
Vol.:(0123456789)

The Geneva Papers on Risk and Insurance - Issues and Practice
https://doi.org/10.1057/s41288-019-00143-9

Contract elements, growing conditions, and anomalous 
claims behaviour in U.S. crop insurance

Sungkwol Park1 · Barry K. Goodwin2 · Xiaoyong Zheng2 · Roderick M. Rejesus2

Received: 7 January 2019 / Accepted: 17 July 2019 
© The Geneva Association 2019

Abstract
We investigate contract elements and growing conditions associated with anoma-
lous claims behaviour in the U.S. Federal Crop Insurance Program. In this study the 
measure of “anomalous claims behaviour” is based on the number of producers (in 
a county) placed on the “Spot Check List” (SCL)—a list generated from govern-
ment compliance efforts that aim to detect and deter fraud, waste, and abuse in the 
U.S. Federal Crop Insurance Program. Using county-level data and various econo-
metric approaches that control for features of this data set (e.g., the count nature 
of the dependent variable, censoring, potential endogeneity, and spatial/temporal 
dependence), we find that the following crop insurance contract attributes influence 
the extent of anomalous claims behaviour in a county: (a) the ability to insure indi-
vidual fields through “optional units”; (b) the coverage level choice; and (c) the total 
number of acres insured. In addition, our empirical analyses suggest that anomalous 
claims behaviour significantly increases when extreme weather events occur (e.g., 
droughts, floods) and when economic conditions are unfavourable (i.e., high input 
costs that lower profit levels). Results from this study have important implications 
for addressing potential underwriting vulnerabilities in crop insurance contracts and 
the frequency of more rigorous compliance inspections.
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Introduction

The Risk Management Agency (RMA) of the U.S. Department of Agriculture 
(USDA) is in charge of administering the U.S. Crop Insurance Program. As part 
of its efforts to detect and deter fraud, waste, and abuse in the Crop Insurance Pro-
gram, the RMA developed and implemented the so-called Spot Check List (SCL) 
programme in 2001 (USDA-RMA 2011). Under this SCL effort, the RMA and their 
partners utilise complex and proprietary algorithms to analyse a massive data ware-
house that contains extensive crop insurance contract data as well as information 
from other related databases (e.g., weather data and other administrative data from 
other USDA agencies). The aim of the SCL process is to detect individual producers 
whose claims behaviour demonstrates atypical patterns that are indicative of poten-
tial fraud, waste, and abuse (or generally, moral hazard).1

One of the main outputs from this process is the SCL itself—an annual list of 
insured farmers who are identified based on objective and data-driven statistical 
techniques and whose loss experiences are considered “anomalous” relative to simi-
lar producers in the same geographic area (i.e., typically within a county) produc-
ing the same crop and using the same cropping practices. Therefore, the number 
of SCL producers in a county can be regarded as a measure of “anomalous claims 
behaviour” suggestive of the extent of crop insurance fraud, waste, and abuse in that 
county.2 Everything else being equal, larger numbers of SCL producers (in a county) 
potentially indicate that there are likely to be more fraudulent claims or that there is 
more claims misrepresentation in that county.

The objective of this study is to examine crop insurance contract elements and 
growing conditions that likely influence the degree of anomalous claims behaviour 
in a county. We first examine whether the underwriting design of the crop insurance 
contract itself is a contributing factor, since opportunistic abuses and misrepresenta-
tions can be prompted by flexible insurance options and provisions. We focus on 
the unit structure, coverage level, and type of insurance chosen by the insured farm-
ers. The unit structure defines how acres are insured.3 Indeed, Knight and Coble 

1 Although moral hazard is the general term used in insurance economics to represent fraud, waste, or 
abuse, we use the combined term “fraud, waste, and abuse” throughout this paper because these are the 
exact terms used in RMA documents related to the SCL process. Studies that have explored the extent of 
moral hazard in crop insurance include Coble et al. (1997) and Roberts et al. (2006).
2 As mentioned in USDA-RMA (2018), being included on the SCL does not indicate that a producer 
has explicitly engaged in fraud. Rather, it implies that the claims behaviour of a producer on the SCL is 
not consistent with that of other similar producers in the same geographic area, and therefore warrants 
more extensive investigation. In addition, we should note here that one drawback of using deviations 
from “peers” as a measure of anomalous behaviour is that its likelihood of accurately detecting fraud 
would likely be lower when all (or a majority of) farmers in the area are also engaging in potential fraud, 
waste, and abuse (i.e., there can be no deviation from peers because everybody is doing the same thing). 
Although this situation is certainly possible, anecdotal evidence and conversations with RMA compli-
ance personnel suggest that this is unlikely.
3 Under the current Federal Crop Insurance Program, producers have four options: optional, basic, enter-
prise, and whole-farm units. Under the optional unit, each field and crop can be insured separately while 
under other options, several units are combined. Specifically, basic units combine all of the owned and 
cash-rented acres in the same county by the same producer, but share-leased units or units of a differ-
ent crop cannot be combined. Enterprise units combine all acreage of the same crop by the insured in 
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(1999) found that the loss cost ratios4 tend to be higher for optional units than for 
basic units. Considering that producers can choose their coverage level between 50 
and 85% (in 5% increments) under the buy-up coverage option in U.S. crop insur-
ance, we also examine whether higher coverage levels lead to more anomalous 
claims behaviour.5 Walters et  al. (2015) found evidence that producers obtained 
excess returns by selecting optional units and buy-up coverage. Lastly, producers 
can choose between yield-based and revenue-based policies. Revenue-based policies 
insure against losses due to both low crop yields and price declines, while yield-
based policies offer protection against low yields only. We consider whether less 
exposure to price risk under the revenue-based policies contributes to a decrease in 
anomalous claims behaviour. It is also possible that revenue-based policies lead to 
more anomalous claims behaviour, as revenue-based policies are more costly than 
yield-based ones.

In addition to crop insurance contract characteristics, we also examine the roles 
of two additional categories of variables in determining anomalous claims behav-
iour. First, unfavourable economic conditions in a particular year may be another 
motivating factor for producers to commit insurance claims fraud, waste, and abuse. 
For this, we use a county-level net income variable (the difference between income 
and expenses) as a measure of producers’ profits (and the general economic envi-
ronment). Also, anomalous claims behaviour may be triggered by extreme weather 
conditions. Given the fact that not all claims are audited, when severe drought 
or extremely wet conditions (e.g. floods) occur, producers may be more likely to 
engage in fraudulent activities because the extreme weather conditions make it more 
difficult to distinguish between fraudulent claims and legitimate ones. For this rea-
son, we include a rich set of weather variables in our empirical analysis.

Empirically estimating the effects of crop insurance contract elements and grow-
ing conditions on the extent of county-level anomalous claims behaviour is chal-
lenging for a number of reasons. First, the data available to us has three important 
features (and limitations) that need to be taken into account in the estimation: (1) 
our data set is at the county-level with a panel (or longitudinal) structure; (2) our 
dependent variable, the number of SCL producers in a county, is an integer count 
variable; and (3) our dependent variable is left-censored due to government regula-
tions on data confidentiality when reporting SCL data.6 To accommodate the three 
data features described, we estimate a random effects count model with censoring, 

4 Loss cost ratio is the ratio of indemnities to liabilities.
5 Producers can purchase the minimum catastrophic coverage (CAT) that will protect up to 50% of their 
expected yield/revenue. Producers can purchase (buy-up) higher levels of coverage with the option to 
insure up to 85% of the expected yield/revenue.
6 The SCL data are highly confidential and were only available at a county aggregate level and only 
reported to us if the number of SCL cases was 4 or more, making the SCL count censored.

a county into one unit. In other words, share-leased acres can be combined with owned and cash-rented 
acres in one enterprise unit. Whole-farm units combine all crops by the insured in the same county. All 
four unit structures are illustrated in section “Unit structure” with an example.

