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Abstract:  9 

 10 

Pasture, Rangeland, and Forage (PRF) rainfall index insurance is designed to protect farmers and 11 

ranchers against the loss of forage produced to feed livestock. Enrollment in PRF remains low, 12 

despite the large number of livestock operations that depend on precipitation and forage for 13 

profitability, the fact that PRF is subsidized, and the existence of few other livestock insurance 14 

options. Among producers who do enroll in PRF insurance, there is also a tendency to insure 15 

two-month intervals that do not have a significant impact on forage growth, increasing 16 

participants’ basis risk. This research explores a novel approach to influencing insurance 17 

enrollment decisions: whether exposure to an informational nudge increases the likelihood that a 18 

producer enrolls in PRF and/or changes the two-month intervals selected. We conduct a framed 19 

field experiment motivated by elements of the behavioral economics and crop insurance demand 20 

literatures to simulate PRF decisions among livestock farmers in the Northeast and Southeast 21 

United States. We find modest evidence that informational nudges were effective in increasing 22 

enrollment. Specifically, framing PRF as a risk management decision increases the likelihood 23 

that a participant will enroll, whereas framing PRF as a one-time investment has little to no 24 

effect on enrollment. We do not find evidence that the nudges influenced the interval choices, 25 

suggesting a stronger nudge might be necessary. Findings also illuminate factors that increase the 26 

likelihood of PRF enrollment, such as risk aversion and prior experience with PRF or other 27 

insurance programs. This experiment provides evidence that USDA RMA, Cooperative 28 

Extension educators, and crop insurance agents could increase enrollment in PRF without 29 

increasing premium subsidies simply by encouraging producers to reflect on the months when 30 

rainfall is most important to avoid forage loss on their operations. Given this is the first study 31 

using nudges to explore farmer behavior in the Federal Crop Insurance Program, we believe this 32 

research direction shows promise and should be explored more thoroughly in the future.   33 
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Introduction 1 

Only 33% of eligible acreage in the United States is enrolled in the United States Department of 2 

Agriculture (USDA) Risk Management Agency (RMA)’s Pasture, Rangeland, and Forage (PRF) 3 

rainfall index insurance program (USDA RMA, 2020a; USDA NASS, 2017). Traditional crops 4 

often see much higher levels of enrollment, with typically 80%-90% of acreage enrolled (USDA 5 

RMA, 2017). The PRF insurance product, unveiled in 2007, is designed to protect farmers and 6 

ranchers against the loss of forage produced to feed livestock. Enrollment in PRF remains low, 7 

despite the large number of livestock operations that depend on precipitation and forage for 8 

profitability, the fact that PRF is subsidized, and the existence of few other livestock insurance 9 

options. Among producers who do enroll in PRF insurance, there is a tendency to insure two-10 

month intervals that do not have a significant impact on forage growth in addition to, or instead 11 

of, those two-month intervals that would impact forage growth (Goodrich et al., 2020). This 12 

strategy increases a participant’s basis risk, i.e., not receiving an indemnity when losses occur, in 13 

direct contrast with the program’s goal of risk reduction. 14 

Typical approaches to increasing enrollment in crop insurance programs include 15 

increasing premium subsidies or substantially altering the program to make it more attractive to 16 

producers. Both of these alternatives are costly in terms of time and taxpayer dollars and may 17 

ultimately prove ineffective (Goodwin, 1993, Du et al. 2017). Currently, USDA RMA is 18 

considering changes to the PRF program beginning in 2022. To deter producers from selecting 19 

risk-increasing intervals, one proposed change is to not allow producers to insure winter month 20 

intervals that USDA RMA would determine as not impacting forage growth (USDA RMA, 21 

2020b, Coble et al. 2020). This proposition leads to less flexibility with the program, and likely 22 

increases the cost of program implementation. Our research explores alternative approaches to 23 

changing behavior around insurance enrollment decisions: whether exposure to an informational 24 
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nudge increases the likelihood that a producer enrolls in PRF and/or changes the selection of 1 

two-month intervals. We conduct a survey and framed field experiment to simulate PRF 2 

decisions among nearly 300 eligible livestock farmers in the Northeast and Southeast United 3 

States. The PRF program is especially under-enrolled in these areas, with only 2 percent of 4 

eligible acres enrolled in the Northeast and 22 percent of eligible acres enrolled in the Southeast 5 

(USDA RMA, 2020a; USDA NASS, 2017). 6 

One potential explanation for under enrollment and risk-increasing behavior in PRF is the 7 

complexity of choice structures required to enroll in the program. Much different than traditional 8 

crop insurance programs, participants face a number of enrollment decisions such as two-month 9 

intervals to insure against low rainfall and percent of value to allocate to each interval, in 10 

addition to choosing coverage levels, productivity factors, and acreage to enroll. The complex 11 

structure of the program could potentially lead to confusion and psychological constraints among 12 

producers facing participation decisions. For example, the participant may face “choice 13 

overload” about the number of enrollment decisions to be made, leading to confusion and 14 

decision paralysis among participants (Baicker et al., 2012). Traditional education campaigns 15 

often fail to offset the psychological constraints decision-makers face during complex program 16 

enrollment (Baicker et al., 2012).  Behavioral economics solutions, such as informational 17 

nudges, simplified menus, or narratives that appeal to loss aversion can help to streamline 18 

decision-making (Sunstein, 2016). Informational nudges have successfully increased 19 

participation in under-enrolled programs, such as employee participation in 401(k) (Clark et al., 20 

2014) and low-income taxpayer enrollment in the Earned Income Tax Credit (Manoli et al., 21 

2016). Simplified enrollment instructions effectively nudged individuals to select improved 22 

portfolio allocations (Choi et al., 2010) and to increase participation in savings plan contributions 23 
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(Madrian, 2014). We hypothesize that decision paralysis similar to that with complex retirement 1 

or savings plans occurs among farmers faced with the complex decisions of the PRF program. 2 

Thus, our experiment explores the role of behavioral mechanisms to simplify PRF interval 3 

decisions and increase enrollment. 4 

 Traditional attempts by economists to explain rationality within farmers’ crop insurance 5 

decisions in the U.S. Federal Crop Insurance Program (FCIP) focus on expected utility theory 6 

(Du et al., 2017; Just et al., 1999; Goodwin, 1993). Du et al. find no evidence that farmers make 7 

decisions that align with maximizing expected utility and suggest that cumulative prospect 8 

theory as outlined by Tversky and Kahneman (1992) may better explain farmers’ insurance 9 

decisions. Babcock (2015), Luckstead and Devadoss (2019) and Cao et al. (2019) find that when 10 

insurance decisions are framed as a one-time investment (narrow frame), cumulative prospect 11 

theory is an accurate predictor of farmer decisions. Babcock also shows when framing the crop 12 

insurance decisions as a risk management tool (wide frame), prospect theory does not accurately 13 

predict farmer decisions. Thus, the way farmers frame their insurance decisions plays an 14 

important role in their observed behavior. Du et al. suggest that helping growers broaden their 15 

frames of reference with respect to crop insurance could help them “foster more reflective 16 

decision-making.” 17 

Our experimental design was motivated by elements of the behavioral economics and 18 

crop insurance demand literatures. We randomly assigned participants to receive one of two 19 

informational nudges prior to making hypothetical PRF enrollment decisions. One informational 20 

nudge (forage loss) reminds participants of potential forage losses in the growing season months 21 

that are most important for their operation, i.e., wide framing of the insurance decision as a risk 22 

management tool (Babcock, 2015). The other informational nudge (probability of payment) 23 
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notifies the participant of the growing season months when a producer in that geographic area 1 

has the highest likelihood of receiving an indemnity payment from PRF enrollment, i.e., narrow 2 

framing of the insurance decision as a one-time investment.  The control group is never exposed 3 

to an informational nudge. We hypothesized that compared to the control: 1) the nudges would 4 

increase enrollment through the reduction in choice overload and 2) the forage loss nudge would 5 

increase the percentage of value placed in growing season months, while the probability of 6 

payment nudge would decrease the percentage of value placed in growing season months. The 7 

second hypothesis relies on the assumption that there is little intersection between growing 8 

season months and those with high probabilities of payment.  9 

We find evidence that the nudges were weakly effective in increasing enrollment, and our 10 

findings suggest this was driven primarily by the treatment regarding forage losses. This suggests 11 

that providing enrollment suggestions alleviates choice overload and increases the likelihood of 12 

enrollment in the program. We did not find an effect of either nudge on the percentage enrolled 13 

in (risk-reducing) two-month intervals that correspond to the growing season. Given this is the 14 

first study using nudges to explore behavior in the FCIP, we believe this research direction 15 

shows promise and should be explored more thoroughly in the future.   16 

Our findings provide contributions to the literature surrounding federal crop insurance 17 

demand and highlight important policy implications. As far as we are aware, we are the first 18 

study to apply behavioral economics through a framed field experiment exploring decisions in 19 

federal crop insurance. Our results show that informational nudges are a promising direction for 20 

increasing enrollment in PRF. Additionally, we find that a subtle reminder framing PRF as a risk 21 

management tool seems to increase enrollment more than when it is framed as an investment. 22 

