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ABSTRACT 

This dissertation consists of three research papers that analyze the decision-making and 

preferences of agricultural producers within the United States in relation to economic incentives, 

climate, weather and drought conditions. The first paper focuses on exploring Arizona beef 

producers’ willingness to join an alliance and preferences for vertical integration through 

alliances. The second paper aims to quantify the percent of cropland acreage in a county planted 

to cotton as a result of subsidized crop insurance. The last paper proposes to quantify the 

combined effect of insurance incentives, price change expectations, irrigation, climate, weather 

and drought conditions leading to the farmer’s decision to abandon all or part of their planted 

acres. 

CHAPTER 1: INTRODUCTION 
Background 

For any producer involved in farming and or ranching, the main objective would be to make a 

profit when engaged in agricultural activities. The choices and decisions made are largely 

motivated by the desire to maximize profits assuming that all producers are rational. Some 

industries and/or activities present more challenges compare to others.  

Since the late 1970s, the U.S. beef industry has faced several challenges, including a 

substantial decrease in beef consumption and loss of market share to poultry has steadily 

occurred from 1975 to 2016 (LMIC 2017) and loss of market share to poultry due to factors that 

include relative prices and changes in consumer preferences and tastes (Gillespie et al., 2006; 

Mulrony and Chaddad, 2005; Schroeder and Mark, 2000; Schroeder, Marsh, and Mintert, 2000). 

Health concerns associated with eating red meat and offering differentiated and more desirable 
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products that meet consumers’ new expectations relative to their tastes and preferences are also 

an issue for the beef industry (Gillespie et al.; Purcell and Hudson, 2003; Schroeder and 

Kovanda, 2003). Many authors (Gillespie et al. 2006; Purcell and Hudson 2003; Schroeder and 

Kovanda 2003; Tronstad and Unterschultz 2005) have suggested strategic alliances as a way 

through which the lack of coordination in the beef industry could be overcome. Strategic 

alliances would help the competitive position of the beef industry by providing products that are 

more fully customized by better accounting for consumer tastes and preferences. In addition, 

cow-calf producers could benefit from strategic alliances since they would have new 

opportunities in terms of market channels, prices, and better access to information leading to 

improved decisions that would lead to greater profits (Gillespie et al. 2006). The first paper 

addresses the decision making process of Arizona cow-calf producers to join an alliance and 

their attribute choice preferences after joining an alliance. 

Given the nature of agricultural production where the expected yields and revenue are 

influenced by several factors including price changes, weather, and drought, famers are always 

facing risks and uncertainty when making their farming decisions (crops to plant, technology to 

use, crop insurance, etc). Crop insurance has received a fair bit of attention not only by 

politicians but also by agricultural economists. Babcock (2011) argues that returning to the 

subsidy structure for crop premiums prior to the 2000 Agricultural Risk Protection Act (ARPA) 

would save upwards of $2 billion. Several studies suggest that insurance has induced farmers to 

grow crops in riskier areas, possibly to the detriment of the environment, and others have found 

that crop insurance has created incentives for farmers to plant more acres, especially in more 

risky areas. Variation in production regimes across the Cotton Belt and the possibility for cotton 

to grow in arid and semi-arid regions, makes this a good crop to evaluate the extent that an 
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acreage response may occur from subsidized crop insurance. The second paper investigates the 

influence of insurance subsidies on the producer’s decision to plant more cotton acres. 

Like other crops, cotton is also facing the phenomenon of abandonment. The incentives 

surrounding the abandonment of cotton acreage is under investigated even though it is important 

research subject (Chen & Miranda, 2007; Mulungu & Tembo, 2015). Incentives to abandon 

acreage depend on complex interactions between climate and weather, crop insurance, irrigation, 

changing price expectations between planting and harvest, etc. Building upon prior studies, the 

third paper aims to investigate and explore the combined effect of the above variables on the 

producer’s decision to abandon their cotton crop. 

Research Questions and Methodology 

The first paper (Appendix A) quantifies the significance and monetary value that Arizona cow-

calf producers place on different information flows and alliance attributes for a coordinated beef 

alliance. Another goal is to present a methodology for quantifying individual and joint attributes 

conditional on prior answers using our proposed bivariate nested panel probit framework. Given 

that many online survey platforms have the capacity to take respondents on different paths 

conditional on prior answers, the nested bivariate framework presented in this study provides an 

alternative to more traditional exhaustive multiple choice and multinomial models. Using a 

nested bivariate panel probit model, I quantify the perceived attribute values (PAV) that beef 

producers place on different information flows and alliance attributes. This framework allows us 

to quantify the monetary value of individual rather than a fixed sets of attributes. 

The second paper (Appendix B) quantifies the percentage of cropland acreage in a county 

planted to cotton as a result of subsidized crop insurance using the years of 1996 to 2016. A 

simultaneous model of insurance participation and the percent of cotton planted in counties 
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across the U.S. Cotton Belt. County level data is utilized for a time period when producers had 

initially faced higher subsidy levels than ever before with planting flexibility. In addition, factors 

like Bt cotton, support prices, competing crop prices, and other factors are considered so that 

more defensible policy conclusions can be drawn. 

The third paper (Appendix C) conducted an empirical analysis of farmers’ decision-

making leading to cotton acreage abandonment. Using a balanced panel data from 79 counties 

with complete data on variables considered within the U.S. Cotton Belt over 28 years, this 

empirical analysis explores to what extent irrigation, crop insurance participation, price change 

during the growing season, drought, and extreme weather explain crop abandonment rates. A 

recursive approach was implemented and a fixed effects spatial autoregressive model to the 

study the combined effect of the above variables on the producer’s decision to abandon their 

cotton crop, building upon prior studies. 

Contribution  

Following The University of Arizona Graduate College and the Arid Lands Resource Sciences 

PhD Program policy guidelines that require the inclusion of published or publishable papers, this 

dissertation is presented in the format of one published paper and two publishable papers. Even 

though, these papers are presented individually, they are linked by the broad theme of 

agricultural producers’ decision-making and preferences as described in the previous sections.  

The journal paper (Appendix A) on Beef Producer Alliance Preferences was part of my 

graduate research associateship job and was published in the Journal of Agricultural and 

Resource Economics. While the literature research, data manipulation, analysis, and writing are 

entirely my work, my co-authors Dr. Russel Tronstad and Dr. Satheesh Aradhyula suggested, 
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guided and helped with the structure of the econometric modelling of the paper, and edited the 

draft. 

The second paper (Appendix B) on Cotton Acreage Response to Subsidized Crop 

Insurance was also part of my graduate research assistantship job and is about to be submitted 

soon for publication in the American Journal of Agricultural Economics. The involvement of my 

co-author Dr. Russell Tronstad was in providing guidance in constructing the model and editing. 

I collected all the data and did all the model estimations. 

The third paper (Appendix C) Spatial and Temporal Patterns of Cotton Acreage 

Abandonment is to be submitted in the near future to the in the American Journal of Agricultural 

Economics. While the literature research, data manipulation and analysis and writing are entirely 

my work, my co-authors Dr. George Frisvold and Dr. Russell Tronstad suggested the structure of 

the paper and edited the draft. 

CHAPTER 2: SUMMARY 

In this chapter, the summaries of the most important finding are provided for each paper. The 

details of the methods, results, and conclusions can be found in the appendices. 

First Paper (Appendix A) 

Results indicate that young producers are most likely to join an alliance, and high participation 

fees are a significant deterrent to joining an alliance. A PAV of $12.64/head is attached to an 

alliance that enforces restrictions on vaccinations and antibiotic use. For small producers, not 

having a required minimum number of animals has a PAV of $9.65/head. 

Results show that producers who collect at least one piece of cost information for their beef 

operation are more likely to join an alliance than those who do not collect any cost information. 

The coefficient estimate of age is negative, suggesting that younger producers are more inclined 

9



to join an alliance under certain conditions. This result is in line with the findings of Steiner et al. 

(2012) in analyzing Canadian beef producers’ willingness to join an alliance. Unlike Steiner et 

al., we also consider BQA producers, and our results indicate that they are much more willing to 

join an alliance compared to those that are not BQA producers. Overall, producers are less 

inclined to choose an alliance with live versus carcass performance data as a type of data sharing. 

Our coefficient estimates for production protocol attributes are highly significant (at the 1% 

level), indicating that these requirements significantly influence producers’ alliance choices. 

Producers are less inclined to join an alliance when a minimum number of animals are required 

and when an alliance does not restrict the use of vaccinations and antibiotics compared to one 

that restricts their usage. This result differs from Steiner et al. (2012), who found that production 

protocol requirements did not significantly influence producers’ beef alliance choices. 

Second Paper (Appendix B) 

Results show that counties with extremely low yields, usually those in rainfed or dryland regions, 

have more response to insurance participation compared to those with very high yields as the 

price expectation goes up. Moreover, counties with extremely low yields respond more to 

changes in expected price than counties with relatively high yields. The estimated acreage 

response from insurance participation is negatively significant for the Southwest and positively 

significant for the Delta. No evidence of an acreage response resulting from insurance 

participation was found for the Southeast and Western regions. The insignificance of all 

variables for the West suggest that the cropping decisions in the irrigated region have not been 

affected much by crop insurance, as also indicated by the relatively low subsidy received per 

pound of production. The negative and significant correlation between insurance participation 
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and the percentage of cotton acres planted in the Delta, Southeast, and Southwest was not 

expected. 

Third Paper (Appendix C) 

The study revealed that insurance participation and severe/extreme drought encourage more 

cotton acreage abandonment in a county while irrigation and precipitation during the spring and 

summer months leads to less abandonment. Unexpectedly, no evidence of a change in percentage 

of the cotton abandonment rate resulting from a price change between planting and harvest time. 

In addition, the evidence of spatial dependence and spatial lag error within neighboring counties 

are shown by the results. Spillover effects for irrigation, insurance participation, precipitation 

and drought variables are found and are significant at 5% level. 

CONCLUSIONS AND FUTURE RESEARCH 

First Paper (Appendix A) 

In conclusion, we use a nested bivariate panel probit model to quantify producers’ willingness to 

join an alliance with various attributes. Results indicate that cow–calf producers have strong 

preferences for certain alliance attributes. These preferences need to be considered when forming 

an alliance. Alliances should target younger producers who participate in BQA certification. 

Cow–calf producers want individual carcass data, but they do not necessarily want to take on the 

risks and costs associated with feeding and slaughter. Given the limited ability of beef 

certification programs to reverse the trend in consumers’ declining share of meat expenditures on 

beef, alliances that target individuals who desire and value more coordinated market signals, 

production protocols, and data sharing should help move the beef industry to a more competitive 

position relative to the pork and poultry sectors. 
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Second Paper (Appendix B) 

Using simultaneous equations for crop insurance participation and the percentage of cropland 

planted to cotton, results show that producers in counties with extremely low yields, usually 

those in rainfed or dryland regions, have more response to insurance participation compared to 

those with very high yields as the price expectation goes up. Moreover, counties with extremely 

low yields respond more to changes in expected price than counties with relatively high yields. 

An important policy implication of this result is that price supports are likely to benefit counties 

more that have relatively greater production risks. Furthermore, higher insurance subsidies lead 

to greater insurance participation and cotton production in relatively riskier counties.  

While a Laspeyres Revenue Index of competing crops was considered for corn, rice, sorghum, 

soybeans and wheat, further research is needed to develop a more precise and quicker reaction to 

competing commodity crops and subsidized crop insurance. In addition, crop insurance subsidies 

have been increasing for all program commodities and not just cotton over the years of 1995 to 

2016.  

Third Paper (Appendix C) 

This paper conducted an empirical analysis farmers’ of decision-making leading to cotton 

acreage abandonment. Using balanced panel data from 79 counties with complete data on 

variables considered within the U.S. Cotton Belt over 28 years, this empirical analysis explores 

to what extent irrigation, crop insurance participation, price change during the growing season, 

drought, and extreme weather explain crop abandonment rates. A recursive approach was 

implemented and a fixed effects spatial autoregressive model to the study the combined effect of 

the above variables on the producer’s decision to abandon their cotton crop, building upon prior 

studies.  
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In this study, a complete panel from unbalanced panel data for the purpose of computational 

simplification was created leading to possibilities of a large loss in efficiency which is not highly 

recommended (Baltagi and Chang, 2000). Due to the limitations of existing software to handle 

unbalanced spatial panel data due to restrictions of the Weight matrices requirements, further 

empirical research is needed in spatial to allow the use of unbalanced panel data and avoid the 

loss of valuable data and information from neighboring counties that don’t have consistent data 

throughout the years. 

Also crop insurance subsidies are increasing not only for cotton but for all program 

commodities as well and given that most of the time producers can have options to switch crops, 

further studies are needed to implement more relevant indexes of competing crops relevant the 

county or region as well for the crop in study.   
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Beef Producer Alliance Preferences
for Vertical Coordination:

A Bivariate Nested Panel Probit Approach

Ibrahima Sall, Russell Tronstad, and Satheesh Aradhyula

Using a nested bivariate panel probit model, we quantify the perceived attribute values (PAV)
that beef producers place on different information flows and alliance attributes. Our framework
allows us to quantify the monetary value of individual rather than fixed sets of attributes. Results
indicate that young producers are most likely to join an alliance, and high participation fees are
a significant deterrent to joining an alliance. A PAV of $12.64/head is attached to an alliance that
enforces restrictions on vaccinations and antibiotic use. For small producers, not having a required
minimum number of animals has a PAV of $9.65/head.

Key words: cognitive survey burden, conjoint analysis, participation fees, perceived attribute value,
stated preferences

Introduction

Since the late 1970s, the U.S. beef industry has faced several challenges, including a substantial
decrease in per capita beef consumption, from 88.2 lb in 1975 to 55.5 lb in 2016, and loss of
market share to poultry. Over the same period, per capita consumption of pork increased modestly,
from 43.0 lb to 50.0 lb, and per capita consumption of chicken more than doubled, from 39.4 lb to
89.6 lb (Livestock Marketing Information Center, 2017). Although beef prices have been relatively
favorable for cow–calf producers in recent years, beef’s share of total U.S. meat expenditures over
1975–2016 dropped from 60.5% to 46.4%, while pork increased slightly (from 26.1% to 26.3%) and
poultry increased substantially (from 13.4% to 23.8%).

Reduced beef consumption relative to poultry consumption can be explained by factors that
include relative prices and changes in consumer preferences and tastes (Gillespie et al., 2006;
Mulrony and Chaddad, 2005; Schroeder and Mark, 2000; Schroeder, Marsh, and Mintert, 2000).
Health concerns associated with eating red meat and offering differentiated and more desirable
products that meet consumers’ new expectations relative to their tastes and preferences are also
an issue for the beef industry (Gillespie et al.; Purcell and Hudson, 2003; Schroeder and Kovanda,
2003). Relative improvements in the quality and consistency of chicken compared to beef products
are also cited as important contributing factors (Purcell, 2000, Schroeder, Marsh, and Mintert).
Additionally, increases in production efficiency and reductions in marketing costs through greater
vertical coordination for poultry and pork than for beef have allowed these industries to be more
price competitive (Gillespie et al.).

Ibrahima Sall is a PhD candidate and graduate research associate in the Arid Lands Resource Sciences Interdisciplinary PhD
Program, Russell Tronstad is a distinguished outreach professor and specialist in the Department of Agricultural and Resource
Economics, and Satheesh Aradhyula is an associate professor in the Department of Agricultural and Resource Economics,
all at the University of Arizona.
We are most grateful to Bodo Steiner for providing us with sets of questionnaires used in this study and to anonymous
reviewers for providing helpful insights and comments.

Review coordinated by Darren Hudson.
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In contrast, the beef industry is characterized by a lack of coordination between its stages
of production, making it difficult to convey consumer preferences from the retail marketplace to
each link in the production chain (Lamb and Beshear, 1998). Ward (2004, p. 1) argues that “this
segmentation potentially creates impediments to the efficient flow of information up and down
the production-marketing channel.” Following Peterson, Wysocki, and Harsh (2001), we recognize
that a continuum of vertical coordination can exist, with spot markets and vertical integration on
the extremes and alliances between these endpoints. In moving to vertical integration, the nature
of control changes from predominantly ex ante to ex post; centralized control rather than single
ownership is necessary for vertical integration. Although some studies have quantified producer
alliance preferences in the pork industry (Roe, Sporleder, and Belleville, 2004) and vegetable
(Vassalos et al., 2016), no such studies exist for the U.S. beef industry. Mulrony and Chaddad (2005)
note that this is a needed area of research.

This study quantifies the significance and monetary value that participants place on different
information flows and alliance attributes for a coordinated beef alliance. Another goal is to present
a methodology for quantifying individual and joint attributes conditional on prior answers using our
proposed bivariate nested panel probit framework. Given that many online survey platforms have
the capacity to take respondents on different paths conditional on prior answers, our nested bivariate
framework provides an alternative to more traditional exhaustive multiple choice and multinomial
models. By restricting the number of combinations each respondent sees, our framework limits
the cognitive burden placed on survey participants (Akaichi, Nayga, and Gil, 2013). While we use
most of the same questions as Steiner et al. (2012) to assess producers’ alliance preferences, we
use a nested bivariate panel probit model to quantify the value of individual attributes rather than
multinomial logit estimates of some predefined attribute combinations.

Our first stage uses producer characteristics to quantify producers’ willingness to join an alliance.
The second stage quantifies attribute preferences of those producers willing to join an alliance. Our
second-stage questions are identical in their variations and attribute levels to those in Steiner et al.
(2012). However, unlike Steiner et al., we estimate this stage as a panel probit rather than as a single
cross-sectional equation because each producer was asked to choose between two different sets of
alliances (A or B) four times with different alliance configurations in each questionnaire. In such
panel type situations, random effects estimators explicitly account for unobserved heterogeneity and
provide better estimates.

Although the questions in our survey of Arizona producers are similar to those of Steiner
et al. (2012) for Canadian producers, our methodology differs in two important aspects: First, their
estimation method does not explicitly account for the nested nature of questions present in the survey
design. Second, because they directly model sets of attributes (rather than individual attributes),
their framework cannot tease out the monetary value of individual attributes. Their multinomial
logit estimates can only estimate the joint perceived monetary value that producers place on sets of
attributes.

As in Steiner et al. (2012), we present several variations and levels of attributes to all producers,
even though each producer made no more than four alliance choices. Producer demographics such
as education, age, herd size, and the cost information that producers collect for their beef operations
are hypothesized to positively impact a producers’ willingness to join an alliance. Alliance attributes
such as required production protocols, data and profit sharing, and amount of participation fees
are also expected to influence producers’ willingness to join an alliance. Interactions between fee
participation and cost of production information collected are hypothesized to have an impact on the
choice of one alliance over another.

Background

U.S. beef has been described as producing a commodity rather than a branded, differentiated product
(Gillespie et al., 2006), a situation that Schroeder and Kovanda (2003) argue is due to the resistance
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of some retailers to develop branded products. Although branded programs like Certified Angus
Beef have grown, accounting for 15.9% of all boxed beef cutout loads in 2016 (Livestock Marketing
Information Center, 2017), these programs have failed to maintain beef’s market share against
competing meats.