Footnote 3 (continued)
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using the simulated maximum likelihood approach.7 Another important feature of 
the data set (and the variables included in the specification) is that several explana-
tory variables in our regression models are potentially endogenous. Therefore, 
we also employ a two-stage least squares (2SLS) and a control function approach 
(Hausman 1978; Wooldridge 1997, 2014; Terza et al. 2008) to correct for possible 
bias due to endogeneity.

Our results provide strong evidence that county-level variables associated with 
characteristics of the crop insurance contracts purchased are strong predictors of 
anomalous claims behaviour. For instance, a larger proportion of acres insured as 
optional units is associated with more anomalous claims behaviour. Higher average 
coverage levels (in a county) and a larger number of insured acres are also strongly 
linked with increased incidence of anomalous claims behaviour. In addition, our 
empirical analyses also indicate that unfavourable economic and weather conditions 
strongly influence the extent of anomalous claims behaviour in a county.

The crop insurance contract elements associated with anomalous claims behav-
iour are potential underwriting vulnerabilities that RMA needs to address to fur-
ther discourage fraud, waste, and abuse in the system. Further study is required to 
determine the appropriate underwriting or premium-rating adjustments needed 
to curb the anomalous claims behaviour linked to these “vulnerable” contract ele-
ments. Identifying these vulnerabilities can also help provide directions as to how 
RMA and the AIPs can improve and better utilise their fraud detection algorithms 
(USDA Office of the Inspector General (OIG) 2017). On the other hand, our empiri-
cal results regarding insureds potentially taking advantage of unfavourable eco-
nomic and weather conditions to engage in fraud, waste, or abuse indicate that fraud 
auditing standards and compliance inspection efforts may need to be tightened in 
times when adverse economic and weather conditions are affecting the agricultural 
economy. Moreover, given that the algorithms used by RMA to detect anomalous 
behaviour are confidential,8 this study also contributes to the literature by providing 
the risk management research community with a third-party view of likely factors 
considered in the SCL detection process.

The remainder of this paper is organised as follows. The next section introduces 
the SCL programme and describes the unit structure in U.S. federal crop insurance. 
In the third section, we describe the data and variables used in our empirical analy-
ses. In the fourth section, we discuss the econometric model utilised to account for 
the special features of our data. In the fifth section, the main findings from our esti-
mations are discussed. In the sixth section, we conduct robustness checks to exam-
ine the sensitivity of our results when using alternative clustering procedures and 
specifications. Concluding comments and policy implications are provided in the 
final section.

8 The algorithms and techniques used to determine individuals to be included in the SCL are purposely 
confidential (and not publicly available). RMA does not want insureds to take advantage of this type of 
information to alter their behaviour and avoid detection.

7 Although this is our “preferred” estimation procedure (since it accounts for all three data features 
above), we also utilised fixed effects linear models and fixed effects count models that account for some 
(but not all) of the data features described above.
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Background

Objective and data-driven statistical techniques are employed to annually develop 
a list of SCL producers whose loss experience is evaluated as “anomalous” rela-
tive to similarly situated producers in the same geographic area (typically within the 
county) producing the same crop and using the same cropping practices. To develop 
the SCL, previous research and “on-the-ground” observations gathered by RMA 
field staff and partner insurance companies [called Approved Insurance Providers 
(AIPs)] are first utilised to identify different “scenarios” that suggest potential fraud, 
waste, or abuse. For example, one scenario-based detection algorithm may pertain to 
finding those producers who have large multi-year losses that are consistently higher 
than their peers in the same county. Another algorithm may aim to detect behaviour 
consistent with known fraud schemes that have previously been recognised.

All producers flagged by these detection procedures are then used to create a pool 
of producers to be included in the SCL. The SCL developed for producers of spring-
planted crops (e.g. corn, soybeans) that are based on data analysed through a par-
ticular crop year (say, in 2017, where data through December 2017 are analysed) is 
typically finalised no later than the first quarter of the following year (i.e., no later 
than 1 April 2018). The finalised SCL is then forwarded to the local USDA Farm 
Service Agency (FSA) county offices where the SCL farmers are located and to the 
AIPs whose clients are included in the list. Soon after, the AIPs send a formal letter 
to their clients on the list, informing them of their inclusion and that their operations 
are subject to inspection and/or review during the growing season. The FSA county 
offices and/or the AIPs then conduct infield inspections and/or policy reviews on the 
SCL producers. In practice, due to time and resource constraints, only a subset of 
SCL farmers are inspected or reviewed.9

Unit structure

Unit structure is one of the main contract elements we examine in this study. The 
options are complex and merit additional discussion. Consider a producer who has 
cropland units in a county shown in Fig.  1.10 The producer has six units, identi-
fied by the letters A through F. The fields for corn are from A to C and those for 
soybeans are from D to F. In addition, since unit choices are based on ownership 

9 Note that from 2001 to 2011 the FSA had sole responsibility for conducting infield inspections of all 
SCL producers (i.e., both growing season and pre-harvest inspections) to assess whether the condition 
of the insured crop is consistent with other non-SCL producers in the area. Beginning in 2012, AIPs 
assumed responsibility for inspecting a subset of producers on the SCL, with the FSA still responsible 
for the remaining producers. The AIP inspection is more comprehensive than that of the FSA in the sense 
that they perform both infield inspections and a full policy review. For a more detailed description of 
what is involved in an AIP inspection and full policy review, see: https ://legac y.rma.usda.gov/pubs/ra/
sraar chive s/19sra .pdf.
10 An optional unit is formally defined as all land under a common ownership structure in a section. This 
often represents a single field or a collection of smaller fields.

https://legacy.rma.usda.gov/pubs/ra/sraarchives/19sra.pdf
https://legacy.rma.usda.gov/pubs/ra/sraarchives/19sra.pdf
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structure as well as the geographic location, we need to know whether each field is 
owned, cash-rented, or share-rented by the producer.

As an example, let us assume that the producer owns fields A and D, rents fields 
B and E on a cash basis, and has a crop share arrangement on fields C and F. The 
producer could choose to insure the fields with six optional units if field-specific pro-
duction records were available and the boundaries of the units were readily discern-
ible (i.e., three for corn and three for soybeans). An insurance guarantee is assigned 
to each optional unit, and each unit would stand alone when determining indemni-
ties and would be charged a higher premium rate in recognition of the higher risk.