This suggests that education campaigns focusing on the risk mitigation benefits of crop insurance 23 
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by Cooperative Extension and/or crop insurance agents may increase enrollment and better align 1 

participant decisions with the goals of crop insurance programs.  2 

Our findings also suggest crop insurance companies and/or agent incentives may play a 3 

larger role in participant behavior than previously thought. Goodrich et al. (2020) document that 4 

observed PRF participation patterns in Nebraska and Kansas over time trended towards risk-5 

increasing behavior, yet our results show that producers with higher levels of risk aversion are 6 

more likely to enroll in PRF. Additionally, we find that participants who had enrolled in PRF in a 7 

prior year insured significantly less value into growing season (risk-reducing) months. If 8 

producers’ observed behaviors do not match their risk aversion preferences, this suggests a 9 

presence of some other influence on producer decisions. These findings highlight the need for 10 

further research on how crop insurance company and/or agent incentives may affect producer 11 

enrollment decisions across the entire FCIP.  12 

Our research provides a promising direction for future research at the intersection of 13 

behavioral economics, insurance demand and the FCIP. Rather than further subsidizing 14 

insurance, or re-designing insurance policies with narrow framing in mind as proposed by 15 

Dalhaus et al. (2020), we explore the potential for information campaigns to increase enrollment 16 

in crop insurance. Using this approach, policymakers may be able to align participant decisions 17 

with program incentives at a much lower cost to taxpayers.    18 

The remainder of the paper is as follows. First, we provide some background information 19 

regarding the PRF enrollment process and our experimental design. Next, we outline our 20 

empirical methodology and variables used in the analysis. Then, we discuss results of the 21 

information treatments, followed by a discussion of other variables that determine PRF 22 

enrollment. Finally, we conclude with comments on our findings and policy recommendations.  23 
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Experimental Simulation of PRF Enrollment 1 

PRF Background  2 

In 2007, RMA introduced the PRF insurance product to protect livestock and forage producers 3 

against forage loss caused by a shortage of rainfall. PRF is an area-based rainfall index insurance 4 

product, and in 2016 was made available in all 48 contiguous states. Rather than measuring 5 

farm-level forage production and losses, the product is based on a rainfall index calculated using 6 

the grid system developed by the National Oceanic and Atmospheric Administration Climate 7 

Prediction Center (NOAA CPC) data. Acreage is assigned to one or more grids measuring 0.25 8 

degrees in latitude and 0.25 degrees in longitude (or 17 x 17 miles). Indemnities are triggered 9 

when rainfall levels fall below the calculated index for the grid in which a producer’s acreage is 10 

located. Between 70 and 90 percent of average rainfall is guaranteed, depending on the coverage 11 

level selected by the participant. The opportunity to buy-up coverage is one factor that 12 

differentiates PRF from the USDA Farm Service Agency’s Noninsured Crop Disaster Assistance 13 

Program (NAP), for which livestock producers also qualify. To receive a NAP indemnity, 14 

catastrophic levels (losses exceeding 50 percent) of loss must occur to yield, inventory, or when 15 

prevented planting occurs due to natural disasters. Rather than catastrophic coverage, PRF covers 16 

losses that exceed 10 percent or more due to rainfall shortage, depending on the level of 17 

coverage selected. Producers can enroll in both PRF and NAP but if both program indemnities 18 

are triggered, producers may only accept an indemnity from one. 19 

Producers often learn about PRF through a crop insurance agent or through RMA-funded 20 

risk management extension education programs. To enroll in PRF, producers must make a series 21 

of decisions including type of forage production to insure (grazing or hay production), the 22 

number of acres to enroll, coverage level, irrigation practice, productivity factor, the index 23 

intervals to enroll, and the percent-of-value to assign in each interval. Index intervals are 24 
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available in two-month increments from January to December. Premiums are calculated 1 

separately for each index interval to account for variability in rainfall during that time period.  2 

PRF premiums are subsidized by the U.S. government, with subsidy levels (51%, 55% or 59%) 3 

varying based on the coverage level selected by the participant. 4 

Like other federal crop insurance policies, PRF premiums are set by the Federal Crop 5 

Insurance Corporation (FCIC). Through terms in Standard Reinsurance Agreements (SRA), the 6 

federal government and private crop insurance companies jointly underwrite policies in the FCIP 7 

(Smith et al., 2016). Producers must purchase their PRF insurance policy through a certified crop 8 

insurance agent, and agents allocate that policy back to a private insurance company. For 9 

assuming the policy risk, private insurance companies receive payments proportional to the total 10 

premiums collected (producer premiums plus premium subsidies).  11 

Experimental Design: Hypothetical PRF Enrollment 12 

In a framed field experiment using computer software developed by SoPHIELabs, 262 study 13 

participants engaged in a simulation of PRF enrollment decisions. To begin the experiment, each 14 

participant watched an informational video about PRF. The video was prepared by agricultural 15 

extension services and provided farmers with content that would usually be disseminated at an 16 

extension outreach event:1 the basics of PRF, policy decisions that must be made, enrollment 17 

deadlines and how to locate a crop insurance agent. Following the video, the participant 18 

answered survey questions about the nature of their operation and then made hypothetical 19 

enrollment decisions about PRF insurance. The decisions exactly mimicked those decisions 20 

producers would make during the actual enrollment process (coverage level2, acreage enrolled, 21 

interval of months insured, percent of value assigned to each interval). Participants provided the 22 

zip code for their largest hay or pasture acreage at the beginning of the survey, and the 23 

corresponding grid was accessed using the USDA RMA PRF Support Tool.3 Policy data from 24 
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the 2019 crop year (premiums, base value of acreage, and premium subsidies) were auto 1 

populated from USDA RMA’s Actuarial Information based on the participant’s actual operation 2 

and grid.  3 

In some cases, hypothetical decisions may be subject to hypothetical bias, where the 4 

participant states a value (or in this case a willingness to enroll) that is higher than the actual 5 

value that would be revealed in an incentive-compatible setting (Broadbent, 2012; Vossler et al., 6 

2012). Cheap talk is one mechanism to elicit responses as if the decision was framed by true 7 

incentives (Lusk, 2003; Murphy et al., 2005). In a cheap talk scenario, participants read a script 8 

that explicitly addresses hypothetical bias. Our study introduced a cheap talk script, based on 9 

Lusk (2003) and modified for our scenario, prior to the hypothetical enrollment decisions. 10 

Consequentiality – invoking a belief that hypothetical decisions have real implications for policy 11 

– is another mechanism shown to reduce hypothetical bias (Carson and Groves, 2007; Vossler 12 

and Evans, 2009; Herriges et al., 2010; Broadbent, 2012; Vossler et al., 2012; Vossler and 13 

Watson, 2013). Consequentiality is often introduced to contingent valuation and discrete choice 14 

experiments by including a question about the participant’s belief that the survey results will 15 

influence policy or a statement that the results will be shared with policymakers. We expand 16 

these approaches and invoke consequentiality by providing farmers with the option to receive a 17 

copy of their PRF enrollment decisions to share with a crop insurance agent after the study. In 18 

the analysis, we compare outcomes based on purely hypothetical decisions with outcomes based 19 

on decisions where participants selected the option to receive a summary of decisions (i.e. 20 

believed their decisions have consequence). 21 

After making PRF enrollment decisions, the participant engaged in an incentive-22 

compatible risk elicitation exercise where one in six participants was randomly selected to earn 23 
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real cash. The exercise followed Akay (2012), Eckel and Grossman (2008), and Holt and Laury 1 

(2002) (Figure 1). The participant then completed general survey questions about PRF 2 

experience and farm characteristics. At the end of the survey participants were asked if they were 3 

planning to enroll in PRF in the upcoming year, which we use as further comparison against 4 

hypothetical enrollment.  5 

All participants watched the same PRF video, answered survey questions, made 6 

enrollment choices, and engaged in the risk-elicitation activity. Upon logging into the experiment 7 

software, each participant was randomly assigned to one of two informational nudge treatments 8 

or to the control. The assigned informational nudge was displayed at the top of the PRF decision-9 

matrix screen where the treated participant made hypothetical decisions about the percent of 10 

value and two-month intervals he or she would be willing to enroll in PRF. The nudge was 11 

displayed for the duration of the participant’s decision-making process. Participants randomly 12 

assigned to the control group received no informational nudge (Figure 2). For treated 13 

participants, one of two randomly assigned messages was displayed above the PRF decision 14 

matrix (Figure 3 and Figure 4).  15 

Treatment 1 (forage loss) displayed in Figure 3 informed the participant about the months 16 

when precipitation is most important to avoid loss of forage growth. The forage loss nudge 17 

leverages producer knowledge of his or her own operation. During the initial survey questions, 18 

the participant was asked to identify the months when precipitation is most important to avoid 19 

loss of forage growth on his or her operation. The forage loss nudge populated with the 20 

participant’s response about perceived months that are most important for rainfall.4 For brevity, 21 

we refer to these as growing-season months (intervals). We acknowledge the limitation of this 22 
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self-reported nudge, however national data are not available on the correlation between forage 1 

loss and rainfall throughout the year at a regional or grid level. 2 

An individual assigned to treatment 2 (probability of payment) received a nudge 3 

informing him or her about the three intervals when the participant is most likely to receive an 4 

indemnity payment (Figure 4). The probability of payment was calculated using historic data on 5 

precipitation in the participant’s grid for each two-month interval. The probability of payment for 6 

a given grid and two-month interval is calculated as the proportion of years that the level of 7 

precipitation has fallen below the covered level of average historical precipitation, i.e., the 8 

number of years in which an indemnity payment would have been paid. Average historical 9 

precipitation is calculated over 70 years of precipitation data. Figure 5 and Figure 6 display box 10 

plots of the calculated probabilities of triggering indemnities by two-month interval across all 11 

