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Evaluating the Tradeoff between Cost-Effectiveness and Participation in Agricultural 

Conservation Programs 

 

Abstract: 

Using a survey of 430 farmer respondents in the Boone and North Raccoon River watersheds in Iowa, we 

examine the impacts of three program innovations—reverse auctions, spatially targeted payments, and 

higher offered payments—on agricultural conservation program cost-effectiveness and participation by 

farmers. We combine farmer responses to a discrete choice experiment offering voluntary conservation 

contracts with township-level estimates of per-acre nitrogen reductions from each practice derived from 

the process-based ecohydrological Soil and Water Assessment Tool model. Using a random-parameters 

logit model, we show that both cost-reducing and benefit-boosting interventions reduce budgetary costs 

per projected pound of nitrogen removed from the watershed for each practice and thus are more cost-

effective than the prevailing current cost-share programs. However, we find that these interventions can 

reduce participation by 30%–70%. Our policy simulations show that even with large budgets, the 

watershed-level nitrogen reduction from all policy interventions remain far below the policy targets set by 

the Iowa Nutrient Reduction Strategy. Furthermore, we find cover crop contracts are far more cost-

effective than no-till/strip-till split nitrogen application contracts.  

Keywords:  

Soil and Water Conservation, Cost Share, Cover Crops, Discrete Choice Experiment, Nutrient Runoff, 

Reverse Auction, Soil and Water Assessment Tool, Conservation Program 
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Agricultural nitrogen (N) and phosphorus (P) loadings pose significant risks to water quality in 

surface waterways throughout the United States and contribute to hypoxia and harmful algal 

blooms in the Gulf of Mexico and Lake Erie (Rabalais et al. 2007; Diaz and Rosenberg 2008; 

Liu et al. 2020; Rabalais and Turner 2019; Jones et al. 2018; Kalcic et al. 2016; Scavia et al. 

2017). Agricultural conservation programs provide cost shares or subsidies to incentivize 

farmers’ voluntary adoption of key conservation practices and are a leading policy instrument to 

curb nutrient loading, especially programs funded by USDA such as the Conservation 

Stewardship Program (CSP), Conservation Reserve Enhancement Program (CREP), and 

Environmental Quality Incentives Program (EQIP). Funding for working lands programs in the 

U.S. Farm Bill has exceeded that for land retirement programs in recent years and currently 

exceeds $30 billion for the ten-year period 2019–2028 (Pavelis, Helms, and Stalcup 2011; 

Stubbs 2019). 

However, several studies note that certain characteristics of conservation programs can 

hinder their ability to deliver water quality improvements at a low cost (Ferraro and Kiss 2002; 

Duke, Dundas, and Messer 2013; Duke et al. 2014; Jack, Kousky, and Simms 2008; Liu et al. 

2023). Chief among these concerns is a rigid program design of uniform payment levels that 

prevails in many cost-share programs. Programs that offer fixed payments or cost shares may not 

be cost effective if payments drastically exceed the level needed to induce many farmers to opt 

into the program, which is an issue of over-payment. Additionally, programs may not be cost-

effective if the payments are insufficient to motivate enrollment of lands with potentially high 

environmental benefits. Using both economic models for estimating farmers’ willingness-to-

accept (WTAs) and hydrological models that quantify nutrient reduction benefits, we investigate 

how several combinations of cost-reducing (reverse auctions) (Hill et al. 2011; Palm-Forster et 
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al. 2016b) and average-benefit-boosting policy scenarios (targeted contract offers) alter both 

farmer participation and the average cost-effectiveness of the policies at reducing N loadings.  

In a reverse auction, landowners submit bids to “win” conservation program contracts. 

Auctions can be designed to be incentive compatible, meaning farmers have an incentive to 

submit bids close to their “true” costs of adopting conservation practices. Assuming equal 

transaction costs between two programs, a reverse auction with the maximum allowable cost-

share bid set at $X per acre should theoretically generate the same participation as a program that 

offers a flat cost-share rate of $X per acre, but at a lower cost. However, there is no guarantee 

that farmers will behave exactly as economic models predict, or that they would view the 

transaction costs associated with a relatively novel policy tool as equal to those of a more 

familiar cost-share program. In fact, Palm-Forster et al. (2016a) find very few farmers 

participated in a 2014 Ohio conservation auction due to the complexity of the bidding process 

and the need to negotiate with renters. Rolfe et al. (2018) also highlight the enrollment 

challenges faced by most reverse auction payments for ecosystem services (PES) programs. 

Thus, it is worth exploring implications of these proposed policy changes beyond theory by 

examining how farmers react to the prospect of a reverse auction contract opportunity. 

Using a mixed-mode mail and online survey of 430 farmer respondents in the Boone and 

North Raccoon River watersheds in Iowa, we examine the impact of program characteristics on 

the scope of program adoption and program cost-effectiveness. We combine farmer responses to 

a discrete choice experiment offering voluntary conservation contracts with township-level 

estimates of per-acre N reductions from each practice derived from the process-based 

hydrological Soil and Water Assessment Tool (SWAT) ecohydrological model (Arnold et al. 

1998, 2012; Gassman et al. 2007; Bieger et al. 2017). Contract attributes include three 
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conservation practices that have proven effective in reducing nonpoint source pollution—winter 

cover crops, no-till or strip-till, and split N application. We convert estimated N reductions to 

dollar values using the estimate of societal welfare gains from N reduction, $9.48/lb. of N 

reduced, from Ribaudo, Heimlich, and Peters (2005). Thus, we have dollar estimates for both the 

budgetary costsi and nutrient reduction benefits of specific conservation contracts. We model 

farmer choices and uncover farmer-specific minimum WTA for conservation contracts using a 

random parameters logit model that allows for preference heterogeneity on unobservables. 

Furthermore, we allow attribute preferences and alternative-specific constants (ASCs) to differ 

by whether the alternative is a uniform cost share or reverse auction in nature. 

We then conduct a series of watershed-level policy simulations comparing a baseline 

program (cost-share contract that is open to everyone at current EQIP cost-share prices) to four 

additional scenarios: (a) a spatially-targeted cost-share program focusing on fields predicted to 

have N reductions above the median for the targeted watersheds (with the goal of boosting per-

acre benefits of the program); (b) a reverse auction where the highest allowed bid is capped at 

current EQIP cost-share payments (with the goal of reducing per-acre costs of the program); (c) a 

spatially-targeted reverse auction focusing on high-reduction fields identified in (a) and current 

EQIP cost-share payments as bid caps; and, (d) a spatially-targeted reverse auction just like (c) 

that additionally increases the maximum allowable bid by 50%, which combines the previous 

two goals with an attempt to encourage additional program participation. Higher bid caps are 

likely to increase program participation since one would expect farmers to submit a bid if the bid 

maximum exceeds their minimum WTA; thus, higher maximum allowable bids should induce 

more farmers to submit bids. For each policy-practice combination, we extrapolate to the entire 

watershed and consider two different budget sizes. This work combines natural system 
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watershed modeling of the downstream impacts of upstream land management changes with 

human system modeling of farmer management responses to different policy alternatives to 

better understand the nonmarket benefits and unintended consequences of a range of possible 

agri-environmental water quality policies. 

We find benefit-cost ratios are consistently below 1 for no-till and split N application 

contracts and are consistently above 1 (1.23 to 2.73) for cover crop contracts. No-till is 

particularly ineffective at reducing N loadings with benefit-cost ratios ranging from 0.07 to 0.46. 

Our results show that both cost-reducing and benefit-boosting interventions reduce costs per 

projected pound of N removed from the watershed for each practice and thus are more cost-

effective (i.e., higher benefit-cost ratios) than the more common prevailing cost-share programs. 

However, in addition to boosting benefit-cost ratios, we find the studied interventions can reduce 

participation by 30%–70%, with the percent of farmers and acres enrolled declining around 50% 

for spatial targeting programs, 30%–60% for reverse auction programs, and as much as 70% for 

programs that utilize both. This means these more cost-effective programs can, in some 

instances, deliver smaller total reductions in N loadings from the watershed. Our watershed-level 

policy simulations show that even with large budgets of $3.1 million, the projected N reduction 

in the target watersheds is at most 1.2%, which is far below the policy goal of 45% N reduction 

identified in the Iowa Nutrient Reduction Strategy (IDALS 2017). Surprisingly, our intervention 

aimed at increasing participation (i.e., offering reverse auctions with a maximum bid set at 150% 

of EQIP cost shares) had a nearly negligible effect on participation while increasing costs per 

acre in a manner that was far more substantial.  

Our study makes at least three important contributions to the literature of agricultural 

water conservation and agri-environmental policy design. First, our results demonstrate the 
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potential, as well as the limitations, of using reverse auctions in improving the cost-effectiveness 

of agricultural water conservation policies. In particular, our findings demonstrate the challenges 

in garnering participation for reverse auctions to make noticeable watershed-level nutrient 

reduction. Previous studies such as Liu et al. (2020) show that existing cost-share programs are 

not sufficient to achieve many nutrient reduction targets. In contrast, reverse auctions are shown 

to effectively lower program costs while maintaining water quality improvement targets, such as 

P reduction in Pennsylvania (Selman et al. 2008) and wetland restoration in Canada (Hill et al. 

2011). However, to our knowledge, reverse auctions have been examined primarily in small-

scale field experiments and controlled lab experiments (Palm-Forster et al. 2016b; Arnold, Duke 

and Messer 2013). The only application in Iowa watersheds (Valcu-Lisman et al. 2017) uses 

simulated bids based on model-assigned costs as opposed to actual farmers’ bids in the Boone 

River watershed. As such, the value of reverse auctions for the Mississippi River basin region is 

at best poorly understood.  

Second, our findings highlight the importance of evaluating impacts on farmer 

participation in addition to the cost-effectiveness measures when introducing new conservation 

policy designs. Specifically, while our examined interventions tend to significantly reduce the 

cost per pound of N reduced, participation falls so much that total N reductions from these 

policies decline relative to the standard cost share and the overall watershed-level N reduction 

may not improve. The field of behavioral economics demonstrates that economic agents do not 

always behave in a manner that economic theories would predict (Kahneman, Knetsch, and 

Thaler 1991; Mullainathan and Thaler 2000). Identifying the nature and reason for these 

deviations from our theoretical expectations can help in designing practical and effective policy, 
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whether the beliefs stem from behavioral economic sources or from standard economic sources 

such as differences in perceived transaction costs (Peterson et al. 2015).  

Finally, our study contributes to the growing literature that leverages both natural and 

human system modeling to evaluate the behavioral changes and ecosystem service impacts of 

policy. Previous nutrient policy evaluation studies that consider both economic costs and 

environmental outcomes are either reduced-form in nature (e.g., Sohngen et al. 2015) or assume 

simplified economic adoption outcomes to focus on geophysical or hydrological processes in the 

watershed (e.g., Rabotyagov et al. 2014). By coupling realistic representations of farmers’ WTA 

under current and alternative policies with a hydrological process model and translating 

individual behavior changes into watershed-scale water quality outcomes, we account for 

heterogeneous responses to hypothetical policy alternatives such as reverse auctions. 