In general, an alliance consists of two or more firms operating within adjacent stages of the
vertical beef supply chain (sectors of seedstock to final consumer) that agree to cooperate for mutual
benefit, even though the essential components and definition of a beef alliance are not universally
agreed upon (Ward and Raper, 2009). Purfeerst (2017) summarizes 21 of the beef industry’s top-
value-based marketing alliances for cattle and calves. Requirements on genetics, nomenclature,
production practices, minimum head, retained ownership, and alignment of feeders and packers with
cow–calf producers vary between and even within alliances. Of 92 certified beef programs listed with
the U.S. Department of Agriculture’s Agricultural Marketing Service (2018), 58 include the word
“Angus” in their names, and many restaurants advertise that their beef comes from Angus cattle.
Arby’s advertises that they only serve 100% Black Angus beef with their processed product and
this leads to Angus confusion (Siebert and Jones, 2013) even though Arby’s claim is true. Overall,
certified beef programs appear to be somewhat limited in their ability to compete effectively with
the highly vertically coordinated production of pork and poultry, in spite of the growth in certified
beef programs in recent years.

To overcome challenges facing the beef industry, stakeholders have considered several
approaches that would make beef more competitive. Some authors and researchers have suggested
that better industry coordination would increase efficiency and reduce costs, thus provide more
uniform products that are most highly desired by consumers and are more competitively priced
(Gillespie, Basarir, and Schupp, 2004; Lamb and Beshear, 1998; Mulrony and Chaddad, 2005). The
beef industry would then be able to reduce their market share losses and improve beef consumption
relative to competitors.

Many authors (e.g., Gillespie et al., 2006; Purcell and Hudson, 2003; Schroeder and
Kovanda, 2003; Tronstad and Unterschultz, 2005) agree that the beef industry could address the
limitations noted above by implementing better organization through greater vertical and horizontal
coordination. Strategic alliances are one way of overcoming the industry’s lack of coordination.
Mohr and Spekman (1994, p. 135) define strategic alliances as “purposive strategic relationships
between independent firms that share compatible goals, strive for mutual benefits, and acknowledge
a high level of mutual dependence.” Strategic alliances would help the competitive position of
the beef industry by providing products that are more fully customized for consumers by better
accounting for their tastes and preferences. In addition, strategic alliances would benefit cow–calf
producers by creating new opportunities in terms of market channels, prices, and better access to
information, leading to improved decisions that would lead to greater profits (Gillespie et al., 2006).

Consequently, alliance members have opportunities to access markets through which their
animals will be given more value and profitability. However, as Raper et al. (2005) find, joining
an alliance creates obstacles related to genetics, production requirements, operation size, and animal
health restrictions. Information sharing with the collective development of genetic seed stock and
management protocols can contribute to a more consistent and customized product with consumers’
desired attributes. Thompson et al. (2017) suggest that genetic testing could eliminate market
inadequacies due to asymmetric information between producers and consumers and provide more
reliable information regarding beef quality. This could create more value for the beef industry (van
Eenennaam and Drake, 2012), but genetic testing costs are likely to fall short of the value that
could be generated from targeted genetic sources and prescribed management protocols within an
alliance. These information flows can lead the industry to a more competitive product and “alliance
participants can respond more quickly and correctly to clearer market signals” (Ward, 2004, p. 1).

Producers’ preferences and decisions to join an alliance can be explained by their desire to
lessen and minimize transaction costs. Hobbs (1997) uses transaction cost theory to investigate
why producers choose one distribution channel over another in the United Kingdom. Brocklebank
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and Hobbs (2004) also use the transaction cost theory framework to investigate the attributes of
different types of beef supply chain alliances. Child and Faulkner (1998) characterize transaction
costs as those that arise when arranging, managing, and monitoring transactions across markets,
including negotiation, search, and information costs. In addition to transaction costs theory, Lajili
et al. (1997) also use agency theory to support the investigation of farmers’ preferences for contract
terms. They find that asset specificity and individual characteristics have a significant impact on
producers’ preferences for contract terms in crop production contracts. The signaling problem is
related to the adverse selection problem. In the former, the agent can send a signal that is observed
by the principal after learning the characteristics of the agent (Macho-Stadler, Pérez-Castrillo, and
Watt, 2001). Therefore, the agent can adopt actions before signing contracts that influence the beliefs
of principals about the agent’s identity. The optimal contract scheme contains appropriate incentives
for the agent to behave or create output in such a way that maximizes the returns to the principal and
total surplus of both parties.

Lan (2007, p. 31) notes that with regard to beef alliances, the theory of incomplete contracts
approach is relevant, “since the issue of residual rights of control relates directly to the marketing
problems of various forms of formal beef alliances.” This implies also that the boundaries of asset
ownership and the incentives related to them can help distinguish beef alliances. Raper, Black, and
Hilker (2008) find that premiums are the highest motivation for both specialized and integrated
cow–calf producers to join an alliance or be part of a vertical marketing arrangement. However,
because of the difference of their respective operations, their expectations and perceptions of alliance
performance are also different.

Data and Conceptual Framework

We designed a survey to capture insights into beef producers’ characteristics, their production
practices, and their willingness to join a beef alliance under varied circumstances. Our two-step
approach first identified participants who were not willing to participate in a beef alliance under
any conditions. Then, we solicited a second set of responses from participants open to paying or
valuing certain alliance attributes. Following Steiner et al. (2012) and Hensher, Rose, and Greene
(2005), we generated a choice experiment design using an orthogonal fractional factorial design to
obtain a sample of 32 treatments with four beef alliance choice tables (i.e., choice of A versus B) per
questionnaire and individual. Thus, eight unique sets of choices were distributed. In an unlabeled
experiment design, the choice alternatives are normally labeled as “Alternative A” and “Alternative
B,” such that the labels attached to each choice alternative convey no information beyond that
provided by their attributes (Louviere, Hensher, and Swait, 2000).

Respondents were identified through USDA/NASS (i.e., producers at large) and the Beef Quality
Assurance (BQA) program within the state of Arizona. The USDA/NASS questionnaires were sent
in Fall 2007, and 146 useable questionnaires (i.e., those that included at least partial completions
for at least one variable) were received (a 14.7% response rate). In Spring 2008, the questionnaire
was also sent to BQA producers within the state. Of 423 surveys sent, 107 were returned, resulting
in a response rate of 25.3%. Overall, both sets of surveys yielded 253 questionnaires filled at least
partially, for a 17.9% response rate. It is possible that a few cattle producers could have been solicited
twice, although we believe the overlap to have been minimal and would only have occurred if the
rancher had forgotten about filling out an earlier questionnaire.

The survey design and bivariate construct are such that only producers who were willing to join
an alliance were asked to respond to the questions of the choice experiment. Table 1 illustrates how
two alliances for one scenario were presented to producers. In the sample shown, the choices differ
in all attributes except for production protocols; for some alliance choice sets, every attribute but
one might be identical.

To help respondents understand the meaning of each attribute, we supplied attribute definitions
before they proceeded to the choice experiment questions:
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Table 1. Example of an Alliance Choice Scenario Presented to Producers
Alliance A Alliance B

Sale type Retain Ownership, NO profit sharing Sell to Alliance, NO profit sharing
Type of data sharing Live performance, individual data Carcass, individual yield & grade data
Production protocols Restrictions on vaccination and use of,

antibiotics & minimum number of animals
required

Restrictions on vaccination and use of,
antibiotics & minimum number of animals

required
Alliance participation fee $10/head $20/head

Alliance A Alliance B
I would choose 2 2

1. “Sale type refers to the ways in which you are willing to market your animals with an alliance
(e.g., sell animals to alliance, retain ownership).” It includes different combinations of market
strategies (sell to alliance or retain ownership) and compensation schemes (profit sharing or
no profit sharing among members of the alliance).

2. “Type of data sharing refers to the different levels at which you would want to share data with
the alliance.” It includes different combinations of collected information strategies and data
sharing schemes such as live or carcass performance and individual or group data.

3. “Production protocols refers to the type of production protocols you would agree to related
to vaccines, weaning and other production practices.” Weaning (specific restrictions or no
restriction concerning vaccinations and use of antibiotics) and other production protocols that
can be considered as quantity commitments (minimum or no minimum number of animals
required). A quantity commitment can be significant in three ways (Ward, 2004). First, volume
may be of great significance for cost reductions if an alliance is connected with a processing
entity. Second, if an alliance is pursuing a specific branded beef product program, volume
may allow enhanced control over the supply of the product. Finally, producers will have an
increased interest in the success of an alliance arrangement if they are willing to make a
quantity commitment to the alliance.

4. “Alliance Participation Fee refers to the per head cost of participating in the proposed alliance
(these costs are in addition to your regular costs of production).” The monetary commitment is
of big importance just like the quantity commitment in the sense that a producer’s willingness
to support these two concepts of an alliance are also expected to have a high interest in the
success of an alliance. The monetary commitment interacts with other demographics and
allows us to gain insights into the combined effect that the membership fee and other alliance
attributes have on the producers’ choices for one alliance over the other. In this study, four
levels of alliance participation fees ($5, $10, $15, and $20) were included.

Producers were asked to categorize their current beef operations and farm activities. For
example, respondents were asked whether they collect cost of production information for different
areas of their beef operation. Producers could choose from among “none,” “feed costs,” “grazing
costs,” “operating costs,” “cash costs,” “fixed costs,” and “per pound cost of gain.”

The second part of the survey includes questions about producers’ willingness to join an alliance
and the choice experiment. After a brief explanation regarding the opportunity to be part of a beef
alliance, the producer was asked whether there were certain circumstances under which they would
be willing to participate in an alliance. For producers who were willing to join an alliance, the second
stage of four choice sets of alliance attributes was presented.

The third and final part of the survey asks for each producer’s sociodemographic characteristics,
such age, education, income from on-farm or off-farm activities, herd size, expectations about net
income and the market value of cattle sold, and other farm activities.
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Econometric Model

Respondents who answered “yes” to “Are you willing to join an alliance under certain
circumstances?” were given T (T = 4) more binary questions about which type of alliance they
would choose given the set of alliance attributes presented. However, respondents who answered
“no” were not asked to select what set of alliance attributes for A or B they prefer. Therefore, for
these latter respondents we have only one observation whereas for those who answered “yes” to
the initial question, we have four more observations. The nested nature of the questions does not
necessarily force respondents to choose from among choices in which they might otherwise be
uninterested.

As is typical in stated preferences studies, we assume a random utility specification in which
participants choose an alternative that maximizes their expected utility. For example, among
producers who expressed interest in joining an alliance under some circumstances, the utility of
choosing option A for producer i in the tth choice set is given by

(1) UitA = zzz′itAβββ 2 + εitA,

where βββ 2 is a vector of parameters that need to be estimated, zzziiitttAAA is a vector of observed attributes
of option A in choice set t, and εitA is the random error term. Producer i will choose option A over
option B if

(2) UitA −UitB = (zzz′itA − zzz′itB)βββ 2 + εitA − εitB > 0.

An important implication of equation (2) is that explanatory variables in any regression model for
estimating equation (2) should enter as differences in attributes between the two options under
consideration.

Based on the survey design, we develop a bivariate nested panel probit model to quantify
producers’ alliance choice behavior. Accordingly, we use the following model to jointly estimate
producers’ first- and second-stage choices:

y∗1i = βββ
′
1xxx1i + ei; y1i =

{
1 y∗1i > 0
0 y∗1i ≤ 0

i = 1,2, ...,N ;(3)

y∗2it = βββ
′
2xxx2it + ui + νit ; y2it =

{
1 y∗2it > 0
0 y∗2it ≤ 0

i = 1,2, ...,N ; t = 1, ...,T ;(4)

where N represents number of individuals, T represents number of binary choice sets given to
producers that answered “yes” to the first question, y∗1i and y∗2it are unobserved latent variables
corresponding to y1i and y2it , respectively, ei and ui represent the individual specific error terms,
and vit is the general error term. The error terms are assumed to have the following distribution:(

ei

ui

)
∼N

([
0
0

]
,

[
1 ρσu

ρσu σ2
u

])
;(5)

νit ∼N(0,1).(6)

We assume that vit is independent of ei and ui; ρ is the correlation coefficient between ei and ui.
Unlike Akaichi, Nayga, and Gil (2013) and Vassalos et al. (2016), we explicitly account for

the panel nature of the data by using a random effects panel estimator, which gives more efficient
estimates. As in a standard probit model, the probability that a respondent joins an alliance is
P(y1i = 1) = Φ[βββ ′1xxx1i], while the probability that the respondent does not join an alliance is
P(y1i = 0) = Φ[−βββ

′
1xxx1i].
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The likelihood function for modeling equations (3)–(6) includes two components: The first is
for respondents who did not express a willingness to join an alliance (y1i = 0), and the second
is for respondents who expressed a willingness to join an alliance under certain circumstances
(y1i = 1). For the latter respondents, we evaluate the joint probability, P(y1i = 1,Y2i1,Y2i2,Y2i3,Y2i4).
The likelihood for individual i is then given by

Li = [P(y1i = 0)]1−y1i [P(y1i = 1,Y2i1,Y2i2,Y2i3,Y2i4)]
y1i

(7)

= [p(y1i = 0)]1−y1i

 ∞∫
−∞

P(y1i = 1|ui).

{
4
π

t=1
P(Y2it |ui)

}
f (ui)dui

y1i

,

where f (ui) is the marginal density function for ui. The likelihood in equation (7) cannot be
evaluated in a closed form solution but can be approximated using Gauss–Hermite Quadrature
(GHQ) (Cameron and Trivedi, 2005). Using GHQ, the log-likelihood corresponding to equation (7)
can be expressed as

(8) lnL =
N

∑
i=1

lnLi ∼=
N

∑
i=1

(1− y1i)× lnΦ
[
−βββ

′
1xxx1i
]
+

N

∑
i=1

y1i ×

[
1√
π

M

∑
j=1

w jg(a j)

]
,

where g(a j) = Φ

[
βββ
′
1xxx1i+ρ

√
2a j√

1−ρ2

]
×
{

∏
T
t=1 Φ

[
(2y2it − 1)×

(
βββ
′
2xxx2it +

√
2σua j

)]}
, M is the number

of GHQ evaluation points, w j is the weight given to the jth evaluation point, and a jis the jth
evaluation point (simply called abscissas). Parameters in equations (3)–(6) are jointly estimated
by maximizing the log-likelihood in equation (8).

The specific empirical equations used for estimating equations (3) and (4) are

y∗1i = β11 + β12Costinfoi + β13Herdi + β14Agei + β15Educi + β16BQAi + ei;(9)

y∗2it = β21 + β22(RetainownAit − RetainownBit) + β23(ProfitshareAit − ProfitshareBit)

+ β24(Liveperf Ait − Liveperf Bit) + β25(InddataAit − InddataBit)

+ β26(RestrictprotAit − RestrictprotBit) + β27(AnimalreqAit − AnimalreqBit)(10)

+ β28(AnimalreqAit − AnimalreqBit)× Herdi + β29(FeeAit − FeeBit)

+ β30(FeeAit − FeeBit)× Costinfoi + ui + νit .

Table 2 reports variable definitions and summary statistics.

Empirical Results

Results (Table 3) show that producers who collect at least one piece of cost information for their beef
operation are more likely to join an alliance than those who do not collect any cost information. The
coefficient estimate of age is negative, suggesting that younger producers are more inclined to join
an alliance under certain conditions. This result is in line with the findings of Steiner et al. (2012)
in analyzing Canadian beef producers’ willingness to join an alliance. Unlike Steiner et al., we also
consider BQA producers, and our results indicate that they are much more willing to join an alliance
compared to those that are not BQA producers.

Overall, producers are less inclined to choose an alliance with live versus carcass performance
data as a type of data sharing. Our coefficient estimates for production protocol attributes are highly
significant (at the 1% level), indicating that these requirements significantly influence producers’
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Table 2. Variable Descriptions and Sample Statistics
Variable Names Variable Descriptions NNN Min. Max. Mean
y1i Binary variable = 1 if ith producer is willing to

join an alliance under certain circumstances; 0
otherwise.

187 0 1 0.572

y2it Binary variable = 1 if the ith producer prefers
alliance A over alliance B in the tth choice (where
t = 1, . . . ,4); 0 otherwise.

109 0 1 0.550

Costinfo Binary variable = 1 if producer collects at least
one piece of cost information on either feed,
grazing, operating, cash, fixed or per pound cost
of gain; 0 otherwise.

187 0 1 0.877

Herd Binary variable = 1 if >150 cows (i.e., 151–300 or
>300); 0 otherwise.

187 0 1 0.283

Age Producer age (1 = ≤30, 2 = 31–40, 3 = 41–50, 4 =
51–60, 5 = ≥61).

187 1 5 4.166

Educ Producer education (1 = high school graduate or
less, 2 = some college, 3 = 4-year degree or more).

187 1 3 2.187

BQA Binary variable = 1 if producer is certified through
the state’s Beef Quality Assurance program; 0
otherwise.

187 0 1 0.439

RetainownA Binary variable = 1 if alliance A allows producer
to retain ownership, 0 otherwise.

109 0 1 0.649

RetainownB Binary variable = 1 if alliance B allows producer
to retain ownership, 0 otherwise.

109 0 1 0.571

RetainownA − RetainownB Retainown value for alliance choice A minus
choice B.

109 −1 1 0.078

ProfitshareA Binary variable = 1 if alliance A includes profit
sharing; 0 otherwise.

109 0 1 0.342

ProfitshareB Binary variable = 1 if alliance B includes profit
sharing; 0 otherwise.

109 0 1 0.287

ProfitshareA − ProfitshareB Profitshare value for alliance choice A minus
choice B.

109 −1 1 0.055

Liveperf A Binary variable = 1 if alliance A uses live
performance data for pricing; 0 if alliance A uses
carcass data for pricing.

109 0 1 0.688

Liveperf B Binary variable = 1 if alliance B uses live
performance data for pricing; 0 if alliance B uses
carcass data for pricing.

109 0 1 0.367

Liveperf A − Liveperf B Liveperf value for alliance choice A minus choice
B.

109 −1 1 0.321

InddataA Binary variable = 1 if alliance A uses individual
data; 0 if group/pen data.

109 0 1 0.431

InddataB Binary variable = 1 if alliance B uses individual
data; 0 if group/pen data.

109 0 1 0.103

InddataAInddataB Inddata value for alliance choice A minus choice
B.

109 −1 1 0.328

RestrictprotA Binary variable = 1 if alliance A restricts
vaccination and antibiotics use; 0 otherwise.

109 0 1 0.667

RestrictprotB Binary variable = 1 if alliance B restricts
vaccination and antibiotics use; 0 otherwise.

109 0 1 0.507

RestrictprotA − RestrictprotB Restricprot value for alliance choice A minus
choice B.