U.S. grids at the 85% and 90% coverage levels, respectively. It is clear from these figures that on 12 

average, winter months, when rainfall presumably wouldn’t have an impact on forage growth in 13 

many areas, have a much higher likelihood of triggering an indemnity.  14 

Both informational nudges were designed to simulate conversations that may take place 15 

between the producer and his or her crop insurance agent. Many crop insurance companies 16 

market PRF using the idea behind the probability of payment nudge.5 They use software to find 17 

the month intervals with highest rainfall volatility that provide the highest probability of 18 

receiving a crop insurance indemnity from the PRF policy. Crop insurance agents may also use 19 

the forage loss nudge in an attempt to narrow down the number of index intervals that a producer 20 

must choose from, though we have no evidence of this being a marketing strategy. Namely, we 21 

investigate the role of information about forage loss compared to potential indemnity payments 22 

to understand how producers’ decisions change under different sets of information. 23 
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Hypotheses 1 

We hypothesize that exposure to an informational nudge (forage loss or probability of payout) 2 

will increase PRF enrollment compared to the control. Our secondary hypothesis predicts that the 3 

percentage of value placed in growing season months will vary by treatment, with the forage loss 4 

nudge garnering positive impacts on growing season month enrollment and the probability of 5 

payment nudge decreasing the percentage of value placed in growing-season intervals. Figure 5 6 

and Figure 6 support a key assumption on our  second hypothesis: that there is little intersection 7 

between growing season months and those with high probabilities of payment. 8 

Study sites 9 

Data for this experiment was collected at regional farm shows in the Southeast United States in 10 

October 2019 and the Northeast United States in February 2020. Participants were selected via 11 

convenience sampling. Eligible individuals included those who were at least 18 years of age and 12 

who self-reported as being the primary decision-maker of a livestock or hay operation. Our 13 

sample6 includes 155 farmers from the southeast region and 107 from the northeast region. 14 

Participants were compensated $20 in cash for their time spent taking the survey (approximately 15 

30 minutes).7 During the risk elicitation exercise the participant could earn up to an additional 16 

$40. 17 

Empirical Methodology 18 

Following Smith and Baquet (1996), we model the insurance decision as a two-step sample 19 

selection problem, where the participant first decides whether or not to enroll in PRF, and next 20 

decides how to allocate percentages of value across two-month intervals. The model takes the 21 

form:  22 

𝑌∗ =  𝑋𝛽 + 𝜖 (1) 
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𝑌 =  {
1 𝑤ℎ𝑒𝑛 𝑌∗ > 0
0 𝑤ℎ𝑒𝑛 𝑌∗ < 0

 (2) 

𝑃 =  𝑋1𝛽1 + 𝜇 (3) 

Y* is a latent variable, defined below, for the PRF enrollment decision, and P represents the 1 

percentage allocated into growing-season intervals which is only observed if the participant 2 

enrolls (Y=1). 𝜖 and 𝜇 are error terms; 𝜖 is assumed to be distributed normally with mean zero 3 

and standard deviation one and 𝐸[𝜇|𝜖] = 𝛾𝜖. The independent variables, X, in (1) include 4 

indicator variables for the two treatments, as well as the covariates described in Table 1. The 5 

independent variables in (3) include a subset of those in (1).  6 

 We provide three different specifications of the dependent variable, Y*, for the selection 7 

equation (1) as robustness checks because we are cognizant that hypothetical bias may arise in 8 

our design. The different specifications of the PRF enrollment decision impact whether or not the 9 

outcome variable in equation (3) (percentage allocation in growing-season intervals) is observed. 10 

In a real situation, if a producer chooses not to enroll in PRF, their percentage allocation decision 11 

would not be observed. The first specification of Y*, denoted as 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒, equals 1 when the 12 

participant indicates they would hypothetically purchase the insurance policy they explored, and 13 

0 if they would not purchase the insurance policy. The second specification of Y*, 14 

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑥 𝑆𝑢𝑚𝑚𝑎𝑟𝑦, invokes consequentiality on the hypothetical 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 decision. 15 

𝑆𝑢𝑚𝑚𝑎𝑟𝑦 equals 1 when the participant indicated they wished to receive a copy of their 16 

decisions to share with a crop insurance agent after the study, and 0 if they did not want a 17 

summary. Hence, 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑥 𝑆𝑢𝑚𝑚𝑎𝑟𝑦 will equal 1 when the participant is serious about 18 

talking to their crop insurance agent about a specific policy (i.e. the decision has consequence), 19 

and 0 otherwise. The third specification of Y*, 𝐸𝑛𝑟𝑜𝑙𝑙𝑁𝑒𝑥𝑡, equals 2 when the participant 20 

indicated they would enroll in PRF in the upcoming year, 1 when the participant indicated they 21 
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were unsure about enrollment, and 0 when the participant indicated they would not enroll in PRF 1 

in the upcoming year. The 𝐸𝑛𝑟𝑜𝑙𝑙𝑁𝑒𝑥𝑡 variable is based on a question asked near the end of the 2 

survey which did not refer to the specific policy the participant had explored. We model the third 3 

specification using an ordered probit regression to illustrate the enrollment decision, but this 4 

specification is not used in the sample selection model.8  5 

The dependent variable, P, in the outcome equation (3) is calculated as the sum of 6 

percentages placed into index intervals that overlapped with the grower’s stated important 7 

growing season months. For example, if the grower stated May, June and July were months 8 

when precipitation is most important to avoid loss of forage growth, the growing-season 9 

percentage would be the sum of values placed in April-May, May-June, June-July, July-August 10 

index intervals.  11 

We used the stats and MASS packages in R to estimate the probit and ordered probit 12 

models of the enrollment decision.  We used the sampleSelection package in R to simultaneously 13 

estimate the selection and outcome equations using maximum likelihood estimation. For all 14 

specifications, equations are estimated first without covariates, then with observable covariates 15 

to test model sensitivity.  16 

Results  17 

Table 2 displays summary statistics for the data.9 The average participant coefficient of constant 18 

relative risk aversion (CRRA) is 0.04, indicating that participants are close to risk neutral, on 19 

average. Average farm size is 270 acres of hay and pasture, and livestock and hay production 20 

accounts for 73 percent of farm income. The majority of our sample raises beef cattle, with dairy 21 

being our next largest category of producers. Only 47 percent of our sample was familiar with 22 

PRF prior to this study, and 8 percent had enrolled in PRF in a prior year. 84 percent of 23 

participants were not enrolled in other livestock insurance programs, and 79 percent of 24 
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participants were not enrolled in any other crop insurance programs, including the Noninsured 1 

Crop Disaster Assistance Program (NAP) which covers forage acreage. We find statistical 2 

balance of covariates across randomized treatment and control groups for all determinants except 3 

risk aversion and production type. A summary of covariate balance, obtained from the iebaltab 4 

test in STATA, can be found in Table A-1.  5 

Table 3 displays results of the probit and ordered probit selection regressions (equation 1) 6 

where the dependent variables are variations of the enrollment decision variables defined earlier. 7 

Table 4 displays average marginal effects for each treatment across the regressions. Models (1)-8 

(3) in Table 3 suggest that both treatments have a positive impact on enrollment, though only the 9 

forage loss nudge coefficient (and corresponding average marginal effect in Table 4 is 10 

statistically significant at the 5% level in the hypothetical 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 decision (model 1). When 11 

consequentiality is invoked (model 2) treatment effects are smaller and not statistically 12 

significant, which suggests the presence of hypothetical bias. Furthermore, we find no statistical 13 

evidence that either nudge impacts the likelihood that a participant states he/she will enroll in 14 

PRF in the upcoming year (Table 4, model 3). Regression results and marginal treatment effects 15 

for models without covariates are presented in Tables A-2 and A-3. The inclusion of covariates 16 

led to larger, statistically significant treatment effects. We suspect the change in impact is driven 17 

by the fact that our models with covariates control for the imbalance in levels of risk aversion 18 

and production type across treatments. 19 

Table 5 displays the results of the simultaneously estimated sample selection regressions 20 

(equations 1-3) using the 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 and 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑥 𝑆𝑢𝑚𝑚𝑎𝑟𝑦 specifications. Ordinary Least 21 

