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Abstract

The dramatic rise in prophylactic chemical treatments for pest and weed control in the
past two decades have raised many environmental concerns. Although cost effective, such
treatments which include neonicotinoids and herbicide tolerant (HT) crops contaminate
soil and water and cause wildlife habitat loss. In my thesis, I explore the economics of
eco-friendly practices of the farmers ranging from bio-diversity conservation to adapting
integrated pest management. In the first chapter, I survey Midwestern farmers to es-
timate their willingness to grow milkweed on their non-cropland for Monarch butterfly
conservation for various remuneration rates. I also approximate intrinsic motivation
of farmers from their actual conservation data using reverse regression, distance dis-
criminant analysis and control functions to test for motivation crowding out. Findings
indicate motivation crowding out at modest levels of compensation. Alternatively, high
remuneration crowds in farmers motivation to conserve Monarchs. The second chapter
estimate soybean farmers’ value of information provided by alternative configurations of
a monitoring network for soybean rust (Phakopsora pachyrhizi). It shows that a network
of 400 sentinel plots can maximize the expected profit of soybean farmers provided more
plots are placed in the Corn Belt where the risk of soybean rust infection is lower, but
where much more soybean is produced in contrast to the current spatial arrangement
where sentinel plots are dis-proportionately placed in the Southern US. The last chap-
ter examines the economic suitability of Unmanned Aerial Vehicles (UAVs) for scouting
soybean aphids (Aphis glycines Matsumura) based on a plant-level spatiotemporal bioe-
conomic model of infestation. Findings indicate that the optimal profit from UAV based
scouting is equivalent to that from manual scouting. But its greater tendency to detect
false positives can also trigger frequent unnecessary treatments and dramatically reduce
farmers’ profits. Yet, UAV’s commercial viability depends more on reducing its operat-
ing cost than improving its precision, once it has a tally threshold of 250 soybean aphids

per plant.
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Chapter 1:

Introduction

The turn of the century witnessed a huge surge in prophylactic crop management in
the United States ranging from the widespread adoption of herbicide tolerant (HT) and
insect resistant (IR) crops to neonicotinoid seed treatments. They have significantly
reduced the weed and pest management cost and consequently enhanced farmers prof-
itability on average. But their excessive usage have not only led to rapid evolution of
resistant pests and weeds but also aggravated the risk of bio-diversity degradation. A
2012 survey of crop growers in 31 states showed a 34% rise in the glysophate resistant
weeds since 2010 [77]. Evidences on pyrethroid resistance among many major commod-
ity crop pests such as soybean aphids [80] and western corn rootworm [140] have also
been piling up. Neonicotinoids which are the most used insecticides among the U.S.
crop growers in terms of area treated [67], are associated with the declining population
of several pollinators. Henry et al. [56] show that non-lethal exposure of honey bees to
neonicotinoids can damage their navigational skills which can put their colony at risk
of collapse. The increase in toxicity of milkweeds by Clothianidin [117] and the adverse
effect of HT crops on milkweed population [113] have all contributed to the significant
drop in the monarch butterfly population in recent decades. All these incidences point
out the misalignment in the farm management goals of the farmers and the society.
The central theme of my thesis is to understand the economics of pro-environment farm
practices of the farmers ranging from their involvement in bio-diversity conservation to

adopting integrated pest management.

In my first chapter, I survey farmers in the Midwest and estimate their willingness to
participate in hypothetical monarch habitat restoration programs with varying levels of
financial assistance. I also approximate intrinsic motivation of farmers from their actual
conservation data using reverse regression, distance discriminant analysis and control
functions to test the motivation crowding out hypothesis. The results show that farm-
ers experience motivation crowding out and consequently lower average participation at
modest levels of remuneration. The crowding out is predominant among farmers whose
estimated intrinsic motivation are low on average. Predictably, they also experience
significant crowding in of motivation at high levels of remuneration. On the contrary,
participation decisions of farmers with high estimates of intrinsic motivation, on average,

vary less with the conservation payments. Overall the findings suggest that a volunteer



program will not only be cost effective but also more successful.

The second chapter examines producers’ value of information provided by alternative
configurations of a monitoring network for an invasive wind-borne crop disease, soy-
bean rust (Phakopsora pachyrhizi). Soybean producers use monitoring information to
understand how exposed their farms are to soybean rust infection and to make fungi-
cide application decisions. The value of information is the expected gain in producers’
profit from using the monitoring network, and it is estimated using a dynamic model
of producer decision-making. Findings indicate that the value of the sentinel plot net-
work increases with the number of sentinel plots, reaching a maximum at 400 sentinel
plots. In addition, the optimal spatial arrangement of sentinel plots generated by our
model is substantially different from the actual placements. Current sentinel plots are
disproportionately placed in the Southern US where the risk of infection is high, but
the amount of soybean is relatively small. Our estimates suggest more plots should be
placed in the Corn Belt where the risk of an infection is lower, but where much more

soybean is produced.

The third chapter analyses the economic suitability of Unmanned Aerial Vehicles (UAVs)
for scouting soybean aphids based on a plant-level agent based pest management model.
This model generates optimal economic thresholds and treatment strategies for farmers
when they scout their field manually and when they use UAVs. We find that manual
scouting triggers insecticide treatment in the third and fourth weeks since the arrival of
soybean aphids once the optimal threshold of 275 aphids per plant is reached. Aerial
surveillance will lead to an insecticide application in the fourth week once 45% of the
plants are infested with at least 250 aphids per plant. Both techniques generate equiv-
alent optimal expected profits. But because UAVs are more prone to Type II error,
they can trigger frequent unnecessary treatments. As a result, manual scouting is a
more suited to farmers facing low risk of soybean aphid infestation and also to those
who prefer an early prophylactic treatment. Yet, to make UAV’s a commercially viable
scouting technique, it is more important to reduce its operating cost than improve its

precision, once it has a tally threshold of 250 soybean aphids per plant.



Chapter 2:

Will Farmers Grow Weeds for monarchs?

I estimate farmers’ willingness to participate in hypothetical monarch habi-
tat restoration programs with varying levels of financial assistance based
on a survey of Midwestern farmers. I also approximate intrinsic motiva-
tion of farmers from their actual conservation data using reverse regression,
distance discriminant analysis and control functions and test the motiva-
tion crowding out hypothesis. The results confirm motivation crowding out
and consequently lower average participation at modest levels of remuner-
ation, particularly for the farmers who have limited conservation history.
Predictably, high compensation rates increase their average participation
significantly. Conversely, the farmers who already practice several types
of conservation, especially volunteers, are more likely to participate in the
monarch conservation program, without caring too much for the proposed
financial incentives.

Keywords: Monarch conservation, milkweed, intrinsic motivation, motivation crowd-

ing out.

2.1 Introduction

In the past two decades, monarch butterflies have experienced a significant decline in
their population [134],} so much so, that they are being considered for listing under the
Endangered Species Act of 1973. Based on the annual monitoring of their overwintering
sites in Mexico, this area has declined at the rate of 0.89ha/year [138]. Researchers be-
lieve that the large scale reduction in milkweed, which is monarch larvae’s critical food
source, plays a major role in aggravating the issue at hand. For most of the twentieth
century, a large majority of monarchs in the eastern U.S. originated from the milkweed
population in agricultural fields [113] which since the introduction of herbicide tolerant
(HT) corn and soybean have substantially declined. In fact, 98% of the loss in milk-
weed is attributed to the loss of milkweed in soybean and corn fields [120]. As a result,
both the Government and private agencies in the U.S. are taking initiatives to restore
monarch habitat. The U.S. Fish and Wildlife Services plans to restore sufficient habitat

Support for this project was provided by BASF Corporation through the grant “Farmer Perceptions
of the Living Acres Initiative & the Cultivation of ‘Beneficial Weeds’.” and the Minnesota State
Agricultural Experiment Station (Project MIN-14-134).

'Semmens et al. [134] report that the monarch population has declined by 84% between the winters
of 1996-97 and 2014-15, and face a quasi-extinction of 11-57% in next 20 years.



by 2020 to support a monarch population occupying 6 ha of overwintering habitat in
Mexico [147]. Pleasants [120] estimated that 425 million milkweeds need to be added to
increase the monarch support capacity by one more overwintering hectare. This means
that in order to meet the 6 ha conservation goal, a total of 1.6 billion milkweed should

be planted.

Milkweed, although important for beneficial insects and greater biodiversity, are gener-
ally unwanted due to their negative impact on crop production. This presents a dilemma
about how to maintain such weeds without compromising crop production. One possible
solution to this problem is growing “beneficial weed” in patches on the farm landscape.
With such a concept, four relevant questions are: i) Where is the best location on the
farm landscape for beneficial weed patches? ii) What is the best way to establish and
maintain them? iii) Who will be responsible for establishment and maintenance? and
iv) Are there more efficient ways to secure the benefits they can provide? Each of these
questions has important socioeconomic as well as biological dimensions. For example,
farmers may be unwilling to maintain weeds within their farm fields even if it is the
most productive area from a biological perspective. Alternatively, while farmers maybe
ready to broadcast weed seed into ditches and fence rows to establish beneficial weed
patches, germination success may be too poor to make it worthwhile from a biological
perspective. Consequently, it is essential to identify motivators, extrinsic or otherwise,

that will make farmers agreeable to planting the socially optimal level of beneficial weeds.

The objective of this research was to begin to determine the extent to which farmers
would be willing to establish and maintain milkweed patches on the farm landscape
to promote monarch butterfly habitat. This objective was accomplished using a sur-
vey to assess farmers’ preferences over three hypothetical monarch habitat restoration
programs on the farm landscape under a range of volunteer and financial incentives.
Specifically, monarch habitat could be established either using milkweed seeds and peat
pots, root plugs or by broadcasting seed mix of native milkweed, grasses and other wild-
flower. Two of the programs were designed around BASF Corporation’s Living Acres
#Monarch Challenge,? while the third was designed around USDA Conservation Re-
serve and Stewardship Program requirements. The restoration could be voluntary or
for a onetime payment of $100, 250, 500 or 1000 per acre. Every questionnaire con-
tained a combination of one establishment method and financial incentive. The results
of the survey indicate the following: (i) Farmers’ average willingness to participate range
from 33.3% to 65.8% depending on the proposed incentives and farmer’s state of oper-
ation. (ii) Those agreeing to participate would enroll 2.45 acres of their non-cropland
into the program on average. The level of enrolment depends on her expectation about
the program’s effectiveness: the likelihood of producing enough milkweed per acre and
percentage of other participating farmers [75]. (iii) Farmers’ participation is not signifi-

cantly different across the establishment methods given the level of monetary payments.