The farmer could also choose to insure the fields with three other unit structures. 
A basic unit11 consists of all croplands of a single crop that are either owned or 
cash-rented. In the case of a single crop share arrangement, a separate basic unit is 
available. Thus the producer in our example can have two basic units of corn and 
two basic units of soybeans (i.e., a total of four basic units). The first corn basic unit 
consists of fields A and B. The other basic unit consists of field C. The first soybean 
basic unit consists of fields D and E. The second basic unit consists of field F. Each 
basic unit has its own insurance guarantee. The move to basic units from optional 
units may decrease the frequency with which indemnities are received. Because of 
this potential decrease in indemnities, insurance premiums are lower for basic units 
than for optional units.12

An enterprise unit consists of all acreage of a crop in the county. Therefore, our 
producer could form two enterprise units: one for corn and one for soybeans. The 
expected indemnities (and insurance premiums) are lower under enterprise units 
than under basic units because the losses are aggregated across the unit.

A whole-farm unit consists of all croplands in the same county placed in a sin-
gle insurance unit. Thus the farm in our example could insure all acres of cropland 
together, that is, the corn and soybean fields would be insured together in one whole-
farm unit.

Note that the government’s premium subsidy also varies by unit type. In gen-
eral, the premium subsidies for basic and optional units are lower than those for 
enterprise and whole-farm units. Moreover, whole-farm units have slightly higher 
premium subsidies than enterprise units, especially at higher coverage levels (75% 
and above). Therefore, the unit type eventually chosen by farmers to be insured is 
influenced by the amount of premium subsidy for each unit type (at a particular cov-
erage level).13

11 The insured automatically qualifies for basic units without exception (USDA-RMA 2015 Crop Insur-
ance Handbook).
12 Since 1988, producers have received a fixed 10% discount on their premiums if they do not insure 
optional units.
13 In the next section, we discuss the general pattern of unit choices over time that was largely affected 
by changes in premium subsidies. Current premium subsidy levels by unit type and coverage level can be 
seen in Motamed et al. (2018, p. 11). Moreover, see Babcock and Hart (2005) for more detailed explana-
tions about unit structures, including a calculation of liabilities and indemnities for each unit choice.
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Data

We obtained county-level “Spot Check List” (SCL) data from USDA-RMA over 
the 2001–2015 time period through a Freedom of Information Act (FOIA) request. 
Because data on county-level unit structure—a key contract element examined in 
this study—are only available from 2002  (USDA-RMA, 2019),14 our regression 
analysis only utilises data from 2002 to 2015. The SCL data cover insured producers 
of four major row crops (corn, soybeans, wheat, and cotton) in addition to tobacco. 
Also, only yield-based and revenue-based individual policies are considered.15 As a 
result, our data account for 69.59% of all crop insurance policies for which acreage 
had been reported to USDA-RMA between 2002 and 2015. These data come from 
2162 counties across all U.S. states, except Alaska, Hawaii, and Rhode Island.16

More importantly, due to government regulations regarding data confidential-
ity, the number of SCL producers in a county is only reported in our data set if 
the county had at least four producers on the SCL in that year. We therefore cannot 
exactly identify the number of producers on the SCL in a county for a particular year 
when the number of producers on the SCL was less than four. Our empirical speci-
fication below is designed to accommodate this important data feature. The number 
of counties with more than three SCL producers from 2001 to 2015 are presented in 
Table 1. The numbers ranged from 124 to 308 during the sample period. On aver-
age, 235 counties had at least four SCL producers in a particular year and these 
counties had approximately seven SCL producers every year. Table 2 summarises 
the frequency distribution of counties with each number of SCL producers by year. 
Figure 2 provides the spatial distribution of the total number of SCL producers from 
2001 to 2015.17 We note that counties with substantial SCL producers are scattered 
throughout the continental U.S., with some clustering in the upper Midwest, the 
Dakotas, the Plains (i.e., Kansas, Nebraska and the Texas Panhandle), and the south-
eastern states (i.e., North Carolina, South Carolina, Georgia, and Florida).

Figures A.1 and A.2 in the Online Appendix provide the spatial distributions of 
the number of SCL producers for selected years between 2001 and 2015. When the 
SCL programme started in 2001, the Dakotas and the Plains had larger numbers of 
SCL producers, but the clusterings gradually disappeared during the 10-year period 
from 2001 to 2010 (as seen in Online Appendix Fig. A.1).

Figure A.2 in the Online Appendix presents the spatial distributions of the num-
ber of SCL producers from 2012 to 2015. It appears that for these 4 years, a number 
of SCL producers were in Iowa, Missouri, Illinois, and Kansas.18

15 Other “less popular” plans like the Area Risk Protection Insurance (ARPI) and Whole Farm Revenue 
Protection (WFRP) Insurance policies are not considered in this study.
16 Crop insurance policies from 2002 to 2015 were sold in 2831 counties across all 50 U.S. states.
17 Because of the limitation on the number of SCL producers reported in our data, if the number of SCL 
producers in a year was less than four for a county, then the number of SCL producers in this figure was 
coded as zero.
18 It is important to emphasise here that the SCL procedure is national in scope. Even with these geo-
graphical SCL “clusterings” observed over time, there was no explicit attempt to “target” a specific 

14 See: https ://www.rma.usda.gov/data/sob/scc/index .html.

https://www.rma.usda.gov/data/sob/scc/index.html
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We constructed a number of county-level variables to represent contract elements 
and growing conditions that could potentially influence anomalous claims behaviour. 
First, for factors related to crop insurance contract design, we use the county-level 

Fig. 1  Example of unit structure

Footnote 18 (continued)
region in the U.S. or a particular set of crops. These SCL “clusterings” over time are simply a result of 
objective and data-driven algorithms applied nationally in order to detect anomalous behaviour.
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crop insurance experience data publicly available from USDA-RMA (USDA-RMA, 
2019). As discussed in the introductory section, we focus on unit structure, cover-
age level, and insurance type. To examine whether the ability to separately insure 
individual fields through optional units influences the potential risk of fraud, waste, 
and abuse, we use the county-level percentage of acres insured as optional units. 

Table 1  Number of counties 
with more than 3 SCL producers

SCL data include 2194 counties each year

Year Number of 
counties

Percent (%) Mean Std. Dev. Max

2001 210 9.57 10.71 12.07 98
2002 205 9.34 6.63 2.86 17
2003 288 13.13 7.31 3.91 26
2004 218 9.94 7.28 4.27 38
2005 178 8.11 6.43 3.52 23
2006 124 5.65 7.01 3.80 27
2007 265 12.08 6.24 2.49 17
2008 289 13.17 6.31 3.17 30
2009 228 10.39 6.01 2.15 14
2010 191 8.71 6.06 2.40 18
2011 239 10.89 5.69 2.13 14
2012 236 10.76 5.55 1.95 13
2013 306 13.95 6.33 2.23 14
2014 308 14.04 6.21 2.18 11
2015 233 10.62 5.50 1.78 12

Table 2  Frequency distribution 
of counties with different 
numbers of SCL producers

