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ABSTRACT

Essays on Estimating Conditional Crop Yield Densities and Rating Crop

Insurance Contracts

Yong Liu Advisor:

University of Guelph, 2019 Professor A. P. Ker

This dissertation consists of four essays that focus on the U.S. crop insurance program,

particularly econometric methodologies for estimating conditional crop yield densities and

corresponding crop insurance premium rates in the U.S. This is of economic significance because

the U.S. crop insurance program has been the pillar of U.S. domestic agricultural policy for

the past 25 years.

The first essay contributes to the literature by investigating the efficacy of using non-

parametric Bayesian Model Averaging (BMA) to incorporate extraneous information into the

estimated premium rates. Nonparametric BMA is particularly suited to this application be-

cause it does not make any assumptions about parametric form or to what extent yields are

similar. The nonparametric BMA consistently decreases error and enables statistically and

economically significant rents to be captured.

The second essay contributes to the literature by refining the above methodology to ac-

count for various levels of spatial closeness. Specifically, the proposed extension continuously

refines the estimate based on hierarchical spatial structure of geographic features in U.S. crop

production: multi-state, state and crop reporting district(CRD). Results indicate that signif-

icant improvement in stability and accuracy of premium rate are delivered by the proposed

method.



The third essay contributes to the literature by exploring whether governments/insurers

should or should not historically trim yields in estimating their premium rates. Distributional

tests and an out-of-sample retain-cede rating game are used to answer this question. Despite

small sample sizes and the need to estimate tail probabilities, the historical data appears to

be sufficiently different such that trimming is justified.

The final essay contributes to the literature by extending the above methodologies to si-

multaneously incorporate extraneous yield information from both space and time. This essay

proposes three successively flexible data-driven methodologies to nonparametrically smooth

across both space and time simultaneously. By applying these methodologies in estimating

U.S. corn and soybean county-level crop insurance premium rates, we found significant bor-

rowing of information across both time and space. These three methodologies also improve

both the stability and accuracy of crop insurance premium rates.
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Chapter 1 Introduction

This dissertation consists of four essays that focus on the U.S. crop insurance program,

particularly econometric methodologies for estimating conditional crop yield densities and cor-

responding crop insurance premium rates in the U.S. This is of economic significance because

the crop insurance program has been the pillar of U.S. domestic agricultural policy for the

past 25 years. In 2017, over 100 crops were covered under various programs. According to the

estimate of the U.S. Congressional Budget Office in 2014, the total spending on agricultural in-

surance programs will be almost $90 billion over the coming decade. Crop insurance represents

the largest expenditure in the farm bill after food stamps. Moreover, from a global perspective,

crop insurance programs have been integral to rural economic growth in many developed and

developing countries including Canada, Spain, France, Brazil, China, India, and others.

The second chapter of this dissertation investigates the efficacy of using nonparametric

Bayesian Model Averaging (BMA) to incorporate extraneous spatial information into the es-

timated premium rates. Crop insurance is plagued by relatively little historical information

but significant spatial information. Nonparametric BMA is particularly suited to this appli-

cation because it does not make any assumptions about parametric form or to what extent

yields are similar. The proposed estimator is evaluated under small to medium sample sizes

and geographical restrictions on the distance of spatial smoothing. The nonparametric BMA

consistently decreases error and enables statistically and economically significant rents to be

captured. The performance of the proposed estimator is also evaluated under various levels of

geographical restrictions on the distance of spatial smoothing, including multi-state, state and

crop reporting district (CRD). The results indicate that statistically and economically signifi-

cant rents can be recovered by the private insurers using the nonparametric BMA to adversely

select against the Risk Management Agency (RMA), the administrative agency that sets and
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subsidizes premium rates, and shares in the underwriting gains and losses of the insurance

contracts with private insurers.

The third chapter is an extension of the second chapter and considers using extraneous

and spatially correlated yield data to increase estimation efficiency, which has received broad

interest in recent crop insurance literature. In many cases, borrowing information to compen-

sate for the scarcity of individual historical county crop yields shows statistical and economical

improvement in estimation results. In this chapter, the proposed BMA estimator continuously

refines the estimate based on the hierarchical structure of geographic features in U.S. crop pro-

duction: multi-state, state and crop reporting district (CRD). The motivation comes from the

conclusions of the second chapter. When considering nonparametric BMA under various levels

of geographical restrictions, significant weight is distributed in geographically distant areas.

On the other hand, CRD is intuitively a restricted region that a group of counties share a lot

of similarities in farming practice, geographic features and weather conditions. The proposed

estimator continuously refines the estimate following the hierarchical geographic structure in

crop production. Results indicate that significant improvements in stability and accuracy of

premium rate are delivered by the proposed method.

The fourth chapter explores whether RMA or insurers should or should not historically

trim yields in estimating their premium rates. Crop insurance is the cornerstone program of

domestic farm policies in most developed countries. In most cases, all available historical yield

data are used to rate these crop insurance policies. Currently, RMA uses county yield data

from the 1950s onwards to set guarantees and estimate premium rates for their area yield and

revenue insurance products but trims yield data prior to 1991 in rating their newer shallow

loss products. However, the past 70 years reflect very significant innovations in both seed

and farm management technologies; innovations that have likely moved mass all around the

support of the yield distribution. Although most countries’ rating methodology corrects for

time-varying movements in the first two moments, it is unclear whether using the entire yield

series remains appropriate. In this chapter, distributional tests and an out-of-sample retain-
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cede rating game are utilized to answer the above question. The findings indicate that the

historical data appears to be sufficiently different such that trimming is justified, despite the

small sample sizes and the need to estimate tail probabilities. The results also give caution to

other empirical analyses using historical yield data.

The fifth chapter generalizes the above methodologies to simultaneously incorporate ex-

traneous yield information from both space and time. There has been a recent surge in the

literature outlining methodologies that make use of spatially extraneous yield data in estimat-

ing crop insurance premium rates. Along a different vein, recent research has questioned the

validity of using all available historical yield data given the amount of technological changes

in seed and farm management technologies as well as climate change. Following this vein, it is

suggested that historical yield data be trimmed to the most recent 25-30 years thereby making

the historically discarded yield data temporally extraneous. In this chapter, three successively

flexible data-driven methodologies to nonparametrically smooth across both space and time

simultaneously are introduced. By applying these methodologies in estimating U.S. corn and

soybean county-level crop insurance premium rates, significant borrowing of information across

both time and space are founded. These three methodologies also improve both the stability

and accuracy of crop insurance premium rates.
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Chapter 2 Rating Crop Insurance Contracts with

Nonparametric Bayesian Model Averag-

ing

2.1 Introduction

Over the past half century, crop insurance has been an essential part of U.S. domestic agricul-

tural and rural policy. The U.S. is not alone; subsidized crop insurance has and continues to

be the cornerstone of domestic agricultural policy in most developed countries such as Canada,

Spain, Italy, Japan, France, and others (Smith and Glauber, 2012). Moreover, crop insurance

programs have been integral to rural economic growth in many developing countries includ-

ing Brazil, China, India, Malaysia, Philippines, and countries in Sub-Sahara Africa (Roberts,

2005; Herbold, 2010). The U.S. agricultural insurance program covers over 100 different crops

and has programs for livestock and dairy. The Congressional Budget Office (2014) estimates

spending of public monies on agricultural insurance programs will be almost $90 billion for

the 2014-2023 period. This does not include any ad-hoc assistance like the recently announced

$12 billion trade dispute assistance program for U.S. farmers.

Because crop insurance is the cornerstone of domestic agricultural policy in almost all devel-

oped countries and vast sums of public monies are used to subsidize crop insurance premiums,

there exists a significant amount of literature on estimating yield densities and premium rates.

The actuarially fair premium rate for an insurance contract is defined as expected loss divided

by total liability. In practice, an estimate of the conditional yield or revenue density is required

to recover premium rates. The idea of formally incorporating yield data from other densities

to improve the accuracy of the estimation process started in Ker and Goodwin (2000) and

4



continued with Racine and Ker (2006). Very recently, this literature has grown with arti-

cles by Annan et al. (2013), Ker, Tolhurst, and Liu (2016), Park, Brorsen, and Harri (2018),

and Ramsey (2019). We contribute to this literature by considering nonparametric Bayesian

Model Averaging (BMA) to incorporate spatially extraneous yield information. We make two

contributions: (i) we include spatially extraneous information without the need to make dis-

tributional assumptions regarding the data generating process of yields; and (ii) we evaluate

various levels of geographical restrictions on the distance of spatial smoothing. Specifically,

we consider the efficacy of the nonparametric BMA in estimating crop insurance rates under

three spatial restrictions. First, we restrict extraneous yield data to within a crop-reporting

district (CRD). Second, we restrict extraneous yield data to within a state. Finally, we do not

impose any restrictions on extraneous yield data and use all available yield data. To evaluate

our proposed methodology, we undertake two simulations. We assess statistical significance by

sampling from estimated yield densities and comparing the premium rates derived from the

nonparametric BMA with those derived from the standard nonparametric kernel density esti-

mate and those from RMA’s current method. We assess economic importance by conducting

an out-of-sample retain-cede rating game, whereby the private insurer attempts to adversely

select against the RMA.

2.2 U.S. Crop Insurance Program and Premium Rate Estima-

tion

The U.S. crop insurance program is operated by the Risk Management Agency (RMA). RMA

is an arm of the United States Department of Agriculture (USDA). The government (RMA)

sets premium rates, subsidizes those premiums, and shares in the underwriting gains and

losses of the insurance contracts with private insurers. Estimated premium rates are set to be

actuarially fair with an 11% top-up for reserves. That is, unlike private insurance markets,

there is neither a risk premium nor premium to cover a return to capital. Private insurers
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approved to participate in the program sell the policies to farmers, conduct claim adjustments,

and share the underwriting gains and losses of the insurance contracts they sell. The structure

by which the private insurers are compensated for participating is set out in the Standard

Reinsurance Agreement (SRA). While the parameters have changed over time, the structure

of the SRA has remained relatively intact: (i) private insurers are reimbursed a percentage of

collected premium to cover their administrative and operating (A&O) costs; (ii) underwriting

gains and losses of the policies they sell are shared with RMA; (iii) there is a mechanism by

which insurers can opt out of the large majority of underwriting gains and losses of policies

they do not want; and (iv) the underwriting gains and losses are shared asymmetrically where

insurers receive a higher share of the underwriting gains than losses. The opt-out mechanism

is necessary because private insurers do not set premium rates. The asymmetric sharing of

the underwriting gains and losses is necessary to compensate private insurers for both the lack

of a risk premium and the lack of a premium to cover a return to capital, both of which are

absent in the government-set premium rates.1

In practice, to estimate the premium rates requires an estimate of the conditional yield or

revenue density. Parametric methods have dominated the literature. These methods include

the Normal (Botts and Boles, 1958), Gamma (Gallagher, 1987), Beta (Nelson and Preckel,

1989), Logistic (Atwood, Shaik, and Watts, 2003), Weibull (Sherrick et al., 2004), inverse sine

transformation method (Ramirez, 1997), maximum entropy (Wu and Zhang, 2012; Tack, Harri,

and Coble, 2012) and Normal mixtures (Woodard and Sherrick, 2011; Tolhurst and Ker, 2015).

Recently, Zhu, Goodwin, and Ghosh (2011), Tolhurst and Ker (2015), and Ker, Tolhurst, and

Liu (2016) have incorporated time-varying moments in a parametric framework. Clearly, there

is no consensus in the literature on the distributional form of yields. This is not necessarily

surprising, as yield distributions, albeit unknown, appear to vary across crops, across regions

within a crop, and even across time within a crop-region combination.

1The SRA is far more complicated than outlined here. For more detail, see USDA Risk Management Agency
(2017), Ker (2001), or Ker et al. (2017).
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Nonparametric and semiparametric methods have been sparingly used. Nonparametric

methods have the distinct advantage of requiring fewer assumptions; thus, there are fewer

caveats associated with the results/conclusions. Moreover, parametric assumptions may not be

testable or, if testable, may suffer from low power against reasonable alternatives. Conversely,

one-dimensional nonparametric methods converge at a marginally slower rate (O(n−4/10) versus

O(n−5/10)). See Goodwin and Ker (1998), Ker and Goodwin (2000), Ker and Coble (2003),

and Norwood, Roberts, and Lusk (2004) for applications of nonparametric density methods to

rating crop insurance contracts. Interestingly, each of these articles attempted to incorporate

additional information into the density estimation process. Goodwin and Ker (1998) used yield

data from surrounding counties, although weights were defined in an ad-hoc manner. Ker and

Goodwin (2000) replaced ad-hoc weights by empirical Bayes (or shrinkage) weights that varied

pointwise across the domain of the density. Ker and Coble (2003) incorporated additional

information not in terms of using surrounding yield data but in terms of a parametric form;

they first estimated a parametric start assuming a Normal distribution and then corrected

that start nonparametrically. Finally, Norwood, Roberts, and Lusk (2004) found that the

nonparametric method as proposed by Goodwin and Ker (1998) outperformed parametric

methods from Gallagher (1987), Nelson and Preckel (1989), Moss and Shonkwiler (1993),

Ramirez (1997), and Just and Weninger (1999).

Bayesian methods have also been used quite sparingly in the crop insurance literature. Re-

cently, Ker, Tolhurst, and Liu (2016) proposed using BMA with parametric models to rate crop

insurance contracts. Interestingly, the BMA was not done over a set of different parametric

functional forms as is common, but rather over a set of parametric density estimates based on

yields from different counties. That is, the candidate set of models for the BMA was derived

from different sources of data using a single parametric model rather than different parametric

models estimated from a single set of data. Ker and Liu (2017) generalized this methodol-

ogy to the nonparametric case by reparametrizing the nonparametric kernel density estimator

into a mixture with means equal to the realizations and variances equal to the squared band-
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width. However, unlike in Ker, Tolhurst, and Liu (2016) where a likelihood is maximized over

a parameter space to create the initial set of candidate models, the nonparametric generaliza-

tion removes this optimization step. The main advantage of the nonparametric BMA is that

parametric assumptions are not required on the individual densities. The relaxing of this re-

striction is particularly important as parametric forms of yield distributions are both unknown

and changing across time and space.

2.3 Data and Methods

2.3.1 Data

Although individual farm yield and revenue insurance are the predominant programs, shallow

loss and area-yield and area-revenue insurance also exist. Premium rates for farm programs

are primarily based on individual yields, while rates for the shallow loss and area programs

are based on county yields. The above cited literature on rating crop insurance contracts

necessarily uses county yield data because of the non-availability of farm-level yield data. We

necessarily use county yield data as well. Despite the non-availability of individual yield data,

the above literature and our manuscript remain important for a number of reasons. First,

methodologies that properly incorporate spatially extraneous information are more relevant at

the farm-level where historical data are more limited. Second, county-level rates are used in

the farm-level rating process. Third, a methodology that does not perform well in estimating

county-level rates is not likely to perform well in estimating farm-level rates.

We use county yield data collected by USDA’s National Agricultural Statistical Service

(NASS) for corn, soybean, cotton, and winter wheat.2 Corn, soybean, and wheat topped the list

of insured commodities in 2017. In fact, corn and soybean together represented approximately

60 percent of total liabilities. For corn and soybean, we use county-level NASS yield data from

2Another source for historical crop yields is provided by RMA: https://webapp.rma.usda.gov/apps/RIRS/
AreaPlanHistoricalYields.aspx.
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the major corn and soybean producing states: Illinois, Indiana, Iowa, Minnesota, Missouri,

Ohio, and Wisconsin. For cotton, the major producing states are Arkansas, Georgia, Louisiana,

Mississippi, and Tennessee. For winter wheat, we use Illinois, Indiana, Kansas, Michigan,

Missouri, Ohio, Oklahoma, and Tennessee. We use yield data from 1955-2017 and exclude

counties with incomplete histories.3 Overall, we have yield data from 409, 399, 51, and 143

counties for corn, soybean, cotton, and winter wheat, respectively.4

2.3.2 RMA Methodology

We compare our methodology to the current RMA methodology to maximize policy relevance.

To recover the premium rates, RMA requires an estimate of the conditional yield density for

the insurance period. RMA detrends the historical yield data using a two-knot linear spline

estimated with robust methods and then imposes spatial and temporal priors on the knot

points:

yt = θ1 + θ2t+ δ1d1(t− k1) + δ2d2(t− k2) + εt (2.1)

with d1 = 1 if t ≥ k1 and d2 = 1 if t ≥ k2 for knots k1, k2 ∈ (1 + k̄, . . . , T − k̄) and k2− k1 ≥ k.

The k, k̄ ≥ 10 are a prior imposed bounds which prevent the knots from locating too close

together (k) or too close to either endpoint (k̄). Knot locations ki are selected using a grid

search (least-squares criterion). The model is run with zero, one, and two knots, and then the

number of knots used is selected using AIC.5 The degree of heteroskedasticity in the residu-

als is estimated using Harri et al. (2011). RMA combines the prediction from their two-knot

linear spline model with the heteroskedastic-corrected residuals from their temporal model to

recover a set of assumed identically and independently distributed yields from the required

conditional yield density. RMA estimates county unloaded premium rates empirically and

3We excluded the counties with incomplete data mainly for convenience and consistency. All estimators
considered can accommodate missing data.

4All data and code will be made available online.
5We do not impose the spatial and temporal priors on knots used by the RMA.
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then does credibility smoothing with surrounding counties.6 For our simulations, we will focus

on the unloaded rates and use the RMA detrending and heteroskedasticity adjustments in

our simulations so that any rate differences are solely due to the different density estimation

methodologies. We illustrate the yield data and corresponding RMA-estimated trends of se-

lected crop-county combinations in Figure 2.1. Of particular note is that the RMA detrending

methodology, although flexible, does not over fit the data. This is due in part to using AIC to

choose the number of knots and in part to the robust estimation of the splines.

2.3.3 Nonparametric Density Estimation

We use nonparametric kernel methods to recover our initial density estimates based on the

set of identically and independently distributed yields (y1, ...., yn). The usual kernel density

estimate can be expressed as

f̂(y) = (1/n)
n∑

i=1

Kh(y − yi) (2.2)

where n is the number of yield observations, h is the bandwidth or smoothing parame-

ter, Kh(u) = 1/hK(u/h), K is the kernel function, and the summation is over (y1, ...., yn).

Throughout, K is assumed to be a square integrable symmetric probability density function

with a finite second moment.

The two choices required for kernel density estimation are that of h, the smoothing param-

eter, and K, the kernel function. The choice of h is critical, and the literature has used various

forms of direct plug-in, rules of thumb, and cross-validation methods. We use Silverman’s rule

of thumb (Silverman, 1986), h = 1.06σn−.2, for three reasons: (i) we estimate in excess of

100,000 densities, and this approach is computationally least intensive by far; (ii) Silverman’s

rule of thumb has been shown to work well when the underlying densities do not differ dra-

6Our proposed methodology is concerned with using spatial information to get better estimates of the un-
loaded rates. This does not circumvent the benefits of credibility weighting on those more efficient estimated
rates. The theory behind credibility weighting comes from Stein’s paradox and is applicable independent of the
level of estimation error in the initial set of estimates.
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(d) Winter Wheat: Brown, Kansas
Figure 2.1: Yields and RMA Trend for Selected Counties
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matically from the Normal, as in our case; and (iii) our simulation results are quite similar

when we use cross-validation methods. Unlike the choice of h, the choice of K is well-known to

be relatively innocuous, because the estimate at any given point is the summation of n kernel

functions evaluated at that point. This is essentially mixing, and thus, the shape of K has

very little effect on the shape of the final estimate. In most empirical applications, K is chosen

to be the Normal density which belongs to the family of second-order kernels. This allows us

to rewrite our nonparametric estimate as:

f̂(y) = (1/nh)
n∑

i=1

φ((y − yi)/h) (2.3)

which is a mixture of n Normals with means equal to the sample realizations (y1, ..., yn),

variances equal to h2, and each component receiving weight 1/n. Recall, n is the number

of yield observations. As noted by Ker and Liu (2017), using the Normal as the kernel, an

innocuous assumption, allows expression of the nonparametric density estimate in terms of

Normal mixtures, which greatly simplifies the BMA step in that the posterior weights can be

defined in terms of the Bayesian Information Criterion (BIC).