Squares (OLS) regressions of the treatment effects on percentage of value placed in the growing 22 

season intervals are presented in Table A-4.  𝜌 in Table 5 is the estimated correlation coefficient 23 
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between the error terms of the outcome and selection equations; the lack of statistical 1 

significance of 𝜌 suggests that OLS estimates do not suffer from significant bias. For both the 2 

hypothetical and consequential model, we find no statistical evidence that either nudge treatment 3 

impacts the percentage of value placed in growing-season intervals.  4 

Discussion 5 

The findings suggest that informational nudges about potential forage loss had a weakly positive 6 

effect on the PRF enrollment decision, but no discernable effect on the percentage allocated into 7 

growing season months. A possible explanation for the weak impact is that the nudge was simply 8 

insufficient to overcome choice overload. The nudge was displayed at the top of the enrollment 9 

page, which was designed as a reflection of the PRF online decision support tool (see Figures 2-10 

4). The participant faced multiple complex decisions while the nudge was displayed. A better 11 

approach may be to display an informational nudge on a standalone page, or to auto-populate 12 

suggested default allocations across the growing-season index intervals. 13 

Our hypothesis that a probability of payout nudge would result in farmers allocating a 14 

lower percentage of value to growing season months depended on the assumption that little to no 15 

overlap exists between growing season months and probability of payout. Upon comparing 16 

respondents’ stated important growing-season intervals with the high probability of payment 17 

intervals for their grid, we found that this assumption did not necessarily hold for our sample of 18 

participants. Only 30% of respondents had no overlap between the important growing-season 19 

and high-probability intervals, 52% had one interval that overlapped between the growing season 20 

and high probability of payment, and roughly 19% had two or more overlapping intervals. For 21 

70% of our respondents, the probability of payment nudge would have suggested at least one 22 

growing-season interval, so opposite of initially hypothesized, compared to the control the 23 

probability of payment nudge might actually increase the percentage of value placed into 24 
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growing-season months. These conflicting effects may contribute to the lack of impact we find 1 

on the probability of payout nudge effect on percent-of-value allocation to growing season 2 

months. 3 

Despite these experimental limitations, even weak significance of the nudges on 4 

enrollment shows that future research should explore the role of behavioral economics in crop 5 

insurance decisions. Differences in statistical significance and magnitude of treatment effects 6 

between the hypothetical choice (Table 4, model 1) and the consequential choice (Table 4, model 7 

2) suggests a presence of hypothetical bias. A strong extension of this research would verify our 8 

outcomes through an incentive-compatible experiment on PRF enrollment. 9 

The positive effect of the forage loss nudge on enrollment has many interesting 10 

implications for policymakers, extension educators and crop insurance agents. First of all, if the 11 

goals are to increase enrollment in this program and provide better risk management for livestock 12 

producers, USDA RMA and Cooperative Extension educators should engage in campaigns to 13 

explain the program while also engaging producers to recall when forage losses from rainfall are 14 

important on their operations.  In fact, this is one of the suggestions provided in the recent review 15 

of PRF (Coble et al., 2020). In past years, USDA RMA has offered funds to support crop 16 

insurance education through the Risk Management Education Partnership Program and Crop 17 

Insurance Education in Targeted States Program. Our research suggests these information 18 

campaigns may increase enrollment in under-enrolled regions or programs, especially if 19 

educators encourage producers to think about the risk management benefits of crop insurance on 20 

his/her farm.  21 

Many crop insurance agents market PRF using the idea behind the probability of payment 22 

nudge. This gives rise to the question: Why would agents market payout probabilities if 23 
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reminding producers of when precipitation is important for forage growth would result in higher 1 

enrollment? One answer is that crop insurance agents are simply not aware that forage loss 2 

nudges are a better approach, in which case our results suggest that crop insurance agents may 3 

have better luck enrolling participants by broadening the decision from that of a narrow frame, 4 

i.e., insurance is a one-time investment, to the wide frame, i.e., insurance has risk management 5 

benefits.  6 

Another possibility is that crop insurance agents are aware that emphasizing the risk 7 

management benefits of the program would result in more enrollment, but they choose the 8 

probability of payment strategy instead. The underlying incentives of PRF enrollment for crop 9 

insurance agents might make this a possibility. Since premiums are set by the FCIC, crop 10 

insurance companies cannot compete through lowering premiums, but they can compete through 11 

offering compensation to agents for providing customers with higher underwriting gains.  If the 12 

months with high probability of payment provide higher underwriting gains on average, it seems 13 

likely that insurance companies might provide compensation incentives to agents for enrolling 14 

participants in these months. Additionally, if insurance companies base crop insurance agent 15 

commissions on the total premiums collected, the months with the highest probability of an 16 

indemnity payment would have the highest premiums due to the actuarial fairness of the 17 

premiums. So enrolling producers interested in collecting an indemnity payment may be more 18 

profitable for the crop insurance agent and private insurance company than enrolling producers 19 

focused on the risk management aspects of the policy.  20 

Other Determinants of PRF Decisions 21 

Though it is not the primary goal of this paper, the effects of the covariates included in this 22 

analysis provide information regarding other characteristics that might impact the decisions to 23 

enroll in PRF and how to allocate percentages across index intervals. This is an area that has yet 24 
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to be studied for PRF and may be helpful for designing better policies for PRF participants or to 1 

attract non-participants. 2 

Table 4 displays the average marginal effects from covariates for regressions on 3 

enrollment decisions presented in Table 3. As one would expect, an increase in a participant’s 4 

level of risk aversion increases the likelihood of enrollment across all models, though is only 5 

statistically significant at the 10% level in the decision to enroll next year (model 3). An increase 6 

in CRRA decreases the likelihood that a participant will state he/she will not enroll in PRF (𝑦𝑖 =7 

0), while an increase in CRRA increases the likelihood the participant will be unsure (𝑦𝑖 = 1) or 8 

will enroll in PRF (𝑦𝑖 = 2). The average marginal effect of CRRA on the likelihood of being 9 

unsure (𝑦𝑖 = 1) is smaller than that of the likelihood of enrolling (𝑦𝑖 = 2). These results are 10 

consistent with other studies of insurance demand that have found a positive relationship 11 

between risk aversion and insurance enrollment (Jin et al. 2016, Petrolia et al. 2013; Menapace et 12 

al. 2016; Simon and Fiorentino, 2014). 13 

Just et al. (1999) and Goodwin (1993) suggest that risk aversion has little impact on crop 14 

insurance decisions in the U.S. Similarly, Goodrich et al. 2020 found that observed PRF 15 

participation patterns in Nebraska and Kansas have trended towards risk-increasing behavior 16 

over time. Our finding that risk aversion increases the likelihood of enrollment in PRF seems to 17 

contradict these ideas and suggests that crop insurance agents may be influencing PRF 18 

participants to make decisions that are misaligned with their risk preferences or are seeking to 19 

enroll participants with low risk aversion. This indicates policies surrounding the implementation 20 

of the PRF program need to be investigated and potentially altered to better serve the needs of 21 

producers. More research should be done on the influence of the crop insurance agent on PRF 22 

enrollment and policy decisions.  23 
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The average marginal effect of being enrolled in PRF in a prior year is positive, though 1 

only statistically significant at the 1% level in the decision to enroll next year (model 3). The 2 

average marginal effects from the ordered probit show that being enrolled in a previous year 3 

increases the likelihood of enrolling in the following year (𝑦𝑖 = 2), while decreasing the 4 

likelihood that the participant will be unsure (𝑦𝑖 = 1) or will not enroll in the following year 5 

(𝑦𝑖 = 0). This is consistent with previous studies of insurance demand which have found a 6 

“loyalty effect” in that once participants are entered in the insurance, they are more likely to 7 

continue (Enjolras and Sentis, 2011; Uzea et al 2014a, 2014b). This should be especially true for 8 

the PRF program given enrollment is automatic until the producer elects to terminate (USDA 9 

RMA, 2019). 10 

Compared to NAP participants, those who were not enrolled in other crop insurance 11 

programs or were enrolled in yield or revenue crop insurance programs were less likely to enroll 12 

in PRF, though this was only statistically significant (1%) in the hypothetical enrollment decision 13 

(model 1). Those who had enrolled in other livestock programs within the last ten years were 14 

more likely to enroll in PRF under the hypothetical and consequential decisions (model 1 and 15 

model 2). Livestock insurance participation within the last ten years did not have a statistically 16 

significant effect on enrollment. This is likely due to conflicting effects on enrollment. On one 17 

hand the farmer may view other livestock insurance programs as a substitute for PRF, while 18 

familiarity with other insurance programs may have increased PRF participation.  19 

As the proportion of farm income coming from hay and/or livestock production 20 

increased, the participant was more likely to enroll across all models (statistically significant at 21 

10%). This finding is consistent with prior research that farms with higher risk exposure are 22 

more likely to enroll in insurance (Coble et al. 1996; Lefebvre et al. 2014). As the percentage of 23 
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hay sold out of total hay production and purchased increased, the likelihood of enrollment 1 

decreased across all models (statistically significant at 10%).  For livestock producers, any hay 2 

sold is likely in excess of what is needed to feed livestock, so the higher percentage of hay sold, 3 

the lower the risk of forage loss to the livestock operation and consequently these producers 4 

would have a lower need for insurance.  5 

In comparison to beef cattle producers, other livestock producers, e.g., sheep and goat 6 

producers, were more likely to state they would purchase the policy (model 1) (significant at the 7 