Year Number of SCL producers

≤ 3 4 5 6 7 8 9 10 11–20 21–30 > 30

2001 1984 55 28 23 12 19 7 9 37 6 14
2002 1989 56 38 29 21 18 12 14 17 0 0
2003 1906 78 45 39 30 22 9 14 48 3 0
2004 1976 63 39 25 21 11 15 6 36 1 1
2005 2016 59 45 19 15 12 5 5 16 2 0
2006 2070 35 27 14 10 9 4 7 17 1 0
2007 1929 77 66 34 18 20 14 23 13 0 0
2008 1905 96 52 46 29 17 18 15 14 2 0
2009 1966 71 49 38 20 14 15 13 8 0 0
2010 2003 60 46 30 13 11 7 13 11 0 0
2011 1955 91 56 35 20 12 4 9 12 0 0
2012 1958 96 50 37 23 8 6 5 11 0 0
2013 1888 83 61 40 34 26 23 28 11 0 0
2014 1886 98 57 33 24 36 23 31 6 0 0
2015 1961 92 53 36 19 11 12 7 3 0 0
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Figure  3 shows the percentages of acres insured under the four different types of 
units from 2002 to 2015, and Fig. A.3 in the Online Appendix presents the percent-
ages of acres insured as optional units by crop over time. In 2002, on average, 57% 
of the acres insured were contracted as optional units, and this percentage increased 
to 62% in 2008. However, it decreased considerably between 2008 and 2015, partly 
because the government raised the premium subsidies for the use of enterprise units 
by a significant amount in 2009 (the effect can be clearly seen in Fig.  3), and in 
2015, only 32% of the acres were contracted as optional units. Figure A.4 in the 
Online Appendix presents the spatial distribution of the percentage of acres insured 
as optional units from 2002 to 2015. We note that counties with a higher percentage 
of optional units (over 60%) were concentrated in the Dakotas, the Plains (i.e., Kan-
sas, Nebraska, and the Texas Panhandle), and a few southeastern states (i.e., North 
Carolina, South Carolina, and Georgia).

In addition to the unit structure, we also examine coverage level as a potential 
factor influencing anomalous claims behaviour. We created a county-level acreage-
weighted average coverage level variable. Figure  4 shows that average coverage 
levels for all crops together and individually increased gradually  over the sample 
period from about 67% for all crops in 2002 to about 74% in 2015. Figure A.5 in the 
Online Appendix presents the spatial distribution of the average coverage levels over 
the sample period. As can be seen, average coverage levels were not evenly distrib-
uted, and particularly the Corn Belt states in the Midwest had much higher coverage 
levels than other regions.19 The third insurance contract variable we examine is the 
insurance type. Figure 5 and Figure A.6 in The Online Appendix present the trend 
and spatial distribution of the percentage of acres insured under revenue-based poli-
cies. It is clear that during the sample period the percentage of acres insured under 
revenue-based policies increased gradually from about 52% in 2002 to about 90% 

Fig. 2  Spatial distribution of total number of SCL producers from 2001 to 2015

19 For further discussion on the coverage level, see Schnitkey and Sherrick (2014).
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in 2015 for all crops combined. The same pattern holds for individual crops as well. 
Finally, we include the number of acres insured in the county as an explanatory vari-
able. Larger counties tend to have more producers and this may lead to more produc-
ers on the SCL. This information is also publicly available from USDA-RMA. 

For the measure of economic conditions, we collected county-level income data 
on producers’ cash receipts on crops from the U.S. Bureau of Economic Analy-
sis (BEA)  (U.S. Department of Commerce-BEA, 2019).20 We also considered the 
county-level expenditure data by adding up production expenses for seeds, fertiliser, 
chemicals, petroleum products (fuel), hired labour, and all other expenses, which are 
available from the same source as the income data. We then computed net income as 
the difference between income and expenditure.

Lastly, we created a rich set of weather variables to be included in the specifi-
cation (and to examine whether adverse weather conditions affect anomalous 
claims behaviour). First, we created several yearly weather variables that represent 
the occurrence of extreme weather conditions (i.e., the average of monthly meas-
ures of extreme heat, extreme drought, and extreme wet conditions). For the meas-
ure of extreme heat conditions, we use county-level total degree days above 30 °C 
during the months of July and August using the method of Schlenker and Roberts 
(2006).21 For extreme drought and extreme wet conditions (e.g. flood), we collected 
the monthly Palmer Drought Severity Index22 from April to October at the state 
level from the National Oceanic and Atmospheric Administration (NOAA) and con-
structed two variables, one for dryness (negative values) and the other for wetness 
(positive values) (NOAA, 2019). In addition, we also collected monthly county-level 
data on average precipitation (in 10 cm), minimum temperature (°C), and maximum 
temperature (°C) for the growing months (from April to October), based on the work 
of Schlenker and Roberts (2009) and available data from PRISM.23 Table 3 lists all 
the variables used in our estimation and the corresponding data sources. Summary 
statistics are displayed in Table 4. 

Estimation

There are three main features of our data set. First, it is a panel data set at the 
county level. Second, the dependent variable—the number of producers on the 
SCL in each county—is a count variable. Third, the dependent variable is left-
censored, that is, it takes the value of zero when the number of producers on 
the SCL is less than 4 (i.e., we only know that the number can be 0, 1, 2, or 

20 See: https ://www.bea.gov/regio nal/.
21 For a detailed derivation and further discussion, see Schlenker and Roberts (2006) and the SI Appen-
dix of Schlenker and Roberts (2009).
22 To identify the abnormality of a drought in a region for a particular month, short-term drought index 
(i.e., the Palmer Z index) is used. It indicates that the Z Index represents monthly drought conditions 
with no memory to previous monthly moisture deficits or surpluses.
23 See http://www.prism .orego nstat e.edu. Further note that the “average” values here were averaged 
across the days in a month and across different weather stations in a county.

https://www.bea.gov/regional/
http://www.prism.oregonstate.edu
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3). We estimate three empirical models. Each model has its own advantages and 
disadvantages.

Formally, let yit denote the number of producers on the SCL in county i and year t 
(i.e., SCLit). First, we estimate the following fixed effects linear model,

(1)yit = X�

it−1
Θ + �i + �it,

Fig. 3  Percentages of acres insured as different types of units from 2002 to 2015

Fig. 4  Average coverage levels from 2002 to 2015



Contract elements, growing conditions, and anomalous claims…

Fig. 5  Percentages of acres insured under revenue-based policies from 2002 to 2015

Table 3  Variable definitions and sources

a Reproduced from Summary of Business of RMA (County level)
b BEA (Bureau of Economic Analysis): CA45 Farm income and expenses (County level)
c Reproduced based on Schlenker and Roberts (2009) and PRISM (County level)
d Reproduced from Palmer Z Index of NOAA (State level)

Variables Description and sources

1. Dependent variable
 SCLProducerCount County-level number of producers in Spot Check List

2. Explanatory variables
 Insurance  dataa

  OptionalUnit Percentage of acres insured as optional units
  CoverageLevel Average coverage level weighted by acres insured
  RevenueInsurance Percentage of acres insured under revenue-based policies
  AcresInsured Number of acres insured (in 1000 acres)

 Profit  datab

  NetIncome The difference between cash receipts from crops and total 
expenditure on seeds, fertiliser, chemicals, petroleum prod-
ucts, labour, and all other expenses (in USD 100 million)

 Yearly weather data
  Dday30Cc Total degree days above 30 °C (Celsius and days), Jul–Aug
  Droughtd Palmer Z index for drought level, Apr–Oct
  Wetnessd Palmer Z index for wetness level, Apr–Oct

 Other monthly weather data
 Precc Precipitation (in 10 cm), Apr–Oct

  tMin,  tMaxc Averages of Min. (Max.) temperatures (Celsius), Apr–Oct
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Table 4  Summary statistics for 
the full sample

All variables have 29,799 observations from 2162 counties and years 
2002–2015

Variable Mean Std. Dev. Min. Max.