109 −1 1 0.161

AnimalreqA Binary variable = 1 if alliance A requires a
minimum number of animals; 0 otherwise.

109 0 1 0.406

AnimalreqB Binary variable = 1 if alliance B requires a
minimum number of animals; 0 otherwise.

109 0 1 0.553

AnimalreqA − AnimalreqB Animalreq value for alliance choice A minus
choice B.

109 −1 1 −0.147

FeeA Participation fee value for alliance choice A. 109 0 20 9.300
FeeB Participation fee value for alliance choice B. 109 0 20 9.037
FeeA − FeeB Participation fee value for alliance choice A

minus choice B.
109 −20 20 0.264

Notes: N represents number of individuals. Actual number of observations for y2it is 109× 4 = 436.
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Table 3. Maximum Likelihood Estimates of Model Parameters
Parameter Estimates Marginal Effects

Variable Estimate Std. Err. Estimate Std. Err.
Alliance participation willingness
equation

Intercept −0.315 0.646
Costinfo 0.569∗ 0.321 0.194∗∗ 0.098
Herd 0.102 0.236 0.040 0.093
Age −0.198∗ 0.105 −0.078∗ 0.041
Educ 0.159 0.116 0.060 0.045
BQA 1.137∗∗∗ 0.213 0.412∗∗∗ 0.070

Alliance choice preference equation
Intercept 0.023 0.238
RetainownA − RetainownB −0.277∗ 0.158
ProfitshareA − ProfitshareB 0.150 0.183
Liveperf A − Liveperf B −0.315∗ 0.191
InddataA − InddataB 0.273 0.203 See Table 4
RestrictprotA − RestrictprotB 0.464∗∗∗ 0.113
AnimalreqA − AnimalreqB −0.354∗∗ 0.164
(AnimalreqA − AnimalreqB)× Herd 0.205 0.292
FeeA − FeeB −0.087∗∗∗ 0.032
(FeeA − FeeB)× Costinfo 0.050 0.032

ρ 0.025 0.427
σu 0.791∗∗∗ 0.146

Notes: Single, double, and triple asterisks (*,**,***) indicate statistical significance at the 10%, 5%, and 1% level. When calculating marginal
effects for a variable we held all other variables at their modal value. Marginal effects for age are from 51–60 to >61 and education are from
some college to a 4-year degree or more.

alliance choices. Producers are less inclined to join an alliance when a minimum number of animals
are required and when an alliance does not restrict the use of vaccinations and antibiotics compared
to one that restricts their usage. This result differs from Steiner et al. (2012), who found that
production protocol requirements did not significantly influence producers’ beef alliance choices.

Marginal Effects

Table 4 reports the marginal effects of changes in explanatory variables on the probability of a
producer choosing alliance A over alliance B. For discrete explanatory variables, marginal effects
are calculated as differences in the probabilities of choosing A over B under different scenarios. For
example, the marginal effect of the presence of retained ownership on the probability of choosing A
over B is calculated as

P(y2i = 1|RetainownAit − RetainownBit = 1)− P(y2i = 1|RetainownAit − RetainownBit = 0)

= Φ [β21 + β22 + β29(FeeAit − FeeBit) + β30(FeeAit − FeeBit)× Costinfoi](11)

−Φ [β21 + β29(FeeAit − FeeBit) + β30(FeeAit − FeeBit)× Costinfoi] .
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Table 4. Estimated Marginal Effects of Alliance Attributes and Different Fee Levels

Variables $0/Head $5/Head $10/Head $15/Head $20/Head
RetainownA − RetainownB −0.068∗ −0.112∗∗∗ −0.154∗∗∗ −0.195∗∗∗ −0.234∗∗∗

(0.039) (0.039) (0.040) (0.042) (0.045)

ProfitshareA − ProfitshareB 0.037 −0.008 −0.053 −0.097∗ −0.141∗∗

(0.044) (0.046) (0.049) (0.053) (0.057)

Liveperf A − Liveperf B −0.077 −0.121∗∗ −0.163∗∗∗ −0.204∗∗∗ −0.242∗∗∗

(0.047) (0.048) (0.049) (0.051) (0.053)

InddataA − InddataB 0.067 0.022 −0.023 −0.068 −0.112∗

(0.051) (0.052) (0.054) (0.058) (0.061)

RestrictprotA − RestrictprotB 0.112∗∗∗ 0.068∗∗ 0.024 −0.021 −0.066
(0.032) (0.032) (0.034) (0.039) (0.044)

(AnimalreqA − AnimalreqB)× −0.086∗∗ −0.130∗∗∗ −0.172∗∗∗ −0.212∗∗∗ −0.250∗∗∗

(Herd size≤ 150 cows) (0.038) (0.041) (0.045) (0.049) (0.052)

(AnimalreqA − AnimalreqB)× −0.037 −0.081 −0.125∗∗ −0.167∗∗∗ −0.207∗∗∗

Herd size > 150 cows (0.059) (0.061) (0.062) (0.064) (0.065)

Costinfo 0.105∗∗∗ 0.203∗∗∗ 0.289∗∗∗ 0.359∗∗∗

(0.040) (0.073) (0.092) (0.096)

FeeA − FeeB −0.016∗∗∗ −0.018∗∗∗ −0.020∗∗∗ −0.023∗∗∗

(0.004) (0.005) (0.006) (0.007)

Notes: Numbers in parentheses are estimated standard errors. Single, double, and triple asterisks (*,**,***) indicate statistical significance at
the 10%, 5%, and 1% level. Negative differences generally have an opposite sign with similar magnitude and significance, but not identical,
because the mean of difference in participation fees is not centered on 0.

Similarly, the marginal effect of the presence of minimum number of animals required on the
probability of choosing A over B is calculated as

P(y2i = 1|AnimalreqAit − AnimalreqBit = 1)− P(y2i = 1|AnimalreqAit − AnimalreqBit = 0)

= Φ [β21 + β27 + β28Herdi + β29(FeeAit − FeeBit) + β30(FeeAit − FeeBit)× Costinfoi](12)

−Φ [β21 + β29(FeeAit − FeeBit) + β30(FeeAit − FeeBit)× Costinfoi] .

These marginal effects are evaluated for different values of (FeeAit − FeeBit ), from $0 to $20, in
increments of $5. Marginal effects for other discrete variables are calculated in a similar manner.
The marginal effect of the continuous variable, (FeeAit − FeeBit ), is calculated as

∂P(y2i = 1)
∂ (FeeAit − FeeBit)

= φ [β21 + β22(RetainownAit − RetainownBit)

+ β23(ProfitshareAit − ProfitshareBit) + β24(Liveperf Ait − Liveperf Bit)

+ β25(InddataAit − InddataBit) + β26(RestrictprotAit − RestrictprotBit)(13)

+ β27(AnimalreqAit − AnimalreqBit)

+ β28(AnimalreqAit − AnimalreqBit)× Herdi + β29(FeeAit − FeeBit)

+ β30(FeeAit − FeeBit)× Costinfoi]× (β29 + β30 × Costinfoi).

Equation (13) gives the marginal effect with respect to a fee difference for the two options (i.e.,
option A versus B) under consideration.
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Sale Type (Marketing Methods)

Results in Table 4 show that when retained ownership is present in an alliance, producers are less
likely to choose this alliance as the difference in participation fees (FeeAit − FeeBit ) increases.1 For
example, if the participation fee in one alliance is $20 greater than the fee for another alliance,
producers are 23.40% less likely to choose the first alliance when retained ownership is present.
Producers are only less likely to choose a profit-sharing alliance when the fee difference is above
$15/head or relatively high. As shown is Table 4, producers are 9.74% and 14.06% less likely to
join an alliance with profit sharing when the alliance participation fees are $15/head and $20/head
greater, respectively, than an otherwise equal competing alliance. However, producers prefer market
strategies that allow them to sell their animals to the alliance over a retained-ownership type of
alliance. Producers may face issues meeting all cash production costs until slaughter and possibly
higher alliance transaction costs (Gillespie et al., 2006; Steiner et al., 2012). Our fee result appears
to be consistent with Steiner et al., who suggest that producers’ preferences for selling their
animals within the alliance could be motivated by the timing of cash flow availability with retained
ownership. Producers are also more likely to join an alliance with compensation schemes that do not
share their profit with other members of the alliance.

Type of Data Sharing

When considering data-sharing information preferences, the results (as shown in Table 4) suggest
that producers are less likely to select an alliance with live performance compared to carcass data
when live performance data sharing is combined with a higher alliance participation fee ($5 or more).
Marginal effects become relatively larger and highly significant for higher fees. This indicates that
producers are not motivated to join an alliance that has live performance as opposed to carcass data
sharing, and the likelihood of joining such an alliance decreases as the fee differential increases.
The likelihood of not choosing an alliance where live performance is present increases with fee
differences. For example, if the difference in alliance participation is $5, $10, $15, or $20 per head,
the probability of choosing an alliance in which live performance is present decreases by 12.08%,
16.32%, 20.36%, and 24.18%, respectively.

Results from data sharing suggest that producers are most interested in sharing carcass data. Our
results indicate that producers’ preferences are not influenced by the presence of individual data,
individual and yield data, or group and/or pen data unless the participation fee is $20 or more. When
individual data or individual and yield data are combined with a participation fee of at least $20,
producers are 11.19% more likely to join the alliance that shares group and/or pen data information
and has a lower participation fee.

Production Protocols

The highly significant and negative estimate for the production protocol requiring a minimum
number of animals suggests that—with or without a difference in alliance participation fees—
producers are highly motivated not to join an alliance with this requirement. Their probability of
not joining this alliance increases when the difference in the alliance participation fees increases
concurrently in favor of that alliance. When the participation fee for one alliance is $5, $10, $15,
or $20 per head greater than the other alliance, producers with a herd of less than 151 cows are
12.99%, 17.19%, 21.19%, and 24.95% less likely, respectively, to choose the alliance that requires
the producer to sell a minimum number of animals and that has a greater participation fee (Table 4).

Producers are 11.21% more likely to choose an alliance that restricts vaccinations and enforces
antibiotic use when two alliances have the same participation fees. Given a difference in alliance
participation fee of $5/head, producers are 6.84% more likely to join an alliance that restricts
vaccinations and enforces antibiotic use. Results are statistically significant at the 1% level,
suggesting that producers are highly motivated to join an alliance that restricts vaccination and

1 FeeAit − FeeBit = participation fee of alliance A minus the participation fee of alliance B.
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antibiotic use even if they have to pay up to $5/head more in participation fees. However, the
marginal effect is insignificant when the difference in participation fees is $10/head or more. Steiner
et al. (2012) found that production protocols do not significantly affect producers’ preferences for an
alliance. Even though we use similar questions, we compare restricted and nonrestricted production
protocols by jointly analyzing the effects of fee participation and the presence of a specific attribute,
which was not the case in Steiner et al.

Perceived Attribute(s) Value

Using the estimated model, we calculate perceived attribute values (PAV) using producers’
preferences for beef alliance choices. PAV is calculated using the fee difference needed to make
the producer indifferent between alliances with and without that particular attribute. For example,
the PAV for an alliance that allows retained ownership over an alliance that does not allow retained
ownership is calculated as

(14) − β22

β29 + β30 × Costinfoi
.

Table 5 reports PAV for other attributes, which are calculated similarly. Producers have a PAV
of $12.64/head to join an alliance that restricts members’ vaccination and antibiotic use. That is,
producers see a market value less any costs associated with not being able to use vaccinations
and antibiotics of $12.64/head. Producers do not prefer an alliance that allows membership only to
certain large producers. This is evident by a significant PAV of −$9.65. Similarly, when a producer
compares an alliance that uses live performance data for pricing of cattle and one that uses carcass
data, the producer prefers the latter and is willing to pay up to $8.60 for receiving carcass data
back from the slaughterhouse in an alliance. These PAV results indicate that a successful design
of alliances for better vertical coordination in the beef industry should consider restrictions on
vaccinations and antibiotics, use carcass weight for cattle pricing, and open membership to smaller
producers.

Conclusions and Implications

We build on studies of producer preferences for alliances in the U.S. pork and vegetable industries
by quantifying Arizona producers’ demographics and preferences for joining a beef alliance.
We implemented a nested bivariate panel probit model to account for the two-stage and panel
survey structure, which reduces the cognitive burden placed on participants compared to the more
traditional, exhaustive combination of choices used in a multivariate analysis (Akaichi, Nayga, and
Gil, 2013). Our bivariate approach is nested because the panel probit (attribute choice model) is
within or nested by the binary probit (participation model). We simultaneously estimate these two
equations to provide more insights into producers’ attribute choice preferences and demographics.

The study addresses a cow–calf producer’s decision to join an alliance and quantifies producers’
attribute choice preferences by jointly analyzing the effects of fee participation and the presence of
specific attributes. We implemented an unlabeled choice experiment design (i.e., choice alternatives
labeled as “Alliance A” and “Alliance B”) so that no information was conveyed beyond that provided
by the attributes. Consistent with Steiner et al. (2012), our results suggest that producers’ willingness
to join a beef alliance is significantly influenced by their age. We also present results that are unique
to our data and analysis: We find that BQA producers are significantly more willing to join an
alliance than non–BQA producers. Also, ranchers who collect at least one piece of cost information
(e.g., on feed, grazing, operating, cash, fixed or per pound cost of gain) are more willing to join an
alliance that those who do not.

Similar to willingness-to-pay calculations, we compare differences in beef alliance participation
fees to quantify the monetary value (i.e., perceived attribute value, PAV) that producers place
on individual alliance attributes. Estimates from our bivariate nested panel probit indicate that
participation fees play a critical role in producers’ preferences for selecting an alliance. For any
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Table 5. Estimated Attribute(s) Value and Statistical Significance

Attribute Descriptions
Perceived Attribute

Values ($/head) Std. Err.
Individual

Retained ownership −7.550∗ 4.304
Profit sharing 4.095 4.997
Live performance −8.595∗ 5.203
Individual data 7.434 5.537
Restrictions on vaccination and use of antibiotics 12.640∗∗∗ 3.089
Minimum number of animals required (producers w/ ≤150 cows) −9.653∗∗ 4.476
Minimum number of animals required (producers w/ >150 cows) −4.079 6.430
Producers who collected a least one piece of cost information 1.358 0.884

Joint
Live performance, restrictions on vaccination and use of antibiotics 4.045 4.999
Retain ownership, profit sharing −3.455 5.054
Live performance, individual data −1.161 7.098
Carcass, individual data 16.029∗∗ 8.067
Restrictions on vaccination and use of antibiotics, minimum number of 2.987 5.874
animals required (producers with ≤ 150 cows)
Restrictions on vaccination and use of antibiotics, minimum number of 8.561 7.233
animals required (producers with > 150 cows)
Restrictions on vaccination and use of antibiotics, no minimum 22.293∗∗∗ 4.963
number of animals required (producers with ≤150 cows)
Restrictions on vaccination and use of antibiotics, no minimum 16.719∗∗ 2.377
number of animals required (producers with >150 cows)

Notes: Single, double, and triple asterisks (*,**,***) indicate statistical significance at the 10%, 5%, and 1% level, respectively.

difference in the participation fee for an alliance, producers are less likely to choose an alliance that
allows retained ownership compared to selling to an alliance. Cow–calf producers desire alliances
that do not require retained ownership (−$7.55/head) or pay on live performance (−$8.60/head).
This suggests ranchers want individual data back on their cattle but don’t want to be billed for the
costs associated with feeding and slaughter, which they may feel are out of their control. Producers
with fewer than 151 cows are not likely to join an alliance that requires a minimum number of
animals be sold to the alliance (PAV of $9.65/animal to avoid this feature in an alliance). However,
producers are 11.21% more likely to join an alliance that enforces restrictions on vaccination and
antibiotic use when there is no difference in alliance participation fees (PAV of $12.64/animal for
this requirement). Restrictions on vaccination and antibiotic use are very important if producers are
targeting high-quality products that meet consumers’ growing concerns about the health implications
of what they eat (Ibanez and Grolleau, 2008; Thilmany McFadden, 2013) and demand for products
without antibiotics (Bowman et al., 2016).

In conclusion, we use a nested bivariate panel probit model to quantify producers’ willingness
to join an alliance with various attributes. Results indicate that cow–calf producers have strong
preferences for certain alliance attributes. These preferences need to be considered when forming an
alliance. Alliances should target younger producers who participate in BQA certification. Cow–calf
producers want individual carcass data, but they do not necessarily want to take on the risks and
costs associated with feeding and slaughter. Given the limited ability of beef certification programs
to reverse the trend in consumers’ declining share of meat expenditures on beef, alliances that target
individuals who desire and value more coordinated market signals, production protocols, and data
sharing should help move the beef industry to a more competitive position relative to the pork and
poultry sectors.

[Received February 2018; final revision received June 2018.]
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U.S. AND REGIONAL COTTON ACREAGE RESPONSE TO 
SUBSIDIZED CROP INSURANCE 

Ibrahima Sall and Russell Tronstad 

Abstract 

Using simultaneous insurance participation and acreage response equations, this study 

models the acreage response of U.S. cotton at the county level to subsidized crop 

insurance. Results suggest a significant positive effect on the percent of cotton planted 

acres from increases in cotton insurance participation the Southwest region and the U.S 

overall while a negative and significant impact is inferred for counties in the Delta.  

Results suggest that counties with relatively low yields are more likely to respond 

positively to insurance participation with a greater percentage of cotton acreage in their 

county than high-yielding counties. Empirical evidence indicates that crop insurance 

policies are shifting cotton production from counties with lower production risks, higher 

yields and highly desired cotton to counties with higher production risks, lower yields 

and poorer quality cotton. 

Key words: simultaneous, panel, fixed effects, subsidy per pound, rate of return 

JEL Codes:  Q11, Q18.
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Introduction 

Technology, fixed production assets, market conditions, and government programs are a 

few of the many factors that affect cotton plantings and production. Congress formed the 

Federal Crop Insurance Corporation (FCIC) in 1938 with the objective to protect farm 

incomes from crop failures and low prices plus protect consumers from food and fiber 

shortages and high prices.  Crop insurance was further expanded through the Federal 

Crop Insurance Reform Act of 1994 which brought major changes in government subsidy 

levels, producer affordability and expected returns.  For example, the entire insurance 

premium for CAT is paid for by the government and producers pay just a modest sign-up 

fee for each crop. Upland cotton acreage insured increased by 10 million acres, a 172.4% 

increase (5.8 to 15.8 million acres) from 1994 to 1995.i  The increase in participation is 

not surprising because Congress initially required farmers to purchase at least CAT crop 

insurance to be eligible for any disaster payments. Congress eliminated this requirement 

in 1996 and CAT enrollment acreage declined.  