2agriculture.basf.com/us/en/Crop-Protection/Living-Acre.html
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But, on average they do find broadcasting to be the most convenient method. (iv) Farm-
ers would rather volunteer than receive modest financial remuneration [48, 78], thereby
hinting at motivation crowding out. Estimates suggest that financial incentives in excess
of $610 per acre would be required to get participation that is higher than from a purely

volunteer program.

Payment for Environmental Services (PES) have been consistently used in many coun-
tries to promote biodiversity and ecosystem services conservation [10, 83, 20, 105]. In
the United States, National Resources Conservation Service (NRCS), through the En-
vironmental Quality Incentives Program (EQIP), provides financial and free technical
assistance to the agricultural producers in Midwest and Southern Great Plains, to plant
milkweed and other nectar rich plants on private lands. Besides the direct financial
gains, PES can also crowd in intrinsic motivation which indirectly helps in attaining the
desirable outcome. PES sometimes symbolize acknowledgement of pro-social behaviour
and consequently enhance the self esteem of individuals [150, 151, 139]. It can also have
a “prescriptive effect” where it signals the individuals about what constitutes socially
desirable actions [12, 130]. PES is also reported to crowd in intrinsic motivation in
common pool resource games [8, 137, 112] especially when it facilitates interpersonal
communication which in turn foster mutual trust among the participants. But PES is
also known to backfire. Based on the Self-Determination Theory, PES may crowd out
people’s motivation if it is perceived as a signal of distrust or inhibits their autonomy,
competence, social and environmental relatedness [30, 37]. In fact, in the recent years,
evidence in support of it crowding out intrinsic motivation has significantly increased
[42, 48, 112, 27, 46], more so, than its anti-theory (crowding in). Rode et al. [129]
reviewed eighteen empirical studies published since 2013 on motivation crowding by
economic incentives in conservation policy and found thirteen of them in support of
crowding out hypothesis. In this paper, I explore the possibility of motivation crowding
out by onetime payments for monarch conservation. Testing motivation crowding hy-
pothesis is especially important when designing a new conservation plan because PES
effects can extend to post-PES intervention time period [8]. In their study on conserva-
tion activities of the rural communities in Mexico, Garcia-Amado et al. [46] find that
longer PES intervention can erode people’s inherent and cultural interest in conservation

in favor of utilitarian interest.

To test the crowding out hypothesis, I first measure the intrinsic motivation of farmers
to conserve based on their current conservation activities. Most popular methodologies
for testing motivation crowding theory include framed field experiments, role games
and ethnographic approach. These techniques are more prone to social desirability and
hypothetical bias and therefore can have limited external validity [109, 9]. But here,
since intrinsic motivation is evaluated using farmers’ actual conservation behavior data,
the results are more robust to any of the above mentioned biases. Three different data

reduction techniques are employed on farmers’ conservation data to approximate their



intrinsic motivation. These methods are related to the concepts of reverse regression,
distance based discriminant analysis and control functions. Farmer’s intrinsic motiva-
tion (IM) is expected to be non-decreasing in her number of conservation activities.
It should also be higher for those who conserve voluntarily rather than for payment.
These two properties serve as the exclusion criteria for my IM proxies. The regression
results show that payments, on average, crowd out intrinsic motivation of farmers to
conserve monarchs, particularly at low levels. Yet, high levels of conservation payment
successfully increase probability of participation, especially for those who have low IM
scores. On the contrary, participation decisions of farmers with high estimates of IM,
on average, vary less with the conservation payments. Overall a volunteer program will

not only be cost effective but also more successful.

The structure of the paper is as follows. In section 2.2, I describe the survey. The
basic results from the survey are summarized in subsection 2.4.1 of section 2.4. Section
2.3 first discusses the general set up of the econometric model and its theory. It ex-
plains the motivation behind conservation practices, both intrinsic and extrinsic, their
role in encouraging conservation and crowding out effects. Next, the techniques for ap-
proximating intrinsic motivation are elaborated in sections 2.3.1, 2.3.2 and 2.3.3. All
the proxies should uphold some basic properties of intrinsic motivation outlined in sec-
tion 2.3. Finally, they are used in a regression framework to test the theory of crowding
out of intrinsic motivation. The regression results are reported in subsection 2.4.2 of

section 2.4. Section 2.5 concludes.

2.2  Survey Design

A farmer survey was conducted in Minnesota, lowa and Wisconsin. Its objective was to
give insight into the farm management and conservation practices of the farmers in gen-
eral as well as to estimate their willingness to participate in monarch conservation. The
questionnaire is organized into 4 sections covering different aspects of farmers’ conser-
vation and farm management practices. The survey had a single bounded, dichotomous
choice design to keep it simple and avoided anchoring bias. Section I focuses on under-
standing the farm management activities of the farmers. They are asked whether they
practice activities such as tillage, insecticide treatments, scouting for pests, herbicides,
use of herbicide tolerant (HT) seeds, cover crops, and rotated crops to manage their
farm. It also contains questions about farm size, whether it is organic certified or not,
crops planted and planted acres for each crop. Section II focuses on the conservation
activities of the farmers. Farmers are questioned whether they have ever participated
in USDA conservation programs such as Conservation Reserve Program (CRP), En-
vironmental Quality Incentive Program (EQIP), Agricultural Conservation Easement
Program (ACEP), Conservation Reserve Enhancement Program (CREP) and Wildlife
Habitat Incentives Program (WHIP). They are also asked if they are involved in conserv-

ing soil, water, pollinator, wildlife or prairie and whether they received any monetary,



technical or other type of assistance for the same.

Section III describes a hypothetical 5 year monarch conservation program to the farmers
for establishing milkweed habitat on their non-crop land. The program has two main
attributes: (i) method of establishment and (ii) monetary payment for participation.
There are 3 methods of establishment, each characterized by a unique set of require-
ments, which are then paired with 5 levels of monetary payments, thus making it a total

of 15 unique programs. The 3 types of establishment programs considered are as follows:
1. Establishment using milkweed seeds and peat pots
2. Establishment using milkweed root plugs

3. Establishment with seed mix containing 5% native milkweed, 15% native grasses

and 80% native wildflower

The inputs will be provided to the farmers free of cost. The milkweed patch, irrespec-
tive of the establishment type, should receive daily a minimum of 6 hours of sunlight
and not be treated with insecticides. For method I, milkweed seeds should be sowed
in the peat pots 4 weeks before the last expected frost. The seedlings should be kept
moist and indoors, with daily exposure to sun up until the danger of frost has passed.
Then, they should be transplanted into the desired location and planted at least 15 feet
apart. In method II, the milkweed patch is established using root plugs. The root plugs
should be planted at least 15 feet apart and 4-6 inches deep to avoid excessive drying
from exposure to air. In both of these methods, any surrounding vegetation should be
removed before transplanting milkweeds to avoid competition [36] and plants should be
checked to make sure that they have adequate moisture. In case rainfall is not sufficient,

milkweed should be watered.

When adopting establishment method III, cold stratification of seeds can prove benefi-
cial. Planting in fall when the first frost starts to occur is one of the most traditional
strategies for cold stratification. It is because at this time of the season, soil is mostly
wet and does not need additional watering. The location where establishment is to be
made must be treated with non-selective herbicides twice, once in the fall and again
in spring, to clear any competing vegetation. The seeds should be mixed with carriers
such as cat litter, sawdust and soy hulls in order to facilitate good seed coverage. The
seed mix should then be broadcasted at a rate of 50 pure live seed per square foot. It is
important to make sure that the seed bed is firm. To do so, the site can be rolled with

rollers or drive across with truck.

Once milkweed is planted (using any of the above methods), mowing should be done
monthly during the first year in order to curb the growth of competing vegetation. In
the coming 2-5 years, no herbicides or insecticides should be used on the monarch habi-

tat. To ensure a healthy habitat, mowing should be repeated in the fall of the third



year. The programs and their attributes are summarized in Table A.2.14.

All the establishment programs offer farmers one of the following monetary payments

for every acre they commit to the program.
1. $0 or Voluntary participation
2. One time establishment payment of $100 per acre
3. One time establishment payment of $250 per acre
4. One time establishment payment of $500 per acre
5. One time establishment payment of $1000 per acre

Each questionnaire includes one establishment method and level of monetary payment.
It describes the program in detail to the survey participant and then asks if she is willing
to participate in it. Interested farmers are further queried about how many acres and
where on their non-cropland will they establish the monarch habitat. Farmers are also
asked what factors, both in general and particular to the conservation program, moti-
vate them to participate. These include how easy they find complying to the attributes
of the program, their understanding of cultural and environmental benefits (e.g., pol-
lination) of monarch butterflies, availability of technical and financial assistance and
time, to name a few. Section IV of the survey is dedicated to the demographics of the

respondents.

The survey was conducted in two phases using mail and mixed modes. The mixed mode
technique included mailing questionnaires to those who did not respond to an initial
online surveys and reminder. In the beginning, postcards were sent out to 3600 farmers
explaining the purpose of the survey. Phase I began a week later when questionnaires
were sent out to the farmers, half mail and half email. After a week, participants who
received mail and online surveys were sent reminders through postcards and emails
respectively. In the following week, Phase II was initialised and questionnaires were

mailed to all those who had not responded after Phase I.

2.3 General Setup of the model

Farmer j participates in a conservation program i when her utility from participation,
denoted by Uj;, is greater than her opportunity cost C;. Let y;; denote her participation
decision, such that y;; € {0,1} Vi, j. Uj; is made up of the intrinsic and extrinsic utilities,

labeled U JIZ and U ]E; respectively. Suppose Uj; is additive in its components [42]:

Uji=Uj; +Uf Vi, j. (2.1)

While there are various types of extrinsic motivators ranging from Government regula-

tions to peer pressure [23, 43], in this paper I focus exclusively on conservation payments.



