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Abstract
This paper shows how econometric identification can be improved in studies making use
of crop insurance participation as either an independent or dependent variable. The paper
provides the reader with a succinct overview of how crop insurance contracts are priced
and how to use publicly available data to derive a novel composite crop insurance design
parameter that emulates existing crop insurance rating parameters using a procedure that
is based on current actuarial practices. The derived design parameter performs well at pre-
dicting historic crop insurance loss-cost ratios and satisfies the requirements for an instru-
mental variable for a variety of empirical applications related to crop insurance.
Representative empirical examples are presented where it is shown that the proposed
instrument has favorable two-staged least squares diagnostic tests and is effective at elimi-
nating endogeneity bias.
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Introduction

The agricultural insurance sector is currently a large and rapidly expanding component of
producer-oriented governmental support programs (Mahul and Stutley 2010; Smith and
Glauber 2012; Glauber 2013; Belasco 2020). This has prompted a large volume of research
over a diverse set of outcomes such as input and land-use decisions (Young et al. 2001;
Zhong et al. 2007; Fadhliani et al. 2019; He et al. 2020), environmental and conservation
outcomes (Schoengold et al. 2015; Claassen et al. 2017), agricultural marketing (Du et al.
2015; Jablonski et al. 2022), farm financing (Ifft et al. 2015; Cariappa et al. 2020), the use of
other risk mitigation strategies (O’Donoghue et al. 2009; Deryugina and Konar 2017;
Turner and Tsiboe 2022), and the participation in other programs that comprise the farm
safety net (Möllmann et al. 2019). One challenge that researchers in this domain face is that
endogeneity exists in most empirical analysis involving measures of crop insurance
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demand. For models making use of crop insurance demand as a dependent variable (typi-
cally measured by total premiums paid, liability, acreage insured, or coverage levels), it will
typically be appropriate to include the price of insurance (usually measured by the pre-
mium rate) as an independent variable. However, by actuarial construction, premium rates
increase with the quantity of insurance purchased (as measured by coverage level) which at
face value would suggest demand increases with price leading to an apparent violation of
the law of demand (Woodard and Yi 2020).1 This is the result of the quantity of insurance
and the premium rates being simultaneously determined.

If instead, a model is specified using a measure of crop insurance demand as an inde-
pendent variable, endogeneity is also likely a concern. This is because “risk” serves as a key
component in the pricing of insurance but is not easily observable to the rate setter which
leads to a case of omitted variable bias if the producer’s risk is correlated with the depen-
dent variable of interest.2 For example, if a model is specified to estimate the effect of crop
insurance participation on other risk-mitigating behavior such as irrigation decisions or
cover crop use, this form of endogeneity would likely be present since the producer’s
unique risk profile would likely influence both their crop insurance decisions and which-
ever risk-mitigating decision is specified as a dependent variable.

Regardless if crop insurance demand is specified as a dependent or independent vari-
able, researchers may consider using instrumental variables to generate the requisite exog-
enous variation for credible econometric identification (Roberts et al. 2006; Walters et al.
2012; Falco et al. 2014; Deryugina and Konar 2017; Connor et al. 2021). However, finding a
suitable instrument is often challenging. The instrument must be highly correlated with
the price of crop insurance (i.e., premium rates) yet have no plausible causal link to
the measured quantity of insurance purchased (when crop insurance demand is a depen-
dent variable) or be highly correlated with the demand for insurance yet have no plausible
causal link to the outcome of interest (when crop insurance demand is an independent
variable). One strategy (for either empirical setup) is to use actuarial rating parameters
as instruments since they govern premium rates in a way that is plausibly exogenous
to any individual farmer’s crop insurance decisions (Woodard and Yi 2020; Tsiboe and
Turner 2022). In turn, these actuarial rating parameters also exogenously influence crop
insurance demand meaning they can be used as instrumental variables in models using a
wide variety of potential outcomes of interest (such as other risk mitigation behavior).3

Fortunately, for research focused on the Federal Crop Insurance Program (FCIP), the
USDA Risk Management Agency (RMA) publicly provides the necessary data for con-
structing these rating parameter-based instruments. However, deriving these rating
parameters can be daunting without an intimate understanding of the underlying model-
ing approaches used for setting crop insurance premium rates. The purpose of this paper is
to provide a concise overview of the actuarial design parameters used to set crop insurance
premium rates and to provide guidance on how these parameters can be estimated from
existing publicly available data to provide a set of instrumental variables that can be used to
address the previously mentioned sources of endogeneity.

1Measures of the quantity of crop insurance that exclusively capture the extensive margin (like enrolled
acreage) do not correlate with premium rates in the same way but would still exhibit the same correlation
with respect to the total premium. Thus, there is still a positive relationship between the quantity purchased
and the total cost of insurance.

2It’s worth noting that this source of endogeneity is just as likely a problem in the case of crop insurance
demand being modeled as a function of the price of insurance (Yu et al. 2018).

3This identification strategy is valid for any potential outcome of interest that is uncorrelated with the
actuarial rating parameters set by RMA.
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The rest of this paper is organized as follows. The next section provides an overview of
major crop insurance instruments in the context of the US. Then, a conceptual overview of
contracts is provided that shows how crop insurance rating parameters influence premium
rates. Following the conceptual overview, a guide on how to approximate the actuarial
rating parameters is presented before discussing the data sources necessary for utilizing
the proposed methodology. After discussing necessary data sources, the ability of the esti-
mated rating parameters to predict historic crop insurance outcomes is evaluated. The
penultimate section provides empirical demonstrations of how the estimated rating
parameters can be used as instrumental variables to mitigate endogeneity bias and improve
econometric identification. The final section concludes.