 

Data and Survey Design 

Survey Design and Summary Statistics 

Our data comes from two surveys about Iowa crop farmers’ conservation practice choices and 

decisions under existing and alternative incentive structures. Both surveys followed Dillman’s 

Tailored Survey Design framework (Dillman, Smyth, and Christian 2014). We sent 

questionnaires to a sample of crop farmers who farm and reside in the Boone or North Raccoon 

HUC-8 watersheds in central Iowa, both of which are primarily agricultural watersheds with 

substantial crop acreage and livestock facilities. USGS (2013) describes the HUC, or 

hydrological unit code, classification system. Figure 1 presents a map with both the Boone and 

North Raccoon River watersheds highlighted and overlaying Iowa counties and major cities. 
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Dynata, a sampling company that generates address lists based primarily on government 

reporting, furnished sample addresses. Our address list provided names and mailing addresses 

with county, latitude, and longitude of the primary farm location, primary crop, and estimated 

crop acreage for each. We screened the sample to include crop farmers who operate at least 100 

acres. Our first survey, which we initially sent in March 2019, included 1,000 farmers in the 

Boone River watershed and 800 farmers in the North Raccoon River watershed. We sent the 

second survey in December 2019 and January 2020 to a different random sample of 600 farm 

owner-operators that included 83 in the Boone River watershed and 517 in the North Raccoon 

River watershed. This second survey questionnaire is identical to the first survey, except that we 

appropriately updated questions regarding past and future management decisions—we updated 

past management years from 2018 in the first survey to 2019 in the second and we updated 

future management years from 2019 in the first survey to 2020 in the second. Data collection for 

the second survey finished before the onset of COVID-19 restrictions and lockdowns. 

We conducted one focus group interview with 14 farmers in March 2019, as well as an 

online pilot survey with 20 randomly selected farmers from the Boone and North Raccoon River 

watersheds. An extension farm management field specialist served as the focus group moderator 

in the two-hour session and offered each participant at least 40 minutes to complete the draft 

questionnaires, then addressed any confusion about the survey questionnaires. Focus group 

discussions and pilot survey responses were instrumental in helping identify key elements of the 

choice experiment, especially the three working land conservation practices that are the focus of 

this study. In particular, strip-till, a reduced-tillage system that combines no-till and narrow 6–

12-inch tilled strips, is commonly regarded by focus group participants as comparable to no-till, 

thus we used “No-Till or Strip-Till (leaving more than 90% residue)” as one of the conservation 
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contract requirements. We also chose split N application—where farmers apply some N pre-

plant or at-plant and apply the remainder as sidedress—and winter cover crops as the other 

conservation practices possible in each contract. These practices reduce nutrient loadings into the 

waterways (CLG 2020) and potentially reduce emissions of greenhouse gases such as carbon 

dioxide and nitrous oxide (Preza-Fontes et al. 2022). Indeed, the United States Department of 

Agriculture considers all three practices “climate-smart practices” (USDA 2022).ii All three 

practices are also internally compatible because the basis of their payments is the entire field 

size, as opposed to edge-of-field practices such as buffer strips, which pay farmers based on 

converted acres. In addition, focus group participants also made suggestions on field-specific 

questions, including asking farmers soil types of their land as opposed to dominant soil textures. 

A copy of the questionnaire is included in the online appendix B. 

              We began administration of the first survey by sending an invitation letter with a link to 

our online survey to the 1,800 sampled farmers on March 11, 2019, including a $2 bill cash 

incentive. We then sent a survey packet to 1,590 non-responders with deliverable addresses on 

April 9, 2019. The survey packets contained a cover letter, paper survey, and a postage paid 

return envelope. We mailed a reminder postcard to the 1,590 non-responders on April 17, 2019, 

and we sent a second complete mailing of the survey to 1,301 non-responders on April 24, 2019. 

There were no additional incentives included with the subsequent survey mailings. 

Administration of the second survey, sent to 600 sampled farmers, occurred from December 19, 

2019, through March 6, 2020. We followed a similar survey protocol as the first mail survey 

packet (sans link to the online survey) sent out on December 13, 2019, followed by a reminder 

postcard to non-respondents on December 31, 2019, and a second complete mail survey packet 

on January 13, 2020. 



   
 

10 
 

Of the 1,800 farmers receiving the first survey and 600 farmers receiving the second, we 

classified 327 and 72, respectively, as not eligible, most having reported that they did not or do 

not intend to operate a farm in years relevant to the survey. There were an additional 38 and 51 

samples returned by USPS or refused. Out of the 1,452 and 528 eligible farmers for the two 

samples, we received 377 and 190 completed surveys, resulting in a 26% and 36% response rate, 

respectively, or an overall 28.6% response rate across the two rounds. Of the 567 completed 

surveys, 430 have valid responses for the choice experiments and do not have missing 

demographics or socioeconomic characteristics. From these 430 responses, 221 received cost-

share versions of the survey while 209 received reverse auction versions of the survey. We also 

find that 376 answered both choice questions, while 54 answered only one choice question, 

resulting in a total of 806 choices in our data set.  

Table 1 presents summary statistics for our respondents to the two waves of surveys as 

well as both combined. Of the respondents, 96% are male, 88% rent farmland from others in 

addition to their owner-operated plots, and the average respondent owns about 300 acres, is 60 

years old, and has 36 years of farming experience. In addition, about half of respondents have an 

annual gross farm income over $250,000, suggesting that respondents tilt towards the larger 

commercial row-crop farms that are common in our study watersheds. These demographics are 

largely in line with Iowa averages for acreage per operation and age profile, though our sample 

overrepresents male operators and high-income operators. 
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Experimental Design for the Choice Experiment 

This study uses data from a section of the survey in which we presented respondents with two 

hypothetical choice experiment scenarios. The purpose of these scenarios is to determine 

preferences for voluntary conservation contracts. Each scenario had two hypothetical voluntary 

conservation contracts in their field where erosion or runoff is of greatest concern. The two 

conservation contracts vary in five attributes—length of contract (two or four years), no-till or 

strip-till (“not required” or “must be used throughout the length of the contract”), cover crops 

(“not required” or “must be used throughout the length of the contract”), split N application (“not 

required” or “must be used throughout the length of the contract”), and annual payment. We 

described the payment attribute as an EQIP-style per-acre cost-share for surveys that received the 

cost-share treatment and as a maximum allowable per-acre cost-share bid amount for surveys in 

the reverse auction treatment. In both treatments, payment levels include $10/acre, $40/acre, 

$70/acre, $100/acre, and $130/acre.  

We presented each respondent with either two cost-share payment contract scenarios or 

two reverse auction contract scenarios, along with a status-quo option of neither offered contract. 

Thus, the comparison of uniform cost-share contracts versus reverse auction contracts is a 

between-subjects comparison. For each cost-share payment contract scenario, we asked each 

respondent to choose the option that would be most preferred, with the payment described as 

annual cost-share payments. For each reverse auction contract scenario, we asked respondents to 

choose a preferred option with the maximum allowable cost-share payments. If a respondent 

selected one of the contracts, we prompted them to identify a minimum cost-share payment 

amount (or “bid”) that they would be willing to submit for the preferred conservation contract. 

We also reminded respondents that lower cost-share requests are more likely to be accepted and 
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approved. In total, respondents submitted 188 different bids for hypothetical conservation 

contracts. We followed D-efficient survey design principles (Ferrini and Scarpa 2007) and 

constructed an experimental design of 40 choice scenarios grouped into 20 blocks using SAS 

Macros developed by Kuhfeld (2005). We then randomly allocated these choice scenarios with 

either cost-share payments or reverse auction biddings to each respondent. Figure 2 shows an 

example of the cost-share conservation contract scenario as well as the reverse-auction 

conservation contract scenario.  

 

Methodology 

Econometric Model 

We utilize a random utility framework with unobserved preference heterogeneity, which utility 

farmer i receives from choice j, and where Uij, is a function of a vector of choice attributes Xij: 

(1)  Uij = Vij + εij = βiXij + εij,        

where Vij is the systematic component of utility based on observable attributes of each 

alternative; βi is a vector of farmer i’s latent preference parameters for the attributes of 

alternative j; Xij is a set of attributes and alternative-specific constants (ASCs) for alternative j; 

and, εij is a random error term with a type 1 extreme value distribution. We adopt a random 

parameters logit framework to model unobserved preference heterogeneity, in which each 

farmer’s preference parameter is a draw from a continuous preference distribution with mean β 

and standard deviation η, denoted g(β, η).  Given this framework, the probability that farmer i 

will select alternative j from a set of J alternatives in choice situation t is given by 

(2)  Prit(j) = 
exp(βiXijt)

∑ exp(βiXijt)J
k=1

.         
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As each farmer makes multiple choices, the joint probability of observing farmer i’s sequence of 

T choices is given by 

(3)         Pri(j1…jT ) = ∫ ∏ Prit(j) g(β,η)d β𝑇𝑇
𝑡𝑡β .       

Given that there is no analytic solution to this integral, we approximate the solution through 

simulation using the expectation maximization (EM) algorithm. Each simulation in our EM 

algorithm uses 250 Halton draws. We assume all attributes and ASCs have a normal preference 

distribution except for program payment, which we model as fixed (i.e., no distribution). We also 

explore models that impose normal and lognormal preference distributions for program payment 

and elect to use the fixed payment model as it is the model with the best goodness-of-fit for our 

data (judged by the Bayesian Information Criterion). 

 Further unpacking our model, choice attributes include variable characteristics of the 

offered conservation contracts and an ASC for the status-quo option of rejecting both offered 

contracts. We also allow for heterogeneity in preference for each attribute depending on the 

contract type (cost share or reverse auction):  

(4)  Vij = 𝐼𝐼(𝐶𝐶𝐶𝐶) ∗ [𝛽𝛽𝑖𝑖𝑖𝑖1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ + 𝛽𝛽𝑖𝑖𝑖𝑖2𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 +  𝛽𝛽𝑖𝑖𝑖𝑖3𝑁𝑁𝐶𝐶𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 +  𝛽𝛽𝑖𝑖𝑖𝑖4𝐶𝐶𝐶𝐶𝑁𝑁𝑁𝑁𝐿𝐿𝑁𝑁 +

 𝛽𝛽𝑖𝑖5𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐿𝐿𝐿𝐿𝐿𝐿 +  𝛽𝛽𝑖𝑖6𝐶𝐶𝑆𝑆] + 𝐼𝐼(𝑅𝑅𝑅𝑅) ∗ [𝛽𝛽𝑖𝑖𝑖𝑖1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ +  𝛽𝛽𝑖𝑖𝑖𝑖2𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝛽𝛽𝑖𝑖𝑖𝑖3𝑁𝑁𝐶𝐶𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 +

 𝛽𝛽𝑖𝑖𝑖𝑖4𝐶𝐶𝐶𝐶𝑁𝑁𝑁𝑁𝐿𝐿𝑁𝑁 +  𝛽𝛽𝑖𝑖𝑖𝑖5𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝐿𝐿𝐿𝐿𝐿𝐿 +  𝛽𝛽𝑖𝑖𝑖𝑖6𝐶𝐶𝑆𝑆] ,        

where Length indicates the number of years the proposed contract will cover; NoTill, 

CoverCrop, and SplitN are indicator variables indicating whether the proposed contract requires 

no-till, winter cover crops, and split N application, respectively; Payment is the annual per-acre 

payment to the farmer; SQ is the status-quo ASC; and, I(CS) and I(RA) are indicator variables 

denoting whether the choice involved cost-share and reverse auction alternatives, respectively. 
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Policy Simulations: Farmer Decisions 

Using the farmer behavioral model described above, we generate farmer-specific preference 

parameters for each attribute of our conservation contracts (as well as parameters for ASCs) 

highlighted in equation (4). We condition these farmer-specific parameters on farmers’ choices 

in the survey and simulate them using 1,000 Halton draws (Hole 2007; Train 2009). Using these 

individual preference parameters, we estimate a separate minimum WTA for a specified contract 

for each farmer. To do this, we populate values for all attributes of a contract except for payment. 

Let V1i and VSQi indicate the estimated utilities of the offered conservation contract and the 

status-quo for farmer i. In this case, the minimum WTA is given by the formula: 

(5)  WTAi = −( 𝑉𝑉1𝑖𝑖−𝑉𝑉𝑆𝑆𝑆𝑆𝑖𝑖)
𝛽𝛽𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

 ,         

where βpayment represents the appropriate preference parameter on contract payment. If V1i is a 

cost-share contract, attributes for cost-share programs are populated (and so we only use 

preference parameters for cost-share contracts in estimating utility). The converse is true for 

reverse auction contracts, with only reverse auction preference parameters used in the estimation 

of V1i for these contracts. 