Let r;; denote farmer j’s decision to accept money for conservation. It takes value 1
if farmer j participates in program i in exchange for money z;(> 0) and 0 otherwise.
Both U ]}f and U]-IZ» are functions of z; V ¢. On one hand, extrinsic or financial utility Uﬁ
will always increase with z;. Assume that Uﬁ is a linear function of z; [42, 18]. On the
other hand, Ujli can be increasing or decreasing in z; depending on whether monetary
rewards crowd in or out intrinsic motivation (IM) [130, 139, 78]. It can also be non-
monotonic in z; [48]. Let N; denote the total number of conservation activities of farmer
J (N; = Xyji). In the survey, farmers were only asked about their conservation practices
related to soil, water, pollinator, wildlife and prairie. Therefore, N; € {1,2,3,4,5} V j.
Their total utility from IN; programs, labeled Uj, is then an aggregate of their utilities
Uj; derived from every program ¢ they participate in, i.e. U; = 3;y;Uj;. In the rest
of the paper, the aggregate concepts are denoted in the same way as their counterpart,
except the subscripts for the dimensions being aggregated will be suppressed. I also lose

the subscript ¢ whenever referring to monarch conservation specifically.

My objectives are to understand (i) how U JI and U, JE affect farmer j’s decision to conserve
monarchs and (ii) whether U JI is crowded out by payment offered for conservation. To
accomplish these goals, Ujl and UjE must be measured. Suppose their proxies for any
conservation program ¢ are U jlz and U ﬁ respectively. Since U ﬁ is strictly monotonic in
the dollar amount z; Vi, the dollar amount offered to establish milkweed will make a
good U JE .U JI is unobserved and will be estimated based on the techniques discussed

below. Finally, I estimate the following equation:
Fy;) = a0+ a1U] + azg(2) + BX; +7X; + €. (2.2)

The dependent variable in Equation 2.2, f(y;), and the regressor g(z) are monotonic
functions ‘f” and ‘g’ of participation dummy y; and dollar amount z respectively. X
and X; are other person specific and program specific covariates . Because y; is binary,
either ordinary least square, probit or logistic regression can be used to estimate Equa-
tion 2.2.

In this paper, farmer’s intrinsic motivation for conservation is assessed based on their
N; and r; V j. Given my understanding of intrinsic motivation, I assume that it will

have the following properties:
e It is non-decreasing in N; V j, keeping the payment level fixed.
e Given Nj, conserving voluntarily implies greater intrinsic motivation V j.

Any good IM proxy should also share these properties. The dictum that ‘past behav-
ior is the best predictor of future behavior’ is supported by much empirical evidence
in the literature on psychology [4, 5]. Farmers intrinsic motivation to conserve can be

approximated using their current conservation practices related to soil, water, pollina-

3See Table A.2.7 for details on conservation activities of the farmers in Appendix A.2.



tor, wildlife and prairie and the monetary payments they received, annual or onetime,
for their participation.? I also only predict farmers’ aggregate utility from conservation
instead of their program specific utilities. In order to keep the questionnaires short,
farmers were not asked particulars of their conservation practices. For example, they
were not questioned about the dollar amount they received, if any, for any of their
conservation activities. They were, however, asked if they got paid for any of their
conservation practices. As a result, U ]E can be approximated using r; = I (Z;N:jlrji > 0)
where [ is an indicator variable which equals 1(0) when farmer j reports (volunteering)

taking money.

Note that the conservation behaviour of people are bound to be highly correlated because
they are all determined by some common underlying factors such as their IM. So, in
the process of estimating farmers’ intrinsic motivation to conserve, I perform dimension
reduction on their conservation data to minimize multicollinearity. Hereinafter I discuss

the different methodologies which were used to construct IM proxies.

2.3.1 Method I

As already discussed above, the intrinsic utility from conservation should be greater for
those who are doing it voluntarily. In method I, I estimate how likely farmer j is to
volunteer in one of the conservation programs. The binary variable, r;, is regressed on
the participation decision variables, y;; for all 7 and some other characteristics of farmer
J. rj equals 1 if the farmer j reports accepting monetary reward, annual or onetime, for

her conservation activities. The regression equation can be stated as follows:
P(rj =1) = do + Zibdiyji + X + ¢;. (2.3)

Here e; is the residual term. y;;’s include the dummy variables for participation in soil,
water, pollinator, wildlife and prairie conservation. X; contains log of farmer j’s farm
size relative to the median farm size in her agricultural district, her education level,
age and agricultural district fixed effects. Table A.2.1 summarizes the regression results
using the probit model.* It shows that practicing any type of conservation, except soil,
has a higher chance of getting monetarily rewarded. Relatively large farms are also
more likely to get paid for participating in conservation activities. In Figure 2.1, the
turquoise lines represent the average probability of farmers volunteering for all their con-
servation activities, E;(P(r; = 0)), grouped by number of conservation activities and
their payment level. They are negatively sloped because volunteering in multiple con-
servation activities is costlier than volunteering for just one. Consequently, volunteering
becomes less likely when the number of conservation activities increase. Furthermore,
the predicted probability is always higher for a farmer j who volunteered to conserve

than farmer j” who was paid for participating, given that N; = Nj.

4Additional tables and figures for this chapter are in and named after appendix A and are duly num-
bered.

10



The participation decision variables y;;’s and the dependent variable P(r; = 1) both
depend on intrinsic motivation of farmer j which is not explicitly controlled for in Equa-
tion 2.3. Hence, my regression may suffer from omitted variable bias. Moreover, 2.3 is a
reverse regression because participation in conservation activities may depend on mon-
etary assistance and not vice versa. The direction of bias in coefficients §; will depend
on whether farmers, on average, experience crowding in or out of intrinsic motivation
when paid for conservation. But, the purpose of estimating 2.3 is data reduction, i.e.
to express the chance of voluntary participation as a linear combination of conservation
activities of the farmers, and not to establish causality. That is why, I do not focus on

statistical inferences of the results.

Figure 2.1: Average conditional probability of voluntary participation for farmers who
volunteered or got paid (r;) given their total number of conservation activities (Nj).

Suppose that farmers’ decision to practice different kinds of conservation are indepen-
dent of each other after controlling for their intrinsic and extrinsic motivation. Then,
their probability of volunteering in a conservation program will be N(/m . This
probability is represented by the red lines in Figure 2.1. Ideally, the ex-post probability
of volunteering in only one conservation program should be higher for the volunteers
with greater N. But, Figure 2.1 shows that it is not non-decreasing in the total number
of activities for volunteers. The average probability of volunteering rises from 0.66 to
0.8 when total conservation activities increase from one to three. It then decreases to
0.796 and 0.75 when the latter is four and five respectively. These two means, however,

are not equal only at 11% level of significance.
One of the reasons for such anomaly could be the diminishing sample size of volunteers

with an increase in conservation activities. Their number is reduced four times (131:62

to 10:18) in comparison to those getting paid when total activities expand from one
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to five. It is fair to say that these numbers imitate the real world scenario where not
many farmers practice multiple types of conservation and that too pro-bono. But, it can
potentially bias N{/m which systematically loses its variance with diminishing
sample size. Its standard deviation declines continuously with the number of conser-
vation practices from 0.13 when N;=1 to 0.079 at N;=5. The deteriorating variance
could have been checked by incorporating more variables in Equation 2.3. But getting
additional information would have made the questionnaire lengthy which in turn could
have dropped the response rate [40, 132]. Instead, I control for the bias by weighing the
proxy variable with the inverse of its standard deviation conditional on the number of

programs.® Let weight w} equal
1

w! —
L VarCVPa =0

Multiplying wjl- by ™/P(r; = 0), transforms it monotonically and consequently makes

the weighted proxy relatively more non-decreasing in IV; than its unweighted counter-

V3.

part. Figure 2.2 shows the average of the IM proxy, scaled by wjl-, as a function of farmer’s

total conservation activities N; and their decision to take money for their services r;. 1

refer to /P (r; = 0) and w; §/P(r; = 0) as IM-1.1 and IM-1.2 respectively.

Figure 2.2: IM1.2- Probability of voluntary participation weighted by w}

51 use variance and not probability of occurrence to construct the weights due to two reasons. First,
as already stated, it is not unexpected for the sample size to decrease with increase in number of
conservation activities. Nevertheless, it is hard to know whether the sample size for each N fairly
represent the underlying population. Second, while the same logic holds in case of variance, yet it
is more likely that variance based on small samples are underestimates of their true values. Farmers
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2.3.2 Method I1

Here, farmers are assigned relative IM indices with respect to the most and least in-
trinsically motivated to conserve. To do so, I first find those two dimensions (principal
components) of the data which are dominated by N; and r; using Categorical Principal
Component Analysis (CATPCA). Subsequently, farmers are represented by their com-
ponent scores on these two principal components. Section 2.3 clearly states that intrinsic
motivation is non-decreasing in N; and decreasing in 7;. Therefore, as per the survey
data, group of farmers with N;=5 and r;=0 have the highest environmental morale. On
the other hand, those practicing only one conservation plan (/N;=1) and that too with
financial assistance (r;=1) form the least motivated group.’ Let the centroid of these

> and ‘L’ respectively. Furthermore, suppose farmer j

two groups be represented by ‘H
is at a euclidean distance of df and d]L from H and L respectively. Then, those who are
highly (less) intrinsically motivated to conserve will have low (high) df and high (low)

L
dj.

PCA is one of the most widely used data reduction techniques [108, 3]. But, it is only
suited for data sets with continuous variables [90]. Categorical Principal Component
Analysis (CATPCA), however, optimally quantifies qualitative variables and then per-
forms the linear PCA on the transformed variables [90, 103, 104]. Optimal scaling or
quantification is nothing but nonlinear or linear transformation of variables which max-
imize their correlation. It is however a constrained optimization. The admissibility of
transformation functions depend on whether the variables are nominal, ordinal or nu-
meric. For a nominal analysis level, the optimal category quantification does not need
to be monotonic. In case of ordinal and numerical variables however, the optimal trans-
formation preserves the rank-order of the original variables. The transformed numerical
variables should also maintain the original relative spacing of the underlying variables.
Here, CATPCA is performed on farmers’ conservation practices related to soil, water,
pollinators, prairie and wildlife, and their age, education level and farm size relative to
the median farm size in their agricultural district. Other demographic variables such
as race and gender are not incorporated in CATPCA because they produce negligible
variation in the data. Information on their conservation payments are also included. As
discussed before, this survey asks farmers whether they received monetary payments,
annual or onetime, for their conservation activities. Therefore, every farmer belongs to
one of these 4 categories: They are either voluntary participants, paid annually, onetime
or both. I effectively consolidate these information into one nominal variable, named

‘Payment type’, which takes value 0, 2, 3 and 4 for the categories above and use it for

taste for conservation is determined by multiple factors, many of which are unobserved. So, it is
expected to vary more than what the sample estimates for any N.

