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CLIMATE CHANGE & FISCAL RISK: CROP INSURANCE TECHNICAL SUPPLEMENT 

Assessing Changes in Yield, Yield Variability, Market Response, and Premiums 

Climate change is expected to increase weather-related risks in many areas of the United States. For the 

agricultural sector, much of the literature on climate change impacts and adaptation has focused on 

modeling changes in average temperatures and average precipitation. There is growing evidence that 

extreme weather events may also become more frequent (Melillo et al., 2014). 

The relationship between climate variability and yield risk is not straightforward. An increase in climate 

variability should lead to increase in crop yield risk, all else equal. Increases in the frequency and severity 

of droughts would both decrease average yields and increase the yield risk. However, climate change 

impacts the distribution of yields through many channels. Holding these constant while examining a 

factor such as increasing drought risk could lead to incorrect inference about changes in risk.  

In general, crop production risk is a function of factors such as climate, genetics (seed selection), soil 

health (e.g., moisture holding capacity), irrigation, and even farmer skill. In addition, since crop yield 

responds non-linearly to most measures of weather, changes in means can be sufficient to lead to an 

increase in yield variability. At the national level, total production risk is determined by factors such as 

which crops are grown in which locations and whether these crops are irrigated.  

Modeling Framework 

In this assessment, ERS used daily weather simulations from five GCMs. By capturing the physical 

processes underlying weather, these models preserve the spatial and temporal correlations in large 

weather shocks that are an important factor in the relationship between crop risk and price risk for 

agricultural producers. Using the GCM data, ERS captures shifts in climate using 40 years of simulated 

weather—from 2060 to 2099—driven by changes in radiative forcing from two CO2 concentration 

pathway scenarios—RCP 4.5 and RCP 8.5. These scenarios are compared to a reference scenario using 

historical weather data from 1974 to 2013. A 40-year time frame was selected because major, national-

scale droughts have historically occurred on an approximately 30-year return frequency. While this 

approach will not provide a good measure of extreme risk—such as change in the probability of a 1-in-

100 year or a 1-in-1,000 year mega-drought—it does closely approximate the type of annual realizations 

of weather that the crop insurance program will be likely to face in the later part of the 21st century. The 

current program, for example, typically relies on about 10 years of historical yield information for most 

actuarial calculations while also benefiting from several decades of historical data on “current” yield 

technology such as Bt corn, which was introduced in the late 1990’s (Heisey 2009). 

Building on the output from the GCMs, the model proceeds through five steps: 

1. 40-year crop sequence generation: Run the Environmental Policy Integrated Climate (EPIC) 

model using GCM outputs.  

2. Calibration of yields: Use an econometric model to estimate idiosyncratic yield risk. 

3. Acreage allocations: Run the Regional Environment and Agriculture Programming (REAP) model 

on 40-year average yields. 

4. Price shocks: Run REAP over 40 years of yield shocks with acreage fixed. 

5. Calculate premiums: Run premium model over 40-year yield and price realizations. 
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Beginning with input data from GCMs retains realistic patterns of spatial and temporal correlations in a 

Monte Carlo method. Additionally, the richness of the EPIC model captures heterogeneous yield 

response to climate, which can vary by crop rotation, soil types, and CO2 levels. Capturing such variation 

is difficult in econometric models, which usually simulate the average or expected yield response to 

climate. Lastly, the REAP model allows adaptation to influence outcomes with respect to the two critical 

dimensions of land use and irrigation, both of which influence risk exposure. 

Key assumptions used in this modeling framework are that daily weather simulations from the GCMs 

accurately capture changes in weather variability due to climate change, and that 40 years of data are 

sufficient to capture the majority of weather-related risk that is likely to drive crop insurance premiums. 

Modeling Crop Production 

Researchers at Texas A&M University, in collaboration with others, developed and maintain EPIC. EPIC is 

a daily-time step, crop systems model that explicitly models crop rotations. 

ERS utilizes EPIC to generate input into the REAP partial-equilibrium land allocation model, which is 

discussed in more detail below. Since EPIC is a field-level model, ERS applies EPIC to representative fields 

within REAP regions. The EPIC-REAP combination has been used for a variety of ERS reports, which 

contain additional detail on how REAP regions are defined and how EPIC integrates into REAP (Marshall 

et al. 2015, Malcolm et al. 2012, Malcolm et al. 2009). 

