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ABSTRACT 

 

Partially justified by the objectives of ensuring a safe and stable food supply and providing a resilient 

production environment, U.S. agricultural policy has been rather important for both consumers and 

producers. Agricultural policy, also known as farm policy, generally follows a 5-year legislative cycle of 

“Farm Bill” which governs broad range of agricultural and food program areas. Understanding how farm 

policy works and the impact under different farm bills helps agricultural sectors to manage their business 

more efficiently. It also provides useful information for policy makers to address relevant issues regarding 

agricultural and food systems in the future farm bills.   These three essays therefore apply econometrics 

methods and simulation techniques to answer key issues on farm and risk management regarding 

commodity program and crop insurance programs under different farm bills.  

    The first essay revisits the question regarding who really benefits from federal support government 

subsidies. While subsides are paid directly to farmers, landlords may capture a portion of the benefits 

through increased farmland rental rates.  A panel fixed effect model is used with farm-level data from 

Illinois to estimate the incidence of government subsidies on cash rental rates. We also investigate how 

estimated incidence rates might vary under different government program designs and farm income 

environments. Consistent with previous work, the results suggest there is a positive  relationship between 

cash rental rates and government payment levels. However, consistent with previous work in the area, the 

extent to which government payments are passed through to rental rates, or the level of incidence, varies 

across time and modeling specifications. Results imply that landowners may capture a greater portion of 

government payments during periods of higher farm income and when government payments levels are 

more certain. Asymmetric information and payment uncertainty are potential explanations for why only a 

share of government payments accrues to landowners. 

    In the 2014 Farm Bill, new shallow loss area insurance coverage options with higher coverage protection 

were added. Starting with the 2021 crop year, a new supplemental area insurance program with even higher 

coverage option has been introduced as well. Since these area plans are triggered based on losses at county 
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level, indemnities may not always match losses experienced at the farm-level, resulting in what is often 

referred to as basis risk. Therefore, to better understand potential impacts on farmers’ risk exposure under 

these new crop insurance programs, the second essay utilizes simulation techniques to build a stylized 

county-level crop revenue model to assess the basis risk and risk reduction of one of the recently introduced 

supplemental area plans – the Supplemental Coverage Option (SCO). The results show increasing the 

coverage level of the supplemental area plan reduces the likelihood of under-compensation (insufficient 

payments from area plans to cover farm-level losses), but increases the likelihood of over-compensation 

(indemnity payments from the area plan will be larger than what is needed  to fully cover farm-level losses).  

We also find of the magnitude of basis risk associated with the supplemental area plan differs across regions. 

Supplemental area plans do have the potential to provide additional risk reduction; however, the level of 

risk reduction is inversely proportional to the level of basis risk.  

    One concern which has been raised since the introduction of the supplemental area plans is whether 

farmers will make changes to their existing insurance coverage.  Specifically, questions exist over whether 

farmers might choose to reduce, or “buy down” their individual coverage and purchase the new 

supplemental area plans to cover the band of coverage created by the reduction. Such behavior might result 

in inferior risk coverage for farmers (due to basis risk) that is more costly to taxpayer to deliver (due to the 

marginal differences in subsidy rates across the individual and area insurance plans). The third essay thus 

extends the second essay to examine whether there is empirical evidence of this buy down behavior. An 

endogenous switching regression approach is employed to address potential selection bias and unobserved 

factors in crop insurance enrollment decisions observed in the aggregate at the county level using data from 

the Risk Management Agency of the USDA. The results provide mixed evidence of buy down behaviors. 

We find a buy down effect of up to 4% on for insured corn acreage, but no evidence of any buy down effect 

for insured soybean acreage. 
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CHAPTER 1: REVISITING THE INCIDENCE OF GOVERNMNET PROGRAMS 

ON ILLINOIS CASH RENTAL MARKET 

 

Introduction 

Farmers face significant income volatility, and one of the primary justifications for federal support is 

income stabilization to ensure a reliable food supply for consumers. However, a persistent question in 

agricultural economics is to what extent federal support payments actually benefit farmers. While subsidies 

are paid directly to farmers, resulting input market adjustments may result in farmers capturing only a 

portion of these benefits. The impact of federal payments on cash rental rates paid to landowners provides 

a classic example.  

This is a particularly important issue for grain farms throughout the Midwest for three reasons. First, 

program participants in Illinois received nearly 9% of U.S. agricultural subsidies from 1995 to 20201 based 

on USDA Economic Research Service (ERS) data. Second, according to the 2017 Census of Agriculture, 

40 percent of farmland in Illinois is rented and 60 percent is owned. Third, there has been a steady shift 

from crop-share to cash rent leases2. Fixed cash rent leases allow landowners to reduce risk and 

management related to production and prices, resulting in increased risk borne by the farmer tenant. (Lattz, 

2017) 

    A significant amount of research has examined the relationship between cash rent levels and government 

payments. However, existing studies have shown substantial divergence in their estimates of incidence, or 

the proportion of government payments received by the landowner. (Roberts et al., 2003; Patton et al., 2008; 

Kirwan, 2009; Goodwin et al., 2011; Hendricks et al., 2012) What’s more, it is still unknown how changes 

in government policies and farmers’ economic conditions ultimately provide signals for adjustments in 

agricultural cash rental markets.  

 
1 Only fixed direct payment, production flexibility contract, counter-cyclical payments, loan deficiency payments, 

ACRE, ARC, and PLC were calculated. If calculation includes other payments such as insurance or conservation 

programs, the amount would be even larger.  
2 There are two types of cash rent: variable and fixed cash rent. This study focuses on fixed cash rent.  
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In this paper, we test the extent to which government payments flow to landowners through cash rents 

paid by farmers. Also, we offer insight into how government payments and farmers’ profitability levels 

might impact cash rent levels and incidence rate estimates. Using unique farm-level data from the Illinois 

Farm Bureau Farm Management Association (FBFM), we examine the relationship between cash rent 

levels and government payments received. The data allows us to control for both farm-level and time-level 

fixed effects, in addition to measures of expected returns and crop insurance use.  

There are several contributions and extensions to previous work made in this study. First, we replicated 

previous literatures and found different time periods in the analysis may be the main factor explaining the 

divergence of estimated incidence rate of government payments. Second, existing studies have focused on 

periods from 1990 to 2010. This paper utilizes data from 1995 to 2020. In addition to covering more current 

time periods, the longer dataset allows us to observe how incidence rates may change under different 

economic conditions, and how this might result in time-varying signals when negotiating cash rent leases. 

For example, net farm income tends to be lower between 1995 to 2005 vs. 2006 to 2013 where net farm 

income increases with higher volatility. Furthermore, the 2014 Farm Bill resulted in major modifications 

to commodity programs leading to the potential for more asymmetric information due to the more complex 

design of the programs. Third, the FBFM data provides specific farm-level variables that are not available 

to researchers using farm-level data from other regional farm management associations. For example, 

unlike previous studies, cash rented acres is separate from share rented acre in our panel dataset. Cash rent 

per acre is better measured and calculated at cash rent paid divided by cash rented acres. Lastly, in an 

attempt to make the model specification more closely fit farmers’ real behaviors, the standard decision-

making timeline for setting cash rent levels is taken into account. 

    Similar to previous work, we find a statistically significant relationship between government payments 

and cash rental rates. Different from most previous work, where incidence estimates tend to be less than 50 

percent,  we find higher incidence rates which suggest landowners may extract a larger portion of the 

government payments received by farmers via higher rental rates. We also find evidence that incidence 

rates likely vary across time based on market conditions and policy regimes. For example, our incidence 
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rate estimates are larger during 1) periods of higher farm income, and, and 2) periods when farm program 

design results in more stable, easier to anticipate support levels.  

 

Background  

Estimates of subsidy incidence on farmland rents varies widely in the existing literature.  Lence & Mishra 

(2003), using 1996-2000 county-level data for Iowa within a spatial model, found incidence of aggregate 

government payments of 0.131. Hendricks et al. (2012), using a dynamic panel approach with farm-level 

data from Kansas, estimated the incidence of aggregate subsidies on cash rental rates of just 0.12 in the 

short run, and 0.37 in long run. Goodwin et al. (2011) and Patton et al. (2008)  are examples at the other 

end of the spectrum, with estimates more closely approaching full incidence.  

    Other work has attempted to examine how the specific design of subsidy programs might impact the 

incidence rate, specifically the effect of decoupled vs. coupled programs, on both farmland values and cash 

rental rates. This area of research has also yielded varying results. Roberts et al. (2003) reported an 

incidence of direct payments on land rent between 0.34 to 0.41 per acre using Census of Agriculture farm-

level data. In a later study Kirwan (2009) employed the same data and found an even lower incidence rate 

of 0.25.  

    Lence & Mishra (2003) found that the market loss assistance program (MLA) and production flexibility 

contract (PFC) payments have an incidence rate of 0.80, but payments from the Conservation Reserve 

Program have no significant impact on the cash rents paid by farmers for their tillable acres. Goodwin et 

al. (2011) showed incidence of direct payments is about 0.73. Patton et al. (2008) estimated incidence rates 

approaching 1 for agricultural subsidy payments in the EU.  

    The range of results in the existing literature suggests that the portion of government payments which 

are captured by farmers versus landlords is still very much up for debate. Kirwan & Roberts (2016) argued 

the relatively large incidence rates found by Goodwin et al. (2011) and Patton et al. (2008) is due to the fact 

that they fail to account for land productivity. Unobserved land productivity obscures the effect of subsidies 
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on farmland rental rate because both subsidies and rental rates depend on land’s productivity. They utilized 

fertilizer-decision yield goal reported in the Fertilizer section of ARMS as control variables and found 

considerable reduction in incidences of government payments for soybean and cotton fields. In our study 

we use soil productivity ratings as control variable for land productivity. However, we do not find 

significant change in incidence estimate.  

    Proper identification represents the biggest challenge to obtaining clean estimates for incidence rates. 

Cash rents should be based on expectations about the stream of net returns, which include government 

payments, during the term of the lease agreement. What researchers observe from the data are return, cash 

rent, and government payment realizations under a set of policy instruments and market conditions 

(Goodwin et al., 2003). In order to deal with expectation errors, most researchers have applied proxy 

variables and instrumental variables to examine the causal relationship between cash rental rates and 

government payments (Goodwin et al., 2003; Roberts et al., 2003; Patton et al., 2008; Kirwan, 2009; 

Goodwin et al., 2011).  

Other types of measurement errors may also be induced when aggregating data from field-level to farm-

level or county-level units (Kirwan & Roberts, 2016). They found farm-level averages for subsidies 

received tend to overestimate the incidence range from 50%-100%. In our dataset, we do not observe field-

level data – all measures are aggregated to the farm-level. However, since our study only focuses on the 

cash rental market for commercial grain farms in FBFM, we argue that the farms/farmers are more 

homogeneous in our analysis. Thus, estimates based on these farm-level aggregates should reflect the true 

effects at the microstructural unit (i.e. field level) in this study.    

 

Policy Background 

Our panel data covers time periods capturing six different farm bills and varying subsidy program designs: 

Food, Agriculture, Conservation, and Trade (FACT) Act of 1990; Federal Agriculture Improvement and 

Reform (FAIR) Act of 1996; Farm Security and Rural Investment (FSRI) Act of 2002; Food, Conservation, 
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and Energy (FCE) Act of 2008; Agricultural Act of 2014; and Agriculture Improvement Act of 2018. Six 

major commodity programs administered by Farm Service Agency (FSA) are relevant: production 

flexibility contracts (PFC), loan deficiency payments (LDPs), the direct payment program (DPs), the 

counter-cyclical program (CCP), the Agricultural Risk Coverage (ARC) program, and the Price Loss 

Coverage (PLC) program. 

    PFCs were created in the 1996 farm bill covering crop years from 1996 to 2002. The 2002 farm bill 

modified PFCs which were renamed DPs. Both PFCs and DPs are examples of decoupled payment 

programs, meaning they are not tied to current crop production or market conditions (i.e. prices). The 

decoupled payments provide flexibility that farmers are not restricted to produce crops for which they are 

receiving direct payments. Payments were made based on historical “base” acres specific to a covered 

commodity. For example, farmers are allowed to plant wheat on their corn base acres where they are 

receiving corn payment. The direct payments were based on 85% of the eligible base acres multiplied by 

fixed direct payment yields and payment rates which varied by commodity. 

    CCPs were first implemented in 1973 but then eliminated in the 1996 farm bill. In the 2002 farm bill, 

CCPs were reinstated and extended payments to several crops such as grains, cotton, soybeans, oilseeds, 

and peanuts. CCPs were decoupled from current production, but contingent on market outcomes. Although 

counter-cyclical payments were tied to historical base acres similar to DPs, they were only issued when the 

market price of covered commodities was less than the fixed target price set by statute in the farm bill. 

    Loan deficiency payments (LDPs) were established in the 1985 farm bill. Farmers receive payments tied 

to current production when market prices are lower than commodity loan rates, which are fixed by 

legislation. Therefore, LDPs are viewed as coupled due to the linkage between payments and actual 

production. 

    The 2008 farm bill introduced revenue-based program design into commodity programs through the 

Average Crop Revenue Election (ACRE) program.  ACRE provided revenue protection using state-level 

triggers.  Enrollment was optional for producers and involved a 20% reduction in their direct payments 

support as well as foregoing any potential CCP payments. 
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    The 2014 farm bill eliminated the DP, CCP, and ACRE programs, and created the Agricultural Risk 

Coverage (ARC) and Price Loss Coverage (PLC) programs. The ARC program is a revenue-based program 

which provides options for coverage of county-based (ARC-CO) or individual, farm-level (ARC-IC) 

revenues. The ARC program replaced the ACRE program established in the previous farm bill. The PLC 

program was introduced as the replacement for the price based CCP. ARC payments made if actual county 

(farm) revenues fall below a county (farm) benchmark based on the preceding 5-years of yield and price 

history.  The revenue shortfall, if applicable, is paid out on historical base acres. PLC payments are issued 

when the marketing year average price of a covered commodity is less than the legislatively set reference 

price. Similar to CCP, PLC payments are made based on fixed program yields and base acres that have 

been established based on production histories for each farm.  

    ARC-CO and ARC-IC are revenue-based programs where ARC-CO (ARC-IC) issue payment when 

revenue is below 86% of the county’s (ARC-IC farm unit) guaranteed revenue. Both programs are capped 

at 10% of their benchmark revenue, implying payments may not exceed 10% of the ARC-CO (ARC-IC) 

guarantee price multiplied by the ARC-CO (ARC-IC) guaranteed yield. Another difference between ARC-

CO and ARC-IC is ARC-CO pays on 85% of base acres while ARC-IC pays on 65% of base acres. ARC-

CO payments are crop specific while ARC-IC payments are ARC-IC farm unit specific. The ARC-IC farm 

unit is sum of a producer’s interest in all FSA farms which are enrolled in ARC-IC in a state. Both 

Agricultural Risk Coverage (ARC) program and Price Loss Coverage (PLC) program are not depended on 

current acreage or production decisions, while ARC-IC is necessarily tied to current cropping decisions.  

    In summary, over the past 30 years, commodity programs have shifted from offering price support and 

fixed direct payments to an arguably more complicated system with both price- and revenue-based support 

designs.  Farmers now might receive support from different programs on different tracts of land, with 

payment levels contingent a price and yields measured at varying levels of aggregation from the farm to 

county, and to national. 

Figure 1.1. shows the average payments provided by major commodity programs per year in Illinois 

from 1995 to 2020. The total amount of government payments was higher in 1995-2005 when net farm 
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income and prices were relatively low. During this era, support payments came from the DP, CCP, and 

marketing loan (LDP) programs. During the period 2006 to 2013, government payments declined by 

approximately 50 percent due to higher commodity prices. Support in this period came mainly from direct 

payments, with little support from LDPs or the CCP. After 2014, previous programs except LDP were 

discontinued and support shifted to ARC and PLC. 

 

Data 

This study uses farm-level data from the Illinois Farm Business Farm Management Association (FBFM) 

covering periods from 1995 to 2020. FBFM is comprised of over 5,000 farmer members (cooperators) who 

work with around 100 field staff to provide financial and agronomic data for tax purposes, financial 

statement preparation, and benchmarking. The data provides detailed accounting, management, and 

agronomic information for more than 5,000 farmers members.  

    The full FBFM data was cleaned to exclude any reporting errors. Since FBFM data is collected and 

categorized based on calendar year, county, farm operation (farm ID), and operator (farmer ID), there may 

be multiple farmers reporting for the same farm operation. A typical example might be a father and children, 

or siblings, who farm together. Therefore, data was aggregated to the farm-level unit as one observation. 

Another characteristic of the FBFM data is that observations include certification status. The certification 

status indicates whether the data has been “certified” as useable for research and benchmarking purposes 

by the field staff compiling the records. In this study we drop non-certified farms and only focus on grain 

farms since management and financial information of grains farms have huge distinction from farms with 

livestock. 