Dependent variable
 SCLProducerCount 0.70 2.20 0.00 38.00

Insurance data
 OptionalUnit 0.44 0.25 0.00 1.00
 RevenueInsurance 0.64 0.29 0.00 1.00
 CoverageLevel 0.67 0.07 0.50 0.85
 AcresInsured 92.14 110.19 0.00 1740.84

Profit data
 NetIncome − 0.19 0.43 − 6.42 13.74

Yearly weather data
 Dday30C 16.00 17.98 0.00 170.23
 Drought 0.73 0.61 0.00 3.62
 Wetness 1.02 0.78 0.00 3.78

Other Monthly weather data
 Apr_prec 0.89 0.55 0.01 5.85
 May_prec 1.04 0.61 0.00 5.55
 Jun_prec 1.07 0.61 0.00 7.28
 Jul_prec 0.95 0.56 0.00 4.52
 Aug_prec 0.90 0.56 0.00 5.01
 Sep_prec 0.85 0.61 0.01 5.36
 Oct_prec 0.79 0.56 0.01 5.53
 Apr_tMin 5.57 4.42 − 8.38 20.94
 May_tMin 10.90 4.05 − 1.42 23.53
 Jun_tMin 16.07 3.62 3.34 24.98
 Jul_tMin 18.17 3.16 6.80 28.68
 Aug_tMin 17.33 3.48 5.17 27.65
 Sep_tMin 13.19 3.92 0.46 25.09
 Oct_tMin 6.70 4.12 − 5.48 21.56
 Apr_tMax 19.29 4.76 1.54 34.33
 May_tMax 24.04 3.88 11.38 37.88
 Jun_tMax 28.78 3.43 17.88 42.16
 Jul_tMax 30.95 2.94 21.08 43.66
 Aug_tMax 30.34 3.17 20.24 43.59
 Sep_tMax 26.71 3.39 16.39 40.52
 Oct_tMax 19.88 4.57 5.13 36.18
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where Xit−1 is a vector of explanatory variables including the year fixed effects.24 
The term αi is the county fixed effect to control for the time-invariant county-level 
unobserved heterogeneity. For example, similar claim filing practices may be com-
mon in a county, since producers’ attitudes can be influenced by peers and neigh-
bours within the same county.25 Finally, εit denotes an idiosyncratic error term. 
The linear model does not take into account the count data generating process and 
the fact that the dependent variable is left-censored. However, it requires the least 
assumptions among the three models we estimate.

The second model we estimate is the fixed effects Poisson model, which accom-
modates the first two features of our data discussed above. More specifically, in this 
model we assume yit follows the Poisson probability density distribution,

where �it−1 = exp
(
X�
it−1

Θ
)
 . A nice feature of the Poisson model is that Wool-

dridge (1999) shows that estimates from the Poisson maximum likelihood esti-
mation (MLE) are consistent as long as the conditional expectation assumption 
E
(
yit
||Xit−1, �i

)
= �i exp

(
X�
it−1

Θ
)
 holds.

As a result, the fixed effects Poisson model requires fewer assumptions than other 
alternatives. In contrast, another popular count data model, the fixed effects negative 
binomial (NB) model (Hausman et al. 1984), requires the full distributional assump-
tion for the estimates to be consistent.

Finally, to accommodate all three data features at the same time, we employ the 
random effects Poisson model with censoring. In this model, the probability func-
tion for the observed dependent variable yit (i.e., the censored number of producers 
on the SCL) is

where y∗
it
 is the latent dependent variable (i.e., the true number of producers on the 

SCL) left-censored at L. In this case,

Therefore, assuming the independence between observations conditional on 
covariates and unobserved heterogeneity, the likelihood function for all observations 
from county i is

f
(
yit
||�it−1, �i

)
=
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(
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)
⋅
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)yit
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,
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)
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(
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= 0, 1… , orL||Xit−1;Θ, �i

)
ifyit ≤ L,
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= yit

||Xit−1;Θ, �i
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Pr
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yit ≤ L|Xit−1;Θ, �i

)
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(
0|Xit−1;Θ, �i

)
+ f

(
1|Xit−1;Θ, �i

)

+⋯ + f
(
L|Xit−1;Θ, �i

)
= g

(
L|Xit−1;Θ, �i

)
.

24 Note that the explanatory variables (X) pertains to year t − 1 since the SCL for year t is determined 
using data through December of year t − 1. For example, the SCL in year t = 2018 is finalised some time 
in April 2018 and is determined by using data through December 2017.
25 For example, an “every one does it” attitude may result in a higher potential risk of fraud, waste, and 
abuse.
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where dit = 1 if yit > L, dit = 0, otherwise.
Assuming that the unobserved heterogeneity αi follows a distribution h(αi), we 

can further derive the likelihood function conditional only on the observed covari-
ates as,

In order to approximate the integral in (3), we further assume that the unobserved 
heterogeneity αi follows a log-normal distribution with log mean µ and log variance 
�2
(
i.e., �m

i
= exp

(
� + �um

i

))
 and draws um

i
,m = 1, 2,… ,M randomly from a stand-

ard normal distribution based on Halton sequences.26 Then we maximise the follow-
ing log-likelihood function,

where N is the number of counties in our data set.
Furthermore, there could be both spatial and temporal correlation among the 

residuals that need to be accounted for. To account for the potential bias in standard 
errors from these dependencies, we employ an (overlapping) block bootstrapping 
procedure based on contiguous counties.27 To do this, we randomly choose a county 
with replacement and then select all yearly observations from this county and all of 
its contiguous counties.28
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26 For further discussion on Halton draws, see Cappellari and Jenkins (2006), Haan and Uhlendorff 
(2006), and Train (2003).
27 This allows for dependence within a contiguous group but assumes non-contiguous counties are inde-
pendent or weakly dependent. For an introductory survey on block bootstrap approaches, see Hall et al. 
(1995).
28 We will also examine the sensitivity of our results using alternative clustering procedures (e.g. one-
way/two-way clustering, spatial heteroscedasticity and autocorrelation consistent (HAC) approach, and 
block bootstrap at the state level) and discuss them in the robustness check section below.
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Endogeneity

The second challenge we face in our empirical analysis is that several of the explan-
atory variables are potentially endogenous. First, the county-level percentage of 
acres insured as optional units is likely to be endogenous, since there may be unob-
servable latent variables that influence both this variable and the dependent vari-
able yit (i.e., the number producers on the SCL). For example, if on-site inspections 
were heavily enforced in the preceding year, but differently among acres insured 
under unit structures (e.g., focused on acres insured as optional units), then in the 
current year, producers may be less likely to insure acres as optional units, and the 
number of producers on the SCL may also be affected. Similarly, average coverage 
level, percentage of acres insured under revenue-based policies, and number of acres 
insured are also likely to be endogenous as they are all decision variables by the pro-
ducers. In addition, the net income variable depends on farmers’ decisions for input 
expenditure and hence is also potentially endogenous.