Available instruments for crop insurance

Existing sources of exogenous variation for the identification of crop insurance outcomes
in the context of the US fall under four broad categories. The first relies on national-level
legislative events driving structural changes in FCIP (Schoengold et al. 2015; Connor and
Katchova 2020; Wang et al. 2021). This first group of instruments proposed by Schoengold
et al. (2015) takes on a value of unity for years within the respective policy periods and zero
otherwise. The major changes in the national policy upon which these instruments are
based include updates in The Crop Insurance Reform Act of 1994 (Public Law [P.L]
103-354) (conventionally known as “1994 Act”), The Agricultural Risk Protection Act
of 2000 (P.L 106-224) (“ARPA”), The Food, Conservation, and Energy Act of 2008
(P.L 110-246) (“2008 farm bill”), and The Agricultural Act of 2014 (P.L 113-79) (“2014
farm bill”). Notable changes in the 1994 Act were (1) the requirement of producer enroll-
ment in crop insurance as an eligibility criterion for the support provided by certain federal
farm support programs; (2) the creation of catastrophic coverage option (CAT) which
offers protection of 50% on yield and 60% of expected price all at 100% premium subsidy
but with an administrative fee of 50 $/crop/county; (3) the increment of coverage options
above CAT; and (4) the authorization of revenue protection products. The ARPA
expanded the geographic availability, removed restrictions on livestock products,
expanded private sector product development, and authorized premium reduction plans
that allow approved insurance providers (AIPs) to offer reduced premiums, thereby
improving their competitive advantage. The 2008 farm bill eliminated the premium reduc-
tion plans enacted by ARPA, reduced premium subsidies for area plans, and increased
CAT fees from 50 to 300 $/crop/county. The 2014 farm bill also expanded the program
by authorizing higher coverage levels with lower deductibles and introduced new products
aimed at shallow loss coverage (e.g., Supplemental Coverage Option and Stacked Income
Protection), providing producers the option to exclude low yields from their production
history under certain circumstances, linked premium subsidy eligibility to conservation
compliance, and premium subsidy reduction to planting on native sod in some states.
Figure 1, retrieved from Economic Research Service [ERS] (2022), shows that these legis-
lative changes improved crop insurance participation.

The second set of instruments first introduced by Yu et al. (2018) is based on policy
changes to the suite of subsidy rates. Yu et al. (2018) argue that changes in legislation create
a structural break that shifts the suite of subsidy rates exogenously in a way that is not
driven by endogenous factors related to crop production. These instruments used by
Yu et al. (2018) are generated by dividing the annual subsidies for yield and revenue pro-
tection policies for a given coverage level and dividing this by the sum of their associated
total premiums. Yu et al. (2018) recommended the 65% and 75% coverage levels as the
point of aggregation since they are the most patronized and observations exist for all years;
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thus, two sets of variables are developed and used as the instruments. Even though instru-
ments by Yu et al. (2018) are also based on one-time changes in legislation, unlike the first
they are scalar. Thus, they can capture exogenous changes in legislation, and hence crop
insurance outcomes, beyond the initial year of passage of the associated law.

The first and second sets of instruments all rely on crop insurance legislation set at the
national level. Thus, even though they can account for within-county variation in crop
insurance outcomes over time, they do not provide the spatial (between-county) variation
necessary for proper instrumentation in a cross-sectional setting. The third set of instru-
ments overcomes this by using a measure of the degree to which crop insurance legislation
affects a county. First introduced by DeLay (2019), these instruments are based on a mea-
sure of preferences for different types of insurance before the enactment of legislative
changes discussed above. Particularly, these instruments are generated by interacting a pol-
icy exposure measure with dummy variables representing each of the four policy change
periods (essentially the first set of instruments). In their application, DeLay (2019) used
total insured acres divided by total cropland as the policy exposure measure. Total acres for
each period were taken as reported in the associated latest Census of Agriculture survey.
According to DeLay (2019), the instrument captures how much a county sees its effective
subsidy rates increase and hence can be used to estimate the variation in insured acreage
due only to changes in government policy and not to contemporaneous land-use decisions.
Connor et al. (2021) adopted a version of this instrument that used a policy exposure mea-
sure constructed as the proportion of insured acres for coverage levels.

The final set of instruments, upon which this study is based, relies on the current rating
framework used by RMA (i.e., continuous rating). The main idea is that FCIP premium rates

Figure 1. US Federal Crop Insurance program participation improved with legislation.
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are determined via exogenously set rating parameters, and hence, the parameters if known can
be used to generate exogenous variation in premium rates that producers face when making
crop insurance decisions. To the best of our knowledge, Woodard and Yi (2020) and Tsiboe
and Turner (2022) are the only studies relying on this strategy. According to Tsiboe and
Turner (2022), even though information on producers that participated in the FCIP in the
past is used in the determination of the policy variables, it is unlikely that the information
from a single producer will influence their outcome in such a way that will be advantageous
to them in the current season. Particularly, previous yields reported by producers contribute to
a producer’s historical loss experience but are fixed and not under the control of producers
once reported. Accordingly, FCIP premium rates can be thought of as sequentially exogenous
to producer insurance decisions. This assumption is plausible because the rating parameters
are finalized a season or two in advance. Consequently, the exogenous portion of FCIP pre-
mium rates is driven by the rating parameter and the endogenous portion by the insured’s
choice of insurance unit, coverage level, and their historic production experience.4

Although Woodard and Yi (2020) and Tsiboe and Turner (2022) use a similar meth-
odology of approximating rating parameters, a few nuanced differences persist. Given the
form of the continuous rating formula, Woodard and Yi (2020) estimated the rating
parameters from a latent rate curve using observed loss experience data via a regression
framework.5 According to Tsiboe and Turner (2022), estimating the rating parameters
from the loss experience data including the year for which they were set does not make
them entirely void of endogeneity problems. Alternatively, Tsiboe and Turner (2022)
essentially take the rating parameters as given (i.e., the same parameters farmers faced
when they made the decisions leading to the loss experience data), under the presumption
that this approach makes their instrument less likely to be afflicted by the same source of
previously described simultaneity bias.

In this study, we aim to improve the identification of crop insurance for both temporal
and spatial settings. Currently, an instrument based on structural dummy variables
(Schoengold et al. 2015) and those based on national-level subsidy rates (Yu et al.
2018) lack the needed variation for applications in a cross-sectional setting. On the other
hand, those (Woodard and Yi 2020; DeLay 2019) using instruments based on loss experi-
ence outcomes including the year of the study introduce new sources of bias that likely
makes these alternative instruments not entirely void of the same endogeneity problems
they hope to address. Neither Woodard and Yi (2020) and Tsiboe and Turner (2022) guide
how to arrive at premium rating-based instruments for years before 2000. While Tsiboe
and Turner (2022)’s approach most closely reflects reality, it is only relevant for years after
2000 when the rating method upon which their instruments are based was in effect.6

4Historic production experience is influenced by past producer production experiences which are under
the control of the producer, thus adding an endogenous component to historic production. Production
practices are likely to be relatively constant meaning historic production experiences are mostly driven
by stochastic elements (ex: weather).