    Measuring the cash rent correctly is a problem that has arisen in previous studies. One advantage of 

FBFM data is that average cash rent per acre is directly and accurately recorded (actual cash rent paid 

divided by total cash rented acres). The government payment variable includes all Farm Service Agency 
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payments (agricultural subsidies), comprising those from commodity programs as well as other payments 

such as conservation programs.  

    While the effect of inclusion of conservation payments may be a concern, we argue that any bias they 

might introduce to incidence estimate results will be minimal. The main source of conservation payments 

in Illinois would come from the conservation reserve program, and the data we use focuses on farms that 

have a very high percentage of total acres as tillable in in crop production3.  

    In addition, Lence & Mishra (2003) investigated effects of four different government categories and 

found the point estimate of payments corresponding to conservation reserve program is economically and 

statistically insignificant. Hence, it is expected the effect of conservation payments would be statistically 

insignificant in our study as well.  

    The timeline of farmers’ decision making is also important to consider in estimating incidence of 

government policies. Since year-to-year lease of farmland in most regions of Illinois is presumed to end on 

the last day of February and 4-month notice must be given on or before the last day of October (Uchtmann, 

2006), farms in the Midwest usually negotiate farmland leases for the upcoming year in November towards 

the end of harvest. Therefore, the available information for negotiation is usually current-year returns and 

government payments, and expectations for returns and government support in the year of the lease 

(Goodwin et al., 2003; Roberts et al., 2003; Kirwan, 2009). For instance, 2020 cash rent is negotiated in 

November 2019 and the information farmers received is based on economic conditions in 2019 and 

expectations for 2020. In terms of lease characteristics and data attributes, we use actual realizations of 

variables to instrument conditional expectations.  

    The number of observations in the FBFM data from 1995 to 2020 are reported in table 1.1. The final data 

is an unbalanced panel with 18,507 observations comprising 2,860 farms during 1995 to 2020. Since 

farmers join and leave the FBFM association voluntarily, constructing a balanced panel severely limits use 

of available data, particularly as the length of the time series increases (only 4 farms exist in the data 

 
3 In our data, there are no producers who produce corn, soybean, or wheat and have some of their land in the set-

aside. 
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consistently across all 26 years). Analysis based on an unbalanced panel may introduce various sources of 

potential bias, such as survivorship or attrition bias. As long as the factors impacting the decision to join 

FBFM are not systematically related to the response variable – cash rent per acre - the model specification 

should not suffer from attrition bias. (Wooldridge, 2010) The primary reason for farmers to join FBFM is 

the association provides detailed financial statements and assists with tax planning and preparation. Since 

this reason is unlikely to be correlated with cash rent, we argue that the missing observations in the data are 

missing at random and therefore it is allowable to employ unbalanced panel instead of balanced panel. 

 

Variables 

The dependent variable, cash rent per acre, is calculated as total cash rent paid divided by total cash rented 

acres. Government payments per acre is calculated as total government payments received from FSA 

programs divided by total acres of the farm.  

Expected revenue per acre is the product of an average futures price and trend yield at the county level. 

Trend yields are based on a simple linear trend fit to yields from 1972 to 2019. Since farmers and landlords 

usually negotiate cash rent leases in the fall, we average futures prices for the harvest 

(December/November) contract for the next crop year during the previous October. For instance, for 2020 

expected corn revenue, we average prices of 2020 December corn futures contracts which was settled in 

October 2019 and multiply by 2020 trended corn yield. Total expected revenue at a farm is based on 

proportion of corn and soybeans planted acres.  

Average insurance premiums paid per acre in the county, average taxes per owned acre in the county, 

and farm size (tillable acres) are also included as controls. Insurance premiums and taxes, similar to 

expected revenue, are average at the county level to provide a representation of the local “market” from 

which competing cash rent bids may come. Observations with zero operated acres and zero cash rental rate 

were eliminated. Outliers were winsorized with observations values more than three standard deviations 
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away from the mean.  All variables, with the exception of farm size, are measured in real (2020) dollars per 

acre by Producer Price Index. 

    Table 1.2. shows brief summary statistics from 1995 to 2020. How cash rents change with government 

payments is our estimate of interest, and higher government payments are expected to result in higher cash 

rent since landlords and farmers view government payments as extra revenue in net farm income. Similarly, 

increases in expected revenue would be expected to result in higher cash rents paid. Taxes represent an 

expense of ownership.  Landowners may try to recover increases in taxes by charging higher rents. 

Insurance premiums are an expense paid by the farmer for insurance coverage. Insurance provides risk 

reduction benefits, and since crop insurance in the US is subsidized by the federal government, farmers 

should expect to earn a positive “return” on insurance. Therefore, larger insurance expenses are expected 

to be associated with higher cash rent levels.  

 

Empirical Identification Challenge 

Measurement Error 

Farmers in Illinois usually negotiate cash rental rates in the fall towards the end of harvest. At the time of 

lease negotiation, future yields and prices are unknown and can change considerably according to FBFM 

Cash Rent Lease Fact Sheet. In terms of this characteristic, cash rental rates must be determined based on 

expectations for future returns at the time of negotiation. Collected data however only reflects historical, 

realized values of revenues, government payments, and expenses. The difference between realized 

(observed) 𝑥𝑘 and expected values (unobserved) 𝑥𝑘
∗  is defined as expectation error (measurement error), 

𝑒𝑘 = 𝑥𝑘 − 𝑥𝑘
∗  (1.1) 

    If expectation errors are uncorrelated with the unobserved explanatory variables 𝐶𝑜𝑣(𝑥𝑘
∗ , 𝑒𝑘) = 0, 

regressing cash rent on realized government payments results in attenuation bias. This measurement error 

may not apply to all independent variables across time in our analysis. For example, decoupled payments 

such as direct payments do not suffer from expectation error because they do not depend on current 
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production or unknown future market conditions. In contrast, support triggered by market conditions such 

as countercyclical payments is unknown when rents are negotiation.  Thus, farmer expectations must be 

modeled or the unknown government payments must be instrumented. In our analysis we do not have 

separate payment categories; therefore, attenuation bias in this analysis is viewed as a general problem for 

the government payments variable of interest. 

    Several studies have proposed different strategies to solve attenuation bias caused by expectation error. 

The standard approach is the use of instrumental variables. Kirwan (2009) used government payments in 

1997 as an instrument for change in rent levels from 1992 and 1997. Lence & Mishra (2003), Patton et al. 

(2008), and Goodwin et al. (2011) used generalized method of moments (GMM) with lagged realized 

variables as instruments. A relevant and valid instrumental variable should be correlated with the 

endogenous variables and orthogonal to the residual. Based on the timing of farmers decision making, the 

residual in our regression would be the difference between the conditional expectation and the actual 

realization. Lence & Mishra (2003) argued that lagged realizations (instrumental variables in our analysis) 

are uncorrelated with the residual since lagged realizations are in the information set available at the time 

of farmers’ decision making. Bellemare et al. (2017) pointed out two assumptions are necessary for lagged 

values to be appropriate as instrumental variables in the context of unobserved confounding: 1) no dynamics 

impact any relevant unobservable, and 2) the lagged endogenous variable is a stationary autoregressive 

process. Therefore, in our case we assume that while there may be a dynamic relationship in government 

payments across years, there are no dynamic relationships in the unobservable which may affect cash rental 

contracts because the cash rental contract in our model is assumed to be negotiated annually. These 

unobservable related to the expectation error may include relationship characteristics between the 

landowner and farmer, such as bargaining power. 

    Inasmuch as we discussed before that our data is an unbalanced panel, meaning not every farm is  

observed every year, it is thus difficult to construct instrumental variables at farm level. Goodwin et al. 

(2011) argued that values in the county more closely represent the long-run potential benefits associated 

with agricultural policy and the rental “market” within which the landowner and farmer negotiate within. 
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To represent the expected values, we construct previous-year average government payments in the county 

where the individual farm is located as instrumental variables. We argue that previous-year county average 

values provide the most recent available and relevant information for farmers and landowners who negotiate 

their cash rent leases annually.  

    Another type of measurement error is aggregation error. Kirwan & Roberts (2016) argued that using 

farm-average subsides violates the classical measurement error assumption. Errors between farm-average 

subsidies and real field-level or lease-level data are correlated with other field/lease-level factors. What’s 

more, most data do not report subsidized and unsubsidized land separately. Therefore, measuring rent per 

acre or subsidies per acre via overall cropland causes measurement error from unsubsidized rented farmland 

and owner-operated subsidized farmland. Estimates of aggregate data is consistent only when it reflects the 

true field-level data (Kirwan & Roberts, 2016). In our analysis we argue that the study only focuses on 

farms in Illinois where operations tend to be more homogeneous with similar types of soil quality and major 

crops. Thus, we argue that heterogeneity between field-level and farm-level units is negligible in the FBFM 

data. Our farm-level data is assumed to be consistent with true microparameters.  

Omitted Variable Bias 

Unobserved farm characteristics that are related with government payments, such as farmers’ management 

skill, is a challenge in this study.  To deal with omitted variable bias, previous studies tend to use a fixed 

effects approach to account for time-invariant factors such as land productivity and farmer skill. Kirwan & 

Roberts (2016) claimed that both subsidies and rental rates are correlated with land productivity. Failure to 

account for land productivity would cause bias in incidence estimates. They used fertilizer-decision yield 

goals reported in the ARMS survey as their underlying land productivity and found that incidence estimate 

were cut in half after including yield goal as a control for productivity. In this study we observe a farm-

level soil productivity rating and utilize it as a control for land productivity.  

    Column (1) and (2) in table 1.3. report the estimates before and after including soil productivity ratings 

under pooled OLS estimation. Reports of incidence suggests little difference after adding soil productivity 
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ratings as control variable and the 𝑅2 remains of similar magnitude. These results indicate land associated 

with farms in Illinois do not change much over time. Based on evidence of fixed underlying land 

productivity, using farm-level fixed effects to control for time-invariant farm factor such as management 

skills in the analysis is reasonable. In addition to farm-level fixed effects, annual fixed effects are also 

included in our estimation in order to control for common shocks in each year such as extreme weather 

conditions or price swings. 

 

Empirical Method 

For our empirical approach, we estimate the relationship between government payments and cash rental 

rates over the entire panel and under different time regimes. First, we analyze data between 1996 to 2020. 

Second, we separate timeframes into 1996-2005, 2006-2013, and 2014-2020 based on the structural break 

of net farm income and farm program payment design regimes4. Under the assumption of annual 

negotiation, we use farm-level and time fixed effect to deal with time-invariant farm characteristics and 

yearly common shocks. The fixed effect model with cash rent 𝑦𝑖𝑡 as dependent variable in farm 𝑖 and year 

𝑡 between 1996 to 2020 is specified as follow, 

𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑔𝑋𝑖𝑡
𝑔∗

+ 𝛽𝑟𝑋𝑖𝑡
𝑟∗ + 𝛽𝑡𝑎𝑥𝑋𝑡−1

𝑡𝑎𝑥 + 𝛽𝑖𝑛𝑠𝑋𝑡−1
𝑖𝑛𝑠 + 𝛽𝑡𝑖𝑙𝑙𝑋𝑖𝑡

𝑡𝑖𝑙𝑙 + 𝑓𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 (1.2) 

    where 𝑦𝑖𝑡 is cash rent per acre for farm 𝑖 in year 𝑡. 𝑋𝑖𝑡
𝑔∗

 and 𝑋𝑡
𝑟∗ are expectation of government payment 

per acre, and expectation of revenue per acre respectively. As we discussed before, in this analysis previous-

year average government payments per acre in the county where individual farm is located is instrumental 

variable for expected value. Expected revenue per acre is the product of an average futures price and trend 

yield at the county level. Total expected revenue per acre at farm level is based on proportion of corn and 

soybeans planted acres.  𝑋𝑡−1
𝑡𝑎𝑥 and 𝑋𝑡−1

𝑖𝑛𝑠  are previous-year average taxes per owned acre and average crop 

 
4 In this study, we also separated timeframes based on change of price support:1996-2002, 2003-2013, and 2014-

2020. We found estimated incidence rates are slightly lower but still much higher than estimated incidence rates in 

previous literatures.    
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insurance expenses per acre in the county where individual farm is located. Tillable acres are used to 

represent farm size. 𝑋𝑖𝑡
𝑡𝑖𝑙𝑙 is log of tillable acres for farm 𝑖 in year 𝑡.  

    It is assumed that at the time of rental rate negotiation (year 𝑡 − 1), farmers and landowners use 

settlement prices from the harvest futures contracts for corn and soybeans (December for corn; November 

for soybeans) in year 𝑡, trend yields for year 𝑡, farmland taxes paid in year 𝑡 − 1, crop insurance expenses 

paid in year 𝑡 − 1,  and tillable acres of the farm in year 𝑡. 𝑓𝑖 is fixed effect for farm 𝑖 and 𝛿𝑡 is annual fixed 

effect for year 𝑡. Robust standard errors are clustered at the county level. 

 

Empirical Results 

Table 1.3. reports estimates of regressions from 1996 to 2020. First column of table 1.3 reports pooled OLS 

regressions between cash rental rate and government payment per acre with other control variables. In 

second column we add soil productivity ratings as control variable for underlying land productivity. Third 

column includes farm-level fixed effect, and fourth column employs farm-level and time-level fixed effects. 

Finally, the fifth column reports estimates after using past year county-level government payments, taxes, 

and insurance premiums as instrumental variables.   

    From column (1) we find the incidence of government payment on cash rental rate is around 0.32 under 

OLS approach, indicating landlords capture approximately $0.32 cash rent per acre when $1 of government 

payment per acre is given to farmers. From column (2), the estimated incidence of government payment is 

0.29 and incidence of soil productivity ratings is statistically significant of 1.124; in other words, cash rental 

rate increases by $0.29 for each $1 of government payment paid to farmers and cash rental rate increases 

by $1.124 with marginal soil productivity ratings. We do not find substantial difference between incidence 

of government payment after adding soil productivity ratings into the model. This finding is counter to 

previous study. Kirwan & Roberts (2016) reported an almost 50% decrease in estimated incidence of 

government payment when including the fertilizer-decision yield goal as a control variable. Failure to find 

significant difference in incidence suggests land productivity associated with FBFM farms in Illinois does 
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not change much over time. That is, it is reasonable to employ farm-level effect for presumably fixed 

underlying land productivity.  

    Column (4) shows the point estimates of 0.389 when including farm-level and year fixed effects. Cash 

rental rates tend to increase $0.389 for each $1 of additional government payments. As we noted before, 

the estimate may be subject to expectation error bias since most payments are unknown to farmers until 

after harvest. To deal with this issue, previous-year county-level realizations are used as instruments for 

expected values. Column (5) in table 1.3. reports and estimated incidence rate of 0.851, implying landlords 

in FBFM increase cash rental rate by $0.85 for each $1 of additional government payment. The magnitude 

of this estimate is large relative to findings in previous studies. The null hypothesis that the incidence 

estimate equals 1 cannot be rejected based on the chi-squared test statistic of 0.29 and associated p-value 

of 0.5896. In other words, the estimate from this model specification cannot reject the null hypothesis of 

full incidence of government payments on cash rent levels.  

    All control variables in column (5) of table 1.3. have the same signs as expected. Every additional dollar 

of expected revenue increase cash rent per acre by $0.057. Cash rents paid are estimated to increase by 

nearly $0.18 per acre for every one percent increase in size.  Increases in real estate taxes would result in 

marginal increases in cash rents, with every additional dollar in tax expense associated with an increase of 

$0.602 in rent levels. Recall our arguments in prior section that the risk reduction and return effects of 

subsidized insurance was expected to result in a positive relationship between insurance expense and cash 

rent levels. In table 1.3., the positive sign of insurance coefficient estimates follows these expectations. 

However, the estimates imply relatively small effects, and are not statistically different from zero.  

    Column (5) in table 1.3. is based on 1,203 fewer observations than the other specifications. This is due 

to the use of lagged values as instruments, and not being able to observe these  lagged values for the first 

year in our panel (i.e. lagged values for 1995). Therefore, we also provide estimates across all specifications 

using a consistent data set; these results are shown in table 1.4. where we find very similar magnitudes and 

significance levels for all estimates compared with those reported in table 1.3.  
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    Our findings so far indicate relatively large incidence rate of government payments similar to Patton et 

al. (2008) and Goodwin et al. (2011). As we mentioned in previous sections, the literature has shown 

divergence of incidence estimates. In order to better understand the reasons for this divergence, we collect 

variables and follow the estimation design in Kirwan (2009) and Goodwin et al. (2011) in an attempt to 

partially replicate their results with our data. Kirwan (2009) employed two years of the farm-level U.S. 

Census of Agriculture, 1992 and 1997, using first-differencing estimation. He utilized the 1997 subsidy 

level as instrument for the deterministic component of the 1992-1997 subsidy change. He found the landlord 

(tenant) captures 25 (75) percent  of every government payment dollar.  In our data we use 1995 as 1992 to 

replicate the estimation due to data availability. Table 1.5. shows our replication results. Column (4’) of 

table 1.6. shows estimated incidence in FBFM is 0.327 in fixed effects with instrumental variable context. 