2.3.4 Nonparametric Bayesian Model Averaging

Historically, Bayesian Model Averaging (BMA) combines different model functional forms, with

a focus on model uncertainty. BMA has shown improved predictive performance in a variety

of contexts, including linear regression (Raftery, Madigan, and Hoeting, 1997), generalized

linear models (Raftery, 1996), and survival analysis (Volinsky et al., 1997). BMA essentially

(i) assigns a prior probability to each model in a predetermined set of candidate models; (ii)

estimates each of those models with the available data; (iii) evaluates the consistency of each

model with the data according to a specific metric to determine posterior probabilities; and

(iv) smooths (weighted average) across the models based on the posterior probability. Ker,

Tolhurst, and Liu (2016) re-considered this general ideology to introduce spatially extraneous
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information via the set of candidate models. Ker and Liu (2017) generalized their approach

from parametric to nonparametric kernel estimators. While this generalization leads to a very

different estimation procedure as no optimization is required, the form of the posterior estimate

remains a weighted average of the candidate models. The nonparametric BMA, denoted f̃BMA,

is:

f̃BMA =

J∑
i=1

ωif̂i, (2.4)

where f̂i are the nonparametric density estimates and ωi are the posterior weights which sum

to 1. Technical details, drawn heavily from Ker and Liu (2017), are summarized in Appendix

A.

2.4 Empirical Simulation 1

In this section, we compare the proposed methodology with the current RMA methodology for

optimal policy relevance. Ideally, to compare any set of methodologies, we would like to know

the true yield densities, sample from them, and compare the methodologies according to some

appropriate metric. Of course, this is not doable, and so we first use the yield data to estimate

(using nonparametric kernel density method) a set of densities, assume those estimated den-

sities are the true densities, sample from them, and then compare the methodologies. We do

this for each county-crop combination. We draw 500 samples of size 15, 20, 25, and 50. For

each sample, the 90% premium rates are recovered using the three different methodologies:

RMA (empirical), individual (standard nonparametric kernel density with no BMA), and non-

parametric BMA. These estimated rates are then compared using mean squared error (MSE)

relative to the true rate.

Recall, the nonparametric BMA rates use information from other counties, whereas the

RMA and, individual rates do not. Yield data are spatially correlated but the simulation

does not take this into account and, as such, is biased in favor of our proposed nonparametric
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BMA. To consider the implications of spatial correlation on the nonparametric BMA, we also

take spatially correlated samples preserving the correlation structure in the historical yield

data. Drawing a random sample from a kernel density estimate is straightforward: draw with

replacement a realization from the original data and then perturb that by adding a draw

from the kernel (in our case, the Normal density) with mean 0 and standard deviation h,

where h is the smoothing parameter. To retrieve uncorrelated samples across the counties,

we draw the initial realizations independently across the counties and perturb them. To get

correlated samples across the counties, we draw a year, take all year realizations for all counties

in that year, and perturb them. This maintains the correlation structure from the initial yield

realizations in the samples.

Table 2.1 reports the MSE across each crop for the RMA, the individual kernel, and the

nonparametric BMA approaches. We report both correlated and uncorrelated cases. As dis-

cussed, we consider three levels of geographical restrictions on the spatial smoothing and,

therefore, on the set of candidate models in the BMA. First, we assume that the candidate

models are restricted to the crop-reporting district (CRD); that is, only extraneous yield data

from within the CRD are used in the BMA. Second, we assume that the candidate models are

restricted to the state. Third, we impose no spatial restrictions, and thus, the set of candidate

models is comprised from every county in our dataset (by crop). We also consider sample sizes

of 15, 20, 25, and 50 because: (i) Liu and Ker (2019) argue that seed and farm management

technologies have changed such that yield data beyond 25-30 years should be trimmed; and (ii)

RMA requires premium rates where yield data are severely lacking, such as for non-traditional

crops, non-traditional areas, and in developing countries. Finally, because of the sensitivity

of kernel estimates to the choice of the smoothing parameter, we reproduced the simulation

using least squares cross-validation rather than Silverman’s rule of thumb for the smoothing

parameter for cotton. Cotton was chosen because it has the smallest number of counties and

is therefore the least computationally-intensive.

A number of results in Table 2.1 are worth noting. First, the nonparametric BMA estimator
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has the smallest MSE for all crops across all sample sizes. Second, the largest efficiency gains

with nonparametric BMA are in small samples where there is less county information relative

to the spatially extraneous information. Third, there are quite sizable efficiency gains (ranging

from 10% to 40%) in using the nonparametric BMA across all crops. Fourth, geographically

restricting the candidate set for the spatial smoothing to the CRD increases estimation error

by roughly 5-15%; conversely, restricting to the state only increases estimation error around

2-5%. Fifth, the results for cotton are quantitatively and qualitatively almost identical be-

tween Silverman’s rule of thumb and least squares cross-validation. Finally, spatial correlation

marginally decreases (2-8%) the relative efficiency of the nonparametric BMA. This result is

not surprising given there is less information in correlated samples relative to uncorrelated

samples. Overall, these results provide strong support for the nonparametric BMA estimator.

We extend our simulations for Iowa corn to consider samples of size n = 15, 20, 25, 30, 40, 50, 75

and 100. The MSEs for the nonparametric BMA, the RMA, and the individual rates by sam-

ple size are shown in Figure 1. Note that the MSE for the nonparametric BMA asymptotes,

from below, to the MSE of the individual. This is not surprising because, as n gets large,

the weight on its own density estimate with the BMA goes to 1 relatively quickly. Also, note

that for smaller sample sizes, for example, n = 20, the RMA methodology requires an ad-

ditional 20 yield realizations to realize the same MSE as the nonparametric BMA. Similarly,

the individual kernel estimate requires an additional 10 yield realizations to achieve the same

MSE as the nonparametric BMA. These results, and the results of table 2.1, suggest that

the nonparametric BMA estimator offers the most for situations with little historical data.

This is particularly important because yield data may be severely lacking for many crop-area

combinations, particularly so in non-traditional crops, non-traditional areas, and in developing

countries. Moreover, the small sample performance of the nonparametric BMA suggests that

it may have value in rating individual farm programs.

Table 2.2 summarizes the BMA weights by crop and sample size with no geographical
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Table 2.1: Mean Squared Error (MSE) of Estimated Premium Rates

MSE x1000

No Spatial Correlation With Spatial Correlation

n = 15 n = 20 n = 25 n = 50 n = 15 n = 20 n = 25 n = 50

Corn

RMA 1.2953 0.9658 0.7664 0.3872 1.3336 1.0097 0.7687 0.3928
Individual 1.1507 0.8675 0.6944 0.3552 1.1494 0.8782 0.6775 0.3494
BMA-CRD 0.9394 0.7367 0.6056 0.3321 1.0234 0.8017 0.6380 0.3397
BMA-State 0.7950 0.6385 0.5371 0.3088 0.9361 0.7464 0.6107 0.3323
BMA-Crop 0.7798 0.6162 0.5115 0.2929 0.9168 0.7341 0.6042 0.3281

Soybean

RMA 0.7748 0.5791 0.4682 0.2326 0.7515 0.5800 0.4608 0.2374
Individual 0.7300 0.5474 0.4449 0.2228 0.7052 0.5464 0.4354 0.2265
BMA-CRD 0.6180 0.4801 0.4007 0.2129 0.6358 0.5032 0.4083 0.2206
BMA-State 0.5397 0.4307 0.3669 0.2035 0.5965 0.4803 0.3901 0.2178
BMA-Crop 0.5209 0.4287 0.3653 0.2001 0.5725 0.4673 0.3803 0.2103

Cotton

RMA 1.1076 0.8311 0.6767 0.3628 1.1135 0.8657 0.7114 0.4038
Individual 0.7945 0.5959 0.4890 0.2558 0.7432 0.5900 0.4706 0.2548
BMA-CRD 0.7463 0.5710 0.4743 0.2532 0.7157 0.5745 0.4606 0.2528
BMA-State 0.7023 0.5478 0.4599 0.2497 0.6987 0.5661 0.4537 0.2500
BMA-Crop 0.6515 0.5122 0.4394 0.2469 0.6515 0.5402 0.4351 0.2473
Individual LSCV 0.8085 0.6052 0.4935 0.2716 0.8169 0.6002 0.4819 0.2668
BMA-Crop LSCV 0.6864 0.5605 0.4707 0.2560 0.7190 0.5846 0.4798 0.2521

Winter Wheat

RMA 1.1656 0.8766 0.7087 0.3512 1.229 0.9030 0.7406 0.3656
Individual 1.0942 0.8286 0.6717 0.3368 1.145 0.8463 0.6955 0.3473
BMA-CRD 0.9883 0.7653 0.6276 0.3247 1.069 0.7975 0.6587 0.3398
BMA-State 0.8833 0.7027 0.5863 0.3158 1.019 0.7666 0.6363 0.3394
BMA-Crop 0.8723 0.6964 0.5852 0.3150 1.010 0.7650 0.6358 0.3201
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Figure 2.2: MSEs by Sample Size: Corn, Iowa

restrictions.7 Corn and soybean make use of the spatially extraneous data more than cotton

and winter wheat. As the sample size increases, the weight on the spatially extraneous data is

reduced. For all crops, there is significant weight put on counties outside of their CRD. The

average BMA weights from the correlated sample on the own-density is roughly smaller than

10%. For example, in corn with a sample size of 25, the average weight on the own-density

changes from 0.153 in the uncorrelated case to 0.141 in the spatially correlated case. To better

illustrate the effects of the spatial restrictions on the BMA weights, Figures (maps) 2.8.1 and

2.8.2 in the Appendix show the BMA weight placed on its own county across the various spatial

restrictions. Although not surprising, it is striking to see how the weight on the own county

moves closer to 1 as the spatial smoothing restriction tightens.

7A corresponding table of BMA weights by crop and sample size with geographical restrictions is located in
Appendix B (see Table 2.8.1).
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Table 2.2: BMA-unrestricted Weight During Rates Simulation: Summary

No Correlation Spatial Correlation

Own Top 5 CRD State Own Top 5 CRD State

Corn
n=15 0.090 0.311 0.125 0.302 0.081 0.292 0.130 0.327
n=20 0.122 0.377 0.159 0.334 0.110 0.359 0.163 0.359
n=25 0.153 0.434 0.191 0.365 0.141 0.418 0.195 0.387
n=50 0.298 0.638 0.336 0.488 0.284 0.625 0.336 0.503

Soybean
n=15 0.106 0.333 0.141 0.303 0.099 0.322 0.146 0.325
n=20 0.142 0.402 0.178 0.338 0.133 0.390 0.181 0.356
n=25 0.179 0.462 0.215 0.370 0.168 0.449 0.216 0.386
n=50 0.345 0.668 0.378 0.507 0.333 0.658 0.376 0.516

Cotton
n=15 0.389 0.808 0.461 0.562 0.374 0.802 0.459 0.570
n=20 0.465 0.866 0.529 0.617 0.454 0.861 0.527 0.623
n=25 0.534 0.906 0.588 0.666 0.520 0.901 0.584 0.667
n=50 0.745 0.980 0.777 0.819 0.737 0.979 0.774 0.819

Winter Wheat
n=15 0.304 0.697 0.363 0.578 0.281 0.676 0.358 0.591
n=20 0.380 0.770 0.436 0.629 0.357 0.752 0.431 0.640
n=25 0.446 0.821 0.498 0.672 0.422 0.806 0.490 0.680
n=50 0.675 0.941 0.711 0.815 0.656 0.934 0.703 0.816
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2.5 Empirical Simulation 2

The first empirical simulation provided insights into the estimation efficiency of the nonpara-

metric BMA compared with other methodologies to rate crop insurance contracts. To investi-

gate the economic implications, we conduct an out-of-sample retain-cede rating game, where

two players adversely select against one another using different methodologies to estimate pre-

mium rates. The out-of-sample rating game was first proposed by Ker and Goodwin (2000) and

used in Ker and Coble (2003), Racine and Ker (2006), Harri et al. (2011), Annan et al. (2013),

Tolhurst and Ker (2015), Ker, Tolhurst, and Liu (2016), Park, Brorsen, and Harri (2018), and

Ramsey (2019). Ker, Tolhurst, and Liu (2016) modified the game with an additional test. The

game is inspired by the design of U.S. crop insurance program, which involves: (i) sharing of

underwriting gains/losses with private insurers; (ii) mechanisms for insurers to retain or cede

the vast majority of those underwriting gains or losses; (iii) the RMA, not private insurers,

setting the premium rates; and (iv) private insurers selling any crop policy that is available in

that state. The specific details are outlined in the Standard Reinsurance Agreement. Private

insurers do not set the premium rates but do share the accompanying underwriting gains or

losses. As a result, they estimate their own rates to decide which contracts to cede back to the

government and which to retain. Those contracts in which their rate is above the RMA rate --

contracts they estimate to be under-priced -- they cede. Conversely, those contracts in which

their rate is below the RMA rate -- contracts they estimate to be over-priced -- they retain.

To compare the nonparametric BMA rating methodology to the RMA approach, we play the

role of a private insurer using the nonparametric BMA and attempt to gain economic rents by

adversely selecting against the RMA.

More specifically, the rating game uses yield data on a county-crop basis from 1955-1997 to

estimate the premium rates for 1998 with the two rating methodologies. In our case, both the

private insurer and the RMA use RMA’s rating methodology for detrending and correcting

for possible heteroskedasticity; the only difference is the density estimates. RMA uses the
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empirical rate while the private insurer uses the nonparametric BMA. The two sets of rates

are plugged into the above decision rule to recover the set of contracts retained by the private

insurer. For each county-crop combination, the contract is either retained or ceded. The

underwriting gains or losses for the set of retained and ceded contracts are calculated using the

actual realized yields in 1998. This process is repeated using data from 1955-1998 to estimate

the premium rates for 1999, the subsequent sets of retained and ceded contracts in 1999, and

finally the underwriting gains and losses for the two sets of retained and ceded contracts. We

repeat this analysis for the most recent twenty years (1998-2017).

The underwriting gains/losses, as well as the premium rates, are aggregated across counties

within a state. The average yearly loss ratios for both methodologies are reported. Statistical

significance is ascertained using a binomial test based on the relative loss ratios in each of

the twenty years. The null assumes a probability of 0.5 and corresponds to the case where

the loss ratio of the retained and ceded contracts is equivalent. This represents the first p-

values (denoted p-value 1) reported in our game results tables. We also calculate a second

binomial test as outlined in Ker, Tolhurst, and Liu (2016) to ascertain the efficacy of using

the nonparametric BMA relative to the RMA approach; this tests corrects for the inherent

advantage to the private insurer in that the RMA rate is revealed first. Note in both tests,

p-values close to zero support the efficacy of the nonparametric BMA relative to the RMA

methodology, while p-values close to one support the efficacy of the RMA methodology relative

to the BMA methodology.

Table 2.3 contains the rating game results between the nonparametric BMA and the RMA

methodology. From left to right, the columns of results table show the crop-state combination,

the number of counties, the percent of contracts retained, the loss ratio of the contracts ceded

(loss ratio government), the loss ratio of the contracts retained (loss ratio private), the p-value

from the adverse selection game is p-value 1, and finally, the p-value that the nonparametric

BMA estimator is statistically equal or more efficient than the RMA estimator, denoted p-value

2. For 24 of the 27 crop-state combinations, the mean of the yearly private insurer loss ratios
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is lower than the mean of the yearly government loss ratios. More importantly, statistical

significance of a yearly lower loss ratio using BMA methodology to choose which contracts to

retain versus cede is found in 20 of the 27 crop-state combinations (see p-value 1). The results

are most favorable for corn and soybean. With respect to the methodological hypothesis that

the nonparametric BMA is as or more efficient than the RMA rating methodology, 15 of the

27 cases are statistically significant. Note, in no cases is the RMA methodology statistically

significantly preferred to the nonparametric BMA. These results are consistent with our first

empirical simulation and consistent with others in the literature (Ker, Tolhurst, and Liu (2016),

Park, Brorsen, and Harri (2018), Ramsey (2019)); incorporating spatially extraneous data into

the rating process can increase efficiency relative to the RMA methodology which does not.

In Table 2.4 the results of the two tests are illustrated at the reduced sample sizes.8 These

results are particularly relevant because: (i) historical yield data are lacking for many regions;

(ii) historical yield data are lacking for non-traditional crops; (iii) historical yield data are

lacking in developing countries; and (iv) dramatic changes in on-farm seed and production

technologies over the past half century can negate the usefulness of yield data greater than

25-30 years. We find that statistically significant rents can be recovered by the private insurer

using the nonparametric BMA estimator for 23, 22, and 22 of the 27 crop-state combinations

for sample sizes 25, 20, and 15 (p-value 1), respectively. We find significant efficiency gains

in 16, 16, and 17 of the 27 crop-state combinations using the nonparametric BMA for sample

sizes of 25, 20, and 15, respectively. Again, in no cases is the RMA methodology statistically

significantly preferred to the nonparametric BMA. These results are, again, consistent with

the results of empirical simulation 1, where the nonparametric BMA realized greater efficiency

gains in smaller samples.

To focus further on whether or not to incorporate spatially extraneous information, we re-

peat the above analysis with the RMA using the individual kernel-estimated rate rather than

the empirical rate. That is, we compare the nonparametric BMA estimate to the individual

8All results for the rating game are located in Appendix B Table 2.8.2-2.8.4.
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nonparametric estimate. The only difference is the incorporation of spatially extraneous data

via the BMA. These results are located in Appendix B (see Table 2.8.5-2.8.8) and are quite

similar to the above results. The nonparametric BMA is preferred, suggesting that incorpo-

rating spatially extraneous information into the rating process is preferred. We also repeated

the game restricting our spatial smoothing to the CRD and state levels. The results, again,

do not change qualitatively for either p-value 1 or p-value 2 (see Appendix B Table 2.8.9 and

2.8.10).

Table 2.5 illustrates the average weights by crop-state combination for the BMA estimate

in the full sample with no spatial restrictions. There are a number of interesting results: (i)

corn and soybean borrow the most from the spatially extraneous data while wheat and cotton

do not, suggesting more heterogeneity amongst the underlying wheat and cotton yield densities

across space; (ii) significant weights for corn and soybean are outside their CRD; and (iii) the

heterogeneity in weights for a crop between states is significantly less than the heterogeneity

in weights between crops. These results are consistent with the first simulation results; as

the sample size increases, the weight on the spatially extraneous data decreases, and corn and

soybean put more weight on the spatially extraneous data.