In our policy simulations, we follow EQIP price lists and use offered values of $50/acre 

for cover crops and $10/acre for no/strip-till and split N application. In cost-share contracts, these 

are the listed values, while they are the highest allowable bid for reverse auction contracts. Each 

simulated contract specifies a single conservation practice and requires use of the practice (as 

well as annual payments) for four years. When simulating response to cost-share contracts, we 

assume that any farmer whose estimated WTA value for the contract is below the offered cost 

share will accept the contract. Similarly, when simulating response to reverse auction contracts, 
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we assume that any farmer whose estimated WTA value is below the maximum bid value for a 

specific contract will submit a bid.  

To generate bid estimates, we use bids submitted by farmers in our survey to construct a 

discrete distribution of bids as a percentage of the maximum allowable bid (see Figure 3).iii We 

assign each farmer a bid by combining the maximum allowable bid with a farmer-specific 

proportion of the maximum allowable bid obtained through random draws from our constructed 

distribution.  

Policy Simulations: SWAT Model Estimates of Nutrient Reduction for Conservation Practices 

We evaluate the impact of modeled policies on water quality by assigning each conservation 

practice from the proposed contracts an N-reduction efficiency coefficient that approximates the 

effect of that conservation practice on watershed-level N runoff.   

          The initial coefficients estimate the efficiency of removing N for a set of conservation 

practices consisting of cover crops, no-till, 20% fertilizer application reduction, and the 

combination of the aforementioned individual practices. We spatially delineate the coefficients at 

the subwatershed level and approximate how much a practice would reduce the overall N level 

measured at the watershed outlet given the field’s location in the watershed. Specifically, the 

cover crops coefficients assume the respondent uses a rye winter cover crop between crops, 

which is the dominant cover crop species used in the United States (CTIC 2020). Next, we use 

reduced fertilizer (20% fertilizer application reduction) as a proxy for split N application because 

the SWAT model cannot adequately replicate sidedress N applications and the model has been 

used extensively to simulate fertilizer application scenarios for a variety of cropping systems and 

environmental conditions (Arrueta et al. 2022). The estimation of these coefficients involves an 
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optimization procedure built upon thousands of SWAT scenario simulations, where each 

scenario represents a possible combination of conservation practices used on fields in the 

watershed. 

            SWAT is a watershed-scale process-based ecohydrological model that USDA’s 

Agricultural Research Service has continuously developed since the early 1990s and has been 

widely used to simulate agricultural and conservation practices for US watersheds and beyond 

(Arnold et al. 1998; 2012; Gassman et al. 2007; Bieger et al., 2017; CARD 2023). SWAT 

incorporates a wide variety of biophysical characteristics such as topography, land use/cover, 

soil, and climate, and can facilitate farmer land-management decisions such as fertilizer, crop, 

and tile drainage choices, and model changes in stream flow and the transport of nutrients 

(Arnold et al. 2012; Gassman et al. 2007; Arrueta et al. 2022). The SWAT model routes flow and 

nutrient transport processes at multiple scales, including hydrologic response unit (HRU), 

subbasin, and watershed levels. Here we use SWAT to simulate the impact of different 

conservation practice adoption on N runoff at the watershed level.  

Though SWAT is able to capture the intricate hydrological and biophysical details of the 

processes at the watershed level, it is very computationally intensive. Given the need to have 

ready-to-use coefficients that approximate nutrient reductions based on field location and 

characteristics for different conservation practices, Rabotyagov et al. (2014) and Valcu-Lisman 

et al. (2017) use an optimization procedure computed from SWAT nutrient-related outputs from 

thousands of different possible watershed scenarios. The goal of this optimization effort is to 

approximate nutrient reduction coefficients that are easy to use when evaluating nutrient 

reduction efficiency. 
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The estimation of N reduction potential for each conservation practice and field in the 

program is a two-step process. First, we employ previously estimated N reduction coefficients to 

estimate the N reduction potential for each conservation practice. Valcu-Lisman et al. (2017) use 

field data, conservation practice data, and SWAT calibrations for the Boone River watershed, 

where the authors delineate the watershed (and the resulting N reduction coefficients for each 

practice being considered) into several subbasins and smaller HRUs within each subbasin. 

Following this optimization, they estimate a set of coefficients corresponding to each 

conservation practice, such as cover crops, for each subbasin. An estimated coefficient measures 

how much an additional acre of a conservation practice used in that subbasin reduces the overall 

nutrient level in a watershed in terms of pounds of N runoff given the location of the field in the 

watershed. These coefficients also cover multiple practice cases with more than one conservation 

practice adopted on a particular field, such as cover crops and no-till. Next, given the similarities 

and proximity of the two watersheds, and the lack of readily estimated coefficients for the North 

Raccoon River watershed, we apply the Boone River watershed N coefficients to the North 

Raccoon River watershed.iv  

The second step is assigning the previous subbasin-level N reduction coefficients to the 

fields observed in the survey using ArcGIS spatial analysis. Since township is the finest level 

indicating field location in the watershed reported by our respondents, and the N reduction 

coefficients are available at subbasin level, we need to find a correspondence between townships 

and subbasin. To do so, we overlap township boundaries with watersheds’ basins and subbasins. 

If a township overlaps with multiple subbasins, we compute a simple acreage-weighted average 

coefficient. In the end, we assemble a field-level database that collects not only farmers’ WTA 
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estimates for a conservation program, but also their corresponding spatially explicit N reduction 

coefficients for these adopted conservation practices. 

Results 

SWAT Modeling  

Table 2 summarizes the nutrient reduction coefficients for each conservation practice expressed 

in terms of pounds of reduced N runoff for every acre of that practice adopted in a particular 

subwatershed. Table 2 shows that in central Iowa cover crops are significantly more effective in 

reducing N runoff than split N and no-till. In particular, one more acre of farmland in a subbasin 

using cover crops will, on average, reduce the watershed-level N emissions by 6.60 lbs. and 6.11 

lbs. for the Boone and North Raccoon River watersheds, respectively. By contrast, adopting one 

more acre of no-till only leads to 0.08 lbs. of reduced N loadings. This is consistent with the 

scientific evidence that no-till can effectively reduce P runoff but provides very little reduction in 

N loadings (CLG 2020), especially for N losses dominated by nitrate (Daryanto, Wang, and 

Jacinthe 2017).  Table 2 also shows that the effectiveness of reducing fertilizers (split N) is fairly 

uniform, while the effects for no-till and cover crops have greater variability. Figure 2 further 

shows the spatial distribution of these coefficients by conservation practice in the Boone River 

and North Raccoon River watersheds and reveals that the effects of conservation practice 

adoption vary significantly spatially, and thus potentially yield very different benefit-cost ratios 

for the same practice across different fields at similar cost-share payment rates.  
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Farmer Choice Modeling 

Table 3 displays the results of our random parameters logit model. As one would expect, mean 

coefficients are negative for all management practice attributes. Mean coefficients for contract 

length are similarly negative, suggesting that farmers on average prefer not to be locked into 

long-term conservation contracts. Program payment has a uniformly positive effect on utility. 

The clearest advantage of utilizing the random parameters logit model can be found with the 

status-quo ASCs. ASCs for both cost share and reverse auction have negative (but not 

statistically different from zero) mean values. However, both distributions have quite large and 

statistically significant standard deviations. 

 Comparing the results of cost-share vs. reverse auction variables, two main findings 

appear most consequential. First, the standard deviation estimate for the cost-share ASC is 

roughly twice as large as the corresponding value for reverse auctions. This indicates that there is 

a wider distribution of preferences for cost-share programs (and, likely, cost-share WTA) than in 

reverse auctions. Additionally, the mean parameter estimate for cost-share program payment is 

roughly twice as large as the corresponding parameter for reverse auctions, which indicates that 

increases in cost-share payments have a greater impact on utility than corresponding increases in 

the payment attribute as they pertain to reverse auctions. This makes some intuitive sense—an 

increase in the payment attribute for cost share directly corresponds to an increase in payment for 

the farmer, while an increase in the reverse auction payment attribute indicates an increase in the 

maximum allowable bid rather than actual money received. This distinction, one of guaranteed 

payment versus potential payment, may explain the different coefficient magnitudes we observe.  

           Additionally, we run several random-parameter logit models to test whether farmer 

preference heterogeneity exists based on observables in our data (see appendix A Tables A1–A2 
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for results). First, we examine whether preferences (and preference distributions) are different 

between farmers in the Boone and North Raccoon River watersheds. Preference parameters are 

largely indistinguishable between the watersheds, with the few statistically significant 

differences generating no discernable pattern in overall preferences for conservation contracts 

between the watersheds.v  

In a separate model from the one described in the previous paragraph, we also test for 

differences in preferences based on demographic and other information provided by respondents 

in our survey. Specifically, we test: (a) whether preferences for contract payments differ for 

high- and low-gross sales farmers (high-gross farmers exceed $250,000 in annual gross sales); 

(b) whether preferences for contract length differ by age of the farmer (over 60 versus 60 or 

younger); and, (c) whether preferences for including cover crops in the contract differ for 

farmers with and without experience using cover crops. In this model, we find no statistically 

significant differences for contract length by age or for cover crops by familiarity. We do, 

however, find differences by gross sales. Somewhat counterintuitively, we find that farmers with 

high gross sales have larger marginal utility of payments than do farmers with low gross sales, 

though this effect is only statistically significant for cost-share contracts.  

 

Watershed-Level Policy Simulations  

Our results from Table 3 allow us to conduct policy simulations described in the previous 

section. Tables 4–9 display the results for conservation programs funding cover crops, no-till, 

and split N application under a variety of program budget assumptions. For each management 

practice and budget combination, we evaluate five different policy scenarios: 
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1. A cost-share program that offers cost-share payments at EQIP rates ($50/acre for cover 

crops and $10/acre for no-till and split N application).  

2. A cost-share program that offers cost-share payments at EQIP rates and targets fields 

projected to have N reductions at or above the median in our data.  

3. A reverse auction program where maximum cost-share bids are capped at EQIP cost-

share rates. 

4.  A reverse auction program where maximum cost-share bids are capped at EQIP cost-

share rates and targets fields projected to have N reductions at or above the median in our 

data. 

5. A reverse auction program where maximum cost-share bids are capped at 150% of EQIP 

cost-share rates and targets fields projected to have N reductions at or above the median 

in our data. 

 

      We consider policy scenario 1 to be a baseline against which we examine the 

implications of several innovations designed to boost the average benefits of a contract (targeted 

enrollment), reduce the costs of the average contract (reverse auctions), and increase enrollment 

(150% of EQIP payment rates). For each policy scenario, we extrapolate these findings to the 

entire target watersheds, which is the most policy-relevant, while recognizing the additional 

assumptions made regarding budgetary restrictions.vi In particular, for each scenario, we identify 

the percentage of the watershed we project would enroll in the offered program (which occurs if 

their estimated WTA is below the offered cost share/maximum bid). We also estimate average 

program cost per enrolled acre and average pounds of N reduced per enrolled acre. We combine 

these to estimate the dollars spent per reduced pound of N and use an estimate of $9.48 as the 
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monetized benefit of a one-pound reduction in N (Ribaudo, Heimlich, and Peters 2005) to 

estimate a benefit-cost ratio for each program. We later present robustness checks in Table 10 

using alternative estimates of the societal benefits of N reduction ranging from $2/lb to $20/lb. 