5Woodard and Yi (2020) estimate an instrument that mimics the relationship between RMA’s rate dif-
ferential factors and coverage level to capture curvature in the premium schedule. However, the rate differ-
ential factors exhibit relatively little variation across the many different insurance pools. In other words,
much of the variation in crop insurance premium rates is exhibited in the form of changes in intercept
shifts, rather than variation in the change in premium rate across coverage levels. Here, we propose a
method that uses the observed demand data to estimate an instrument that captures the level of premiums,
which is both easier to estimate and provides a means to estimate instruments for the entire history of the
FCIP.

6Before the continuous rating formula, RMA published Base Premium Rates for APH yield-based crops
using a fixed rate for a span of yields, which was typically nine rate spans (R-span) per crop. The continuous
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Currently, the rating parameters from 2011 to 2023 are available in easily accessible files
via RMA’s Actuarial Data Master (ADM) data set, but those from 2001 to 2010 are not
easily accessible.7 Additionally, since the continuous rating was not in existence pre-2001
there are no existing values for rating parameters for most of the FCIP historical time series
data. However, as will be shown, some of the continuous rating parameters (specifically the
base rate reflecting the county reference rate and catastrophic fixed loading factor) can be
approximated using historical data.

Premium rating system

The system for rating crop insurance contracts within the FCIP, which is based on a prin-
ciple known as loss-cost ratio (LCR) rate-making, is understandably very complex (see for
example K. H. Coble et al. (2010) and K. Coble et al. (2020)). This section attempts to
provide a simplified overview of FCIP contract rating as it relates to this study. Focus
is given to individual-level yield protection policies, but the discussion that follows can
be applied to other policy types. By extension, output price is assumed to be equal to unity
without loss of generality.

Individual-level yield insurance contracts have eight main components: rate yield (ȳ),
approved yield (ÿ), coverage level (θ), indemnity (I y

� �
), premium rate (τ), premium (P),

and subsidy (S θ; u� �). Rate and approved yields are essentially the averages of actual pro-
duction history (APH) reported by farmers with the main difference being that the latter is
adjusted upward via several aspects of RMA’s actuarial process (e.g., yield exclusion, yield
substitution, and trend adjustments).8 For a given contract, the producer can choose to
insure their approved yield at a coverage level of θ with a respective yield guarantee of
θÿ. Thus, the per-acre indemnity for a given yield outcome, y, is given
by I y

� � � max 0; θÿ � y
� �

.
In the U.S., FCIP premium rates are required to be set such that the resulting policies

are actuarially fair; meaning premiums are set equal to expected per-acre indemnities.
Standardizing expected per-acre indemnities by insured liability can be characterized
by the following equation.

τ θ� � � E I y
� �� �
θÿ

� 1
θÿ

Z
θÿ

0
θÿ � y
� �

f y
� �

dy (1)

where f y
� �

is the probability density function of y. Since indemnities are stochastic and not
known at the time the policy is written, crop insurance policies are typically generated
under the assumption that f y

� �
is conditional on an adjustment mechanism that relies

on the underlying risk profile of the producer seeking insurance. This risk profile is
not observable and is approximated by the productivity of the producer seeking insurance
relative to their peers. The magnitude of this adjustment is determined using RMA’s

rating formula develops a rate for each yield rather than for ranges of yields as the R-span does. Recent work
shows that the main component of the continuous rating formula that induces rating heterogeneity among
farmers does a relatively good job at incorporating soil information into rates when a long yield history is
used to approximate the farmers’ yield (Tsiboe and Tack 2022).

7Obtaining the rating parameters for 2001–2010 is possible but requires merging and aggregating many
different data sources and then reconstructing the rating parameters from scratch using actuarial relation-
ships. Doing so can be difficult without an intimate understanding of each data source.

8Higher approved yields result in higher yield guarantees leading to higher indemnities for a given yield
outcome which improves producer welfare (Adhikari et al. 2013).
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“continuous rating formula” (Milliman and Robertson 2000; Risk Management Agency
[RMA] 2000, 2009).

The default form of the continuous rating formula is specified according to the follow-
ing equation

τijt � αjt ȳijt=ȳjt
� �

βjt � δcjt

h i
ϑ θijt ; uijt
� �

(2)

where the subscript ijt represents an insured (i) seeking protection defined by an insurance
pool (j) for crop year t.9 The parameters αjt and δjt , respectively, represent the reference
rate and catastrophic fixed loading factor for a common coverage level (conventionally at
the 65% level) for the insurance pool. In what follows, the continuous rating formula is
used to adjust the common coverage level rate for the insurance pool based on the specific
risk and choices of the producer seeking insurance. These mechanisms are analogous to
how other property and casualty insurance rate factors are developed from a combination
of experience and differential exposure information (Sherrick et al. 2014).

The first step in calculating rates for a given producer is to adjust the reference rate
based on the assumption that historical yield and risk are correlated. This adjustment
is represented in equation (3) by ȳijt=ȳjt

� �
βjt which is the ratio of a given producer’s his-

toric mean yield, ȳijt , divided by a reference yield (ȳjt) of the insurance pool in which they
are rated, raised to a power, βjt , known as the continuous rating exponent. The continuous
rating exponent takes on a negative value which assumes that higher production levels
correlate with less risk. This means that when a producer’s historical mean yield is greater
than the county reference yield (i.e., ȳijt=ȳjt > 1), the county reference rate is adjusted
downward for that producer.10 The next step in determining a producer’s premium rate
is to adjust their initial rate, αjt ȳijt=ȳjt

� �
βjt � δjt , via a scaling function, ϑ �� �, which is based

on the producer’s choice of coverage level (θijt) and insurance unit election (uijt).
11

The total price of the insurance contract, P, is set equal to the product of the premium
rate, τ :� �, and the yield guarantee, θÿ, such that P � τ :� �θÿ. The final price paid by the
insured is subsidized at a rate S θ; u� � that is tied to coverage level and insurance unit
and not to location or the crop. RMA internally sets the values for the parameters
(α; δ;β, and ȳc) in the continuous rating formula using historical loss data from the FCIP
coupled with empirical approaches originating in the early 1980s (Sherrick et al. 2014).
Thus, because coverage in the 1980s was limited to only 65% for yield protection, the rating
system harmonizes all historical contracts to a 65% coverage on yield. Given the harmo-
nized data, the reference rate (α) for an insurance pool is determined as the annual mean of
the pool’s historical LCR which is capped to limit the influence of outliers from anomalous
catastrophic loss events (K. H. Coble et al. 2010). The excess exposure resulting from the
capped LCR is then used to determine the catastrophic fixed loading factor (δ). According
to the literature, the pool’s reference yield (ȳc) is determined as the ten-year average of the

9RMA defines an insurance pool as a group of producers formed by the unique combination of county,
crop, crop type, and production practices.