22



Table 2.3: Rating Game Results: RMA versus BMA-unrestricted: Full Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 74.2 0.972 0.548 0.000 0.001
Indiana 60 85.0 1.116 0.679 0.000 0.000
Iowa 91 71.9 0.425 0.384 0.001 0.252
Minnesota 56 84.7 0.320 0.206 0.021 0.001
Missouri 24 94.4 0.801 0.655 0.000 0.058
Ohio 58 87.0 0.791 0.690 0.000 0.006
Wisconsin 47 81.2 0.489 0.450 0.058 0.748

Soybean
Illinois 82 75.9 0.712 0.597 0.021 0.021
Indiana 59 71.2 0.952 0.549 0.000 0.001
Iowa 93 87.2 1.089 0.735 0.000 0.006
Minnesota 56 78.6 0.755 0.714 0.021 0.058
Missouri 27 77.0 1.129 0.786 0.001 0.058
Ohio 50 90.3 1.456 0.703 0.001 0.006
Wisconsin 32 79.5 0.898 0.793 0.132 0.132

Cotton
Arkansas 7 42.1 0.625 0.549 0.001 0.006
Georgia 20 58.0 0.568 0.518 0.412 0.252
Louisiana 6 66.7 2.212 1.308 0.000 0.021
Mississippi 11 66.8 0.701 0.713 0.021 0.058
Tennessee 7 80.0 0.609 0.586 0.021 0.132

Winter Wheat
Illinois 8 62.5 0.426 0.350 0.001 0.000
Indiana 19 75.3 0.489 0.377 0.021 0.006
Kansas 33 57.3 1.372 1.100 0.132 0.412
Michigan 27 37.4 0.325 0.225 0.006 0.021
Missouri 13 33.5 0.508 0.571 0.058 0.132
Ohio 17 55.3 0.465 0.470 0.058 0.021
Oklahoma 16 66.9 1.689 1.637 0.132 0.412
Tennessee 10 73.5 0.384 0.437 0.006 0.001
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Table 2.4: Rating Games Results Summary: p-values, RMA vs BMA-unrestricted

p-value 1 p-value 2

15 Years 20 Years 25 Years Full Sample 15 Years 20 Years 25 Years Full Sample

Corn
Illinois 0.001 0.001 0.000 0.000 0.006 0.021 0.021 0.001
Indiana 0.000 0.000 0.000 0.000 0.001 0.000 0.000 0.000
Iowa 0.000 0.006 0.000 0.001 0.001 0.001 0.001 0.252
Minnesota 0.000 0.000 0.000 0.021 0.000 0.000 0.000 0.001
Missouri 0.000 0.000 0.000 0.000 0.001 0.006 0.001 0.058
Ohio 0.000 0.006 0.000 0.000 0.001 0.006 0.006 0.006
Wisconsin 0.058 0.252 0.058 0.058 0.412 0.412 0.588 0.748

Soybean
Illinois 0.006 0.058 0.001 0.021 0.412 0.252 0.006 0.021
Indiana 0.000 0.000 0.000 0.000 0.006 0.058 0.058 0.001
Iowa 0.006 0.000 0.000 0.000 0.021 0.132 0.001 0.006
Minnesota 0.000 0.001 0.006 0.021 0.006 0.006 0.006 0.058
Missouri 0.021 0.021 0.132 0.001 0.252 0.021 0.252 0.058
Ohio 0.000 0.000 0.000 0.001 0.058 0.001 0.058 0.006
Wisconsin 0.000 0.000 0.000 0.132 0.252 0.058 0.001 0.132

Cotton
Arkansas 0.006 0.001 0.000 0.001 0.058 0.006 0.000 0.006
Georgia 0.001 0.021 0.058 0.412 0.021 0.058 0.132 0.252
Louisiana 0.001 0.001 0.000 0.000 0.006 0.006 0.058 0.021
Mississippi 0.252 0.000 0.001 0.021 0.588 0.412 0.412 0.058
Tennessee 0.000 0.000 0.000 0.021 0.006 0.021 0.021 0.132

Winter Wheat
Illinois 0.000 0.000 0.000 0.001 0.006 0.000 0.000 0.000
Indiana 0.000 0.000 0.000 0.021 0.000 0.058 0.006 0.006
Kansas 0.588 0.588 0.252 0.132 0.868 0.868 0.748 0.412
Michigan 0.058 0.058 0.001 0.006 0.058 0.021 0.006 0.021
Missouri 0.006 0.021 0.006 0.058 0.021 0.021 0.058 0.132
Ohio 0.000 0.000 0.000 0.058 0.021 0.000 0.001 0.021
Oklahoma 0.058 0.132 0.252 0.132 0.412 0.588 0.412 0.412
Tennessee 0.006 0.000 0.001 0.006 0.021 0.132 0.058 0.001
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2.6 Conclusions

We proposed a nonparametric BMA estimator to recover U.S. crop insurance premium rates for

area-type (county-based) programs. We conducted a finite sample simulation using nonpara-

metric estimates of county-crop yield densities for corn, soybean, cotton, and winter wheat. A

number of results are worth re-iterating: (i) the nonparametric BMA estimator outperforms

the individual and the RMA estimators for all crops across all sample sizes; (ii) the largest ef-

ficiency gains with BMA are in small samples where there is relatively little information in the

individual sample; (iii) corn and soybean tend to make greater use of the spatially extraneous

data, suggesting, their densities are more homogeneous across space than winter wheat and

cotton; (iv) although spatial correlation necessarily decreases the efficiency of the nonparamet-

ric BMA estimator, it remains more efficient; and (v) the results are robust to restrictions on

the distance of spatial smoothing.

An out-of-sample retain-cede rating game between the private insurer and the RMA high-

lighted the policy implications. Again, we considered various sample sizes and spatial smooth-

ing restrictions. These results are consistent with the first simulation: (i) the nonparametric

BMA estimator is more efficient at estimating premium rates than the current RMA method-

ology as well as the individual kernel method; (ii) the largest efficiency gains with BMA are

in small samples where there is relatively little information in the individual sample; (iii) corn

and soybean tend to make greater use of the extraneous data; and (iv) the results are robust

to restrictions on the distance of spatial smoothing.

Given the size of the public monies directed towards crop insurance in the U.S., these

results are interesting. Consider the average absolute difference in premium rates between the

nonparametric BMA and the current RMA methodology for 2019: corn is 20.25%; soybean is

17.02%; cotton is 7.85%; and winter wheat is 7.66%. There are larger absolute rate differences

in corn and soybean where there is more spatial smoothing. If we also consider that the

total premiums for corn in 2019 were $3.7 billion in 2019, this represents a reallocation of
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Table 2.5: BMA-unrestricted Weight During Rating Game: Full Sample

Cumulative Weight on n Counties Weight within

1 2 3 5 10 25 50 100 CRD State

Corn (409 counties)
Illinois 0.193 0.343 0.418 0.523 0.677 0.865 0.957 0.995 0.245 0.394
Indiana 0.181 0.335 0.411 0.513 0.661 0.847 0.948 0.993 0.235 0.378
Iowa 0.229 0.392 0.472 0.579 0.725 0.890 0.967 0.996 0.314 0.530
Minnesota 0.332 0.513 0.591 0.687 0.804 0.925 0.978 0.998 0.408 0.538
Missouri 0.203 0.376 0.477 0.612 0.794 0.951 0.990 0.999 0.270 0.453
Ohio 0.178 0.330 0.406 0.512 0.665 0.851 0.952 0.994 0.232 0.419
Wisconsin 0.357 0.526 0.606 0.705 0.824 0.939 0.983 0.998 0.432 0.565

Soybean (399 counties)
Illinois 0.363 0.542 0.627 0.730 0.849 0.953 0.989 0.999 0.446 0.623
Indiana 0.225 0.372 0.451 0.556 0.702 0.875 0.961 0.997 0.256 0.391
Iowa 0.264 0.412 0.491 0.598 0.744 0.904 0.974 0.998 0.335 0.568
Minnesota 0.356 0.498 0.573 0.666 0.786 0.914 0.974 0.998 0.413 0.498
Missouri 0.480 0.641 0.722 0.816 0.916 0.983 0.997 1.000 0.507 0.615
Ohio 0.199 0.344 0.424 0.533 0.687 0.868 0.959 0.996 0.263 0.427
Wisconsin 0.442 0.602 0.682 0.772 0.873 0.958 0.990 0.999 0.500 0.619

Cotton (51 counties)
Arkansas 0.841 0.931 0.960 0.984 0.998 1 1 1 0.872 0.878
Georgia 0.673 0.830 0.897 0.959 0.996 1 1 1 0.742 0.888
Louisiana 0.618 0.800 0.884 0.960 0.997 1 1 1 0.660 0.682
Mississippi 0.659 0.828 0.901 0.966 0.998 1 1 1 0.706 0.775
Tennessee 0.665 0.874 0.940 0.985 0.999 1 1 1 0.831 0.831

Winter Wheat (143 counties)
Illinois 0.598 0.781 0.857 0.924 0.978 0.999 1 1 0.653 0.772
Indiana 0.441 0.621 0.714 0.818 0.931 0.997 1 1 0.487 0.633
Kansas 0.616 0.782 0.852 0.922 0.981 1.000 1 1 0.682 0.884
Michigan 0.545 0.705 0.782 0.866 0.951 0.998 1 1 0.625 0.772
Missouri 0.724 0.853 0.902 0.949 0.988 1.000 1 1 0.791 0.817
Ohio 0.687 0.832 0.885 0.932 0.977 0.999 1 1 0.761 0.835
Oklahoma 0.631 0.813 0.899 0.967 0.996 1.000 1 1 0.719 0.922
Tennessee 0.623 0.797 0.867 0.932 0.982 1.000 1 1 0.709 0.730
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Table 2.6: BMA-unrestricted Weight During Rating Games: Summary

Own Weight Top 5

15 Years 20 Years 25 Years Full Sample 15 Years 20 Years 25 Years Full Sample

Corn
Illinois 0.045 0.055 0.064 0.193 0.214 0.250 0.289 0.523
Indiana 0.045 0.057 0.070 0.181 0.218 0.257 0.307 0.513
Iowa 0.049 0.060 0.071 0.229 0.225 0.278 0.322 0.579
Minnesota 0.065 0.078 0.092 0.332 0.277 0.339 0.404 0.687
Missouri 0.077 0.098 0.115 0.203 0.322 0.383 0.441 0.612
Ohio 0.048 0.056 0.062 0.178 0.223 0.251 0.280 0.512
Wisconsin 0.120 0.152 0.189 0.357 0.362 0.443 0.519 0.705

Soybean
Illinois 0.116 0.144 0.165 0.363 0.386 0.449 0.495 0.730
Indiana 0.056 0.075 0.096 0.225 0.238 0.282 0.330 0.556
Iowa 0.052 0.076 0.099 0.264 0.254 0.308 0.349 0.598
Minnesota 0.100 0.131 0.154 0.356 0.329 0.402 0.451 0.666
Missouri 0.149 0.189 0.225 0.480 0.457 0.527 0.583 0.816
Ohio 0.039 0.053 0.072 0.199 0.213 0.263 0.315 0.533
Wisconsin 0.039 0.052 0.070 0.442 0.229 0.274 0.332 0.772

Cotton
Arkansas 0.435 0.518 0.602 0.841 0.813 0.884 0.917 0.984
Georgia 0.289 0.375 0.454 0.673 0.705 0.797 0.851 0.959
Louisiana 0.218 0.296 0.374 0.618 0.590 0.698 0.776 0.960
Mississippi 0.223 0.297 0.339 0.659 0.671 0.761 0.827 0.966
Tennessee 0.301 0.344 0.407 0.665 0.730 0.804 0.868 0.985

Winter Wheat
Illinois 0.192 0.236 0.278 0.598 0.609 0.687 0.735 0.924
Indiana 0.114 0.155 0.205 0.441 0.484 0.558 0.630 0.818
Kansas 0.171 0.228 0.300 0.616 0.546 0.628 0.704 0.922
Michigan 0.222 0.248 0.292 0.545 0.594 0.654 0.714 0.866
Missouri 0.305 0.394 0.455 0.724 0.665 0.733 0.781 0.949
Ohio 0.234 0.305 0.364 0.687 0.596 0.671 0.727 0.932
Oklahoma 0.226 0.254 0.285 0.631 0.674 0.722 0.762 0.967
Tennessee 0.273 0.297 0.345 0.623 0.672 0.722 0.772 0.932
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$740 million in premium dollars across producers and between producers and the RMA. This

assumes that the nonparametric BMA methodology is applied to individual farm programs as

well as area programs. Similarly, for soybean, cotton, and wheat, the nonparametric BMA

methodology would roughly represent a reallocation of $300 million, $75 million, $85 million,

respectively.

The nonparametric BMA estimator contributes to the growing literature that makes use of

spatial information in estimating premium rates (for other approaches, see Ker, Tolhurst, and

Liu (2016), Park, Brorsen, and Harri (2018), and, Ramsey (2019)). The next two questions

the literature should consider is: (i) can these methods which incorporate spatially extraneous

information be used to rate farm-level programs; and (ii) which of these methodologies is most

efficient. The latter answer is likely dependent on the crop-region combination, suggesting,

there may be a set of methodologies that could be used for rating crop insurance contracts at

the farm-level.
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2.7 Appendix A

Nonparametric BMA

This draws heavily from Ker and Liu (2017). Bayesian Model Averaging (BMA) histor-

ically combines different model functional forms with a focus on model uncertainty. BMA

has shown improved predictive performance in a variety of contexts, including linear regres-

sion (Raftery, Madigan, and Hoeting, 1997), generalized linear models (Raftery, 1996), and

survival analysis (Volinsky et al., 1997). BMA can be summarized by the following steps.

Suppose M1, M2, . . ., MJ are the candidate models to be considered and Λ is the quantity of

interest. The posterior distribution of Λ given data D is

pr(Λ | D) =
J∑

i=1

pr(Λ |Mi, D)pr(Mi | D), (2.5)

where pr(Λ | Mi, D) is the posterior distribution of Λ under model Mi, and pr(Mi | D) is the

posterior model probability of model Mi. The posterior distribution, pr(Λ | D), is a weighted

average of the posterior distributions under each of the models considered, where the weight is

from their individual posterior model probability. The posterior probability of model Mi, by

Bayes’ theorem, is given as

pr(Mi | D) =
pr(D |Mi)pr(Mi)∑J
i=1 pr(D |Mi)pr(Mi)

, (2.6)

and the probability of observing data D under the model assumption Mi is given by

pr(D |Mi) =

∫
pr(D | θi,Mi)pr(θi |Mi) dθi, (2.7)

where θi is the vector of parameters of model Mi, pr(θi |Mi) is the prior for θi under model Mi,

and pr(Mi) is the prior probability of model Mi. A general guidance for the implementation of

BMA, including several typical methods and related software, can be found in Hoeting et al.
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(1999).

There are two major difficulties in the implementation of BMA. First, the number of

candidate models in the summation of equation (2.5) can be unbounded. This is resolved in

our application as the number of models is equal to the number of counties we wish to include.

We consider three levels of geographic restrictions: (i) restrict the set of candidate models to

the crop-reporting district (CRD); (ii) restrict the set of candidate models to the state; and

(iii) include all counties in our dataset (unrestricted). Second, the posterior model probability

pr(Mi | D) is difficult to compute because it generally involves high-dimensional integrals.

This is resolved in our setting because we have expressed the kernel estimator as a Normal

mixture.9 That is, for a specific Normal mixture model Mi, the likelihood that it generates

the data D with sample size m (d1, . . . , dm) can be calculated as

pr(D |Mi) = Li =
m∏
j=1

(1/mh)
∑

φ((dj − Yi)/h), (2.8)

which is simply the likelihood function of data D under the model assumption Mi that is

specified by sample Yi and corresponding bandwidth h. Assuming each model has equal prior

probability, the weight for each of J models considered, pr(Mi | D), is given from (2.6) as:

pr(Mi | D) =
Li∑J
i=1 Li

. (2.9)

Given f̂i is the nonparametric density estimate of each model, the final f̃BMA, is:

f̃BMA =
J∑

i=1

pr(Mi | D)f̂i, (2.10)

which is an average of all densities considered, weighted by their corresponding model proba-

bilities.

Specifically, we consider a set of Q county crop yield densities with sample realizations

9The BMA can be extended to non-Normals, although the computations are non-trivial.
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{y11, . . . , y1n1 , . . . , yQ1, . . . , yQnQ}. The individual density estimates, f̂1, . . . , f̂Q, comprise the

model space and are estimated nonparametrically using sample data exclusively from their

own county. Then, the nonparametric BMA density estimate for county i is:

f̃i =

Q∑
j=1

ωi
j f̂j , where ωi

j =
Li
j∑Q

q=1 L
i
q

. (2.11)

Li
j is evaluated using the sample realizations from county i at f̂j , the individual density estimate

from county j. That is,

Li
j = pr(Di |Mj) =

ni∏
l=1

(1/njh)

nj∑
k=1

φ((dl − Yk)/h), (2.12)

where Di = {d1, . . . , dni} is the sample realization from county i with sample size ni; Mj

represents the model that uses county j’s data Y1, . . . , Ynj to estimate the yield density. Here,

we are not refitting the models but rather taking densities estimated for other counties and

averaging them using weights based on the fit of that density to the target county’s data. The

weights necessarily sum to one.
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2.8 Appendix B

(a) Unrestricted Case: Corn (b) Unrestricted Case: Soybean

(c) State-Restricted: Corn (d) State-Restricted: Soybean

(e) CRD-Restricted: Corn (f) CRD-Restricted CRD: Soybean
Figure 2.8.1: BMA Weight on Own County in Different Levels: Corn & Soybean
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(a) Unrestricted Case: Cotton (b) Unrestricted Case: Winter Wheat

(c) State-Restricted: Cotton (d) State-Restricted: Winter Wheat

(e) CRD-Restricted: Cotton (f) CRD-Restricted: Winter Wheat
Figure 2.8.2: BMA Weight on Own County in Different Levels: Cotton & Winter Wheat
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Table 2.8.1: BMA Weight During Rates Simulation: State & CRD Restricted

No Correlation Spatial Correlation

Own Top 5 CRD State Own Top 5 CRD State

Corn
BMA-State
n=15 0.264 0.655 0.382 1.000 0.225 0.608 0.376 1.000
n=20 0.322 0.718 0.436 1.000 0.279 0.677 0.426 1.000
n=25 0.374 0.766 0.482 1.000 0.332 0.732 0.471 1.000
n=50 0.566 0.895 0.650 1.000 0.527 0.877 0.634 1.000
BMA-CRD
n=15 0.647 0.982 1.000 −− 0.557 0.968 1.000 −−
n=20 0.699 0.988 1.000 −− 0.617 0.979 1.000 −−
n=25 0.739 0.992 1.000 −− 0.666 0.985 1.000 −−
n=50 0.852 0.998 1.000 −− 0.807 0.997 1.000 −−

Soybean
BMA-State
n=15 0.296 0.688 0.418 1.000 0.264 0.655 0.414 1.000
n=20 0.361 0.751 0.476 1.000 0.326 0.722 0.468 1.000
n=25 0.418 0.797 0.525 1.000 0.383 0.771 0.516 1.000
n=50 0.623 0.915 0.698 1.000 0.593 0.902 0.686 1.000
BMA-CRD
n=15 0.670 0.982 1.000 −− 0.601 0.971 1.000 −−
n=20 0.723 0.988 1.000 −− 0.661 0.980 1.000 −−
n=25 0.763 0.992 1.000 −− 0.708 0.986 1.000 −−
n=50 0.875 0.998 1.000 −− 0.843 0.996 1.000 −−

Cotton
BMA-State
n=15 0.675 0.983 0.815 1.000 0.645 0.980 0.804 1.000
n=20 0.740 0.992 0.852 1.000 0.717 0.991 0.844 1.000
n=25 0.790 0.996 0.880 1.000 0.768 0.995 0.872 1.000
n=50 0.905 1.000 0.947 1.000 0.896 1.000 0.944 1.000
BMA-CRD
n=15 0.828 0.999 1.000 −− 0.803 0.999 1.000 −−
n=20 0.868 1.000 1.000 −− 0.851 1.000 1.000 −−
n=25 0.899 1.000 1.000 −− 0.881 1.000 1.000 −−
n=50 0.956 1.000 1.000 −− 0.948 1.000 1.000 −−

Winter Wheat
BMA-State
n=15 0.545 0.911 0.650 1.000 0.499 0.889 0.628 1.000
n=20 0.617 0.938 0.707 1.000 0.574 0.922 0.688 1.000
n=25 0.672 0.955 0.750 1.000 0.632 0.943 0.731 1.000
n=50 0.828 0.988 0.872 1.000 0.804 0.985 0.862 1.000
BMA-CRD
n=15 0.821 0.999 1.000 −− 0.772 0.999 1.000 −−
n=20 0.858 1.000 1.000 −− 0.817 1.000 1.000 −−
n=25 0.884 1.000 1.000 −− 0.849 1.000 1.000 −−
n=50 0.945 1.000 1.000 −− 0.927 1.000 1.000 −−
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Table 2.8.2: Rating Game Results: RMA versus BMA-unrestricted, n = 15 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 50.3 2.027 1.123 0.001 0.006
Indiana 60 61.7 2.299 0.890 0.000 0.001
Iowa 91 45.9 3.344 1.046 0.000 0.001
Minnesota 56 53.0 1.217 0.575 0.000 0.000
Missouri 24 79.0 2.361 1.094 0.000 0.001
Ohio 58 72.4 1.214 0.710 0.000 0.001
Wisconsin 47 45.0 1.804 0.679 0.058 0.412