5In the survey, farmers are asked to check the boxes for what all conservation they practice. Therefore,
those who did not check any of the boxes could be either be farmers who did not practice any
conservation at all or those who chose to not respond. These two types can be very distinct from each
other. The survey did not have questions which could distinguish between the two. That is why, I
define the least motivated group of farmers as those who practice at most one conservation instead of
none.
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analysis. The variables are quantified during dimension reduction based on the following
set of restrictions- all conservation practices and variable for types of payment received
are treated nominally while education and N are ordinal. The rest of the variables are
continuous and therefore are classified as numerical. I also impose rank-1 restriction on

quantification matrix to keep the analysis simple [104].

Preliminary results from CATPCA are shown in figures A.1.7 and A.1.6. Figure A.1.6
shows the optimally transformed variables plotted against their observed values. The
plotted transformation is with respect to the first principal component.” As already
mentioned, for a nominal variable, the optimal category quantification does not need
to be monotonic. This is very clear in the case of variable ‘Payment type’. In case of
ordinal and numerical variables, the optimal transformation preserves the rank-order of
the original variables. For example, the age of farmers are scaled so that older farm-
ers continue to get higher score on the optimally transformed age variable. Similarly,
people who participated in more conservation activities (N) receive higher value on the

transformed N as well.

Figure A.1.7 is the scree plot with the first five principal components. These dimensions
account for 27.7%, 15.52%, 10.83%, 10.01% and 9.87% of the total variance respectively.
Table A.2.2 gives the principal component loadings of the variables on dimensions 1
(‘DY’) to 5 (‘D5’). The results show that the most dominant factors for D1, D2, D3,
D4 and D5 are N, log of farmers’ farm size relative to the median farm size in their
agricultural district, payment type, age and education respectively. Furthermore, pol-
linator, wildlife and prairie conservation are highly correlated with D1 and weak on
D2 unlike soil conservation which greatly influence D2 without making much differ-
ence to D1. To construct the IM proxy, I will focus on D1 and D4 only because the two

dimensions capture the most variability in N and information on conservation payments.

Farmer j can be represented by her coordinates {D1(j), D4(j)} V j. The small dots in
Figure A.1.8 represent farmers on {D1, D4} coordinate system. They are color coded
based on combinations of farmers total number of activities, N;, and whether they got
paid for it, r;, making it a total of ten groups. The big dots are the centroid for each
group. Farmers who participate in more conservation activities score low on D1. On the
other hand, those who conserve voluntarily score high on D4. Therefore, the centroid of
groups H and L are located in the second and fourth quadrant. Farmers in the second
(fourth) quadrant who are inevitably closer to (farther from) H and farther from (closer
to) L have higher (lower) IM to conserve. But then there are those, like the ones in the
first and third quadrants, who are far away from both H and L. Their distance estimates
d and dJL independently do not provide good estimates of their intrinsic motivation.

J
That is why, I use dJL — df as an IM proxy. Not only does it, on average, give high (low)

"Due to the rank-1 restriction on quantification matrix, the transformations on any other dimension is
linearly dependent on the first dimension (principal component) [96].
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values to farmers closer to H (L), but also penalizes the cases where the noise to signal
ratio is high; whenever dJH and dJL are both high, dJL —d]H will give relatively more precise
information about intrinsic motivation than df and df individually. Figure 2.3a shows
that E; (d]L — dJH ;) is strictly increasing in the total number of conservation activities
for all r; € {0,1}. Farmers who volunteer always score higher on this proxy than those
who get paid, keeping N constant.

d]L — df] is just one out of many functions of {df,de } which satisfy the properties
mentioned in section 2.3. In fact, any function that is decreasing and increasing in df
and dJL respectively, will satisfy those properties. One such function, logit(df — dJH ), is
also used as a proxy for intrinsic motivation (see Figure 2.3b). Finally, Equation 2.2
is estimated using both d]L — dJH and logit(d]L — df ) as proxies for intrinsic motivation

which will be referred as IM-2.1 and IM-2.2 respectively in the rest of the paper.

(b)

Figure 2.3: (a) Distances df, d]L and IM2.1, and (b) IM2.2 as a function of farmers total
number of conservation activities and their decision to get paid for them.
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2.3.3 Method III

In method III, instead of directly predicting U ]1 as in subsection 2.3.1, I first estimate
U; and UjE and then find UJ-I using 2.1. Overall utility from conservation is approxi-
mated by performing Categorical Principal Component Analysis (CATPCA) on farmers’
conservation practices data. Specifically, CATPCA is conducted on farmers’ participa-
tion decision variables for soil, water, wildlife, pollinator and prairie conservation, and
their total number of conservation activities. The participation decision for all conser-
vation practices are treated nominally except N, which is considered an ordinal variable.
Additionally, the quantification matrix for every variable is restricted to rank 1 [29].
Figure A.1.10 shows the optimally transformed variables plotted against their observed

values. The plotted transformations are with respect to the first principal component.

Figure A.1.9 is the scree plot displaying the eigenvalues and variance accounted for
(VAF) by the first three principal components. VAF for the first (‘D1’), second (‘D2’)
and third (‘D3’) principal components are 42%, 21.23% and 13.25% respectively. Com-
ponent loadings in CATPCA, as in PCA, are correlations between the quantified vari-
ables and the principal components, and the sum of squared component loadings indi-
cates the variance accounted for (VAF) by the principal components [90]. Table A.2.2
shows that D1 is dominated by N. D2, on the other hand, distinguishes farmers who
participate in soil and water conservation from those who conserve pollinator, wildlife
and prairie. A good proxy U j, like Uj, should be monotonic in IN;. Therefore, out of all

the principal components, monotonic functions of D1 will be the most suited Uj.

Next, Uj is regressed on the dummy variable for monetary payments r; while controlling

for other covariates as stated in Equation 2.4:

ﬁj = ¢o + p171; + (X +vj. (2.4)

Here, X; include control variables such as farmer j’s age, education, log of her farm size
relative to the median farm size in her agricultural district and agricultural district fixed
effects. v; is the random error and ¢; captures how farmers’ utility, (Uj), on average
is affected by their propensity to accept payments for conservation. Uj — ¢17; then is

the component of utility independent of payment. So, it is used as U]I and labeled IM-3.1.

Table A.2.4 summarizes the regression results where different functions of -D1 are used

A - - D1
as Uj. The second column uses -D1 as U; while the first one is E;(Uj;) = N In

J
both specifications, getting paid, annually or onetime, significantly increases the utility
from conservation.® The increase in total and average utility due to annual payment
are 1.4 and 1.8 times more than the increase due to onetime payment. Since number

of conservation practices is highly correlated with D1, the regression results also imply

8Note that since there are two types of payments available, annual and onetime, r; and ¢; are matrices
of sizes n X 2 and 2 X 1 respectively.
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that getting paid on average increases the conservation activities of farmers. Higher
education also increases the average utility from conservation but at a decreasing rate.
Larger farms relative to the median farm size in their agricultural district significantly
lowers the utility and consequently discourages conservation. This could be because the
farms which are relatively large are likely to be more commercial in nature. Under such
circumstances, taking land out of cropping to practice any type of conservation program

may be too costly for the farmers.

I then subtract the effect of payments, annual and onetime, from the conservation utility
to approximate intrinsic utility. The proxies for intrinsic utility created are: (i) U =175
and (i) E;(Uj;) — ¢17; which are named as IM-3.1 and IM-3.2 respectively. Figure 2.4
shows how UJI on average varies with N; and r; V j € {v,m}. As expected, the proxy
based on total utility, U; — ¢17;, is strictly increasing in number of conservation activ-
ities. The intrinsic utility per conservation activity, on average, increases with N; at a
decreasing rate. But for both the proxies, the value is always lower for farmers of type
m since their UJI = Uj — ¢1 where ¢1 > 0. As both of these proxies satisfy the properties

mentioned in section 2.3, I use them to evaluate 2.2.°

Figure 2.4: IM Proxies, U ]I , based on Uj = —D1 and its average given the total number
of conservation activities N; and payment status r;.

9Unlike Method I, my proxies here satisfy the properties in section 2.3. That is why, they are not

weighted explicitly. Also, the variance of UJI here is almost constant across all N. Therefore, it is
not a suitable weight for the proxy in question. The variation in EZ([AJ ji) however diminishes with
increasing N and can be used to construct its weight.
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2.4 Results

2.4.1 Summary Statistics

The mail survey, including a mail follow up for non-respondents, produced 599 (33.3%)
returns. The mixed survey, also including a mail follow up for non-respondents, pro-
duced 75 (4.2%) online returns and 322 (17.9%) mail returns for a total of 397 (22.1%)
returns. Out of all the survey returns, 698 are good returns that could be used for
data analysis. Table A.2.5 summarizes the information on acres planted by the farm-
ers, average yield of the types of crop they grow and whether they had livestock on
their farm. 90% of the farmers report planting an average of 450 acres while renting
out about 214 acres. Corn and soybean were grown by more than 60% of the farmers.
46% of the farmers have livestock on their farmland. Table A.2.6 summarizes the farm
management practices of the farmers. It shows that non-invasive practices are more
popular among farmers than their counterpart. Around 60% of the farmers report ro-
tating crops, scouting, soil testing, using spring fertilizer and herbicide tolerant seeds.
More than 50% do not use or have reduced tillage planting and report applying post as
well as pre-emergent herbicide. Foliar insecticides, which is known to harm pollinators,

is used by 20% of the farmers.

Table A.2.7 sums up the conservation practices of the farmers. 77.5% of the farmers
practice some type of conservation activity. On average, farmers participate in envi-
ronmental conservation activities more than animal conservation. The percentage of
farmers participating in soil, water and prairie conservation are 58.7%, 34% and 18%
respectively. On the contrary, only 31.6% and 16.4% have been involved in wildlife and
pollinator conservation. Farmers with large farm area are less likely to participate in
wildlife, pollinator and prairie conservation and more likely to conserve soil and water.
Annual payment for conservation is the most common form of assistance. 40% of farmers
who conserve, took annual payments while 11% took onetime payment. Getting paid
is also associated with more conservation activities. Volunteers on average participate
in 1.8 out of the 5 conservation activities. Conversely, those who get paid participate
in 2.4 programs on average. This difference in average participation rate can be due to
the significantly larger farms of paid participants. The farm size of volunteers and paid

participants are 126.78 and 192.47 acres respectively.