To encourage enrollment at higher coverage or buy-up levels, Congress provided 

additional premium subsidies for the 1999 and 2000 crop years. From 1998 to 1999, premium 

subsidies increased by 44.2 and 47.6 percent for cotton and other commodity crops.  Passage 

of the 2000 Agricultural Risk Protection Act (ARPA) resulted in moving from a subsidy that 

was a fixed-dollar-per-acre amount to a percentage subsidy, causing farmers to shift from 

lower cost yield insurance to more expensive revenue policies (Babcock 2011). Premium 

subsidies for crops other than cotton increased by 33.1 percent or $426 million from 2000 

to 2001, when ARPA was first enacted. A 23.8 percent increase in premium subsidies or 
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an additional $51 million in premium subsidies occurred for cotton producers in 2001. In 

effect, about 14.68 million acres of cotton were insured by 2001, the largest net acreage 

ever insured for cotton.  

The effect of subsidized crop insurance reform on farmers’ cropping decisions has 

been an important debate for many years. Because the probability of yield falling below 

the 50 percent CAT yield that the government subsidizes 100% of the premium 

established for a farm varies greatly by region and crop, the impact of crop insurance 

reform is not expected to be equal across the Cotton Belt. That is, the expected return on 

CAT premiums paid by the government to the producer for each acre planted varies 

greatly across the Belt.  To the extent that crop insurance affects farmers’ cropping 

decisions, it is also important to quantify how changes in crop insurance policies cause 

farmers to alter their participation and planting decisions. 

Variation in production regimes across the Cotton Belt make this a good crop to 

evaluate the extent that an acreage response may occur from subsidized crop insurance. 

To illustrate these regional differences, using the sample data, Figure 1 shows the 

expected premium subsidy per pound of production for the states of California and Texas. 

This value averages 0.72 cents/lb. for California and 5.97 cents/lb. for Texas, over an 

eight-fold difference for the 1996 to 2016-time period. Virtually all of California’s 

acreage is grown under irrigation while much of Texas’s acreage comes from dryland 

production on the High Plains that exhibits greater yield variability. 

The Federal Agricultural Improvement and Reform (FAIR) Act or Freedom to 

Farm Act of 1996 also allowed for a great degree of planting flexibility for the first time, 
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with exceptions to fruits and vegetables. However, other factors have also influenced 

acreage decisions for cotton since crop insurance premium subsidies became more 

generous in 1995 and subsequent years. Transgenic Bt cotton became commercially 

available for use in 1996 and the profitability and risk implications of this technology are 

not uniform across the Cotton Belt (Frisvold et al. 2000; and Fernandez-Cornejo and 

McBride 2002).  

Acreage response due to farm programs, particularly farm subsidized crop 

insurance has been an important topic among researchers (Barnett et al. 2002; Deal 2004; 

Duffy et al. 1987; Goodwin et al. 2004; Keeton and Skees 1999; Vandeveer and Young 

2001; Wu 1999; Wu and Adams 2001).  Most of these studies focus on corn, soybeans, 

wheat, or a crop mix of these. Only a few address the impacts of subsidized crop 

insurance for cotton and the ability for cotton producers to respond to crop insurance 

subsidies was rather limited until the 1996 FAIR Act.  

Crop insurance has received a fair bit of attention not only by politicians but also 

by agricultural economists. Babcock (2011) argues that returning to the subsidy structure 

for crop premiums prior to ARPA would save upwards of $2 billion. The crop insurance 

program has been relatively expensive given that federal disaster assistance remains 

strong, and it has potentially distorting effects on production and input use (Glauber 

2007). Knight and Coble (1997) outlined econometric studies examining issues related to 

the Multiple Peril Crop Insurance (MPCI) program since the 1980s. They considered 

studies on acreage effects of MPCI and other insurance programs as important areas for 

future research. Another area of future research suggested is insurance inducing farmers 
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to grow more risky crops, possibly to the detriment of the environment. Shifting 

production from one region to another can increase the level of production risk associated 

for a crop and it is also quite possible that production under more marginal and risky land 

could have undesirable environmental consequences.   

Some studies provide contradicting results about the size of the effect of crop 

insurance. Keeton and Skees (1999) studied acreage shifts for six major U.S. crops from 

1978 to 1982 and 1988 to 1992. Their findings show that crop insurance has created 

incentives for farmers to plant more acres, especially in more risky areas. Estimates show 

that crop insurance subsidies in the 1980s led to about 50 million additional cropland 

acres. 

Using the national policy simulation model of POLYSYS-ERS, Young et al. 

(2001) showed market impacts across seven regions for the eight largest commodities in 

the U.S. Their simulation results suggest that an additional 960,000 acres has been added 

from crop insurance subsidies with wheat and cotton accounting for about 75 percent of 

the total increase.  

Goodwin et al. (2004) found that the expansion of crop insurance programs has 

not induced large acreage increases. Acreage response, insurance participation, input 

usage and CRP participation were jointly evaluated in the Heartland region for corn and 

soybeans and in the Northern Great Plains for wheat and barley from 1985 to 1993, using 

a pooled cross-sectional time series model. The elasticity of acreage response to changes 

in insurance participation for corn, soybeans and barley were 0.014, 0.0025, and 0.19 

respectively. Results of policy simulations suggest that large premium decreases (30%) 
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caused planted acreage to increase by about 1.1% for barley and only about 0.28% to 

0.49% for corn.   

Most of these acreage response studies have focused on crops other than cotton 

except for Barnett et al. (2002). They examined the impacts of crop insurance on cotton 

planted in Mississippi from 1996 to 2000 using a single equation model. Cotton acreage 

was modeled as a function of expected net returns per acre for cotton and soybeans, a 

major competing crop in Mississippi. Their results showed that on average, a 1% increase 

in expected net returns from crop insurance increases cotton acreage by 0.036% while the 

effect of a 1% increase in the expected net market return for cotton would increase 

acreage by 0.222%. This indicates that the relatively larger return in dollars per acre from 

market factors has more influence on cotton plantings than the expected return to 

insurance.   

Deal (2004) examines the relationship between subsidized crop insurance and soil 

erosion. He models the impact of crop insurance on cotton acreage and input usage in the 

Southern Seaboard, Mississippi Portal and Prairie Gateway regions for the two time 

periods of 1990 to 1995 and 1996 to 2000. Similar to Goodwin et al. (2004), he used the 

instrumental variable technique in the context of generalized method of moments to 

jointly estimate the proposed five structural equations. Regression results implied a 

negative and significant relationship between crop insurance participation and cotton 

acreage in 1990 to 1995 in the Mississippi Portal but a positive and significant 

relationship in the two regions for the 1996 to 2000 period. Elasticity estimates of cotton 

acreage response to changes in insurance participation were mostly inelastic, ranging 
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from -0.104 to 0.099. Based on policy simulations, he found that significant premium rate 

reductions substantially impact insurance participation but these reductions do not 

translate to large changes in cotton acreage. 

This study aims to quantify the percent of cropland acreage in a county planted to 

cotton as a result of subsidized crop insurance using the years of 1996 to 2016. A 

simultaneous model of insurance participation and the percent of cotton planted in 

counties across the U.S. Cotton Belt. County level data is utilized for a time period when 

producers had initially faced higher subsidy levels than ever before with planting 

flexibility. In addition, factors like Bt cotton, support prices, competing crop prices, and 

other factors are considered so that more defensible policy conclusions can be drawn. 

Data 

An unbalanced panel data set of 645 cotton-producing counties (106 in the Delta, 

258 in the Southeast, 251 in the Southwest and 30 in the West) from 1996 to 2016 

resulted in 12050 pooled observations. Data are unbalanced in the sense that the number 

of counties varies over time. Creating a complete panel from unbalanced panel data for 

the purpose of computational simplification is not recommended since it may cause a 

large loss in efficiency (Baltagi and Chang, 2000). Insurance contract data were collected 

from the Risk Management Agency (RMA) summary of business report while acres 

planted, state level prices, and county yield data were collected from the National 

Agricultural Statistics Service (NASS). To avoid disclosure of individual operations, 

NASS does not publish acreage values for all counties.  

38



Total acres planted as reported by NASS are less than the insured acres reported 

by RMA for a few counties. In this study, we used total insured acres reported by RMA 

when the total planted acres reported by NASS are not disclosed, missing or less than the 

acres reported by RMA. This discrepancy may be due to sampling errors since NASS 

uses sample surveys to collect information from farm cooperators to establish county-

level acreage data. RMA can also report acreage values even if a county has only one 

producer due to the Freedom of Information Act. Finally, the prevented planting 

provision in insurance policies may contribute to this gap. Prevented planting can occur 

from a shortage in irrigation water due to drought, excess moisture, or other natural 

causes that may prevent planting for a county. The producer may opt not to plant the 

insured crop and file for a prevented planting payment. Land under prevented planting is 

counted under insured acreage but not as planted acreage by NASS. 

Data on Bt adoption rates were obtained from the Mississippi State University 

archive of Beltwide Cotton Insect Loss (CIL, Williams 1995 to 2016) data. Counties are 

matched to their state or region, as specified in the CIL data. Other data such as futures 

prices and deficiency payments were obtained from Agricultural Marketing Service 

(AMS), USDA. Expected average world prices for cotton were estimated using the A-

Index as a proxy. Prices were deflated using the CPI for all goods and are in 2016 dollars.  

Empirical Model 

Several benefits and limitations of using panel data are enumerated by Hsiao 

(2003) and Baltagi (2005). Increased variability in panel data can yield more insights 

among variables. In addition, panel data increases the degrees of freedom and exhibits 
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less collinearity among explanatory variables, thereby improving the efficiency of 

estimates. Most importantly, panel data controls for individual heterogeneity and allows 

better analysis of dynamic adjustments, unlike time-series data and cross sectional data. 

To estimate the effect of crop insurance participation on the percent of cotton planted in 

the county, a simultaneous two-equation system approach is estimated. This takes into 

consideration the simultaneous nature of the decision process on how much land to insure 

and allocate to cotton production, an approach suggested by Goodwin et al. (2004). 

Marginal effects of variables including interaction terms were calculated from the 

simultaneous two-equation fixed effects model. TSP 5.1 was used to estimate the model. 

The two-equation simultaneous response system is proposed:  
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where PINSURit is the total insurance liability for county i divided by the liability of 85% 

APH coverage level (the maximum coverage level for many counties). The numerator of 

PINSURit changes with different policies producers select and the denominator is the 

85% Actual Production History(APH) coverage level for each county or (Planted 

Acresit)(0.85)(county yield average for years t-1 through t-5)(100% price election). 

PCOTACRESit is the percent of cropland acreage (1992 Agriculture Census) planted to 

cotton in county i, all for year t. The denominator of PCOTACRESit is held constant for 

each county using 1996 as base year, which corresponds to total cropland acres of the 
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1992-Agriculture Census year.  is the expected cotton price for the state that 

county i resides in determined by December Futures prices, lagged state basis and 

expected Loan Deficiency Payments (LDPs). YLDit-5 is the 5-year average yield 

(lbs./acre) for county i for t-1 through t-5 and YLDit-5 is the expected per acre 

revenue or interaction term between lagged 5-year average county yield and price. 

YLDVARit represents yield variability using an average trailing coefficient of variation for 

years t-1 through t-10, PBTit is the percentage adoption rate for Bt cotton in county i 

given the regions defined by the Cotton Insect Loss Estimates, and SUBSIDYPERLBit 

($/lb.) is RMA published premium subsidy for county i divided by the trailing 5-year 

average yield for t-1 through t-5)*Planted Acres. PRORit-1 is the percentage rate of return 

or ratio between total indemnity and producer premium costs in t-1 as a percentage. 

REVINDEXit is the revenue index of cotton competing crops (corn, rice, sorghum, 

soybeans and wheat) based on Crop Revenue Coverage (CRC) planting prices and loan 

rates for county i, and is described in more detail later. Error terms of and 

correspond to the fixed effects standard linear simultaneous equation model (Cornwell et 

al., 1992) for the results presented. 

Variables included to capture the influences of market and government incentives 

and technology on farmer's decision making include E[Pcot], YLD, and the interaction 

term between these two variables. E[Pcot,it] is calculated using RMA’s Crop Revenue 

Coverage price (generally determined by nearby December futures prices in February) 

plus the ‘November state basis’ to incorporate state level supply and demand conditions. 

The expected Loan Deficiency Payment is incorporated into the basis value to capture the 
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effect of government price support programs on the price the producer expects to obtain 

at planting. The December futures price in February is chosen because the sales closing 

date for cotton insurance is in February and this is about the latest date that producers can 

significantly alter their planting decisions for the upcoming cropping year. Basis is the 

difference between the lagged state price a county resides in and the average of the 

lagged Friday December futures prices during the last quarter the contract is traded. This 

is the most recent basis information available and December corresponds to when a large 

percentage of the new crop cotton is marketed. If the Adjusted World Price (AWP) is 

below 52 cents per lb. when producers sell their cotton they are eligible to receive this 

difference on their sales. Thus, the expected Loan Deficiency Payment (LDP) or “market 

gain” is constructed as: 

 (3) 

[ ] [ ]t t tE AWP DecFutFeb E BasisLDP= +  (4) 

[ ] 1 1t t tE BasisLDP AIndexlq DecFutlq− −= −   (5) 

where Aindexlqt-1 and DecFutlqt-1 are averages of the monthly prices of the “A” Index 

(National Cotton Council of America)1 and New York Cotton Exchange December 

Futures (AMS/USDA) during the last quarter of the calendar year in t-1 and  is a 

random draw from a lognormal distribution that is based on differences between E[

] and .  Aindexlqt-1 minus DecFutlqt-1 provides an expectation for 

1 Monthly prices from the National Cotton Council of America (http://www.cotton.org/econ/prices/monthly.cfm) 
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what the upcoming “basis” for the Loan Deficiency Payment will be for year t. 

DecFutFebt is the December Futures prices in February for the last four Fridays prior to 

the February sales closing date for cotton.  

The effect of competing crops (corn, rice, sorghum, soybeans and wheat) on 

cotton acreage are also considered. To compare relative revenue and competition for 

cotton acreage, a Laspeyres Revenue Index (REVINDEXit) of the selected competing 

crops, with 1996 as the base year, was constructed as 

 

5
, , 1 , 

1 , 1996 , 1996 1, 2, 3, 4, 5, 

*
*

k it k it k it
it

k k i k i it it it it it

E P YLD acres
REVINDEX

P YLD acres acres acres acres acres
−

=

          + + + +
=


∑  (6) 

 (7) 

 (8) 

where the expected price for each competing crop of corn, rice, sorghum, soybeans and 

spring wheat (k=1,2,3,4,5) or  is constructed using RMA’s CRC Planting Price 

(RMAPlantP). This planting price is constructed using futures prices for the upcoming 

crop prior to the crop’s sales closing date. If this planting price plus the expected basis 

(annual state price minus RMA’s planting price for the prior year) is less than the County 

Loan Rate (CLRk,it) level, then the CLR is used as the expected price. Note that prices 

used in the computation are primarily determined at the state-level while all acreage 

values are measured at the county-level. Using this measure, more weight is given to the 

relatively larger competing crops in a county. REVINDEX has a mean of 0.874 for the 
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U.S, 0.931 for the Delta region and 0.588 for the West which has the lowest value. An

increase in REVINDEX is expected to decrease PCOTACRES. This variable is also used 

as an instrument for PCOTACRES equation.  

YLDVAR is included to capture yield variability among counties. YLDVAR is 

calculated as the ratio of the t-1 to t-10 trailing standard deviation to the corresponding 

trailing mean. To avoid losing a large number of observations, counties with at least two 

years of historical yield over the ten-year period are considered. Counties facing high 

yield risks are expected to increase participation. 

In order for the system of equations to be identified, instruments are used for the 

insurance participation and percent of cotton planted equation. SUBSIDYPERLB and 

PROR are used as instruments for the insurance participation equation while REVINDEX 

is used as an instrument in the percent cotton planted equation. These instruments are 

valid in the sense that SUBSIDYPERLB and PROR should not directly influence the % of 

acreage planted to cotton and REVINDEX should not directly influence insurance 

participation. Descriptive statistics of the variables are summarized in table 1. 

The literature measures crop insurance participation in different ways. The earlier 

way of measuring crop insurance participation is simply the ratio of insured to total acres 

planted or in a binary model participation has a value of 1 when insurance is purchased 

and 0 otherwise. Goodwin (1993) proposes an alternative approach to measuring 

participation by considering changes in buy-up coverage levels. Goodwin et al. (2004) 

argue that one can increase insurance participation without increasing acres insured by 

merely increasing the coverage level, which is reflected in total liability. Similarly, the 
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denominator for PINSUR equals the total possible liability or maximum liability by 

multiplying the 5-year historical average yield for a county by the price election for a 

given year times the maximum price election coverage of 85%. 

The introduction of Bt cotton has shifted the competitive advantage of production 

for many regions, particularly those susceptible to bollworms. Higher Bt adoption rates 

would appear to be associated with increased plantings for these regions. On the other 

hand, the effect of Bt adoption on insurance participation is expected to be positive 

because a higher rate of adoption would imply more vulnerable acres even though Bt 

cotton reduces production risk. Table 1 shows how Bt cotton adoption varies by region. 

The Delta region has an average Bt adoption rate of 79.3% representing the highest value 

among the four regions. The Western region has the lowest average Bt adoption rate 

(39.2%). 

The counties can be grouped into 4 distinct production regionsii namely Delta, 

Southeast, Southwest and West regions. Crops yields, prices and hydrological conditions 

differ across production regions. Among the four regions, insurance participation is 

highest in the Southeast region (56.9%) over the sample period. The Southwest region is 

not far behind at 54.0% and this region is characterized by having many counties with 

relatively low cotton yields, prices, and high yield variability a production risk. 

Conversely, insurance participation is lowest in the West region (37.6%) where cotton 

yields and prices are highest and production risk is lowest. Examining the subsidy per 

unit of production across different production regions, rates are highest for the Southwest 
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(5.4 cents/lb.) and lowest for the West (1.6 cents/lb.).  Do counties in riskier areas benefit 

more from the subsidized crop insurance?  

Results 
 
Based on figure 2a, total cotton acreage for U.S overall decreased from 1996 to 

1998, slowly increased from 1999 to 2001, and then declined in 2002. In 1995, the year 

with the highest percent of acreage insured, about 57% of the insured acreage was under 

CAT while only 43% under BUP coverage. High CAT participation is associated with 

1994 crop insurance legislation which mandated participation in at least CAT to be 

eligible for farm commodity programs. But this requirement was rescinded in the 1996 

Farm Bill. A series of subsidy increases followed to encourage insurance participation 

and in effect, insured acreage increased, especially for BUP levels. In 2001, about 76% of 

the insured acreage was under BUP while CAT only comprised 24% of the total acreage 

insured. From 2007 onward, the insured acreage under CAT decreased steadily going 

from 25% in 2007 to 8% in 2016, with a slight increase between 2010 and 2011. From 

2000 to 2002, about 56% of the insured acreage was at the 65% coverage level or greater.  

According to figure 2b, the U.S insured acreage coverage trends do not necessarily reflect 

the regional trends. When comparing the U.S trends with the regions, the Southeast 

region has the closest patterns to the U.S. in term of insured acreage coverage types. 