There are 273 REAP regions used in this analysis, although the weather and climate simulation data 

were aggregated to a smaller number of (aggregated) regions. Crop yield estimates within each region 

are calculated from multiple runs of EPIC within any given year. These runs capture variation in soil 

types, crop rotations, and irrigation. EPIC runs for this assessment included a preliminary period of 20 

years to allow soil characteristics to stabilize. 

Yield variability within each REAP region is calculated from 40-year sequences of yields. This means prior 

to calculations of mean and standard deviations in yields (for each reference and GCM scenario), the 

data must be in the following units of observations: Crop – Region – Year. In order to arrive at this unit 

of observation, the EPIC data must be aggregated from the following units of observation: Rotation – 

Region – Soil Type – Irrigation – Tillage – Year. Aggregation is done as an acreage-weighted average 

within each region-year combination. This aggregation step is necessary for output to feed into REAP, 

but has the effect of eliminating some sources of variation within regions. 

The EPIC modeling step makes several key assumptions: 1) elevated CO2 concentrations affect both 

plant growth and vulnerability to weather shocks; 2) some key variable inputs will change in response to 

weather realizations (e.g., irrigation water), subject to certain constraints; 3) other key variable inputs 

like fertilizer will not change; and 4) the harvest index—the weight of harvested product as a percentage 

of the total plant weight of a crop—is variable, capturing the yield effects of adverse weather at 

vulnerable points in the crop lifecycle.   

Yield variability estimated by EPIC must be adjusted in both location and scale to calibrate to historical 

yield variability. Yield variability in raw EPIC output reflects only the portion of yield variability 

attributable to weather. Weather-related yield losses are only a portion of insurable losses. Recent 

research that examined this issue found that weather explains about half of yield variability in the U.S. 

(Ray et al. 2015), although more flexible functional forms and less aggregated data often reveal a larger 

influence from weather.  

http://blackland.tamu.edu/models/epic/
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In addition, EPIC (or any agronomic model) could either overestimate or underestimate yield variability 
due to weather. By allowing some variable inputs to offset crop stress caused by weather outcomes, 
crop models may understate weather-related yield variability. Conversely, these models may understate 
the ability to alter other variable inputs in response to crop stress. 

To calibrate the EPIC yields, ERS used USDA National Agricultural Statistics Service (NASS) county-level 
yields as the target for calibration. A 40-year calibration period (1974-2013) is used for this study. NASS 
county-level yields are first de-trended to remove technical change from the data. EPIC then generates 
simulated yields using historical weather data from the same 40 years. 

The calibration adjusts mean yields and the standard deviation of yields for each REAP region. ERS uses a 
semi-parametric econometric crop yield model—comprised of a linear function of state-year trends and 
a non-linear function of weather—for the calibration. The process includes the following key steps: 

1. NASS yields are decomposed into the portion that can be explained (using the same daily 
weather variables put into EPIC) by weather and the residual unexplained yield variation. 

2. The mean of the simulated EPIC yields in each region is shifted by a single, multiplicative factor. 

3. The standard deviation of the simulated EPIC yields is shifted by both a multiplicative factor and 
an additive factor. The former calibrates the EPIC yield variation in each region to the explained 
NASS variation (the predicted values standard deviation). The latter adds in the standard 
deviation of the residuals from the econometric model, which captures idiosyncratic, non-
weather-related yield risk. 

4. The calibration (and econometric estimation) is done on log of planted-acreage yields in order to 
prevent negative yields and to match the necessary inputs for the subsequent crop insurance 
premium analysis. 

Changes in Yield Risk in RCP 8.5 Compared to Reference Scenario 
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Climate change is projected to increase yield 
risk in orange and yellow areas (top-producing 
counties in orange). Gray areas have yield risk 
increases or decreases of less than 15 percent. 
Yield risk is projected to decrease in blue and 
purple areas (top-producing counties in blue). 
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The calibration step is a critical component of the process. Multiple-peril crop insurance necessarily 

insures against weather-related risk and other types of yield risk. Ignoring the non-weather related risk 

would bias the analysis at two levels: the estimate of price risk and the calculation of insurance 

premiums. However, the calibration steps involve a number of implicit assumptions about the 

relationship between idiosyncratic risk and weather-related risk. At this stage in this research, those 

assumptions are untested. 

EPIC results demonstrate that climate change leads to widespread, but not universal, increase in crop 

yield risk—especially for corn and soybeans across the Corn Belt region. 

Modeling Market Response 

Farmers will react to the differential impacts of climate change across crops, production methods, and 

regions by changing the production acreage that they allocate across crops and production methods. 