10(Milliman and Robertson 2000) indicated that this assumption is based on research that demonstrated
an inverse relationship between yield and risk. (Botts and Boles 1958; Skees and Reed 1986) corroborate this
finding. However, Goodwin (1994) has questioned the robustness of this relationship.

11For a producer seeking revenue protection, there are additional adjustments that compare the covari-
ance between yield and price to determine the additional cost of revenue insurance based on volatility fac-
tors. These volatility factors attempt to replicate the potential price spread reflected in the implied volatility
of actual options traded on the underlying futures price against which the policy is priced and adjusted for
the insurance period.
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yield of the insurance pool (Rejesus et al. 2010), and the continuous rating exponent (β) is
estimated by regressing LCR on ȳijt=ȳjt using farm-level data (Tsiboe and Tack 2022).

From the foregoing discussion, the exogenous portion of FCIP premium rates
(τ θ; u; ȳ;ω
� �

) is driven by the policy parameter space ω 2 α;β; δ; ȳc
� 	

and the endogenous
portion by the insured’s choice of insurance unit u� �, coverage level θ� �, and their historic
production experience ȳ. In what follows, we outline how a target rate reflecting the county
reference rate (α) and catastrophic fixed loading factor (δ) can be approximated using his-
torical data.

Deriving crop insurance rating parameters

It is worth stressing here that our goal is not to provide alternative rating procedures but to
illustrate how key parameters in current individual policy rating could be approximated
for instrumental variable purposes. Several third-party FCIP reports on crop insurance
rating methodology are of interest to this study which is used to draw insights to generate
target rates that are comparable to county reference rates and catastrophic fixed loading
factors under the continuous rating framework. We primarily draw from the RMA-
commissioned review of the APH and COMBO rating methods (K. H. Coble et al.
2010). For this study, the FCIP has publicly available historic loss experience data from
1948 to 2021 (i.e., 74 years of data) of which data from 1961 to 2020 (i.e., 60 years of data)
are relevant for this study.

This study first defines an aggregation unit characterized by a cross-sectional index i
(e.g., county-crop, county, state, etc.) and time index t (e.g., year) for which an approxi-
mation of a target rate (τit) is desired. The stochastic historic empirical LCR is denoted as
LCRit�sf gTs�2, where LCRit � min 1;max 0; indemityit � liabilityit

� �� �
.12 For each aggrega-

tion unit, the LCR reflects the proportion of insured liability that was paid to producers
each year, that is, the return on insurance. In practice, RMA first adjusts both historic
liabilities and indemnities to a common coverage level (conventionally at the 65% level)
and harmonizes all contracts to yield-based protection before taking this ratio. However,
since the objective is to estimate target rates over the entire history of the FCIP, this study
forgoes these adjustments because historic coverage level choice data before 1989, and the
price data needed to convert all contracts to yield-based protection are currently not avail-
able in the public domain.

The timing of actuarial releases by RMA suggests that rating parameters are derived two
years ahead of a given crop year; thus, the historic empirical LCR series for a given cross-
sectional index end at t � 2. Given LCRit�sf gTs�2, an empirical burn rate (τ̄it;BR) is estimated
as the mean of the series. Next, the burn rate is loaded (by dividing by 0.88) to obtain the
raw rate (τ̄it;RR). The underlying data for rating crop insurance (i.e., LCRs) are often highly
variable. Thus, the RMA rate-making process includes several steps intended to smooth
some of these fluctuations to prevent outsized influence from a singular data point. One
such process is a spatial smoothing procedure that takes a weighted average of the raw rate
and surrounding raw rates (i.e., county group rate) to determine a final rate. This study
applies a similar strategy where a county group rate (τ̄it;CR) is defined as the weighted aver-
age (by the sum of the liability for periods less than t � 2) of the raw rates of all adjoining
counties. The final target rate which can be used as an instrument is then taken as

12The derivation of the observed loss cost ratio is analogous to the case of index-based insurance where
the positive difference between the trigger grid index, less the final grid index, is replaced with the indemnity
and the trigger grid index is replaced with the liability.
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τit � 0:6τ̄it;RR � 0:4τ̄it;CR, where the weighting values of 0.6 and 0.4 are based on past
RMA practices (K. H. Coble et al. 2010).13

The resulting target rate, τit ; is slightly different than any existing RMA premium rating
parameters but performs a similar function of explaining variation in lost cost ratios (this is
validated empirically in a later section). Thus, τit is analogous to the exogenous parameters
from equation (2) in the sense that τit is exogenous to any producer insurance decisions
and is also correlated with final premium rates by being derived with the purpose of empir-
ically fitting historical lost cost ratio data. However, τit ; has the benefit of being derivable
for any spatiotemporal setting from publicly available data, making it a more accessible
instrument relative to other potential rating parameter-based instruments. More specifi-
cally, τit , approximates RMA’s initial rate, (defined in equation (3) as �αjt ȳijt=ȳjt

� �
βjt � δjt)

for the special case where the producer’s mean yield, ȳijt , is exactly equal to the reference
yield, ȳjt: In other words, τit reduces to an approximation of αjt � δjt which tracks varia-
tion in premium rates without the influence of the endogenous portions of the continuous
rating formula.

Data and construction of relevant variables

Primary FCIP information for the construction of the target rate which can be used as an
instrument was retrieved from RMA’s summary of business and cause of loss files. RMA
provides three different versions of the summary of business which are aggregated by:

(1) State/County/Crop,
(2) State/County/Crop/Coverage, and
(3) State/County/Crop/Coverage/Type/Practice/Unit Structure.