1% level), though this significance did not carry over into the other regressions. In fact, model 3 8 

shows that other livestock producers were less likely to state they would enroll in the coming 9 

year (𝑦𝑖 = 2). This suggests other livestock producers displayed more hypothetical bias in their 10 

decisions. Other livestock producers may be more likely to be hobby producers with less 11 

profitable interest in their livestock operation, which may partially explain this issue. Hay 12 

producers who had no livestock were more likely than beef producers to participate in PRF in the 13 

consequential 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑥 𝑆𝑢𝑚𝑚𝑎𝑟𝑦 decision (model 2) and in the ordered probit model on 14 

𝐸𝑛𝑟𝑜𝑙𝑙𝑁𝑒𝑥𝑡 (model 3). This makes sense given the insurance is most relevant to their income 15 

stream and thus mimicks traditional yield and revenue crop insurance programs with which 16 

farmers are familiar. Dairy production had no significant effects on enrollment when compared 17 

with beef production. Dairy producers have regularly had access to other insurance programs in 18 

the past, e.g., Dairy Margin Coverage program and Margin Protection Program (MPP), which 19 

may be viewed as substitutes for PRF.  20 

If the PRF policy pertained to the participant’s hay operation, the participant was less 21 

likely to enroll. This average marginal effect was statistically significant in models 1 and 3 22 

though not in model 2. Hay acreage has a higher base value than pastureland, and therefore 23 
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higher insurance premiums. Cabas et al (2008) find increases in premiums decrease the number 1 

of entrants in crop insurance contracts, thus our finding may reflect producers’ aversion to large 2 

premiums.  3 

Other covariates associated with farm characteristics, i.e., farm income category, whether 4 

the operation is full or part-time, the proportion of pasture and hay acreage that is rented, the 5 

total number of pasture/hay acreage and the number of years of experience did not have any 6 

statistically significant impacts on the participant’s decision to enroll.  7 

In terms of the factors influencing the percentage allocation into growing-season 8 

intervals, the only statistically significant coefficients in Table 5 were those associated with prior 9 

PRF enrollment and being enrolled in other crop or livestock insurance products. Being enrolled 10 

in PRF in a prior year actually decreased the percentage allocated to the growing season months, 11 

while similarly, being enrolled in other crop and livestock insurance decreased the percentage 12 

allocated to the growing season months. The prior enrollment finding supports the finding by 13 

Goodrich et al. (2020) that over time, producer enrollment in PRF has trended towards insuring 14 

non-growing season months, and again suggests the influence of the crop insurance agents’ 15 

probability of payment strategy. The other two negative relationships suggest producers enrolled 16 

in FCIC programs may be trained to consider these decisions from a narrow frame. Both crop 17 

insurance agent education and a change in agent incentives may be necessary to improve the 18 

effectiveness of PRF as a risk management tool.  19 

Conclusion 20 

PRF is one of few risk management options available to livestock and forage producers. Despite 21 

federal subsidization of premiums and widespread eligibility of pasture and hay land, enrollment 22 

in PRF remains low. Potential barriers to enrollment include a lack of awareness about the 23 

program or a feeling of “choice overload” due to the complexity of the program. This study 24 
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investigates whether informational nudges offset these barriers to enrollment and direct 1 

producers toward better risk management choices.  2 

In a framed field experiment mimicking PRF enrollment decisions, we randomly assign 3 

livestock producers to one of two informational nudge treatments or the control. Drawing on 4 

prospect theory, the first informational nudge (forage loss) widely frames PRF as a risk 5 

management decision. The nudge leverages self-reported data to remind producers of the three 6 

months that are most important for rainfall to occur to avoid forage loss. The second 7 

informational nudge (probability of payment) narrowly frames PRF as a one-time investment – 8 

participants were informed of the three intervals when an indemnity payment is most likely to 9 

occur based on historical rainfall data. Our findings reveal weakly positive effects of the 10 

informational nudges on the decision to enroll, primarily driven by the forage loss treatment. 11 

Framing PRF as a risk management decision increases the likelihood that a participant will 12 

enroll, whereas framing PRF as a one-time investment has little to no effect on enrollment. We 13 

find no impacts of the nudges on the decision to allocate percentage of coverage value into 14 

growing season intervals, though future research might explore stronger nudges.  15 

These findings are significant to policymakers, crop insurance agents, and risk 16 

management educators. Anecdotal evidence suggests that crop insurance agents often present 17 

PRF in the narrow frame, highlighting potential payoffs. By contrast, our results show a wider 18 

frame may be more effective towards incentivizing enrollment. A comparison between the 19 

forage loss and probability of payment nudges should be made with caution, however, since the 20 

former relies on self-reported data whereas the latter is calculated using external data. A stronger 21 

conclusion could be made if national data were available on the correlation between forage loss 22 

and rainfall throughout the year at a regional or grid level. We recommend this as an area for 23 
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future research. Despite its limitations, this experiment provides evidence that USDA RMA, 1 

Cooperative Extension educators, and crop insurance agents could increase enrollment in PRF by 2 

encouraging producers to reflect on the months when rainfall is most important to avoid forage 3 

loss on their operations. 4 

In addition to examining the role of informational nudges, our study is among the first to 5 

offer insight on the determinants of PRF enrollment. Of particular note is the finding that 6 

producers’ likelihood of enrolling in PRF increases as risk aversion increases, which contradicts 7 

findings by Goodrich et al. (2020) who observed risk-increasing behavior in PRF participation 8 

patterns. Additionally, we find that prior enrollment in PRF and other FCIC programs actually 9 

decrease the percentage allocated to risk-reducing intervals. Similarly, previous research has 10 

found little impact of risk aversion on decisions in traditional crop insurance programs (Just et al. 11 

1999; Goodwin 1993). Further research should explore the role of agents in crop insurance 12 

decisions.   13 

The estimated average marginal effects on other covariates, which correspond to findings 14 

from previous literature, suggest livestock producers behave as rational risk managers. Previous 15 

enrollment in PRF and familiarity with other livestock programs increase the likelihood that a 16 

producer enrolls in PRF. Farms with higher exposure to risk of low rainfall (a higher proportion 17 

of farm income is sourced from hay or livestock production) are more inclined to participate in 18 

PRF. Producers are less likely to enroll in PRF if hay production is in surplus and hence the 19 

operation has a lower need to insure forage as an input to livestock production. Producers are 20 

less likely to enroll hay acreage in PRF compared to pastureland, which may reflect a resistance 21 

to higher premiums on hay acreage. These findings provide insight on contributing factors for 22 

producer enrollment in PRF, a question which was previously underexplored.  23 
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Despite efforts to mitigate hypothetical bias in this study through a cheap talk script, the 1 

variation in our results across models suggest some hypothetical bias was present in producer 2 

decision-making. Treatment effects of the forage loss nudge fail to persist when the decision is 3 

consequential (i.e. the producer plans to share his/her summary of decisions with a crop 4 

insurance agent) or when the decision pertains to PRF enrollment in the coming year. 5 

Interestingly, we also observe higher incidence of hypothetical bias among “other” livestock 6 

producers (e.g. sheep and goats) compared to beef producers; we find other livestock producers 7 

are more likely to enroll in PRF than beef producers when making a hypothetical choice, but the 8 

decision to enroll does not carry over to the consequential and future enrollment decisions. A 9 

critical area for future research on behavioral nudges and risk management decisions would 10 

involve incentive-compatible experiments. Given our limited funding, a stated preference 11 

approach allowed us to conduct a preliminary investigation on nudges and PRF enrollment. 12 

While an incentive-compatible revealed preference framework requires more resources (i.e. 13 

higher participant compensation), the outcomes would provide evidence that is free of 14 

hypothetical bias and better grounded in a real-life scenario.   15 

Our findings and recommendations for future research reach further than PRF to the U.S. 16 

FCIP in general. We find that broadening producers’ frame of reference through a reminder that 17 

crop insurance is a risk management tool as opposed to a one-time investment could increase 18 

enrollment. Our results show this is possible for PRF, but future research could apply this to 19 

other crops and perhaps test implications of the nudge or other behavioral mechanisms, such as 20 

default enrollment, alongside decreased premium subsidies. As suggested by Du et al. (2017) 21 

implementing these information campaigns might be a lower cost way to increase demand for 22 

crop insurance rather than increasing subsidies or changing crop insurance policy altogether. 23 
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Figure 1 Screen Shot of Risk Elicitation Exercise in Survey 1 

2 
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Figure 2 Screen Shot of PRF Decision Matrix in Survey, Control 1 

 2 
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Figure 3 Screen Shot of PRF Decision Matrix in Survey, Treatment 1 Forage Loss 1 

 2 
Note: The 50% in March-April and 50% in May-June were input by the authors to show the display when a participant had 3 
entered values. All entries were 0 when the participant entered the screen as in Figure 2 and Figure 4.  4 
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Figure 4 Screen Shot of PRF Decision Matrix in Survey, Treatment 2 Probability of Payment 1 

 2 
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Figure 5 Box plots of probabilities of triggering PRF indemnities by index interval, All U.S. 1 

grids 85% Coverage level 2 

 3 

Note: =average 4 

 5 
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Figure 6 Box plots of probabilities of triggering PRF indemnities by index interval, All U.S. 1 

grids 90% coverage level 2 

 3 

Note: =average 4 

 5 
 6 
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Table 1. Description and Values of Covariates 1 

Covariate Description Values 

Risk aversion Constant relative risk aversion (CRRA) 

measured through a risk elicitation exercise 

with real payouts following Akay (2012), 

Eckel and Grossman (2008), and Holt and 

Laury (2002). Participants choose between 

a certain bet with a small payoff and a risky 

bet with a large payoff (Figure 1).  