Unlike other regions, in the Southwest region, the insured acreage under BUP coverage 

are much higher even after the mandated participation in at least CAT to be eligible for 

farm commodity programs introduced in 1995. Within the 1996-2016 time period, the 
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lowest percentage of insured acreage under BUP coverage is around 78% (in 1996) and 

the highest is close to 98% (in 2014). 

 
Fixed Effects and Marginal Effects 

 
Following Goodwin et al. (2004) a simultaneous framework is employed to 

estimate the effect of subsidized crop insurance program on the percentage of cropland 

planted to cotton for counties across the Cotton Belt. The equations are simultaneous 

because acreage decisions and crop insurance program participation decisions are made 

at the same time. Unlike Goodwin et al. (2004), a panel data structure and fixed effects 

specification was applied. It can be argued that  is correlated with the explanatory 

variables. For example, the location of the county, size of county, and land quality can be 

correlated with the regressors. Therefore, correlation between  and the explanatory 

variables are assumed. Another reason for choosing the fixed effects model is that the 

counties observed are not randomly sampled but more or less exhaust the population. 

Parameter estimates for equations 1 and 2 are given in table 2.  

 
Insurance Participation 
 

Using equations (1) and (2) we derived the different marginal effects on Insurance 

Participation. Replacing PCOTACRES in (1) by its value in (2), equation (1) can be 

rewritten as: 

(8) 
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and then, 

(9) 

As an example, from (9) we have derived the marginal effect of Subsidy per pound of 

production on PINSUR as follow: 

(10) 

Instruments used for the insurance equation are SUBSIDYPERLB and ROR. The estimate 

of ROR in the insurance equation shows a positive and significant association between 

ROR and crop insurance participation (PINSUR) for the Delta, the Southeast and the 

Southwest regions. However, the magnitude of impact is very low. Results show that a 

1% increase in the ROR is associated with an average increase in insurance participation 

of 0.06% for the entire U.S, 0.12% for Delta, 0.05% for the Southeast and 0.15% for the 

Southwest.  

Our sample data shows (Table 1) that in general, counties that receive higher subsidy per 

lb. of production are counties where yields are relatively low and yield variability are the 

highest (Southeast and Southwest regions). Because subsidy rates are structured as a 

percentage of total premiums, it favors high risk and or low yielding counties. Keeton and 

Skees (1999) suggest targeting a per unit of production subsidy so that subsidies will no 

longer favor high-risk regions at a cost to low-risk regions.  

1 1 1 1 2 4 1 3 5

1 4 6 1 5 7 1 6 8

1 7 2 3 1 2

(1 ) E[ ]( ) ( )
E[ ] ( ) ( ) ( )

cot

cot

PINSUR P YLD
P YLD YLDVAR PBT

REVINDEX SUBSIDYPERLB PROR

β δ α β γ β δ β β δ β
β δ β β δ β β δ β

β δ β β β µ µ

− = + + + + +
+ + + + + +
+ + + + + +

2

1 1

( )
( ) 1

PINSUR
SUBSIDYPERLB

β
β δ

∂
=

∂ −

48



SUBSIDYPERLB is highly significant and positive for the U.S and all regions. Results of 

marginal effects in Table 3, suggest for the U.S overall, if SUBSIDYPERLB increases by 

one Cent per pound, then PINSUR also increases 4.99%. As for the regions, the highest 

percent increase of PINSUR is noticed in the West (7.03%) followed by the Delta 

(6.49%), the Southeast (5.23%) and the Southwest (4.72%).  

Table 1 shows that the Southeast and Southwest have the highest yield variability 

and levels of insurance participation while the West has the lowest yield variability and 

level of insurance participation. High insurance participation among counties having 

relatively higher yield variability or unstable yields can be explained by the high level 

risks that could be associated to production within these counties. Our results (Table 3) 

suggest that the correlation of yield variability and insurance participation is only 

significant in the Southeast region where a 1% increase of YLDVAR is implied to cause a 

decrease of PINSUR by 13.22%. 

Bt cotton reduces production risk and may also be seen as contributing to reduce 

yield risk. However, Bt cotton is also relatively expensive compared to non-transgenic 

varieties and the producer may be insuring more to protect the repayment of their 

investment. Bt cotton adoption rates and insurance participation are positively correlated 

and significant for U.S overall as well as the regions except the West (Table 3). 

According to our results, a 1% increase of Bt adoption rate causes 20.51% increase of 

PINSUR for the U.S overall.  The Delta region has the highest PINSUR percentage 

increase response (33.60%) caused by a 1% increase of Bt adoption rate, followed by the 

Southeast (27.25%) and the Southwest (15.58%).  
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Acreage Response 

Replacing PINSUR in (2) by its value in (1), the equation (2) can be rewritten as follow: 

1 1 2 3

4 5 6 7 8 1 2

3 4 5 6 7 2

(
E[ ] E[ ] ) E[ ]

E[ ]
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1 1 1 1 2 1 3

1 4 2 1 5 3 1 6 4 1 7 5

1 8 6 7 1 1 2

(1 )
( )E[ ] ( ) ( )E[ ] ( )
( )

cot cot

PCOTACRES SUBSIDYPERLB PROR
P YLD P YLD YLDVAR

PBT REVINDEX

δ β γ δ α δ β δ β
δ β δ δ β δ δ β δ δ β δ
δ β δ δ δ µ µ

− = + + +
+ + + + + + + +
+ + + + +      (12) 

From equation (12) we can derive the marginal effects. The marginal effect of yield 

variability on percent acres planted is  

 
1 7 5
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+∂

=
∂ −  (13) 

 

For the PCOTACRES equation, the instrument is Revenue Index of Competing 

Crops (REVINDEX). The estimates for REVINDEX are significant and negative for all 

region except for the West where the results imply that competing crops have no effect 

on the percent of cotton acreage. Results suggest that a 1-point increase of REVINDEX 

causes PCOTACRES to decrease by 1.56% for the U.S overall, 1.51% for Delta, 0.70% 

for the Southeast and 1.56% for the Southwest. An increase in the expected revenue of 

these competing crops causes a decrease in cotton plantings in the Delta, Southeast and 

Southwest regions. The effect of YLDVAR on cotton acreage is negative and significant 

only for U.S overall and the Delta Region.  
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The effect of Bt cotton adoption on PCOTACRES is negative and significant for 

the U.S overall and the regions except the West. The Southeast and the Delta regions 

have the highest PCOTACRES percent response with respectively a decrease of 6.49% 

and 6.27% caused by a 1% increase of Bt cotton adoption rate. While higher adoption is 

generally associated with a technology shift and competitive advantage for a region like 

the Delta with the highest percentage of Bt adoption, the need for resistance management 

may shift to alternative crops.  

We found that there is a positive and significant correlation between PINSUR and 

PCOTACRES for the U.S overall and the Southwest. This implies than an increase of 

PINSUR causes an increase of PCOTACRES.  Our findings suggest that 1 percentage 

point increase of PINSUR causes an increase of PCOTACRES by 2.13 percentage point 

for the U.S overall and 6.61 percentage point increase for the Southwest. Results suggest 

the opposite for the Delta where a 1 percentage point increase of PINSUR is associated 

with a decrease of PCOTACRES by 13.62 percentage point. There is no evidence of a 

correlation between the two variables for the Southeast and the West.  

Results show no evidence of the effect of SUBSIDYPERLB on PCOTACRES in the 

Southeast and the Western regions. However, for the U.S overall (respectively the 

Southwest) it is inferred that a one cent per pound increase in SUBSIDYPERLB causes 

0.11% (respectively 0.31%) increase of PCOTACRES. The opposite is suggested for the 

Delta region where, on average one cent per pound increase in SUBSIDYPERLB leads to 

a 0.88 percentage point decrease of PCOTACRE.  
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Marginal Effects of Expected Price Given Yield 

Generally, counties that exhibit the highest cotton yields are those that are 

irrigated or have the lowest production risk. Prices are also relatively higher for irrigated 

counties due to better overall quality. Average prices for the West are 79.7 cents/lb. while 

they are 69.9 for the Southwest. On the other hand, dryland production or counties with 

limited rainfall can be characterized with relatively low yields and high production risks. 

Prices are also generally lower, due in large part to lower quality, as evidenced by lower 

average state prices 

The effects of E[Pcot,it] and YLDit-1 plus their interaction term, E[Pcot,it]YLDit-1, on 

insurance participation and on PCOTACRES are also included in the model. We 

calculated these latter marginal effects and generated graphs using different yield values 

(0 to 1900 with an increment of 50). 

Insurance Participation Response  

From equation (9), we can derive the marginal effect of cotton expected price on 

PINSUR given expected yield.  

  (14) 

Based on the parameter estimates and standard errors, for the U.S overall (Figure 

3) and the Southwest (Figure 5), the marginal effects of E[Pcot,it] on insurance

participation suggest that an increase in the price expectation causes a decline in 

insurance participation among counties with relatively higher yields. Higher yield 
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counties have a greater response compared to counties with lower yields. A similar 

pattern is noticeable for the Delta and the Southeast regions (Figure 5) where an increase 

(decrease) in price expectation causes a decrease (increase) in insurance participation for 

counties with relatively high yield expectations. The Western region results show that 

lower yield counties have a greater response suggesting increase (decrease) in price 

expectation causes a decrease (increase) in insurance participation. The correlation 

between expected price and insurance participation is positive for counties with very low 

yield but not significant for a 95% confidence interval. This is illustrated by the negative 

sign of the marginal effect for counties yields less 1,500 pounds per acres (Figure 5). 

In counties where yields are relatively high, crop insurance participation will decline with 

a high expected price because the probability of receiving indemnity payments in these 

counties is low. However, a lower price expectation may cause counties with very high 

yields to insure more. On the other hand, counties with very low yields behave 

differently. This finding is very interesting and has important policy implications. 

Further, we computed marginal effects of E[Pcot,it] on insurance participation for the U.S 

overall and for each region at their mean yield values. The association between expected 

price and insurance participation is significant and negative for the U.S overall and the 

regions except for the West where the results ae not significant (Table 3). 

Acreage response 

Similar to the insurance participation, we derived the marginal effect of expected 

price on PCOTACRES given yield using equation (12), The marginal effect is defined as:  
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The marginal effect of E[Pcot,it]  on cotton acreage is given in Figure 4 for the U.S overall 

and in Figure 6 for the regions. The direction of the effect is different to figure 5 for the 

Southeast and the West. In the Southeast, the marginal impact of price is increasing in 

yield. That is, an increase in the expected price has a smaller impact on acreage and there 

is more acreage response from counties with extremely higher yields. In contrast, in the 

West the marginal impact of price is decreasing when yield increases (Figure 6). This 

may indicate that counties with extremely high yields are those that are irrigated. 

However, the magnitude of the acreages response is low. Because of limited irrigation 

water, these counties are not able to respond as much as counties with dry land 

agriculture. Another intuition is that since yield is very high in these counties, it can be 

argued that the current land quality being used is also high. An increase in acreage 

response due to changes in price expectation may suggest bringing less productive land 

into cotton production. Therefore, when yields are very high, an increase in price results 

in a smaller impact on acreage because the options for putting more land into production 

are limited. 

Conclusions and Implications 

Insurance participation for cotton and its effect on the percent of cropland planted 

to cotton is examined for the entire U.S. cotton belt, and not just one or two regions. The 

1996 Freedom to Farm Bill allowed for the first time in decades for producers to respond 

to market and crop insurance incentives more than previously. Using simultaneous 
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equations for crop insurance participation and the percentage of cropland planted to 

cotton, results show that counties with extremely low yields, usually those in rainfed or 

dryland regions, have more response to insurance participation compared to those with 

very high yields as the price expectation goes up. Moreover, counties with extremely low 

yields respond more to changes in expected price than counties with relatively high 

yields. An important policy implication of this result is that price supports are likely to 

benefit counties more that have relatively greater production risks. Furthermore, higher 

insurance subsidies lead to greater insurance participation and cotton production in 

relatively riskier counties.  

The estimated acreage response from insurance participation is negatively 

significant for the Southwest and positively significant for the Delta. No evidence of an 

acreage response resulting from insurance participation was found for the Southeast and 

Western regions. The insignificance of all variables for the West suggest that the 

cropping decisions in the irrigated region have not been affected much by crop insurance, 

as also indicated by the relatively low subsidy received per pound of production. The 

negative and significant correlation between insurance participation and the percentage of 

cotton acres planted in the Delta, Southeast, and Southwest was not expected. However, 

the Energy Policy Act of 2005 is believed to have contributed to the decline in the 

percentage of cropland planted to cotton for these regions, particularly given the run-up 

in corn prices that occurred before other commodities. While a Laspeyres Revenue Index 

of competing crops was considered for wheat, corn, and soybeans, further research is 

needed to develop a more precise and quicker reaction to competing commodity crops 
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and subsidized crop insurance. In addition, crop insurance subsidies have been increasing 

for all program commodities and not just cotton over the 1995 to 2016-time period 

considered.  

Several studies have investigated the effects of crop insurance on pest control 

inputs, through the use of chemicals and pesticides (e.g. Horowitz and Lichtenberg, 1993; 

Smith and Goodwin, 1996; Mishra, Wesley Nimon, and El-Osta, 2005). There is an 

argument for the causality running from insurance to Bt adoption. In their study, Smith 

and Goodwin, (1996),  found that wheat producers jointly decide the amount of chemical 

inputs to use and crop insurance. In our study, BT is also used as a method for pest 

control. This suggests a possible two-way relationship between crop insurance and Bt, 

and the appropriateness of using simultaneous equations estimation approach. I estimated 

our model without using the Bt adoption rate as an explanatory variable, and some results 

changed (see appendix Tables A1 and A2). An important future research question would 

be to explore the possible two-way relationship between Bt cotton adoption and crop 

insurance, and acreage planting decisions. 
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Table 1.  Summary Statistics of Variables 

Region 
(# of observations) 

Delta Southeast Southwest West U.S. 
(1,647) (4,036) (3,310) (479) (9,472)

Dependent variables 

PINSURit
 0.432 

(0.203) 
0.569 

(0.221) 
0.540 

(0.236) 
0.378 

(0.192) 
0.525 

(0.230) 

PCOTACRESit
 0.146 

(0.123) 
0.194 

(0.150) 
0.175 

(0.204) 
0.102 

(0.106) 
0.174 

(0.167) 
Independent variables 

SUBSIDYPERLBit
 0.024 

(0.016) 
0.042 

(0.024) 
0.054 

(0.036) 
0.016 

(0.018) 
0.042 

(0.030) 

PRORit-1
 2.587 

(8.47) 
2.572 

(8.708) 
2.821 

(5.733) 
2.489 

(5.405) 
2.657 

(7.599) 

E[Picot,it ] 0.739 
(0.187) 

0.746 
(0.191) 

0.699 
(0.171) 

0.797 
(0.195) 

0.731 
(0.186) 

YLDit-5
 803 

(162) 
689.86 

(141.56) 
583 

(238) 
1,146 
(293) 

695 
(232.20) 

E[Picot,it ] YLDit-5
 591.3 

(177.8) 
515.9 

(166.9) 
409.3 

(195.7) 
925 

(356) 
512.4 

(224.7) 

YLDVARit
 0.184 

(0.066) 
0.238 

(0.075) 
0.274 

(0.107) 
0.163 

(0.074) 
0.237 

(0.093) 

PBTit
 0.793 

(0.249) 
0.757 

(0.249) 
0.511 

(0.357) 
0.392 

(0.366) 
0.659 

(0.327) 

RREVINDEXit
 0.931 

(0.532) 
0.882 

(0.655) 
0.879 

(0.614) 
0.588 

(0.753) 
0.874 

(0.630) 
Other descriptors 

Cotton Planted acres 28,109 
(35,373) 

13,924 
(14,103) 

39,258 
(64,098) 

24,108 
(38,909) 

25,793 
(44,0043) 

Total Cropland acres 176,107 
(107,082) 

69,096 
(39,400) 

205,664 
(117,083) 

298,672 
(286,862) 

147,406 
(129,758) 

Cotton Insured acres 24,926 
(31,507) 

13,116 
(13,485) 

37,627 
(62,903) 

20,236 
(33,790) 

24,124 
(42,511) 

Mean values are above the sample standard errors in parentheses.  
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Table 2. Parameter estimates of simultaneous equations of percent insurance participation and percent cotton planted 

Dependent 
Variable 

Equation for PINSURit  
(insured/max insurance at 85% coverage level) 

Equation for PCOTACRESit  
(cotton planted/Total county cropland acres) 

  
Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

 
Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Intercept 
 0.01004 * 
(0.00553) 

 0.00591 *** 
(0.00200) 

 0.00222 
(0.00238) 

 0.04271 
(0.11589) 

 0.00344 ** 
(0.00135) 

-0.00107 
(0.00160) 

 0.00001 
(0.00092) 

 0.00044 
(0.00091) 

 0.00274 
(0.00199) 

 0.00048 
(0.00061) 

E[Picot,it ] 
 0.41858 *** 
(0.16066) 

 0.23851 *** 
(0.08066) 

-0.02037 
(0.03550) 

 0.48213 
(2.01453) 

-0.06395 *** 
(0.02281) 

-0.01438 
(0.04535) 

-0.12123 *** 
(0.02444) 

 0.01020 
(0.01366) 

 0.03886 
(0.04536) 

 0.01354 
(0.01035) 

YLDit-5 
 0.00088 *** 
(0.00023) 

 0.00060 *** 
(0.00010) 

 0.00010 ** 
(0.00005) 

-0.00142 
(0.00382) 

 0.00012 *** 
(0.00003) 

-0.00014 *** 
(0.00005) 

-0.00015 *** 
(0.00003) 

 0.00003 * 
(0.00002) 

-0.00009 *** 
(0.00003) 

-0.00002 * 
(0.00001) 

E[Picot,it ] YLDit-5 
-0.00032 
(0.00021) 

-0.00059 *** 
(0.00012) 

-0.00019 *** 
(0.00006) 

-0.00070 
(0.00229) 

-0.00012 *** 
(0.00003) 

-0.00014 ** 
(0.00006) 

 0.00018 *** 
(0.00004) 

-0.00002 
(0.00002) 

-0.00005 
(0.00004) 

-0.00004 *** 
(0.00002) 

YLDVARit 
 0.49695 *** 
(0.16931) 

-0.12439 *** 
(0.04309) 

 0.03255 
(0.03437) 

-0.70605 
(1.65962) 

-0.02867 
(0.02436) 

-0.13916 *** 
(0.03593) 

 0.01508 
(0.01939) 

-0.02093 
(0.01302) 

-0.03961 
(0.05021) 

-0.01871 * 
(0.01095) 

PBTit 
 0.49331 *** 
(0.06286) 

 0.23928 *** 
(0.03427) 

 0.14344 *** 
(0.01181) 

-0.02032 
(0.28404) 

 0.18366 *** 
(0.00841) 

-0.01691 
(0.01166) 

-0.06463 *** 
(0.00666) 

-0.03197 *** 
(0.00468) 

-0.00254 
(0.01217) 