The response rate is not statistically different across either the establishment or incen-
tive types which lowers the possibility of selection bias in the survey data. 38.5% of the
respondents agreed to participate in monarch conservation. Farmers who are involved in
wildlife, pollinator and prairie conservation are more likely to participate in conserving
monarch. 60% of these farmers agree to conserve monarch butterflies. But only 46%
of those who do soil conservation agreed to establish monarch habitat. This relation-
ship is however insignificant. Farmers decision to participate in monarch conservation

is not significantly influenced by the proposed establishment methods. The percentage
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of farmers who agree to participate given establishment types A, B and C are 44.1%,
46.9% and 43.1% respectively. But, willingness to participate varies significantly with
the amount of payment offered. Figure 2.5 shows that average willingness to establish
milkweed decreases from 45.2% to 36.4% when payment level changes from 0 to $250.
But further rise in the amount offered significantly increases average willingness to par-
ticipate; at $1000 per acre onetime payment, the rate of participation is 59.6%. This
result is akin to the findings of Gneezy et al. [48] and supports the possibility of crowd-
ing out of intrinsic motivation. Farmers agreeing to participate also indicated that they

would enroll 2.45 acres of their non-cropland into the program on average.

Although establishment types do not significantly affect farmers’ decision to participate
in monarch conservation, yet farmers find some of them more manageable than oth-
ers. They were asked to rate the establishment methods on their ease of compliance
for various program requirements. These include location choice, pre-planting, plant-
ing, watering and mowing in the first and third years. Their options were “not at all
difficult”; “slightly difficult”, “somewhat difficult”, “Very difficult” and “Extremely dif-
ficult”. Table A.2.8 shows the itemwise average difficulty level for each establishment
type A, B and C. The average was calculated after the ratings were assigned values 1 to
5 in an increasing order of difficulty. I then test for equality of the average ratings using
t-test. The establishment methods which are significantly easier to adapt to a program
requirement are mentioned in the last column of the Table A.2.8. The location choice
requirement is equally difficult across the establishment types A, B and C. But farmers
significantly prefer establishment method C over B and B over A when pre-planting
milkweeds. For every other requirement, they are indifferent between methods A and
B. Nonetheless, method C is the easiest of all.

Farmers are also asked about how popular they think the program will be across the
country —“If U.S. farmers in the monarch butterfly’s migration path were invited to
participate in this program, what percentage do you think would?”. Their options
included less than 1%, 1-4%, 5-9%, 10-24% and 25% and above. The results show that
those who are optimistic about the program are significantly more likely to participate.
Of those who anticipate more than 25% of U.S. farmers to participate, 78.6% agreed to
do so themselves. On the other hand, only 30% of the farmers who think that overall

participation rate will be less than 1% agree to participate in the program.

2.4.2 Regression results

I begin by examining how farmers’ decisions to participate in monarch conservation
program are affected by the amount of money they are offered, while not controlling
for their intrinsic motivation. The participation decision variable is regressed on the
dummy variables for dollar amount offered while controlling for other attributes of the
program and farmers. These covariates include program attributes, farmers awareness

about decline in monarch population, age, education, their farm size relative to the
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median farm in their agricultural district, and agricultural district fixed effect.

0.50-

Proportion willing to participate

0.40-

0 250 500 750 1000
Payment in §

Figure 2.5: Percentage of respondents willing to participate in monarch conservation
program as a function of payment offered.

Table A.2.9 summarizes the regression results using a probit model. To capture the
effect of payment, following variables are used: First, the dummy variable ‘Paid’ which
equals 1(0) when farmers are (not) offered money for participation. It captures the av-
erage effect that money has on willingness to participate. The second variable is ‘$value’
which equals the per acre dollar amount proposed for participation. It takes values 0,
100, 250, 500 and 1000 respectively and will capture the marginal effect of money on
willingness to participate. Figure 2.5 shows that introducing monetary payment causes
a steep fall in the average level of participation in monarch conservation. But post
introduction, the probability of participation becomes almost linear in payment. That
is why, using these two variables instead of a separate dummy for each payment level,
not only fairly represents the data but also helps gain degrees of freedom. The second

specification has separate dummy variables for each level of conservation payment.

In the first specification, the probability of participation drops significantly by 42%
when farmers get paid. Nonetheless, it recovers with further rise in payment level. An
increase in payment by $1000 per acre will increase the chances of farmers conserving
monarchs by 1%. This effect, although small, is highly significant. In specification 2, the
participation rate declines with conservation payment until it is $250 per acre, where it
reaches its minimum. Any further increase in the dollars offered raise the probability of
participation. At $1000 per acre, the chance of participation is 33% higher than when

no money is offered with a proability value of 11.7%. Farmers with at least 4 years of

20



college are significantly more likely to participate than those who completed their high
school at most. Relatively large farms are also less likely to participate, significantly so

in case of specification 2.

Results in Table A.2.9 can be interpreted as crowding out of farmers willingness to par-
ticipate by low conservation payments. Conversely, higher payment amount crowds in
farmers’ intrinsic utility which in turn enhances their average rate of participation. But
the crowding out of motivation can also result from farmers engaging in socially desirable
responding [51, 44]. Conservation activities, in general, are perceived to be altruistic and
getting paid for doing the right thing is an unacceptable behaviour. Therefore, farmers
may be over-reporting their intolerance towards conservation payments, especially when
it is low, in order to appear virtuous. That is why, to test the crowding out hypothe-
sis, their true taste for conservation is estimated from their current efforts to conserve.
This variable is then interacted with the money offered for monarch conservation to see

whether crowding out is indeed happening.

Figure A.1.11 shows the distribution of IM proxies which are re-scaled to lie in the in-
terval [0,1]. The Shapiro-Wilk test of normality show that none of them follow normal
distribution. The green and blue lines represent the mean and median of the IM proxy
in question. Estimators 2.1, 2.2, 3.1 and 1.2 are all positively skewed. Accordingly, their
median farmers are less intrinsically motivated than their average farmer. Proxy 1.1 on
the other hand is negatively skewed. IM proxy 3.2 is also skewed to the left (-0.32)
but its mode is less than its mean value. The bars in Figure A.1.12 show the average
number of conservation activities of farmers in each quarter of IM proxies. The lines
correspond to the secondary y-axis and represent the percentage of farmers who are paid
participants in each quarter. All the proxies are monotonically increasing in the number
of conservation activities. In other words, any farmer j who scores high on IM proxies
(higher quartile) is more likely to have high N;. Higher N; will also incur more economic
cost. Even intrinsically motivated farmers can find such cost inhibiting. That is why, in
Figure A.1.12, the percentage of paid participants is not necessarily decreasing with IM
scores except when the scores are based on IM1.1.'° Conversely, when intrinsic motiva-
tion is approximated using IM1.2, the percentage of paid participants are statistically
equal for all quarters based on a two-tailed proportion test. Alternatively, one-tailed
test results illustrate significantly higher proportion of volunteers in its first quarter in
comparison to its second quarter. Method II proxies have majority of volunteers in
their second and third quarters. Their percentage are 40%, 61.8%, 66.7% and 51.3% for
the first, second, third and fourth quarters respectively. In contrast, IM3.2 have volun-
teers mostly in its extreme quartiles. The percentage of voluntary participants in its
first, second, third and fourth quarters are 67.5%, 41.67%, 47.5% and 60.5% respectively.

10This observation does not have a ceteris paribus assumption unlike the second property of IM in
Section 2.3. Therefore, the two are not contradicting each other.
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Next, I discuss the results from regressions where I use the variables defined in sections
2.3.1, 2.3.2 and 2.3.3 as IM proxies. The set of control variables will be the same as
Table A.2.9 unless mentioned explicitly.

Table 2.1 summarizes the results from estimation of Equation 2.2 using IM proxies de-
scribed in sections 2.3.1, 2.3.3 and 2.3.2 within a probit setup.!! When discussing the
results, the general emphasis will be on interpreting the signs and significance of the
regression coefficients and not their absolute values, particularly for qualitative ordi-
nal variables such as intrinsic motivation. The results are remarkably robust across all
specifications. Farmers always prefer to volunteer for monarch conservation than getting
paid, at any level of intrinsic motivation. Getting paid, on average, lowers the proba-
bility of establishing milkweed patches anywhere in the range of 43-47%. Yet offering
more dollars to farmers with minimum intrinsic motivation significantly increases their
average chance of growing milkweed, i.e. V j whose U ]I = 0. A $100 rise in conservation
payment increases their likelihood of participation by 0.1% to 0.2% depending on un-
derlying IM proxy.

Intrinsic motivation proxy

(1.1) (1.2) (2.1) (2.2) (3.1) (3.2)

Paid —0.437*  —0.463* —0.468** —0.471** —0.462** —0.477**
(0.192)  (0.195)  (0.195)  (0.195)  (0.194)  (0.195)

M 0.791 1.336™*  0.945™  0.835"  0.909**  (.881**
(0.725)  (0.491)  (0.416)  (0.330)  (0.438)  (0.358)

$value 0.002**  0.002**  0.001*** 0.001*** 0.001**  0.001**
(0.001)  (0.0005) (0.0004) (0.0003) (0.0004) (0.0005)

$value x IM —0.001  —0.002* —0.001" —0.001T —0.001  —0.001
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)

Constant —0.726  —0.746  —0.349  —0.266 —0.500 —0.611
(0.616)  (0.517)  (0.494)  (0.493)  (0.500)  (0.506)

Observations 430 430 430 430 430 430

Log Likelihood -267.056 -264.156 -265.247 -264.558 -265.408 -264.559
Akaike Inf. Crit. 608.112  602.312 604.494 603.115 604.816  603.118

Note: Tp<0.15; *p<0.1; **p<0.05; **p<0.01

Table 2.1: Summarizing regression results from IM proxies based on methods I, IT and
I11.

Intrinsically motivated farmers, i.e. U j[ > 0, are, in general, more likely to participate
in the proposed monarch conservation program. This is obvious since all the IM proxies
have positive and significant coefficients, except in the case of specification 1.1 where

it is positive but not significant at 10% level of significance. UJI interacts negatively

1See tables A.2.10, A.2.11 and A.2.12 for further details on regression results for proxies based on 2.3.1,
2.3.3 and 2.3.2 respectively.
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with the amount of money offered signalling crowding out of intrinsic motivation. The
coefficients of the interaction term range from -0.002 to -0.001. But, they are significant
at 10% for IM1.2 only. The coefficients for interaction variable based on proxies 2.1 and
2.2 are significant at 15% level of significance. Although a less stringent criterion, using
a threshold probability value of 15% to evaluate significance is not unreasonable here

given the small sample size for farmers in group H.