For the cause of loss, RMA provides three different versions:

(1) Summary of Business with Month of Loss,
(2) Indemnities Only, and
(3) Indemnities with Month of Loss.

We use information from all six sources to construct a county-crop panel data set from
1948 to 2020 that includes FCIP loss experience information on liability insured by pro-
ducers, total premium, premium subsidy, and indemnity paid to farmers. The procedure
used to aggregate the information from all six sources first sums up the variables of interest
for each county-crop-year combination, separately for each of the six data sources. Then
for each county-crop-year combination, the maximum among the six data sources is used
as the representative value for each variable. The rationale for doing this is that RMA peri-
odically updates the summary of business and cause of loss files as new information, which
is continuously provided by AIPs, becomes available. This means any given data set for a
particular year continues to receive minor changes for some time after that particular year
has ended. Thus, there will sometimes be differences in the same metric across different file
sources, but presumably, the metrics tracked in these sources, such as policies sold, are

13Since 2006, RMA replaced the historical weights (0.6 and 0.4) with a procedure which credibly weights
the target county and adjoining counties based on a function of acres. We do not do this here in the spirit of
presenting a method that is easily accessible to a wider audience.
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monotonically increasing over time meaning the maximum value from all available data
sources should be the most reflective of reality.

In addition to this data, the study also retrieved actuarial information (i.e., actual values
for the county base rates) from RMA’s ADM spanning from 2011 to 2020.14 The specific
data retrieved from the ADM include the county reference rate and catastrophic fixed
loading factor. For each county-crop-year, the RMA-set county reference rate and cata-
strophic fixed loading factor were taken as the mean of all the respective values retrieved
from RMA’s ADM that could be associated with that county-crop-year combination.
Finally, a representative target rate comparable to those generated from this study was
taken as the sum of the county reference rate and catastrophic fixed loading factor.

Table 1 shows the descriptive statistics of the data used for the approximation of target
rates. The sample is composed of 564,340 observations with 26,078 unique county-crop
FCIP programs. On average, an FCIP county-crop program in the data had an annual
insured liability of $3.5 Million on about 15 thousand acres. Total collected premiums
for a county-crop program averaged $309,000 of which $91,000 was paid for by govern-
ment subsidies. The annual mean LCR for FCIP county-crop program from 1948 to 2020
is estimated at 0.12 indicating that for every dollar of liability insured, about 12 cents was
paid to farmers to indemnify their losses.

Lost cost ratio predictive performance

The RMA’s rate-making procedures are intended to allow for the estimation of the
expected loss component of rates, represented by the LCR (K. H. Coble et al. 2010).
Thus, the approximation of the target rate proposed by this study should be able to predict
LCRs to a similar degree of accuracy compared to the status quo methods used by RMA. In
that regard, this study evaluates the LCR predictive performance of all the various rates
estimated in the approximation procedure by using both out-sample (via five-fold-
cross-validation) and in-sample prediction performance. Both measures are operational-
ized on an annual basis from 2011 to 2020 and are evaluated in terms of the LCR predic-
tion error (mean squared error) generated in this study relative to the mean error when
actual observed rates set by RMA are used to predict the LCR. Thus, values below one are
preferred with values significantly larger than 1 indicating worse performance over LCR
predictability.

Figure 2 shows that the final target rate estimated in the approximation procedure
reflects expected losses better than the burn rates, raw rate, and county group rate.
Model diagnostics (shown in Figure S1) also indicate that the final target rate performs
slightly better in terms of R-squared, AIC, and BIC. Figure 3 shows box plots of the final
target rate and the official rates produced by RMA. As can be seen in the figure, the
approximation proposed in this study yields target rate distributions that are quite close
to the target rate distributions produced by RMA for the years 2011–2020.15

14ADM files for each insurance year are available at: https://ftp.rma.usda.gov/pub/References/actuarial_
data_master/. The aggregation of ADM information is based on initial work by Tsiboe and Tack (2021)
using Beocat, a High-Performance Computing (HPC) cluster at Kansas State University (https://beocat.
ksu.edu/).

15On a pairwise basis, Figure S2 shows that the final target rates are systematically higher than the mean
of actual observed rates set by RMA. The source of this apparent difference can be gleaned from Figure S3
where this is due to revenue-based contracts. Figure S3 shows that while the yield-protection final target
rates follow the observed rates closely in both magnitude and annual dynamics, the revenue-protection rates
are significantly higher even though they also follow the underlying annual dynamics.
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Table 1. Means and standard deviations of selected variables on US Federal Crop Insurance county-crop
programs (1948–2020)

Variables Mean (Standard deviation)

Net insured area (1,000 acres) 14.736 (48.668)

Total liability insured ($ 1,000) [A] 3,449.423 (11,946.263)

Total premium ($ 1,000) 309.396 (1,042.076)

Total premium subsidy ($ 1,000) 90.752 (312.426)

Total Indemnity paid [B] 264.576 (1,536.565)

Loss cost ratio [ B=A
� �

] 0.120 (0.193)

Number of county-crop combinations 26,078

Number of observations 564,340

Note: The data was constructed by the authors using primary data from the Risk Management Agency’s summary of
business and cause of loss files.

Figure 2. Loss cost ratio predictive performance of different rate approximation methods.
Notes: Graph shows the in- and out-sample loss-cost ratio predictive performance of various approximations of USDA
Risk Management Agency (RMA) crop insurance target rates (i.e., the sum of county reference rate and catastrophic
fixed loading factor). The values are evaluated in terms of relative performance to the mean of RMA target rates for
2011–2020.
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Empirical application

As was discussed in the introduction, several sources of endogeneity are of concern in
empirical studies making use of crop insurance demand as either an independent or
dependent variable. What follows are two sets of empirical examples of how to address
these endogeneity concerns by using derived rating parameters as instrumental variables.
The primary goal of the empirical examples is not to provide a detailed analysis of the
underlying issues but to illustrate how the target rates approximated in this study could
be used to deal with endogeneity as it relates to the context of this paper. The examples can
easily be generalized to other applications and research settings that make use of direct
crop insurance outcomes like participation and premiums as independent variables.