Lastly, we use SWAT-derived estimates of average N loadings per acre in the target watersheds 

to calculate the percentage of N loadings that is projected to be eliminated through the use of 

each contracted best management practice. 

Simulating watershed outcomes from a budget-constrained conservation program 

requires several additional assumptions, particularly regarding the budget of the programs under 

consideration, the method of extrapolating from farmers in the sample to farmers (and acreage) 

in the watershed, and the specification of a decision rule when the program generates more 

interested parties than available funds can support. We outline these assumptions below.  

 First, for each incentivized management practice we consider two separate budgets. We 

intend the smaller budget to reflect historic spending on this type of practice in the target 

watersheds. To do this, we use data on CSP and EQIP payments made in the watersheds from 

2018 to 2020. We have this data for cover crops and no-till and apply the same no-till numbers to 

split-N application since they have similar per-acre compensation values in EQIP. Taking the 

average over our three-year period yields budgets of $603,000 for cover crops and $84,000 each 

for no-till/strip-till and split N application. We intend our larger budget to reflect a scenario 

where the policy maker attempts to dramatically expand the use of a target practice in the 

watersheds using estimates of present and future state and federal funds. This could reflect the 

state’s attempts to achieve the goals outlined in the Iowa Nutrient Reduction Strategy of 45% 

reductions in N loading (IDALS 2017). To this end, we use total CSP and EQIP payments made 

in our target watersheds in 2020 ($3.069 million) and add to this a projected state funding 
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contribution to the watersheds through money allocated by Iowa Senate File 512 (Iowa General 

Assembly 2018). The legislation commits $156 million over 12 years to funding conservation 

incentive programs. We translate this to $13 million annually and assign seven percent of this 

money to our target watersheds (this is the proportion of CSP and EQIP funds spent in Iowa that 

went to operations in our target watersheds in 2020), yielding a budget of $3,145,000. We use 

this same budget for each practice and scenario under consideration. 

 We next use county-level data from the 2017 Iowa Agricultural Census to estimate the 

number of farm operations in the Boone and North Raccoon watersheds. Since county lines and 

watershed boundaries do not neatly overlap, we take these county operation numbers and weight 

them by the proportion of area in each county that falls within our target watersheds. Doing so 

yields an estimate that each farmer in our sample represents approximately 10.4 farm operations 

in our target watersheds. This 10.4 multiplier serves as our method of projecting sample acreage, 

N reductions, and cost figures to the entire watershed. 

            We also must specify a decision rule for the policy maker when facing limited funds. We 

do so by ordering all interested farmers by predicted N reductions per dollar spent on the 

contract. For cost share contracts, under which all farmers receive the same per-acre payment, 

this translates to an ordering by predicted N reductions per acre, but may differ in reverse auction 

applications where dollars spent are determined by farmer-specific bids. 

 Tables 4–9 present the results of our policy simulations at the level of the study area. Our 

first observation is that the small budgets are binding for all 15 practice-scenario combinations,vii 

meaning there is excess demand for contracts at the watershed level. As a result, there are clear 

cost advantages from reverse auctions compared with cost shares, with lower budgetary cost per 

acre and superior benefit-cost ratios for reverse auction programs compared with their cost share 
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counterparts. Further, in the face of binding budgets we see that reverse auctions are not just 

cost-effective, but more effective by multiple measures, with more acres enrolled and greater 

predicted total N reductions compared with cost shares.  

Turning next to our large budget simulations, we still see increased cost-effectiveness of 

reverse auction scenarios, but these gains now come at the budgetary cost of overall N reduction 

compared with similar cost-share programs. This is driven by the fact that this large budget is 

rarely binding in our simulations.viii As a result, the binding constraint in these simulations is that 

of farmer interest, and farmer interest is lower for reverse auction scenarios. We see that offering 

cost shares (as opposed to reverse auctions) increases predicted N reductions by roughly 40% for 

no-till/split-till and by over 100% for split N application, though this should be tempered by the 

observation that these gains are earned by sacrificing cost-effectiveness. The prospect of 

increasing the maximum bid does not help the relative lack of interest much in reverse auctions. 

Increasing the maximum bid increases enrollment and N reductions slightly (e.g., from 4,661 lbs. 

to 4,769 lbs. for no-till/strip-till) but does so at a much higher cost (increasing total expenditures 

from $172,204 to $271,336 in the same example) through sizeable increases in the average bid 

selected. This is suggestive evidence that maximum bid increases, in our data, lead to rent-

seeking without much expansion in benefits for large-budget programs. 

Similarly, targeting only fields with above-median N-reduction potential can improve 

cost-effectiveness of the program at the sacrifice of total N reductions due to a significant drop in 

enrollment. However, it is worth noting that we only observe this trend for large-budget 

simulations. When facing a small budget and substantial excess demand for contracts, the 

provision mechanism effectively does the same thing as our more explicit targeting scenario; and 
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thus, the effects of restricting access to above-median fields has little-to-no impact when budgets 

are small. 

As a final note, we place these simulations in the context of Iowa’s stated goal of a 45% 

reduction in N and P loading in surface waters. In our simulations that generate the greatest N 

reductions in our target watersheds, we predict the removal of roughly 430,000 lbs with a large 

budget of $3.1 million devoted to incentivizing cover crops. Our SWAT estimates of total annual 

combined N loading in our target watersheds exceeds 37 million lbs. (Gassman et al. 2017; Jones 

and Schilling 2019), putting the predicted N reduction of our most effective policy at 1.2% of 

total N loading. This is a far cry from the stated goal—our results suggest that this type of 

targeted voluntary incentive program, which focuses on working land practices only, is unlikely 

to achieve the stated goal in isolation.ix Even with more resources, such as the USDA’s push for 

climate-smart agriculture (USDA 2022), there remains significant gap in achieving the policy 

goal of 45% N reduction using only voluntary conservation payments. It is possible that these 

simulations understate the level of participation one would see from this type of program, as it 

effectively restricts a farmer from enrolling more than one field in the conservation project (since 

we ask farmers to consider a single field for the choice). However, this must be weighed against 

other potential biases that might inflate participation, such as hypothetical bias. 

 

Discussion and Conclusions 

This study utilizes survey responses from 430 farmers in the Boone and North Raccoon River 

watersheds to estimate preferences for voluntary conservation contracts. We combine a farmer 

behavioral model with SWAT-based hydrological model estimates of the N-loading impacts of 

different management practices to simulate the enrollment and cost-effectiveness of a variety of 
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conservation program designs. These conservation programs include the current prevailing cost-

share contracts with uniform payments as well as reverse auction contracts where farmers submit 

bids on how much they would like to be paid. We highlight the impact of benefit-boosting spatial 

targeting, cost-reducing reverse auctions, and enrollment-boosting increases in maximum 

allowable cost-share payments.  

We find that both spatial targeting of contracts and replacing uniform cost-share offers 

with reverse auctions lead to substantial increases in the cost-effectiveness of programs. Under 

limited budgets, where the demand for contracts far exceeds available funds, reverse auctions 

can not only produce lower costs per pound of N reduced, but can also deliver more total N 

reductions. Thus, under the right conditions, reverse auctions appear to have win-win potential. 

However, expanding budgets and/or N reduction goals can rapidly erode the win-win potential of 

reverse auctions. With higher budgets, total enrollment and total N reductions can be 

substantially higher with cost shares than with reverse auctions, though reverse auctions remain 

much more cost effective. Furthermore, our results show that per-acre nutrient reduction benefits 

from cover crops dwarf those from the other practices studied. Our models predict that cover 

crop contracts will be the most cost-effective in achieving reductions in N loadings despite their 

higher per-acre cost, resulting in benefit-cost ratios ranging from 1.23–2.73.x It is important to 

note that our watershed-level policy simulations also reveal that even with a large budget of over 

$3 million, the most effective policy involving cover crops only leads to merely 1.2% of N 

reduction, which is far below the 45% policy goal. 

 Our findings suggest that reverse auctions and targeting of high-impact fields could likely 

be excellent strategies when the pool of potential participants is large and funds to support 

conservation contracts are relatively scarce. In this instance, our estimated losses to willing 
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participants may not matter, and these innovations might be nice complements to the prevailing 

rigid uniform-rate cost-share programs. However, our results reveal that reverse auctions are less 

effective when the goal is to leverage large amounts of money to achieve highly ambitious goals, 

such as Iowa’s Nutrient Reduction Strategy goal. Moving forward, it is critical to examine how 

program design affects farmers’ participation, especially in reverse auction contracts, to ensure 

program effectiveness. Our findings are consistent with previous findings of low participation in 

reverse auction field experiments (Palm-Forester et al. 2016a) as well as broader reviews of 

multiple studies (Rolfe et al. 2018; Palm-Forster and Messer 2021) and suggest the need to better 

understand the impact of various behavioral, educational, and extension strategies so that farmers 

become more comfortable with and, potentially, more amenable to participating in reverse 

auctions. 

 Our study has several limitations worth noting. First, the decisions upon which we build 

our behavioral model are hypothetical survey responses. While great strides have been made in 

the stated preference literature tying incentive compatibility of hypothetical choices to policy and 

payment consequentiality (Lusk and Schroeder 2004; Vossler, Doyon, and Rondeau 2012; 

Collins and Vossler 2009), it is possible that farmers may answer hypothetical questions such as 

these strategically. As such, it would be a productive extension of this current work to examine 

whether the transition from uniform cost shares to reverse auctions has a similar impact on 

participation when real-world conservation contracts are being offered.  

Second, even if the questions posed to farmers in this survey were not hypothetical, the 

structure of our reverse auction mechanism – a discriminatory price reverse auction – does not 

guarantee truthful revelation of preferences. Indeed, strategic bidding may and likely did occur. 

We opted to use a simple, though not incentive-compatible auction mechanism, because: (a) 
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even an auction design that is not incentive compatible can produce cost reductions relative to a 

standard cost share, so the cost-saving findings from this design could be considered lower 

bounds on what would be produced using an incentive compatible mechanism; and, (b) we 

wanted to avoid the additional cognitive burden and strangeness of a more complicated but 

incentive compatible mechanism. Our hesitation is in part vindicated by the fact that even this 

very basic reverse auction structure resulted in substantially lower enrollment than the standard 

cost share. The upshot is that it is an open question how different ways of structuring the auction 

will impact bidding, enrollment, program budgetary costs, and watershed nutrient reductions, 

though there is some laboratory evidence of how these factors interact (Cason and Gangadharan 

2005). This is an important area for future work to explore.xi An additional extension to this 

work could examine more nuanced policy designs and/or decision rules by the policy maker in 

an attempt to further leverage the advantages of reverse auctions. One promising possible design 

suggested by a referee was to allow maximum bids to vary based on the predicted N-reduction 

benefits of the field in question. 