Soybean
Illinois 82 44.6 0.962 0.699 0.006 0.412
Indiana 59 41.8 1.248 0.617 0.000 0.006
Iowa 93 66.7 1.070 0.646 0.006 0.021
Minnesota 56 69.6 1.120 0.730 0.000 0.006
Missouri 27 66.9 2.006 0.885 0.021 0.252
Ohio 50 74.7 1.566 0.649 0.000 0.058
Wisconsin 32 84.8 1.725 1.075 0.000 0.252

Cotton
Arkansas 7 39.3 1.559 1.273 0.006 0.058
Georgia 20 53.8 1.520 0.784 0.001 0.021
Louisiana 6 55.0 1.712 1.197 0.001 0.006
Mississippi 11 45.0 0.903 0.926 0.252 0.588
Tennessee 7 65.0 1.656 0.488 0.000 0.006

Winter Wheat
Illinois 8 51.9 0.676 0.412 0.000 0.006
Indiana 19 57.9 1.095 0.471 0.000 0.000
Kansas 33 47.9 1.462 0.989 0.588 0.868
Michigan 27 46.5 0.687 0.540 0.058 0.058
Missouri 13 25.0 0.864 0.738 0.006 0.021
Ohio 17 46.8 1.023 0.498 0.000 0.021
Oklahoma 16 64.7 1.402 1.113 0.058 0.412
Tennessee 10 55.5 1.742 1.057 0.006 0.021
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Table 2.8.3: Rating Game Results: RMA versus BMA-unrestricted, n = 20 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 54.2 1.481 0.912 0.001 0.021
Indiana 60 72.5 1.960 0.900 0.000 0.000
Iowa 91 56.0 0.639 0.482 0.006 0.001
Minnesota 56 66.0 0.635 0.335 0.000 0.000
Missouri 24 83.3 1.926 0.988 0.000 0.006
Ohio 58 77.3 0.964 0.745 0.006 0.006
Wisconsin 47 50.3 1.248 0.523 0.252 0.412

Soybean
Illinois 82 51.7 0.855 0.590 0.058 0.252
Indiana 59 44.6 1.077 0.634 0.000 0.058
Iowa 93 68.1 0.895 0.635 0.000 0.132
Minnesota 56 75.8 1.028 0.758 0.001 0.006
Missouri 27 69.8 1.719 0.866 0.021 0.021
Ohio 50 78.7 1.687 0.711 0.000 0.001
Wisconsin 32 89.7 1.504 1.120 0.000 0.058

Cotton
Arkansas 7 49.3 1.473 0.657 0.001 0.006
Georgia 20 56.0 1.064 0.702 0.021 0.058
Louisiana 6 60.8 2.314 1.363 0.001 0.006
Mississippi 11 50.9 1.007 0.818 0.000 0.412
Tennessee 7 64.3 1.177 0.573 0.000 0.021

Winter Wheat
Illinois 8 46.9 0.639 0.196 0.000 0.000
Indiana 19 62.4 0.763 0.376 0.000 0.058
Kansas 33 51.1 1.377 0.901 0.588 0.868
Michigan 27 49.4 0.459 0.314 0.058 0.021
Missouri 13 25.4 0.561 0.694 0.021 0.021
Ohio 17 48.2 0.887 0.416 0.000 0.000
Oklahoma 16 68.8 1.348 1.227 0.132 0.588
Tennessee 10 56.5 0.669 0.404 0.000 0.132
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Table 2.8.4: Rating Game Results: RMA versus BMA-unrestricted, n = 25 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 60.8 1.116 0.520 0.000 0.021
Indiana 60 82.2 1.676 0.676 0.000 0.000
Iowa 91 59.5 0.601 0.316 0.000 0.001
Minnesota 56 75.0 0.411 0.243 0.000 0.000
Missouri 24 88.8 1.579 0.819 0.000 0.001
Ohio 58 78.9 1.033 0.727 0.000 0.006
Wisconsin 47 60.7 0.572 0.544 0.058 0.588

Soybean
Illinois 82 60.0 0.788 0.561 0.001 0.006
Indiana 59 45.9 1.027 0.579 0.000 0.058
Iowa 93 70.5 1.063 0.691 0.000 0.001
Minnesota 56 80.6 1.175 0.817 0.006 0.006
Missouri 27 76.7 1.101 0.883 0.132 0.252
Ohio 50 80.5 1.605 0.749 0.000 0.058
Wisconsin 32 92.8 2.266 1.159 0.000 0.001

Cotton
Arkansas 7 50.0 1.770 0.637 0.000 0.000
Georgia 20 57.5 0.647 0.574 0.058 0.132
Louisiana 6 56.7 2.175 1.291 0.000 0.058
Mississippi 11 55.0 0.945 0.668 0.001 0.412
Tennessee 7 70.0 1.531 0.567 0.000 0.021

Winter Wheat
Illinois 8 50.0 0.607 0.201 0.000 0.000
Indiana 19 66.1 0.653 0.397 0.000 0.006
Kansas 33 56.2 1.363 0.980 0.252 0.748
Michigan 27 50.7 0.377 0.193 0.001 0.006
Missouri 13 26.5 0.534 0.503 0.006 0.058
Ohio 17 45.6 0.776 0.496 0.000 0.001
Oklahoma 16 70.6 1.677 1.420 0.252 0.412
Tennessee 10 59.0 0.595 0.383 0.001 0.058
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Table 2.8.5: Rating Game Results: Individual versus BMA-unrestricted, n = 15 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 49.6 2.025 1.160 0.000 0.006
Indiana 60 46.8 2.231 0.914 0.000 0.001
Iowa 91 39.0 2.651 1.103 0.000 0.001
Minnesota 56 46.4 1.040 0.734 0.001 0.021
Missouri 24 82.7 1.989 1.181 0.000 0.001
Ohio 58 64.6 1.103 0.733 0.000 0.006
Wisconsin 47 38.6 1.894 0.675 0.252 0.588

Soybean
Illinois 82 30.0 0.953 0.775 0.058 0.588
Indiana 59 30.6 1.207 0.603 0.000 0.021
Iowa 93 52.8 1.173 0.626 0.006 0.058
Minnesota 56 58.8 1.185 0.774 0.000 0.006
Missouri 27 62.0 1.889 0.950 0.000 0.021
Ohio 50 65.8 1.387 0.712 0.006 0.021
Wisconsin 32 84.2 1.630 1.126 0.000 0.058

Cotton
Arkansas 7 35.7 1.196 1.142 0.006 0.001
Georgia 20 67.0 1.328 0.795 0.000 0.132
Louisiana 6 55.0 1.662 1.235 0.000 0.001
Mississippi 11 42.3 0.931 0.861 0.132 0.588
Tennessee 7 52.1 1.459 0.473 0.000 0.001

Winter Wheat
Illinois 8 51.2 0.648 0.184 0.000 0.001
Indiana 19 47.6 0.929 0.533 0.000 0.021
Kansas 33 53.0 1.474 1.005 0.252 0.748
Michigan 27 44.3 0.475 0.564 0.252 0.412
Missouri 13 25.4 0.710 1.151 0.006 0.021
Ohio 17 32.6 0.998 0.482 0.001 0.058
Oklahoma 16 57.2 1.437 1.125 0.252 0.412
Tennessee 10 61.0 1.314 1.073 0.001 0.132
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Table 2.8.6: Rating Game Results: Individual versus BMA-unrestricted, n = 20 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 52.9 1.450 1.001 0.001 0.021
Indiana 60 60.2 1.850 0.947 0.000 0.000
Iowa 91 47.0 0.753 0.457 0.000 0.006
Minnesota 56 58.0 0.589 0.566 0.001 0.001
Missouri 24 83.5 2.011 1.032 0.000 0.001
Ohio 58 70.3 0.979 0.780 0.000 0.021
Wisconsin 47 42.2 1.112 0.589 0.412 0.588

Soybean
Illinois 82 37.4 0.892 0.625 0.006 0.588
Indiana 59 34.7 1.081 0.659 0.000 0.006
Iowa 93 56.0 1.042 0.606 0.021 0.058
Minnesota 56 64.4 1.126 0.808 0.006 0.006
Missouri 27 64.4 1.732 0.857 0.006 0.001
Ohio 50 69.7 1.493 0.752 0.000 0.001
Wisconsin 32 86.7 1.785 1.157 0.000 0.006

Cotton
Arkansas 7 50.7 0.961 0.697 0.000 0.001
Georgia 20 71.2 1.288 0.666 0.000 0.058
Louisiana 6 63.3 2.020 1.270 0.000 0.021
Mississippi 11 44.5 0.982 0.730 0.001 0.588
Tennessee 7 61.4 1.912 0.439 0.000 0.001

Winter Wheat
Illinois 8 50.0 0.609 0.263 0.000 0.000
Indiana 19 48.7 0.732 0.348 0.000 0.006
Kansas 33 56.4 1.491 0.870 0.006 0.748
Michigan 27 49.1 0.496 0.292 0.006 0.021
Missouri 13 21.5 0.548 0.685 0.006 0.021
Ohio 17 38.8 0.783 0.417 0.001 0.006
Oklahoma 16 61.6 1.405 1.217 0.132 0.412
Tennessee 10 63.0 0.729 0.486 0.000 0.132
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Table 2.8.7: Rating Game Results: Individual versus BMA-unrestricted, n = 25 Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 58.8 1.136 0.559 0.000 0.132
Indiana 60 70.0 1.421 0.707 0.000 0.001
Iowa 91 52.6 0.598 0.306 0.001 0.001
Minnesota 56 70.0 0.418 0.231 0.000 0.000
Missouri 24 87.3 1.729 0.840 0.000 0.006
Ohio 58 71.6 1.064 0.754 0.000 0.006
Wisconsin 47 50.2 0.583 0.560 0.058 0.412

Soybean
Illinois 82 45.7 0.781 0.597 0.001 0.132
Indiana 59 36.9 1.089 0.547 0.000 0.006
Iowa 93 58.4 1.185 0.706 0.058 0.021
Minnesota 56 69.6 1.264 0.863 0.006 0.252
Missouri 27 66.1 1.418 0.840 0.001 0.132
Ohio 50 71.1 1.559 0.783 0.006 0.006
Wisconsin 32 91.1 1.602 1.238 0.000 0.021

Cotton
Arkansas 7 50.7 1.513 0.749 0.000 0.000
Georgia 20 69.5 0.765 0.549 0.000 0.252
Louisiana 6 65.8 1.983 1.409 0.000 0.021
Mississippi 11 52.3 0.947 0.754 0.006 0.132
Tennessee 7 58.6 0.917 0.456 0.000 0.001

Winter Wheat
Illinois 8 50.0 0.631 0.182 0.000 0.000
Indiana 19 54.7 0.681 0.399 0.000 0.006
Kansas 33 60.6 1.363 1.003 0.058 0.412
Michigan 27 52.8 0.295 0.248 0.021 0.021
Missouri 13 28.1 0.611 0.438 0.006 0.058
Ohio 17 39.4 0.761 0.486 0.000 0.021
Oklahoma 16 66.9 1.724 1.415 0.058 0.748
Tennessee 10 67.5 0.519 0.433 0.001 0.252
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Table 2.8.8: Rating Game Results: Individual versus BMA-unrestricted: Full Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 67.2 0.935 0.576 0.000 0.001
Indiana 60 73.4 0.974 0.715 0.000 0.000
Iowa 91 60.1 0.493 0.362 0.058 0.132
Minnesota 56 79.8 0.351 0.199 0.001 0.001
Missouri 24 89.2 0.789 0.696 0.000 0.132
Ohio 58 80.1 0.836 0.721 0.006 0.006
Wisconsin 47 68.8 0.538 0.466 0.058 0.748

Soybean
Illinois 82 60.7 0.805 0.579 0.058 0.252
Indiana 59 61.0 0.861 0.571 0.000 0.001
Iowa 93 73.9 1.252 0.709 0.000 0.058
Minnesota 56 72.1 0.984 0.659 0.006 0.058
Missouri 27 72.2 1.159 0.786 0.000 0.021
Ohio 50 86.3 1.804 0.681 0.000 0.006
Wisconsin 32 81.1 0.912 0.799 0.412 0.058

Cotton
Arkansas 7 38.6 0.716 0.543 0.000 0.021
Georgia 20 65.5 0.664 0.508 0.021 0.252
Louisiana 6 66.7 2.280 1.322 0.000 0.021
Mississippi 11 59.1 0.780 0.715 0.001 0.000
Tennessee 7 69.3 0.933 0.547 0.000 0.001

Winter Wheat
Illinois 8 53.8 0.657 0.287 0.000 0.000
Indiana 19 65.8 0.497 0.374 0.021 0.001
Kansas 33 63.8 1.513 1.067 0.132 0.058
Michigan 27 48.3 0.315 0.232 0.001 0.021
Missouri 13 41.9 0.510 0.499 0.021 0.058
Ohio 17 49.7 0.547 0.391 0.006 0.006
Oklahoma 16 64.7 1.584 1.712 0.412 0.021
Tennessee 10 81.0 0.206 0.415 0.006 0.021
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Table 2.8.9: Rating Game Results: RMA versus BMA-CRD: Full Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 74.7 0.704 0.622 0.006 0.001
Indiana 60 83.3 0.962 0.688 0.000 0.000
Iowa 91 78.4 0.302 0.409 0.252 0.252
Minnesota 56 79.5 0.209 0.222 0.252 0.021
Missouri 24 88.8 0.555 0.683 0.058 0.058
Ohio 58 79.6 0.868 0.686 0.000 0.058
Wisconsin 47 82.9 0.382 0.469 0.252 0.058

Soybean
Illinois 82 80.1 0.660 0.623 0.132 0.006
Indiana 59 74.4 0.849 0.593 0.021 0.006
Iowa 93 82.9 0.748 0.782 0.132 0.021
Minnesota 56 77.9 0.708 0.719 0.001 0.021
Missouri 27 66.5 0.783 0.867 0.132 0.132
Ohio 50 76.5 0.755 0.754 0.021 0.132
Wisconsin 32 60.9 0.811 0.822 0.058 0.252

Cotton
Arkansas 7 43.6 0.664 0.571 0.001 0.001
Georgia 20 49.2 0.611 0.478 0.252 0.252
Louisiana 6 56.7 1.867 1.437 0.058 0.021
Mississippi 11 67.7 0.573 0.777 0.868 0.588
Tennessee 7 71.4 0.230 0.701 0.021 0.021

Winter Wheat
Illinois 8 65.0 0.219 0.411 0.058 0.021
Indiana 19 68.7 0.416 0.436 0.021 0.006
Kansas 33 47.3 1.158 1.186 0.132 0.412
Michigan 27 35.4 0.320 0.210 0.021 0.132
Missouri 13 30.0 0.595 0.348 0.001 0.058
Ohio 17 45.3 0.431 0.554 0.006 0.006
Oklahoma 16 56.6 1.916 1.551 0.021 0.412
Tennessee 10 50.0 0.458 0.400 0.006 0.021
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Table 2.8.10: Rating Game Results: RMA versus BMA-State: Full Sample

Number of Retained by Loss Ratio Loss Ratio p-value p-value
Crop-State Counties Private (%) Government Private 1 2

Corn
Illinois 73 75.3 0.755 0.615 0.001 0.000
Indiana 60 82.6 0.953 0.690 0.000 0.000
Iowa 91 80.5 0.369 0.392 0.006 0.132
Minnesota 56 80.3 0.220 0.216 0.021 0.000
Missouri 24 79.2 0.546 0.686 0.058 0.000
Ohio 58 72.8 0.901 0.677 0.000 0.001
Wisconsin 47 81.7 0.438 0.464 0.132 0.412

Soybean
Illinois 82 81.0 0.650 0.622 0.021 0.021
Indiana 59 73.7 0.940 0.556 0.000 0.021
Iowa 93 81.0 1.018 0.720 0.001 0.021
Minnesota 56 77.7 0.853 0.680 0.006 0.058
Missouri 27 74.3 0.852 0.831 0.058 0.058
Ohio 50 81.2 1.030 0.688 0.001 0.021
Wisconsin 32 66.7 0.863 0.809 0.058 0.001

Cotton
Arkansas 7 42.9 0.664 0.571 0.001 0.001
Georgia 20 53.0 0.578 0.511 0.412 0.412
Louisiana 6 61.7 1.895 1.419 0.021 0.021
Mississippi 11 66.8 0.647 0.761 0.588 0.252
Tennessee 7 71.4 0.230 0.701 0.021 0.021

Winter Wheat
Illinois 8 68.1 0.249 0.364 0.021 0.000
Indiana 19 67.4 0.458 0.410 0.132 0.006
Kansas 33 53.6 1.231 1.154 0.412 0.588
Michigan 27 42.8 0.329 0.225 0.001 0.006
Missouri 13 29.2 0.529 0.550 0.021 0.132
Ohio 17 52.6 0.464 0.486 0.006 0.021
Oklahoma 16 59.1 1.903 1.541 0.132 0.252
Tennessee 10 48.5 0.456 0.508 0.001 0.021
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Chapter 3 Hierarchical Spatial Smoothing and Rat-

ing Crop Insurance Contracts

3.1 Introduction

Crop yields are noteworthy for short history in individual regions while abundant spatially

correlated counterparts exist. Therefore, incorporating this spatial information to increase es-

timation efficiency has drawn a lot of attention in the literature. Early works include Ker and

Goodwin (2000), where an empirical Bayes estimator was proposed to smooth via a weight-

ing process of individual county’s variance estimate; and Racine and Ker (2006), where they

proposed a nonparametric estimator to smooth between a mix of categorical (county) and

continuous data (historical yields). Annan et al. (2013) used a distributional testing procedure

to identify possible sets of yield pooling, where pooling was justified if the county yield data

failed to reject equivalence in the first three moments. Although the tests are subject to type

II error, their pooling strategy did show improvement in estimating mean yields for particular

base counties. Ker, Tolhurst, and Liu (2016) developed a Bayesian model averaging technique

to exploit possible similarities across space, where the smoothing is over multi-state region.

As an extension, Ker and Liu (2017) showed that the efficiency gains increase when the region

incorporated into the proposed averaging process expands from crop-reporting district (CRD)

to multi-state. Park, Brorsen, and Harri (2018) proposed a Bayesian Kriging method focused

on estimating the tail of the yield distribution, where the spatial structure across counties is

introduced through a Gaussian spatial process and the weight of spatial smoothing is measured

mainly by the Euclidean distance between counties, although smoothing based on physical dis-

tance may underperform when the region (state) contains missing history for some counties or

has more diverse geographical features. Ramsey (2019) proposed a Bayesian quantile process
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for yield density estimation where the spatial information was introduced through a Gaussian

spatial process and the corresponding parameters were estimated from data. Common to all

of these methods is the smoothing or weighting between target county’s yields and extraneous

yields from other (possibly) spatially correlated counties.

In the U.S. crop insurance program, county level yield data are primarily collected and

reported by National Agricultural Statistical Service (NASS) of the United States Department

of Agriculture (USDA). The county level data are grouped by state and CRD. According to

NASS, CRD is a grouping of counties within each state with similar geography, climate and

farming practices. Specifically, the geographic features include soil type, terrain, and elevation;

and the climate traits are mean temperature, annual precipitation and length of growing season.

In short, CRD is a region within a state where multiple counties share considerable similarities

in crop production. In this manuscript, we consider smoothing over three hierarchical levels

of geographic closeness. The first level is multi-state, where we consider the prior space as all

counties from multi-state. The estimates from the first level are refined by reconsidering the

prior space as individual state, where the second level is formed by counties within that specific

state. The estimate is finalized by exploiting the similarities within CRD defined by NASS,

where the estimate from the second stage are further refined by restricting the prior space to

the CRD that the target county belongs to. To the best of my knowledge, the manuscript is the

first to apply the hierarchical spatial smoothing method in crop insurance literature. Given the

important role crop insurance plays in U.S. agricultural policy, we evaluate the performance

of the proposed method with respect to estimating conditional yield distributions. We also

examine the economic importance of the proposed estimator by employing an out-of-sample

rating game setting.
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3.2 Data

County level yield data from 1951 to 2017 for corn, soybean and winter wheat were used in this

manuscript. The dataset we use was provide by USDA’s NASS Quick Stats portal. Focusing on

the main production states in U.S., we chose Illinois (IL), Indiana (IN), Iowa (IA), Minnesota

(MN), Ohio (OH), South Dakota (SD), and Wisconsin (WI) for corn. These seven states

comprised 61.8 percent of national corn production in 2017. For soybean, we choose all of

the above seven states except South Dakota, where these six states comprised 53.9 percent of

national soybean production in 2017. For winter wheat, we choose Kansas (KS) and Michigan

(MI), which accounted for 28.9 percent of national production in 2017. We removed counties

that contained missing values in their historical yields and counties that were the only county

in their CRDs. Overall, there were 411, 371 and 60 counties for corn, soybean and winter

wheat, respectively. For illustration purposes, Figure 3.2.1 shows geographic information from

the dataset we used, where the upper graph shows the multi-state map of corn production,

and the lower graph shows the CRDs within Iowa.