CRRA values calculated by the 

certainty-equivalent mid-point value 

at which a participant decided to 

switch from the sure payoff to the 

lottery.  

Possible CRRA values: 

-0.4, -0.2, -0.1, -0.03, 0.03, 0.1, 

0.17, 0.24, 0.3, and 0.4 

Production type  Binary variable indicating whether the 

observation pertains to the participant’s hay 

or grazing operation 

Indicator variable equal to 1 for hay 

and 0 for grazing 

Acres  Continuous variable equal to the 

participants’ total number of acres 

dedicated to pasture land and hay 

production 

Number of acres 

Rent  Proportion of hay and pasture acreage that 

the producer rents from a landowner versus 

owning his or her self  

Proportion calculated as the number 

of hay and pasture acres rented 

divided by the total number of hay 

and pasture acres 

Farm income  Integer ranging from 1 to 7 representing the 

participants’ agricultural gross sales in 

2018 

Gross Sales Categories:  

(1) <$5,000 

(2) $5,000-$9,999 

(3) $10,000-$24,999 

(4) $25,000-$49,999 

(5) $50,000-$99,999 

(6) $100,000-$249,999 

(7) >$250,000 

ProportionLivestock  Proportion of total farm income coming 

from livestock and hay production 

Proportion calculated as the sum of 

the proportion of total farm income 

from livestock and the proportion of 

total farm income from hay 

LivestockType1  Categorical variable representing the type 

of livestock raised 

Categories:  

(1) beef cattle 

(2) dairy cattle 

(3) hay production only 

(4) other types of livestock, 

e.g., sheep, goats, horses  

Proportion Hay Sold  Proportion of hay sold off-farm vs. used on 

farm 

Proportion calculated as the amount 

of hay sold divided by the sum of 

hay produced and hay purchased 

Experience Continuous variable equal to the number of 

years the participant has been farming 

Number of years 

PRFprior Binary variable indicating whether the 

participant had enrolled in PRF in a 

previous year 

Indicator variable equal to 1 if the 

participant had enrolled in PRF in 

previous years and 0 otherwise 

2 
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Table 1, Continued  1 

Covariate Description Values 

Familiar Binary variable indicating whether the 

participant had heard of PRF prior to this 

experiment 

Indicator variable equal to 1 if the 

participant had heard about PRF 

prior to the experiment and 0 

otherwise  

OtherInsurance2 Categorical variable indicating other crop 

insurance programs in which the participant 

is enrolled. 

Categories:  

(1) NAP 

(2) Yield or Revenue protection 

for field or specialty crops  

(3) Not enrolled in any other 

insurance programs 

OtherLivestockInsurance Binary variable indicating if the participant 

has previously enrolled in other insurance 

programs offered for livestock producers by 

USDA RMA. The programs include: 

Livestock Risk Protection (LRP), Livestock 

Gross Margin Insurance (LGM), Margin 

Protection Program for Dairy (MPP-Dairy), 

or Dairy Revenue Protection (Dairy-RP) 

Indicator variable equal to 1 if the 

participant had enrolled within the 

last 10 years in any of the insurance 

programs and 0 otherwise 

OtherLivestockPrograms Binary variable indicating if the participant 

has previously participated in any USDA 

livestock disaster programs. These 

programs include: Livestock Indemnity 

Program (LIP), Livestock Forage Disaster 

Program (LFP), Emergency Assistance for 

Livestock, Honey Bees, and Farm Raised 

Fish (ELAP).   

Indicator variable equal to 1 if the 

participant had enrolled within the 

last 10 years in any of the disaster 

programs and 0 otherwise 

Fulltime Binary variable indicating whether the 

participant identifies as a full-time or part-

time farmer 

Indicator variable equal to 1 if the 

participant identifies as a full-time 

farmer and 0 otherwise 

Notes:  2 
Denotes reference category in regression 3 
1Some producers had both beef and dairy cattle, these producers were put in the dairy category for 4 
LivestockType. 5 
2Some producers enrolled in NAP and Yield or Revenue protection for field or specialty crops, these producers 6 
were put into the Yield or Revenue protection category for OtherInsurance. 7 
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Table 2 Summary Statistics 1 

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max 

Purchase Yes 261 0.58 0.49 0.00 0.00 1.00 1.00 

Send Summary 262 0.53 0.50 0 0 1 1 

Enroll Next Year 257 0.84 0.72 0.00 0.00 1.00 2.00 

Treatment 262 0.99 0.81 0 0 2 2 

Risk Aversion 258 0.04 0.23 -0.40 -0.10 0.24 0.40 

Production Type: Hay vs Graze 262 0.50 0.50 0 0 1 1 

Acres (in 1000s) 258 0.27 0.38 0.002 0.06 0.30 3.56 

Rent 258 0.31 0.35 0.00 0.00 0.59 1.00 

Farm Income Category 255 3.68 1.92 1.00 2.00 5.00 7.00 

Proportion Livestock Income 255 0.73 0.36 0.00 0.40 1.00 1.00 

Proportion Hay Sold 258 0.23 0.33 0.00 0.00 0.41 1.00 

PRF Prior 262 0.08 0.28 0 0 0 1 

Familiar 262 0.47 0.50 0 0 1 1 

Other Livestock Insurance 262 0.16 0.36 0 0 0 1 

Other Livestock Programs 262 0.17 0.37 0 0 0 1 

Fulltime 262 0.34 0.47 0 0 1 1 

Experience 258 23.74 16.03 1.00 10.00 35.00 66.00 

Primary Livestock: Beef 262 0.76 0.43 0 1 1 1 

Primary Livestock: Dairy 262 0.12 0.33 0 0 0 1 

Primary Livestock: Hay Only 262 0.08 0.27 0 0 0 1 

Primary Livestock: Other 262 0.05 0.21 0 0 0 1 

Other Insurance: NAP 257 0.05 0.23 0.00 0.00 0.00 1.00 

Other Insurance: Not Enrolled 257 0.79 0.41 0.00 1.00 1.00 1.00 

Other Insurance: Yield or Revenue 257 0.15 0.36 0.00 0.00 0.00 1.00 

Note: Enroll next year values: 0=No, 1=Unsure, 2=Yes 2 
 3 
 4 
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Table 3 Probit Regressions of Enrollment Decisions on Treatments and Covariates 1 

 Purchase 

Yes 

Purchase Yes x Send 

Summary 

Enroll Next 

Year 
 probit probit ordered probit 
 (1) (2) (3) 

T1: Forage Loss 0.44** (0.22) 0.09 (0.22) 0.23 (0.19) 

T2: Prob of Payout 0.22 (0.23) 0.15 (0.23) 0.03 (0.20) 

Risk Aversion 0.40 (0.42) 0.30 (0.42) 0.69* (0.36) 

Production Type: Hay vs Graze 
-0.59** 

(0.23) 
-0.34 (0.23) -0.43** (0.20) 

Acres (in 1000s) -0.07 (0.27) -0.36 (0.27) -0.14 (0.22) 

Rent 0.03 (0.27) 0.38 (0.27) -0.14 (0.24) 

Farm Income Category 0.11 (0.07) 0.10 (0.07) 0.09 (0.06) 

Proportion Livestock Income 0.46* (0.27) 0.68** (0.27) 0.82*** (0.24) 

Primary Livestock: Dairy 0.02 (0.35) 0.02 (0.37) -0.35 (0.30) 

Primary Livestock: Hay 0.27 (0.42) 0.67 (0.41) 0.68* (0.36) 

Primary Livestock: Other 1.23** (0.55) 0.54 (0.47) -0.60 (0.43) 

Proportion Hay Sold 
-0.74** 

(0.33) 
-0.60* (0.34) -0.97*** (0.29) 

PRF Prior 0.41 (0.41) 0.27 (0.37) 1.74*** (0.38) 

Failmiar 0.05 (0.20) 0.16 (0.20) 0.09 (0.17) 

Other Crop Insurance: Not Enrolled 
-1.12** 

(0.52) 
-0.26 (0.48) -0.21 (0.41) 

Other Crop Insurance: Yield or 

Revenue 

-1.22** 

(0.54) 
-0.27 (0.50) -0.08 (0.43) 