The result is close to the Kirwan (2009) estimate of 0.25. However, our estimate is not significantly different 

from 0 due to limited numbers of observations in 1995 and 1997 (190 observations).      

    Contrary to Kirwan (2009), Goodwin et al. (2011) found full incidence rate of 1.0137. The primary 

source of farm-level data in Goodwin et al. (2011) is from USDA’s National Agricultural Statistics Service 

(NASS) Agricultural Resources Management Survey (ARMS) project, covering the years 1998-2005. We 

collect population data from USDA Economic Research Service (ERS) and calculate population growth 

rate by compound annual growth rate. Farm acres at county level are planted acres collected from USDA 

NASS. Goodwin et al. (2011) utilized preceding five-year county-level payments to form instruments that 

represent expected payments in a generalized method of moments (GMM) estimation. Our replicated results 

are reported in table 1.6. Column (2’) shows FBFM incidence estimate of government payments from 1998 

to 2005 is 0.604 under IV-GMM. Although it is not significantly different from 0, we find similar magnitude 

of estimates compared to Goodwin et al. (2011).  

    Based on our Kirwan (2009) and Goodwin et al. (2011) replication results, we find that the estimates 

from Illinois FBFM dataset are comparable to the estimates using national fam-level agricultural dataset. 

We also notice that time periods in the analysis may be the main factor to the divergence of estimated 

incidence rate of government payments. Different periods of time cover different designs of government 



 

17 
 

payments. Compared to previous literatures where the time series aspect is relatively short, our panel is 

longer term covering periods from 1995 to 2020. In order to capture the dynamics of government payments 

incidence rates under different farm bills, we conduct the analysis under three timeframes: 1996-2005, 

2006-2013, and 2014-2020.    

    The results in table 1.7. examine whether incidence estimates and the effects of other controls might vary 

across time. Columns (1), (2) and (3) are estimated from 1996 to 2005. This is a time period of relatively 

low incomes, and a combination of direct payments and price supports at high levels. Column (4), (5), and 

(6) are estimated from 2006 to 2013, a period of increased farm incomes and lower levels of government 

support. Columns (7), (8), and (9) cover period from 2014 to 2020, a return to low incomes and a transition 

to more complicated farm program designs with both price- and revenue-based program options.  

Under pooled OLS and fixed effect, incidence rate estimates range from 0.1 to 0.6. Estimates under IV-

GMM are reported in column (3), (6), and (9). The results indicate most effects build into government 

payments after incorporating instrumental variable. It also implies that government payments play an 

important role in lease negotiation. The highest incidence rate estimate of government payment is reported 

during periods 2006 to 2013. Expected revenue also has larger impact on cash rental rate of about 25% 

during 2006-2013 compared to periods in 1996-2005 and 2014-2020. We fail to reject the null hypothesis 

that the incidence rate estimates are equal to 1 when the instrumental variable approach is used. This 

suggests landlords extract the full portion of government payments through higher cash rent levels. 

    The magnitude of the incidence estimates under different time frames provide insights into behaviors in 

the Illinois cash rental market. First, the incidence of government payments tends to be higher from 2006 

to 2013. For 2006-2013, cash rents are estimated to increase by $1.178 for each government payment dollar. 

Incidence estimates are 0.889 for 1996-2005, and 0.267 in 2014-2020.   

During the period from 2006 to 2013 farmers earned relatively high net farm income and faced high 

commodity prices, resulting in a greater willingness and ability to increase cash rent bids. In addition, 

government support in this era was decoupled and comprised of easily observed and predicted direct 

payments. Price supports were also available (CCP and LDP programs), but due to high commodity prices 
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did not trigger significant levels of support for corn and soybean farmers in Illinois. Therefore, higher cash 

rental rate could also be due to transparency and certainty between farmers and landowners. This result of 

greater incidence associated with decoupled payments is similar to the findings in Lence & Mishra (2003); 

Patton et al. (2008); Goodwin et al. (2011).   

Second, the magnitude of incidence in 2014-2020, 0.267, becomes relatively small and less significant. 

The possible reason of lower incidence may be decrease in farmers’ net farm income and substantial 

changes to support programs in the 2014 farm bill. In 2014 farm bill, ARC/PLC replaced most commodity 

programs from 1996 to 2013 and farmers only receive government payments when revenue and/or prices 

are sufficiently low. Under these circumstances, the expectation error associated with government support 

levels for the coming year is arguable greater than when at least of portion of government support is based 

on fixed payment levels. We also argue that the contingent design of the 2014 Farm Bill programs 

introduces greater potential for information asymmetries between the farmer tenant and landowner, 

particularly absentee landowners or those less involved with market and production conditions, resulting in 

impacts on the incidence of government payments that may favor the farmer. 

 

Summary and Conclusions 

This study employs farm-level data from Illinois Farm Business Farm Management Association (FBFM) 

to estimate the incidence of government payments on cash rent levels using IV-GMM estimation. The 

incidence estimates in our paper suggest that government payments play an important role in the Illinois 

cash rental market. The incidence estimates from our preferred specification are at the higher end of those 

previously reported in the literature. Our replication of previous literature indicates different time periods 

in existing studies may be the main factor to the divergence of estimated incidence rate of government 

payments. 

    The unique farm-level data allows us to measure cash rent per acre more accurately. Specific farm-level 

characteristics also increases variation and provides more information compared to previous work which 
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relied entirely on aggregate county-level data. We also incorporate the typical timing of farmers’ decision 

making and rental negotiations with landowners in specifying the model and defining control variables.  

    The evidence of incidence rates also varies over time based on different economic conditions and farm 

policy design. During periods of higher farm incomes, landowners might receive a greater share of 

government support through higher cash rents than during periods of lower farm income. Incidence 

estimates for the most recent time period are the lowest, suggesting that the increased complexity of farm 

program design may have made it more difficult to form accurate expectations for future support to build 

into cash rent levels. 

These findings contribute to the literature in this area by providing more support for potentially high 

rates of incidence.  This result is important for policymakers to consider in future modifications to support 

levels and design.  If the desire is for government programs to provide as much support to producers as 

possible, it seems the more complicated designs of current programs may result in a lower-rate of pass-

through to landowners via higher cash rental rates. 

Future extensions to this research could focus on heterogeneity across farms, and farm-level spatial 

dependence characteristics. Considering these factors could be helpful to examine different levels of 

bargaining power among landowners and different farm types, and to understand dynamic spillover effects 

across farms. Results from this study can also help contribute to outreach efforts through development of 

extension publications, presentation materials, and decision tools. Understanding how the farm financial 

safety net impact cash rental markets allows us to help farmers and landowners make more efficient 

decisions when negotiating cash rental rates.  
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Tables and Figure 

Figure 1.1. Major commodity programs in Illinois: 1995-2020 

(USDA ERS information calculated by author) 
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Table 1.1. The sample  
Year Number of observations Number of farms 

Unbalanced 

 

  

1995-2020 18,507 2,860 

1995-2005 6,408 1,729 

2006-2013 6,282 1,672 

2014-2020 5,817 1,758 

Balanced 

 

  

1995-2020 104 4 

1995-2005 308 28 

2006-2013 1,360 170 

2014-2020 1,190 170 

     

 

 
 

            

 

 

Table 1.2. Summary statistics  
N Mean Std. Dev. Min Max 

Cash rent ($/acre) 18,507 228.88 130.47 0.34 632.68 

Government payment ($/acre) 18,507 76.18 94.43 0.00 342.28 

Expected revenue ($/acre) 18,507 638.31 247.65 178.70 1,420.16 

County tax ($/acre) 18,457 45.68 28.98 0.16 219.93 

County insurance ($/acre) 18,507 27.33 12.30 1.32 77.78 

Farm size (tillable acres) 18,507 1,177.55 762.73 157.39 6,058.729 
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Table 1.3. Unbalanced panel 1996-2020  

Dependent Variable: Cash rent t ($/acre)  

 

 Pooled 

OLS 

Pooled OLS 

with Soil 

Rating  

Farm Fixed 

Effects 

Farm and 

Time Fixed 

Effects 

Farm and Time 

Fixed Effects 

with IV 

 

1996-2020 (1) (2) (3) (4) (5) 

 

Government Payment t 

($/acre) 

 

 

0.318*** 

(0.023) 

 

0.294*** 

(0.024) 

 

0.303*** 

(0.016) 

 

0.389*** 

(0.019) 

 

0.851*** 

(0.388) 

Revenue t ($/acre) 
(Expected yields*futures) 

 

0.203*** 

(0.016) 

0.200*** 

(0.016) 

0.162*** 

(0.015) 

0.193*** 

(0.023) 

0.057*** 

(0.027) 

 

County Tax t-1 ($/acre) 0.453*** 

(0.020) 

0.580*** 

(0.105) 

0.423*** 

(0.113) 

0.351*** 

(0.057) 

0.602*** 

(0.208) 

 

County Insurance t-1 

($/acre) 

0.587** 

(0.240) 

0.737*** 

(0.269) 

1.252*** 

(0.209) 

0.125 

(0.177) 

0.131 

(0.325) 

 

Tillable t  (log acre) 18.411*** 

(1.854) 

17.183*** 

(1.619) 

11.168*** 

(2.449) 

12.157** 

(2.573) 

17.566*** 

(4.045) 

 

Soil Productivity 

Rating 

 1.124*** 

(0.154) 

   

Farm fixed effect No No Yes Yes Yes 

Time fixed effect No No No Yes Yes 

Cragg-Donald Wald F 

statistics 

    17.810 

Observation 18,455 18,455 18,455 18,455 17,252 

R2 0.3883 0.4124 0.3803 0.4144 0.4639 

Note. Robust standard errors are presented in parentheses. Significance: *p<0.1; **p<0.05; ***p<0.01 
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Table 1.4. Unbalanced panel 1996-2020  

Dependent Variable: Cash rent t ($/acre)  

 

 Pooled 

OLS 

Pooled OLS 

with Soil 

Rating  

Farm Fixed 

Effects 

Farm and 

Time Fixed 

Effects 

Farm and Time 

Fixed Effects 

with IV 

 

1996-2020 (1) (2) (3) (4) (5) 

 

Government Payment t 

($/acre) 

 

 

0.286*** 

(0.025) 

 

0.217*** 

(0.024) 

 

0.245*** 

(0.024) 

 

0.362*** 

(0.020) 

 

0.851*** 

(0.388) 

Revenue t ($/acre) 
(Expected yields*futures) 

 

0.197*** 

(0.016) 

0.195*** 

(0.016) 

0.156*** 

(0.014) 

0.089*** 

(0.023) 

0.057*** 

(0.027) 

 

County Tax t-1 ($/acre) 0.332*** 

(0.013) 

0.454*** 

(0.101) 

0.498*** 

(0.105) 

0.163** 

(0.063) 

0.602*** 

(0.208) 

 

County Insurance t-1 

($/acre) 

0.611** 

(0.253) 

0.758** 

(0.285) 

1.252*** 

(0.219) 

0.126 

(0.142) 

0.131 

(0.325) 

 

Tillable t  (log acre) 18.331*** 

(1.828) 

17.096*** 

(1.606) 

10.330*** 

(2.562) 

11.372*** 

(2.631) 

17.566*** 

(4.045) 

 

Soil Productivity 

Rating 

 1.110*** 

(0.162) 

   

Farm fixed effect No No Yes Yes Yes 

Time fixed effect No No No Yes Yes 

Cragg-Donald Wald F 

statistics 

    17.810 

Observation 17,252 17,252 17,252 17,252 17,252 

R2 0.3908 0.4138 0.3821 0.4154 0.4639 

Note. Robust standard errors are presented in parentheses. Significance: *p<0.1; **p<0.05; ***p<0.01 
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Table 1.5. Results of estimations based on (Kirwan, 2009) 

Dependent Variable: Cash rent t ($/acre)  

 

 Pooled Pooled 

FBFM 

Pooled  Pooled 

FBFM 

 

Fixed 

Effect 

Fixed 

Effect 

FBFM 

Fixed 

Effect with 

IV 

Fixed 

Effect with 

IV  

FBFM 

 (1) (1’) (2) (2’) (3) (3’) (4) (4’) 

 

Government Payment t 

($/acre) 

 

 

0.658*** 

(0.011) 

 

0.378** 

(0.180) 

 

0.439*** 

(0.013) 

 

0.350* 

(0.179) 

 

0.134*** 

(0.017) 

 

0.249 

(0.347) 

 

0.206*** 

(0.041) 

 

0.327 

(0.850) 

Sales t ($/acre) 

 

  0.044** 

(0.001) 

 

0.124*** 

(0.029) 

0.044*** 

(0.001) 

0.147* 

(0.083) 

0.0311*** 

(0.0019) 

0.148 

(0.073) 

Variable Costs t ($/acre)   -0.018*** 

(0.002) 

 

-0.032 

(0.036) 

-0.0049*** 

(0.0023) 

-0.052 

(0.488) 

-0.0051** 

(0.0023) 

-0.055 

(0.091) 

Farm Size t  

(log acre) 

  -2.188*** 

(0.183) 

 

2.799 

(3.845) 

-8.1073*** 

(0.5268) 

35.901 

(25.316) 

-7.976*** 

(0.5305) 

36.397 

(24.79) 

Proportion Irrigated   15.617*** 

(0.740) 

 

 11.325*** 

(2.2797) 

 11.102*** 

(2.2815) 

 

Proportion Pasture   -18.689*** 

(0.819) 

 -6.776*** 

(1.5997) 

 

 -6.518*** 

(1.6025) 

 

Note. Standard errors are presented in parentheses. Significance: *p<0.1; **p<0.05; ***p<0.01 
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Table 1.6. Results of estimations based on (Goodwin et al., 2011) 

Dependent Variable: Cash rent t ($/acre)  

 

 Current Year 

Realized 

Values 

 

Current Year 

Realized Values 

FBFM 

 

IV-GMM 

 

IV-GMM 

FBFM 

1998-2005 (1) (1’) (2) (2’) 

 

Total Payments 

 

 

 

0.3207*** 

(0.0081) 

 

0.352*** 

(0.015 

 

1.0137*** 

(0.0192) 

 

 

0.604 

(0.467) 

Aggregate Market Returns  

 

0.0785*** 

(0.0025) 

0.067*** 

(0.011) 

0.1159*** 

(0.0030) 

0.091 

(0.130) 

Population Growth 3.6276*** 

(0.2726) 

-38.801 

(90.048) 

5.5842*** 

(0.2750) 

161.415 

(180.483) 

Urban1 -15.3141*** 

(1.5652) 

 -12.9287*** 

(1.1460) 

 

Urban2 -14.7203*** 

(1.5652) 

 -13.3325*** 

(1.5482) 

 

Urban3 -17.2977*** 

(1.6046) 

 -15.6342*** 

(1.5869) 

 

Population/Farm Acres 0.7389*** 

(0.0825) 

-0.244 

(0.459) 

0.8131*** 

(0.0917) 

-6.007 

(7.700) 

Observation 50,611 5,247 50,571 3,926 

R2 0.0601 0.0959 0.0806 0.0586 

Note. Numbers in parentheses are standard errors. Significance: *p<0.1; **p<0.05; ***p<0.01. Column (1) and (1’) are 

current year realized values for payments and market returns. Column (2) and (2’) use average values of payments and 

market return over the preceding five-year period to represent expected values. (Goodwin et al., 2011)  
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Table 1.7. Unbalanced panel under different periods  

 

Dependent Variable: Cash rent t ($/acre)  

 

 Pooled 

OLS 

Farm and 

Time Fixed 

Effects 

Farm and 

Time Fixed  

Effects 

with IV 

 

Pooled 

OLS 

Farm and 

Time Fixed 

Effects 

Farm and 

Time Fixed  

Effects 

with IV 

 

Pooled 

OLS 

Farm and 

Time Fixed 

Effects 

Farm and 

Time Fixed  

Effects  

with IV 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 1996-2005 2006-2013 2014-2020 

 

Government Payment t 

($/acre) 

 

 

0.265*** 

(0.023) 

 

 

0.127*** 

(0.042) 

 

0.889** 

(0.424) 

 

 

0.605*** 

(0.085) 

 

0.563*** 

(0.080) 

 

1.178** 

(0.580) 

 

0.076** 

(0.033) 

 

0.186*** 

(0.027) 

 

0.267** 

(0.125) 

Revenue t ($/acre) 

 

0.258*** 

(0.025) 

 

0.173*** 

(0.056) 

0.110 

(0.092) 

 

0.215*** 

(0.016) 

0.279*** 

(0.044) 

0.250*** 

(0.046) 

0.238*** 

(0.038) 

0.247*** 

(0.041) 

0.178*** 

(0.047) 

County Tax t-1 ($/acre) 0.420*** 

(0.111) 

 

0.350*** 

(0.114) 

0.856*** 

(0.251) 

 

1.014*** 

(0.226) 

0.469** 

(0.235) 

1.096** 

(0.448) 

0.799*** 

(0.174) 

0.663*** 

(0.151) 

1.391*** 

(0.250) 

 

County Insurance t-1 

($/acre) 

1.024*** 

(0.265) 

 

0.760** 

(0.357) 

0.907 

(0.943) 

 

0.394* 

(0.212) 

0.163 

(0.214) 

0.800** 

(0.334) 

 

0.311 

(0.399) 

0.608* 

(0.363) 

0.629 

(0.805) 

Tillable t (log acre) 14.618*** 

(2.552) 

 

13.777*** 

(2.671) 

17.533*** 

(3.069) 

 

16.345*** 

(1.888) 

15.286*** 

(1.738) 

17.164*** 

(2.030) 

23.333*** 

(2.870) 

24.623*** 

(3.054) 

24.954*** 

(4.164) 

Cragg-Donald Wald F 

statistics 

  27.059   93.816   12.026 

Observation  

 

 5,427   5,818   6,007 

R2 0.3156 0.3175 0.2983 0.3065 0.2944 0.1431 0.3658 0.3489 0.2335 
Note. Robust standard errors are presented in parentheses. Significance: *p<0.1; **p<0.05; ***p<0.01 
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CHAPTER 2: QUANTIFYING BASIS RISK ASSOCIATED WITH 

SUPPLEMENTAL AREA-BASED CROP INSURANCE 
 

Introduction 

Under the Federal Crop Insurance Program, farmers have both individual (farm-level) and area (county-

level) coverage plan options. Individual plans provide coverage levels from 50% to 85%. In the 2014 Farm 

Bill, there were significant changes in commodity programs as well as crop insurance programs. Most 

commodity programs from previous Farm Bills were discontinued and replaced with new programs.5 Two 

new “shallow loss” area insurance coverage options, Supplemental Coverage Option (SCO) and Stacked 

Income Protection Plan (STAX), were added to the Federal Crop Insurance Program.  