Before being used for density estimation, yields in each crop-county combination were

treated with the two-stage adjustment process, which is the common practice in crop insurance

literature. That is, an assumed trend function is first estimated and then the residuals from

the trend estimation are collected and adjusted for heteroscedasticity. The detrended and

adjusted data are rescaled with the estimated mean yield in one or two years ahead, and the

corresponding yield density of that year is estimated. This two-stage adjustment accounts for

changes in the first two moments of yields, which originate from the technological advances

in seed and farming management over time, as well as a changing climate. There are various

choices for the trend function form, including linear or median regression, one or two-knot

linear spline and nonparametric regression, among others. In this manuscript, we use the

methodology currently used by the Risk Management Agency (RMA) of USDA for detrending

and heteroscedasticity adjustment, where a robust linear spline function with zero, one or two
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Figure 3.2.1: Maps of Multi-state & CRD
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knots were estimated with spatial and temporal priors on the knots.10 The residuals were then

adjusted for possible heteroscedasticity following Harri et al. (2011). For more details of this

two-stage adjustment process, we refer to Ker and Tolhurst (2019).

3.3 Methods

Consider of a Q× T matrix of yield data,

y11 y21 · · · yj1 · · · yQ1

y12 y12 · · · yj2 · · · yQ2
...

...
. . .

...
. . .

...

y1t y2t · · · yjt · · · yQt
...

...
. . .

...
. . .

...

y1T y2T · · · yjT · · · yQT





where each county’s detrended and adjusted yields form each column, Q is the number of

counties and yjt is the adjusted yield realization in year t from county j. Depending on where

we borrow information from, we define Q as the total number of crop-county combinations of

the multi-state, K as the number of counties within a specific state and N as the number of

counties within a specific CRD.

As mentioned, we wish to consider a method that spatially smooths the estimates hierar-

chically, where Bayesian model averaging plays the smoothing role by averaging over individual

densities of each crop-county combination. The individual density starts with the Nadaraya-

Watson (NW) or the standard kernel estimator, defined as:

f ′(y) = (1/Th)
T∑
i=1

K((y − yi)/h), (3.1)

10We did not put any spatial and temporal priors in our trend estimation.
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where K is the kernel function that satisfies a square integrable symmetric probability density

function with a finite second moment, and h is the bandwidth or smoothing parameter chosen

by likelihood cross-validation. In this manuscript, we chose the kernel function as Gaussian

kernel or standard Normal kernel, which is the most common choice in applied work.

To smooth and draw similarities over all individual densities considered, we use Bayesian

model averaging (BMA), where the averaging is performed over all individual densities con-

sidered and corresponding weights are derived. BMA is mostly employed to deal with model

uncertainty, where the final estimate draws strength from a group of model assumptions. For a

comprehensive introduction to the general purpose of BMA, we refer to Hoeting et al. (1999).

For more details of the modified usage of BMA used in this manuscript, we refer to Ker and

Liu (2017).

As mentioned above, the proposed hierarchical method begins with the initial nonparamet-

ric estimates of all crop-county combinations, where each county estimate is based on its own

historical data. For county i, the density in the first stage of BMA smoothing is given by:

f̃i =

Q∑
j=1

pr(Mj | Di)f
′
j , (3.2)

which is a weighted average of all individual nonparametric densities f ′ crop-wide (multi-state).

The weight pr(Mj | Di) is derived from evaluating the likelihood that the model Mj generates

the data Di, which is the data from target county i. In the first stage, we set the uniform priors

for all Q counties of the multi-state and consider the likelihood that each of the Q individual

densities generates the data Di for a specific county i. To calculate pr(Mj | Di), we follow

Ker and Liu (2017) by interpreting the nonparametric density with Gaussian kernel as the

Normal mixture model. For a trained eye, Equation 3.1 is in fact a Normal mixture model

with T components with equal mixing weight 1/T , where Normal components have means

equal to the sample realizations and variances equal to the square of smoothing parameter

h. Therefore, the likelihood that a nonparametric estimate Mj generates data D with sample
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(d1, . . . dt . . . , dT ) is

Lj =
T∏
t=1

(1/Th)
∑

φ((dt − Yj)/h), (3.3)

where the Normal mixture is represented by the nonparametric estimate of county j with

sample Yj and corresponding bandwidth h. By normalizing Lj to weight given the uniform

priors that we set over all Q counties, we have

pr(Mj | D) =
Lj∑Q
j=1 Lj

. (3.4)

In the second stage, we restrict our spatial priors from the multi-state to a single state and

perform BMA over individual BMA densities f̃ from the first stage. For a given county i, the

updated BMA density is an average over all counties within the state that county i belongs

to. That is,

f̄i =
K∑
j=1

pr(M̃j | Di)f̃j , (3.5)

where K is the number of counties within the state, and f̃ is the density estimate from the first

stage. Note, in this stage, the BMA is performed over not the initial nonparametric density

estimates within the state but the BMA density estimates from the first stage. Given that the

model M̃ has already been estimated and represented by density f̃ , pr(M̃j | Di) is trivially

derived by:

pr(M̃j | Di) =
L̃j∑K
j=1 L̃j

, (3.6)

where L̃j is the likelihood that the first stage density estimate f̃j in county j generates the

data Di from county i. Given the density f̃j , the likelihood it generates any sample is simply

the product of the corresponding density values.

In the third stage, we continue to restrict the spatial priors from the state to the CRD

within a state. For county i, the refined BMA density estimate is formed by the average of

all counties’ density estimates f̄ within the CRD they belong to. The final hierarchical BMA
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density of county i is given by:

f̂i =
N∑
j=1

pr(Mj | Di)f̄j , (3.7)

where N is the number of counties within the CRD that county i belongs to, and M is specified

by the density estimate f̄ from the second stage. Similarly, we can derive the pr(Mj | Di) by

pr(Mj | Di) =
L̄j∑N
j=1 L̄j

, (3.8)

where L̄j is the likelihood that density f̄j generates the Di.

In summary, we start by estimating individual density nonparametrically, then continuously

refine the estimates using BMA, where the BMA weights and individual densities going into

BMA are updated according to the changing scope of priors hierarchically from the multi-state

to a CRD within a state. The normalized weights necessarily sum to one.

3.4 Estimating Crop Insurance Rates

We applied our proposed hierarchical BMA method (Hier-BMA hereafter) to estimating the

actuarially fair premium rate for 90% coverage in 2019. As a comparison, we estimate the

premium rate using the current RMA methodology, which is empirical rate based on detrended

and adjusted yields. Furthermore, we estimate the premium rate with two BMA estimators

with different prior restrictions. One is the BMA over all individual densities with uniform

priors on each county of multi-state (BMA-crop hereafter); the other is the BMA with priors

on each county of the CRD that the target county belongs to (BMA-crd hereafter). Box plots

of premium rates are shown in Figure 3.4.1. For corn, the proposed Hier-BMA estimator

produces rates with smallest interquartile range (IQR) and less outliers. As expected, BMA-

crd produces rates with larger IQR and more outliers than Hier-BMA and BMA-crop since
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BMA-crd borrows information from a quite restricted geographic level. Box plots of soybean

rates are similar to those of corn. For winter wheat, rates from Hier-BMA, BMA-crop and

BMA-crd are similar, but all of these three methods produce marginally smaller IQR than the

RMA rates.
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Figure 3.4.1: Box Plots of 90% Coverage Premium Rates in 2019

For illustration purposes, maps of the BMA weight on own county from BMA-crop, BMA-

crd and Hier-BMA are shown in Figure 3.4.2-3.4.3. For corn and soybean, the own weight from

BMA-crop is lower than the own weight from BMA-crd. The reason is obvious since BMA-crd

52



Table 3.4.1: Average Weight on Own County (%) for 2019 Estimated Densities

Crop BMA-crop BMA-crd Hier-BMA

Corn 68.06 94.12 87.57

Soybean 68.37 94.39 88.41

Winter Wheat 93.47 98.84 97.86

restricts priors over counties within its own CRD, the weights are necessarily concentrated in

its own county. Interestingly, own weight from Hier-BMA lies between own weight from BMA-

crop and BMA-crd. Also, own weight from Hier-BMA is distributed more smoothly than

the own weight from the other two estimators. For winter wheat, the majority of counties

concentrate most weight on its own for all three estimators. Patterns for the three estimators

are also very much similar. Table 3.4.1 presents the average BMA weights on own county.

The average BMA weights for three crops are consistent with the results from weight maps:

BMA-crop distributes significant weights on outside counties as it has the largest prior space.

Average own weights from Hier-BMA are less than the average weights from BMA-crop but

higher than the average weights from BMA-crd.

3.5 Crop Insurance Application

To examine the economical significance of the proposed estimator, we consider the application

to rating crop insurance contracts using an out-of-sample retain-cede rating game setting. The

rating game was first proposed by Ker and McGowan (2000) and has since been widely used in

crop insurance literature for comparing different rating methodologies. Examples include Ker

and Coble (2003), Racine and Ker (2006), Harri et al. (2011), Annan et al. (2013), Tack and

Ubilava (2015), Tolhurst and Ker (2015), Zhang (2017), Shen, Odening, and Okhrin (2018) and

Ramsey (2019). An additional test to account for the extra advantages of the private insurer

in the game was added by Ker, Tolhurst, and Liu (2016). The game exploits the mechanism

design of U.S. crop insurance programs, where there are several features noteworthy: i) RMA
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Figure 3.4.2: BMA Weight on Own County: Corn & Soybean
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uses its own methodology to set the premium rates for all policies it provides; ii) private insurer

has to sell all the policies within a state despite possibly having a different judgment on the

premium rates provided by RMA; iii) the private insurer shares the underwriting gains and

losses of all policies it sells with RMA asymmetrically, where it can decide which contracts to

keep and which contracts to cede back to RMA. The last feature is important for the design of

the rating game. Suppose the private insurer develops its own rating methodology, where it can

calculate its own rate of each contract and compare with the RMA rate. If a contract’s RMA

rate is higher than the private rate, the private insurer would choose to retain the contract since

it is overpriced. On the other hand, if a contract’s RMA rate is lower than the private rate,

private insurer would cede back the contract to RMA to avoid potential losses. If the private

insurer’s rating methodology is truly more efficient and accurate than RMA’s methodology,

the retaining-ceding mechanism would bring significant excess rents to the private insurer. By

mimicking this retaining-ceding mechanism, the rating game provides a means to compare

different pairs of rating methodologies.

We conduct the out-of-sample rating game with a 20-year length starting from 1997. That

is, we assume that RMA estimates the premium rates on county basis for 1998. Meanwhile, the

private insurer calculates its own premium rates using another competing rating methodology.

Given the true yield in 1998 and the retaining-ceding decisions of the private insurer, the

underwriting gains and losses for the set of retained and ceded contracts are calculated and

the corresponding yearly loss ratios of both parties are computed. The game continues on a

yearly basis for 20 years and ends in 2017. Two hypotheses are tested in the rating game.

The first one tests whether the loss ratio from the retained contracts is statistically less than

the loss ratio from retaining the same amount of contracts randomly. The p-value of the first

test is generated from 5000 times of randomization, where the amount of retained contracts is

fixed.

As mentioned above, the private insurer makes a decision to either retain or cede the

contract based on the rates set by RMA. The private insurer holds extra advantages over
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RMA to exploit extra rent, even if it employs a less efficient or accurate rating methodology

(Ker, Tolhurst, and Liu, 2016). The second test is to account for the extra advantage of the

private insurer by forcing the private insurer to retain half of the contracts and switch roles

with RMA. The loss ratio of both parties is re-calculated and corresponding p-value is derived.

We refer to Ker, Tolhurst, and Liu (2016) for more details of this efficacy test.

We conduct the rating game for each crop at 90% coverage levels because it is the most

popular coverage level in U.S. crop insurance program. We assume that the private insurer

using Hier-BMA estimator while RMA employs three competing estimators separately, includ-

ing its current empirical rate estimator, BMA-crop estimator and BMA-crd estimator. The

results table contains information on the percent of contracts retained by the private insurer,

the loss ratio of contracts ceded to the government, the loss ratio of contracts retained by the

private insurer, p-value of test 1, and p-value of test 2.

Table 3.5.1 presents the rating game results for corn. In the game where the private insurer

uses the Hier-BMA estimator and RMA uses its current empirical estimator, we find that the

private insurer has loss ratio less than RMA in all seven states. With respect to test 1, the

p-values are significant at 5% level of significance in five states, suggesting that economically

and statistically significant rents can be recovered by private insurer when using the Hier-BMA

estimator. With respect to test 2, the p-values are significant at 5% level of significance in

four states, suggesting that the Hier-BMA estimator leads to statistically significantly more

accurate premium rates. In the case where RMA employs the BMA-crop estimator, the private

insurer has lower loss ratios in five states. The p-values are significant in five states for test

1 and in three states for test 2. For comparison, we also provide the game results that RMA

employs the BMA-crd estimator. As previously mentioned, the BMA-crop performs better

than the BMA-crd since only very restricted information is incorporated into the BMA-crd.

As expected, the results show that the private insurer has lower loss ratios in all states. For

the two tests, six states show significant p-values in test 1 and three states show significant

p-values in test 2. Overall, there is no case where the Hier-BMA estimator is economically and

57



Table 3.5.1: Rating Game Results: Corn

Number of Retained by Loss Ratio Loss Ratio Test 1 Test 2
Method-State Counties Private (%) Government Private p-value p-value

Hier-BMA vs RMA

Illinois 73 40.3 0.612 0.460 0.0577 0.0577
Indiana 60 40.2 0.697 0.471 0.0013 0.0207
Iowa 91 32.3 0.378 0.237 0.0207 0.0207
Minnesota 56 29.2 0.230 0.157 0.0013 0.0059
Ohio 58 37.5 0.672 0.561 0.0207 0.0577
Wisconsin 47 19.8 0.422 0.380 0.2517 0.2517
South Dakota 26 30.8 0.831 0.297 0.0002 0.0207

Hier-BMA vs BMA-crop

Illinois 73 51.7 0.589 0.471 0.0002 0.0207
Indiana 60 49.0 0.700 0.463 0.0002 0.0013
Iowa 91 57.4 0.344 0.280 0.0013 0.0207
Minnesota 56 48.2 0.247 0.158 0.0207 0.0577
Ohio 58 51.2 0.600 0.604 0.0207 0.0577
Wisconsin 47 51.7 0.393 0.387 0.2517 0.5881
South Dakota 26 41.5 0.562 0.605 0.5881 0.8684

Hier-BMA vs BMA-crd

Illinois 73 48.0 0.646 0.418 0.0000 0.4119
Indiana 60 58.7 0.773 0.441 0.0000 0.0013
Iowa 91 50.1 0.430 0.217 0.0013 0.0059
Minnesota 56 51.2 0.240 0.163 0.0013 0.0013
Ohio 58 63.2 0.644 0.549 0.0059 0.4119
Wisconsin 47 51.0 0.434 0.349 0.2517 0.4119
South Dakota 26 48.7 0.610 0.548 0.0207 0.0577
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Table 3.5.2: Rating Game Results: Soybean

Number of Retained by Loss Ratio Loss Ratio Test 1 Test 2
Method-State Counties Private (%) Government Private p-value p-value

Hier-BMA vs RMA

Illinois 82 13.1 0.676 0.372 0.0002 0.0059
Indiana 59 19.1 0.730 0.359 0.0000 0.5881
Iowa 93 22.7 0.716 0.476 0.0207 0.0207
Minnesota 55 28.4 0.615 0.374 0.0002 0.0577
Ohio 50 34.2 0.750 0.529 0.0207 0.0577
Wisconsin 32 23.0 0.864 0.549 0.1316 0.1316

Hier-BMA vs BMA-crop

Illinois 82 48.5 0.614 0.532 0.1316 0.0577
Indiana 59 54.3 0.741 0.472 0.0000 0.0002
Iowa 93 51.4 0.696 0.549 0.1316 0.0577
Minnesota 55 49.4 0.550 0.478 0.1316 0.1316
Ohio 50 48.9 0.743 0.546 0.0002 0.0013
Wisconsin 32 48.6 0.771 0.684 0.0577 0.1316

Hier-BMA vs BMA-crd

Illinois 82 41.0 0.616 0.526 0.0013 0.0207
Indiana 59 49.0 0.714 0.473 0.0013 0.0059
Iowa 93 53.2 0.722 0.530 0.1316 0.2517
Minnesota 55 61.5 0.589 0.451 0.0059 0.0059
Ohio 50 62.9 0.659 0.570 0.0059 0.0002
Wisconsin 32 59.4 0.697 0.726 0.0207 0.5881
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Table 3.5.3: Rating Game Results: Winter Wheat

Number of Retained by Loss Ratio Loss Ratio Test 1 Test 2
Method-State Counties Private (%) Government Private p-value p-value

Hier-BMA vs RMA

Kansas 33 17.4 1.372 0.690 0.1316 0.0207
Michigan 27 5.6 0.319 0.222 0.0000 0.0577

Hier-BMA vs BMA-crop

Kansas 33 46.8 1.214 1.021 0.1316 0.0577
Michigan 27 48.5 0.374 0.195 0.0207 0.0059

Hier-BMA vs BMA-crd

Kansas 33 48.0 1.213 1.025 0.0207 0.0577
Michigan 27 49.1 0.350 0.217 0.0207 0.0577

statistically inferior to all three competing estimators.

Table 3.5.2 shows the results for soybean. In the game of the Hier-BMA versus RMA with

the empirical rate, the private insurer has lower loss ratios in all six states, among which five

states show significant p-values in test 1 and two states show significant p-values in test 2. In

the game of the Hier-BMA versus RMA using the BMA-crop, the private insurer has lower

loss ratios in all six states; the p-values in both tests are significant in two states and no states

show that the Hier-BMA is statistically inferior to the BMA-crop. When the private insurer

uses the Hier-BMA while RMA uses the BMA-crd, the private insurer has loss ratios lower

than that of RMA in five states; the p-values in test 1 are significant in five states and the

p-values in test 2 are significant in four states.

Results for winter wheat are also encouraging and are shown in Table 3.5.3. In all six

cases of the three games, the private insurer has lower loss ratios when using the Hier-BMA

estimator. The p-value of both tests in all 12 cases are less than 0.15, of which six cases are

significant.
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3.6 Conclusions

Incorporating spatial information into the estimation of crop yield densities in order to increase

efficiency and accuracy has drawn a lot of attention in the crop insurance literature. All of

these methods are related to smoothing or weighting between a target county’s yields and

extraneous data from other counties. By exploiting the hierarchical geographic structure of

U.S. crop production, we proposed an estimator that smooths over three spatial hierarchical

levels. The estimate starts with smoothing over individual density estimates from multiple

states, and continuously updates these estimates through greater restrictions on the model

averaging space, first to within a state and then to within a crop reporting district.