-0.03942 *** 
(0.00369) 

SUBSIDYPERLBit 
 8.70577 *** 
(0.89451) 

 5.22979 *** 
(0.12370) 

 4.89976 *** 
(0.14006) 

 4.82611 
(4.91776) 

 5.05346 *** 
(0.07327)      

PRORit-1 
 0.00125 ** 
(0.00063) 

 0.00048 * 
(0.00025) 

 0.00149 *** 
(0.00043) 

 0.00120 
(0.01794) 

 0.00060 *** 
(0.00019)  

 
   

RREVINDEXit      
-0.02023 *** 
(0.00361) 

-0.00696 *** 
(0.00158) 

-0.01622 *** 
(0.00169) 

 0.00116 
(0.00369) 

-0.01578 *** 
(0.00110) 

PCOTACRESit 
 2.51260 *** 
(0.81771) 

-0.51148 
(0.49711) 

-0.56833 ** 
(0.28277) 

-15.89758 
(39.80440) 

-0.61021 *** 
(0.15469)      

PINSURit  
 
  

 
 

-0.13617 *** 
(0.01967) 

-0.00081 
(0.01075) 

 0.06611 *** 
(0.00823) 

-0.01971 
(0.02836) 

 0.02129 *** 
(0.00654) 

Notes: Numbers in parentheses are estimated standard errors. Single, double, and triple asterisks (*, **, ***) indicate statistical 
significance at the 10%, 5%, and 1% level. 
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Table 3: Marginal Effects Results 
 
 
 
Variable 

Equation for PINSURit  
(insured/max insurance at 85% coverage level) 

Equation for PCOTACRESit  
(cotton planted/Total county cropland acres) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Expected Price 
Given mean yield 

-0.11491 *** 
(0.01906) 
 

-0.16791 *** 
(0.01190) 
 

-0.12183 *** 
(0.01475) 
 

-0.05230 
(0.03534) 
 

-0.13374 *** 
(0.00781) 
 

-0.10879 *** 
(0.01011) 
 

 0.00233 
(0.00535) 
 

-0.01232 ** 
(0.00540) 
 

-0.01647 
(0.01063) 
 

-0.02052 *** 
(0.00344) 
 

YLDVARit  0.10975 
(0.06791) 
 

-0.13216 *** 
(0.04301) 
 

 0.04284 
(0.03427) 
 

-0.11109 
(0.24925) 
 

-0.01703 
(0.02456) 
 

-0.15410 *** 
(0.03598) 
 

 0.01519 
(0.01932) 
 

-0.01810 
(0.01255) 
 

-0.03742 
(0.04926) 
 

-0.01908 * 
(0.01083) 
 

PBTit  0.33590 *** 
(0.01767) 
 

 0.27245 *** 
(0.01079) 
 

 0.15576 *** 
(0.01046) 
 

 0.02913 
(0.05561) 
 

 0.20506 *** 
(0.00664) 
 

-0.06265 *** 
(0.00935) 
 

-0.06485 *** 
(0.00485) 
 

-0.02167 *** 
(0.00383) 
 

-0.00311 
(0.01137) 
 

-0.03506 *** 
(0.00293) 
 

RREVINDEXit -0.03787 *** 
(0.00696) 
 

 0.00356 
(0.00351) 
 

 0.00888 ** 
(0.00446) 
 

-0.02684 * 
(0.01538) 
 

 0.00950 *** 
(0.00245) 
 

-0.01507 *** 
(0.00368) 
 

-0.00696 *** 
(0.00158) 
 

-0.01563 *** 
(0.00162) 
 

 0.00169 
(0.00349) 
 

-0.01558 *** 
(0.00108) 
 

SUBSIDYPERLBit  6.48647 *** 
(0.24069) 
 

 5.23197 *** 
(0.12512) 
 

 4.72234 *** 
(0.10260) 
 

 7.02818 *** 
(2.29828) 
 

 4.98864 *** 
(0.07326) 
 

-0.88327 *** 
(0.12764) 
 

-0.00426 
(0.05626) 
 

 0.31218 *** 
(0.03733) 
 

-0.13852 
(0.19359) 
 

 0.10623 *** 
(0.03228) 
 

PRORit-1  0.00093 ** 
(0.00042) 
 

 0.00048 * 
(0.00025) 
 

 0.00144 *** 
(0.00041) 
 

 0.00175 
(0.02426) 
 

 0.00060 *** 
(0.00018) 
 

-0.00013 ** 
(0.00006) 
 

-0.0000004 
(0.00001) 
 

 0.00009 *** 
(0.00003) 
 

-0.00003 
(0.00049) 
 

 0.00001 ** 
(0.00001) 
 

PCOTACRESit  2.51260 *** 
(0.81771) 

-0.51148 
(0.49711) 

-0.56833 ** 
(0.28277) 

-15.89758 
(39.80440) 

-0.61021 *** 
(0.15469) 

     

PINSURit   
 

   -0.13617 *** 
(0.01967) 

-0.00081 
(0.01075) 

 0.06611 *** 
(0.00823) 

-0.01971 
(0.02836) 

 0.02129 *** 
(0.00654) 

Notes: Numbers in parentheses are estimated standard errors. Single, double, and triple asterisks (*, **, ***) indicate statistical 
significance at the 10%, 5%, and 1% level.  
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Figure 1. Expected Premium Subsidy per Pound of Production Levels and Acres of 
Upland Cotton Planted for California and Texas, 1996-2016 (in sample data)  
 

 

Figure 2a. Insured U.S. upland cotton acreage by coverage levels, 1996-2016 (in sample 
data)
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Figure 2b. Insured U.S. upland cotton acreage by coverage levels and by Region, 1996-2016 (in sample data)
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Figure 3.  Marginal effects of expected price on insurance participation given yield 
expectation. 

Figure 4. Marginal effects of expected price on percentage of cotton planted given 

yield expectation

Max = 1884 Min = 96 
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Figure 5. Marginal effects by Region of expected price on insurance participation given yield expectation 
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Figure 6. Marginal effects by Region of expected price on percentage of cotton planted given yield expectation 
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Appendix 

Table A1. Parameter estimates of simultaneous equations of percent insurance participation and percent cotton planted 
(WITHOUT BT) 

Dependent 
Variable 

Equation for PINSURit  
(insured/max insurance at 85% coverage level) 

Equation for PCOTACRESit  
(cotton planted/Total county cropland acres) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S
(9472) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S
(9472) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Intercept 
 0.00041 
(0.00446) 

 0.00152 
(0.00223) 

-0.00001
(0.00245)

 0.04033 
(0.08413) 

 0.00000 
(0.00141) 

-0.00076
(0.00159)

 0.00135 
(0.00091) 

 0.00089 
(0.00090) 

 0.00276 
(0.00198) 

 0.00118 * 
(0.00060) 

E[Picot,it ] 
-0.20456 *
(0.12370)

 0.24639 *** 
(0.08746) 

-0.00978
(0.03648)

 0.43416 
(1.36263) 

-0.05804 **
(0.02371)

 0.00798 
(0.04421) 

-0.11976 ***
(0.02446)

 0.00723 
(0.01350) 

 0.03687 
(0.04410) 

 0.01022 
(0.01027) 

YLDit-5 
 0.00067 *** 
(0.00018) 

 0.00088 *** 
(0.00014) 

 0.00032 *** 
(0.00005) 

-0.00134
(0.00280)

 0.00039 *** 
(0.00003) 

-0.00014 ***
(0.00005)

-0.00020 ***
(0.00003)

-0.00001
(0.00002)

-0.00010 ***
(0.00003)

-0.00007 ***
(0.00001)

E[Picot,it ] YLDit-5 
 0.00026 
(0.00019) 

-0.00067 ***
(0.00014)

-0.00018 ***
(0.00007)

-0.00064
(0.00155)

-0.00016 ***
(0.00004)

-0.00016 ***
(0.00006)

 0.00018 *** 
(0.00004) 

-0.00003
(0.00002)

-0.00005
(0.00004)

-0.00004 ***
(0.00002)

YLDVARit 
 0.26895 ** 
(0.12825) 

-0.10577 **
(0.04582)

 0.09242 *** 
(0.03555) 

-0.66381
(1.23849)

 0.01041 
(0.02545) 

-0.13614 ***
(0.03591)

 0.00538 
(0.01936) 

-0.03062 **
(0.01279)

-0.03937
(0.05015)

-0.02590 **
(0.01085)

SUBSIDYPERLBit 
 8.06970 *** 
(0.70272) 

 6.30434 *** 
(0.21356) 

 5.45229 *** 
(0.12163) 

 4.89229 
(4.40390) 

 5.84646 *** 
(0.06981) 

PRORit-1 
 0.00071 
(0.00055) 

 0.00073 *** 
(0.00026) 

 0.00149 *** 
(0.00044) 

 0.00081 
(0.01243) 

 0.00073 *** 
(0.00019) 

RREVINDEXit 
-0.02087 ***
(0.00360)

-0.00742 ***
(0.00159)

-0.01539 ***
(0.00167)

 0.00134 
(0.00360) 

-0.01525 ***
(0.00109)

PCOTACRESit 
 1.50092 ** 
(0.59467) 

-0.89643 *
(0.47746)

-0.36733
(0.29928)

-14.95900
(27.58548)

-0.51837 ***
(0.16364)

PINSURit 
-0.02087 ***
(0.00360)

-0.00742 ***
(0.00159)

-0.01539 ***
(0.00167)

 0.00134 
(0.00360) 

-0.01525 ***
(0.00109)

Notes: Numbers in parentheses are estimated standard errors. Single, double, and triple asterisks (*, **, ***) indicate statistical 
significance at the 10%, 5%, and 1% level. 
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Table A2: Marginal Effects Results (WITHOUT BT) 
 
 
 
Variable 

Equation for PINSURit  
(insured/max insurance at 85% coverage level) 

Equation for PCOTACRESit  
(cotton planted/Total county cropland acres) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

Delta 
(1647) 

SE 
(4036) 

SW 
(3310) 

West 
(479) 

U.S 
(9472) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Estimate 
(Std. Err) 

Expected Price 
Given mean yield 

-0.14827 *** 
(0.02094) 

-0.23560 *** 
(0.01248) 

-0.10987 *** 
(0.01522) 

-0.05002 * 
(0.02958) 

-0.15902 *** 
 (0.00815) 

-0.10268 *** 
(0.01020) 

 0.01843 *** 
(0.00533) 

-0.01394 ** 
(0.00542) 

-0.01668 
(0.01086) 

-0.01620 *** 
(0.00345) 

YLDVARit  0.05362 
(0.07490) 

-0.11581 ** 
(0.04628) 

 0.10211 *** 
(0.03517) 

-0.11094 
(0.20051) 

 0.02393 
(0.02573) 

-0.14346 *** 
(0.03643) 

 0.01121 
(0.01974) 

-0.02638 ** 
(0.01252) 

-0.03696 
(0.05024) 

-0.02608 ** 
(0.01090) 

RREVINDEXit -0.02600 *** 
(0.00766) 

 0.00696 * 
(0.00377) 

 0.00557 
(0.00459) 

-0.02966 *** 
(0.00961) 

 0.00793 *** 
(0.00257) 

-0.01732 *** 
(0.00372) 

-0.00777 *** 
(0.00161) 

-0.01516 *** 
(0.00163) 

 0.00198 
 (0.00349) 

-0.01531 *** 
(0.00109) 

SUBSIDYPERLBit  6.69666 *** 
(0.26601) 

 6.60205 *** 
(0.12112) 

 5.37035 *** 
(0.09596) 

 7.25295 *** 
(1.44553) 

 5.86952 *** 
(0.07080) 

-0.91479 *** 
(0.12958) 

-0.33210 *** 
(0.05174) 

 0.22307 *** 
(0.03398) 

-0.15781 
(0.18917) 

-0.04449 
(0.02994) 

PRORit-1  0.00059 
(0.00044) 

 0.00077 *** 
(0.00027) 

 0.00147 *** 
(0.00043) 

 0.00120 
(0.01735) 

 0.00073 *** 
(0.00019) 

-0.00008 
(0.00006) 

-0.00004 *** 
(0.00001) 

 0.00006 *** 
(0.00002) 

-0.00003 
(0.00038) 

-0.00001 
(0.000004) 

PCOTACRESit 1.50092 ** 
(0.59467) 

-0.89643 * 
(0.47746) 

-0.36733 
(0.29928) 

-14.95900 
(27.58548) 

-0.51837 *** 
(0.16364) 

     

PINSURit   
 

   -0.13660 ** 
(0.01909) 

-0.05030 *** 
(0.00767) 

0.04154 *** 
(0.00649) 

-0.02176 
(0.02577) 

-0.00758 
(0.00508) 

Notes: Numbers in parentheses are estimated standard errors. Single, double, and triple asterisks (*, **, ***) indicate statistical 
significance at the 10%, 5%, and 1% level.  
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Endnotes 

i However, most of the insured acreage in 1995 was under CAT as around only 30% of 

the total acreage insured was at Buy UP (BUP) levels. 

ii Southeast region includes Alabama, Florida, Georgia, North Carolina, South Carolina 

and Virginia; Delta region includes Arkansas, Louisiana, Mississippi, Missouri and 

Tennessee; Southwest region includes Kansas, Oklahoma and Texas; and West region 

includes Arizona, California and New Mexico. 
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APPENDIX C: SPATIAL AND TEMPORAL PATTERNS OF COTTON ACREAGE 
ABANDONMENT 

Ibrahima Sall, Georges Frisvold and Russell Tronstad 
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Spatial and Temporal Patterns of Cotton Acreage Abandonment 
 

Ibrahima Sall, George Frisvold and Russell Tronstad 

Abstract 

Incentives to abandon acreage depend on interactions between climate and weather, crop 

insurance, irrigation, changes in price expectations between planting and harvest, and related 

factors. This paper investigates and explores the combined effect of the above variables on the 

producer’s decision to abandon their cotton crop, building upon prior studies. Using a balanced 

panel data from 79 counties with complete data on variables considered within the U.S. Cotton 

Belt over 28 years, this empirical analysis explores to what extent irrigation, crop insurance 

participation, price change during the growing season, drought, and extreme weather explain 

crop abandonment rates. A spatial autoregressive model is employed to investigate the combined 

impacts of crop insurance participation, irrigation, weather and drought conditions on cotton 

acreage abandonment. Results indicate that insurance participation and severe/extreme drought 

encourage more cotton acreage abandonment in a county while irrigation and precipitation 

during the spring and summer months leads to less abandonment. 

 

Keywords: cotton abandonment, insurance participation, irrigation, drought, weather
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1. Introduction  
 

The economic reasons behind the abandonment of cotton acreage are understood using economic 

theory and principles, but quantifying the significance and magnitude of these relationships has 

had little formal investigation even though it is an important research subject (Chen 2005; Chen 

and Miranda 2007; Mulungu and Tembo 2015). The economic costs of cotton abandonment from 

a disaster and crop insurance perspective can have huge financial and economic repercussions.  

The costs associated with crop abandonment can be diverse and not only impact producers but 

also the social welfare costs to taxpayers and society.  Crop abandonment can lead to a loss of 

potential production associated with the acres that were planted.  Given that abandonment occurs 

after planting, resources associated with cotton planting (land preparation, seeds, fertilizers, etc.), 

on-farm labor hours and other losses associated with the marketing and processing of the cotton 

can have a negative impact on the industry and result in an overall inefficient use of resources to 

society. 

Thus, the potential losses associated with crop abandonment in economic terms can be 

substantial. In 2011, a severe drought caused cotton growers in Texas to abandon 55 percent of 

their planted acres with a huge loss of potential production estimated around $2.2 billion 

(Anderson et al., 2012). Given that $1.8 billion represents a ten-year average of the total value of 

cotton lint and cottonseed production in Texas, cotton growers in the state lost more market 

income in 2011 than they would normally make for an entire cotton crop (Anderson, Welch, and 

Robinson, 2012). 

As an illustration and using the 2011 acreage abandoned for corn, cotton, wheat and sorghum, I 

estimate the losses in terms of the percentage of acreage abandoned and the production losses in 

dollar values relative to normal production.  Table 1 shows a huge loss from normal production 
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levels with crop acres as follows:  8.057 million of corn, 5.272 million of cotton, 8.59 million of 

wheat and 3.945 million of sorghum representing $5.6 billion, $3.1 billion, $2.5 billion and 

$404.6 million.  

Table 1: 2011 U.S.  selected crop abandonment acres and losses relative to their respective ten-
year average production values 

2011 U.S crop abandonment  

  
Planted 

acres 
Harvested 

acres 
Abandoned 

acres 

Percent 
acreage 

abandoned  

Gross value 
production 
per acre1 

Potential 
production 

lost in $ 
Corn 91,936,000 83,879,000 8,057,000 8.76% 689.39 5,554,415,230 
Cotton 14,428,000 9,156,000 5,272,000 36.54% 588.0092 3,099,984,502 
wheat 54,277,000 45,687,000 8,590,000 15.83% 285.71 2,454,248,900 
Sorghum 5,451,000 3,945,000 1,506,000 27.63% 268.656 404,595,936 

1 Developed from survey base year, 2007. 
Source:  Compiled by ERS using Agricultural Resource Management Survey data and NASS. 
 
Using the top 10 indemnity amounts of damage claims for Upland Cotton from Risk 

Management Agency (RMA) of the USDA provides insight into factors that contribute to crop 

abandonment. As noted in table 2, drought caused damages have led to more than 5 million acres 

being abandoned resulting in almost a billion and a half dollars of indemnity claims. 

Table 2: 2011 Top 10 indemnity Amounts, Cotton Damage Causes and Acres damaged  

Top Damage Cause Description 
Determined 

Acres    
(in thousands) 

Indemnity 
Amount ($ 
millions) 

1 Drought                              5,240.07 1,465 
2 Hot Wind                             1,101.80 473 
3 Heat                                 620.97 228 
4 Wind/Excess Wind                     141.73 65 
5 Hurricane/Tropical Depression        161.55 36 
6 Hail                                 48.51 28 
7 Failure Irrig Supply                 33.49 18 
8 Flood                                57.85 18 
9 Excess Moisture/Precip/Rain          87.89 16 

10 Decline in Price                     146.36 12 
Source: RMA 
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Climate, weather, irrigation and indemnity claims from crop insurance are interrelated factors 

that I hypothesize will help explain crop abandonment. Incentives to abandon acreage depend on 

complex interactions between climate and weather, crop insurance, irrigation, changing price 

expectations between planting and harvest, etc. Building upon prior studies, this paper aims to 

investigate and explore the combined effect of the above variables on the producer’s decision to 

abandon their cotton crop.  The complexity of the interaction between the variables dictates the 

use of an integrated approach. To the best of my knowledge and literature search, this is the first 

analysis attempting to estimate the spatial and temporal patterns in U.S cotton acreage 

abandonment within the U.S. Cotton Belt at the county level, using a recursive approach. 