Out of all the other control variables, education plays an important part in driving
up the average probability of participation. Tables A.2.11, A.2.10 and A.2.12 show
that farmers who have had at least four years of college are significantly more likely
to establish milkweed patch than those who are at most high school drop outs. On
the other hand, those who have had two years of college or any vocational degree have
negative coefficients which implies a lower participation rate on average than those who
are educated only up till high school. This difference, however, is insignificant across all
specifications. Relatively large sized farms, on average, are less interested in establishing
monarch habitat but this effect is insignificant. Farmers also do not have any preference

for establishment types.

Table 2.1 also gives the AIC and log likelihood for each specification. Out of all, IM-1.2
has the lowest AIC and highest log likelihood value, indicating it to be the best fit for
the data at hand. It should also be noted that the IM proxies which are non-decreasing
and concave in N (here, 1.2, 2.2 and 3.2) fit the data marginally better than the oth-
ers. Consequently, farmers’ true intrinsic motivation may well be concave in their total

number of conservation activities.

Figures 2.6 and 2.7 summarize the effect of money on the participation rate of farmers in
different quartiles of IM1.2 and IM2.2 respectively. The key takeaways from Figure 2.6
are as follows. First, the probability of volunteering is strictly increasing in the intrinsic
utility of farmers. On average, 70% of the farmers in the top quartile who were asked
to voluntarily preserve monarch habitat are willing to do so. This number is 37.5%
for those in the bottom quartile. Second, monetary rewards of $100 and $250 per acre
cause the participation rate to decline among all the groups.'? The fall is especially
pronounced at $250 per acre reward for farmers in the first and third quartiles. Their
average participation declines from 37.5% and 58% to 20% and 28% respectively when
payment offered increases from 0 to $250 per acre. The decline however is only significant
for the farmers is third quartile. Third, farmers in the bottom three quartiles are more
willing to participate when payment rises further up from $250 per acre. Fourth, the
most intrinsically motivated group of farmers, i.e. those in top 25%, see a steady fall

in their average probability of participation when the size of reward increases. Their

12 At $100 per acre, participation rate for all the groups is lower than when no money is offered, except for
those in the bottom 25% of the distribution for the IM proxy. For them, the likelihood of participation
increases marginally by 3.7% to become 41.2%. This rise, however, is highly insignificant with a p-
value of 0.82.
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participation rate decreases from 65% to 52% when their payment is increased from 0
to $1000 per acre. But, the difference in participation rate is not significantly different
from zero. Consequently, the most motivated farmers can neither be lured in or out of

their decision to conserve monarchs using money.

Figure 2.6: The effect of compensation level on the average probability of participation
in monarch conservation for quartiles of IM-1.2.

Figure 2.7 is qualitatively similar to Figure 2.6 in many respects. Both these figures
show that low levels of compensation ($100 and $250 per acre) deter participation of
farmers in the bottom two quartiles, in addition to the third quartile in Figure 2.6. In
Figure 2.7, the average probability of participation for farmers in the first and second
quartiles decreases significantly from 46% to 13% and from 50% to 17% when their re-
wards are increased from zero to $100 per acre and $250 per acre respectively. But as
soon as the conservation payment goes above $250 per acre, all these groups register a
systematic increase in their participation rate. This suggest that farmers in the first and
second quartiles of IM1.2 and IM2.2 as well as those in third quartile of IM1.2 may have
a discontinuity in their utility functions at $0. Gneezy et al. [47] calls it the ‘W-effect’
of incentives. They state that performance is non-monotonic in the size of extrinsic in-
centives. When moving from no incentives to small ones, performance worsens, only to
improve again with further increase in incentives. In one of their experiments, Gneezy
et al. [48] find that pupils collecting donations for charity from private households per-
form better either when they receive a considerably large amount of money or when
they do it for free. They mention several reasons for why incentives affect performance

detrimentally, such as incomplete contracts and shift in perception from communal to
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exchange. I believe that introducing small conservation payments also change farmers’
rationale behind participating in monarch conservation from pro-social to economic [78].
Small monetary rewards do not compensate them sufficiently and fail to gain their in-
terest. The farmers may also perceive low levels of conservation payments as an insult
to the time and effort they would have to put into establishing monarch habitat [48].
This significant negative effect is captured by the dummy variable on getting paid in
Table 2.1. But as soon as the money offered becomes substantive ($500 or more), price
effect overpowers any possible crowding out of intrinsic motivation and accordingly in-
creases their average probability of participation. Due to this, the coefficient on the
amount of conservation payment is significantly positive. The non-monotonic relation-
ship between participation rate and conservation payments can also occur if farmers
answered strategically [42, 18]. As per the survey, 74% of the farmers are aware of the
declining monarch population, 51% of which report participating in Government conser-
vation programs such as CRP, ACEP, CREP and WHIP to name a few. Many of these
programs educate and also offer monetary rewards for pollinator habitat conservation,
including monarchs, which in turn, update farmers about the urgency of the situation.
Consequently, they can leverage their position as the potential providers of monarch
habitats by strategically understating their willingness to participate in order to obtain

higher compensation levels.

Figure 2.7: The effect of compensation level on the average probability of participation
in monarch conservation for every quartile of IM-2.2.

The figures also show that the average participation rate of the most motivated groups,

the fourth quartile, are less adversely affected by the low payment amount in comparison
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to the bottom two quartiles. In fact, the average participation rate for the third quartile
of IM2.2 hardly decreases, even at low levels of compensation as seen in Figure 2.7. This
may mean that their intrinsic utility from conservation is too high to be undermined by
economic incentives in general. Consequently, in Table 2.1, even after netting out the
effect of getting paid, high IM still improves the chances of conserving monarchs. But
when conservation payments get very large, such as at $1000 per acre, the most moti-
vated 25% experience decline in their average rate of participation. This deterioration is
visible in both the figures and unfolds as the negative coefficient on the interaction terms
between IM proxies and dollar value of conservation payment in Table 2.1. These effects
become more apparent when an interaction between the IM proxy and dummy variable
‘Paid’ is included as an additional independent variable. Table 2.2 summarizes the re-
sults of probit regressions only for the best performing proxies, i.e. specifications 1.2,
2.2 and 3.2.'% Adding the interaction term improves the log likelihood of every model.
But, it causes AIC to deteriorate marginally for all specifications, except 2.1 and 2.2.
The average probability of volunteering is no longer significantly higher for farmers with
high IM values. Nonetheless, its coefficient is still positive, except for specification 2.1
where it equals -0.075 with a probability value of more than 0.9. Instead, part of the
positive effect of intrinsic motivation is now captured by its interaction with the dummy
variable for getting paid. This effect is significant at 5% for specifications 2.1 and 2.2
and at 21% for specification 3.1. Incorporating the new explanatory variable enhances
the negative coefficient on the dummy variable for getting paid and its interaction with
conservation payments. The coefficient on the dummy variable for getting paid almost
doubles, although no longer significant at 10% for specifications 1.1 and 3.2. On the
other hand, the interactions between the IM proxies and conservation payment are now

significant at 5% level of significance for cases 1.2, 2.1 and 2.2.

In their paper, Gneezy et al. [48] state that insulting compensations are not necessarily
small compensations. The top two quartiles together experience greater willingness to
participate when conservation payments rise from $100 to $500 per acre. They may
consider such modest rewards as a mere token of appreciation and consequently partic-
ipate more. But when it further increases to $1000 per acres, their internal satisfaction
from conservation reduces enough to decrease their willingness to conserve monarchs.
They may feel that their contribution will go unacknowledged when they are paid high

sums of money for conserving monarchs.

2.5 Conclusion

In the past two decades, monarch butterflies have experienced a significant decline in
their population, so much so, that they are being considered for listing under the Endan-

gered Species Act of 1973. Researchers believe that the largescale reduction in milkweed,

13For further details, see Table A.2.13.
YErey et al. [42] observe that Swiss residents when proposed hefty monetary compensations, in some
cases higher than their median per month household income, to permit construction of a nuclear waste
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Intrinsic Motivation Proxy

(1.2) (2.2) (3.2)
M 0.834 0.022 0.730f1
(0.722) (0.500) (0.546)
Paid —0.876* —0.871*** —0.621f
(0.478) (0.274) (0.441)
$value 0.002*** 0.001*** 0.001**
(0.001) (0.0003) (0.001)
IM x Paid 0.881 1.317% 0.268
(0.932) (0.634) (0.735)
IM x $value —0.002** —0.002** —0.001
(0.001) (0.001) (0.001)
Constant —0.487 0.026 —0.518
(0.585) (0.513) (0.564)
Observations 430 430 430
Log Likelihood -263.697 -262.387 -264.492
Akaike Inf. Crit. 603.395 600.774 604.984
Note: tp<0.2; Tp<0.15; *p<0.1; **p<0.05; **p<0.01

Table 2.2: Effect of interaction between IM proxies 1.2, 2.2 and 3.2, and getting paid
on the probability of participation in the monarch conservation program.

which is monarch larvae’s critical food source, since the introduction of herbicide tol-
erant crops plays a major role in aggravating the issue at hand. As a result, both
the Government and other agencies in the U.S. are trying to develop plans which will
encourage farmers to plant milkweed in their non-cropland. In this paper, I aim at find-
ing out what factors encourage farmers to participate in monarch habitat restoration.
Farmers in Iowa, Minnesota and Wisconsin are surveyed to evaluate their interest in
hypothetical monarch conservation plans with predefined methods of establishing milk-
weed and monetary benefits. This paper especially focuses on how economic incentives
affect farmers’ willingness to participate, thus contributing further to the literature on
motivation crowding theory. Farmers’ intrinsic motivation is estimated using a variety

of dimension reduction techniques on their actual conservation data.

The results suggest that monarch conservation will be more successful when farmers are
asked to do it voluntarily. Incentivizing conservation economically will be a much more
costly affair because of two reasons. First, intrinsic motivation is significantly crowded
out at low levels of compensation, particularly for farmers who are inherently less in-
spired to undertake conservation activities. Second, while highly motivated farmers are
not as averse to getting small conservation payments, they are, in any case, willing
to participate, more so pro-bono. Thus my analysis implies that intrinsic motivation is

non-monotonic in the size of monetary rewards, as conjectured by Gneezy et al. [48, 47].

repository for a short lived, low and mid-level radioactive waste on their community grounds, became
less accepting of the idea than when no compensation was offered.
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I also find that farmers are more likely to establish monarch habitats when assisted tech-

nically.