We applied the proposed estimator to estimating the conditional yield densities and cor-

responding premium rates. We find the proposed estimator produces more stable premium

rates. Also, using an out-of-sample rating game, we find that the proposed estimator can

generate economically significant rents by adversely selecting against the naive BMA as well

as the current RMA estimator. Moreover, we find that the hierarchical spatial smoothing

produces more accurate premium rates than the naive BMA estimator as well as the current

RMA methodology.
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Chapter 4 When Less is More: On the Use of His-

torical Yield Data with Application to

Rating Crop Insurance Contracts

4.1 Introduction

Much of production agriculture in developed countries is produced under heavily subsidized

insurance and has been for the past 20-25 years. Most crop insurance programs use historical

yield data to set guarantees, estimate premium rates, and calculate indemnities. Moreover,

many in the literature use historical yield data to consider a variety of issues related to rating

crop insurance contracts (Miranda and Glauber, 1997; Goodwin and Ker, 1998; Goodwin and

Hungerford, 2015; Zhang, 2017; Ramsey, Goodwin, and Ghosh, 2019). In many cases, and

certainly with respect to rating methodologies, yield data are detrended and adjusted for

possible heteroscedasticity and then assumed to be independent and identically distributed;

Zhu, Goodwin, and Ghosh (2011) denote this the “two-stage method”. In many countries,

county or provincial yield data exist from 1950s onwards and reflect very significant innovations

in both seed and farm management technologies. Innovations have likely moved mass all around

the support of the yield distribution. This begs the question to what extent, if any, do yield

losses in the 1950s and 1960s inform much about yield losses in 2019 even after accounting

for time-varying first two moments? We ask should yield data be historically trimmed when

estimating premium rates. Note, the issue of trimming is exacerbated in rating insurance

contracts by the need to estimate tail probabilities.

Changes in seed and farm management technologies and their effects on yields have been

well documented in the agronomy literature. Notable examples include the introduction of
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biotech seeds and precision farming. Many have shown that corn, soybean and wheat yields in

the United States have more than doubled from 1950 to mid-1990s (Reilly and Fuglie, 1998;

Fernandez-Cornejo, 2004; Duvick, 2005; Egli, 2008; Fernandez-Cornejo et al., 2014; Assefa

et al., 2017; Egli, 2017). They tend to suggest that roughly half of the yield gain is attributed to

genetic seed improvements while the other half is attributed to improved agronomic practices.

Although the agronomy literature has focused on changes in average yields, some have also

documented increasing volatility in yields (Naylor, Falcon, and Zavaleta, 1997; Kucharik and

Ramankutty, 2005; Challinor et al., 2014; Leng, 2017). Conversely, there has been a relatively

large body of work on the changes in yield volatility by agricultural economists, primarily

driven by issues related to crop insurance (Harri et al., 2011; Claassen and Just, 2011; Zhang,

2017). With respect to changes in the higher moments (> 2) of the yield distribution, there

has been markedly less work. Zhu, Goodwin, and Ghosh (2011), using NASS county level yield

data for corn, soybean and cotton, find changes in higher moments through time. Tack, Harri,

and Coble (2012), using county level cotton data in Arkansas, Mississippi, and Texas, found

that the third moment, or skewness, was changing with time for Mississippi and Texas. Note

that changes in higher moments indicate the common approach of correcting for changes in

the first two moments is not sufficient for the identically distributed assumption in most of the

literature as well as the rating methodologies for many government programs. However, given

the need to estimate tail probabilities, the above results (which are very region-crop specific)

do not necessarily suggest historically trimming yield data will lead to more accurate premium

rates; the loss function for each is over very different subsets of the density space.

The objective of this manuscript is to answer the question whether governments should or

should not trim their historical yield data in estimating crop insurance rates. We focus our

attention of the U.S. crop insurance program (administered by the Risk Management Agency

(RMA)) to be of greatest relevance to the existing literature (most of which is focused on the

U.S. crop insurance program). Using county-level NASS yield data for corn, soybean, and

winter wheat we first, for completeness, consider nonparametric distributional tests to assess
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if the adjusted yield data may result from different data generating processes (dgps). Second,

we use an out-of-sample retain-cede rating game -- commonly employed in the literature --

to compare premium rates from the full versus historically trimmed yield data. Specifically,

we focus our trimming at 1991 to reflect the distinction between RMA’s area based insurance

programs and their newer shallow loss programs. In their area programs all historical yield data

is used in the rating process whereas in their newer shallow loss programs only yield data from

1991 onwards is used. In a somewhat related article, Shen, Odening, and Okhrin (2018) argue

for trimming based on time-varying changes in the first two moments of the yield dgp. However,

the literature had moved beyond this over the past two decades by accounting for changes in

the lower moments using deterministic or stochastic trends (first moment) and procedures to

accommodate heteroscedasticity (see Harri et al. (2011)). The important question for trimming

relates to the higher moments and is the question we consider here.

4.2 NASS Yield Data, Detrending Methodology, and Heteroscedas-

ticity Treatment

NASS provides 49 categories of field crops including beans, cotton, corn, grain, hay, peanuts,

mint, rice, soybeans, and wheat. The data generally date back to the 1950s. We use county

level yield data for corn, soybean, and winter wheat for the period 1951–2017 (67 years). Our

corn and soybean analysis focuses on states that account for the majority of national corn and

soybean production. We removed counties with one or more missing yield observations as well

as any state that does not have 25 or more counties. We also removed all states that reported

more than ten percent of their acreage as irrigated in the 2012 Census of Agriculture. After

doing so, we are left with seven states for corn: Illinois (IL), Indiana (IN), Iowa (IA), Minnesota

(MN), Ohio (OH), South Dakota (SD), and Wisconsin (WI). These states accounted for 57.8

percent of harvested acreage and 61.8 percent of national production in 2017. All corn states

except South Dakota met the inclusion criteria for soybean. These six states accounted for
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50.5 and 53.9 percent of national harvested acreage and production, respectively, in 2017. For

winter wheat, we considered the top 15 states that had less than ten percent of their acreage

irrigated in 2012 Census of Agriculture, only two of which met the inclusion criteria: Kansas

(KS) and Michigan (MI). These two states accounted for 29.2 percent and 28.9 percent of

national harvested acreage and production, respectively, in 2017. In total, our data comprises

414 corn, 373 soybean, and 64 winter wheat counties.

Premium rates are estimated using a two-step process in which a trend is first estimated

and then residuals are adjusted for possible heteroscedasticity. A two-step process is by far the

most common in the literature as noted by Zhu, Goodwin, and Ghosh (2011). RMA estimates

the temporal process of yields, denoted yt = (y1, ..., yT ), for each crop-county combination

using a robust two-knot linear spline:

yt = θ1 + θ2t+ δ1d1(t− k1) + δ2d2(t− k2) + εt (4.1)

with d1 = 1 if t ≥ k1 and d2 = 1 if t ≥ k2 for knots k1, k2 ∈ (1 + k̄, . . . , T − k̄) and k2− k1 ≥ k.

The k, k̄ ≥ 10 are a prior imposed bounds which prevent the knots from locating too close

together (k) or too close to either endpoint (k̄). Knot locations ki are selected using a grid

search (least-squares criterion). The model is run with zero, one, and two knots and then

the number of knots used is selected using AIC.11 Given the number of knots, two robustness

procedures are performed; the spline is iterated to convergence with Huber weights and then

twice through a bisquare function. Specifically, let ε̃t be the estimated residuals from the robust

spline with the chosen number of knots and η̃t = ε̃t/
√
T−1

∑
ε̃2t . The Huber function assigns

weight one to observations if |η̃t| < c and weight c/|η̃t| otherwise with a default c = 1.345.

Similarly, the bisquare function weights observations (1−(η̃t/c)
2)2 if |η̃t| < c and zero otherwise

with default c = 4.685.12

11We do not impose the spatial and temporal priors on knots used by the RMA.
12Given any results are dependent on the choice of detrending method, we considered three alternative method-

ologies to ensure robustness of our results: (i) linear model estimated by L2; (ii) linear model estimated by L1;
and (iii) nonparametric local lines using out-of-sample cross validation for the smoothing parameter. Our results
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Denote the residuals from the above detrending process as ε̂t and the fitted values as

ĝ(t) = ŷt. The heteroscedasticity adjustment via the Harri et al. (2011) estimates:

ln(ε̂2t ) = α+ γ ln (ŷt) + vt. (4.2)

Note, constant and proportional variance in the underlying yield data correspond to γ = 0

and γ = 2, respectively. Yields are adjusted based on a one-step ahead forecast (ŷT+1) and

the heteroscedasticity coefficient (γ̂):13

ŷ∗t = ŷT+1 + ε̂t

(
ŷT+1

ŷt

) γ̂
2

(4.3)

The adjusted yields are then used to generate the empirical premium rate for period T + 1

π∗T+1 =
1

T

T∑
t=1

max
{

0, λŷ∗T+1 − ŷ∗t
}

(4.4)

where λ is the coverage level such that λŷ∗T+1 is the yield guarantee.

4.3 Testing the Identically Distributed Assumption

When testing for structural change, generally a Chow-type test is used; the sample is split into

different sub-populations and residuals from regression equations within the sub-populations

are combined with the residuals from a regression equation spanning the two samples to form a

Wald type test statistic. The Bai-Perron test is a sup-type test of the Chow test in that it does

not assume the breakpoint is known or the number of breakpoints. The Wilcoxon rank sum

test is like a Chow test and primarily has power against changes in location. Overall, these

tests have power only against changes in the conditional mean function (first moment) and

are robust to any of these alternative detrending methodologies.
13RMA uses a two-step ahead forecast because of data availability/timing issues. We choose a one-step ahead

forecast for our analysis simply to gain an additional degree of freedom given we are truncating an already short
time series.
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thus, unsurprisingly, resulted in very little rejections on the adjusted yields across the crop-

county combinations.14 We are interested in structural changes in the higher moments of the

dgp, beyond the conditional mean or variance. A common choice is Kolmogorov-Smirnov (KS)

test which considers the maximum difference between two empirical distribution functions and

thus has power against differences in all moments. Note, the test is nonparametric in that the

test statistic is a function of the two empirical distribution functions. Also, the KS test has

been shown to have relatively low power in comparison to Chow or Bai-Perron tests as these

tests have an infinitely smaller space of alternatives (Wilcox, 1997). Moreover, the difference

between two empirical distribution functions is most pronounced for differences in the location,

followed by differences in scale, and then higher moments in sequential order. Recall we will

only be testing differences in the higher moments and thus the power of the KS test is further

weakened in that the two samples we are comparing have near identical first two moments.

The KS test statistic is denoted Dn,m and defined as:

Dn,m = sup
x
| F1,n(x)− F2,m(x) |, (4.5)

where F1,n and F2,m are the empirical distribution functions of the first and the second samples

with sample size n and m respectively. Specifically, the entire yield series is detrended and

corrected for heteroscedasticity and then split pre and post 1991 corresponding to the different

RMA rating procedures; recall the area-based programs use all the yield data whereas the

newer supplemental loss programs only use yields from 1991 onwards. The null of the KS test

is rejected at level α when

Dn,m > c(α)

√
n+m

nm
, (4.6)

where c(α) is calculated from the Kolmogorov distribution.

We also consider a second test forwarded by Li (1996) and further developed by Li, Maa-

14Given we have corrected for the time-varying changes in the first moment in our detrending process, any
rejections reflect the inappropriateness of the underlying functional form in the detrending process.

67



soumi, and Racine (2009) (denoted LMR test). This LMR test is similar to a Cramer-von

Mises test in that rather than based on the supremum difference, it is based on the integrated

squared difference. Specifically, the LMR test smooths the data using kernel methods and

calculates the integrated squared difference. Moreover, Li, Maasoumi, and Racine (2009) find

power is increased if one bootstraps the null, using randomization methods, rather than use

an asymptotic expansion for the distribution of the test statistic. Specifically, the entire yield

series is detrended, corrected for heteroscedasticity, and then divided into two subsets pre and

post 1991. The test statistic is defined as:

LMR =

∫ ∞
−∞

(
f̂1(x)− f̂2(x)

)2
dx, (4.7)

where f̂1 and f̂2 are kernel estimates based on the two subsets of data. Li, Maasoumi, and

Racine (2009) suggest using least squares cross validation for bandwidth selection. Moreover,

the kernel estimates under the bootstrap samples to recover the distribution of LMR under

the null use the same two bandwidths in each bootstrap. In our application, 500 bootstrap

samples were used to construct the null.

The test results are presented in Table 4.3.1. As expected, the LMR test has significantly

more power than the KS test given the LMR test statistic is calculated over the entire support

and a randomization method is used for creating the null. Second, the results reject that the

data pre and post 1991 come from the same distribution in many of the crop-state combinations

despite the small number of observations. In corn, 30% of the counties reject at the 5%

significance level while 41% reject at the 10% significance level. The results are similar across

the seven states. Soybean exhibits somewhat less significance as compared to corn; 14% of

the counties reject at the 5% significance level while 24% reject at the 10% significance level.

Winter wheat exhibits very little statistical significance, just 6% of the counties reject at the

5% significance level while 14% reject at the 10% significance level, barely above the size of the

test. Interestingly, these results correspond to the level of research expenditures in the three
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Table 4.3.1: Identically Distributed Test Results

Number of Rejections

Crop-State Number of KS Test LMR Test

Counties α = 0.05 α = 0.10 α = 0.05 α = 0.10

Corn
Illinois 73 1 12 38 46
Indiana 60 2 4 13 20
Iowa 91 4 18 22 34
Minnesota 57 11 21 25 27
Ohio 58 1 5 5 12
Wisconsin 48 4 10 11 20
South Dakota 27 0 2 9 11

Soybean
Illinois 82 1 3 14 18
Indiana 59 1 1 6 12
Iowa 93 0 0 5 15
Minnesota 55 3 6 11 17
Ohio 51 0 2 9 14
Wisconsin 33 0 0 9 14

Winter Wheat
Kansas 35 0 0 1 3
Michigan 29 0 1 3 6

crops over the past half-century. Corn has seen the most innovation while wheat has seen very

little. The LMR test results (p-value) for corn, soybean, and winter wheat are graphically

illustrated by county-crop combination in Figure 4.3.1. There does appear to be geographical

clustering. For example, with respect to corn the majority of the central counties -- the high

production counties -- reject the null of identically distributed. With respect to soybean, the

clustering rejections are in the more eastern counties. With respect to winter wheat, the

clustering in Michigan is to the west while in Kansas it is to the southwest.
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Figure 4.3.1: Maps of p-values: LMR Test
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Figure 4.3.1: Maps of p-values: LMR Test, Continued

4.4 Trimming and Estimating Crop Insurance Rates

Results from the previous section call into question the identically distributed assumption

from a statistical perspective, but provide little information regarding economic importance.

As previously mentioned, the loss functions for estimating a distribution versus a premium

rate are over different subsets of the density space. We consider the effect of trimming in

rating crop insurance contracts by using an out-of-sample retain-cede rating game consistent

with the literature. Specifically, the game allows two players using different methodologies to

estimate premium rates and adversely select against one another. The game was first proposed

by Ker and McGowan (2000) and has since been employed by Racine and Ker (2006), Harri

et al. (2011), Annan et al. (2013), Tack and Ubilava (2015), Zhang (2017), and Shen, Odening,

and Okhrin (2018) to justify alternative rating methodologies. The game was modified with

an additional test of rating efficiency in Ker, Tolhurst, and Liu (2016). Park, Brorsen, and
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Harri (2018) utilized both tests in proposing an alternative rating methodology which exploits

spatial closeness. The game was inspired by the retain-cede decision of private insurers in

regards to the crop insurance contracts they sell. Some salient features of the U.S. crop

insurance program are relevant to the game. First, RMA rather than private insurers set

the rates for all policies. Second, the private insurer must sell all policies in a state that it

operates in (even if it deems the policy to be under-priced). Third, the private insurer shares,

asymmetrically, in the underwriting gains and losses of all policies it sells. Fourth, there is a

mechanism in which private insurers can significantly reduce their exposure on policies they

deem unwanted.15 Given these salient features, private insurers determine which policies to

retain and which to cede. That is, private insurers retain policies they believe over-priced

and expect an underwriting gain and cede policies they believe under-priced and expect an

underwriting loss. As a result, private insurers necessarily develop their own rates in attempts

to strategically adverse select against RMA and recover excess rents. Mimicking this allows

one to hypothetically compare two sets of premium rates: one based on the full yield series and

one based on the trimmed yield series. This is in contrast to the past literature that employs

the retain-cede game to evaluate alternative rating methodologies using the same data.

Specifically, we assume RMA uses the full historical yield data from 1951-1997 on a county-

crop basis to estimate the RMA premium rates for 1998. Conversely, the private insurer

estimates their rates using a 25 year trimmed data set; that is yields from 1973-1997.16 Both

the RMA and the private insurer use the RMA rating methodology outlined above and as

such the only difference in the two sets of rates is the result of trimming the historical yield

data. Based on the two sets of rates, the private insurer identifies which contracts to retain

and which to cede. The underwriting gains or losses for the set of retained and ceded contracts

are calculated using the actual yields in 1998. This process is repeated for 20 years and the

15Specific details are outlined in the USDA-RMA Standard Reinsurance Agreement with approved private
insurers.

16The 25 year trimming roughly corresponds to the 1991 cutoff. We also did trimming at 30 years and our
results were quantitatively very similar.
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loss ratios (defined as the ratio of total underwriting losses to total premiums) for both the

retained and ceded sets of contracts are calculated. We conduct the game for each crop-county

combination at the 90% coverage level where the very large majority of area-based contracts

are purchased.

As in the above cited literature, we undertake two hypothesis tests. The first tests whether

the loss ratio from the retained contracts is less than the loss ratio from retaining contracts

randomly (choosing which contracts to retain randomly is equivalent to the private insurer

being indifferent between the two sets of competing rates). Like Li, Maasoumi, and Racine

(2009), randomization methods are used to recover the p-value. Game 1 mimics the current

reality of the US crop insurance program. However, the private insurer has an advantage

because they react to the RMA premium rates. As such, whichever of the two competing rates

the private insurer uses has an inherent competitive advantage in game 1. This advantage is

nullified in game 2 by contrasting the changes in loss ratios under both sets of the competing

rates (see Ker, Tolhurst, and Liu, 2016, for details). The number of contracts considered is

the number of counties multiplied by 20 years; 8,280 contracts for corn, 7,460 contracts for

soybean, and 1,280 contracts for winter wheat. The results, which include percent retained by

the private insurer, the government or ceded contracts loss ratio, the insurer or retained loss

ratio, p-value of game 1, and p-value of game 2, are presented in Table 4.4.1.

Under a 25-year trimming decision rule, we find the private insurer’s loss ratio is less than

the RMA loss ratio for all 14 of the 15 state-crop combinations (Michigan wheat is higher

only in the third decimal place). For corn, the private insurer loss ratio ranges from 66% to

89% of the RMA loss ratio. For soybean, the ratio ranges from 53% to 87%. Given only two

states for winter wheat, the ratio is 53% for Kansas and 101% for Michigan. With respect

to the first game, p-value 1 is significant in all state-crop combinations but Michigan wheat,

suggesting that economically and statistically significant rents can be recovered by private

insurers by trimming the yield data. With respect to the second game, p-value 2 is significant

at the 10% level for seven of the 15 state-crop combinations, suggesting that trimming leads
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Table 4.4.1: Out-Of-Sample Retain-Cede Rating Game

Number of Retained by Loss Ratio Loss Ratio Game 1 Game 2
Crop-State Counties Private (%) Government Private p-value p-value

Corn

Illinois 73 66.1 0.581 0.519 0.0207 0.1316
Indiana 60 72.5 0.676 0.560 0.0013 0.0577
Iowa 91 59.1 0.411 0.270 0.0013 0.0577
Minnesota 57 75.9 0.228 0.195 0.0000 0.0577
Ohio 58 68.1 0.713 0.585 0.0013 0.2517
Wisconsin 48 77.0 0.543 0.378 0.0013 0.7483
South Dakota 27 81.3 0.810 0.545 0.0000 0.0002

Soybean

Illinois 82 51.4 0.874 0.467 0.0059 0.2517
Indiana 59 70.5 1.019 0.538 0.0002 0.0207
Iowa 93 52.4 0.840 0.531 0.0059 0.1316
Minnesota 55 76.2 0.787 0.491 0.0013 0.0059
Ohio 51 76.1 0.734 0.640 0.0059 0.1316
Wisconsin 33 85.5 1.054 0.738 0.0013 0.2517

Winter Wheat

Kansas 35 32.9 1.525 0.814 0.0059 0.0577
Michigan 29 49.0 0.346 0.349 0.2517 0.1316
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to statistically significantly more accurate premium rates. In no cases did not trimming lead

to statistically significantly more accurate premium rates. Specifically, with respect to corn,

four of the seven states were significant. With respect to soybean, two of the six states were

significant. Finally, with respect to winter wheat, one of the two states were significant. In

summary, the out-of-sample retain-cede rating game provides strong evidence for trimming,

consistent with the results from the last section.