Furthermore, our study does not explicitly quantify the additionality of the various 

conservation policies. Sawadgo and Plastina (2021) finds that cost-share programs in Iowa have 

an additionality rate of 54%, suggesting at least half of cost-share expenditures funded cover-

crop acreage that would not have been planted without payment. Similarly, Lichtenberg (2021) 

estimates that 54-78% of subsidized practices in Maryland are additional. This is a fruitful and 

policy-relevant research topic, especially with a growing number of private carbon credits 

programs incorporating additionality requirements (Plastina 2021). Another interesting extension 

of this work could adjust our between-subjects treatment of cost share and reverse auction 

differences by introducing within-subjects variation in the context of a choice experiment survey. 
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Finally, our results on heterogeneous farmer preferences suggest that future work could examine 

how other features of conservation contracts further alter preferences and adoption, including, 

but not limited to, extending these analyses to additional conservation practices, evaluating the 

effectiveness of various auction mechanisms, examining how restrictions based on current 

conservation practices impact adoption, and exploring whether greater familiarity with reverse 

auctions reduces aversion to such contracts. 
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Endnotes 

 
i Throughout this paper we will refer to costs of conservation contracts, by which we mean the budgetary costs 
associated with cost-share incentive payments paid out by the federal or state government. This cost does not 
include other costs of implementation or possible profit losses borne by farmers, nor does it include opportunity 
costs associated with the policies. Previous studies such as Plastina et al. (2018) have shown that net returns for 
farmers who adopted cover crops could be negative.  
ii In this paper we only model the changes in nitrogen runoff in surface waters, and do not explicitly model changes 
in nitrous oxides and associated climate impacts. In Table 7 we use several alternative societal benefit estimates of N 
reduction inspired by Keeler et al. (2016), and their estimates accounted for the climate-related damages for nitrous 
oxide emissions from N fertilizer application. 
iii As a robustness check, we also explore generating bid distributions for each contract using bids only from the 
nearest appropriate contracts in our choice experiment, as judged by offered cost share. Thus, we use only the 
distribution of bids for contracts with maximum bids of $10 for our simulation of bids for $10 contracts, etc. For 
simulations involving contracts with maximum cost shares that were not presented in our choice experiment, we use 
the closest level that exceeds the value in the simulation and assumed all bids above the maximum value in the 
simulation were at the maximum value. For example, when simulating bids for contracts with a maximum cost share 
of $50, we use the distribution of bids for contracts with a $70 maximum bid and assume any bids at or above $50 in 
the distribution would equal bids of $50. The results of simulations with this alternative bid generation method are 
presented in appendix A Tables A6–A8. This alternative bid generation procedure yields similar results, though the 
cost reductions of reverse auctions are smaller. Table A9 also presents summary statistics of the farmer WTA 
estimates. 
iv The Boone and North Raccoon Rivers are both tributaries of the Des Moines River, and flow through the recently 
glaciated (<12,000 years old) Des Moines Lobe landform region (Figure 1) which is dominated by low relief and 
poor surface drainage (Prior 1991). The majority of both watersheds are characterized by flat landscapes that consist 
of slopes <2%. Thus, an extensive network of subsurface tile drains and surface ditches have been installed 
throughout the two watersheds. This has resulted in the elimination of most wetland areas and an intensively 
cropped landscape dominated by corn and soybean production. Additional information about the Boone River 
watershed and North Raccoon River watershed can be accessed in Gassman et al. (2008, 2015, 2017) and Iowa DNR 
(2011).   
v We find statistically different mean preference for program length between the Boone and North Raccoon River 
watershed respondents. North Raccoon respondents have greater dislike of long contracts, but only for cost-share 
contracts (p value for test of equality of coefficients = 0.024). Additionally, North Raccoon respondents are more 
favorable towards contracts that include split N application, but only for reverse auction contracts (p value for test of 
equality of coefficients = 0.016). 
vi Appendix A Tables A3–A5 also include results pertaining to a simpler set of simulations, which have no budget 
constraint and project only to our sample. The reader may notice and wonder why a policy enrolls much larger 
percentages of acreage in the sample-only simulation than in the budgeted simulations (e.g., 23% of the acreage in 
the sample-only simulation and 3.3% in the watershed sample). The 3.3% represents total watershed acreage, while 
the 23% represents the portion of total acreage for the fields being considered in the choice experiment. Each farmer 
was asked to consider the conservation contract for a single field in their operation, and the simulation enrolled 23% 
of those considered acres. Since many farmers have multiple fields, the enrolled acres would be much closer to 3.3% 
if it was a percentage of the farmer sample’s total operations, rather than a percentage of the fields being considered 
for the question. 
vii The total budget spent generally does not equal the budget, but the budget constraint is still binding. In all 
practice-scenario combinations with small budgets, there are additional interested and eligible parties, but they are 
not enrolled because enrolling the next farmer in our sample would push the total expenditures over the budget. 
viii Out of 15 practice-scenario combinations that utilize the large budget, only Scenario 1 for cover crops ($50 cost 
share with no restrictions based on predicted N reductions) experiences a binding budget constraint. In this case, the 
maximum possible N reductions (if all interested farmers were enrolled) would be 543,125 lbs. at a cost of just 
under $4.5 million. 
ix Our simulations each focus on a single practice. Policy approaches that offer a suite of options rather than focusing 
on a single practice (e.g., EQIP and CSP) will certainly be capable of achieving greater reductions than a single-
practice policy. As such, these simulations understate the potential of voluntary incentive programs, though we 
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would argue that there are likely diminishing returns to additional practices offered, so a 42-fold increase in the 
variety of best management practices incentivized will not lead to the necessary 42-fold increase in N reductions 
needed to achieve the 45% reduction goal. 
x Focusing on Minnesota, Keeler et al. (2016) shows possible substantial geographical variations in the social cost of 
N, and thus we present the benefit-cost ratios using three alternative societal benefits of N reduction ($2/lb, $5/lb, 
and $20/lb) in addition to our main estimate of $9.48/lb. Table 10 presents these results and reveals the sensitivity of 
benefit-cost ratios to these assumptions. However, the relative effectiveness of cover crops over no-till/strip-till and 
split-N application shown in our main results remains robust. We also note that Keeler et al. (2016) only consider 
tair pollution, nitrous oxide, and groundwater nitrates when quantifying the social cost of N, but ignore the benefits 
of N reduction in local and downstream surface waterbodies (including the Gulf of Mexico), which would be most 
relevant for our analysis. 
xi Similarly, Carson and Groves (2007) and Petrolia and Interis (2013) detail how choice experiment designs that 
include more options than a single binary choice may fail to be incentive compatible. This is worth exploring as 
well. A preliminary investigation into this for our survey instrument, which interacts all attributes and ASCs with a 
dummy variable for the first choice to identify order effects, does not yield much evidence that respondents’ 
preferences differ from the first to the second choice. Indeed, no preference parameter is even marginally 
statistically significant except for program length (differences between exercises for the cost-share and reverse 
auction-contract length interactions yield p-values of 0.055 and 0.042, respectively). 
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Table 1. Demographics of Survey Samples 
 Full Sample First Wave (2019) Second Wave (2019-20) 
 Mean Std. Dev Mean Std. Dev Mean Std. Dev 

Age 59.15 
(413) 

12.72 58.36 
(283) 

12.93 61.83 
(130) 

12.14 

Male 0.96 
(417) 

0.19 0.95 
(285) 

0.22 0.98 
(132) 

0.12 

Owned Farm 
Size 

309.94 
(407) 

407.55 342.81 
(273) 

464.35 242.97 
(134) 

243.60 

Income > $250k 0.51 
(400) 

0.50 0.51 
(272) 

0.50 0.50 
(128) 

0.50 

Experience 34.33 
(410) 

14.65 33.35 
(279) 

15.26 36.42 
(131) 

13.09 

% Rent 
Farmland 

0.90 
(389) 

0.30 0.93 
(259) 

0.25 0.84 
(130) 

0.37 

Total 
Observations 

430 295 135 

Notes: Owned Farm Size refers to the acreage owned by the respondent and under production in the previous season. Income > $250k 
is an indicator variable equal to 1 if reported farm income exceeds $250,000. Experience is the number of years farming, and Rent 
Farmland is an indicator variable equal to 1 if the respondent indicated that they rent farmland. 
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Table 2. Nutrient Reduction Efficiency Coefficients (pounds of reduced nitrogen runoff per acre) for each Conservation 
Practice at the Subwatershed Level  

  
Cover Crops  No-till or Strip-till Reduced Fertilizer (Split 

Nitrogen) 

 Boone Raccoon Boone Raccoon Boone Raccoon 

Mean 6.60 6.11 0.08 0.08 0.45 0.48 

Standard Deviation 1.24 1.71 0.14 0.08 0.25 0.18 

Range 9.53 10.44 0.68 0.41 1.21 1.12 

Minimum -1.16 -0.23 -0.23 -0.05 -0.11 -0.10 

Maximum 8.37 10.21 0.43 0.36 1.10 1.02 

Note: Summaries based on Valcu-Lisman et al. (2017). 
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Table 3. Random Parameter Logit Results 
Attribute Contract Type Mean Std. Deviation 

Contract Length 

Cost Share -0.3747** 
(0.1528) 

0.0657 
(0.3901) 

Reverse Auction -0.5511*** 
(0.1746) 

0.2454 
(0.3606) 

Cover Crops 

Cost Share -1.325*** 
(0.4197) 

1.6359** 
(0.7372) 

Reverse Auction -0.8544** 
(0.3696) 

0.9667 
(0.8509) 

No-till or Strip-till 

Cost Share -1.6821*** 
(0.4651) 

1.4519* 
(0.8043) 

Reverse Auction -1.3588*** 
(0.4664) 

1.7351** 
(0.7296) 

Split Nitrogen 

Cost Share -0.8210* 
(0.4334) 

1.6135* 
(0.8724) 

Reverse Auction -0.4935 
(0.3591) 

1.3307 
(0.8107) 

Payment 

Cost Share 0.0313*** 
(0.0068) 

 

Reverse Auction 0.0168*** 
(0.0042) 

 

Status-Quo ASC 

Cost Share -0.1889 
(0.6897) 

4.9794*** 
(1.0460) 

Reverse Auction -0.3094 
(0.6003) 

2.7137*** 
(0.5655) 

Observations 

(Respondents) 

 2,418 

(430) 

Notes: *, **, and *** indicate statistical significance at the 90%, 95%, and 99% confidence 
levels, respectively. We show model standard errors in parentheses. We model all attributes with 
normal preference distributions except for Payment, which is fixed. The model uses the 
expectation-maximization (EM) algorithm with 250 Halton draws for simulation.
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Table 4. Full Watersheds Policy Simulation Results: Cover Crops Contracts, Small Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres 

Enrolled (% 

of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% N 

reduction from 

baseline)  

Dollars per 

lb. Reduced 

B/C 

Ratio 

1. Cost Share $50 $593,300 $50 104 11,866 acres 

(0.6%) 

8.09 lbs. 95,973 lbs.  

(0.26%) 

$6.18 1.53 

2. Cost Share $50, >= 

Med. reduction fields 

$593,300 $50 104 11,866 acres 

(0.6%) 

8.09 lbs. 95,973 lbs.  

(0.26%) 

$6.18 1.53 

3. Reverse Auction $50 $569,462 $23.33 250 24,409 acres 

(1.3%) 

6.71 lbs. 163,806 lbs. 

(0.45%) 

$3.48 2.73 

4. Reverse Auction $50, 

Accepting >= Med. 

reduction fields 

$599,813 $30.50 208 19,666 acres 

(1.1%) 

7.54 lbs. 148,272 lbs. 

(0.40%) 

$4.05 2.34 

5. Reverse Auction $75, 

Accepting >= Med. 

reduction fields 

$596,280 $37.97 166 15,704 acres 

(0.8%) 

7.44 lbs. 116,845 lbs. 

(0.31%) 

$5.10 1.86 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $603,000.  
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Table 5. Full Watersheds Policy Simulation Results: Cover Crops Contracts, Large Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres Enrolled 

(% of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% 

N reduction 

from baseline)  

Dollars per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $50 $3,076,350 $50 634 61,527 acres 

(3.3%) 

6.95 lbs. 427,987 lbs. 

(1.2%) 

$7.18 1.32 

2. Cost Share $50, >= 

Med. reduction fields 

$2,073,300 $50 416  41,466 acres 

(2.2%) 

7.38 lbs. 306,135 lbs. 

(0.8%) 

$6.77 1.40 

3. Reverse Auction 

$50 

$2,500,623 $37.06 707 67,475 acres 

(3.6%) 

6.39 lbs. 430,992 lbs. 

(1.2%) 

$5.80 2.60 

4. Reverse Auction 

$50, Accepting >= 

Med. reduction fields 

$1,305,736 $38.43 364 33,977 acres 

(1.8%) 

7.37 lbs. 250,309 lbs. 

