in historical 

observations and climate projections from CMIP5 and CMIP6, and will be driven by scenarios 

linking the Representative Concentration Pathways (RCPs) and Shared Socioeconomic Pathways 

(SSPs).  

 

The CGRA will be coordinated through the development of detailed new Representative 

Agricultural Pathways (RAPs) at both global and regional scales. RAPs are designed to be part 

of a logically consistent set of drivers and outcomes that bridge across scales from global (e.g., 

SSPs and RCPs) to local (e.g., National Adaptation Plans) levels. 

 

CGRA results will have direct implications for international climate policy, regional adaptation 

and mitigation planning, and development aid. CGRA outputs will be available to inform and 

improve integrated assessment modeling, nitrogen and carbon cycle simulations, and impact 

projections of land use, water resources, ecosystems, and urban food supply.  
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Figure 1. Integrated Assessment Framework for Agricultural and Food System Impact 

Assessments.   

Source: AgMIP Regional Integrated Assessment Handbook V6 (www.agmip.org).  
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Figure 2. AgMIP Regional Integrated Assessment approach simulates climate change 

impact, vulnerability and adaptation through climate data, bio-physical simulation models 

and economic models representing a population of heterogeneous farm household systems. 

(A) RAPS together with global and national price, productivity and land use projections define 

the bio-physical and socio-economic environment in which (B) complex farm household systems 

operate in heterogeneous regions (C). Analysis of technology adoption and impact assessment is 

implemented in these heterogeneous farm household populations (D). This regional analysis may 

feed back to the country and global scales (E).  

Source: Antle et al. (2015).  
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Figure 3. AgMIP national and regional engagement process. 

Source: AgMIP report to DFID, 2014 (www.agmip.org).  
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Figure 4. Overview of core climate assessment questions and the production system states 

that are simulated.  The dashed black line represents the evolution of the production system in 

response to development in the agricultural sector that would occur without climate change, or 

independently of climate change, as defined by a Representative Agricultural Pathway (RAP).   

Source: adapted from Antle et al. (2015).  

 

Yield or 
value

time
current future

Q1

Q4
Q3

Yield or
value

time
current future

Q1

Q4

Q3

Q2
Q2

RAPs
RAPs



46 

 

 

Figure 5. An elaboration of AgMIP’s Global and Regional Integrated Assessment Modeling 

Framework.  Note: RCP = representative concentration pathway; GCM = global climate model; 

RCM = regional climate model; T = temperature, P = precipitation; IAM = integrated assessment 

model; RAP = Representative Agricultural Pathway; PSM = bio-physical production system 

model;  AEM = agricultural economic model; solid boxes indicate variables determined by 

global socio-economic pathways and RAPs, dashed boxes indicate model outputs. 
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Figure 6. Framework to develop RAPs: Linking RCPs, SSPs and RAPs. 

Source: Valdivia et al, 2015.  
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Figure 7. AgMIP Global Agricultural Economic Model Intercomparison, Projected 

Changes in Commodity Prices in 2050 without Climate Change. WHT = wheat, CGR = 

coarse grains, RIC = rice, OSD = oil seeds, RUM = ruminant animal products. 

Source: Nelson et al. 2014. 
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Figure 8. Ranges of key crop and economic model results from the AgMIP Global 

Agricultural Economic Model Intercomparison Study, across crop aggregates (n = 4), 

models (n = 9), scenarios (n = 7), and regions (n = 13). YEXO = yield effect of climate change 

without technical or economic adaptation, YTOT = realized yields with after management 

adaptation, AREA = agricultural area in production, PROD = total production, TRSH = net 

imports relative to domestic production, CONS = consumption, PRICE = prices. 

Source: Nelson et al. 2014. 
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Figure 9: Co-designing scenarios and adaptation strategies. Example of Nkayi, Zimbabwe. 

Source: Homann-Kee Tui et al., 2016. 
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Figure 10. Net (Average) Economic Impact and Extent of Vulnerability (% of farm 

household vulnerable to loss) in AgMIP Regional Studies in Africa and South Asia, for 

Climate Change under Current Socio-Economic Conditions (Q1) and for Future Socio-

economic Conditions defined by RAPs in each study area (Q3). Results are for multiple 

climate models and two crop models (DSSAT and APSIM), and one economic model (TOA-

MD).  

Source: based on data in Rosenzweig and Hillel (2015b).  
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Figure 11.  Summary of Regional Studies of Climate Change Impacts in West, East and 

Southern Africa and South Asia Under Current and Future Socio-Economic Conditions. 

Adaptation is not considered in this figure.  Bars show the range of outcomes from five climate 

scenarios, two crop models, and one socio-economic scenario (current and future) for various 

study areas in Africa and South Asia, boxes indicate quartiles, asterisks are averages. Boxes in 

light blue (left side) indicate current socio-economic conditions, boxes in green (right side) 

indicate socio-economic conditions in mid-century based on “middle-of-the-road” SSP2 and 

corresponding regional RAPs.   