    Starting with the 2021 crop year, another new supplemental area insurance program, the Enhanced 

Coverage Option (ECO), has also been introduced. Responses from farmers during extension education 

efforts suggest there is a large amount of interest in the ECO program. Stakeholders desire to better 

understand how the new policy might impact risk exposure, and how or if this new policy should be 

incorporated into the farm’s overall risk management plan.  

    Different from previous crop insurance area plans, both SCO and ECO provide add-on coverage on top 

of individual crop insurance plans. SCO covers county-level losses from 86% down to a farmer’s 

underlying individual plan of insurance such as Revenue Protection (RP), Revenue Protection with the 

Harvest Price Exclusion (RP-HPE), or Yield Protection (YP). SCO’s design and eligibility ties to a 

producer’s commodity program choice.6 This limitation, among other factors, was associated with the 

relatively low uptake of the product. In the 2021 crop year, ECO was introduced and is available for 

 
5 The Agricultural Risk Coverage (ARC) and Price Loss Coverage (PLC) commodity programs in the 2014 Farm 

Bill replaced the Average Crop Revenue Election (ACRE) program and counter-cyclical payments. The ARC 

program is a revenue-based program which provides options for coverage of county-based or farm-level revenues. 

The PLC program is a price-based program where the payments are issued when the marketing year average price is 

less than legislatively set reference price.  

6 It is available on acres where the farmers chose PLC, but acres covered by the ARC program are not eligible. 
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purchase on 31 spring-planted crops including corn, soybean, and wheat. The coverage level of ECO is up 

to 90% or 95% down to 86%, conceptually providing more significant coverage of a farmer’s deductible, 

and use of the program is not limited in any way by commodity program choice.  

    Since supplemental program payments are triggered based on losses at the county-level, indemnities may 

not always match losses experienced at the farm-level, an issue commonly referred to as basis risk. We 

consider two dimensions of basis risk: under-compensation (indemnity is insufficient to cover actual farm-

level losses) and over-compensation (indemnity is more than what is needed to cover actual farm-level 

losses). Under-compensation results in insufficient coverage at the farm level and concerns over the 

effectiveness of risk protection offered by the supplemental area plans. Over-compensation results in 

concerns related to program efficiency, particularly since the crop insurance program is supported with 

public resources through subsidization of the premiums farmers pay, and administration and risk-sharing 

costs borne by the federal government. 

    The objective of this paper is to quantify the basis risk (under-compensation and over-compensation) and 

risk reduction when adding SCO and ECO to farmers’ risk management portfolios. We utilize simulation 

techniques and the farmdoc crop insurance premium tool to develop a stylized, county-level model for 

representative corn and soybean farms across the United States. We define measures of false-negative and 

false-positive probabilities as the likelihood of under-compensation and over-compensation, respectively. 

Coefficient of variation and expected shortfall analysis at the 10% quantiles are used to measure the risk 

reduction. While existing literature has discussed the basis risk of these supplemental area plans from a 

conceptual perspective, to our knowledge, there have not been studies which directly quantify this basis 

risk. Therefore, we contribute to the literature by quantifying the basis risk and risk reduction associated 

with combining individual plans and supplemental area plans such as RP-80+SCO, RP-80+SCO+ECO-90, 

and RP-80+SCO+ECO-95 relative to baseline coverage scenarios of complete individual coverage.  
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    Our results show the classic tradeoff between Type I and Type II errors. Increasing the coverage level of 

the supplemental area plan reduces the likelihood of under-compensation (insufficient payments from area 

plans to cover farm-level losses), but increases the likelihood of over-compensation (indemnity payments 

from the area plan will be larger than what is needed  to fully cover farm-level losses).  We also find 

differences in basis risk across regions of the U.S. Counties in the heart of the Corn Belt tend to have lower 

likelihoods of under-compensation and higher likelihoods of over-compensation compared to other corn 

and soybean production regions. Finally, our results show that the supplemental area plans do have the 

potential to provide additional risk reduction to farmers, but the extent of that risk reduction is inversely 

proportional to the level of basis risk for the area.    

 

Literature Review 

Numerous literatures have discussed the potential for area- or index-based designs for crop insurance 

programs. Halcrow (1949) first proposed an area yield insurance plan, providing farmers with an indemnity 

only when average yields across all farms in the area fall below a critical yield. Miranda (1991) decomposed 

yield risk into systemic and non-systemic components and found area yield insurance would provide better 

risk protection than individual yield insurance. There are several advantages of area plans over individual 

plans. Since indemnities and premiums of area plans are not based on farm-level outputs, it is less expensive 

for administration to collect relevant data. Belasco, Cooper, and Smith (2020) showed that a weather-based 

disaster program could save around 30% of all crop insurance expenditures. Also, since farmers have 

limited ability to impact historical and current area-based yield measures, area-based designs can 

significantly increase actuarial fairness, and decrease the potential for moral hazard and adverse selection 

associated with asymmetric information. (Chambers 1989; Miranda 1991; Smith, Chouinard, and Baquet 

1994)  

    Barnett et al. (2005) showed that the Group Risk Plan (GRP) which is the first area yield crop insurance 

plan offered in the U.S. federal crop insurance system, provides risk reduction at least as good as individual 
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yield plans. However, Glauber (2013) notes the participation rate of area plans such as GRP and Group 

Risk Income Protection (GRIP) are relatively low, likely due to the fact that farmers prefer crop insurance 

policies that can cover their individual losses. The potential mismatch in loss coverage between farm and 

area insurance products is often referred to as basis risk suggested by Smith et al. (1994). Basis risk occurs 

when there is imperfect correlation between farm yields and area yields, or how closely farm yields tend to 

follow the area (such as county) yield over time. The stronger the correlation between a farm and a county, 

the lower the basis risk. (Miranda 1991) Stronger correlation means a county-level product will more 

closely match coverage from a farm-level product. 

    In recent years, more studies have examined the basis risk of index insurance in developing countries. 

Index insurance does not insure farmers against risk of individual yields or revenue. Instead, indemnities 

of index insurance are based on the realization of an aggregate index measure (i.e. average yield) of an area 

such as a county, or a specific weather parameter measured over a period of time at a particular location. 

Elabed et al. (2013) proposed using frequency of basis risk occurrence as a way of quantifying basis risk. 

The frequency of basis risk occurrence is defined as the false negative probability (FNP) in their paper. 

Other literatures also pointed out basis risk reduces the demand for index insurance. (Binswanger-Mkhize 

2012; Clarke 2016; Elabed et al. 2013; Elabed and Carter 2015; Giné, Townsend, and Vickery 2008; Yu et 

al. 2019)   

    A developing stream of U.S. crop insurance research related to basis risk focuses on rainfall-based index 

insurance for the Pasture, Rangeland, and Forage Program (PRFIP). Maples, Brorsen, and Biermacher 

(2016) found rainfall index is highly correlated with actual rainfall; however, it does not reduce yield loss 

risk for forage in Oklahoma. Yu et al. (2019) estimated and decomposed basis risk into non-precipitation 

risk and index-related risk. They found in Kansas and Nebraska most of the basis risk in the PRFIP is from 

non-precipitation risk that affect forage yields. Keller and Saitone (2022) utilized the Normalized 

Difference Vegetation Index (NDVI) as proxy for forage production in California. They showed that for 

36% of the cases in the state the indemnity payments are not sufficient to compensate for forage-related 
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losses. Instead of looking at the PRFIP, our study contributes to literature by examining  the magnitude of 

basis risk and risk reduction of the supplemental area options in U.S. federal crop insurance programs. As 

far as we know, this study has been the first paper offering insights into the basis risk through the 

implementation of the 2014 Farm Bill supplemental area plan (SCO) and the 2021 Enhanced Coverage 

Option (ECO).    

 

Data and Methodology 

This study utilizes simulation techniques to generate a  representative farm model at the county level. The 

representative farms are assumed to be 100-acre enterprise units. Crops in the analysis are corn and soybean 

from the 17 states included in USDA’s Crop Progress Reports as of 20217. These 17 states represent at least 

90% of the 2020 corn and soybean acreage. This section provides a brief overview of the simulation process.  

    Our simulation inputs include county-level and state-level yields from USDA National Agricultural 

Statistics Service (NASS) covering the period from 1972 to 2020, historical futures harvest prices, historical 

U.S. Marketing Year Average (MYA) prices, and projected insurance prices and volatility factors from the 

USDA Risk Management Agency (RMA) for the 2021 crop year. Futures harvest prices for corn and 

soybean are the average settlement prices on the December contracts during October. For yields data, we 

exclude missing entries and counties with less than 30 years of data.  

Our simulation procedures were employed in the MATLAB software package. The simulation algorithm 

includes the following steps: 

  

 
7 Corn states include Illinois, Indiana, Iowa, Kansas, Kentucky, Michigan, Minnesota, Missouri, Nebraska, North 

Carolina, North Dakota, Ohio, Pennsylvania, South Dakota, Tennessee, Texas, and Wisconsin. Soybean states 

include Arkansas, Illinois, Indiana, Iowa, Kansas, Kentucky, Louisiana, Michigan, Minnesota, Mississippi, 

Missouri, Nebraska, North Dakota, Ohio, South Dakota, Tennessee, and Wisconsin.  
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Step 1 – County Yields  

The NASS county-level yields data for corn and soybean were detrended to 2021 equivalents following 

Vedenov et al. (2004) and Paulson et al. (2008). We fitted Weibull distributions to the detrended county 

yields and obtained estimated shape parameters by maximum likelihood. 5000 draws of simulated county-

level yields for each county are then generated from the fitted Weibull distribution with estimated shape 

parameters.  

Step 2 – Farm-level Yields  

We assume an average (expected) yield for the representative farm equal to the average detrended county 

yields, and then calibrate the farm-level yield volatility (standard deviation) to match the crop insurance 

premium rates in that county. The target premium rates are those for the 85% Yield Protection (YP) policy.  

Rates were obtained from the  farmdoc insurance premium calculator.  It is noted that farmdoc tool is based 

on data and computations directly from RMA, which means they are the same rates used in the federal crop 

insurance program. The use of premium rates to calibrate farm-level yield volatility makes use of the 

implicit assumption that RMA ratings procedures are actuarially fair.   

The types and practices used in farmdoc tool follow the codes from RMA’s actuarial data master (ADM) 

records. Type and practice of corn in this analysis are grain and non-irrigated, respectively.  Types of 

soybean include commodity and no type specified. Practices of soybean include irrigated, non-irrigated, or 

Not Following Another Crop (NFAC) non-irrigated. Trend-adjusted (TA) yields are set to equal the average 

detrended yields. APH yields and Rate yields are defined as 8 bushels per acre less than TA yields.  

We used target means (average yields for representative farm) and calibrated standard deviation for farm-

level yield distribution to calculate Weibull distribution parameters using Method of Moments, and then 

generate 5000 farm-level yield draws using MATLAB’s random number generator.  
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Step 3 – Futures/Insurance Prices  

We calibrated lognormal distributions for futures harvest prices based on the projected insurance prices and 

volatility factors from RMA for the 2021 crop year. The corn projected price is $4.58/bushel and corn price 

volatility factor is 0.23. The soybean projected price is $11.87/bushel with price volatility factor of 0.19. A 

set of 5000 corn price draws and soybean price draws were then generated with these characteristics using 

MATLAB’s random number generator. 

Step 4 – County Yield and Futures/Insurance Price Correlation  

We imposed the correlation structure between the simulated county-level yields and simulated harvest 

prices based on the correlation between state-level yields from USDA NASS and the deviations between 

historical harvest price and projected price. The approach used is a sorting method outlined by Iman and 

Conover (1982). The advantage of the technique is that it preserves the marginal distributions for each 

random variable, and simply re-sorts the random variates to achieve the target correlation structure . For 

example, the correlation between NASS state-level yields and deviation of prices for Illinois is found to be 

around -0.3. We thus set the correlation between Illinois simulated county-level yields and simulated 

harvest prices as -0.3. The Iman and Conover method then re-sorted the variables to obtain the target 

correlation coefficient (-0.3) by fixing the Illinois county yields data series and sorting the simulated harvest 

prices.  

Step 5 – Cash/MYA Prices  

We regressed historical MYA prices on historical futures harvest prices to obtain coefficients and residuals. 

We then drew 5000 samples from normal distribution for calibrated residual using residual from linear 

regression. Simulated MYA is generated using estimated coefficients, calibrated residual, and simulated 

harvest from previous step.  
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Step 6 – Farm and County Yield Correlation  

We applied Iman and Conover (1982) method again to impose the correlation between simulated county 

yields and simulated farm yields. The target correlation coefficient between county-level yields and farm-

level yields is set to be 0.8.  

    The simulation procedure generates 5000 draws of yields and prices for a representative farm in each 

county. These 5000 draws represent 5000 different economic market conditions of the representative farm. 

The outputs for each draw are simulated county-level yields,  simulated farm-level yields, simulated futures 

harvest prices, and simulated Marketing Year Average (MYA) prices. We use these outputs to calculate 

farm and county revenue, insurance indemnities, program payments for a given crop insurance option. We 

also compute basis risk and risk reduction for different market conditions. Premium rates are assumed to 

be actuarially fair, and set to equal the average of simulated indemnities.  

 

Basis risk  

Supplemental Coverage Option (SCO) and Enhanced Coverage Option (ECO) are area revenue or yield 

policy where indemnity payments are triggered when realized county revenues or yields fall below set 

guarantees. Since the indemnities are not direct measures of individual losses, it is possible that SCO and 

ECO could result in indemnities being paid when individual losses are not realized, or indemnities being 

paid which are insufficient to cover the farm-level loss. This potential mismatch in loss coverage between 

farm and area insurance products is often referred to as basis risk. (Miranda 1991; Smith et al. 1994) 

    There are two potential mismatches, or errors, that can result from the use of area-based coverage. For 

our purposes, we define the false negative probability (FNP) and false positive probability (FPP) followed 

by Elabed et al. (2013) as a measure of basis risk.: 
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1) Indemnity payments from the area plan will be insufficient to cover farm-level losses  when they 

occur  (under-compensation or a false-negative error)  

2) Indemnity payments from the area plan will be larger than what is needed to fully cover farm-level 

losses (over-compensation or a false-positive error).     

In this paper FNP is defined as the likelihood of under-compensation and FPP is defined as the likelihood 

of over-compensation. To quantify these basis risk measures, we compute the frequency of mismatch 

occurrence across the 5000 simulated draws. Mismatch means there is difference in indemnity payments 

between benchmark policy and alternatives. In the next section, we will discuss the baseline policies and 

policy alternatives used in this study to quantify FNP and FPP.  