4.5 Conclusions

Historical yield data has been utilized in many empirical applications in literature, most notably

in applications related to crop insurance. Most applications account for time-varying lower

moments but assume time-constant upper moments. In addition, RMA does the same in

estimating the premium rates of their area products. However, there has been significant

innovations in farm management and seed technologies in the past half century such that mass

has likely moved all around the yield distribution. Not surprisingly, a few papers have found

changes in the upper moments of the yield dgps thus questioning the standard approach of

correcting the first two moments only. Our distributional test results find strong evidence

of the inappropriateness of the identically distributed assumption for corn and soybean and

markedly less so for winter wheat. These results are surprisingly strong in that the sample sizes

are relatively small and thus the power of the tests against economically relevant alternatives

are weakened. Our out-of-sample retain-cede rating game, which represents a different loss

function over only a subset of the density space, is consistent with our distributional tests.

That is, trimming does not increase estimation error in the rating process and is shown in

approximately half of the crop-state combinations considered to decrease estimation error.

This result is quite noteworthy suggesting that despite small sample sizes and the need to

estimate tail probabilities, the historical data appears to be sufficiently different such that

trimming is justified. Finally, our results across crops are fairly consistent with the research
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expenditures across crops in that we find the biggest efficiency gains from trimming in corn

which has experienced the most innovation. While we caution against extrapolation, our results

should give cause for consideration when using historical yield data in rating crop insurance

contracts in all countries as well as using historical yield data in other applications as well.
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Chapter 5 Simultaneous Borrowing of Information

across Space and Time for Estimating

Crop Insurance Premium Rates

5.1 Introduction

There is a great deal of methodological literature on estimating conditional yield distributions

and corresponding crop insurance premium rates.17 Most recently, the idea of borrowing

spatially extraneous yield data to better estimate tail probabilities has attracted significant

attention. For example, Park, Brorsen, and Harri (2018) proposed a Bayesian Kriging method

for spatial smoothing. Ramsey (2019) presented a Bayesian quantile process for yield density

estimation where the spatial information is introduced through a Gaussian spatial process. Ker,

Tolhurst, and Liu (2016) developed a Bayesian model averaging technique to exploit possible

similarities across space. Finally, Annan et al. (2013) used a distributional testing procedure

to identify possible sets of yield pooling. For earlier works on exploiting possible spatial

similarities in estimating yield distributions and premium rates, see Ker and Goodwin (2000)

and Racine and Ker (2006). All of these methods can be considered some form of smoothing

or weighting between the individual yield data of interest and the spatially extraneous yield

data.

Literature questioning the use of historical yield data in empirical analyses has also started

to surface; not surprising given the significant changes in seed technology (such as the introduc-

tion of genetically modified seeds), changes in farming practices (such as precision farming),

17Examples include parametric estimation (Gallagher, 1987; Atwood, Shaik, and Watts, 2003; Sherrick et al.,
2004; Tack, Harri, and Coble, 2012; Tolhurst and Ker, 2015) and nonparametric estimation (Goodwin and Ker,
1998; Ker and Goodwin, 2000; Ker and Coble, 2003; Norwood, Roberts, and Lusk, 2004; Ramsey, Goodwin,
and Ghosh, 2019).
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and changes in climate. With respect to crop insurance, it does not seem likely that yield

losses from the 1950s and 1960s can inform, to the same degree as yield losses from the 2000s,

about possible losses in 2019. Shen, Odening, and Okhrin (2018), using adaptive smoothing,

found that yields should be trimmed after approximately 20 years. Liu and Ker (2019), using

nonparametric hypothesis tests, found that yields should be trimmed after 25-30 years. More-

over, many have found statistically significant changes in the higher moments of yields (see

Tack, Harri, and Coble, 2012; Tolhurst and Ker, 2015; Ker and Tolhurst, 2019; Goodwin and

Piggott, 2019; Ramsey, 2019), thereby violating the common assumption in the literature of

only correcting for time-varying changes in the first two moments of yields; this necessitates

historical trimming. Similar to extraneous spatial yield data, the trimmed yield data can be

considered temporally extraneous.

The objective of this manuscript is to generalize three methods -- previously used to smooth

only across space -- to smooth simultaneously across both space and time for estimating crop

insurance rates. No assumptions are made as to the degree or form of similarity between the

underlying data generating processes, either temporally or spatially. The first approach we

consider pools all extraneous yield data across both space and time to form a start estimate.

The start estimate is then corrected using the individual yield data. Note that this approach

optimizes the smoothing between the individual yield data and the temporally and spatially

extraneous yield data. However, it is naive in that the methodology treats all extraneous

data identically. The second approach is generally used for smoothing across discrete and

continuous variables. In our case, we have two discrete variables: temporal set and spatial

set. As a result, we require an additional smoothing parameter compared to the first method.

However, the additional smoothing parameter does enable the weights or smoothing across

space and time to differ. The final methodology is Bayesian and smooths across time and

space using posterior weights. The Bayesian methodology is the most flexible in that the

weight varies not only between space and time but within space and time as well. Note, all

three proposed methods allow historical trimming (as per Shen, Odening, and Okhrin (2018)
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and Liu and Ker (2019)) without completely discarding the trimmed yield data. Moreover,

the proposed methods capture possible efficiency gains from smoothing across space (as found

by Ker, Tolhurst, and Liu, 2016; Park, Brorsen, and Harri, 2018; Ramsey, 2019).

We evaluate the three proposed methods with respect to estimating crop insurance premium

rates. Crop insurance programs have been the pillar of U.S. domestic agricultural policy

for the past 25 years. As of 2017, over 100 crops are now covered under various programs.

According to the estimate of the U.S. Congressional Budget Office in 2014, the total spending

on agricultural insurance programs will be almost $90 billion over the coming decade. Crop

insurance represents the largest expenditure in the farm bill after food stamps. The program

is administered by the United States Department of Agriculture’s Risk Management Agency

(RMA). The three proposed methodologies are of primary interest to rating both area-yield

and shallow loss products. Interestingly, the RMA methodology for area-yield products uses all

historical county-level yield data, whereas the Agency’s methodology for shallow loss products

discards historical yield data prior to 1991. Additionally, the proposed methodologies are of

relevance to the farm-level crop insurance programs for two reasons: (i) county level rates

are used in the rating process for base farm level rates; and (ii) the proposed methodologies

perform very well in small samples given their smoothing properties.

5.2 Data

We use historical county level yield data for corn and soybean from 1951 to 2017, collected from

USDA’s National Agricultural Statistical Service (NASS) Quick Stats portal.18 We focus on

states that account for the majority of national production. We removed states that have less

than 25 producing counties. We also removed states that had more than 10% of their acreage

as irrigated in the 2012 Census of Agriculture. For each state selected, counties with missing

observations were also removed. Following these criteria, we ended up with seven states for

18NASS Quick Stats: https://quickstats.nass.usda.gov
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corn: Illinois (IL), Indiana (IN), Iowa (IA), Minnesota (MN), Ohio (OH), South Dakota (SD),

and Wisconsin (WI). These states accounted for 57.8 percent of harvested acreage and 61.8

percent of national corn production in 2017. All corn states except South Dakota met the

inclusion criteria for soybean. These six states accounted for 50.5 and 53.9 percent of national

harvested acreage and production of soybean in 2017, respectively. In total, our data comprises

414 corn and 373 soybean counties.

5.3 RMA Methodology

In the vast majority of the crop insurance literature, premium rates are estimated using a

two-stage process. First, a trend function is assumed and estimated using the historical yields.

Both deterministic and stochastic trends have been used in the literature. Examples include

linear, median regression, two-knot linear spline (Skees and Reed, 1986), polynomial (Just and

Weninger, 1999), nonparametric regression (Goodwin and Hungerford, 2015; Ramsey, Good-

win, and Ghosh, 2019), Kalman filter (Kaylen and Koroma, 1991) and ARIMA (Goodwin and

Ker, 1998). The residuals from the trend estimation are adjusted for possible heteroscedastic-

ity via Harri et al. (2011). The detrended and heteroscedasticity adjusted yield data, referred

to throughout as adjusted yields, are then used to estimate conditional yield distributions and

recover premium rates. Zhu, Goodwin, and Ghosh (2011) noted, this two-stage procedure

is by far the most common practice employed in the literature. In this manuscript, we use

the current RMA methodology for trend estimation and heteroscedasticity adjustment given

the relevance of our results to crop insurance.19 Currently, RMA estimates the county level

historical yields, denoted as yt = (y1, ..., yT ), with a robust two-knot linear spline:

yt = θ1 + θ2t+ δ1d1(t− k1) + δ2d2(t− k2) + εt, (5.1)

19Our results are robust to simple linear trend, median regression, and nonparametric local smoothing.
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where d1 and d2 are indicator functions so that d1 = 1 if t ≥ k1 and d2 = 1 if t ≥ k2, and are

zeros otherwise; k1, k2 are two knots such that k1, k2 ∈ (1 + k̄, . . . , T − k̄) and k2 − k1 ≥ k.

To maintain the proper length of each knot section, the conditions k, k̄ ≥ 10 are imposed to

prevent the knot locations from being too close to each other or too close to the end points.

Knot locations ki are selected through a grid search based on minimizing least squares. The

number of optimal knots (0, 1, 2) is selected based on Akaike information criterion (AIC). Given

the number of knots, parameters are estimated through two robustness procedures where the

spline is iterated to convergence with Huber weights and then twice passed through a bisquare

function.

After the trend estimation, we denote the residuals as ε̂t and the fitted values as ĝ(t) = ŷt.

Heteroscedasticity is corrected for using Harri et al. (2011):20

ln(ε̂2t ) = α+ γ ln (ŷt) + vt. (5.2)

Note, constant and proportional variance in the underlying yield data corresponds to γ = 0

and γ = 2, respectively. Yields are adjusted based on a one-step ahead forecast (ŷT+1) and

the heteroscedasticity coefficient (γ̂):21

ŷ∗t = ŷT+1 + ε̂t

(
ŷT+1

ŷt

) γ̂
2

(5.3)

The adjusted yields can then be used to estimate conditional yield distributions or generate

empirical premium rates:

π∗T+1 =
1

T

T∑
t=1

max
{

0, λŷ∗T+1 − ŷ∗t
}

(5.4)

20See Ker and Tolhurst (2019) for an alternative methodology. Our findings are robust to either heteroscedas-
ticity treatment.

21RMA uses a two-step ahead forecast because of data availability/timing issues. We chose a one-step ahead
forecast for our analysis simply to gain an additional degree of freedom given we are truncating an already very
short time series.
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where λ is the coverage level such that λŷ∗T+1 is the yield guarantee.

5.4 Methods: Incorporating Extraneous Data across Space and

Time

As mentioned, we wish to consider three methods that can simultaneously smooth yields

across both space and time. Consider we have Q counties each with T adjusted yields where

yjt represents the adjusted yield realization in time t from county j.22 We follow the literature

(Shen, Odening, and Okhrin, 2018) and trim the yield data into sets of 20 years. Given that

we have yield data from 1951-2017, we have three sets of historical yield data: 1998-2017;

1978-1997; and 1958-1977. Note, the two historically trimmed reference sets are 1958-1977

and 1978-1997, while the current yield set is 1998-2017. We divide the data as follows:

y11958 y21958 · · · yQ1958
...

...
. . .

...

y11977 y21977 · · · yQ1977

y11978 y21978 · · · yQ1978
...

...
. . .

...

y11997 y21997 · · · yQ1997

y11998 y21998 · · · yQ1998
...

...
. . .

...

y12017 y22017 · · · yQ2017





Temporal Set 2

Temporal Set 1

Temporal Set 0

All three proposed methods are nonparametric and based on the Nadaraya-Watson (NW),

22For notational convenience and without loss of generality, we assume all counties have equal T although all
three estimators can handle an unbalanced design.

82



or standard kernel, estimator. The standard kernel estimator is defined as:

f̂(y) =
1

nh

n∑
i=1

K

(
y − yi
h

)
, (5.5)

where K() is kernel function assumed to be a square integrable symmetric probability den-

sity function with a finite second moment, and h is the bandwidth or smoothing parameter.

Nonparametric based methods have been used throughout the crop insurance literature (see

Goodwin and Ker, 1998; Ker and Coble, 2003, for examples).

5.4.1 Possibly Similar Estimator (PS)

The possibly similar (PS) estimator uses a start estimate and then nonparametrically corrects

the start. This estimator uses the extraneous yield data to reduce bias. See Ker (2016) for

technical details (rate of convergence and bounded neighbourhood of reductions in asymptotic

mean integrated squared error). If the start is sufficiently close to the density of interest then

the correction function is less rough (as measured by the integrated second derivative) and

bias is reduced in the overall estimation. Of importance for our application is that there are

no restrictions beyond continuity placed on the data entering the start estimate. That is, the

start estimate can be comprised of data from both time and space. Because the data is simply

pooled across space and time for the start estimate, the PS estimator is relatively naive.

Define ĝ(y) as our initial start estimate with smoothing parameter hg based on all the

space and historical data pooled together. The correction factor function in the PS estimator

is then given as

r̂(y) =

T∑
t=1

1

hT
K

(
y − yt
h

)/
ĝ(yt), (5.6)

where yt is the individual sample realizations (y1, ..., yt) and, again, ĝ(yt) is the start estimate.

The PS estimator is given by the product of the pooled estimate and the individual correction
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factor, which is

f̃(y) = ĝ(y)r̂(y) =
T∑
t=1

1

hT
K

(
y − yt
h

)
ĝ(y)

ĝ(yt)
. (5.7)

Two smoothing parameters, hg and h, are chosen by likelihood cross-validation.

Although the PS estimator is naive in that it necessarily treats the temporal and spatial

extraneous data identically, it has many attractive features. First, Ker (2016) found the PS

estimator to significantly outperform the standard kernel estimator, more so in small sam-

ples. Second, likelihood cross-validation is used to determine the relative smoothing between

the start and the individual estimates. Finally, no assumptions about the form or extent of

similarity across space and time are required.

5.4.2 Li-Racine Estimator (LR)

The Li-Racine (LR) estimator smooths across mixed data-types, both continuous and discrete.

Technical details about the LR estimator can be obtained from Li and Racine (2003), Racine

and Li (2004), and Li, Simar, and Zelenyuk (2016). In our application, the continuous variable

is the adjusted yields, whereas space and time represent discrete variables. As a result, we have

three smoothing parameters: one to smooth the adjusted yields, one to smooth the adjusted

yields across time, and one to smooth the adjusted yields across space.23 In this case, the LR

estimator is

f̂(y) = (Nh)−1

[
2∑

t=1

T∑
j=1

λ1K

(
y − ytj
h

)
︸ ︷︷ ︸

historical data

+
T∑

j=1

λ2K

(
y − y0j
h

)
︸ ︷︷ ︸

current data

+

(Q−1)∑
i=1

T∑
j=1

(1− λ1 − λ2)K
(
y − y0ij

h

)
︸ ︷︷ ︸

spatial data

] (5.8)

23Because we choose different smoothing parameters across space and time, the estimator more closely re-
sembles the generalization of LR by Li, Simar, and Zelenyuk (2016).
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where T is the length of yield data set (T = 20 in our case), ytj represent the historical yields

for the county of interest, y0j represent the current set (1998-2017) of yields for the county of

interest, and y0ij represent the current yields for the other Q− 1 counties. Note, t = 0 refers

to the current or temporal set 0 (1998-2017), t = 1 refers to temporal set 1 (1978-1997) and

t = 2 refers to temporal set 2 (1958-1977).

The LR estimator also has many attractive features. It has been shown to outperform

the conventional frequency or bin estimator that was previously used to handle mixed data

types (Racine and Li (2004)). The LR estimator uses likelihood cross-validation to choose the

amount of smoothing over both space and time simultaneously. As a result, if the data are

very different (as measured by likelihood cross-validation metric) across space and/or time, LR

smooths very little. Like the PS estimator, the LR estimator requires no assumptions about

the form or extent of similarity across space and time. Asymptotic normality is established

by Racine and Li (2004); the rate of convergence is the same as the case when there are only

continuous random variables. Finally, the LR estimator is less naive than the PS estimator in

that it recovers different smoothing weights for the extraneous time versus space yield data.

5.4.3 Bayesian Model Averaging Estimator (BMA)

The final estimator uses Bayesian model averaging (BMA) to recover a set of posterior weights

and smooth across space and time. Recall, we have Q counties, each with a current yield set

and two historical yield sets. Usually, BMA is used to average over models, but as shown in

Ker, Tolhurst, and Liu (2016), BMA can be used to smooth across space.24 We extend their

approach to smooth across both space and time.

In our application, we have 3Q individually estimated densities in the first stage to comprise

24For a comprehensive introduction to the general purpose of BMA, we refer to Hoeting et al. (1999).
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our set of candidate models. We define the BMA estimator for county i as:

f̃i =
2∑

t=0

Q∑
j=1

ωi
tj f̂tj , (5.9)

where Q is the total number of counties, t = 0 again represents the current period while t = 1

and t = 2 represent the two temporal reference sets, and f̂ are the standard kernel density

estimates based on the individual data sets. We are smoothing across all 3Q estimated densities

with the weights chosen by an empirical likelihood. Note, the weights (ω) are defined as

ωi
tj =

Li
tj∑2

t=0

∑Q
q=1 L

i
tq

, (5.10)

where Li
tj is evaluated using current yields from county i at density estimate f̂tj . The weights

necessarily sum to one. Because we recover individual weights for all estimated densities in the

model averaging, we can calculate the overall weight of the historical data versus the spatial

data in our final county estimates.

The BMA estimator has many attractive features. It has been shown to outperform the

standard kernel estimator (Ker and Liu (2017)). The BMA estimator uses an empirical likeli-

hood measure to choose the amount of smoothing over both space and time simultaneously. As

a result, if the data are very different across space and/or time, BMA smooths very little and

behaves much like the kernel estimator. Conversely, if the data are similar across space or time

or both, the BMA smooths accordingly, and gains in efficiency tend to be realized. As with

the PS and the LR estimators, the BMA estimator requires no assumptions about the form

or extent of similarity across space and time. The BMA estimate f̃ converges to the kernel

estimate as the current yield set grows. Finally, the BMA estimator is less naive than both

the LR and the PS estimators in that it recovers different weights not only between but also

within space and time. Note, each extraneous set of yield data receives a different posterior

weight.
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5.5 Estimating Crop Insurance Premium Rates

We estimate the set of conditional yield densities and accompanying premium rates for the 414

corn counties and 373 soybean counties using standard nonparametric kernel methods (which

do not borrow information) and the BMA, LR, and PS methods (which borrow information

across space and time). We plot in Figure 5.5.1 representative examples of both crops. Inter-

estingly, the proposed estimates tend to be very different from the standard kernel estimate

suggesting significant borrowing of information from the extraneous yields across both space

and time.

Table 5.5.1 summarizes the amount of borrowing of yield data across space and time for

the LR and BMA method. For comparison, a standard estimate involves no spatial smoothing

(ωspace = λspace = 0) and equal weight to all historical yields (ωtime = λtime = 2/3). Consistent

with Figure 1, the results in Table 1 indicate significant smoothing. Note that the weight given

to extraneous spatial yield data tends to be higher than the weight given to the historical

yield data for both LR and BMA methods. Also, BMA gives noticeably more weight to the

extraneous yield data relative to LR. Finally, there tends to be more smoothing with soybean

versus corn.

County specific estimates of the temporal and spatial weights are depicted in maps in

Figure 5.5.2-5.5.3 for corn (corresponding estimates for soybean are shown in Figure 5.7.1-

5.7.2 in the Appendix). Given that the temporal, spatial, and individual weights add to one,

counties with greater temporal weight tend to exhibit lower spatial weight. Interestingly, they

illustrate very different patterns between the BMA and the LR methodologies. For the BMA

estimator, the majority of corn counties in Iowa, Minnesota, and Wisconsin have temporal

BMA weights below the average. Counties with relatively high temporal BMA weights are

sparsely distributed along the state lines between South Dakota and the adjacent counties in

Illinois and Indiana. With respect to the LR estimator, the majority of corn counties illustrate

fairly constant temporal weights. Counties with relatively high temporal weight are sparsely
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located in the outlying areas of the seven states considered. With respect to the spatial BMA

weights, we find that greater weight is given to the central midwest counties. With respect to

the spatial LR weights, the majority of counties in Wisconsin, Iowa, and South Dakota show

relatively low spatial weights; they correspond to areas with relatively high temporal weights.