Source:  Adapted from data presented in Rozenzweig and Hillel 2015b.   
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Figure 12.  Comparison of Results from Senegal and Zimbabwe regional studies using the 

AgMIP RIA methodology, for two socio-economic scenarios. 

Source: Elaborated by the authors based on data in Masikati et al 2015 and Adiku et al 2015. 
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Table 1. Most common crop models used for simulation applications, including those 

related to climate change impact and adaptation assessment. 

 

Crop Model 

Generic AquaCrop – specific parameters for many crops 

(<http://www.fao.org/home/en/>) 

Generic  WOFOST – specific parameters for maize, wheat, sugar beet 

and other crops (<http:// www.wageningenur.nl>) 

Generic EPIC – specific parameters for maize, soybean, wheat and other 

crops (<http://epicapex.tamu.edu/>) 

Generic CropSyst – specific parameters for maize, wheat, potato and 

other crops 

(<http://modeling.bsyse.wsu.edu/CS_Suite_4/CropSyst/index.ht

ml>) 

Generic APSIM – specific parameters for maize, wheat, potato, rice and 

others crops (<http://www.apsim.info>) 

Generic DSSAT – specific models for different crops (see below; 

<http://dssat.net/>) 

Barley Cropping System Model (CSM)-CERES-Barley (DSSAT) 

Cotton CSM-CROPGRO-Cotton (DSSAT), GOSSYM 

Dry beans CSM-CROGRO-Dry Bean (DSSAT) 

Maize CSM-CERES-Maize (DSSAT), CSM-CERES-IXIM (DSSAT) 

Peanuts CSM-CERES-Peanut (DSSAT) 

Pearl millet CSM-CERES-Millet (DSSAT) 

Potatoes CSM-SUBSTOR-Potato (DSSAT) 

Rice CSM-CERES-Rice (DSSAT), ORYZA2000, APSIM 

Sorghum CSM-CERES-Sorghum (DSSAT) 

http://www.fao.org/home/en/
file://///PPSHCDC01/progfiles/MDA/03_NAIS/NCS/2_Consultative%20Group%20of%20Experts/04_Training%20Materials/03_V%20&%20A/Update%202015/revised%20materials%20September/Back%20from%20editors/www.wageningenur.nl
http://epicapex.tamu.edu/
http://modeling.bsyse.wsu.edu/CS_Suite_4/CropSyst/index.html
http://modeling.bsyse.wsu.edu/CS_Suite_4/CropSyst/index.html
http://dssat.net/
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Crop Model 

Soybeans CSM-CROPGRO-Soybean (DSSAT), GLYCIM, APSIM 

Sugarcane CSM-CANGRO (DSSAT), APSIM 

Wheat CSM-CERES-Wheat (DSSAT), APSIM-Wheat, AFRC-

WHEAT, NWHEAT, SIRIUS 

Dairy cattle, 

Beef 

LIVSIM, LIFE-SIM 

Goats, ruminants LIFE-SIM 

Buffalo LIFE-SIM 

Swine LIFE-SIM 

 

Source: adapted from the UNFCCC Vulnerability and Adaptation Handbook, Ch. 7, 2015.  
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Table 2. AgMIP Regional Research Teams RAPs Trends Table: Sub Saharan Africa teams 

(Valdivia et al, 2015). 
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Table 2. (cont.). South Asia teams. 
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Table 3.  Future (2050) Farming System Vulnerability and Resilience, and Net Economic 

Impacts of Climate Change, for Crop-Livestock Systems in Nkayi, Zimbabwe, for No 

Adaptation, Transitional Adaptation and Rapid Adaptation Scenarios (all values are 

percent). 

 

 

__________________________ 

Note: Transitional adaptation occurs over 10 growing seasons, Rapid adaptation occurs in the first 

growing season.  Gains, Losses and Gains to Adopters are percent of base system net returns.  

Source: Antle et al. (2016).  

 

 

Stratum Adaptation Vulnerability Gains Losses Net Impact Resilience

Adoption 

Rate Adopter Gain

No cattle None 45 28 -25 3 91 n.a. n.a.

No cattle Transition 18 73 -32 41 93 75 60.5

 

No cattle Rapid 1 139 -20 119 100 96 136

 

Small herd None 61 32 -41 -9 79 n.a. n.a. 

 

Small herd Transition 39 42 -33 9 93 80 20

 

Small herd Rapid 25 51 -27 24 100 98 51

 

Large herd None 71 34 -57 -23 79 n.a. n.a. 

 

Large herd Transition 46 47 -42 5 98 64 43

 

Large herd Rapid 42 48 -40 8 100 80 87

Climate Impact on Net Returns Adoption of Adaptations