(0.7%) 

$5.22 2.30 

5. Reverse Auction 

$75, Accepting >= 

Med. reduction fields 

$2,087,893 $57.64 395 36,223 acres 

(2.0%) 

7.34 lbs. 265,947 lbs. 

(0.7%) 

$7.85 1.23 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $3,145,000. 
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Table 6. Full Watersheds Policy Simulation Results: No-till/Strip-till Contracts, Small Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres Enrolled 

(% of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% N 

reduction from 

baseline)  

Dollars 

per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $74,460 $10 73 7,446 acres 

(0.4%) 

0.31 lbs. 2,332 lbs. 

(0.006%) 

$31.93 0.30 

2. Cost Share $10, >= 

Med. reduction fields 

$74,460 $10 73 7,446 acres 

(0.4%) 

0.31 lbs. 2,332 lbs. 

(0.006%) 

$31.93 0.30 

3. Reverse Auction $10 $78,936 $5.75 83 13,728 acres 

(0.7%) 

0.28 lbs. 3,848 lbs. 

(0.01%) 

$20.51 0.46 

4. Reverse Auction $10, 

Accepting >= Med. 

reduction fields 

$78,936 $5.75 83 13,728 acres 

(0.7%) 

0.28 lbs. 3,848 lbs. 

(0.01%) 

$20.51 0.46 

5. Reverse Auction $15, 

Accepting >= Med. 

reduction fields 

$51,480 $7.50 42 6,864 acres 

(0.4%) 

0.31 lbs. 2,145 lbs. 

(0.005%) 

$23.99 0.40 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $84,000. 
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Table 7. Full Watersheds Policy Simulation Results: No-till/Strip-till Contracts, Large Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres Enrolled 

(% of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% 

N reduction 

from baseline)  

Dollars 

per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $935,970 $10 967 93,597 acres 

(5.1%) 

0.07 lbs. 6,774 lbs. 

(0.02%) 

$138.17 0.07 

2. Cost Share $10, >= 

Med. reduction fields 

$437,774 $10 468  43,774 acres 

(2.4%) 

0.15 lbs. 6,577 lbs. 

(0.02%) 

$66.55 0.14 

3. Reverse Auction $10 $255,956 $6.89 374 37,149 acres 

(2.0%) 

0.13 lbs. 4,774 lbs. 

(0.01%) 

$53.61 0.18 

4. Reverse Auction 

$10, Accepting >= 

Med. reduction fields 

$172,204 $6.96 250 24,742 acres 

(1.3%) 

0.19 lbs. 4,661 lbs. 

(0.01%) 

$36.94 0.26 

5. Reverse Auction 

$15, Accepting >= 

Med. reduction fields 

$271,336 $10.44 260 25,990 acres 

(1.4%) 

0.18 lbs. 4,769 lbs. 

(0.01%) 

$56.88 0.17 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $3,145,000. 
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Table 8. Full Watersheds Policy Simulation Results: Split N Application Contracts, Small Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres Enrolled 

(% of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% N 

reduction from 

baseline)  

Dollars 

per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $78,830 $10 73 7,883 acres 

(0.4%) 

0.87 lbs. 6,821 lbs. 

(0.02%) 

$11.56 0.82 

2. Cost Share $10, >= 

Med. reduction fields 

$78,830 $10 73 7,883 acres 

(0.4%) 

0.87 lbs. 6,821 lbs. 

(0.02%) 

$11.56 0.82 

3. Reverse Auction $10 $85,510 $5.11 187 16,734 acres 

(0.9%) 

0.57 lbs. 9,615 lbs. 

(0.03%) 

$8.90 1.07 

4. Reverse Auction 

$10, Accepting >= 

Med. reduction fields 

$83,737 $6.38 135 13,125 acres 

(0.7%) 

0.68 lbs. 8,970 lbs. 

(0.03%) 

$9.34 1.01 

5. Reverse Auction 

$15, Accepting >= 

Med. reduction fields 

$80,288 $7.83 94 10,254 acres 

(0.6%) 

0.66 lbs. 6,773 lbs. 

(0.02%) 

$11.86 0.80 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $84,000. 
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Table 9. Full Watersheds Policy Simulation Results: Split N Application Contracts, Large Budget 
Policy Scenarios Total 

Budget 

Spent 

Cost 

per 

Acre 

Projected 

Farmers 

Enrolled 

Acres Enrolled 

(% of all 

farmland) 

Lbs. 

Reduced 

per Acre 

Predicted N 

Reduction (% 

N reduction 

from baseline)  

Dollars 

per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $985,160 $10 1,009 98,516 acres 

(5.3%) 

0.46 lbs. 45,210 lbs. 

(0.1%) 

$21.79 0.44 

2. Cost Share $10, >= 

Med. reduction fields 

$482,660 $10 499  48,266 acres 

(2.6%) 

0.61 lbs. 29,521 lbs. 

(0.08%) 

$16.35 0.60 

3. Reverse Auction $10 $323,028 $7.18 510 44,990 acres 

(2.4%) 

0.46 lbs. 20,818 lbs. 

(0.06%) 

$15.52 0.61 

4. Reverse Auction 

$10, Accepting >= 

Med. reduction fields 

$179,946 $7.69 270 23,400 acres 

(1.3%) 

0.61 lbs. 14,342 lbs. 

(0.04%) 

$12.55 0.76 

5. Reverse Auction 

$15, Accepting >= 

Med. reduction fields 

$303,882 $11.54 292 26,333 acres 

(1.4%) 

0.60 lbs. 15,872 lbs. 

(0.04%) 

$19.14 0.50 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. The baseline N 
loading in the Boone and North Raccoon River watersheds are 12.42 and 34.69 million lbs, respectively (Gassman et al. 2017; Jones 
and Schilling 2019). According to the 2017 Census of Agriculture, the Boone watershed has 469,285 acres in farms and the North 
Raccoon River watershed has 1,381,553 acres in farms. Total budget allocated for each scenario is $3,145,000.
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Table 10. Benefit/Cost Ratios under Different Assumptions for Societal Benefits of Per-pound N Reduction 
Policy  Cover Crops No-till/Split-till  Split-N Application 

 Benefits (Current and Alternative societal benefits of N reduction in $/lb)  

 $9.48 $2 $5 $20 $9.48 $2 $5 $20 $9.48 $2 $5 $20 

1.  1.53 0.32 0.81 3.24 0.30 0.06 0.16 0.63 0.82 0.17 0.43 1.73 

2.  1.53 0.32 0.81 3.24 0.30 0.06 0.16 0.63 0.82 0.17 0.43 1.73 

3.  2.73 0.58 1.44 5.75 0.46 0.10 0.24 0.98 1.07 0.22 0.56 2.25 

4.  2.34 0.49 1.24 4.94 0.46 0.10 0.24 0.98 1.01 0.21 0.54 2.14 

5.  1.86 0.39 0.98 3.92 0.40 0.08 0.21 0.83 0.80 0.17 0.42 1.69 

Note: Keeler et al. (2016) shows there is substantial geographical variation in the social cost of nitrogen, however, their study does not 
consider the benefits from improvements in local and downstream surface water quality.  
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Figure 1. The Boone and North Raccoon River watersheds in Iowa. 
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Figure 2. An example of cost-share (top) and reverse auction (bottom) conservation 
contracts. 
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Figure 3. Distribution of bids as a proportion of maximum allowable bid in reverse auction 
choice scenarios.
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Figure 4. Spatial distribution of nitrogen reduction coefficients (lbs. of N reduced per acre of conservation practice adopted): 
(a) cover crops; (b) no-till; and, (c) split nitrogen proxied by reduced fertilizer.  

Note: Based on Valcu-Lisman et al. (2017).  
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Table A1. Modeling Heterogeneous Preferences by Watershed 

Attribute Contract Type Boone North Raccoon P value for 
Mean(Boone) 

=Mean(NRaccoon) 
  Mean Std. Deviation Mean Std. Deviation 

Contract Length 

Cost Share 0.0130 
(0.1583) 

0.0245 
(0.7026) 

-0.7281** 
(0.2886) 

0.1330 
(0.6006) 

0.0243** 

Reverse Auction -0.6935*** 
(0.2152) 

0.0200 
(0.2939) 

-0.6779** 
(0.2884) 

0.6054* 
(0.3255) 

0.9654 

Cover Crops 

Cost Share -1.2013** 
(0.5199) 

0.5149 
(2.2643) 

-1.2122* 
(0.6286) 

1.9521** 
(0.9706) 

0.9893 

Reverse Auction -0.9197* 
(0.5570) 

0.8292 
(0.9979) 

-0.7406* 
(0.3820) 

0.1366 
(1.2725) 

0.7909 

No Till 

Cost Share -0.9525* 
(0.4925) 

0.7773 
(1.5125) 

-2.6062** 
(1.0451) 

3.2513* 
(1.7432) 

0.1523 

Reverse Auction -1.5286*** 
(0.7606) 

2.8288*** 
(1.0169) 

-1.5309*** 
(0.5446) 

1.1811 
(1.0808) 

0.9972 

Split Nitrogen 

Cost Share -0.8861** 
(0.4307) 

0.1963 
(1.2281) 

-0.6273 
(0.6220) 

1.0378 
(0.9679) 

0.7323 

Reverse Auction -1.4716** 
(0.6247) 

1.6016* 
(0.9001) 

0.3025 
(0.3889) 

0.6622 
(1.2016) 

0.0159** 

Payment 

Cost Share 0.0259*** 
(0.0068) 

 0.0365*** 
(0.0121) 

 0.4461 

Reverse Auction 0.0135** 
(0.0063) 

 0.0222*** 
(0.0061) 

 0.3173 

Status-Quo ASC 

Cost Share 0.9222 
(0.7956) 

3.3264*** 
(0.9063) 

-0.9588 
(1.1324) 

6.8877*** 
(2.0003) 

0.1741 

Reverse Auction -1.1699 
(0.9889) 

2.1651*** 
(0.6614) 

-0.0380 
(0.8461) 

3.5033*** 
(1.0553) 

0.3533 

Notes: *, **, and *** indicate statistical significance at the 90%, 95%, and 99% confidence levels, respectively. We show model 
standard errors in parentheses and model all attributes with normal preference distributions except for Payment, which is fixed. The 
model uses the expectation-maximization (EM) algorithm with 250 Halton draws for simulation.



Table A2. Modeling Heterogeneous Preferences by Farmer Characteristics 

Attribute Contract Type Cost Share Reverse Auction 
  Mean Std. Deviation Mean Std. Deviation 

Contract Length 

Age > 60 -0.9642** 
(0.4171) 

1.2492** 
(0.5018) 

-0.6057*** 
(0.2144) 

0.2501 
(0.4019) 

Age ≤ 60 -0.4626** 
(0.2285) 

0.1818 
(0.3183) 

-0.4391*** 
(0.1688) 

0.1825* 
(0.3585) 

P value for Differences (Old vs. Young) 0.1229  0.3512  

Cover Crops 

No Previous Use -1.8670*** 
(0.6536) 

2.3577** 
(1.0214) 

-1.0767*** 
(0.3962) 

0.7682 
(0.8523) 

Previous Use -0.8906 
(1.0843) 

2.9664* 
(1.6810) 

0.3206 
(0.9108) 

1.5902 
(2.0529) 

P value for Differences (Use vs. Not) 0.4223  0.1607  

No Till  -1.9610*** 
(0.6218) 

2.0123** 
(0.9536) 

-1.3640** 
(0.4314) 

1.2499* 
(0.7325) 

Split Nitrogen  -0.8393* 
(0.4813) 

0.6065 
(0.9531) 

-0.4886 
(0.3323) 

1.3085** 
(0.6139) 

Payment 

High Sales 0.0499*** 
(0.0140) 

 0.0159*** 
(0.0048) 

 

Low Sales 0.0202** 
(0.0074) 

 0.0139*** 
(0.0046) 

 

P value for Differences (High vs. Low Sales) 0.0088***  0.6716  

Status-Quo ASC  -1.4032 
(0.9045) 

4.6528*** 
(1.3347) 

-0.4874 
(0.6124) 

2.5015*** 
(0.5413) 

Notes: *, **, and *** indicate statistical significance at the 90%, 95%, and 99% confidence levels, respectively. We show model 
standard errors in parentheses and model all attributes with normal preference distributions except for Payment, which is fixed. The 
model uses the expectation-maximization (EM) algorithm with 250 Halton draws for simulation. 