 

Policy Scenarios 

False Negative Probability (Under-Compensation) 

To measure false negative probability (FNP) basis risk, we compute the frequency of occurrence when 

indemnity payments of policy alternatives are less than losses under a baseline policy. Revenue protection 

with 85% (RP-85) policy is assumed to be the baseline while alternatives are the combinations of individual 

coverage with supplemental area coverage. The RP plan is by far the most popular individual plan of 

insurance, and farmers in the Midwest tend to choose the highest coverage levels available. (Schnitkey, 

Paulson, Zulauf, et al. 2021) Therefore, we selected RP-85 as the baseline so that indemnity payments 

provide a measure of true farm-level losses.  

    We compare the RP-85 baseline to three alternatives: revenue protection at 80% with SCO (RP-

80+SCO), revenue protection at 80% with SCO and ECO at 90% (RP-80+SCO+ECO-90), and revenue 

protection at 80% with SCO and ECO at 95% (RP-80+SCO+ECO-95). The policy alternatives and baseline 

comparison are shown in table 2.1.  
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    In 2021, RP-80 with SCO results in some premium cost savings relative to RP-85. RP-80 with SCO and 

ECO-90 generally results in similar farmer-paid premium costs as RP-85 and with a slightly higher total 

coverage level of 90%.  Some farmers may have considered lowering the RP coverage level to 80% and 

then using SCO and ECO to provide protection above 80% due to budget constraint. Using ECO-95 

increases both the coverage level and premium cost relative to RP-85 alone. (Schnitkey, Paulson, Swanson, 

et al. 2021; Tsay, Paulson, and Schnitkey 2021) 

False Positive Probability (Over-Compensation) 

The false positive probability (FPP) is calculated as frequency of occurrence when indemnity payments of 

policy alternatives are greater than indemnity payments of baseline policy. For FPP, our baseline policies 

are RP-85, RP-90, and RP-95. Although RP-85 policy is the most popular individual plan in recent years, 

comparing the combinations with ECO-90 or ECO-95 to RP-85 is relatively unfair because ECO-90 or 

ECO-95 provides higher coverage protections than RP-85. Therefore, for the purpose of measuring “over-

compensation”, we define a baseline that is more appropriate and can isolate effect of difference between 

individual coverage and a combination of individual and area coverage where, conceptually, total coverage 

under both the alternative and baseline are the same. The policy scenarios for false positive probability 

analysis are shown in table 2.2.  

    It is noted that RP-90 and RP-95 are not available plans of insurance in the current crop insurance 

program. However, the benchmark set up in this analysis is intended to examine whether there is over-

compensation occurred between high coverage level of individual plan and high coverage level of 

alternatives that combine individual and area plans. Therefore, if there is over-compensation observed under 

our policy scenarios, it is anticipated that more significant inefficient allocations of crop insurance programs 

are shown under current policy mechanisms.  
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Risk Reduction 

An additional focus of this study is the impacts on revenue risk in the context of combining individual 

coverage with supplemental coverage options versus individual coverage on its own. Two different 

summary statistics of the farmer’s revenue distribution are reported to quantify the risk reduction of 

alternative crop insurance choices: the coefficient of variation (CV) and the expected shortfall (ES).   

    The first risk reduction measurement is coefficient of variation (CV), which can be expressed as, 

𝐶𝑉 =  
𝜎

𝜇
(2.1) 

where 𝜎 = standard deviation and 𝜇 = mean of the farmer’s net revenue distribution. The coefficient of 

variation allows us to determine how much net revenue volatility or risk the farmer is facing in comparison 

to the amount of expected return from underlying crop insurance policy. The lower the ratio, the higher the 

risk reduction is provided.  

    To provide a measure of tail-risk, or downside risk, we also analyze the expected shortfall (ES) measure. 

ES is the conditional expected value of the revenue distribution in the tail for the worst 𝑘 outcomes. It is a 

risk assessment measure that quantifies the amount of tail risk of the distribution.  ES can be expressed as 

follow, 

𝐸𝑆𝑘 =
1

𝑘
∑

𝑅𝑖
𝑁⁄

𝐼=𝑁𝑘

𝑖=1

(2.2) 

where 𝑅𝑖 is the 𝑖th order statistic of farm revenue plus net indemnities distribution, 𝑁 is the sample size (in 

our case 𝑁 = 5000), 𝑘 is the percentile of the distribution. For instance, the ES 10% means the average of 

all simulated observations below the 10th percentile. The larger the value of ES, the higher the risk reduction 

is provided. In this study, we examine the expected shortfall at the 10% percentile.   
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Results 

In this section, we present summaries for false negative probabilities (under-compensation basis risk) and 

false positive probabilities (over-compensation basis risk) from our simulation model under different policy 

scenarios. We also calculate average indemnity payments of under-compensation or over-compensation 

when it occurs. Lastly, we show the results associated with the risk reduction measures of  the coefficient 

of variation (CV) and expected shortfall (ES) at 10%.  

Indemnity Payments and Under-Compensated Basis Risk 

Farmer-paid premium costs ($/acre) for the policy and county scenarios that incorporate subsidy discounts 

of under-compensation are given in table 2.3. Champaign County (low yield risk) and Monroe County (high 

yield risk) in Illinois are presented as specific examples. Estimated premiums for each policy combination 

are calculated as the average indemnity across the simulations.  

    Premiums for RP-80+SCO are generally lower than for RP-85. Farmer-paid premiums for RP-85 and 

RP-80+SCO+ECO-90 are very similar for Champaign County, while the RP-80+SCO+ECO-90 premium 

is cheaper per acre than RP-85 for Monroe County.  Premium costs further increase for the RP-

80+SCO+ECO-95 policy reflecting the increase in coverage level from 90% to 95%. Premiums for corn 

farms are more expensive per acre than premiums for soybean farms. 

    To examine basis risk, the indemnity payments from the policy combinations using the supplemental 

area plans are compared against indemnities for RP-85 coverage.  RP-85 is assumed to be the benchmark 

comparison, and the true measure of whether farm-level losses occurred. Figure 2.1. shows the likelihood 

of 17 states that the individual and area plan coverage combinations will trigger indemnity payments less 

than the RP-85 policy. These likelihoods measure how often the individual and area plan combinations will 

under-compensate farm-level losses as defined by the RP-85 benchmark. The maps in panels (a), (c), and 

(e) are likelihoods of under-compensation for corn while the maps in panels  (b), (d), and (f) are likelihoods 

for soybeans. The darker the color in the map suggests higher chances that indemnity payments of policy 

combinations with supplemental area plans are less than indemnity payments of the RP-85 policy. Overall, 
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we find the likelihoods of under-compensation for corn is lower than likelihoods for soybean. Counties 

located in the heart of the Corn Belt, from southern Minnesota through northern and central Iowa, Illinois, 

Indiana, and western Ohio, have lower likelihoods of under-compensation. Most of these counties tend to 

buy average coverage levels of individual plan (RP policy) over 80% due to lower production risks and 

lower premiums than areas outside the heart of the Corn Belt. (Schnitkey, Paulson, Zulauf, et al. 2021) 

Major production areas outside Midwest shows higher likelihoods of under-compensation. The under-

compensation of indemnities declines when ECO-90 or ECO-95 is added.  

    For counties with corn production, an average likelihood of RP-85 would trigger an indemnity payment 

across all counties is 45%. RP-80+SCO indemnity payments would be less than RP-85 with an average 

likelihood of 37%. The average likelihood of zero payments from the RP-80 combinations when RP-85 

would trigger payments is 3.7%.  The average likelihood of under-compensation declines to 28% and 12% 

when ECO-90 and ECO-95, respectively, are also added to the coverage plan. The average likelihood of 

zero payments from the individual and county coverage combinations with ECO when RP-85 would trigger 

payments falls to 3% (ECO-90) and 1.7% (ECO-95) across all counties. 

    For counties in soybean production regions, the average likelihood of RP-85 triggering payments is 47% 

across all counties.  For RP-80+SCO,  the indemnity payments would be less than RP-85 with an average 

likelihood of 42%. The likelihood of under-compensation declines to 34% and 26% when ECO coverage 

is added at 90% and 95%, respectively. On average, soybean producing counties tend to have higher 

chances of under-compensation than corn production. The likelihood of zero payments from the RP-80 

combinations when RP-85 would trigger payments for soybean is 3.4%.   The average likelihood of zero 

payments from the individual and county coverage combinations with ECO across all counties when RP-

85 would trigger payments falls to 2.8% (ECO-90) and 1.8% (ECO-95).  
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    Figure 2.2. shows an average measure of the difference in indemnity payments (in $/acre), conditional 

on the alternative plan under-compensating losses. The darker the color in the map suggests higher average 

payments difference between RP-85 and policy alternative.  

    Panels (a), (c), and (e) in figure 2.2. are for corn while panels (b),  (d), and (f) are for soybeans. For 

counties in corn producing region, the average level of under-compensation between RP-85 and RP-

80+SCO is about $9.60 per acre. The average indemnity payments difference between RP-85 and policy 

alternatives decreases to $7.00 and $4.40 per acre when ECO-90 and ECO-95 are added respectively. It is 

also found that the corn belt regions have smaller difference in average indemnity payments compared to 

counties outside corn belt.  

    For soybean, the average levels of payment difference is similar to corn farms. The average indemnity 

payment difference between RP-85 and RP-80+SCO is $9.70 per acre. When ECO-90 is added, the 

indemnity payments difference is an average of $7.60 per acre. When ECO-95 is added, the average 

payment difference decreases to $5.20 per acre. Counties in corn belt regions also show smaller payment 

difference between RP-85 and policy combinations of individual and area plan.   

Indemnity Payments and Over-Compensated Basis Risk 

To measure the likelihood of over-compensation, the outcomes from the simulation where indemnity 

payments are triggered from the alternative policy combinations are compared to payments triggered by 

RP-85, RP-90, and RP-95. As we mentioned in previous section, RP-90 and RP-95 are not available in 

current policy options; however, it provides the same coverage level as the individual and area plan 

combinations to which they are being compared.  

    Figure 2.3. shows the likelihood these alternative policies will trigger indemnity payments that exceed 

indemnities from RP-85, RP-90, and RP-95 (i.e. payments from the alternative policies exceed losses 

actually experienced at the farm-level). Maps in panel (a), (c), and (e) are the likelihoods of over-

compensation for corn. Maps in panel (b), (d), and (f) are the likelihoods of over-compensation for 
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soybeans. Contrary to what we find for under-compensation, counties in the heart of the Corn Belt have the 

highest likelihood of over-compensation. The over-compensation of indemnities increases when ECO-90 

or ECO-95 is added.  

    In general, the likelihood of over-compensation is relatively low for soybeans compared with corn. This 

may be associated with the lower level of variability in soybean yields compared with corn.  In corn 

producing regions, the RP-80+SCO indemnity exceeds the RP-85 indemnity with an average of  17% 

likelihood across all counties. The average likelihood of a RP-80+SCO indemnity when no farm-level 

losses occur (RP-85 indemnities are zero) is 8.6%. The average likelihood of RP-80+SCO+ECO-90 

indemnities being greater than farm-level losses at a 90% coverage level is about 17%. The average 

likelihood increases to 23% when ECO-95 is added. The average likelihoods across all counties that the 

alternative policies trigger payments when no farm-level loss occurs also increases when ECO is added 

(10% with ECO-90 vs. RP-90 and 12.7% with ECO-95 vs. RP-95).   

    For soybeans, the average likelihood of over-compensation from the alternative policies across all 

counties are smaller than in corn (11% of RP-80+SCO being greater than RP-85, 12% of RP-

80+SCO+ECO-90 being greater than RP-90, and 18% of RP-80+SCO+ECO-95 being greater than RP-95). 

The average likelihood of indemnity payments being triggered when no farm-level losses occur across all 

counties is 6.5% for RP-80+SCO, 8.4% with ECO-90, and 11.7% with ECO-95. The extent of false 

positives increases with the coverage level of the supplemental area plan being used in combination with 

individual coverage. 

    Figure 2.4. shows the average dollar-amount difference in indemnity payments for outcomes where the 

alternatives policies over-compensate for farm-level losses. Maps in panel (a), (c), and (e) are corn while 

maps in panel (b),  (d), and (f) are soybeans. On average, the level of over-compensation from RP-80+SCO 

is about $4.40 per acre for counties in corn producing regions. The average indemnity payments average 
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between RP-90 and RP-80+SCO+ECO-90 is $7.70 per acre. The difference increases to $13.60 per acre 

when comparing RP-80+SCO+ECO-95 to an RP-95 baseline.  

    For soybeans, the average dollar-amount difference in indemnity payments are smaller than corn. The 

average level of over-compensated basis risk from RP-80+SCO is $2.60 per acre. When comparing RP-90 

to RP-80+SCO+ECO-90, the average indemnity payment difference is $4.80 per acre. This average over-

compensated dollar amount increases to $9.20 per acre when RP-95 indemnity is less than RP-

80+SCO+ECO-95 indemnity payments.    

Risk Reduction 

In addition to quantifying basis risk,  we also assess whether adding the supplemental area plans on top of 

the individual plans provides more risk reduction. To measure the level of risk reduction, we use coefficient 

of variation (CV) and expected shortfall (ES) measures for the net farm revenue (revenue plus net insurance 

indemnities) distributions. Figures 2.5. and 2.6. present the risk reduction comparisons using CV and ES at 

10%, respectively. The maps in panels (a), (c), and (e) in both figures 2.3. and 2.4. are for corn while panels 

(b), (d), and (f) are for soybeans. Green areas in the maps indicates the individual and area plan 

combinations provide risk reduction compared to the benchmark policy of RP-85. Red counties on the other 

hand indicates the combination policy results in greater risk than the baseline policy of RP-85.  

    From figures 2.5. and 2.6., greater levels of supplemental area coverage provide additional risk reduction 

relative to the RP-85 policy. In terms of CV, the RP-80+SCO combination provides more risk reduction 

than RP-85 in corn producing counties associated with lower yield risk. The amount of additional risk 

reduction for soybean is rather minimal. This may be due to lower loss ratio of soybean than corn.  

    When measuring risk using the 10% ES (i.e. downside risk), we find most individual and area plan 

combinations for corn result in more risk reduction than RP-85. For soybeans, the coverage level on the 

supplemental area plan needs to be at the 90% level (i.e. ECO-95) in order to obtain significant risk 
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reduction relative to RP-85 on its own. Downside risk reduction potential introduced by the area plans is 

greatest in areas of relatively low production risk, such as the main Corn Belt region. 

 

Conclusion and Policy Implications 

In this study simulation techniques are utilized to build a stylized county-level crop revenue model to assess 

and quantify the basis risk and risk reduction potential of recently introduced supplemental area plans of 

insurance in the U.S. We evaluate the effectiveness of the new crop insurance options through quantifying 

the basis risk and risk reduction of the Supplemental Coverage (SCO) and Enhanced Coverage Options 

(ECO). We find the overall likelihood of under-compensation of farm-level losses differs across regions. 

Specifically, this measure of basis risk is lower in relatively low risk production regions (the heart of the 

Corn Belt). Furthermore, this aspect of basis risk declines as the coverage level of the supplemental area 

plan is increased.  

    However, over-compensation becomes more likely as greater levels of supplemental area coverage are 

added. Our result indicates there is a trade-off between likelihood of over-compensation and under-

compensation – the classic tradeoff between type I and type II errors. Thus, while farmers can reduce the 

basis risk associated with inadequate loss coverage by increasing the coverage level of the area plan used 

with their individual plan of insurance, this increases the likelihood of indemnity payments which exceed 

losses experienced at the farm level. We also find the supplemental coverage options provide more risk 

reduction when the coverage level increases. 