Other Livestock Insurance -0.51 (0.33) -0.15 (0.32) -0.27 (0.28) 

Other Livestock Programs 0.69** (0.30) 0.65** (0.28) 0.20 (0.25) 

Fulltime 0.23 (0.24) 0.01 (0.24) 0.31 (0.21) 

Experience -0.01 (0.01) 0.004 (0.01) -0.004 (0.01) 

0| 1   -0.34 (0.60) 

1| 2   1.28** (0.60) 

Constant 1.08 (0.72) -0.30 (0.69)  

State Fixed Effects Yes Yes Yes 

Observations 253 253 253 

Log Likelihood -139.41 -139.26 -212.86 

Akaike Inf. Crit. 348.82 348.53 497.72 

Note:*p<0.10;**p<0.05;***p<0.01 Enroll next year values: 0=No, 1=Unsure, 2=Yes 
2 
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Table 4 Average Marginal Effects of Treatments on Enrollment Decisions 1 

 
Purchase 

Yes 

Purchase Yes x 

Send Summary 
Enroll Next Year 

 (1) (2)  (3)   

Variable   P(Y=0) P(Y=1) P(Y=2) 

T1: Forage Loss 0.14* * 0.029 -0.067 0.022 0.045 

T2: Prob of Payout 0.068 0.046 -0.0099 0.0035 0.0064 

Risk Aversion 0.12 0.093 -0.21* 0.074* 0.13* 

PRF Prior 0.13 0.083 -0.33* * * -0.18* * 0.52* * * 

Familiar 0.016 0.049 -0.026 0.0093 0.017 

Farm Income Category 0.033 0.03 -0.028 0.01 0.018 

Fulltime 0.073 0.0023 -0.093 0.03 0.063 

Other Crop Insurance: Not 

Enrolled 
-0.29* * * -0.082 0.063 -0.02 -0.044 

Other Crop Insurance: Yield 

or Revenue 
-0.32* * * -0.086 0.024 -0.009 -0.015 

Other Livestock Insurance -0.16 -0.048 0.082 -0.034 -0.048 

Other Livestock Programs 0.22* * 0.2* * -0.058 0.018 0.04 

Primary Livestock: Dairy 0.006 0.0053 0.11 -0.048 -0.061 

Primary Livestock: Hay 0.085 0.21* -0.18* * 0.021 0.16* 

Primary Livestock: Other 0.32* * * 0.17 0.19 -0.097 -0.092* 

Production Type: Hay vs 

Graze 
-0.18* * * -0.11 0.13* * -0.047* * -0.083* * 

Proportion Livestock Income 0.14* 0.14* * * * -0.25* * * 0.088* * * 0.16* * * 

Proportion Hay Sold -0.23* * -0.19* 0.29* * * -0.1* * * -0.19* * * 

Rent 0.0088 0.12 0.041 -0.015 -0.026 

Acres (in 1000s) -0.022 -0.11 0.042 -0.015 -0.027 

Experience -0.0016 0.0011 0.0012 -0.00042 -0.00074 
 

Note: *p<0.10;**p<0.05;***p<0.01 2 
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Table 5 Sample Selection Regressions on Percent Allocated to Growing Season Months 1 

 Percentage in Growing Season Months 

Selection Equation 

(Table 3 Probit Regressions of 

Enrollment Decisions on Treatments 

and Covariates) 

Purchase Yes Purchase Yes x Send Summary 

 (1) (2) 

T1: Forage Loss -5.018 -11.101 
 (5.668) (7.203) 

T2: Prob of Payout 1.305 -7.760 
 (5.537) (7.560) 

Risk Aversion -13.942 -6.286 
 (9.428) (14.210) 

Production Type: Hay vs Graze 8.021 5.100 
 (5.667) (5.760) 

PRF Prior -15.559** -19.827* 
 (7.791) (10.397) 

Familiar -0.266 6.270 
 (4.593) (5.534) 

Other Crop Insurance: Not Enrolled -7.668 -16.918 
 (10.481) (11.762) 

Other Crop Insurance: Yield or Revenue -16.028 -27.228** 
 (10.423) (12.771) 

Other Livestock Insurance -15.485** -10.600 
 (6.852) (7.508) 

Other Livestock Programs 6.085 0.271 
 (6.076) (8.513) 

Constant 76.267*** 95.083*** 
 (10.525) (25.565) 

Observations 253 253 

Log Likelihood -818.032 -805.683 

𝜌 0.144 (0.444) -0.327 (0.943) 

Note:*p<0.10;**p<0.05;***p<0.01 

2 
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Appendix A. Supplementary Tables 1 

 2 

Table A-1 Balance Checks 3 

 (1) 

Control 

(2) (3) t-test t-test t-test 

 
Treatment 1 Treatment 2 

Differenc

e 

Differenc

e 
Difference 

Variable N Mean/(SE) N Mean/(SE) N Mean/(SE) (1)-(2) (1)-(3) (2)-(3) 

Risk Aversion 85 0.082 91 0.019 82 0.017 0.063* 0.064* 0.002 

  (0.023)  (0.026)  (0.026)    
Production Type 87 0.529 91 0.560 84 0.417 -0.032 0.112 0.144* 

  (0.054)  (0.052)  (0.054)    
Acres 85 0.248 91 0.268 82 0.288 -0.020 -0.040 -0.020 

  (0.036)  (0.036)  (0.053)    
Rent 85 0.292 91 0.320 82 0.310 -0.028 -0.018 0.010 

  (0.037)  (0.039)  (0.036)    
Farm Income Category 84 3.940 90 3.567 81 3.543 0.374 0.397 0.023 

  (0.222)  (0.208)  (0.191)    
Proportion Livestock 

Income 84 0.706 90 0.745 81 0.735 -0.039 -0.029 0.010 

  (0.040)  (0.037)  (0.039)    
Primary Livestock 87 1.529 91 1.473 84 1.321 0.056 0.207 0.151 

  (0.101)  (0.095)  (0.090)    
Proportion Hay Sold 85 0.212 90 0.248 83 0.233 -0.036 -0.021 0.015 

  (0.033)  (0.037)  (0.038)    
PRF Prior 87 0.080 91 0.110 84 0.060 -0.029 0.021 0.050 

  (0.029)  (0.033)  (0.026)    
Familiar 87 0.402 91 0.484 84 0.524 -0.081 -0.122 -0.040 

  (0.053)  (0.053)  (0.055)    
Other Insurance 85 2.129 91 2.088 81 2.074 0.041 0.055 0.014 

  (0.052)  (0.043)  (0.049)    
 4 
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Table A-1, continued 1 

Other Livestock Insurance 87 0.195 91 0.143 84 0.131 0.053 0.064 0.012 

  (0.043)  (0.037)  (0.037)    
Other Livestock Programs 87 0.195 91 0.154 84 0.155 0.042 0.041 -0.001 

  (0.043)  (0.038)  (0.040)    
Fulltime 87 0.345 91 0.374 84 0.298 -0.029 0.047 0.076 

  (0.051)  (0.051)  (0.050)    
Experience 86 23.302 91 22.308 81 25.827 0.995 -2.525 -3.519 

  (1.683)  (1.653)  (1.859)    
State Fixed Effects 87 6.368 91 6.484 84 6.357 -0.116 0.011 0.126 

    (0.441)   (0.421)   (0.462)       

The value displayed for t-tests are the differences in the means across the groups. 

Note: *p<0.10; **p<0.05; ***p<0.01 

 2 
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Table A-2 Probit Regressions of Enrollment Decisions on Treatments, No covariates 1 

 Purchase Yes Purchase Yes x Send Summary Enroll Next Year 
 probit probit ordered probit 
 (1) (2) (3) 

T1: Forage Loss 0.22 (0.19) 0.05 (0.19) 0.11 (0.17) 

T2: Prob of Payout 0.16 (0.20) 0.15 (0.20) -0.04 (0.17) 

0| 1   -0.35*** (0.13) 

1| 2   0.90*** (0.14) 

Constant 0.08 (0.14) -0.29** (0.14)  

Observations 253 253 253 

Log Likelihood -171.32 -171.04 -263.07 

Akaike Inf. Crit. 348.64 348.07 534.14 

Note: *p<0.10; **p<0.05; ***p<0.01 

2 
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Table A-3 Average Marginal Effects, Models without Covariates 1 

 
Purchase 

Yes 

Purchase Yes x Send 

Summary 
Enroll Next Year 

 (1) (2) (3) 

   P(Y=0) P(Y=1) P(Y=2) 

T1: Forage Loss 0.088 0.019 -0.039 0.010 0.029 

T2: Prob of 

Payout 
0.062 0.059 0.016 -0.005 -0.012 

Note: *p<0.10; **p<0.05; ***p<0.01 2 
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Table A-4 OLS Regressions on Percent-of-Value Allocations 1 

 Percentage in Growing Season Months 

Observed when: Purchase Yes=1 
Purchase Yes x Send 

Summary=1 
 (1) (2) (3) (4) 

T1: Forage Loss -3.783 -5.827 -7.744 -10.596* 
 (5.193) (5.145) (6.247) (6.277) 