A brief description of Sample-Only Simulation Results 

 

 Tables A3–A5 show that for all three management practices, the baseline cost-share 

scenario at EQIP rates enrolls just less than one-quarter of farmers in our sample. As expected, 

targeting fields (or, more specifically given the data used in this analysis, townships) with N 

runoff potential above the median that are projected to yield greater N reductions boosts average 

benefits per acre. The percentage increase is 22% for cover crops, 33% for split N application, 

and 114% for no-till. It is worth noting that, while the percentage increase in benefits per acre is 

quite large for no-till, spatial targeting only increases the benefit-cost ratio for no-till contracts 

from 0.07 to 0.14. In other words, despite the over 100% increase in cost-effectiveness, the 

benefit-cost ratio is still well below 1. Despite these noteworthy increases in per-acre benefits, 

reductions in enrollment of 50%–60% for all three practices lead to no change or even decreases 

in total watershed N reductions. This is to be expected, as this rule effectively bars half of fields 

from eligibility, thus increasing efficiency while muting total impact. 

Just as targeting fields yields increased average benefits, offering reverse auctions rather 

than guaranteed cost shares effectively reduces average costs per acre by 15%–20%. 

Unfortunately, reverse auctions are also accompanied by a substantial reduction in enrollment. 

Scenario 4, which combines both benefit-increasing and cost-reducing interventions, yields the 

lowest enrollment rate but improves cost-effectiveness (measured in dollars per pound of N 

reduced) relative to scenarios that use only one intervention for two of the three practices 

examined. Lastly, we consider increasing the maximum allowable bid in reverse auctions as a 

method of increasing enrollment and find that even a 50% increase in the maximum allowable 

bid yields enrollment increases of only 0–2 percentage points. This is a rather surprising result 



and speaks to the aversion toward reverse auction participation we find for a substantial portion 

of our sample, as well as the relatively weak estimated increases in utility for farmers from 

increasing maximum bid amounts. 

 Turning to benefit-cost ratios and projected total N reductions, our policy simulations 

uniformly pass a benefit-cost test for cover crops (ranging from 1.15 to 1.82 depending on the 

scenario) while uniformly failing for no-till (ranging from 0.07 to 0.26) and split N application 

(ranging from 0.44 to 0.76). It is illustrative to observe that cover crop contracts outperform the 

other studied management practices despite their larger per-acre price tag since our modeling 

suggests they are far superior at reducing N loadings.  



Table A3. Sample-Only Policy Simulation Results: Cover Crops Contracts 
Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres Enrolled Lbs. 

Reduced 

per Acre 

Dollars per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $50 $50 23.6% 8,632 acres 6.05 lbs. $8.26 1.15 

2. Cost Share $50, >= 

Median reduction fields 

$50 9.6% 3,987 acres 7.38 lbs. $6.77 1.40 

3. Reverse Auction $50 $37.06 16.3% 6,488 acres 6.39 lbs. $5.80 1.63 

4. Reverse Auction $50, 

Accepting >= Median 

reduction fields 

$38.43 8.4% 3,267 acres 7.37 lbs. $5.22 1.82 

5. Reverse Auction $75, 

Accepting >= Median 

reduction fields 

$56.64 9.1% 3,483 acres 7.34 lbs. $7.72 1.23 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. Predicted N 
reductions for our sample are derived by comparing the total N reductions in the sample due to the contract with the total N loading 
projected for the 37,230.5 acres in our sample. 

 



Table A4. Sample-Only Policy Simulation Results: No-Till and Strip-Till Contracts 
Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres Enrolled Lbs. Reduced 

per Acre 

Dollars per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $10 22.4% 9,000 acres 0.07 lbs. $138.17 0.07 

2. Cost Share $10, >= 

Median reduction fields 

$10 10.8% 4,209 acres 0.15 lbs. $66.55 0.14 

3. Reverse Auction $10 $6.89 8.7% 3,572 acres 0.13 lbs. $53.61 0.18 

4. Reverse Auction $10, 

Accepting >= Median 

reduction fields 

$6.96 5.8% 2,379 acres 0.19 lbs. $36.94 0.26 

5. Reverse Auction $15, 

Accepting >= Median 

reduction fields 

$10.62 6.0% 2,499 acres 0.18 lbs. $57.87 0.16 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to our modeling, the median field in our data set is projected to reduce N loadings by 0.05 lbs. per acre with the use of no-
till. Predicted N reductions for our sample are derived by comparing the total N reductions in the sample due to the contract with the 
total N loading projected for the 37,230.5 acres in our sample. 

 

 

 

 



Table A5. Sample-Only Policy Simulation Results: Split N Application Contracts 
Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres Enrolled Lbs. Reduced 

per Acre 

Dollars per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $10 $10 23.3% 9,473 acres 0.46 lbs. $21.79 0.44 

2. Cost Share $10, >= 

Median reduction fields 

$10 11.5% 4,641 acres 0.61 lbs. $16.35 0.58 

3. Reverse Auction $10 $7.18 11.8% 4,326 acres 0.46 lbs. $15.52 0.61 

4. Reverse Auction $10, 

Accepting >= Median 

reduction fields 

$7.69 6.3% 2,250 acres 0.61 lbs. $12.55 0.76 

5. Reverse Auction $15, 

Accepting >= Median 

reduction fields 

$11.57 6.7% 2,532 acres 0.60 lbs. $19.20 0.49 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to our modeling, the median field in our data set is projected to reduce N loadings by 0.45 lbs. per acre with the use of split 
N application. Predicted N reductions for our sample are derived by comparing the total N reductions in the sample due to the contract 
with the total N loading projected for the 37,230.5 acres in our sample. 

 

 

 

 

 

 



Table A6. Sample-Only Policy Simulation Results with Alternative Bid Generation: Cover Crops Contracts 

Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres Enrolled Lbs. 

Reduced 

per Acre 

Predicted % 

N Reduction 

for Sample 

Dollars per lb. 

Reduced 

B/C 

Ratio 

1. Cost Share $50 $50 23.6% 8,632 acres 6.05 lbs. 7.9% $8.26 1.15 

2. Cost Share $50, >= 

Median reduction fields 

$50 9.6% 3,987 acres 7.38 lbs. 4.4% $6.77 1.40 

3. Reverse Auction $50 $44.34 16.3% 6,488 acres 6.39 lbs. 6.3% $6.94 1.37 

4. Reverse Auction $50, 

Accepting >= Median 

reduction fields 

$43.57 8.4% 3,267 acres 7.37 lbs. 3.7% $5.91 1.60 

5. Reverse Auction $75, 

Accepting >= Median 

reduction fields 

$63.68 9.1% 3,483 acres 7.34 lbs. 3.9% $8.67 1.09 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to SWAT modeling, the median field in our data set is projected to reduce N loadings by 6.5 lbs. per acre with the use of 
cover crops. Average N loading estimates from our SWAT modeling are 17.69 lbs. per acre for the two watersheds. Predicted N 
reductions for our sample are derived by comparing the total N reductions in the sample due to the contract with the total N loading 
projected for the 37,230.5 acres in our sample. 

 



Table A7. Sample-Only Policy Simulation Results with Alternative Bid Generation: No-Till and Strip-Till Contracts 

Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres 

Enrolled 

Lbs. 

Reduced per 

Acre 

Predicted % 

N Reduction 

for Sample 

Dollars per 

lb. Reduced 

B/C 

Ratio 

1. Cost Share $10 $10 22.4% 9,000 acres 0.07 lbs. 0.09% $138.17 0.07 

2. Cost Share 

$10, >= Median 

reduction fields 

$10 10.8% 4,209 acres 0.15 lbs. 0.09% $66.55 0.14 

3. Reverse Auction 

$10 

$9.44 8.7% 3,572 acres 0.13 lbs. 0.07% $73.50 0.13 

4. Reverse Auction 

$10, Accepting >= 

Median reduction 

fields 

$9.38 5.8% 2,379 acres 0.19 lbs. 0.07% $49.76 0.19 

5. Reverse Auction 

$15, Accepting >= 

Median reduction 

fields 

$14.20 6.0% 2,499 acres 0.18 lbs. 0.07% $77.38 0.12 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to our modeling, the median field in our data set is projected to reduce N loadings by 0.05 lbs. per acre with the use of no-
till. Predicted N reductions for our sample are derived by comparing the total N reductions in the sample due to the contract with the 
total N loading projected for the 37,230.5 acres in our sample. 



Table A8. Sample-Only Policy Simulation Results with Alternative Bid Generation: Split N Application Contracts 

Policy Scenarios Cost per 

Acre 

% of Farmers 

Enrolled 

Acres 

Enrolled 

Lbs. 

Reduced per 

Acre 

Predicted % 

N Reduction 

for Sample 

Dollars per 

lb. Reduced 

B/C 

Ratio 

1. Cost Share $10 $10 23.3% 9,473 acres 0.46 lbs. 0.66% $21.79 0.44 

2. Cost Share $10, >= 

Median reduction fields 

$10 11.5% 4,641 acres 0.61 lbs. 0.42% $16.35 0.58 

3. Reverse Auction $10 $9.49 11.8% 4,326 acres 0.46 lbs. 0.30% $20.51 0.46 

4. Reverse Auction $10, 

Accepting >= Median 

reduction fields 

$9.23 6.3% 2,250 acres 0.61 lbs. 0.21% $15.06 0.63 

5. Reverse Auction $15, 

Accepting >= Median 

reduction fields 

$13.57 6.7% 2,532 acres 0.60 lbs. 0.23% $22.52 0.42 

Notes: Benefit-cost ratios assume a value of $9.48 in benefits from a one-pound reduction of N (Ribaudo, Heimlich, and Peters 2005). 
According to our modeling, the median field in our data set is projected to reduce N loadings by 0.45 lbs. per acre with the use of split 
N application. Predicted N reductions for our sample are derived by comparing the total N reductions in the sample due to the contract 
with the total N loading projected for the 37,230.5 acres in our sample. 

 

 

 



 

Table A9. Summary Statistics for Farmer WTA Estimates 

 Mean Standard Deviation 

Reverse Auction – Cover 
Crops 

$162.92 $91.29 

Cost Share – Cover Crops $85.89 $91.39 

Reverse Auction – No-till $192.72 $100.86 

Cost Share – No-till $97.74 $90.95 

Reverse Auction – Split N $141. 37 $95.02 

Cost Share – Split N $69.80 $93.75 
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Appendix B: Sample Survey Questionnaire of Iowa Farmers: 
Boone and Raccoon River Watersheds 

 
 

This survey should be completed by the principal decision maker of your farm business.  Answer each 
question with the response you believe is most representative of you and your farm. 

Thank you in advance for your time and attention! 
 
 
 
 
1. Did you operate a farm in 2018?  

1 = No 
2 = Yes   

 
2. Do you plan to operate a farm in 2019 and 2020? 

1 = No      
      2 = Yes               

 
If you answered No to Q2, please return the blank survey  

in the postage paid envelope provided.  Thank you! 
 