    To sum up, while the supplemental area plans have provided farmers with the ability to add coverage to 

an underlying individual plan of insurance, farmers need to be aware of the potential mismatch in coverage 

introduced by using area plans to cover portion of their risk. At the same time, this study shows 

supplemental programs which are partially supported by taxpayers through premium discounts may also 

result in an inefficient allocation of resources compared to individual level crop insurance with the same 

coverage level.  
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    The policy changes since the 2014 Farm Bill offer producers significant new crop insurance options. It 

also suggests the linkage between commodity programs and crop insurance options has been stronger in 

recent Farm Bills, implying the complexity of crop insurance choices has remarkably increased. The results 

from this study can be used in extension education to help inform stakeholders about existing programs and 

the implications of their use through the current Farm Bill.   
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Tables and Figures 
 

Table 2.1. Policy Scenarios Under False Negative Probability  

 Benchmark Policy 

(Baseline) 

Policy Alternatives 

Policy scenario 1 RP-85 RP-80 + SCO 

Policy scenario 2 RP-85 RP-80 + SCO + ECO-90 

Policy scenario 3 RP-85 RP-80 + SCO + ECO-95 

 

 

 

 

 

Table 2.2. Policy Scenarios Under False Positive Probability  

 Benchmark Policy 

(Baseline) 

Policy Alternatives 

Policy scenario 1 RP-85 RP-80 + SCO 

Policy scenario 2 RP-90 RP-80 + SCO + ECO-90 

Policy scenario 3 RP-95 RP-80 + SCO + ECO-95 

 

 

 

 

Table 2.3. Estimated Farmers’ Paid Premium for Insurance for Coverage Scenarios 

  RP-85 RP-80+SCO RP-80+SCO 

+ECO-90 

RP-80+SCO 

+ECO-95 

Corn Champaign County $20.83 $14.39 $22.98 $37.71 

Monroe County $34.87 $29.31 $29.31 $40.53 

Soybean Champaign County $19.02 $13.51 $20.38 $32.14 

Monroe County $36.14 $22.55 $26.10 $32.49 
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Figure 2.1. False Negative Probability (FNP) Basis Risk: Likelihood that RP-85 Indemnities will be 

More than Combination Indemnities Payments  

  
(a) 

 

 

(b) 

  
(c) 
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(e) (f) 
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Figure 2.2. Average Indemnity Payments Difference from Under-Compensation Basis Risk  

  
(a) 

 

 

(b) 

  
(c) 

 

 

(d) 

  
(e) (f) 
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Figure 2.3. False Positive Probability (FPP) Basis Risk: Likelihood that RP-85, RP-90, and RP-95 

Indemnities will be Less than Combination Indemnities Payments 
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Figure 2.4. Average Indemnity Payments Difference from Over-Compensation Basis Risk  

  
(a) 

 

 

(b) 
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Figure 2.5. Ratio of Coefficient of Variation (CV) of Farm Revenue and Net Indemnities under 

combination policy to Coefficient of Variation (CV) of Farm Revenue and Net Indemnities under RP-85 
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Figure 2.6. Ratio of Expected Shortfall of Farm Revenue and Net Indemnities at 10% under combination 

policy to Expected Shortfall of Farm Revenue and Net Indemnities at 10% under RP-85 
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CHAPTER 3: DOES SUPPLMENTAL COVERAGE OPTION CROWD OUT 

INDIVIDUAL CROP INSURANCE COVERAGE? 
 

Introduction 

The 2014 Farm Bill, which also known as the Agricultural Act of 2014, issued new area-based insurance 

programs to supplement the existing crop insurance program, the Stacked Income Protection (STAX) for 

cotton and the Supplemental Coverage Option (SCO) for other crops. Both STAX and SCO are county-

level area plans and provide coverage for a portion of deductible on top of an underlying farm-level products 

such as Yield Protection (YP), Revenue Protection (RP), or Revenue Protection with Harvest Price 

Exclusion (RP-HPE).  

    STAX coverage, available only for cotton, covers at least 90% of the expected county revenue down to 

70% or greater or the coverage level oof any underlying YP, RP, RP-HPE plan. SCO, on the other hand, 

was made available for a number of commodities and covers county-level losses from 86% down to 

farmers’ underlying YP, RP, RP-HPE policy. The highest RP coverage level is 85%. In this paper we focus 

on RP and RP with SCO for counties in corn and soybeans producing regions because RP represents more 

than 90% of the Federal crop insurance policies sold in 2020. (Schnitkey, Paulson, et al. 2020; Schnitkey 

et al. 2021)  

    Offering larger subsides are often likely to increase the participation of crop insurance. (Glauber 2013) 

Farmers are encouraged to purchase more crop insurance because they do not need to pay full premiums 

by themselves. The farmers’ paid premium increases as coverage levels rise and the premium is subsidized 

by the government from 38% to 100%. For federal crop insurance, products with higher coverage level 

would receive lower subsidy rate. For example, the enterprise unit subsidy rate for RP at 75%, 80%, and 

85% coverage levels are 77%, 68%, and 53% respectively. However, surprisingly the subsidy rate for SCO 

is set as 65%. As we mentioned in previous paragraph, highest coverage level of RP is 85% while SCO 

provides protection up to 86%. It is noticed that although there is only 1% difference in coverage level, 

SCO provides 12% more of subsidy rate in premiums.  
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    These traits in SCO potentially incentivizes farmers to crowd out the individual plan such as their RP 

policy. Here crowd out refers to potential “buy down” behavior  where farmers choose to lower their 

individual coverage level (i.e. shifting from 85% RP coverage to 80%) and using  the supplemental area 

plans to cover the loss range created by the coverage reduction (Bulut and J. Collins 2014; Bulut 2018). 

The potential issues with crowd out behavior is area plans is that they 1) may not provide the same level of 

risk protection as the individual plans, and 2) the costs to taxpayers to provide this inferior coverage to the 

farmer increases because of the higher marginal subsidy rate for SCO (Bulut and J. Collins 2014) As we 

discussed in Chapter 2, imperfect correlation between farm yields and county yields results in basis risk. 

Lower correlation between farm yields and county yields reduces the risk protection of the area products.  

    Several studies have already examined change in coverage level of individual policy after adding 

supplemental area plans and buy down or crowd out effect from supplemental area plans. (Bulut and J. 

Collins 2014; Cooper et al. 2015; Yehouenou et al. 2018; Bulut 2018) However, these studies usually apply 

the simulation techniques, and assume farmers are expected utility maximizers choosing optimal insurance 

coverage based on their certainty equivalent (CE).  

    Figure 3.1. shows the difference in weighted RP coverage level for acres insured with RP alone and acres 

insured with RP+SCO by county. The weighted RP coverage levels are calculated based on enrolled acres 

only in RP and enrolled acres in RP+SCO within the same county. Orange areas indicate some evidence of 

potential buy down behavior in the county while green areas indicate there is no buy down behavior. Panel 

(a), (c), (e) are counties in corn producing states from 2019 to 2021, respectively. Panel (b), (d), (f) are 

counties in soybeans producing states from 2019 to 2021, respectively. What we find from figure 3.1. is 

counties in the Midwest tend to lower their RP coverage level with RP+SCO while counties outside 

Midwest suggest no buy down behaviors. However, it is unable to conclude whether there is crowd out 

effect existing in the U.S. federal crop insurance program based on figure 3.1. Therefore, in this paper our 

contribution is to examine whether there is empirical evidence of crowd out or buy down behaviors using 
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public RMA and FSA data and econometric methods.  This approach attempts to find empirical analysis of 

the theoretical results from previous work based on simulation analysis.  

    We utilize the endogenous switching regression with the Full Information Maximum Likelihood (FIML) 

to address the selection bias and unobserved factors. Our selection equation considers factors which impact 

famers’ decision to use SCO. We find the higher crop insurance reference rates (higher production risk) 

increases the likelihood of purchasing SCO on top of the RP policy. A “false-negative” measure of basis 

risk reduces the likelihood of purchase while a “false-positive” measure of basis risk increases the 

likelihood of buying SCO. Our outcome equation considers factors which impact farmers’ individual 

insurance coverage choice separately for SCO adopters and non-adopters. The results provide mixed 

evidence of buy down behavior. When including basis risk measures as determinants of the SCO adoption 

decision as well as individual coverage level choice, we estimate an average buy-down effect of 

approximately 4% on RP coverage levels for corn. However, we do not observe any estimated crowd out 

effect for soybeans.     

  

Literature Review 

The participation of crop insurance program and average coverage level for crop insurance revenue 

protection products in the U.S. have been increasing. (Bulut 2018) The standard expected utility theory 

suggests that risk averse farmers should take up actuarially fair insurance and choose the contracts providing 

most amount of dollar subsidy. (Du, Feng, and Hennessy 2016) However, the observed data suggests 

agricultural producers are purchasing coverage levels that appear less than optimal. Schnitkey et al. (2021) 

showed counties in the heart of the Corn Belt have average coverage levels of revenue protection (RP) over 

80% while counties in the Midwest outside the heart of the Corn Belt include Eastern Seaboard, South, 

Delta, and most of the Great Plain have average coverage levels between 70% to 80%.  

    Possible explanations in the existing crop insurance literature include information asymmetries, regret 

penalty, reluctant insurers, loss aversion, and budget heuristic constraint. Ramirez et al. (2017) employed a 
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probabilistic model to explore the impact of the insurer and producer actuarially fair premium estimates on 

the likelihood that the producer will purchase the crop insurance. They found educational programs that 

enhances farmers’ trust of Risk Management Agency (RMA) premium quotes and methods of estimation 

as well as reduces the asymmetric information between government and agricultural producers could 

sustain participation at a lower cost to taxpayers.  

    Another potential reason of this anomaly is some producers are reluctant to insure and they only buy crop 

insurance in order to access credit in which case agricultural lenders often require the crops to be insured. 

(Du et al. 2016)  In their paper they found underinsurance even when producers are forced to insure. Du et 

al. (2016) also pointed out regret preference may be a separate motivation for underinsurance. Growers 

usually view crop insurance as type of business expenditures as well as investment.  If there is no indemnity 

payments, crop insurance would be considered as an investment, or the actuaries were miscalculated.   

    Loss aversion in the prospect theory may be another explanation why farmers do not uptake the highly 

subsidized crop insurance contracts. (Du et al. 2016) The prospect theory indicates individuals value 

choices as gains and losses, and the probability of gains and losses are referred to as decision weights. 

(Kahneman and Tversky 2013) Prospect theory also value loss outcomes more negatively than compared 

gains that are positively valued. Du et al. (2016) concluded that probability of purchasing crop insurance 

declines as out-of-pocket premium increases, and to explain the anomalous insurance decision, prospect 

theory is more plausible with minimization of regret penalty.  

    Budget constraint may also be the potential explanation for this puzzle. This is often referred to as budget 

heuristic in behavior economics literature. (Thaler 2008; Kunreuther and Michel-Kerjan 2013; Bulut 2018) 

Bulut (2018) assumed farmer is an expected utility maximizer with a revealed budget constraint pertaining 

to farmers’ out-of-pocket crop insurance expenditures. He found most farmers’ choices in 2015 simulated 

farm situation are generally consistent with the expected utility maximization subject to the budget 



 

56 
 

constraint. Overall, budget constraint is important for farmers to make decision on crop insurance products 

and coverage levels.   

    Several researchers have also examined the crowding out effect with respect to crop insurance program 

due to Samaritan’s dilemma. Samaritan’s dilemma is one type of moral hazard first mentioned by Buchanan 

(1975) that people who benefit from assistance or charity do not have desire to improve their situation. This 

is also referred to as charity hazard theory. Deryugina and Kirwan (2018) used third-party voting behavior 

as instrument for ad hoc disaster payments and found evidence of Samaritan’s dilemma in US federal crop 

insurance system that disaster relief reduces crop insurance coverage and increases the inefficiency in 

farmers’ investment decisions. Miglietta et al. (2020) also found charity hazard theory exists in Italian 

agricultural insurance program that crowd out effect of public aid and farm subsidies may be key factors to 

the low take-up rates of agricultural insurance.   

    Another stream of crowd out literature focus on the impact of federal crop insurance on the Conservation 

Reserve Program (CRP). Wu (1999) showed crop insurance for corn incentivizes farmers to shift land from 

hay and pasture to corn production in the Central Nebraska Basin. Feng, Hennessy, and Miao (2013) found 

if crop insurance subsidies increase by $1 per acre, CRP enrollment would decrease about 6,000 acre. Miao 

et al. (2016) examined the CRP enrollment design and suggested that incorporating crop insurance subsidies 

into CRP’s Environmental Benefits Index would significantly increase the CRP acreage. DeLay (2019) 

showed crop insurance crowds out small but significant amount of CRP land that increasing insured land 

by 1,000 acres reduces an average of three acres in CRP land.   

    While many papers address the effect of crowd out insurance effect from public aids or crowd out effect 

of crop insurance on CRP,  less attention has been paid on the buying down effects due to higher coverage 

supplemental area plans in the 2014 Farm Bill. Yehouenou et al. (2018) analyzed the Stacked Income 

Protection Plan (STAX) for cotton producers in Texas using Certainty Equivalent (CE). Their results 

suggest 70% coverage level for RP insurance is most commonly selected by cotton producers in Texas. 
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When premiums are subsidized, purchasing RP with either 70% or 60% coverage level layered with STAX 

generates higher CE than purchase RP with an 80% coverage level.  

    Cooper et al. (2015) examines the interaction of shallow loss support (Agricultural Risk Coverage ARC 

and Supplemental Coverage Option SCO) and traditional deep loss Federal crop insurance (Revenue 

Protection RP) using copula approach and regression analysis. What they found is producers will likely 

consider the trade-off between traditional crop insurance and SCO. The subsidy difference may cause 

producers to reduce their coverage level under traditional crop insurance and purchase an SCO policy to 

cover the remaining range of losses.  

    Bulut and J. Collins (2014) used simulation analysis to assess farmer choice between crop insurance and 

supplemental coverage options which is on top of the individual coverage option. Farmers value different 

choices based on the certainty equivalent (CE) measure of wealth. Bulut and J. Collins (2014) showed the 

incentive to increase crop insurance coverage level is maintained for Illinois farmers who tend to maximize 

values  of RP with 85%. SCO or STAX under the base cases may result in buy down of five percentage 

points in crop insurance at high coverage level. Bulut (2018) also mentioned that since supplemental 

coverage option (SCO) costs money, farmer will consider buying down from an initial individual plan or 

switching to cheaper plans such as Yield Protection (YP) and Revue Protection with Harvest Price 

Exclusion (RP-HPE). In general, ARC of county or individual coverage and PLC do not cause buy down. 

    Our main contribution to literature is to examine whether there are empirically crowding out individual 

RP plan behaviors due to the enrollment of SCO. The analysis focuses on corn and soybeans farmers in the 

U.S. and utilize the public crop insurance and commodity program county-level data. To address the issue 

with selection bias and unobserved factors, we utilize the endogenous switching regression with the Full 

Information Maximum Likelihood (FIML) to estimate the selection and outcome equations as well as the 

estimated average treatment effect on the treated regarding the impact of purchasing SCO on the coverage 

level of RP policy.  
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Data 

Variables 

The data used in the analysis include county-level RP and RP-SCO data for corn and soybeans from 2019 

to 2021 provided by the Risk Management Agency (RMA) Summary of Business (SOB) and ADM8. Farm 

Service Agency (FSA) enrolled base acres of the Agriculture Risk Coverage (ARC) and Price Loss 

Coverage (PLC) data for corn and soybeans over the same period were also collected for each county. Basis 

risk measurement in this paper were false negative probability (FNP) and false positive probability (FPP) 

of RP-80+SCO+ECO-90 calculated in Chapter 2. The values of FNP and FPP for each county would be 

the same from 2019 to 2021 because the simulation model were based on 2021 information in previous 

Chapter.  

    In this analysis in order to examine the impact of supplemental area plan SCO on coverage level of 

individual plan revenue protection (RP), we only include the counties who bought at least one acre of RP 

policy. The dependent variable thus in selection equation is dummy variable for RP+SCO policy. If the 

counties who bought RP policy also bought at least one acre of RP+SCO policy, the dummy variable equals 

one, and zero otherwise. We then calculate weighted RP coverage level within a county based on reported 

acres from RMA. The SOB data reports not only RP enrolled acres at different coverage level, but also the 

SCO companion/endorsed acres under different RP coverage level. To calculate the weighted RP coverage 

level, our weight is RP acres exclude any SCO companion/endorsed acres associated with the same RP 

coverage level. For example, Champaign County have enrolled 80,134 acres for corn with RP 80% in 2021. 

The SCO companion/endorsed acres with RP-80 are 23,161 acres. When calculating the average of RP 

coverage level, the RP acres of 80% coverage level would be 56,973 acres (80,134-23,161). The computed 

weighted average RP coverage level is the dependent variable in outcome equations.  

 
8 RMA SOB and ADM data were downloaded on May 12th, 2022.  
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    Production risk is often related to crop insurance premiums and affects farmers’ decision on whether to 

buy crop insurance or what coverage level to choose. In this paper we use reference rate for Yield Protection 

(YP) at 65% coverage level to capture the production risk across counties. Reference rate estimates the 

unloaded base rate at the county average yield and is a component used in calculating the base rate9. Higher 

reference rate indicates higher production risk for a county and is expected to induce farmers to buy 

supplemental area plans in addition to individual policy.   

    The performance of the crop insurance program is often judged by loss ratios, which equal insurance 

indemnity payments divided by total premium. A loss ratio of one means the indemnity payments are equal 

to premiums collected, and a loss ratio of more than one means the payments were more than premiums 

paid by farmers. In this paper we computed average loss ratio over all the COMBO policies (RP, YP, 

RPHPE) and COMBO with supplemental area plans combinations (RP+SCO, RP+ECO, YP+SCO, 

YP+ECO, RPHPE+SCO, RPHPE+ECO). Lagged loss ratio were used in estimation, assuming farmers take 

account of average loss ratio in previous year when making decision about purchasing crop insurance 

program.   

    The eligibility of buying SCO for farmers is choosing PLC in commodity programs. Therefore, in the 

selection equation we include proportion of PLC enrolled base acres as one of determinants. The proportion 

PLC acres is PLC enrolled base acres divided by sum of PLC and ARC base acres for corn and soybeans 

in each county from 2019 to 2021. Summary statistics of variables used in estimations are presented in table 

3.1.  