Empirical application: crop insurance demand as a function of premiums

This first set of empirical applications exemplifies the use of the derived instrument to
address the situation where the total premium for crop insurance is an independent vari-
able of interest. Past studies try to circumvent the endogeneity problem in modeling crop
insurance demand by using Heckman-type models of participation (Goodwin and Kastens
1993; Richards 2000; Shaik et al. 2008). Unfortunately, the majority of existing studies do
not consider this endogeneity problem (Gardner and Kramer 1986; Hojjati and Bockstael
1988; Barnett et al. 1990; Calvin 1990; Goodwin 1993; Goodwin and Kastens 1993; K. H.
Coble et al. 1996; Yi et al. 2020; Bulut and Hennessy 2021). Thus, empirical approaches
seeking to econometrically identify FCIP demand elasticities, which do not explicitly
account for this source of endogeneity, are suspect from a causal perspective. Here,
county-level corn production data are used to estimate the responsiveness of crop insur-
ance demand to premium rates at both the intensive and extensive margins.

Crop insurance data for corn from 1975 to 2020 used in this application are obtained
from the same data sources used in approximating the target rates. Specifically, the

Figure 3. County-crop approximated target rate distribution by crop year.
Notes: Graph shows the distribution of USDA Risk Management Agency (RMA) crop insurance target rates (i.e., the
sum of county reference rate and catastrophic fixed loading factor) and its preferred approximation from the stud.
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variables of interest include the total potential liability, total insured liability, total pre-
mium, and total subsidy for corn in county i for crop year t.16 Data on planted acres
of corn were also retrieved from NASS Quick Stats, and where missing, the planted acres
were filled in with harvested acres which were also obtained from the same source. Using
this data, several variables of interest were calculated; the aggregate coverage level (θit) as
total insured liability divided by total potential liability; premium per dollar of liability (rit)
as the total premium divided by total insured liability; and subsidy per dollar of premium
(sit) as the total premium subsidy paid divided by the total premium. Finally, this study
used the same corn price discovery method employed by RMA in estimating projected
prices to approximate state-level expected prices for corn from 1975 to 2020. Table S1
shows the descriptive statistics of all variables used in this empirical application.

The empirical model is formulated as

ln θit � β0�τ ln rit � βs ln sit � βwwit � vit � εit (4)

where the variable θit is a measure of crop insurance uptake at both the intensive margin
and extensive margin (A second version of this model is also specified to explain demand
exclusively at the extensive margin by setting θit equal to the share of eligible acres enrolled
in crop insurance as the dependent variable).17 The vector wit contains the log expected
price, log planted acres, and state-specific time trends. The terms vit and εit are county
fixed effects (FE) and error terms, respectively. The error terms are assumed to have
an expected value of 0 but can be heteroskedastic so standard errors are clustered by
the county to allow for ε it to be spatially correlated within each crop year (Petersen
2009; Cameron et al. 2011; Thompson 2011).

The premium per dollar of liability (rit) in equation (4) is the weighted average of farm-
level FCIP premium rates represented by equation (2). As noted in previous sections, FCIP
premium rates are driven by both exogenous and endogenous factors, which makes them
potentially endogenous to crop insurance demand. For example, a corn farmer with a
high-risk profile will end up paying a higher premium compared to a lower-risk farmer.
At the same time, farmers tend to allocate fewer corn acres in a county characterized by a
greater risk profile, ceteris paribus (Hojjati and Bockstael 1988). Alternatively, corn
growers in counties that have a high-risk profile for corn production are likely to increase
their crop insurance coverage. In these cases, estimating the empirical model via ordinary
least squares (OLS) will result in biased coefficient estimates since “risk” is an omitted
independent variable that partially determines crop insurance coverage and is correlated
with the premium per dollar of liability. The identification strategy in this empirical appli-
cation is to utilize the exogenous RMA-set variations in continuous rating formula policy
parameters to generate exogenous variation in premium per dollar of liability via instru-
mental variables estimation. However, since these parameters are not publicly available for
the entire period under review (1975–2020), the empirical application uses a comparable
approximation of the sum of county reference rate and catastrophic fixed loading factor as

16Potential liability for a given producer is calculated by taking the producer’s total insured liability and
dividing by the producer’s chosen coverage level which represents the total insured liability if that producer
was to insure at a 100% coverage level. Summing this metric across all participants in a county for a given
year provides a metric for the total liability that could conceivably be insured in that county for that year
given the current participants and enrolled acreage.

17By construction, θit increases when individual coverage levels are increased for a fixed amount of
enrolled acreage (an increase at the intensive margin), but also increases if individual coverage levels remain
static with additional acreage enrolled (an increase at the extensive margin).
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outlined in previous sections. In this setting, the aggregation unit to generate the instru-
ment (i.e., the final target rate) is characterized by a cross-sectional index defined as the
unique combination of county crops in the underlying data for the analysis.

Table 2 reports the estimated results for Equation (4) using the combined measure of
demand at the intensive and extensive margins. Columns (1) and (2) report the estimation
results based on two-staged least squares (2SLS) regression with and without FE, respec-
tively. Similarly, columns (3) and (4) report OLS results with and without FE, respectively.
The Anderson-Rubin chi-sq test for exogeneity of premium per dollar of liability (rit) is
rejected (p< 0.01) for both 2SLS models, suggesting that the previously described con-
cerns over endogeneity are valid and that an instrumental variables approach is appropri-
ate. The question that remains is if the approximated target rates are strong enough to aid
in identifying the causal effect of premium rates on crop insurance demand. First-stage
F-statistics are well above the thresholds suggested by Stock and Yogo (2005) indicating
that the final target rate is not a weak instruments.

Generally, Table 2 shows that the preferred model [Model 1: FE-2SLS] has estimated
coefficients that are varied in direction and larger in magnitude than the model without
instrumental variables (IVs) [Model 3 and 4: OLS and FE-OLS] or without FE [Model 2:
2SLS] suggesting that either crop insurance choices or time-varying unobserved individual
risk profiles bias the responsiveness of crop insurance demand.