Mulungu and Tembo (2015) defined abandonment as a decision made by the farmer to stop 

cultivation of the field or some part of the field post-planting even when it is still viable due to 

some poor performance of the crop and committing to other crops given limited labor and other 

inputs where the prospects of better yields are higher. Following the definition provided above, 

abandonment can be computed as a ratio that equals the total planted acres less harvested acres 

divided by total planted acres (harvested-to-planted acres ratio) (Chen and Miranda, 2007a). 

A few authors have investigated crop abandonment (e.g., Chen 2005; Chen and Miranda 2007; 

Mulungu and Tembo 2015), using different approaches and have suggested several important 

factors contributing to crop abandonment. Drought and unfavorable weather conditions (rainfall 

and temperature changes) during the growing season can considerably decrease crop yield and 

therefore revenue expectations, leading producers to abandon their crops (Chen and Miranda 

2007; Mulungu and Tembo 2015). Challinor et al. (2010) argues that pest outbreaks are 

frequently blamed as a cause of crop abandonment and they are mainly influenced by climate 

conditions. A drop in the price between planting and harvest can also provide an economic 

incentive to abandon a crop.  That is, collecting on a yield loss from crop insurance can lead to 
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more revenue than harvesting the crop because the crop insurance payout may be based on a 

planting price that exceeds the expected harvest price due to a price decline (Chen & Miranda, 

2007). Poor soil conditions can also affect crop performance and therefore may contribute to 

more crop area being abandoned than otherwise (Mendelsohn, 2007; Xie, Wang, & Yao, 2014). 

Several researchers and policy analysts have noted how crop insurance may actually lead to a 

moral hazard phenomenon, whereby producers may intentionally alter their production practices 

in order to increase their potential of getting indemnity claims instead of a harvestable crop. 

Chen and Miranda (2007) found strong evidence of insurance participation leading producers to 

abandon their crops during the growing season for corn grown in the Central Plains and Southern 

Plains regions and for cotton grown in the Southeast, Delta States and Southern Plains regions.  

To illustrate how crop insurance may affect economic incentives to abandon crop acreage, Chen 

and Miranda (2007) compared the insured and the non-insured producers’ acreage abandonment 

behaviors to show how moral hazard could lead to crop abandonment. Their study showed that in 

the moral hazard region, the uninsured producer will bring the crop to harvest, but the insured 

producer will abandon. In other words, the insured producers will have incentive to abandon if 

their expected profit to harvest the crop is projected to be less than the net insurance profit. In the 

same study, they performed sensitivity analyses to examine the effects of changes in commodity 

prices on the likelihood of crop abandonment due to crop insurance participation and came to a 

conclusion that changes in commodity prices will affect expected revenues. And these revenues 

are the main focus of the insured producers in making their decision on whether or not to 

abandon their crop. Large changes in commodity prices can affect incentives to abandon crop 

acreage given the expected profits of insured producers from those changes.(Chen and Miranda, 

2007a)  
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Several studies have found that temperature can affect cotton’s reproductive performance 

((Zeiher et al., 1994; Zeiher et al., 1995; Brown et al., 1995; Brown and Zeiher, 1997; Brown and 

Zeiher, 1998a; Brown, 2001). Using natural sunlight conditions in a temperature-controlled 

environment, Reddy et al. found that fruit retention and yields were optimal when average 

temperatures were between 77-82.44 oF (25-28oC) and will decline when average temperatures 

are greater than 82.4oF (28oC) and will even stop growing with temperatures higher than 91.4 oF 

(33oC) (Brown and Zeiher, 2008).  In a study of crop failure rates across counties, Mendelsohn 

(2007) found that temperature variables explain 34% of the variation in crop failure. Brown and 

Zeiher (2008) also find that heat stress can be very damaging for cotton, especially during the 

summer monsoon season.  

2. Data and variables construction 

County level data are often unbalanced because the counties reporting data varies over time. By 

omitting the counties with incomplete data, I created a balanced panel data set to simplify the 

computational requirements of the Weight matrix. The balanced panel data are 79 counties, 

mainly from the Southwest, Delta and West regions of the U.S Cotton Belt, over a time period of 

28 years (1989-2016) with no missing information. The Southeast and Tennessee were not 

included in my analysis because of the lack of county level irrigation data. Like most of the 

econometric applications in environmental and resource economics, my study also has data from 

other fields (economic, environmental like temperature, precipitation) and observational scales 

(e.g., points, point areas, etc., Anselin, 2001).  

Crop insurance data were collected from the Risk Management Agency (RMA) summary 

of business report while irrigated acres and county yield data were obtained from the National 

Agricultural Statistics Service (NASS). National prices at planting and harvest are averages of 
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the monthly New York Cotton Exchange December Futures (AMS/USDA) and were retrieved 

from the National Cotton Council of America (NCCA)1 website. Depending on the state, March 

or April was utilized to represent the planting date and October or November the harvest date. 

Prices were deflated using the CPI for all goods and are in 2016 dollars.  

County level climate, drought and weather data were obtained from the National Climatic 

Data Center (NCDC) of the National Oceanic and Atmospheric Administration (NOAA). I 

utilized the Standardized Precipitation Index (SPI), an index measure that is a widely used and 

comparable across regions with different climates to capture soil moisture, groundwater, river 

discharge and reservoir storage. Less complex and more comparable across regions than the 

Palmer Severity Drought Index (PDSI) using only precipitation, the SPI is known for its ability 

to detect drought or abnormal wetness at different time scales corresponding with the time 

availability of different water resources (e.g. soil moisture, snowpack, groundwater, river 

discharge and reservoir storage). “Soil moisture conditions respond to precipitation anomalies on 

a relatively short scale. Groundwater, streamflow and reservoir storage reflect the longer-term 

precipitation anomalies” (World Meteorological Organization 2012, p4).  

 McKee, Doesken and Kleist (1993) calculate the SPI for different timescales (3, 6, 12, 24 

and 48 months) and use the classification described in table 3 to correspond the magnitude of a 

drought to values derived from the SPI.   

Table 3: SPI values and classification 
SPI Classification 
2.0+ extremely wet 

1.5 to 1.99 very wet 
1.0 to 1.49 moderately wet 
-.99 to .99 near normal 

-1.0 to -1.49 moderately dry 
-1.5 to -1.99 severely dry 
-2 and less extremely dry 

1 Monthly prices from the National Cotton Council of America (http://www.cotton.org/econ/prices/monthly.cfm) 
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The 3-month SPI provides a seasonal estimation of precipitation; the 6- and 9-month SPI 

indicates medium term trends in precipitation patterns; and the 12- and 24-month SPI reflects 

more of the long-term precipitation patterns, usually tied to stream flows, reservoir levels, and 

even groundwater levels (NDMC 2007). 

“Rainfall can affect irrigation areas by means of conditioning the need for supplemental 

irrigation to meet crop water demand and determining drainage requirements to avoid shallow 

water table conditions and secondary soil salinization” (Khan, Gabriel and Rana, 2008, p160).  

 Khan, Gabriel and Rana (2008), in their study of irrigation areas of the Murray-Darling Basin in 

Australia, used SPI to evaluate the impact of rainfall on shallow groundwater levels. 

Khan and Short (2001) found that 12- and 24-month SPI values provided the best indicators of 

drought conditions. They are typically tied to stream flows, reservoir and groundwater levels 

(World Meteorological Organization, 2012). Using the 24-month SPI for January, I derived two 

variables of _ 24 itDryer Jan and _ 24 itWetter Jan  to represent dry and wet spells, respectively. 

Wet spells are hypothesized to negatively impact the percentage of cotton production that is 

irrigated in a county while dry spells are expected to drive the percent of irrigated cotton 

production higher. In this study, to capture the effect of heat stress, I created the variable 

HOTJJA, constructed by multiplying a dummy variable Dheat (Dheat=1 if daily average 

temperature for the summer season (June, July and August) is greater than 82.4oF and 0 

otherwise) with the daily average temperature for the summer season. The combination of higher 

temperatures (heat stress in summer HOTJJA) with agricultural drought (9-month SPI for 

August, Dec-Aug) is hypothesized to positively impact the percentage of cotton production that 

is irrigated in a county. The summary statistics of the variables used in this study are presented in 

Table 6. 
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3. Methods 

Econometric specification 

Following Lee and Yu, (2010a), the spatial autoregressive (SAR) model for panel data with fixed 

effects can be written as follows: 

(1)     nt nt nt n nt

nt nt nt

λ β
ρ

= + + +
= +

Y WY X μ u
u Mu v

      

where, 1, 2,...,t T= ; 1 2( , ,..., )nt t t nty y y ′=Y  is an 1n×  vector of observations on the dependent 

variable for time period t ; ntX  is an n k× matrix of nonstochastic time varying regressors for 

time period t; nμ  is an 1n×  vector of individual effects, treated as fixed parameters;  ntu  is an 

1n×  vector of spatially lagged errors; 1 2( , ,..., )nt t t ntv v v ′=v is an 1n×  vector of innovations, and 

itv is i.i.d across i  and t  with variance 2σ ; W and M  are n n×  spatial Weight matrices, which 

are predetermined and generate the spatial dependence among cross sectional units (counties).  

With the assumption of 0λ = , equation (1) becomes nt nt n ntβ= + +Y X μ u which is the panel 

regression used by Baltagi et al.(2007a), representing a special case of equation (1). 

The Maximum Likelihood Estimation 

To remove the fixed effects nμ without inducing dependence on the transformed error, Lee and 

Yu, (2010a) perform an orthogonal transformation (for more details see Lee and Yu, (2010a) and 

Kuersteiner and Prucha, 2015). The transformed model of (1) is written as follow:   

(2)     nt nt nt nt

nt nt nt

λ β
ρ

= + +
= +

Y WY X u
u Mu v

   

  
    1, 2,..., 1t T= −   

 ntv are uncorrelated for all i  and t . 

The log-likelihood function of the transformed model is   
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(3)  
1

2
, 2

1

( 1) 1ln ln(2 ) ( 1)[ln ( ) ln ( ) ] ( ) ( )
2 2

T

n t n n nt nt
t

n TL Tπσ λ ρ θ θ
σ

−

=

− ′= − + − + − ∑S R v v     

  
where ( )n nλ λ= −S I W  , ( )n nρ ρ= −R I M  and 2( , , , )θ β λ ρ σ′ ′= . 
 
In this study I assume the Weight matrix is fixed and does not change with time, therefore

=W M . 
 
Spatial Weight Matrix 

I constructed the Weight matrix using Stata 15. A shapefile was linked to the data and I created 

an inverse distance (79x79) using the county geographic coordinates and cross sectional data for 

1989. The weight matrix is constant throughout all 28 years as spectral normalization is utilized. 

The latter matrix was used to create a Weight matrix for the panel data W(N x N) where 

N=79x28=2212.  

Reduced –form mean 

The solution for equation (1) is ( )1(1nt nt n ntλ β−= − + +Y W) X μ u  (4) 

Using a fixed-effects (fe) model, nμ  are also considered fixed affects and cannot be estimated 
consistently in this form. The solution is to use the conditional mean of ntY given the 
independent variables and their spatial lags 
 

( ) ( )1| , (nt nt ntE λ β−= −Y X W I W) X  (5) 

Where nt nt n= −Y Y μ  (6) 
 
I use this reduced form prediction in the first step and second step of my analysis. 
 
 
Empirical Model 

To estimate the combined effects of irrigation, crop insurance, weather and drought conditions 

on the percentage of cotton acres abandoned in each county, the following simultaneous three-

equation system with a recursive approach is utilized:  

(7)    1 1 2

3 1

_ 24 _ 24
*  9 _ + u it

it it it it

it it t

PIRR PIRR Dryer Jan Wetter Jan
HOTJJA Dry mths AUG

λ β β
β µ

= + +
+ +

W
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(8)  2 1 2 3

4 5

5

263 _ 3 _
it it it i

t

t it

it it it t i

PINSUR PINSUR AVYLD SUBSIDYPERLB
REVINDEX Xdry mths JFM Xwet mths JFM

λ γ γ γ
γ γ γ νµ

−= + + +
+ + ++ +

W


PIRR
 

(9  ) 
3 1 2 3 4
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10 3 *

it it

it
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it it it

it it

i

t

tt

it

i

PABAND PABAND PPCHANG YLD
HOTJJA PCPMAM PCPJJA PCPMAMsq PCPJJAsq
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χ
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PIRR PINSUR
 

1,2,...,i N=  1, 2,...,t T=  where i=county, t=year, N=79 and T=28 

where itPIRR  is the percent of cotton acres irrigated Cotton Acres Irrigated
Total Cotton Acres Planted

 
 
 

;  itPIRRW  is 

the spatial lag of itPIRR ; _ 24 itDryer Jan  ( _ 24 itWetter Jan  ) indicates the SPI has been dryer 

(wetter) than normal the last two years; itHOTJJA  is the heat stress occurrence during the 

summer season; 9 _ itDry mths AUG  indicates precipitation has been dryer than normal during the 

nine months prior to and including August; and itPINSUR  is the total insurance liability for 

county i divided by the liability of an 85% APH coverage level (the maximum coverage level for 

many counties during this period). The numerator of itPINSUR changes with different policies 

and coverage levels producers select and the denominator of 85% Actual Production 

History(APH) coverage level for each county or (Planted Acresit)(0.85)(county yield average for 

years t-1 through t-5)(100% price election) will also change over time.  itPIRR represents the 

predicted values derived from the reduced form means obtained during the 1st step. 5itAVYLD −  is 

the 5-year average yield (lbs./acre) for county i for t-1 through t-5. itSUBSIDYPERLB  ($/lb.) is 

RMA’s published premium subsidy for county i divided by the trailing 5-year average yield of 

the county for t-1 through t-5 multiplied by Planted Acres. itREVINDEX is a revenue index of 

competing crops (corn, rice, sorghum, soybeans and wheat) for cotton based on Crop Revenue 

Coverage (CRC) planting prices and loan rates for county i, and this is described in more detail 
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in (Sall and Tronstad, nd). 3 _ itXdry mths JFM  is a measure for weather being extremely dryer 

than normal during winter season (January, February and March). 3 _Xwet mths JFM  represents 

weather that is extremely wetter than normal during winter season (January, February and 

March); itPPCHANG  indicates the Percentage Price Change which equals (Price at harvest - 

Price at Planting)/ Price at harvest; itYLD indicates the average cotton yield of county i during year t 

(lbs./acre); itPCPMAM  is total precipitation (inch) for the spring months of March, April and 

May; itPCPJJA  is total precipitation (inch) for the summer season (June, July and August); 

itXdry3mths_JJA  indicates severe to extremely dryer than normal weather during summer season 

(June, July and August); 1tµ , 2tµ and 3tµ are individual error respectively for equations (4), (5) and 

(6); and u it , itν  and itω  are the vector errors respectively for equations (4), (5) and (6). 

As noted, itPIRR is a predicted value of the percentage of cotton irrigated in the county derived 

from the 1st step using the reduced form mean. Similarly, itPINSUR  is the predicted value of 

insurance participation derived from the 2nd step using the reduced form mean. 

1st step: Estimate and get predicted value of the percentage of cotton irrigated using the reduced-

form mean 

2nd step: Estimate to get predicted values of the Insurance Participation Equation using the 

reduced-form mean. 

Final step: Use Predicted values of the percentage of cotton irrigated and insurance participation 
obtained in the first two steps and then use them as independent variables in the Abandonment 
Equation.  
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4. Results and discussions 

This empirical analysis investigates how irrigation, crop insurance participation, the percentage 

price change during the growing season, drought, and extreme weather can explain crop 

abandonment rates. In this paper, a spatial lag panel fixed effect model using the quasi-maximum 

likelihood estimator derived from (Lee and Yu, 2010a) was utilized. 

The main advantage of spatial dependence models is their capability of taking into account 

spatial spillover effects compared to models built on independence assumptions (LeSage and 

Dominguez, 2012; LeSage and Pace, 2014). However, to take advantage of the full benefit of 

these spatial models, caution and accuracy are required while interpreting the derived direct and 

indirect effect estimates (LeSage, 2008; LeSage and Dominguez, 2012; Elhorst, 2014; Golgher 

and Voss, 2016). Estimate results of the spatial lag model and two other specifications are 

presented respectively in Table 7 and Table 8.  

Direct, Indirect Effects 

Insurance participation has a positive direct effect and is highly significant suggesting that an 

increase of county insurance participation by 1% will likely cause an increase of acres 

abandoned by 8.16% (Table 5). This is consistent with our hypothesis and with studies that have 

found strong evidence of moral hazard due to insurance participation for upland cotton in the 

Delta States and Southern Plains regions (Chen and Miranda, 2007). 

The direct effect from the percentage of cotton acres irrigated (PIRR) is negative and 

highly significant (1% level), meaning that a greater percentage of acres irrigated within a county 

leads to a smaller percentage of acres abandoned. On average, an increase in the percentage of 

acres irrigated in a county by 1%, causes a drop of percent acres abandoned in that county by 
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0.79 %. The indirect effect or spillover effect of PIRR is positive and significant a 5% level 

(Table 5).  

Severe to extreme drought during the summer season and the 9-month prior agricultural drought 

including August, have both a negative and highly significant direct effect. Their values being 

negative suggests that their increase in absolute value will lead to more acres being abandoned. 

However, the magnitude of their effect is very small compared to the percentage of acres 

irrigated and insurance participation.   

Negative direct effects from daily average precipitation during spring and summer imply that 

seasonal rainfall prior to the start of the season and during the summer contribute to reducing the 

percentage of acres abandoned.  

Direct, indirect and total effects from the percentage price change (PPCHANG) suggest that 

PPCHANG during the growing season has no significant impact on the percentage of cotton 

abandoned within a county. However, this result is not in line with what the non-spatial model 

suggests where PPCHANG has a significant impact on cotton acreage abandonment.  

 
5. Conclusion 

This paper conducted an empirical analysis farmers’ decision-making leading to cotton acreage 

abandonment. Using a balanced panel data from 79 counties with complete data on variables 

considered within the U.S. Cotton Belt over 28 years, this empirical analysis explores to what 

extent irrigation, crop insurance participation, price change during the growing season, drought, 

and extreme weather explain crop abandonment rates. A recursive approach was implemented 

and a fixed effects spatial autoregressive model to the study the combined effect of the above 

variables on the producer’s decision to abandon their cotton crop, building upon prior studies. 

Using the standard precipitation index (SPI) known for its simplicity and comparability across 
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regions using only precipitation and for its ability to detect drought or abnormal wetness at 

different time scales corresponding with the time availability of different water resources, we 

constructed relevant variables to capture soil moisture (SPI-3 month) before and early months of 

cotton planting, agricultural drought (SPI-9 months) during cotton growing season and 

groundwater, river discharge and reservoir storages (SPI 24 months). 

The study revealed that insurance participation and severe/extreme drought encourage 

more cotton acreage abandonment in a county while irrigation and precipitation during the spring 

and summer months leads to less abandonment. Unexpectedly, no evidence of a change in 

percent cotton abandonment rate resulting from a price change between planting and harvest 

time. In addition, the evidence of spatial dependence and spatial lag error within neighboring 

counties are shown by the results. The existence of spillover effects for irrigation, insurance 

participation, are significant at 5% level. 