************************************************************************************ 
 
3. How many of the acres that you farm are: a. owned by you?   ___________ # Acres owned 

b. rented from others?   ___________ # Acres rented 
(including cash rent, flexible  
lease, crop share) 
 

4. How many of the FIELDS that you farm are:  
a. owned by you?   ___________ # Fields owned 

b. rented from others? ___________ # Fields rented 
(including cash rent, flexible  
lease, crop share) 

5. How many acres of corn and soybeans did you harvest in 2018? 
 

a. __________________Corn Acres   b. ___________________Soybean Acres 

Section 1: About You and Your Farm 
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6a. Since 2010, have you converted woodland, pasture, wasteland, fallow, or CRP land into cropland? 

1 = No 
2 = Yes  6b. If Yes, how many acres?  ______________acres 

 

7. Do you use any of the following tillage practices?  If yes, how many acres are tilled in each way? 

 No Yes # Acres 

a. Conventional Tillage (30% residue or less) 1 2  

b. Conservation Tillage (30 – 90% residue) 1 2  

c. Strip-till (90% residue or more) 1 2  

d. No-till (90% residue or more) 1 2  

 
8. Do you have land enrolled in any of the following programs? 

 No Yes # Acres Enrolled 

a. Conservation Reserve Program (CRP) 1 2  

b. Environmental Quality Incentive Program (EQIP) 1 2  

c. Iowa Department of Agriculture and Land 
Stewardship (IDALS) Cost Share Programs 1 2 

 

d. Conservation Stewardship Program (CSP) 1 2  

e. Iowa Mississippi River Basin Initiative (MRBI) 1 2  

 
9. Did you raise the following types of livestock in 2018?  Please circle all that apply.  
 

1 = Beef cattle   4 = Poultry 
2 = Dairy cattle   5 = Other (Please specify:________________________) 
3 = Hogs 
 
 

 
 
 
Please answer the following questions in reference to ONE of your fields that plan to operate for 2019 
and 2020, and where soil erosion and nutrient runoff may be a potential problem.  If there are several 
possible fields to choose from, choose the field where erosion or runoff is of greatest concern.   
 
10. What is the size of this field in acres?  ______________ # acres 
 
11. In which County and Township is this field located? 
 
 ________________________ County   _______________________ Township 
 

Section 2: Nutrient Management on a Specific Field 
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18b. If Yes, who makes the nutrient management decisions for this field? 
1 = I do, with no landlord input 
2 = I do, with landlord input 
3 = My landlord and I equally 
4 = My landlord, with my input 
5 = My landlord alone 
6 = Someone else 

 
 

12a. Does this field have drainage tile installed?          

1 = No 
2 = Yes   12b. If Yes, what is the depth of the tile?  ______________feet  
3 = Unsure 

 

13. What is the general slope of this field? 

1 = 0-2%  4 = More than 10% 
2 = 2-5%  5 = Not sure 
3 = 5-10% 

 

14. Are there buffer strips on this field? 

1 = No                               2 = Yes 
 

15. How close is the nearest stream, ditch or other surface water to this field? 

1 = Less than 25 feet 
2 = 25 – 200 feet 
3 = Greater than 200 feet 

 

16. What is the dominant soil type in this field?   

1 = Clarion soil  5 = Kossuth soil 
2 = Nicollet soil   6 = Bode soil 
3 = Webster soil  7 = Other 
4 = Marna soil  8 = Not sure 

 

17. When do you typically plant crops in this field? 

1 = April 15 or before  4 = May 15-31 
2 = April 16-30    5 = June 1-10 
3 = May 1-15    6 = after June 10 

 
18a. Do you rent this field from someone else? 

1 = No  [If No, go to Q19] 

2 = Yes              
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19. In the 2019 crop year, what would typical cash rent be for this field?    $___________/acre 
(Please provide an estimated cash rent even if you operate this field or rent it on a crop-share basis.) 

 

20a. What crop was planted on this field in 2018? 

1 = Corn 
2 = Soybeans 
3 = Some other crop 

 

20b. What crop will be planted on this field in 2019? 

1 = Corn 
2 = Soybeans 
3 = Some other crop 

 

21. How much nitrogen and phosphorous, from both commercial and manure sources, do you plan to 
apply on this field, in total, for the 2018 and 2019 crop years?    

 
a. Nitrogen (in total for the 2018 and 2019 crop years:________________lbs/acre 
 
b. Phosphate (P2O5) before corn ____________lbs/acre 
 
c. Phosphate (P2O5) before soybeans: ____________lbs/acre 

 
 
22. The following table lists potential nutrient management practices.  Are you planning to use any of 

these practices on this field in during the 2019 growing season (spanning from after harvest in the 
fall of 2018 until harvest in the fall of 2019)?  

Practices Will not use 
in 2019 

Will use in 2019  
as part of a 

conservation cost 
share agreement 

Will use in 2019 
but not part of a 

conservation cost 
share agreement 

a. Plant winter cover crops 1 2 3 
b. Use conservation tillage (30-90% of residue) 1 2 3 
c. Use no-till or strip-till (> 90% residue) 1 2 3 

d. Apply manure, if needed, based on P index 1 2 3 
e. Place P & K more than 2 inches below the soil 

surface 1 2 3 

f. Use split N application (apply some N preplant/at-
plant and the remainder sidedress) 1 2 3 
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23. Do you expect to use any of these practices on this field during the 2020 growing season (from after 
harvest in the fall of 2019 until harvest in the fall of 2020)? 

Practices Will not use 
in 2020 

Will use in 2020  
as part of a 

conservation cost 
share agreement 

Will use in 2020 
but not part of a 

conservation cost 
share agreement 

a. Plant winter cover crops 1 2 3 
b. Use conservation tillage (30-90% of residue) 1 2 3 
c. Use no-till or strip-till (> 90% residue) 1 2 3 

d. Apply manure, if needed, based on P index 1 2 3 
e. Place P & K more than 2 inches below the soil 

surface 1 2 3 

f. Will use split N application (apply some N 
preplant/at-plant and the remainder sidedress) 1 2 3 

 

 

 

 

Conservation Program Overview.  

Consider a new conservation funding concept where a government agency or conservation group is 
offering multiple voluntary conservation contracts with different lengths starting the 2020 growing 
season (from after harvest in the fall of 2019 until harvest in the fall of 2020).  All contracts include the 
adoption of one or more management practices to reduce nutrient loss that are not already in use or 
planned for use in the 2019 growing season, as well as an annual per-acre cost-share payment to the 
farmer.  The practices, as well as the per-acre cost share, apply to the acreage of the entire field. 
 
These programs require farmers to submit cost-share payment requests.  These requests are the 
minimum cost share payment you are willing to receive in the contract.  
 
Given that there is a limited total amount available to pay farmers for conservation practices, lower cost 
share requests that ensure large nutrient reductions are more likely to be accepted and approved. 
 
 
 
 
 
 
 
 

Section 3: Hypothetical Voluntary Conservation Program for Your Field 
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Scenario 1 
 
Please consider the terms of Programs A & B below for your field and answer the questions that follow as 
if a real conservation contract was being offered to you.  
 
 Program A Program B 

Length of Contract 2 years (2020, 2021) 4 years (2020 - 2023) 

No-Till or Strip-Till  (Leaving more than 90% 
residue) Not Required Must be used in 2020-23, 

not used in 2019 

Cover Crops  (Planting a crop after 
harvesting the main cash crop) Not Required Must be used in 2020-23, 

not used in 2019 

Split Nitrogen application (Apply some N 
preplant/at-plant and the remainder 
sidedress) 

Must be used in 2020-21, 
not used in 2019 

Must be used in 2020-23, 
not used in 2019 

Maximum Cost Share Payments  
You Could Request  $100/acre $130/acre 

 
 

24.  Which program do you prefer? 

1 = Program A 2 = Program B 3 = Neither Program  (If Neither, go to Page 7) 
 
25.  What is the minimum cost-share payment amount you would request for your preferred 
conservation program? (Remember, lower cost share requests are more likely to be accepted and 
approved.) 

$ _______________ / acre 
 
 
26.  Consider that your decision to the above scenario is binding, and you receive compensation 

according to your choice. In addition to the conservation practices specified in the program of your 
choice, would you use any of the following practices in this field in the 2020 growing season? 

 
Practices Would not use 

in 2020 

Would use in 
2020 with a cost 

share  

Would use in 
2020 without cost 

share  
a. Use conservation tillage (30-90% of  

residue  
1 2 3 

b. Apply manure based on P index 1 2 3 
c. Place P & K more than 2 inches below the soil 

surface 
1 2 3 

d. Use buffer strips  1 2 3 
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Scenario 2 

 
The table below describes different conservation programs.  Please consider the terms of Programs C & 
D and answer the questions that follow as if a real contract was being offered to you.   
 

 Program C Program D 

Length of Contract 2 years (2020, 2021) 4 years (2020 - 2023) 

No-Till or Strip-Till  (Leaving more than 90% 
residue) 

Must be used in 2020-21, 
not used in 2019 Not Required 

Cover Crops  (Planting a crop after harvesting 
the main cash crop) 

Must be used in 2020-21, 
not used in 2019 Not Required 

Split Nitrogen application (Apply some N 
preplant/at-plant and the remainder 
sidedress) 

Must be used in 2020-21, 
not used in 2019 

Must be used in 2020-23, 
not used in 2019 

Maximum Cost Share Payments You could 
Request  $70/acre $40/acre 

 
 

27.  Which program do you prefer? 

1 = Program A 2 = Program B 3 = Neither Program  (If Neither, go to Page 7) 
 
28.  What is the minimum cost-share payment amount you would request for your preferred 
conservation program? (Remember, lower cost share requests are more likely to be accepted and 
approved.) 

$ _______________ / acre 
 
 
29.  Consider that your decision to the above scenario is binding, and you receive compensation 

according to your choice. In addition to the conservation practices specified in the program of your 
choice, would you use any of the following practices in this field in the 2020 growing season? 

 
Practices Would not use 

in 2020 

Would use in 
2020 with a cost 

share  

Would use in 
2020 without cost 

share  
a. Use conservation tillage (30-90% of  

residue  
1 2 3 

b. Apply manure based on P index 1 2 3 
c. Place P & K more than 2 inches below the soil 

surface 
1 2 3 

d. Use buffer strips  1 2 3 
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35b. If Yes, what percent of your household’s annual  
gross income comes from off-farm sources?  _______________% 

 
 

30. Are you male or female?     1 = Male 2 = Female 
 
31. What is your age?   _________ Years old 
 
32. How many years have you been farming?  _________ Years 
 
33. What is the highest level of education you have completed? 

1 = Some high school        4 = Bachelor’s degree 
2 = High School diploma or GED       5 = Graduate or Professional degree 
3 = Some college, or Associate’s degree   

 
34. What was your total farm operation’s annual gross income in 2018?  

1 = Less than $50,000        4 = $250,000 - $499,999 
2 = $50,000 - $99,999        5 = $500,000 or greater  
3 = $100,000 - $249,999 

 
35a. Does anyone in your household receive income from off farm sources such as an off-farm job, 

social security, retirement income, or something else?  

1 = No   [If No, go to Q36] 
2 = Yes   

 
 
 
36. In general are you someone who is willing to take risks or do you try to avoid taking risks?   

Avoid taking risks    Willing to take risks 

1 2 3 4 5 6 7 

37.  In your occupation as a farmer, are you someone who is willing to take risks or do you try to 
avoid taking risks?   

Avoid taking risks    Willing to take risks 

1 2 3 4 5 6 7 

38. Please record any other thoughts or comments about water quality issues in Iowa.   
 

 
 
 
 
 

 

Thank you!! Please mail your completed survey in the postage-paid envelope provided. 

Section 4: More about You 
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