To correct for the potential bias caused by endogeneity, for the linear panel data 
fixed effects model we use the two-stage least squares (2SLS) estimator. For the 
other two non-linear models we employ the control function approach (Hausman 
1978; Wooldridge 1997, 2014; Terza et al. 2008). More specifically, the first stage 
of the control function approach is the same as that of 2SLS where each endogenous 
variable is regressed on the exogenous variables in the model and a set of instru-
mental variables. After estimation, the residual is retained. In the second stage of 
the control function approach, the residuals from all first-stage regressions for the 
endogenous variables are included in the main regression as additional explanatory 
variables. Terza et al. (2008) show that in a non-linear framework the control func-
tion estimator is consistent, while the non-linear 2SLS approach is not. The intuition 
of the control function approach is that it divides the variation in each endogenous 
variable into two parts. The first one is the portion of the variation explained by 
the set of exogenous and instrumental variables. The second one is the remaining 
variation and source of endogeneity. By including the residual from the first-stage 
regression in the main model, the remaining variation in the endogenous variable 
can be regarded as exogenous. The bootstrapping approach also corrects for the bias 
in standard errors from the second-stage estimations in both the 2SLS and the con-
trol function approaches.29

To implement the control function approach, we created several instrumental var-
iables. USDA-RMA’s publicly available county-level crop insurance experience data 
(i.e., the Summary of Business) report the amounts of subsidised premiums for poli-
cies with different characteristics. We divided all the policies in the data into eight 
groups along the following three dimensions: optional versus non-optional units, 
low (below 70%) versus high (from 70 to 85%) coverage levels, and revenue-based 
versus yield-based policies. We then created eight per-acre subsidy variables for the 
eight groups, one for each group. But in the estimation below, we only use six (first-
lagged) variables because two combinations (the combination of optional units, low 

29 For details, see Guan (2003).
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coverage level, and revenue-based policies, and the combination of optional units, 
high coverage level, and yield-based policies) have relatively smaller numbers of 
observations and using them would result in a significant loss of observations. Due 
partly to the fact that insurance premiums in a county are determined by the loss 
cost ratio (i.e., indemnities/liabilities) history of the county and subsidy amounts are 
percentages of the premiums, there are both temporal and county-level variations in 
the per-acre subsidy variables. Table 5 presents the summary statistics for the per-
acre subsidy variables. The amounts of subsidies for different kinds of policies influ-
ence which type of policies producers purchase and hence the county-level percent-
age of acres insured as optional units, the average coverage level and the percentage 
of acres insured under revenue rather than yield-based policies. Also, the overall 
increase and decrease of the subsidies affect how many acres are insured. On the 
other hand, it is unlikely for the subsidies to have a direct effect on the number of 
producers on the SCL.

The second set of instruments we use is the lagged weather variables. The 
weather instruments include both the linear and quadratic precipitation and tempera-
ture variables. They are expected to capture the second-order effects of weather con-
ditions on the endogenous variables above. We also note that when farmers choose 
insurance policies and make decisions on inputs in the current year, their decisions 
may be influenced by their experiences in the previous year, especially the weather 
conditions. On the other hand, it is unlikely that weather conditions of the past year 
would affect producers’ claims filing behaviour and hence the number of producers 
on the SCL in the current year.

Results

We first estimated the three econometric models, assuming that all explanatory vari-
ables are exogenous. The coefficient estimates are reported in Table 6. The regres-
sions for the fixed effects linear and Poisson models include all variables listed in 
Table 4 except for the monthly weather data.30 The year dummies are also included, 
but the coefficients for year dummies are omitted for brevity. On the other hand, to 
avoid computational difficulties, the regression for simulated maximum likelihood 
estimation (MLE) does not include year dummies. The full results are reported in 
Table A.1 in the Online Appendix. In addition, to make the results from the three 
models comparable with one another, using the estimates, we further computed the 
semi-elasticity of the dependent variable with respect to each explanatory variable, 
that is, � ln�( yit|⋅)

�xit−1
 , where xit−1 is one explanatory variable. For the linear fixed effects 

model, the semi-elasticities and the coefficient estimates are different, while the two 
are the same for the other two models. The semi-elasticity has the interpretation as 
the effect of one unit increase in xit on the percentage change in E(yit). All standard 

30 Specifications with only the monthly weather variables or some of the monthly and yearly weather 
variables are explored in the robustness check section.
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errors are obtained by the (overlapping) block bootstrap procedure based on the con-
tiguous counties as discussed in the section “Estimation”.

As we can see from the table, the results are, in general, robust across differ-
ent models in terms of the signs of the coefficient estimates. However, the magni-
tudes and statistical significance of the estimates do differ somewhat across differ-
ent models. As the simulated ML estimator takes into account all three of the main 
features of our data set, we focus our discussion on results from this model. First, a 
1% increase in the percentage of acres insured as optional units increases the num-
ber of producers on the SCL by 0.62%. Second, when the average coverage level in 
a county increases by 1%, the number of producers on the SCL in the county will 
increase by 5.12%. Third, the percentage of acres insured under the revenue-based 
rather than yield-based policies is estimated to have a negative and statistically sig-
nificant effect on the number of producers on the SCL. Fourth, a 1000 increase in the 
number of acres insured increases the number of producers on the SCL by 0.35%. 
This result implies that the incidence of anomalous claims behaviour increases with 
the number of acres insured.

With regard to other factors, our results show that net income has a negative 
effect on anomalous claims behaviour. When the net income for the county increases 
by USD 100 million, the number of producers on the SCL decreases by 15.7%. 
Our results also reveal that extreme weather events in a particular period increase 
anomalous claims behaviour. Specifically, the more severe or extreme weather that 
producers encounter during April-October, the higher the number of producers on 
the SCL. Most of these extreme weather variables are statistically significant at the 
1% or 5% level. These findings provide strong evidence that unfavourable weather 
conditions lead to more anomalous claims behaviour. Insured producers seem to be 
taking advantage of these adverse weather conditions as the backdrop to submitting 
anomalous claims (since it is harder for non-legitimate claims to be identified in this 
situation).

Table 5  Summary statistics for the per-acre subsidy variables from 2002 to 2015

Variable Obs. Mean Std. Dev. Min. Max.

Optional + Low Level + Revenue 24,701 18.053 10.972 0.562 174.050
Optional + Low Level + Yield 26,113 15.184 17.480 0.832 312.778
Optional + High Level + Revenue 25,996 25.836 13.463 4.227 184.789
Optional + High Level + Yield 23,218 25.233 40.221 2.562 1211.684
NonOptional + Low Level + Revenue 26,429 15.765 9.750 1.199 108.333
NonOptional + Low Level + Yield 28,912 9.427 19.937 0.338 901.853
NonOptional + High Level + Revenue 27,133 25.591 14.410 2.867 169.497
NonOptional + High Level + Yield 25,397 24.642 46.502 1.857 1311.519
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Correcting for endogeneity

We then re-estimated the three models above using the 2SLS or the control function 
approach to correct for the possible bias from the potentially endogenous variables. 
In the first stage of the 2SLS or the control function approach, each endogenous 
variable is regressed on the instrumental variables (the six lagged subsidy variables 
and lagged weather variables in our context) and the exogenous variables in our 
main model. Results from the first-stage regressions are provided in Table A.2 in the 
Online Appendix. As we can see from this appendix table, by and large, the instru-
mental variables appear to be associated with the potentially endogenous variables 
with the expected signs and they are statistically significant. For example, higher 