    There are 3,489 observations for corn and 2,710 observations for soybeans from 2019 to 2021. The mean 

of weighted RP coverage level is 76% for both corn and soybeans. Counties with corn production have an 

average reference rate of 0.061 and lagged loss ratio of 0.685 which are higher than averages of 0.037 and 

 
9 Base rate is the rate associated with the risk of insuring the basic policy for a given crop, type and practice, and in a 

given location, for a given coverage level.  
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0.616 in counties with soybean production. Counties in corn producing regions also have lower under-

compensated basis risk of  0.249 but higher over-compensated basis risk of 0.184 than counties in soybeans 

producing regions.    

    Table 3.2. presents the differences in the characteristics of counties at least bought one acre of RP+SCO 

and counties did not buy any RP+SCO in corn and soybean regions. The last column is the sample mean 

difference tested by t-statistics. It can be observed from the table that 33% of counties purchased RP+SCO 

in corn areas and 39% of counties purchased RP+SCO in soybeans areas. The sample mean difference 

indicates there are significant difference in explanatory variables between counties who bought RP+SCO 

and counties who didn’t buy RP+SCO. For both corn and soybeans, the weighted average RP coverage 

level of counties purchased supplemental area plan was 4% higher than that of counties who did not 

purchase the product. The average loss ratio of counties with RP+SCO is lower than the average loss ratio 

of counties without RP+SCO. Counties bought RP+SCO also shows significant lower average under-

compensated likelihood and higher average likelihood of over-compensation than those who did not buy 

the product.  

    Although the comparisons discussed above pointed out significant differences between counties with 

RP+SCO and counties without RP+SCO in terms of weighted RP coverage level, the difference calculated 

in table 3.2. are average difference from 2019 to 2021. It is not enough to explain the enrollment decision 

across farmers because the calculations did not account for other characteristics of farmers including both 

observed and unobserved.  

    The main disadvantage of our public crop insurance data in this analysis is we only have access to county-

level information which means all the variables were aggregated to county level by RMA and FSA. 

Therefore, it is aware that our results may not fully exhibit the same pattern as in producer level.    

 



 

61 
 

Data Issues  

The major challenge of accessing the impact of crop insurance is the non-randomized design of the program. 

Since crop insurance program is not mandatory, farmers voluntarily participate in the program which often 

results in selection bias in impact studies. In addition, SCO is limited to acres enrolled in PLC program 

which causes another selection bias in the causal inference.  

    To address the issue of selection bias under nonrandomized setting, one method has been used is the 

propensity score matching (PSM) method. PSM allows researchers to construct a counterfactual group by 

matching buyers and non-buyers of similar characteristics. The matching technique is based on observed 

characteristics assuming these observed variables are the main factors contributed to selection bias. (Adela 

et al. 2018) However, there may be an unobserved variable affects the selection and outcome 

simultaneously (Ravallion 2007). For example, farm managers with better management skills would be 

more likely to buy crop insurance plans to diversify their risk management portfolio. If the researchers do 

not have complete information on the management skills of a farm business, it would not give an accurate 

estimation  about how enrollment in new crop insurance affects individual level coverage choices for 

farmer.     

    Several econometrics models have been developed to solve the problem with unobserved factors (private 

information) such as Heckman selection model and switching regressions. These models assess the impact 

based on different regimes in the variables. Heckman (1979) selection model include one selection 

equation, one outcome equation, and one equation examining the impact on the outcome of interests. One 

equation linking the covariates to outcome of interests is the main drawback of Heckman’s model which 

mean sit does not provide estimates of unobserved counterfactual outcomes. The endogenous switching 

regression, allowing generality in specifying regression coefficients across alternatives, was therefore 

developed. (Lee 1982; Maddala 1983; Kai and Prabhala 2007) In the next section, we introduce the 

endogenous switching regression, and model the enrollment of SCO based on expected utility of purchasing 

the policy.   
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Switching Regression Model of Crop Insurance Enrollment 

Let the decision to enroll in crop insurance programs be a binary choice resulting from the maximization 

of utility function. Farmers choose whether to enroll in revenue protection with supplemental coverage 

option (RP+SCO) by comparing the expected utility of buying the products to not buying the products. 

Variable 𝑍 represents a set of exogenous variables that determine expected utility and affects the enrollment 

decision. In this study variable 𝑍 include reference rate of crop insurance ratings, loss ratio, acres enrolled 

in Price Loss Coverage (PLC) program, and basis risk for RP-80+SCO+ECO-90 policy.  

    Assume the expected utility of buying SCO is 𝐼𝐸
∗  and the expected utility of not buying SCO is 𝐼𝑁

∗ . The 

enrollment of SCO occurs if 𝐼𝐸
∗ > 𝐼𝑁

∗ . However, 𝐼∗ is the latent variable which cannot be observed by 

researchers but can be expressed as a function of observed factors, 𝑍. The selection equation which is the 

enrollment of SCO can then be modeled as follow, 

𝐼𝑗 = 𝛾′𝑍𝑗 + 𝑢𝑗 

𝐼𝑗 = {
1, 𝐼𝑗𝐸

∗ > 𝐼𝑗𝑁
∗

0, 𝐼𝑗𝐸
∗ ≤ 𝐼𝑗𝑁

∗ (3.1)

 

 

where 𝐼𝑗 is the dichotomous choice variable for farmer 𝑗 which can be observed. 𝐼𝑗 equals 1 for farmers who 

buy SCO and 0 otherwise.  𝛾 is a vector of parameters indicating the direction impacts of variable 𝑍 on the 

decision to buy SCO. 𝑢𝑗 with mean zero and variance 𝜎𝑢
2 is an error term captures the measurement errors 

and factors unobserved to researchers but known to the farmer. A farmer buys SCO only if the perceived 

expected utility of enrollment is higher.   

    Buying a new crop insurance option often affects other decisions, such as usage of fertilizer or crop 

insurance coverage level. In this study we mainly test whether there is buydown behaviors when SCO is 

introduced. That is to say, we are interested in examining the relationship between buying SCO and farmers 

decision on coverage level of revenue protection (RP) policy. Let 𝑌 represent outcome variable of interest 

which is weighted average RP coverage level in our paper. Variable 𝑋 is a vector of exogenous variables 
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determine the outcome variable. In the switching regression model, two regimes (outcome equations) for 

farmers who buy SCO and farmers who don’t buy SCO can be written as follow,  

Regime 1 (SCO buyers): 𝑌𝑗𝐸 = 𝑋′𝛽𝑗𝐸 + 𝜀𝑗𝐸  if  𝐼 = 1 (3.2𝑎) 

Regime 2 (non − SCO buyers): 𝑌𝑗𝑁 = 𝑋′𝛽𝑗𝑁 + 𝜀𝑗𝑁  if  𝐼 = 0 (3.2𝑏) 

where 𝑌𝑗𝐸 denotes as weighted average RP coverage level when farmers buy supplemental area plan and 

𝑌𝑗𝑁 indicates weighted average RP coverage level without buying supplemental area plan. It is noted that 

the variable 𝑋 in equation (3.2) may overlap the variable 𝑍 in equation (3.1). However, it is important that 

at least one variable in 𝑍 does not include in 𝑋 for proper identification.  

    Since the choice of crop insurance is endogenous and unobserved by researchers, 𝛽𝑗𝐸 and 𝛽𝑗𝑁 would 

suffer from selection bias if unobservable factors affect both error terms in selection equation (𝑢𝑗) and the 

outcome equations (𝜀𝑗𝐸 and 𝜀𝑗𝑁). In other words, the error terms in outcome equations are conditional on 

the sample selection criteria and thus the error terms in equation (3.2) result in nonzero expected value.  

    Lee (1982)’s approach accounts for sample selection on unobserved factors by treating the selectivity as 

an omitted variables problem. The three errors terms (𝑢, 𝜀𝐸, and 𝜀𝑁) are assumed to have a joint normal 

distribution with mean vector zero and the following variance-covariance matrix,  

𝑐𝑜𝑣(𝑢, 𝜀𝐸 , 𝜀𝑁) = [

𝜎𝑢
2 𝜎𝐸𝑢 𝜎𝑁𝑢

𝜎𝐸𝑢 𝜎𝐸
2 𝜎𝐸𝑁

𝜎𝑁𝑢 𝜎𝐸𝑁 𝜎𝑁
2

] (3.3) 

 where 𝑣𝑎𝑟(𝑢) = 𝜎𝑢
2, 𝑣𝑎𝑟(𝜀𝐸) = 𝜎𝐸

2, 𝑣𝑎𝑟(𝜀𝑁) = 𝜎𝑁
2, 𝑣𝑎𝑟(𝑢, 𝜀𝐸) = 𝜎𝐸𝑢, 𝑢, 𝑣𝑎𝑟(𝑢, 𝜀𝑁) = 𝜎𝑁𝑢, and 

𝑣𝑎𝑟(𝜀𝐸 , 𝜀𝑁) = 𝜎𝐸𝑁. The expected values of the truncated error terms (𝜀𝑒|𝐼 = 1) and (𝜀𝑛|𝐼 = 0) are given 

as follow,  
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𝐸(𝜀𝐸|𝐼 = 1) = 𝐸(𝜀𝐸|𝑢 > −𝑍′𝛾) = 𝜎𝐸𝑢

𝜑 (
𝑍′𝛾
𝜎 )

𝛷 (
𝑍′𝛾
𝜎

)
≡ 𝜎𝐸𝑢𝜆𝐸 (3.4) 

and 

𝐸(𝜀𝑁|𝐼 = 0) = 𝐸(𝜀𝑁|𝑢 ≤ −𝑍′𝛾) = 𝜎𝑁𝑢

−𝜑(
𝑍′𝛾

𝜎
)

1−𝛷(
𝑍′𝛾

𝜎
)

≡ 𝜎𝑁𝑢𝜆𝑁 (3.5) 

where 𝜑 and Φ are the probability density and cumulative distribution function of the standard normal 

distribution, respectively. The ratio of 𝜑 and Φ evaluated at 𝑍′𝛾 is referred to as the inverse Mills ratio, 𝜆𝐸 

and 𝜆𝑁 in equation (3.4) and (3.5), and can be treated as omitted terms in equation (3.2).  Therefore, in 

order to account for selection bias, we add them back to equation (3.2).  

    The procedure to estimate the model involves in two stages. The first stage is to determine the probability 

of buying SCO by a probit regression and provides the estimates of 𝛾. The estimates of 𝛾 are then used to 

estimate 𝜆𝐸 and 𝜆𝑁 by plugging back into equation (3.4) and (3.5). In the second stage, we add the variables 

obtained from first stage to the equation (3.2a) and (3.2b). This two-step approach, however, is pointed out 

to be inefficient due to the fact that the generated residuals are heteroskedastistics and inconsistent; thus is 

in need of cumbersome adjustments. (Lokshin and Sajaia 2004; Abdulai and Huffman 2014; Adela et al. 

2018) Lokshin and Sajaia (2004) suggested to use the Full Information Maximum Likelihood (FIML) 

method to overcome the standard errors issue by using simultaneous equations, which means they estimated 

the selection equation and outcome equation simultaneously. In this paper we follow (Lokshin and Sajaia 

2004), employing the FIML method for our selection and outcome estimations.   

    The main interest of our analysis is the effect of supplemental area plans on weighted average RP 

coverage level. To examine the specified interest, we add the estimated error terms from equation (3.4) and 

(3.5) into the expected value of outcome equations. Thus, for a farmer who buys SCO with characteristics 

X and Z, the expected value of weighted average RP coverage level,  𝑌𝑗𝐸, is given as, 
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𝐸(𝑌𝑗𝐸|𝐼 = 1) = 𝑋𝛽𝑗𝐸 −  𝜎𝐸𝑢𝜆𝐸 (3.6) 

The last term in equation (3.6) has allowed for sample selection, meaning farmers who buy supplemental 

area plans may behave differently from an average farmer with identical characteristics (𝑋, 𝑍) due to 

unobserved factors. (Maddala 1983; Fuglie and Bosch 1995; Abdulai and Huffman 2014) The expected 

value for the same farmer if he/she had not bought SCO is, 

𝐸(𝑌𝑗𝑁|𝐼 = 0) = 𝑋𝛽𝑗𝑁 −  𝜎𝑁𝑢𝜆𝐸 (3.7) 

The difference in equation (3.6) and (3.7) can be referred to as the change in weighted average RP coverage 

level between buyers and non-buyers due to enrollment of SCO. The unbiased estimates of Average 

Treatment effect on the Treated can then be obtained as follow(Lokshin and Sajaia 2004), 

𝐴𝑇𝑇 =  𝐸(𝑌𝑗𝐸|𝐼 = 1) − 𝐸(𝑌𝑗𝑁|𝐼 = 0) = (𝛽𝑗𝐸 − 𝛽𝑗𝑁) + (𝜎𝐸𝑢 − 𝜎𝑁𝑢)𝜆𝐸 (3.8) 

ATT in Equation (3.8) shows the difference between the expected value of weighted average RP coverage 

level for SCO buyers and if they had not bought. In this study we estimate the models at county level with 

year fixed effect.  

 

Empirical Results 

Basis Risk Not Include in Outcome Equations 

The results of endogenous switching regression for corn and soybeans are presented in table 3.3. and 3.4., 

respectively. Column (1), (2), and (3) report results from selection equation while column (4) and (5) report 

the results from outcome equation. As we mentioned in previous section, the proper identification requires 

at least one variable in selection model does not include in outcome equations.  

    Variables in selection equation, representing determinants of RP-SCO enrollment, include reference rate, 

lagged loss ratio, RP-80+SCO+ECO-90 false negative probability (FNP),  RP-80+SCO+ECO-90 false 
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positive probability (FPP), and the proportion acres of Price Loss Coverage Program (PLC). For the 

variables in outcome equations, we do not include basis risk (FNP, FPP) and PLC acres because PLC are 

the eligibility for farmers to enroll in SCO, but does not tie to how farmers choose their coverage level. 

Since SCO is a rather new crop insurance option, it is assumed that farmers tend to make the decision about 

whether to buy SCO and how much coverage level of individual plans separately. Farmers may just buy 

SCO to add on top of their individual plans without considering overall basis risk.  

    Marginal effects in column (2) indicate the change in the probability of RP-SCO enrollment given a one 

standard deviation change in the explanatory variable. These are average marginal effects obtained by 

calculating average over the marginal effect of each variable for all observations in 𝑍. Since all the 

measurement unit of our variables are in percentage, we multiply the marginal effect by one standard 

deviation based on summary statistics in previous section. The coefficient of marginal probability will then 

become the probability of RP-SCO enrollment given one-standard deviation change in the explanatory 

variable. Here we will discuss the results of corn and soybeans in table 3.3. and 3.4. together.  

    The coefficients of the reference rate which captures the crop yield risk in each county are significantly 

positive, suggesting counties with higher reference rate (higher yield risk) are more likely to buy 

supplemental area plan. Increasing one standard deviation of reference rate will increase probability of corn 

counties buying RP-SCO by 3.4%, and 5.1% for soybeans counties. Loss ratio of average COMBO policy 

with supplemental area plans in previous year shows negative sign on likelihood of enrollment; however, 

the coefficients are not significantly different from zero. Since farmers are eligible to buy SCO only when 

he/she chose PLC not ARC program, the positive impacts on likelihood of enrolling in RP-SCO are 

therefore reasonable and as what we expected. However, the proportion acres enrolled in PLC program 

only shows significance under corn specification. This may be due to the fact that the majority counties in 

soybeans producing states did not choose PLC programs from 2019 to 2021. (Paulson et al. 2020; 

Schnitkey, Swanson, et al. 2020) 

    The under-compensation probability when buying RP-80+SCO+ECO-90 policy, the false negative 

probability (FNP) of RP-80+SCO+ECO-90, suggests significantly negative effect on likelihood of buying 
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RP-SCO. When probability of under-compensation raises one standard deviation, probability of RP-SCO 

enrollment for corn tends to decrease 4.1%, and probability of RP-SCO enrollment for soybeans tends to 

decrease 4.2%. On the contrary to under-compensation cases, over-compensation probability of RP-

80+SCO+ECO-90 policy significantly increases the likelihood of buying RP-SCO. Counties with higher 

chances of being over-compensated are more likely to buy RP-SCO. The likelihood of buying revenue 

protection with supplemental area plan increases 6.7% for corn and 8.7% for soybeans when basis risk of 

receiving more indemnity than what is needed at farm-level raises by one standard deviation.  

    The results regarding the impact of buying RP-SCO on weighted RP-coverage level are presented in 

fourth and fifth columns of table 3.3. and 3.4., for counties enrolled in RP-SCO and counties not enrolled 

in RP-SCO, respectively. As pointed out in previous section, the proper identification requires there is at 

least one variable in the selection model but not in the outcome equations. In table 3.3. and 3.4., variables 

such as basis risk and PLC enrolled acres are not included in the outcome specification.  