In summary, the results show non-trivial spatial and temporal smoothing differences between

the BMA and the LR; recall that the two estimators use different smoothing metrics.

Table 5.5.1: Table of Average Weight (%) of BMA and LR for 2019 Estimated Densities

BMA (%) LR (%)

Crop ωown ωtime ωspace λown λtime λspace

Corn 22.69 33.35 43.96 52.29 18.46 29.24

Soybean 19.39 41.13 39.48 38.49 32.18 29.33

We derive the 90% coverage level premium rates for both corn and soybean from our

estimated 2019 conditional yield densities. We compare these to the base empirical rates

recovered using the current RMA methodology. The actuarially fair premium rate for an

insurance contract, denoted as π, is the expected loss divided by total liability. That is,

defining the random variable crop yield as Y , the actuarially fair premium rate for insurance

coverage below a guarantee, denoted YG, is:

π =
1

YG

∫ YG

0
(YG − y)fY (y)dy, (5.11)

where the density fY (y) is recovered using any of the BMA, LR, or PS estimators. The

estimated premium rate π̂ is defined as a percent of the guarantee YG and is recovered by

substituting f̂Y (y) into equation 5.11. The box plots in Figure 5.5.4 show that for both corn

and soybean, the three proposed estimators produce premium rates with lower median, less

outliers, and smaller interquartile range (IQR) than the RMA estimator. The lower rates are a

reflection of the yield density becoming markedly less skewed in the most recent period. Recall

that weights given the two historical periods are much less than 2/3. This result was also
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Figure 5.5.1: Estimated 2019 Conditional Yield Densities by Method
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Figure 5.5.2: BMA and LR Temporal Weights for Corn
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Figure 5.5.3: BMA and LR Spatial Weights for Corn
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Figure 5.5.4: Box Plots of 90% Coverage Premium Rate in 2019
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found by Goodwin and Piggott (2019) and is attributable to the introduction of genetically

modified seeds. The smaller interquartile range and less outliers is a result of smoothing.

5.5.1 Out-of-sample Rating Games

The above results do not empirically justify the use of the proposed methods; they only show

that the results are different from the current RMA approach.25 To evaluate whether the

proposed estimators are more efficient than the current RMA methodology, we conduct an out-

of-sample retain-cede rating game, where two players using different methodologies estimate

premium rates and adverse select against one another. The game was first proposed by Ker

and McGowan (2000) and has since been employed by Ker and Coble (2003), Racine and Ker

(2006), Harri et al. (2011), Annan et al. (2013), Tack and Ubilava (2015), Tolhurst and Ker

(2015), Zhang (2017), Shen, Odening, and Okhrin (2018), Park, Brorsen, and Harri (2018),

and Ramsey (2019) to justify alternative rating methodologies. The game was modified with

an additional test of rating efficiency in Ker, Tolhurst, and Liu (2016). The game was inspired

by the retain-cede decision of private insurance companies in regards to the crop insurance

contracts they sell. Private insurers allocate policies across different risk sharing schemes,

exposing themselves to either greater or less risk and in essence, retaining or ceding the risk

of any given policy. Therefore, private insurers determine which policies to retain and which

to cede; policies which insurers believe are over-priced and expect an underwriting gain are

retained versus policies which insurers believe are under-priced and expect an underwriting

loss are ceded. As a result, private insurers necessarily develop their own rates in attempts to

strategically averse select against RMA and recover excess rents. Mimicking this allows one to

hypothetically compare two sets of premium rates.

In the out-of-sample rating game, we assume that RMA pools all historical yield data

25The proposed methodologies use extraneous information across both space and time in an attempt to recover
more efficient estimates of the unloaded rates. This does not circumvent the benefits of credibility weighting on
those more efficient estimated rates. The theory behind credibility weighting comes from Stein’s paradox and
is applicable independent of the level of estimation error in the initial set of estimates.
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as they currently do; that is, yield data from 1951-1997 is used to estimate the RMA pre-

mium rates for 1998. Conversely, the private insurer estimates their rates using one of the

three methodologies that borrow extraneous yield data across both space and time. We again

consider periods of 20 years; that is, the current set would consist of yields from 1978-1997,

historical set 1 would consist of yields from 1958-1977, and historical set 2 would consist of

yields from 1951-1958.26 As the rating game moves forward, more and more data will be in the

historical set 2. The spatial reference sets come from the group of all other counties’ current

sets. Based on the two sets of rates from the RMA and private insurer, the private insurer

identifies which contracts to retain and which to cede. The underwriting gains or losses for

the set of retained and ceded contracts are calculated using the actual yields in 1998. This

process is repeated for 20 years, and the loss ratios (defined as the ratio of total underwriting

losses to total premiums) for both the retained and ceded sets of contracts are calculated. We

conduct the game for each crop at 90% coverage levels.

As in the above cited literature, we undertake two hypothesis tests. The first tests whether

the loss ratio from the retained contracts is less than the loss ratio from randomly retaining

contracts; choosing which contracts to retain randomly is equivalent to the private insurer

being indifferent between the two sets of competing rates. Randomization methods are used

to recover the null distribution of the test statistic and a p-value. Game 1 mimics the current

reality of the U.S. crop insurance program. However, in the program, the private insurer has

an advantage because they react to the RMA premium rates. As such, whichever of the two

competing rates the private insurer uses has an inherent competitive advantage in game 1.

This advantage is nullified in game 2 by contrasting the changes in loss ratios under both sets

of the competing rates (see Ker, Tolhurst, and Liu (2016) for details). The number of contracts

considered is the number of counties multiplied by 20 years: 6,210 contracts for corn and 5,595

contracts for soybean. The results, which include the percent retained by the private insurer,

26We considered alternative schemes whereby the historical yield data is split into equal periods (1951-1964,
1964-1977) and results were not qualitatively different.
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the government or ceded contracts loss ratio, the insurer or retained loss ratio, p-value of game

1, and p-value of game 2, are presented in Tables 5.5.2-5.5.3.

Table 5.5.2 presents the rating game results for corn. When the private insurer uses the

BMA estimator, they realize a loss ratio less than RMA in six of total seven states. With respect

to game 1, the p-value is significant for five of seven states. This suggests that economically

and statistically significant rents can be recovered by private insurers using the BMA method.

With respect to game 2, the p-value is significant in four of seven states. This suggests that

the proposed BMA method leads to statistically significantly more accurate premium rates

than the current RMA methodology. When using LR method, similar to the BMA estimator,

the private insurer realizes a loss ratio less than the RMA in all seven states except Illinois.

With respect to game 1, the p-value is significant in five of seven states. With respect to game

2, the p-value is significant in three of seven states. Finally, when using the PS estimator,

the private insurer realizes a lower loss ratio than the RMA in all seven states except Illinois.

With respect to the p-value in game 1, we find significance in five of seven states. With

respect to the p-value in game 2, we find significance in three of seven states. In summary,

we find statistically significant monies can be earned by the private insurers employing these

estimators which simultaneously smooth across space and time by adverse selecting against

the government (RMA) in 15 of the 21 games. Moreover, we find that the rates produced by

these proposed estimators are statistically more accurate than the RMA rates in 10 of the 21

games. In no games is the RMA estimator found to be statistically more accurate than the

three proposed estimators.

Table 5.5.3 shows the results for soybean. When the private insurer uses the BMA esti-

mator, they realize a loss ratio less than RMA in all six states. With respect to game 1, the

p-value is significant for five of six states. With respect to game 2, the p-value is significant

in three of six states. When the private insurer uses the LR method, they realize a loss ratio

less than the RMA in all six states. With respect to game 1, the p-value is significant in all

six states. With respect to game 2, the p-value is significant in two of six states. Finally,
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Table 5.5.2: Rating Game Results of Corn: RMA with Full Sample

Number of Retained by Loss Ratio Loss Ratio Game 1 Game 2
Method-State Counties Private (%) Government Private p-value p-value

BMA vs RMA

Illinois 73 59.9 0.406 0.589 0.0577 0.1316
Indiana 60 68.9 0.633 0.568 0.0013 0.0002
Iowa 91 51.6 0.340 0.300 0.1316 0.2517
Minnesota 57 76.7 0.370 0.169 0.0000 0.0059
Ohio 58 55.8 0.907 0.458 0.0013 0.0013
Wisconsin 48 62.0 0.445 0.389 0.0059 0.8684
South Dakota 27 79.3 1.370 0.494 0.0002 0.0000

LR vs RMA

Illinois 73 53.6 0.417 0.602 0.0577 0.0207
Indiana 60 54.9 0.680 0.529 0.0000 0.0577
Iowa 91 41.4 0.386 0.258 0.0059 0.1316
Minnesota 57 60.2 0.310 0.153 0.0002 0.0207
Ohio 58 46.4 0.748 0.510 0.4119 0.2517
Wisconsin 48 49.0 0.443 0.380 0.0207 0.7483
South Dakota 27 70.7 1.408 0.434 0.0000 0.0000

PS vs RMA

Illinois 73 68.1 0.277 0.618 0.0577 0.0577
Indiana 60 77.2 0.614 0.576 0.0059 0.0059
Iowa 91 55.4 0.355 0.292 0.0577 0.2517
Minnesota 57 77.1 0.329 0.176 0.0000 0.1316
Ohio 58 69.2 1.030 0.479 0.0000 0.0013
Wisconsin 48 77.5 0.437 0.399 0.0059 0.9423
South Dakota 27 92.0 1.422 0.546 0.0002 0.0002
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Table 5.5.3: Rating Game Results of Soybean: RMA with Full Sample

Number of Retained by Loss Ratio Loss Ratio Game 1 Game 2
Method-State Counties Private (%) Government Private p-value p-value

BMA vs RMA

Illinois 82 36.6 0.858 0.368 0.0207 0.2517
Indiana 59 44.7 0.872 0.463 0.0002 0.0207
Iowa 93 38.4 1.015 0.314 0.1316 0.0577
Minnesota 55 71.5 1.034 0.430 0.0000 0.0207
Ohio 51 62.9 1.186 0.462 0.0000 0.0207
Wisconsin 33 86.4 1.437 0.711 0.0013 0.1316

LR vs RMA

Illinois 82 29.7 0.767 0.408 0.0059 0.2517
Indiana 59 32.5 0.764 0.457 0.0207 0.1316
Iowa 93 22.5 0.802 0.337 0.0013 0.0207
Minnesota 55 58.9 0.932 0.380 0.0013 0.0059
Ohio 51 46.5 0.901 0.467 0.0013 0.0577
Wisconsin 33 72.7 1.142 0.683 0.0059 0.5881

PS vs RMA

Illinois 82 52.0 0.951 0.426 0.0207 0.0577
Indiana 59 62.6 1.041 0.494 0.0013 0.0207
Iowa 93 46.6 1.101 0.341 0.1316 0.2517
Minnesota 55 71.9 0.937 0.436 0.0013 0.1316
Ohio 51 71.9 1.201 0.513 0.0013 0.1316
Wisconsin 33 91.4 2.199 0.698 0.0000 0.1316
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when using the PS estimator, the private insurer realizes a lower loss ratio than the RMA in

all six states. With respect to the p-value in game 1, we find significance in five of six states.

With respect to the p-value in game 2, we find significance in two of six states. In summary,

we find statistically significant monies can be earned by the private insurers employing these

estimators which simultaneously smooth across space and time by adverse selecting against

the government (RMA) in 15 of the 18 games. Moreover, we find that the rates produced by

these proposed estimators are statistically more accurate than the RMA rates in 7 of the 18

games. In no games is the RMA estimator found to be statistically more accurate than the

three proposed estimators.

The above games assume that the RMA uses all available historical yield data in estimating

their premium rates. However, as mentioned, literature is showing that yield data greater than

25 years in the past should be discarded in the rating process. Therefore, we repeat the above

analysis assuming RMA discards yields greater than 25 years. The above games compared the

proposed smoothing across space and time to no smoothing and using all historical yield data.

We also wish to compare the proposed smoothing across space and time to no smoothing and

using only trimmed yield data or the most current 25 years of yield data. The results are

presented in Tables 5.7.1-5.7.2 in appendix. The results are very consistent with the above

game results. The proposed smoothing across space and time is preferred to no smoothing and

historically trimming yields.

5.6 Conclusions

Recent literature (Ker, Tolhurst, and Liu (2016); Park, Brorsen, and Harri (2018); and Ramsey

(2019)) find that estimating premium rates by incorporating spatial information can increase

efficiency and accuracy. To date, no one has proposed estimating premium rates by incorporat-

ing extraneous yield information across both space and time. This is particularly important,

as recent literature (Shen, Odening, and Okhrin (2018); and Liu and Ker (2019)) has shown
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that, given the significant changes in seed and farm technology, incorporating historical losses

(as is currently done) increases estimation error.

In this manuscript, we generalize three methods, which have been previously used to spa-

tially smooth yields, to perform smoothing across both time and space simultaneously. Our

results illustrate significant borrowing of information across both time and space. Not surpris-

ingly, the premium rates are less variable across space. Finally, we evaluate the three proposed

methods using an out-of-sample simulated game -- representative of the structure of the U.S.

crop insurance program -- and find very strong evidence that smoothing across time and space

can garner significant rents through adverse selection activities by the private insurers and is

more efficient than the current RMA methodology. Specifically, we find statistically significant

monies can be earned by the private insurers in 15 of the 21 games for corn and 15 of the 18

games for soybean. Furthermore, we find that the rates produced by these proposed estimators

are statistically more accurate than the RMA rates in 10 of the 21 games for corn and 7 of the

18 games for soybean. In none of the 39 games is the RMA estimator found to be statistically

more accurate than the three estimators which smooth across space and time.
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Figure 5.7.1: BMA and LR Temporal Weights for Soybean
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Figure 5.7.2: BMA and LR Spatial Weights for Soybean
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Table 5.7.1: Rating Game Results of Corn: RMA with Restricted Sample

Number of Retained by Loss Ratio Loss Ratio Game 1 Game 2
Method-State Counties Private (%) Government Private p-value p-value

BMA vs RMA

Illinois 73 26.6 0.699 0.769 0.0013 0.0207
Indiana 60 33.1 0.851 0.628 0.0000 0.0013
Iowa 91 29.7 0.422 0.336 0.0577 0.0577
Minnesota 57 29.8 0.367 0.177 0.0000 0.0013
Ohio 58 24.9 0.913 0.315 0.0002 0.0059
Wisconsin 48 20.1 0.715 0.206 0.0002 0.7483
South Dakota 27 32.8 1.140 0.645 0.0013 0.0207

LR vs RMA

Illinois 73 25.3 0.772 0.611 0.0059 0.1316
Indiana 60 28.5 0.805 0.672 0.0002 0.0577
Iowa 91 28.0 0.412 0.349 0.1316 0.1316
Minnesota 57 22.9 0.305 0.291 0.0059 0.1316
Ohio 58 35.2 0.845 0.560 0.0577 0.4119
Wisconsin 48 19.2 0.702 0.207 0.0002 0.0577
South Dakota 27 26.7 1.176 0.496 0.0000 0.2517

PS vs RMA

Illinois 73 39.5 0.610 0.867 0.0577 0.2517
Indiana 60 35.9 0.622 0.971 0.0000 0.0577
Iowa 91 32.6 0.384 0.393 0.0577 0.7483
Minnesota 57 32.0 0.317 0.271 0.0207 0.1316
Ohio 58 35.7 0.921 0.446 0.0000 0.0207
Wisconsin 48 32.0 0.745 0.316 0.0207 0.8684
South Dakota 27 63.9 1.236 0.811 0.0059 0.0577
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Table 5.7.2: Rating Game Results of Soybean: RMA with Restricted Sample

Number of Retained by Loss Ratio Loss Ratio Game 1 Game 2
Method-State Counties Private (%) Government Private p-value p-value

BMA vs RMA

Illinois 82 18.4 0.860 0.305 0.0002 0.1316
Indiana 59 13.7 0.981 0.269 0.0013 0.0577
Iowa 93 22.3 0.920 0.240 0.0207 0.2517
Minnesota 55 32.5 0.885 0.567 0.0059 0.0577
Ohio 51 30.0 1.010 0.464 0.0000 0.0207
Wisconsin 33 41.4 1.524 0.856 0.0013 0.0577

LR vs RMA

Illinois 82 28.5 0.807 0.554 0.1316 0.1316
Indiana 59 18.1 0.834 0.811 0.0577 0.2517
Iowa 93 22.9 0.823 0.409 0.0013 0.2517
Minnesota 55 23.5 0.832 0.554 0.0577 0.1316
Ohio 51 26.0 0.881 0.617 0.0207 0.0577
Wisconsin 33 31.4 1.326 0.962 0.0207 0.4119

PS vs RMA

Illinois 82 28.3 0.859 0.477 0.0207 0.4119
Indiana 59 23.9 1.013 0.461 0.0207 0.2517
Iowa 93 29.0 0.938 0.328 0.1316 0.7483
Minnesota 55 38.3 0.882 0.591 0.0577 0.9423
Ohio 51 37.8 1.052 0.477 0.0002 0.0207
Wisconsin 33 55.0 1.727 0.865 0.0059 0.0577
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Chapter 6 Conclusions

In the first essay, a nonparametric BMA estimator is proposed to estimate the crop yield

densities and recover corresponding premium rates for U.S. crop insurance programs. As

shown through a finite sample simulation, the nonparametric BMA estimator outperforms the

individual and RMA estimators for all crops across all sample sizes. Particularly, the largest

efficiency gains are achieved in small samples. In all four crops, corn and soybean densities are

more homogeneous across space than winter wheat and cotton, as they tend to make greater use

of the extraneous data and distribute more BMA weight outside the target county. Through

an out-of-sample rating game, the results are particularly appealing for private insurers given

the significant public monies funneled into the U.S. crop insurance programs. Although the

application is focused on area type insurance program, it definitely could be considered for

other insurance programs where there is limited historical data.

The second essay is an extension of the first essay; it considers the hierarchical geographic

structure of U.S. crop production, as well as some findings from the first essay. The first essay

shows significant BMA weights are located in the regions geographically far away while the

majority of the weights are still in the neighboring area. The proposed estimator smooths

over three spatial hierarchical levels by continuously updating the estimates through different

restrictions on the model averaging space. The proposed estimator outperforms simple BMA

estimators that have prior restrictions on single geographic level, as well as the current RMA

empirical rate estimator.

The third essay considers an interesting and unanswered question in crop insurance liter-

ature, that is, whether or not the entire historical yields should be used in estimating yield

densities. Generally, all available historical yield data are used primarily with the aim of esti-

mating tails of the underlying density. However, there has been significant innovations in farm
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management and seed technologies in the past half century such that mass has likely moved all

around the yield distribution. The standard approach of correcting the first two moments only

hardly justifies the identically distributed assumption. Distributional test results show strong

evidence that the identically distributed assumption for corn and soybean data is not likely

to hold, though the evidence for winter wheat is relatively weak. Results from out-of-sample

game are consistent with the results from distributional tests, indicating that trimming the

historical yields does not increase the estimation error. On the contrary, half of the crop-state

combinations show results with decreased estimation error even with the trimmed and reduced

sample size. The findings are interesting and noteworthy as it suggests the historical data,

especially for corn and soybean, appears to be sufficiently different such that trimming is nec-

essary. These findings suggest caution should be taken in empirical work when researches are

using the entire historical yield data, particularly in crop insurance literature.

Different from the first two essays that bring spatial information into estimation, the fourth

essay combines findings from previous three essays by exploiting spatial and temporal informa-

tion simultaneously. All three proposed estimators been previously used to spatially smooth

yield densities. The results indicate significant borrowing of information across both time and

space, and the estimated premium rates are less variable across space than time. Out-of-sample

rating game results show strong evidences that smoothing across time and space can generate

more efficient estimators than current RMA one. The findings are particularly relevant to

applications in area type crop insurance program, and can extend to other types of insurance

programs, including income type and farm level type of insurance products.
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