Another important takeaway is how to identify the right audience for a conservation
program. Most of the studies testing public pilot projects are based on self reports from
field experiments or interviews. This makes them susceptible to different types of biases
such as social desirability bias and hypothetical bias thereby raising doubts on their
external validity. In this paper, I estimate the respondents’ chance of participating in
monarch habitat conservation using data on their current conservation practices. Hence,
my results are relatively robust and less vulnerable to biases mentioned above. Findings
suggest that farmers who already volunteer in different types of conservation programs
are more likely to establish milkweed patches on their non-cropland. Using actual con-
servation data to estimate intrinsic motivation also helps produce robust predictions
about motivation crowding theory which in turn tell us about usefulness of financial

instruments.

This paper unfolds multiple directions for future research. First and foremost, it is prob-
able that respondents who get paid for conservation are inherently different from those
who volunteer. Moreover, less intrinsically motivated respondents may as well over-
report their willingness to volunteer in a hypothetical conservation program to look
good. Such heterogeneity in the sample can bias in the estimates of intrinsic motiva-
tion. Therefore it becomes important to identify the psychological mechanisms behind
people’s decision to conserve. Additionally, it is important to outline the properties
of intrinsic motivation. This paper offers a variety of intrinsic motivation proxies, all
of which are characterized by the participants total number of conservation activities
and their need for monetary assistance. Here, I have implicitly assumed that people
give equal importance to every conservation practice to simplify the analysis. But the
real world is more complex and it can be argued that different conservation activities
are not comparable. Furthermore, the number of conservation programs people par-
ticipate in is constrained by multiple factors in addition to their intrinsic motivation.
For example, poor individuals with high environmental morale can find it difficult to
transform their land into a ecosystem reserve without sufficient compensation. Under

such circumstances, alternative definitions of intrinsic motivation can be recommended.
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Chapter 3:

Valuing Monitoring Networks for New Pathogens:
The Case of Soybean Rust

We estimate producers’ value of information provided by alternative config-
urations of a monitoring network for an invasive wind-borne crop disease,
soybean rust (Phakopsora pachyrhizi). Soybean producers use monitoring
information to inform themselves about their risk of being infected and to
make fungicide application decisions. The value of information is the ex-
pected gain in producers’ profit associated with the use of the monitoring
network, and we estimate this with a dynamic model of producer decision-
making. We find that the value of the sentinel plot network increases with
the number of sentinel plots, reaching a maximum at 400 sentinel plots. In
addition, the optimal spatial arrangement of sentinel plots indicated by our
model is substantially different from actual placements. Current sentinel
plots are disproportionately placed in the Southern US where the risk of in-
fection is high, but the amount of soybean is relatively small. Our estimates
suggest more plots should be placed in the Corn Belt where the risk of an
infection is lower, but where much more soybean is produced.

Keywords: monitoring network, value of information, Soybean Rust, sentinel plots.

3.1 Introduction

Soybean rust (Phakopsora pachyrhizi) arrived in the United States (US) in the late fall
of 2004 [155], likely carried from South America by the winds of Hurricane Ivan [71].
Soybean rust is a fungal plant pathogen that cannot overwinter in temperate climates
found in most of the US, but thrives throughout the year in the heat and humidity of
the Gulf Coast, where sporulation in kudzu plants occur throughout the year. Rust
spores are very likely blown into the continental interior of North America throughout
the year, although many more spores are transported in the late summer and early fall
because of the high availability of inoculum in the South. When weather conditions are
suitable, rust spores deposited on soybean fields can take hold and cause substantial
yield loss. Early indications of the potential damage from soybean rust were alarming.
Based on experiences in Asia and South America where yield losses were high, Kuchler
et al. [86] estimate that losses in the US could be as high as $7.1 billion per year, while

Livingston et al. [92] find that losses in the first year of an infestation could run between

!This estimate is based on the yield loss reported in Wrather and Koenning [155] and the national
average soybean prices for 2005-2008
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$640 million and $1.3 billion. Damage has turned out to be less than feared: during
2005-2008, soybean rust caused an average loss of $4.14 million in the United States.

Soybean rust is a recent example of a potentially catastrophic pathogen entering the
US agricultural system and there are other plant diseases looming on the horizon. For
example, the new races of wheat stem rust that recently emerged in Africa (Ug99) are
of current concern, as are a number of pathogens that could affect corn and other crops
[131]. In the US, the National Plant Diagnostic Network has been established to detect
the arrival of new agricultural pathogens [144] and similar programs have been developed
worldwide [107]. The arrival of soybean rust in the continental US prompted the cre-
ation of the Integrated Pest Management Pest Information Platform for Extension and
Education (IpmPIPE, 2016), which includes a sentinel plot monitoring network. The
sentinel plots in the monitoring network are areas of early maturing soybeans grown
specifically to detect rust. The ipmPIPE also included a web-based information tech-
nology system that provides farmers with direct access to information on confirmed
cases of rust, options for management, and forecasts and expert commentary on disease
progression throughout the growing season. A successor project, the integrated Pest
Information Platform for Extension and Education (iPiPE), has integrated parts of the
soybean rust detection program in a larger effort designed to detect a wider array of

pathogens.

A consortium of government agencies, agricultural trade organizations, and land-grant
institutions provided the resources necessary to support the ipmPIPE. Such broad pub-
lic and trade support may be justified by the public good aspects of the information
provided [107] because farmers have limited incentives and ability to coordinate such
efforts on their own. Still, since the adverse effect of soybean rust on US production has
been less than anticipated, there have been questions about the value of the monitoring
network as compared to its costs [91]. Particularly relevant is the work of Roberts et
al. [127] which considers the case of the soybean rust network. They identify the value
of the monitoring network as the benefit to farmers from making a better choice among
three possible strategies, within a single planting season, due to a more accurate belief
about the probability of infection. They find that the value of the network depends crit-
ically on the accuracy of the information and farmers’ prior estimates of the probability
of infection. For the most reasonable parameter values, and from an ex ante perspective,
they find that the value of the program exceeded its costs. In recent years, investment
in the soybean rust platform has been scaled back from more than 700 sentinel plots in
2007 to 87 sentinel plots in 2014 (USDA ipmPIPE restricted website).

In this paper, we focus on the value of a monitoring network such as the ipmPIPE
program through modeling the optimal design of such a program. We build on the
work of Roberts et al. [128, 127] and examine how the value of the network changes

with additional sentinel plots included in the network and with re-allocations of the
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sentinel plots across space. The paper is organized in the following manner: We first
characterize farmer behavior in the absence of a sentinel plot system. We then add a
sentinel plot to the model so that farmers can use the sentinel plot to get a within-
season signal about the presence of the pathogen. Next, we model multiple years of the
network’s operation since repeated observations of infection at a nearby sentinel plot
allow farmers to learn about their vulnerability to infection even as they guard against
it using a preventative fungicide. Then, we apply our model to US soybean acreage,
starting with a set of county-specific prior probabilities of soybean rust infection. We
introduce the possibility of a sentinel plot located in each county and compute the
resulting value of information of each farm field-sentinel plot pair. We impose limits on
the number of sentinel plots and use a spatial optimization model to locate them across
US counties to maximize the expected gain in producers’ profit associated with the use
of the monitoring network. These results yield the value of information for different
scales of the program. Our complete model allows us to determine values of a sentinel
plot network, both contemporaneous and over time, and to find out how to get the most
out of a budget-constrained program. Thus, our model can be used to assess the value
of the current program as well as suggest changes to the current program that might

improve efficiency.

3.2 Farmer Decision Model

In this section, we develop a farm-level decision model first in the absence of a sentinel
plot network. We then introduce how a sentinel plot affects within-season decisions.

Finally, we consider learning in a multi-season model.

3.2.1 Management without a Sentinel Plot Network

Following Roberts et al. [127], we assume a farmer faces two possible states of the world,
represented by 4: there is (i=1) or there is not (i=0) a soybean rust infection in her
farm field. Also like Roberts et al., we assume that a farmer can respond to the threat
of a soybean rust infection with one of three management options: do nothing about
the infection, scout and apply a curative fungicide as needed, or apply a prophylactic
preventative fungicide. Let P be the price of soybeans, Y be the soybean yield when a
farmer does not experience a soybean rust infection and C' be the production cost exclu-
sive of any effort to control soybean rust. Let A, be the proportion of yield lost in the
event of an uncontrolled soybean rust infection. The returns to Do Nothing (V) strategy
can then be written as my9 = PY — C without an infection and 7y; = PY (1 —\,) —C

with one.

One strategy is to scout and apply a curative fungicide as needed. We denote this
strategy as the Curative strategy, labeled R. With this strategy, a farmer only applies
fungicide when scouting reveals a soybean rust infection. It is costly to scout, and these

costs must be incurred regardless of whether or not soybean rust is detected. If soybean
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rust is detected, then it is also costly to apply a curative fungicide. Furthermore, by
the time soybean rust is detected, some damage to the crop will have already occurred.
With Cs. > 0 equal to the cost of scouting, C. > 0 equal to the cost of a curative
fungicide, and A, equal to the proportion of yield loss with a curative fungicide in the
event of an infection, the returns to this strategy can be written as m1gg = PY — C' — C,
without an infection and 7y = PY (1 — \,) — C' — Cs. — C,. with one. Note that, while
a curative treatment will not give perfect control, losses from the Curative strategy will

be less than losses from doing nothing in the event of an infection: A, < A,.

Choosing a Prophylactic Preventative strategy, labeled PP, instead of scouting or do-
ing nothing about soybean rust reduces yield loss further because rust has little or no
chance of damaging the crop. However, to be successful, a preventative fungicide must
be applied before an infection occurs. Therefore, there is the possibility of applying a
fungicide even when no infection would have occurred otherwise. Furthermore, the cost
of a preventative fungicide treatment, C), is generally greater than the cost of a curative
treatment: C), > C.. In the event of an infection, yield losses with a preventative treat-
ment tend to be negligible [72], so we assume that App equals 0. Thus, the returns to

the PP are written as mppg = mpp1 = PY —C — C, both with and without an infection.