Table 3 reports estimated results for Equation (4) as specified to represent demand
exclusively at the extensive margin and yields qualitatively similar results when compared
to Table 2. The Anderson-Rubin chi-sq test is rejected (p< 0.01) for the 2SLS model mak-
ing use of fixed effects (although this is not the case if fixed effects are excluded). Weak
instruments are again not a problem in this specification with both 2SLS models exhibiting
first-stage F-stats that are well above conventionally set thresholds. Again, the preferred
model [Model 1: FE-2SLS] yields a coefficient on the premium per dollar of liability that is
opposite in sign and larger in magnitude compared to the OLS models in Table 3.

Concerning the effect that subsidies have on demand for insurance, Table 2 suggests a
negative effect while Table 3 suggests a positive relationship between increasing subsidies
per dollar of premium and demand at the extensive margin. This could be interpreted as
evidence that increasing subsidy rates induce a trade-off between demand at the intensive
margin in favor of increased demand at the extensive margin. However, as noted previ-
ously, this analysis is not intended to be a comprehensive analysis of demand for crop
insurance, but instead serve as a demonstration of the validity of the proposed instrumen-
tal variable.

Empirical application: farm debt as a function of crop insurance participation

The second set of empirical applications demonstrates how to instrument for measures of
crop insurance demand that appear as independent variables of interest but remain endog-
enous with respect to the outcome of interest. This example is based on existing work
assessing the role that crop insurance has on farm debt use (Ifft et al. 2015) and demon-
strates that the proposed instrument also has favorable diagnostics when demand for
insurance appears as an endogenous independent variable.

Both theoretical and empirical research on risk balancing has shown that producers
could increase financial risk in response to a decline in business risk. By extension, this
also means that farm policy programs like the FCIP that decrease business risk could have
causal impacts on financial risk levels. However, producers’ decisions on coverage through
crop insurance and farm debt are likely influenced by the same unobservables, and thus
endogenous. Ifft et al. (2015) account for this simultaneity bias in their estimation of the
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Table 2. Crop insurance demand for corn production in the US for 1989–2020 at The intensive margin is inelastic to changes in premiums rates

Variables (1) FE-2SLS†† (2) 2SLS (3) OLS (4) FE-OLS

Natural logarithm of premium per dollar of liability −0.106*** (0.017) −0.054*** (0.005) 0.061*** (0.003) −0.001 (0.003)

Natural logarithm of subsidy per dollar of premium −0.355*** (0.016) −0.353*** (0.012) −0.435*** (0.011) −0.392*** (0.010)

Natural logarithm of planted acres 0.000 (0.000) 0.000* (0.000) 0.001*** (0.000) 0.002*** (0.000)

Natural logarithm of real expected corn price −0.002 (0.002) 0.003* (0.002) 0.006*** (0.002) 0.004** (0.002)

Number of observations 33,314 33,314 33,314 33,314

Number of counties 1,159 1,159 1,159 1,159

Endogeneity: Anderson-Rubin chi-sq test 60.684*** 131.613*** – –

Endogeneity: MM distance test statistic 153.965*** 285.326*** – –

Weak identification test (Kleibergen-Paap rk Wald F statistic) 216.532*** 3376.583*** – –

Model F statistic 276.588*** 345.868*** 513.385*** 426.181***

Notes: The outcome variable is county-level corn crop insurance demand at the intensive margin is measured as the total liability divided by the total potential liability implied by those who
purchased corn crop insurance in that county. The data used was constructed by the authors using primary data from (1) Risk Management Agency’s summary of business and cause of loss
files. The preferred model is ††.Significance levels – *p< 0.1 **p< 0.05, ***p< 0.01. Standard errors in parentheses are clustered by county.
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Table 3. Crop insurance demand for corn production in the US for 1948–2020 at The extensive margin is inelastic to changes in premiums rates

Variables (1) FE-2SLS†† (2) 2SLS (3) OLS (4) FE-OLS

Natural logarithm of premium per dollar of liability 1.094*** (0.200) 0.038 (0.038) −0.095*** (0.028) −0.068*** (0.022)

Natural logarithm of subsidy per dollar of premium 0.113*** (0.022) −0.048** (0.022) 0.060*** (0.019) −0.044* (0.022)

Natural logarithm of planted acres −0.015*** (0.002) −0.025*** (0.003) −0.020*** (0.002) −0.029*** (0.002)

Natural logarithm of real expected corn price −0.002 (0.002) 0.003* (0.002) 0.006*** (0.002) 0.004** (0.002)

Number of observations 41,230 41,230 41,230 41,230

Number of counties 1,159 1,159 1,159 1,159

Endogeneity: Anderson-Rubin chi-sq test 38.964*** 1.027 – –

Endogeneity: MM distance test statistic 43.325*** 14.364*** – –

Weak identification test (Kleibergen-Paap rk Wald F statistic) 231.791*** 2653.871*** – –

Model F statistic 260.755*** 291.366*** 388.119*** 291.697***

Notes: The outcome variable is county-level corn crop insurance demand at the extensive margin measured as the total insured acres for corn divided by the total planted of corn in that county. The
data used was constructed by the authors using primary data from (1) Risk Management Agency’s summary of business and cause of loss files, and (2) NASS Quick Stats. The preferred model is
††.Significance levels – *p< 0.1 **p< 0.05, ***p< 0.01. Standard errors in parentheses are clustered by county.
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difference in debt use attributable to FCIP via two methods: (1) propensity score matching
(to approximate a controlled experiment) and (2) seemingly unrelated regression (to
explicitly model joint determination of farm debt structure and crop insurance participa-
tion). In this example, we provide another way to use the final target rate in this paper
under an instrumental variable regression framework.

Like Ifft et al. (2015), we use data from the nationally representative Agricultural
Resource Management Survey (ARMS), with the key exception that the sample is pooled
for the ARMS fielded from 2011 to 2020.18 We follow Ifft et al. (2015) by limiting the
sample to farm businesses as defined officially by USDA, which includes (1) farms where
the principal operator’s primary occupation is farming, (2) farms with sales over $250,000,
and/or (3) non-family farms.