Table 6  Estimation results ignoring endogeneity

Parentheses: standard errors block bootstrapped based on the contiguous counties from 100 bootstrap 
samples (25 bootstrap samples in the case of simulated MLE)
Parameter estimates for year dummies and constant are omitted for the sake of brevity. See the Online 
Appendix Table A.1 for full estimation results
FE fixed effects
***p <0.01, **p <0.05, *p <0.10

Dependent variable: number of SCL producers

FE Linear FE Poisson Simulated MLE

Coefficient Semi-elasticity

Insurance data
 OptionalUnit 0.186 0.267 0.951*** 0.618***

(0.199) (0.285) (0.311) (0.101)
 CoverageLevel 5.00*** 7.178*** 12.929*** 5.115***

(1.376) (1.975) (2.093) (0.403)
 RevenueInsurance − 0.252 − 0.361 − 0.286 − 0.635***

(0.267) (0.384) (0.354) (0.127)
 ln(AcresInsured) 0.231*** 0.332*** 1.571*** 0.348***

(0.84) (0.121) (0.252) (0.024)
Profit data
 NetIncome − 0.317 − 0.455 − 0.328*** − 0.157***

(0.201) (0.289) (0.144) (0.048)
Yearly weather data
 Dday30C 0.007*** 0.010*** 0.011*** 0.003***

(0.003) (0.004) (0.003) (0.001)
 Drought 0.163*** 0.233*** 0.212*** 0.062**

(0.057) (0.081) (0.058) (0.030)
 Wetness 0.071* 0.101* 0.069 0.033

(0.038) (0.055) (0.046) (0.021)
Obs. 29,799 29,799 15,145 29,799
Counties 2162 2162 1083 2162
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per-acre subsidy for the optional units leads to an increase in the percentage of acres 
insured as optional units. On the contrary, per-acre subsidy for non-optional units 
shows the opposite effect on the percentage of acres insured as optional units. Table 
A.2 also reports the F statistics for the null hypothesis that the coefficients of the 
instrumental variables are jointly equal to zero. All of these first-stage F statistics 
have very small p-values and we can reject the null hypothesis that our instrumental 
variables are weak.

Results from the second stage of 2SLS or the control function approach are 
reported in Table 7 with the associated semi-elasticities for the fixed effects linear 
model.31 Again, the results are robust across different models in terms of the signs 
of the coefficient estimates. Therefore, we again focus our discussion on the results 
from the simulated ML estimator reported in Table 7. Compared with the results in 
Table 6, we note that our main results are robust with respect to whether endogene-
ity is controlled for or not in terms of the signs and statistical significance of the 
coefficient estimates. The coefficient magnitudes, however, do somewhat differ for 
all variables.32 For example, a 1% increase in the average coverage level, and a 1000 
increase in the number of acres insured, increase the number of producers on the 
SCL by 6.01% and 0.39%, respectively. A 1% increase in the proportion of optional 
unit acres also increases the number of SCL producers in the county by 4.45%. On 
the other hand, a 1% increase in the percentage of acres insured with revenue-based 
policies (rather than yield-based policies) decreases the number of producers on the 
SCL by 1.24%. In addition, the results in Table 7 show a larger effect of county-level 
net income on anomalous claims behaviour. It is estimated that when the net income 
for the county increases by USD 100 million, the number of producers on the SCL 
decreases by 19.1%. These results show that it may be important to correct for bias 
from potential endogeneity when estimating the effects of insurance contract vari-
ables on anomalous claims behaviour. Finally, with regard to the effects of adverse 
weather, our results from Table 7 again show that extreme weather events in a par-
ticular period are associated with more anomalous claims behaviour.

Robustness checks

First, we examine the sensitivity of our model results when alternative clustering 
procedures are used to calculate standard errors. In this robustness check we still 
use the same empirical specification used in the main results section, except that 
we employ different clustering procedures for calculating the standard errors. In 
particular, for the FE linear model that ignores endogeneity we report spatial HAC 
standard errors that account for both spatial and serial dependence, as developed in 

31 The full results for Table 7 are reported in Table A.3 in the Online Appendix.
32 The FE linear and Poisson models generally produce larger coefficients when potential endogeneity is 
controlled for, compared to when potential endogeneity is ignored. But note that the magnitudes of the 
coefficient estimates from the simulated MLE model are fairly similar when endogeneity is accounted for 
and when it is not.
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Conley (1999, 2008), Hsiang (2010), and Fetzer (2014). In this case, we use a dis-
tance threshold of 250/500 km33 and a 14-year time lag. We also report more con-
servative standard errors by clustering at both the county and state-year level. For 
the FE Poisson and simulated MLE models, we present block bootstrapped standard 
errors at the state level.34 Using block bootstrapping at the state level generally leads 

Table 7  Estimation results correcting for endogeneity

Parentheses: standard errors block  bootstrapped based on the contiguous counties from 100 bootstrap 
samples (25 bootstrap samples in the case of simulated MLE)
Parameter estimates for residuals from the first-stage estimation, year dummies, and constant are omitted 
for the sake of brevity. See the Online Appendix Table A.3 for full estimation results
CF control function approach
***p <0.01, **p <0.05, *p <0.10

Dependent variable: Number of SCL producers

FE linear (2SLS) FE Poisson Simulated MLE

Coefficient Semi-elasticity (CF) (CF)

Insurance data
 OptionalUnit 1.416 1.524 1.770* 0.445**

(1.223) (1.316) (0.928) (0.182)
 CoverageLevel 25.484*** 27.431*** 23.166*** 6.006***

(6.648) (7.156) (6.308) (0.462)
 RevenueInsurance − 1.838 − 1.978 − 1.032 − 1.235***

(1.613) (1.736) (1.454) (0.214)
 ln(AcresInsured) 1.010 1.088 2.533** 0.390***

(1.076) (1.159) (1.030) (0.034)
Profit data
 NetIncome − 1.270** − 1.367** − 0.764 − 0.191**

(0.638) (0.687) (0.690) (0.085)
Yearly weather data
 Dday30C 0.007 0.007 0.011** 0.006***

(0.005) (0.006) (0.006) (0.001)
 Drought 0.229*** 0.247*** 0.210*** 0.046

(0.069) (0.074) (0.063) (0.032)
 Wetness 0.061 0.065 0.053 0.027

(0.049) (0.053) (0.048) (0.022)
Obs. 19,387 19,387 11,793 19,387
Counties 1884 1884 970 1884

33 As discussed in Fetzer (2014), it is assumed that spatial correlation is linearly decreasing in the dis-
tance from county centroids up to a threshold distance (e.g. 250 or 500 km).
34 We also examined a block bootstrapped approach at the “state-year” level (e.g. 2-year length, 3-year 
length, or 5-year length). The implications from those results are similar to the block bootstrapped mod-
els at the state level. These results are available from the authors upon request.
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to less statistically significant coefficient estimates compared to other less conserva-
tive clustering procedures. In our case, this is mainly because the bootstrapping pro-
cedure is only based on about 45 blocks (one state being a block).