In this study, a complete panel from unbalanced panel data for the purpose of 

computational simplification was created leading to possibilities of a large loss in efficiency 

which is not highly recommended (Baltagi and Chang, 2000). Due to the limitations of existing 

software to handle unbalanced spatial panel data due to restrictions of the Weight matrices 

requirements, further empirical research is needed in spatial to allow the use of unbalanced panel 

data and avoid the loss of valuable data and information from neighboring counties that don’t 

have consistent data throughout the years. 

Also crop insurance subsidies are increasing not only for cotton but for all program 

commodities as well and given that most of the time producers can have options to switch crops, 

further studies are needed to implement more relevant indexes of competing crops relevant the 

county or region as well for the crop in study.   
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Table 5: Marginal Effects: Percent Acres Abandoned 
PABAND Direct Effect Indirect Effect Total Effect 

 Estimate 
(Std. Err.) 

Estimate 
(Std. Err.) 

Estimate 
(Std. Err.) 

PIRR -0.7900 *** 
 (0.2018) 

-0.6993 *** 
(0.2004) 

-1.4893 *** 
(0.3862) 

PINSURit  0.0816 *** 
(0.0180) 

 0.0723 ** 
(0.0179) 

 0.1539 ** 
(0.0340) 

PPCHANG -0.0061 
(0.0209) 

-0.0054 
(0.0184) 

-0.0116 
(0.0393) 

YLDit -0.0001 *** 
(0.00002) 

-0.0001 *** 
(0.00002) 

-0.0002 *** 
(0.00003) 

HOTJJA  0.0001 
(0.0001) 

 0.0001 
(0.0001) 

 0.0003 ** 
(0.0002) 

Xdry3mths_JJA 
-0.0024 * 
(0.0013) 

-0.0021 * 
(0.0011) 

-0.0045* 
(0.0023) 

Dry9mths_AUG  -0.0007 * 
(0.0004) 

-0.0007 * 
(0.0004) 

-0.0014 * 
(0.0007) 

PCPMAM -0.0076 *** 
(0.0011) 

-0.0067 *** 
(0.0012) 

-0.0142 *** 
(0.0020) 

PCPJJA -0.0045 *** 
(0.0015) 

-0.0038 *** 
(0.0014) 

-0.0083*** 
(0.0028) 
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Table 6: Summary Statistics and Variables Description 

 

 

 

Variable 
 

Variable Description 
 

Mean 
(Std. Dev) 

PABAND 
 

Percent of cotton upland acres abandoned (Planted – Harvested)/ 
Planted 

0.108 
(0.183) 

PIRR 
 

Percent of cotton upland acres irrigated 
 

0.447 
(0.341) 

PINSURit 
  

PINSURit is the total insurance liability for county i divided by the 
liability of 85% APH coverage level.  

0.419 
(0.261) 

PPCHANG 
 

Percent Price Change : (Price at harvest - Price at Planting)/ Price 
at harvest 

-0.023 
(0.135) 

YLDit 
 

Indicates the average cotton yield of county i during year t 
(lbs./acre) 

748 
(322) 

AVYLDit-5 

 

5-year average yield (lbs./acre) for county i for t-1 through t-5 
 

715 
(284) 

YLDVARit 

 

Yield variability using an average trailing coefficient of variation 
for years t-1 through t-10 

0.218 
(0.084) 

SUBSIDYPERLBit  
($/lb) 

RMA’s published premium subsidy for county i divided by the 
trailing 5-year average yield of the county for t-1 through t-5 
multiplied by Planted Acres  

0.034 
(0.030) 

REVINDEX 
 

The revenue index of cotton competing crops (corn, rice, sorghum, 
soybeans and wheat) based on Crop Revenue Coverage (CRC) 
planting prices and loan rates for county i.  

0.918 
(0.538) 

HOTJJA 
 

Heat stress during summer (June, July and August) where Average 
temperature is greater than 82.4 oF 

19.310 
(35.572) 

PCPMAM 
 

Total precipitation (inch) in spring (March, April and May) 
 

8.972 
(6.257) 

PCPJJA 
 

Total precipitation (inch) in summer (June, July and August) 
 

8.703 
(4.297) 

Dryer_24Jan 
 

Dryer than normal the last 24 months from January  
 

-0.315 
(0.535) 

Wetter_24Jan 
 

Wetter than normal the last 24 months from January  
 

0.437 
(0.538) 

Xdry3mths_JFM 
 

measure for weather being extremely dryer than normal during 
winter season (January, February and March) 

-0.092 
(0.397) 

XWet3mths_JFM 
 

represents weather that is extremely wetter than normal during 
winter season (January, February and March) 

0.215 
(0.596) 

Xdry3mths_JJA  
 

indicates severe to extremely dryer than normal weather during 
summer season (June, July and August) 

-0.107 
(0.454) 

Dry9mths_AUG 
 

Dryer than normal the last 9 months from August  
 

-0.351 
(0.577) 
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Table 7: Spatial Lag on Dependent Variable  
  Without Spatial component Spatial Lag on Dependent Variable 

Independent 
variable 

Percent 
Cotton 
Irrigated 

Insurance 
Participation 

Percent 
Cotton 
Abandoned 

Percent 
Cotton 
Irrigated 

Insurance 
Participation 

Percent Cotton 
Abandoned 

PIRRit 
 

  0.7217 *** 
(0.2141) 

-1.0378 *** 
 (0.2071) 

   0.5061 *** 
(0.15392) 

-0.7789 *** 
(0.1991) 

PINSURit 
 

   0.1222 *** 
(0.0183) 

   0.0805 *** 
()0.0178 

PPCHANG 
 

  -0.0373 * 
(0.0214) 

  -0.0061 
(0.0206) 

YLDit 
 

  -0.0001 *** 
(0.00002) 

  -0.0001 *** 
(0.00002) 

AVYLDit-5 
 

  0.0005 *** 
(0.00002) 

   0.0001 *** 
(0.00002) 

 

YLDVARit 
 

  0.2642 *** 
(0.0624) 

   0.2296 *** 
(0.0495) 

 

SUBSIDYPERLBit  
 

  6.8062 *** 
(0.1514) 

   3.2702 *** 
(0.1578) 

 

REVINDEX 
 

  0.0155 ** 
(0.0068) 

   0.0091 * 
(0.0054) 

 

HOTJJA 
 

   0.0009 ** 
(0.0003) 

    0.0007 *** 
(0.0003) 

PCPMAM 
 

  -0.0249 *** 
(0.0022) 

  -0.0167 *** 
(0.0022) 

PCPJJA 
 

  -0.0175 
(0.0041) 

  -0.0138 *** 
(0.0040) 

PCPMAMsq 
 

   0.0007 
(0.0001) 

   0.0005 *** 
(0.0001) 

PCPJJAsq 
 

   0.0008 
(0.0002) 

   0.0006 *** 
(0.0002) 

HOTJJA*PCPJJA   -0.0001 
(0.0000) 

  -0.0001 *** 
(0.00003) 

Dryer_24Jan 
 

 0.0218 *** 
(0.0068)  

  0.0179 *** 
(0.0066)  

 

Wetter_24Jan 
 

-0.0283 *** 
(0.0068)  

 -0.0203 *** 
(0.0067)  

 

Xdry3mths_JFM 
 

  0.0029 
(0.0081) 

   0.0030 
(0.0064) 

 

XWet3mths_JFM 
 

 -0.0320 *** 
(0.0054) 

  -0.0197 *** 
(0.0043) 

 

HOTJJA 
* Dry9mths_AUG 

0.0002 ** 
(0.0001) 

   0.0001 ** 
(0.0001) 

  

Xdry3mths_JJA 
*Dry9mths_AUG 

   0.0125 *** 
(0.0037) 

    0.0067 * 
(0.0036) 

Wd_79counties89       
Spatial Lag 

Dependent Var 
    0.5571 *** 

(0.0533) 
 0.7200 *** 
(0.0200) 

-0.2838 * 
(0.1538) 

Spatial Lag on Error 
Term 

      0.7613 *** 
(0.0591) 

Constant  0.4686 *** 
(0.0056) 

-0.5390 *** 
(0.0977) 

 0.8215 *** 
(0.0960) 

   

Sigma_u  0.3084  0.1157  0.0859    

Sigma_e 
 0.1482  0.1483  0.1329 

 0.1441 
(0.0022) 

0.1176 
(0.0018)  

 0.1256 
(0.0020) 

Rho  0.8124  0.3782  0.2949    
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Table 8: Other Spatial Lag specifications 

 Both Spatial Lag and Spatial Error Spatial lag on Error Term 
Independent 
variable 

Percent 
Cotton 
Irrigated 

Insurance 
Participation 

Percent 
Cotton 
Abandoned 

Percent 
Cotton 
Irrigated 

Insurance 
Participation 

Percent Cotton 
Abandoned 

PIRRit 
 

   0.1582 
(0.2243) 

-0.7363 *** 
(0.2327) 

 -0.0017 
(0.2254) 

-0.7441 *** 
(0.2303) 

PINSURit 
 

   0.1134 *** 
(0.0274) 

   0.1084 *** 
(0.0256) 

PPCHANG 
 

  -0.0349 
(0.0447) 

  -0.0314 
(0.0393) 

YLDit 
 

  -0.0001 *** 
(0.00002) 

  -0.0001 *** 
(0.00002) 

AVYLDit-5 
 

  0.0001 *** 
(0.00003) 

   0.0001 *** 
(0.00003) 

 

YLDVARit 
 

  0.2139 *** 
(0.0500) 

   0.2055 *** 
(0.0512) 

 

SUBSIDYPERLBit  
 

  4.3322 *** 
(0.1880) 

   4.7875 *** 
(0.1929) 

 

REVINDEX 
 

  0.0119 ** 
(0.0053) 

   0.0128 ** 
(0.0054) 

 

HOTJJA 
 

   0.0008 *** 
(0.0003) 

  -0.0180 *** 
(0.0026) 

PCPMAM 
 

  -0.0180 *** 
(0.0027) 

  -0.0144 *** 
(0.0045) 

PCPJJA 
 

  -0.0143 *** 
(0.0046) 

   0.0006 *** 
(0.0001) 

PCPMAM    0.0006 *** 
(0.0001) 

   0.0006 *** 
(0.0002)  

PCPJJA    0.0006 *** 
(0.0002) 

  -0.0001 ** 
(0.00003) 

HOTJJA*PCPJJA   -0.0001 ** 
(0.0000) 

  
 

Dryer_24Jan 
 

 0.0199 *** 
(0.0074)  

  0.0209 *** 
(0.0079) 

  

Wetter_24Jan 
 

-0.0208 
*** 
(0.0075)  

 
-0.0205 *** 
(0.0080) 

  

Xdry3mths_JFM 
 

  0.0002 
(0.0071) 

  -0.0011 
(0.0073) 

 

XWet3mths_JFM 
 

 -0.0186 *** 
(0.0048) 

  -0.0196 *** 
(0.0049) 

 

HOTJJA 
* Dry9mths_AUG 

 0.0002 ** 
(0.0001) 

   0.0002 ** 
(0.0001) 

  

Xdry3mths_JJA 
*Dry9mths_AUG 

   0.0233 *** 
(0.0048) 

   
 

 0.0208 *** 
(0.0044) 

Wd_79counties89       
Spatial Lag 

Dependent Var 
 0.3262 * 
(0.1697) 

 0.6181*** 
(0.0417) 

-0.2218 
(0.1802) 

   

Spatial Lag on 
Error Term 

 0.3307 * 
(0.1715) 

 0.7649 *** 
(0.0368) 

 0.7409 *** 
(0.0754) 

 0.5641 *** 
(0.0535) 

 0.9136 *** 
(0.0134) 

 0.6347 *** 
(0.0427) 

Sigma_e   0.1444 
(0.0022) 

 0.1109 
(0.0017) 

 0.1272 
(0.0020) 

 0.1441 
(0.0022) 

  0.1131 
(0.0017) 

 0.1266 
(0.0019) 
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Table 9: Direct, Indirect and Total impacts 

PIRR 

 
Direct Impact Indirect Impact Total Impact 

BOTH 
 

Spatial lag 
 

Spatial Error 
 

BOTH 
 

Spatial lag 
 

BOTH 
 

Spatial lag 
 

HOTJJA 
-0.0001 ** 
(0.00003) 

-0.0001 ** 
(0.00003) 

-0.0001 ** 
(0.00003) 

-0.00003 
(0.00002) 

-0.0001 * 
(0.00003) 

-0.0001 ** 
(0.00004) 

-0.0001 ** 
(0.0001) 

Dry9mths_AUG 
 0.0037 ** 
(0.0018) 

 0.0029 ** 
(0.0014) 

 0.0043 ** 
(0.0019) 

0.0014 
(0.0011) 

 0.0028 * 
(0.0015) 

 0.0051 ** 
(0.0024) 

 0.0057 ** 
(0.0029) 

Dryer_24Jan  0.0200 *** 
(0.0074) 

 0.0182 *** 
(0.0067) 

 0.0209 *** 
(0.0079) 

0.0078 
(0.0062) 

 0.0178 ** 
(0.0074) 

 0.0278 ** 
(0.0113) 

 0.0361 *** 
(0.0136) 

Wetter_24Jan -0.0209 *** 
(0.0075) 

-0.0206 *** 
 (0.0068) 

-0.0205 *** 
(0.0080) 

-0.0081 
(0.0068) 

-0.0201 *** 
(0.0075) 

-0.0290 ** 
(0.0121) 

-0.0407 *** 
(0.0137) 

PINSUR 

 Direct Impact Indirect Impact Total Impact 

 BOTH 
 

Spatial lag 
 

Spatial Error 
 

BOTH 
 

Spatial lag 
 

BOTH 
 

Spatial lag 
 

PIRR  0.1617 
(0.2292) 

 0.5246 *** 
(0.1594) 

-0.0017 
(0.2254) 

 0.2007 
(0.2877) 

 1.0066 *** 
(0.3156) 

 0.3624 
(0.5161) 

 1.5312 *** 
(0.4702) 

AVYLDit-5 
 0.0001 *** 
(0.00003) 

 0.0001 *** 
(0.00002) 

 0.0001 *** 
(0.00003) 

 0.0001 *** 
(0.00003) 

 0.0002 *** 
(0.00004) 

 0.0002 *** 
(0.0001) 

 0.0003 *** 
(0.0001) 

YLDVARit  0.2186 *** 
(0.0511) 

 0.2380 *** 
(0.0513) 

 0.2055 *** 
(0.0512) 

 0.2713 *** 
(0.0788) 

 0.4567 *** 
(0.1073) 

 0.4898 *** 
(0.1241) 

 0.6947 *** 
(0.1557) 

SUBSIDYPERLBit   4.4272 *** 
(0.1864) 

 3.3895 *** 
(0.1559) 

 4.7875 *** 
(0.1929) 

 5.4944 *** 
(0.8901) 

 6.5041 *** 
(0.4929) 

 9.9216 *** 
(0.9109) 

 9.8936 *** 
(0.4996) 

REVINDEX  0.0122 ** 
(0.0054) 

 0.0095 * 
(0.0056) 

 0.0128 ** 
(0.0054) 

 0.0151 ** 
(0.0071) 

 0.0182 * 
(0.0108) 

 0.0273 ** 
(0.0123) 

 0.0276 * 
(0.0164) 

Xdry3mths_JFM  0.0002 
(0.0072) 

 0.0031 
(0.0066) 

-0.0011 *** 
(0.0073) 

 0.0002 
(0.0090) 

 0.0060 
(0.0127) 

 0.0004 
(0.0162) 

 0.0091 
(0.0194) 

XWet3mths_JFM -0.0190 *** 
(0.0049) 

-0.0205 *** 
(0.0045) 

-0.0196 
(0.0049) 

-0.0236 *** 
(0.0071) 

-0.0393 *** 
(0.0091) 

-0.0426 *** 
(0.0115) 

-0.0597 *** 
(0.0133) 

PABAND 

 Direct Impact Indirect Impact Total Impact 

 BOTH 
 

Spatial lag 
 

Spatial Error 
 

BOTH 
 

Spatial lag 
 

BOTH 
 

Spatial lag 
 

PIRR -0.7374 
(0.2331) 

-0.7900 *** 
 (0.2018) 

-0.7441 *** 
(0.2303) 

 0.1146 
(0.0858) 

-0.6993 *** 
(0.2004) 

-0.6228 *** 
(0.2121) 

-1.4893 *** 
(0.3862) 

PINSURit 
 0.1136 
(0.0275) 

 0.0816 *** 
(0.0180) 

 0.1084 *** 
(0.0256) 

-0.0177 
(0.0132) 

 0.0723 ** 
(0.0179) 

 0.0960 *** 
(0.0249) 

 0.1539 ** 
(0.0340) 

PPCHANG -0.0349 
(0.0448) 

-0.0061 
(0.0209) 

-0.0314 
(0.0393) 

 0.0054 
(0.0080) 

-0.0054 
(0.0184) 

-0.0295 
(0.0379) 

-0.0116 
(0.0393) 

YLDit 
-0.0001 
(0.00002) 

-0.0001 *** 
(0.00002) 

-0.0001 *** 
(0.00002) 

 0.00002 
(0.00001) 

-0.0001 *** 
(0.00002) 

-0.0001 *** 
(0.00002) 

-0.0002 *** 
(0.00003) 

HOTJJA  0.0003 
(0.0001) 

 0.0001 
(0.0001) 

 0.0003 ** 
(0.0001) 

 0.0000 
(0.00004) 

 0.0001 
(0.0001) 

 0.0003 ** 
(0.0001) 

 0.0003 ** 
(0.0002) 

Xdry3mths_JJA 
-0.0082 
(0.0017) 

-0.0024 * 
(0.0013) 

-0.0073 *** 
(0.0016) 

 0.0013 
(0.0010) 

-0.0021 * 
(0.0011) 

-0.0069 *** 
(0.0014) 

-0.0045* 
(0.0023) 

Dry9mths_AUG  -0.0025 
(0.0005) 

-0.0007 * 
(0.0004) 

-0.0022 *** 
(0.0005) 

 0.0004 
(0.0003) 

-0.0007 * 
(0.0004) 

-0.0021 *** 
(0.0004) 

-0.0014 * 
(0.0007) 

PCPMAM -0.0076 
(0.0013) 

-0.0076 *** 
(0.0011) 

-0.0077 *** 
(0.0013) 

 0.0012 
(0.0008) 

-0.0067 *** 
(0.0012) 

-0.0064 *** 
(0.0014) 

-0.0142 *** 
(0.0020) 

PCPJJA -0.0047 
(0.0017) 

-0.0045 *** 
(0.0015) 

-0.0048 *** 
(0.0017) 

 0.0007 
(0.0005) 

-0.0038 *** 
(0.0014) 

-0.0040*** 
(0.0015) 

-0.0083*** 
(0.0028) 
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