    The negative and significant coefficients of reference rate in column (4) and (5) in table 3.3. and 3.4. 

indicate that for counties buying RP-SCO and not buying RP-SCO in corn and soybeans major producing 

regions, areas with higher yield risk result in significantly lower weighted RP coverage level than areas 

with lower yield risk. For corn counties not enrolled in RP-SCO, previous-year average loss ratio 

significantly increase weighted RP coverage level at 5% significance level. However, it does not 

significantly influence weighted RP coverage level for corn counties with RP-SCO and other soybeans 

counties. This finding is consistent with Glauber (2004)’s argument that historical loss ratio may provide 

little information about future loss expectation because of rating adjustments in crop insurance program, 

the growth in participation, and shift to higher coverage levels.    

    The estimates for the average treatments effects (ATT) under specifications in table 3.3. and 3.4. are 

reported in  table 3.5. The results of ATT show the impact of RP-SCO enrollment on weighted RP coverage 

level. Different from the descriptive summary mean difference in table 3.2., the ATT estimates account for 

selection bias based on the fact that counties who buy RP-SCO and counties who don’t buy RP-SCO may 

be systematically different. (Abdulai and Huffman 2014) The results in table 3.5. suggest there is no 
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buydown behavior for corn and soybeans counties from 2019 to 2021. For counties in major corn producing 

regions with RP-SCO, the expected weighted RP coverage level will increase approximately 5% after 

enrolling in RP-SCO. For counties in major soybeans producing areas, weighted RP coverage level 

increases about 6.7% after RP-SCO enrollment. These findings are contradict to the simulation results from 

(Bulut and J. Collins 2014).  

Basis Risk Include in Outcome Equations 

Since basis risk indicates the likelihood of famers’ losses being covered sufficiently or not, farmers may 

change their decisions on individual plans while considering overall risk management. The choices about 

how much coverage level under revenue protection becomes the decision of overall coverage level. In this 

subsection, we therefore include basis risk in the outcome equations, assuming farmers accounts for their 

basis risk while deciding whether to buy RP-SCO; at the same time, choose their revenue protection 

coverage level. The reports of these specifications are presented in table 3.6 and 3.7.  

    From column (1), (2), and (3) in table 3.6. and 3.7., we find similar direction of the coefficients in 

selection equation compared to table 3.3. and 3.4. Compared to table 3.3. and 3.4., the average loss ratio in 

previous year becomes significantly negative impact on whether farmers in a county will buy RP-SCO. 

Higher loss ratio in previous years reduces the probability for farmers to buy RP-SCO. Increase in one 

standard deviation of loss ratio, counties in corn producing regions reduce 1.8% probability of buying RP-

SCO, and counties in soybeans regions reduce 1.6% probability. The probability of corn farmers choosing 

RP-SCO decreases 8% and increases 8.7% when under-compensated likelihood and over-compensated 

likelihood increase by one standard deviation, respectively. For soybeans counties, the probability of buying 

RP-SCO decreases 2.6% and increases 5.7% when likelihood of under-compensation and over-

compensation raises by one standard deviation.  

    The impact of buying RP-SCO on weighted RP coverage level after incorporating basis risk into outcome 

equations are presented in column (4) and (5) in table 3.6. and 3.7. For corn and soybeans counties with 

and without RP-SCO, higher reference rate (higher production risk) areas reduces the weighted RP coverage 
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level. We also notice previous loss ratio do not have significant impact on how much coverage level farmers 

would choose. This is similar to what we find in previous subsection.  

    For basis risk, we find both under-compensated and over-compensated basis risk provide significant 

impacts on coverage level of revenue protection. No matter whether counties have RP-SCO enrollment, 

false negative probability of RP-80+SCO+ECO-90, under-compensated likelihood, decreases the weighted 

coverage level farmers would choose. On the other hand, false positive probability of RP-80+SCO+ECO-

90, over-compensated likelihood, increases farmers coverage level choices on revenue protection. These 

findings are consistent with our findings in previous chapter that adding higher coverage level with 

supplemental area plans results in lower under-compensation basis risk while higher over-compensation 

likelihood. The results in table 3.6. and 3.7. suggest farmers tend to choose the coverage level which allows 

them to reduce under-compensation probability and increase over-compensation probability.    

    Table 3.8. shows the estimates of the average treatment effects after including basis risk in the decision 

of coverage level. It is found that counties with corn major producing states reduce their coverage level of 

revenue protection by 3.7%  after considering basis risk when making their decisions on coverage choices. 

There is buydown behaviors for corn farmers after enrollment of RP-SCO. However, we still do not find 

buydown effect for soybeans counties. For counties who enrolled in RP-SCO, the expected value of 

weighted RP coverage level drops from 77% to 74% if they decide not to enroll in RP-SCO.   

 

Conclusion and Implications 

While the new supplemental area plans are designed to provide more coverage levels for farmers, the 

subsidy rate which allows farmers to pay less than the similar coverage level of individual plan may 

incentivize farmers to lower their individual plan coverage and cover the overlapped band of coverage by 

supplemental area plans. Potential issues related to buy down effect include whether lowering coverage 

levels with SCO provides enough risk reduction compared to individual plan, and increased costs to 

taxpayers to deliver inferior insurance coverage to farmers based on marginal subsidy rate differences.  
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    In this analysis we apply endogenous switching regression with the Full Information Maximum 

Likelihood (FIML) method to test whether there is crowd out effect on individual RP policy empirically 

using USDA RMA and FSA public data. In contrast to existing literatures using simulation analysis, we do 

not find compelling evidence of buy-down behavior among farmers using SCO with individual coverage 

relative to those who insure with an individual plan only.  

    We find higher production risk, captured by insurance reference rate for the county, increases the 

likelihood of purchasing SCO and lowers average individual coverage levels. The “false-negative” measure 

of basis risk is associated with a lower likelihood of SCO enrollment and reduced average coverage levels 

for RP in the county. The “false-positive” measure of basis risk, on the other hand, increases the likelihood 

of SCO adoption and is associated with higher average coverage levels for RP in a county. 

    For corn, a crowd out effect is observed when the basis risk measures are included as one of determinants 

for crop insurance and coverage level simultaneously. The buy down RP coverage level is around 4% after 

adding SCO on top of RP policy. For soybeans, counties with RP+SCO tend to have average RP coverage 

levels that are 3% to 6%  higher than those for acres covered by RP alone.  

    The lack of empirical evidence for buy-down, despite the predictions from simulation-based analysis, 

could be due to the fact that farmers just want to buy higher coverage level of crop insurance. Since most 

SCO is used in the regions where individual coverage is already high (RP with 80% or RP with 85%), SCO 

relaxes the coverage constraints for farmers who prefer even higher coverage level. Subsidized premium 

rates of SCO also allows these farmers to buy SCO in addition to their individual plans without adjusting 

individual coverage levels. Another reason why we didn’t observe empirical buy-down behavior may be 

explained by a number of limiting factors associated with our approach. We are limited to data aggregated  

at the county-level, meaning the results may not fully exhibit the real patterns of producer’s behaviors in 

every county.  
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    Since our data is an average effect across states of corn and soybeans production, examining the buy-

down effect among different regions would be interesting for future research. Data on farm-level insurance 

decisions may be also useful in the extension of this paper to evaluate farmers’ behaviors when choosing 

combinations of individual plans with supplemental area plans. Our data is observational and thus lacks 

true counterfactual observations of insurance choices.  While the switching regression method attempts to 

estimate the treatment effect of SCO enrollment on individual insurance coverage choice, restrictive 

assumptions are needed to interpret our estimates in this way. 
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Tables and Figure 

Figure 3.1. Difference in Weighted RP Coverage Level under RP vs. RP+SCO from 2019 to 2021 

  

(a) 

 

(b) 

  

(c) 

 

(d) 

  
(e) 

 

(f) 
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Table 3.1. Summary Statistics of variables used in estimations 

Corn 

 Observations Mean Standard Deviation 

Dependent Variables    

RP+SCO dummy (1=buy SCO) 3,489 0.758 0.428 

Weighted RP coverage level 3,489 0.758 0.044 

    

Explanatory Variables    

Reference rate 3,489 0.074 0.068 

Loss ratio t-1 3,489 0.729 0.973 

PLC enrolled acres proportion 3,489 0.669 0.278 

RP-80+SCO+ECO-90 FNP 3,489 0.266 0.090 

RP-80+SCO+ECO-90 FPP 3,489 0.178 0.032 

    

Soybeans 

 Observations Mean Standard Deviation 

Dependent Variables    

RP+SCO dummy (1=buy SCO) 2,710 0.719 0.449 

Weighted RP coverage level 2,710 0.759 0.050 

    

Explanatory Variables    

Reference rate 2,710 0.049 0.046 

Loss ratio t-1 2,710 0.683 0.732 

PLC enrolled acres proportion 2,710 0.182 0.189 

RP-80+SCO+ECO-90 FNP 2,710 0.413 0.078 

RP-80+SCO+ECO-90 FPP 2,710 0.126 0.028 
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Table 3.2. Descriptive Summary of Variables for Non-SCO buyers vs. SCO buyers  

Corn 

 Non-SCO buyers SCO buyers Difference 

Number of Observations 864 2,625  

Dependent Variable    

Weighted RP coverage level 0.727 0.768 -0.040*** 

    

Explanatory Variables    

Reference rate 0.115 0.061 0.054*** 

Loss ratio t-1 0.791 0.685 0.106*** 

PLC enrolled acres proportion 0.632 0.683 -0.050*** 

RP-80+SCO+ECO-90 FNP 0.322 0.249 0.073*** 

RP-80+SCO+ECO-90 FPP 0.156 0.184 -0.029*** 

    

Soybeans 

 Non-SCO buyers SCO buyers Difference 

Number of Observations 767 1,943  

Dependent Variable    

Weighted RP coverage level 0.730 0.770 -0.040*** 

    

Explanatory Variables    

Reference rate 0.079 0.037 0.042*** 

Loss ratio t-1 0.843 0.616 0.227*** 

PLC enrolled acres proportion 0.226 0.167 0.059*** 

RP-80+SCO+ECO-90 FNP 0.387 0.314 0.073*** 

RP-80+SCO+ECO-90 FPP 0.111 0.132 -0.022*** 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.3. Endogenous Switching Regression Results for Corn SCO enrollment and Impact of RP+SCO enrollment on weighted RP coverage level 

Corn Selection Equation Outcome Equation 

  Weighted RP coverage Level 

Variables Coefficients Marginal 

Probability 

Marginal Probability 

by one Standard 

Deviation 

Enrolled in 

RP+SCO 

Not Enrolled 

in RP+SCO 

 (1) (2) (3) (4) (5) 

Constant -0.393*** 

(0.191) 

 

  0.790*** 

(0.009) 

0.723*** 

(0.003) 

Reference rate 1.761*** 

(0.666) 

 

0.507*** 

(0.192) 

0.034 -0.370*** 

(0.076) 

-0.134*** 

(0.014) 

Loss ratio t-1 -0.013 

(0.023) 

 

-0.004 

(0.007) 

-0.004 -0.002 

(0.005) 

0.003** 

(0.001) 

RP-80+SCO+ECO-90 FNP -1.493*** 

(0.395) 

 

-0.461*** 

(0.122) 

-0.041   

RP-80+SCO+ECO-90 FPP 6.797*** 

(0.725) 

 

2.099*** 

(0.221) 

0.067   

PLC enrolled acres proportion 0.162*** 

(0.057) 

 

0.050*** 

(0.016) 

0.014   

Year fixed effect yes   yes yes 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.4. Endogenous Switching Regression Results for Soybeans SCO enrollment and Impact of RP+SCO enrollment on weighted RP coverage 

level 

Soybeans Selection Equation Outcome Equation 

  Weighted RP coverage Level 

Variables Coefficients Marginal 

Probability 

Marginal Probability 

by one Standard 

Deviation 

Enrolled in 

RP+SCO 

Not Enrolled 

in RP+SCO 

 (1) (2) (3) (4) (5) 

Constant 0.170*** 

(0.005) 

 

  0.767*** 

(0.010) 

 

0.711*** 

(0.005) 

Reference rate 2.766*** 

(0.935) 

 

0.756*** 

(0.252) 

0.051 -1.937*** 

(0.163) 

-0.192*** 

(0.028) 

 

Loss ratio t-1 -0.013 

(0.023) 

 

-0.010 

(0.010) 

 

-0.010 -0.005 

(0.008) 

 

-0.002 

(0.002) 

 

RP-80+SCO+ECO-90 FNP -1.982*** 

(0.067) 

 

-0.541*** 

(0.181) 

 

-0.042   

RP-80+SCO+ECO-90 FPP 11.423*** 

(1.778) 

 

3.120*** 

(0.475) 

 

0.087   

PLC enrolled acres proportion -0.038 

(0.038) 

 

-0.006 

(0.043) 

-0.001   

Year fixed effect yes   yes yes 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.5. Impact of buying RP+ SCO on weighted RP coverage level for Corn and Soybeans 

 Mean Outcome  

Corn Enrolled in RP+SCO Not Enrolled in RP+SCO ATT 

Weighted RP coverage level 0.7651 

(0.0148) 

0.7138 

(0.0105) 

0.0513*** 

(0.0001) 

    

Soybeans Enrolled in RP+SCO Not Enrolled in RP+SCO ATT 

Weighted RP coverage level 0.7657 

(0.0107) 

0.6980 

(0.0143) 

0.0677*** 

(0.0001) 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.6. Endogenous Switching Regression Results for Corn SCO enrollment and Impact of RP+SCO enrollment on weighted RP coverage level 

Corn Selection Equation Outcome Equation 

  Weighted RP coverage Level 

Variables Coefficients Marginal 

Probability 

Marginal Probability 

by one Standard 

Deviation 

Enrolled in 

RP+SCO 

Not Enrolled 

in RP+SCO 

 (1) (2) (3) (4) (5) 

Constant -0.488 

(0.331) 

  0.786*** 

(0.011) 

 

0.693*** 

(0.014) 

 

Reference rate 0.349 

(0.696) 

 

0.092 

(0.184) 

 

0.006 -0.057* 

(0.032) 

 

-0.102*** 

(0.030) 

 

Loss ratio t-1 -0.074*** 

(0.027) 

-0.019*** 

(0.007) 

 

-0.018 0.015 

(0.001) 

0.001 

(0.001) 

 

RP-80+SCO+ECO-90 FNP -3.358*** 

(0.650) 

-0.886*** 

(0.172) 

 

-0.080 -0.217*** 

(0.023) 

-0.059* 

(0.033) 

 

RP-80+SCO+ECO-90 FPP 10.367*** 

(1.263) 

2.734*** 

(0.324) 

 

0.087 0.172*** 

(0.044) 

 

0.598*** 

(0.062) 

 

PLC enrolled acres proportion 0.238*** 

(0.082) 

 

0.063*** 

(0.022) 

 

0.018   

Year fixed effect yes   yes yes 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.7. Endogenous Switching Regression Results for Soybeans SCO enrollment and Impact of RP+SCO enrollment on weighted RP coverage 

level 

Soybeans Selection Equation Outcome Equation 

  Weighted RP coverage Level 

Variables Coefficients Marginal 

Probability 

Marginal Probability 

by one Standard 

Deviation 

Enrolled in 

RP+SCO 

Not Enrolled 

in RP+SCO 

 (1) (2) (3) (4) (5) 

Constant 0.565 

(0.472) 

 

  0.854*** 

(0.021) 

 

0.701*** 

(0.017) 

 

Reference rate 7.904*** 

(1.203) 

 

2.176*** 

(0.316) 

 

0.100 -0.162** 

(0.065) 

 

-0.108*** 

(0.031) 

Loss ratio t-1 -0.081* 

(0.042) 

 

-0.022* 

(0.011) 

 

-0.016 0.002 

(0.002) 

 

0.001 

(0.002) 

 

RP-80+SCO+ECO-90 FNP -1.201 

(0.788) 

-0.331 

(0.217) 

 

-0.026 -0.197*** 

(0.035) 

 

-0.070** 

(0.031) 

RP-80+SCO+ECO-90 FPP 7.441*** 

(2.046) 

 

2.048*** 

(0.561) 

 

0.057 0.158* 

(0.088) 

0.473*** 

(0.070) 

 

PLC enrolled acres proportion 0.015 

(0.179) 

 

0.004 

(0.049) 

 

0.001   

Year fixed effect yes   yes yes 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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Table 3.8. Impact of buying RP+ SCO on weighted RP coverage level for Corn and Soybeans 

 Mean Outcome  

Corn Enrolled in RP+SCO Not Enrolled in RP+SCO ATT 

Weighted RP coverage level 0.7678 

(0.0213) 

0.8054 

(0.0184) 

-0.0376*** 

(0.0002) 

    

Soybeans Enrolled in RP+SCO Not Enrolled in RP+SCO ATT 

Weighted RP coverage level 0.7695 

(0.0179) 

0.7374 

(0.0233) 

0.0322 

(0.0002) 

*0.1 significance level, **0.5 significance level, ***0.01 significance level 
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