Those acreage decisions are made at the beginning of a planting season, and the seasonal price and 

production response then emerges as a result of the weather that emerges throughout the remainder of 

the growing season. Expectations of acreage and distributions of potential price response under climate 

change are estimated in this analysis using the REAP model. 

REAP is a partial equilibrium model of the U.S. agricultural sector that estimates how producers respond 

to climate change and how markets respond to those producer decisions. REAP allocates agricultural 

land use and distributes the results of production into distinct markets (domestic consumption, export, 

and feed use) to maximize the economic surplus that arises from agricultural production. When REAP 

solves for agricultural production patterns under changed climate, technology, or policy conditions, 

acreage in each region is distributed among available production enterprises (crop rotations and 

methods of production) based on relative profitability. To capture different production conditions within 

each REAP region, allocation decisions are partially constrained within the model by acreage distribution 

parameters that reflect historically observed patterns of production. 

Climate change impacts in future periods are measured against a “reference” scenario for each period 

that reflects a continuation of change in patterns of production in accord with historically observed 

dynamics (involving changing population, diet, demographics, and other socioeconomic factors), but 

without climate change (i.e., assuming “reference climate” conditions). ERS developed reference 

scenario conditions for 2080 based on a combination of expert input, literature, and an extrapolation of 

USDA’s 10-year baseline agricultural forecast; the reference scenario reflects one set of plausible 

expectations about how prices, acreages, and yields might change over the next 70 years in the absence 

of climate change (for more information on the reference scenario, see Marshall et al. 2015.) 

The impacts of climate change on agricultural production are assessed by first running the reference 

EPIC yield results through REAP (estimated under the historical climate conditions), then by substituting 

into REAP the regional yield, crop-water requirements, and cost estimates for production enterprises 

that were derived using the climate change projections. The REAP modeling framework reallocates 

production acreage under each of the climate scenarios to optimize the sum of producer and consumer 

surplus given the changes in regional yield and crop water use, subject to land and water resource 

constraints. Farmers’ allocation decisions depend on changes in yields, irrigation costs (through changes 

in water use) and commodity price, which are also endogenous within REAP.  

For this analysis, the average of the potential EPIC yields associated with the 40 annual simulations is 

used to represent expected yields as the basis for farmer planting decisions. Each climate scenario is 
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then associated with a single set of acreage allocation decisions for 2080, which are optimized based on 

expected yields for 2080 under each of the climate projections. To generate the potential price 

distributions associated with each climate scenario, ERS then fixes production acreage in 2080 at the 

expectation-optimized level and allow the model to re-optimize to estimate commodity prices and 

allocation over market pathways for each of the 40 patterns of regional annual yields simulated by EPIC. 

This approach with REAP makes the following key assumptions: 1) farms allocate acreage and variable 

inputs such as irrigation water across a variety of crop rotations; 2) farms are profit-maximizing and risk-

neutral, which means they allocate land across rotations based on expected net revenue; and 3) the 

national commodity markets respond to long-run expectations in setting acreage and prices and then 

annually adjust prices in response to yield shocks anywhere in the system. 

REAP simulations demonstrate that price risk (coefficient of variation, represented by the dots in the 

figure below) is increasing for all three crops under all climate scenarios with one exception (corn in one 

of the five GCMs).  

Assessing Changes in Premiums and Cost to the Federal Government 

Federal costs over the long term are largely in the form of subsidies on actuarially fair premiums. 

Subsidies are paid on a set portion of premiums—depending on elected coverage level—and average 

roughly 62 percent program-wide. In a simulation context, the actuarially fair insurance premium for a 

farmer is the average of the indemnities calculated for each of the simulated price-yield combinations. 

Most acres in field crops enrolled in Federal crop insurance are in policies tied to losses at the farm level. 

However, the yield distributions provided by the modeling framework for this assessment are at the 

county level, which are less volatile than at the farm level due to aggregation. As the full premium is 

assumed to be actuarially correct, farm-level yields must be used to produce reasonable estimates of 

-4%

-2%

0%

2%

4%

6%

8%

10%

12%

14%

($2)

$0

$2

$4

$6

$8

$10

Average MIROC HadGEM GISS CCSM CanESM
P

ct
g 

P
n

t 
C

h
an

ge
 in

 C
o

ef
fi

ci
en

t 
o

f 
V

ar
ia

ti
o

n
 (

d
o

ts
)

C
h

an
ge

 in
 M

ea
n

 P
ri

ce
 (

b
ar

s)

Changes in Price Means and Variability in RCP 8.5 Simulation 
Compared to Baseline Scenario

Corn Soybeans Wheat



C L I M A T E  C H A N G E  &  F I S C A L  R I S K :  C R O P  I N S U R A N C E  T E C H N I C A L  S U P P L E M E N T  

   6    

premiums. This requires boosting the volatility of the modeled yield distributions to the farm level. As 

actual insurance data is necessary to calculate the county-to-farm yield variability expansion factor, 

expansion factors in the future are assumed to be the same as in 2014—that is, the likelihood that farms 

within each county have different yield shocks is held constant. 