The empirical model is formulated as

asinh Di � β0 � βτ asinh Ei � βzzi � µi (5)

where the variable Di is a measure of debt use which, following Ifft et al. (2015), is defined
as one of (1) total farm financial debt; (2) non-real estate financial debt; (3) real estate
financial debt; (4) short-term financial debt (outstanding); (5) short-term financial debt
(all); (6) farm business debt to asset ratio; (7) share of short-term financial debt (all) to
total operating expenses; and (8) current ratio, all in per-acre terms. The key independent
variable is crop insurance participation measured by the total per-acre premium paid by
the farm (Ei). This is the only reasonable scalar measure of FCIP participation in the
ARMS data as it has been shown that the key function that determines the premium paid
by insured is increasingly convex in coverage (Woodard and Yi 2020). The vector zi con-
tains control variables and is defined, again based on (Ifft et al. 2015), to include operators’
age and education; total operating acres; percent of cropland; unit structure; sales class as
defined by USDA; ERS Farm Resource Region; and an annual trend variable. Because some
of the debt-use decision outcome variables contain zero and non-positive values, we used
the Inverse hyperbolic sine transformation (asinh). Likewise, the total premium paid by
farmers also has zero values for non-participating farms. After the estimation of Equation
(5), we used procedures outlined in the literature to approximate effects in elasticity terms
(Bellemare and Wichman 2020). ARMS is based on a stratified sample design as such it
requires weighted estimation of sample statistics; thus, USDA recommended delete-a-
group (out of 30 groups) jackknife procedure was used to estimate standard errors. In this
setting, the aggregation unit to generate the instrument is characterized by a cross-
sectional index defined as the county.

Table 4 provides results for the empirical application focused on estimating farm debt
as a function of total crop insurance expenditures. The null is rejected for the Anderson-
Rubin test for 6 out of 8 considered debt outcomes suggesting that, in general, the instru-
mentation is an appropriate choice for this application. For all specifications in Table 4,
weak instruments do not appear to be a problem (first-stage F-stats are over 100 for all
specifications). Across all models, instrumental variables generally produce large coeffi-
cients on crop insurance expenditures relative to OLS results, but with similar or decreased
statistical significance. This is potentially a result of the decreased efficiency of two-staged
least squares. However, given the favorable diagnostic tests and theoretical basis for endo-
geneity, two-staged least squares estimates are still preferable to OLS in this empirical
application.

18The Agricultural Resource Management Survey (ARMS) is the U.S. Department of Agriculture’s pri-
mary source of information on the production practices, resource use, and economic well-being of
America’s farms and ranches (Kuethe and Morehart 2012).
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Table 4. Federal Crop Insurance led to higher farm debt use in the US Farm economy from 2011 to 2020

Outcome

Responsiveness to Federal Crop
Insurance expenditure

Number of
observations

Endogeneity:
Anderson-Rubin

chi-sq test

Endogeneity: MM
distance test sta-

tistic

Weak identification test
(Kleibergen-Paap rk Wald F

statistic)

2SLS
Model F
statistic(1) OLS (2) 2SLS††

Total farm financial debt 0.065*** (0.006) 0.608*** (0.165) 114,868 32.489*** 26.261*** 104.864*** 27.746***

Non-real estate financial debt 0.104*** (0.010) 0.222 (0.203) 120,938 2.041 0.581 104.352*** 2.063

Real estate financial debt 0.100*** (0.012) 0.399 (0.289) 120,938 5.064** 2.848* 104.352*** 4.847**

Short-term financial debt
(outstanding)

0.116*** (0.010) 0.361 (0.232) 120,938 4.450** 2.044 104.352*** 4.402**

Short-term financial debt (all) 0.134*** (0.012) 0.424 (0.270) 120,938 4.305** 2.015 104.352*** 4.249**

Farm business debt to asset
ratio

0.064*** (0.006) 0.703*** (0.170) 120,938 35.798*** 30.136*** 104.352*** 29.983***

Share of short-term financial
debt (all) to total operating
expenses

0.004 (0.004) −0.046 (0.080) 120,936 0.909 1.077 104.355*** 0.903

Current ratio 0.069*** (0.006) 0.739*** (0.179) 120,938 18.343*** 15.249*** 104.352*** 17.380***

Notes: The farm-level data is from the 2011 to 2020 Agricultural Resource Management Survey (ARMS) Phase 3 data. The preferred model is ††.Significance levels – *p< 0.1 **p< 0.05, ***p< 0.01.
Standard errors are calculated using the delete-a-group jackknife.
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Conclusion

Employing existing publicly available data, this paper provides an overview of how to
derive a crop insurance rating parameter that is based on current actuarial practices
employed by the USDA RMA. This derived rating parameter is exogenous to individual
farmers’ decisions by construction. Because of this, this parameter can be used to generate
exogenous variation in both crop insurance premium rates and crop insurance participa-
tion via instrumental variables estimation to eliminate endogeneity bias in empirical mod-
els that use measures of crop insurance demand as either a dependent or independent
variable.

After validating the derived rating parameter in a prediction exercise, it is employed in a
couple of representative empirical applications to demonstrate how it can be used to
improve econometric identification. One important caveat is that although the methods
presented here have been validated by showing that the derived parameters predict LCRs
with sufficient accuracy for the years 2011–2020, lack of data availability prevents explicit
validation outside of this range which should be considered when using this methodology
on historical data. The empirical applications presented here are based on both aggregate-
level (county) and farm-level data. However, conceptually, these methods could be applied
to other levels of aggregation as well. While we only considered the two-stage least squares
estimator, there is no reason the approach presented here could not be applied to other
estimators (e.g., matching estimators, selection models, three-stage least squares, etc.). As a
final note, although the proposed instrument performs well in the presented empirical
applications and is likely to perform well in other related settings, it is still up to the
researcher to assess the appropriateness of the instrument in their specific research appli-
cation from a theoretical point of view and to heed to suggestions of the relevant diagnos-
tic tests.

As the empirical quality standards for research in the fields of agricultural economics
and agribusiness rise, so does the demand for high-quality data to augment the research
process. As was previously discussed, purging endogeneity from studies focused on the
demand for crop insurance is one burgeoning use for the methods described in this study.
However, as was demonstrated with the second empirical application in this study, the
methods utilized here are also potentially valuable in other research applications where
controlling for variation in crop insurance participation or crop insurance premiums
may be necessary. Focus on tangentially related outcomes of interest such as farm produc-
tion decisions, land-use allocation, or other risk mitigation behavior may benefit by incor-
porating metrics tracking crop insurance demand. In such a case, incorporating the
methods outlined in this paper could prove to be valuable.
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