To summarise, in Table A.4 in the Online Appendix we present robustness check 
results for the case where endogeneity is ignored and where standard errors are cal-
culated based on the following alternative clustering procedures: (i) FE linear model 
using the one-way clustering at the county, two-way clustering at the county and 
state-year level, and the spatial HAC approach; (ii) FE (fixed effects) Poisson model 
using the simple bootstrap at the county level and block bootstrap at the state level; 
and (iii) simulated MLE using the simple bootstrap at the county level and block 
bootstrap at the state level. In Table A.5 in the Online Appendix we provide the 
robustness check results when endogeneity is addressed using 2SLS and control 
function approaches and using all the alternative clustering procedures enumerated 
above (with the exception of the spatial HAC).

Not surprisingly, we find that using a smaller number of clusters when calculat-
ing standard errors leads to larger standard error magnitudes and consequently less 
statistical significance in the key variables (See Tables A.4 and A.5  in the Online 
Appendix). Nonetheless, we note that unit structure, coverage level, acres insured, 
net income, extreme heat (i.e., Dday30C), and drought variables are consistently sta-
tistically significant across these alternatives. In particular for the preferred simu-
lated MLE models, the key insurance variables are strongly statistically significant 
at the 1% significance level, regardless of the approach to inference.

Moreover, in Table A.4 (second column) in the Online Appendix  we also 
explored the sensitivity of our results when including an interaction term between 
coverage level and unit structure.35 For the FE linear model using one-way clustered 
standard errors, the interaction term was not statistically significant even though this 
standard error calculation procedure tends to already produce the smallest standard 
errors (and hence more statistical significance). Although not presented here, this 
interaction term is also statistically insignificant when using all the other estimation 
and standard error calculation procedures. This is the main reason why this interac-
tion term was not included in the main specification above.

Second, we conduct robustness checks to examine the sensitivity of our results 
when two alternative weather specifications are used in the empirical model: (i) only 
using monthly temperature and precipitation variables (i.e., instead of the 3 yearly 
weather variables in the main specification);36 and (ii) a combination of the yearly 
and monthly extreme weather variables.37 In this robustness check we only present 
the results from the FE linear and Poisson models, because the simulated MLE suf-
fers from convergence issues when we use the monthly weather variables. Tables 

35 A referee suggested this specification, since crop insurance subsidy rates may vary by both coverage 
level and unit structure. We are grateful for this suggestion.
36 In these empirical specifications we include quadratic precipitation and temperature terms, in addition 
to the linear terms of these variables.
37 We use the Drought/Wetness variables from yearly weather conditions and tMin/tMax variables from 
the set of monthly weather measures. In this specification we only consider the linear temperature terms.
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A.6 and A.7 in the Online Appendix report the main results from each alternative 
specification of the weather variables. We note that in terms of the signs and statisti-
cal significance of the coefficient estimates our main findings are robust to the dif-
ferent empirical weather specifications explored.

Lastly, Table A.8 in the Online Appendix presents the robustness check results 
when using alternative coverage level cut-offs in constructing the subsidy instru-
ments used in the procedures that address endogeneity. In the main specification we 
used a 70% coverage level cut-off for the subsidy instruments (i.e., “low” for below 
70%, and “high” for 70% to 85%). In this robustness check we consider three alter-
native cut-offs: (i) 65%, (ii) 75%, and (iii) the median coverage level of the county. 
We find that the signs of the coefficient estimates are still consistent with those in 
the main specification (See Online Appendix Table A.8). On the other hand, due 
mainly to the fact that more observations are dropped in these estimations compared 
to the case with 70% coverage level used as the cut-off, there are generally fewer 
statistically significant coefficient estimates in these cut-off robustness checks com-
pared to the main results above.38 Nevertheless, the key contract element and grow-
ing condition variables that are statistically significant in the main results section are 
still mostly significant under alternative subsidy cut-off levels.

Conclusions

This study empirically examines whether certain crop insurance contract elements 
and growing conditions influence the occurrence of anomalous claims behaviour 
in the U.S. crop insurance programme. “Anomalous claims behaviour” is meas-
ured here using the number of producers included in the SCL for a county. These 
SCL producers are identified based on claims behaviour that is not consistent with 
other producers in a county who produce the same crop and use the same practices 
(i.e., hence they are deemed “anomalous”). County-level variables representing 
contract elements and growing conditions are merged together with the SCL data 
to construct a county-level panel data set that is used to achieve the study objec-
tive. Several econometric procedures are then implemented to accommodate several 
unique features of this county-level data set (e.g. the count nature and censoring in 
the dependent SCL variable, potential endogeneity of the independent variables, and 
spatial/temporal correlations), which consequently allows more precise parameter 
estimates.

Our results provide strong evidence that several contract components chosen by 
producers strongly affect the extent of anomalous claims behaviour in a county. For 
instance, as the percentage of acres insured as optional units increases, the number 
of SCL producers in a county also increases. Our analyses also show that average 

38 For example, the number of observations in the case of 70% cut-off in the FE linear model (or FE 
Poisson) is 19,387 from 1884 counties (11,793 from 970 counties). However, it is reduced to 14,996 
from 1593 counties (9511 from 850 counties) in the case of using county median-based cut-off. This is 
because quite a few observations are at the median level.
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county-level coverage levels and the total number of insured acres in a county are 
also positively related to the number of SCL producers (and consequently the degree 
of anomalous claims behaviour in a county). These contract elements strongly related 
to anomalous claims behaviour provide indication of potential underwriting vulner-
abilities that may merit further investigation and study. The adverse claims behaviour 
that is likely due to optional unit choice suggests that the premium “surcharge” for 
insuring optional units may not be adequate. There is a need for an updated analy-
sis akin to the approach in Knight et  al. (2010) but utilising more recent data that 
account for the higher enterprise unit subsidies implemented in the 2008 Farm Bill. 
Re-examining the coverage-level relativities used in establishing premiums for yield- 
and revenue-based policies may also be appropriate given the finding that cover-
age level choices have an impact on anomalous claims behaviour. Moreover, these 
potential underwriting vulnerabilities may also be utilised to improve the compliance 
efforts of RMA. Producers already in the Spot Check List with high coverage levels 
(say 80–85%), many optional units, yield-based policies, and large acreage may auto-
matically be flagged such that on-site inspections for these insureds will be required.

The growing condition results, where anomalous claims behaviour tends to 
increase during general downturns in the agricultural economy and during extreme 
weather events, imply that use of more compliance resources during these periods 
would also be appropriate. More on-site and in-season inspections for SCL produc-
ers during economic downturns and in areas with widespread adverse weather events 
may be a good use of compliance resources. In addition, it may also be reasonable 
to “cast a wider net” in terms of the number of producers to include in the SCL for 
years with economic downturns and areas with widespread adverse weather, given 
that our findings suggest that insureds may be taking advantage of these adverse 
conditions to possibly misrepresent claims.

Finally, although our research has provided an initial first step in understanding 
factors that are correlated with anomalous claims behaviour (and potential fraud, 
waste, and abuse) in crop insurance, there are still a number of directions for future 
research. An analysis using individual-level administrative data would be a poten-
tially fruitful avenue for future research. In addition, a crop-specific evaluation of 
factors that influence anomalous claims behaviour (using individual or county-
level data) would be useful. Third, given the recommendations above for increased 
inspections and auditing, another topic for future research is to examine how RMA 
inspections and auditing strategies actually affect anomalous claims behaviour.
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