The approach to estimating the insurance premiums, including the estimation of the yield variability 

expansion factors used in the calculation of premiums, is described in detail in Cooper and Delbecq 

(2014a; 2014b), which in turn is an update of Cooper (2010). To start, a county-based simulation model 

is used to generate stochastic price and yield outcomes that are correlated across space and time. Using 

historic prices and yields as the basis from which to generate nonparametric kernel distributions of 

these variables, each run of the model consists of 10,000 price and yield draws. These draws form the 

distribution of price and yield outcomes used to generate expected price and yield outcomes for every 

county in the United States growing soybeans for which NASS reports county-level yields from 1975 

through 2013 (USDA, NASS).  

Since prices and yields are correlated, as are yields across counties, these historic correlations need to 

be accounted for in the simulated price and yields data. For this assessment, the historic relationships 

between prices and yields and between county yields are assumed to follow a multivariate Gaussian 

distribution and are imposed via a copula approach. Under this approach, the historic relationships 

between the variables are defined by the correlation.  

County-level yields are the lowest aggregation of yield data available from the USDA that have the same 

time series as the state and national data. However, farm-level yield tends to exhibit higher variability 

than county-level yield. As per Coble and Dismukes (2008), the additional variability at the farm level for 

each county is inferred from Federal crop insurance premiums, and the variability of the simulated 

county-level EPIC/REAP data is increased by this amount.   

REAP provides yield distributions for all counties. Some of these counties do not currently have insured 

acres, and hence, the yield variability expansion factor for that county is not available. In that case, the 

county is assigned the average expansion factor for the crop reporting district the county is part of, or 

the national average value if no counties in the crop reporting district had enrolled acres in 2014. The 

result is a yield distribution for a representative farmer in each county.  

The generated farm yields under each climate scenarios are then used along with estimated price 

distribution as inputs into calculating the insurance premium. For this assessment, farmers are assumed 

to purchase a revenue-based insurance policy with upward price protection (Revenue Protection, or RP, 

which is the most popular insurance product for producers of major field crops). The USDA Risk 

Management Agency (RMA) calculates RP premiums assuming a price distribution defined over the 

planting time to harvest time interval, which is less than a calendar year. However, the price distribution 

in REAP is implicitly defined over a calendar year, suggesting some possibility for the REAP price 

distribution inflating the premiums, all else being equal.    

As a model for estimating the producer’s coverage rate choice as a function of the premiums is not 

available, the representative producer is each county is assumed to choose the average coverage rate 

for revenue insurance in that county (rounded to the closest coverage rate actually available) in 2014.   

Final results indicate the cost of premium subsidies for corn, soybeans and winter wheat could increase 

by 23 percent under RCP 4.5 and 40 percent under RCP 8.5, relative to the historical climate scenario. 

Changes in per acre premium rates are the major driver of changes in Federal costs. The average change 

in per acre premium rates are only somewhat lower than the average change in total premium 
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subsidies, owed to an increase in the value of production and the liabilities covered by the crop 

insurance program.1 Other factors driving an increase in total costs include an expansion of acreage in 

higher risk areas (where the premium rate per dollar of revenue insured is higher), an increase in 

dryland production nationally, and a reduction in crop diversification that serves as a natural hedge for 

existing producers in major production regions. 

 

 

 

 

                                                           
1 There is much less of an increase in the value of production under the RCP 4.5 scenario.  Three of the GCMs have 
lower value of production for these crops in the RCP 4.5 scenario. In contrast, only one of the GCMs has a lower 
value of production for the RCP 8.5 scenario. 
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Changes in Mean and Standard Deviation of Calibrated Corn Yield  

by REAP region for RCP 8.5 
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Changes in Mean and Standard Deviation of Calibrated Soybean Yield  
by REAP region for RCP 8.5 

Changes in Mean and Standard Deviation of Calibrated Wheat Yield 
 by REAP region for RCP 8.5 
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