T2: Prob of Payout 1.634 1.343 -4.092 -6.223 
 (5.406) (5.371) (6.401) (6.478) 

Risk Aversion  -14.022  -3.963 
  (8.917)  (11.212) 

Production Type: Hay vs Graze  9.731**  5.510 
  (4.595)  (5.707) 

PRF Prior  -15.289**  -17.271* 
  (7.394)  (8.807) 

Familiar  -0.199  5.963 
  (4.595)  (5.594) 

Other Crop Insurance: Not 

Enrolled 

 -4.815  -15.242 
 (9.017)  (11.099) 

Other Crop Insurance: Yield or 

Revenue 

 -14.557  -23.014** 
 (9.520)  (11.608) 

Other Livestock Insurance  -14.505**  -11.999 
  (6.411)  (7.347) 

Other Livestock Programs  4.413  1.553 
  (5.505)  (6.419) 

Constant 68.783*** 75.204*** 69.744*** 85.502*** 
 (3.863) (10.445) (4.602) (13.092) 

Observations 151 151 140 140 

R2 0.008 0.133 0.011 0.110 

Adjusted R2 -0.005 0.071 -0.003 0.041 

Residual Std. Error 
26.201 (df 

= 148) 
25.180 (df = 140) 

30.175 (df = 

137) 

29.501 (df = 

129) 

F Statistic 
0.597 (df 

= 2; 148) 
2.154** (df = 10; 140) 

0.769 (df = 

2; 137) 

1.594 (df = 

10; 129) 

Note:*p<0.10; **p<0.05; ***p<0.01 
2 
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Table A-5 Sample Selection Regressions, No Covariates 1 

 Percentage in Growing Season Months 

Selection Equation 

(Table A-2) 
Purchase Yes Purchase Yes x Send Summary 

 (1) (2) 

T1: Forage Loss -3.191 -7.343 
 (5.405) (6.390) 

T2: Prob of Payout 1.611 -4.167 
 (5.574) (6.500) 

Constant 66.219*** 68.608*** 
 (6.348) (9.324) 

Observations 253 253 

Log Likelihood -827.581 -813.388 

𝜌 0.193 (0.295) 0.066 (0.389) 

Note: *p<0.10; **p<0.05; ***p<0.01 

2 
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Appendix B. Experiment Instructions 1 

Instructions to Participant 2 

In the next section, we are going to ask you to make decisions about PRF enrollment for your 3 

hay or pasture land. Please think specifically about your largest hay or pasture acreage when 4 

making your decisions about PRF enrollment. 5 

 6 

As you make decisions, premium rates for your selection will be displayed. The premium rates 7 

come directly from USDA RMA and are specific to your grid. 8 

 9 

Please note: your PRF enrollment decisions are hypothetical. You will not be enrolled in PRF 10 

today. However, you should make decisions according to your actual decisions for your op 11 

Please read the following statement before answering the next set of survey questions.  12 

 13 

Cheap Talk Script 14 

In a moment, we will ask you to make decisions about enrolling different months in PRF at the 15 

calculated premium rates. However, before you answer these questions, we would like you to 16 

read the following information. 17 

 18 

In a recent study, several people were asked whether they would enroll in an insurance product 19 

similar to PRF. The decision was hypothetical for these people, as it will be for you. No one 20 

actually had to pay money when they indicated a particular choice. The results of this study were 21 

that over 80% of people said they would enroll in the insurance product. However, when a crop 22 

insurance agent offered the same product, but where payment was real and people really did 23 

have to pay money if they decided to enroll in the program, the results were that 43% of people 24 

actually enrolled. That’s quite a difference, isn’t it?  25 

 26 

We call this “hypothetical bias.” Hypothetical bias is the difference that we continually see in the 27 

way people respond to hypothetical questions as compared to real situations.  28 

 29 

How can we get people to think about their enrollment decisions in a hypothetical question in the 30 

same way they would think when speaking to their crop insurance agent, where if they decide to 31 

enroll they would actually have to pay the premium?   32 

 33 

How do we get them to think about what it means to really dig into their pocket and pay money, 34 

if in fact they really aren’t going to do it?  35 

 36 

Let me tell you why I think that we continually see this hypothetical bias, why people behave 37 

differently in a hypothetical setting than in an enrollment scenario. I think that when we say that 38 

we will enroll in a program at a particular premium in a hypothetical setting, we are making a 39 

best guess of how much we value that insurance coverage. But, when we are actually with a crop 40 

insurance agent, and we would have to spend our money if we decide to enroll in this program, 41 

we think a different way: if I spend my money on this, that’s money I don’t have to spend on 42 

other things. We make decisions in a way that takes into account the limited money we have. 43 

This is just my opinion, of course, but I think it’s what may be going on in hypothetical survey 44 

questions.  45 

 46 
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So, if I were in your shoes, I would ask myself: if I were really speaking with a crop insurance 1 

agent and the premium to enroll my acreage in PRF for the months I selected is $X, do I really 2 

want to spend my money this way? If I really did, I would indicate YES, I would be willing to 3 

purchase this insurance; if I did not want to spend my money this way, I would indicate NO, I 4 

would like to change my selection, or NO, I would not insure my pasture / hay acreage.  5 

 6 

In any case, I ask you to respond to each of the following purchase questions just exactly as you 7 

would if you were really with a crop insurance agent and were going to face the consequences of 8 

your decision: which is to pay a premium if you decide to enroll acreage in PRF. Please keep this 9 

in mind when answering the following questions.10 
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 1 

 
1 The video can be viewed at https://www.youtube.com/watch?reload=9&v=z_BLexYDAUY.  
2 To streamline the experimental design, participants were only offered the choice between 85% and 90% coverage 

levels. Actual PRF coverage levels range from 70% to 90% in 5% increments. In 2020, 85% and 90% coverage 

levels represented 89% and 83% of PRF policies and acreage, respectively (USDA RMA, 2020). We asked 

participants who chose not to enroll if they would have enrolled if lower coverage levels had been offered. 6.4% said 

they would have enrolled at a lower coverage level, 52.7% said maybe they would have enrolled at a lower coverage 

level and 40.9% said they would not enroll at a lower coverage level.  
3 https://prodwebnlb.rma.usda.gov/apps/prf  
4 Ideally, the forage loss nudge would be externally calculated by analyzing historical rainfall and forage yields. 

However, forage yields are not readily available for all grids. In some cases, data is available in specific areas, for 

example see Yu et al (2019). County-level hay yields can be utilized from USDA NASS as done by Diersen, Gurung 

and Fausti (2015), though they are not available for all U.S. counties and, more importantly, might not precisely 

capture the rainfall-yield relationship within a specific grid. 
5 Two examples of insurance companies marketing PRF using this strategy are Redd Summit Advisors 

(https://www.youtube.com/watch?v=7zx0UrY2mTc)  and Silveus Insurance Group 

(https://www.silveuscropins.com/pasture-rangeland-and-forage/). We have heard many additional anecdotal 

accounts of this type of marketing from PRF participants, crop insurance agents and extension agents.  
6 An ex ante power analysis showed that a sample of 300 participants would detect an effect size of 0.1 on the 

percent-of-interval enrolled in the growing season at a desired statistical power of 0.80 with 95% confidence. Details 

can be found in the pre-analysis plan: https://doi.org/10.17605/OSF.IO/QY56K. The target sample was stratified by 

region, with a target of 150 farmers per farm show. Our sample in the Northeast was hindered by unfavorable 

weather conditions resulting in a low turnout at the farm show. COVID-19 restrictions prevented us from pursuing 

follow-up recruitment in 2020.  
7 Base compensation was increased on the second day of data collection (from $10 to $20) to improve recruitment. 

We have no reason to believe that differences in base compensation affected participant decisions since enrollment 

was not incentive-compatible and risk elicitation payouts remained the same. 
8 The production type (Hay vs Graze) is a choice in the PRF policy, and in our experiment a producer chooses to 

explore insurance options for his/her hay and/or grazing land. Similarly, a participant’s level of risk aversion 

(CRRA) could impact other policy decisions such as coverage level, which ultimately impacts premiums that the 

producer is offered. Because the production type and coverage level are chosen in addition to the decision to enroll, 

these variables potentially introduce endogeneity into regressions with 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖 as a dependent variable. 

Regressions with 𝐸𝑛𝑟𝑜𝑙𝑙𝑁𝑒𝑥𝑡𝑖 as the dependent variable should be free from this bias since the dependent variable 

does not pertain to a specific policy option. We ran models without the Production Type and CRRA variables and all 

coefficients were similar so the potential endogeneity does not seem to bias coefficient estimates.  
9 Participants were allowed to explore more than one policy option if they wished. Seven individuals opted to 

explore and make a decision on more than one policy. To avoid duplication, we only used the first policy these 

seven participants explored.  

 

https://www.youtube.com/watch?reload=9&v=z_BLexYDAUY
https://prodwebnlb.rma.usda.gov/apps/prf
https://www.youtube.com/watch?v=7zx0UrY2mTc
https://www.silveuscropins.com/pasture-rangeland-and-forage/
https://doi.org/10.17605/OSF.IO/QY56K