The farmer’s decision depends on the expected returns of the three strategies. If there
is no chance of an infection, a farmer should clearly choose N. If an infection is sure
to happen, returns depend on yield losses, fungicide costs, and scouting costs. Since
a farmer chooses a strategy before knowing whether or not an infection will occur,
the farmer’s belief about the probability of experiencing an infection, ¢f, is crucial for
choosing the best strategy. An important source of information for farmers is personal
experience, which can be influenced by management choices. Choosing N or R allow
them to observe, first-hand, any infection in their fields. These strategies provide them
with an opportunity to better understand the underlying risk of infection. However, with
a preventative fungicide, the farmers forgo this learning opportunity because treatment

prohibits the emergence of the disease if the inoculum reaches the crop.

3.2.2 Within-Season Decision-making with a Sentinel Plot Network

In Roberts et al. [128, 127], the monitoring network sends one of two signals to a farmer:
a high or low risk of infection. Farmers use the signal to update their beliefs about the
probability of infection during the season. Further, the signal may be of low, medium,
or high quality: the quality of the signal determines the degree to which farmers update
their beliefs. Farmers can respond with one of three strategies: do nothing about soy-
bean rust, scout and apply a curative fungicide in the event of an infection, or apply a

prophylactic preventative fungicide.

Our approach differs from Roberts et al. [127] in three ways. First, in our model, we as-

sume that the signal a grower receives is whether or not an infection has been confirmed
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at the relevant sentinel plot. This signal is more precisely defined than the high or low
risk signal used by Roberts et al. (2009). Signal quality is expressed as the correlation
between infection at the sentinel plot and infection in the farmer’s field, and this correla-
tion diminishes with distance. Second, we change the timing of decision making so that
the farmer chooses her strategy based on her prior probability of infection before the
signal arrives. Third, we add a fourth distinct management option: apply a conditional
preventative fungicide mid-season if an infection is confirmed at the relevant sentinel
plot during the season. We add this second type of preventative treatment to better
characterize observed farmer behavior (Hershman). The Conditional Preventative (C'P)
strategy is defined as a strategy in which the farmer bases the decision of whether or
not to apply preventative fungicide on whether or not the relevant sentinel plot becomes
infected. This strategy is available only when the ipmPIPE and its monitoring net-
work exists. If the ipmPIPE signals infection in the relevant sentinel plot, a fungicide
is applied. Otherwise, no fungicide is applied. Note that the Conditional Preventative
strategy is composed of the actions reflected in the Do Nothing (V) and Prophylactic
Preventative (PP) strategies, but is different from these two strategies in the time of
action. While the commitment to doing nothing or applying prophylactic preventative
fungicide is made at the outset of the season with N and PP, with the Conditional
Preventative strategy, the choice between the two actions is made once the signal from

the sentinel plot has been received.

Given the ipmPIPE system, a farmer faces one of the following four situations: (1)
there is an infection both in the farmer’s field and in the sentinel plot, (2) there is no
infection in either location, (3) there is an infection in the field but not in the sentinel
plot and (4) there is no infection in the field and there is an infection in the sentinel
plot. Let j represent the occurrence of soybean rust infection in the sentinel plot such
that j equals 1 if an infection occurs, 0 otherwise. Let ¢;; be the subjective probability
associated with each of the four scenarios described above. Thus, the expected return
to the CP is E(ncp) = ¢p11impp + ¢107N1 + do1mpp + doomno. Note that there is some
probability (¢19) that an infection will occur while the field goes unprotected because
no infection is detected at the sentinel plot and N is chosen as the optimal strategy.

Table 3.1 summarizes these scenarios and their corresponding probabilities.

Field
Infection No infection
] Infection 11 do1
Sentinel Plot No infection 10 ®00

Table 3.1: States of the world and their probability of occurrence when ipmPIPE is
available.

The ipmPIPE provides farmers with information about the infection status of sentinel
plots in the network. The extent to which this information helps farmers depends on

correlation between the likelihoods of infection in the farmer’s field and the sentinel
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plot. This correlation is expected to be decreasing in the distance between the field
and the sentinel plot: a sentinel plot close to the farmer’s field is likely to provide more
useful information about the risk of infection in the field than one which is far away.
However, nearness alone does not guarantee high correlation. Correlation also depends
on the similarity in probability of infection at the field and sentinel plot. If a sentinel
plot has conditions favoring the growth of soybean rust while a nearby field has hostile
conditions for rust growth, then an infection in the sentinel plot does not necessarily
imply a high risk of infection in the field. Thus, information from a sentinel plot is more
useful to a farmer in revising beliefs if the sentinel plot faces a similar risk of infection

as the farmer’s field.

Let the subjective probability of infection in a sentinel plot be denoted by ¢®. We assume
that beliefs about the probability of infection in any county are common knowledge. Let
p be the correlation between the occurrence of infection in the farmer’s field and sentinel
plot. Then, each ¢;; can be expressed as a function of p, ¢! and ¢° in the following

manner:2

o = 8+ pyfol(1 - oh)es(1 - ) (
o1 = (1— ) —py[ol (1 - 65 (1 - ¢°) (3.2)
(
(

b = ¢ (1—6°) —py/ol (1 - 65 (1 - )
b0 = (1—¢N)(1— ") +p\/el (1 - 6N (1 - ).

We know that ¢11, ¢10, P01, Poo = 0. Therefore,

. ¢*(1—¢f) o/ (1 -9
pszn{\/¢f(1_¢s),\/¢8(1_¢f),1}. (3.5)

We expect the correlation to be a decreasing function of distance ‘d’ between the field

and the sentinel plot. Although this sounds intuitive, there are no formal estimates of
the relationship between correlation and distance. Therefore, we proceed by assuming
the correlation to be inversely related to distance using the form T di where 6 and
~ are parameters which will be defined shortly. Also, p must be less than the R.H.S of
equation 3.5 (UB). Hence, we scale the correlation function to ensure that p cannot be

greater than UB:

UB

= T e (3.6)

p

We assume p € [0, 1] because a negative correlation would imply that a signal from the
sentinel plot is systematically wrong. This would provide as much information as if the

signal is systematically right. Instead, we assume that infections in distant sentinel plots

2Derivation for the following equations are shown in Appendix B.1
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are uncorrelated with infections in the farm field.

3.2.3 Learning in a multi-season model

Recall that farmers’ decision making capacity is expected to change with their personal
experience because, as their experience increases, so does their understanding of their
risks of rust infection. Their experience, in turn, is influenced by management choices.
Choosing N or R allows them to observe any infection in their fields and therefore learn
about their risk of infection. However, with a preventative fungicide, the farmers forgo
this learning opportunity because treatment prohibits the emergence of the disease if

the inoculum reaches the crop.

The ipmPIPE and its monitoring network provide an additional opportunity for a farmer
to learn about the risk of infection in their field, irrespective of their chosen strategy.
Because of the ipmPIPE system, the farmer knows if an infection happens in a sentinel
plot. As a result, even if the farmer chooses to use a preventative treatment, information
from the sentinel plot will help in refining the farmer’s belief about the risk of infec-
tion in her field. The usefulness of this new information will depend on the correlation
between the field and sentinel plot as demonstrated later. In essence, the ipmPIPE
system provides many of the benefits of scouting without incurring any cost and allows
a farmer to delay or completely forgo using a preventative treatment unless monitoring
information suggests an infection has become likely (namely, if infections are identified

at sentinel plots close to the farmer’s field).

We now explain how our model captures a farmer’s learning process about her probabil-
ity of infection. We solve a multi-season decision problem wherein a farmer maximizes
her expected utility of lifetime profits by choosing the best strategy for soybean rust
control given her belief about the risk of infection and the availability of the ipmPIPE
system. Let growing seasons be denoted by ¢. Suppose the probability that Y infections
are observed in Z years in a region h follows a binomial distribution with parameter
yf for year ¢, where h can either denote the farmer’s field or the sentinel plot. Also,
suppose the farmer’s prior belief about the probability of a rust infection in region h is
characterized by the beta distribution with shape parameters a; and S;: b(yf; oz?, Bf)
with o' as the number of times an infection is observed and 3/ as the number of times
a year passes without an infection in location h.> Then the farmer’s state of the world

in time period ¢ can be defined by:
o {a{, 5{} without ipmPIPE.
. {a{, ,B{, o, Bf} with ipmPIPE.

Note that in the presence of the ipmPIPE and its monitoring network, the farmer has

knowledge about the risk of infection in the sentinel plot in addition to the risk in her

3The beta distribution is an ideal way to describe a farmer’s belief because it is constrained to the unit
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farm. Using the beta distribution b to characterize the prior beliefs also implies that
the posterior distribution b(yﬁrl; afﬂ, Bth_t,_l) equals b(yﬁrl; a + 1, 8) when the farmer
observes an infection and b(ny; al, Bl +1) when no infection is observed. The farmer’s
knowledge about her state of the world in ¢+1, or in other words, her learning depends on
two factors: (i) the availability of the monitoring network and (ii) her optimal strategy

for tackling the risk of infection in her field, given her beliefs.

e When the farmer chooses R or N, she gets first-hand information on whether or
not her farm became infected. This is true even in the absence of monitoring
network. Thus, o and g are updated in ¢ + 1 when the strategy is either R or N,

irrespective of the availability of monitoring network.

e When she chooses prophylactic measures, PP, she never gets to observe first-hand
whether an infection would have happened in her field. But, with the monitoring
network in place, she can refine her beliefs about the risk of infection in her field

based on the information about infections in the relevant sentinel plot.

e Updating beliefs while choosing CP as the optimal strategy works in the same way
as in case of PP. The only difference is that this strategy is available only when

the monitoring network is present.

The knowledge about the state of the world in ¢ + 1 translates into an updated belief
about the probability of infection in the farm field. This is because the expectation of
the beta distribution b(y)'; o, Bf) is

o = 2 (3.7
"ot |

and gb{ equals F/ (y{ ) and ¢ equals E(y;) by definition.* Hence, information on {a{ Iy ﬁf Y
and {of 1,571} in time period ¢ characterizes the complete set of farmer’s beliefs

{qb{H, 71, Gijev1, per1) for the next time period.

The farmer’s expected return for the four possible strategies can thus be written as

follows:
! o
E(WN ) = TN1 + TNO (3.8)
t of +5f of +5f
(7r,) i : (3.9)
E(mg = R1 + TRO 3.9
VS T A
f f
a B
E(rpp) = ——5mpp1+ ———Tppo
a; + 5 t t
= 7Tppo (3.10)
E(rcp,) = é1umpp + Q1071 + doumrp + GootTNo- (3.11)

interval and is a conjugate prior of the binomial distribution.
4Since experiences with soybean rust are not the same across seasons, &7, ¢°, the ¢;js and p are time
dependent and are therefore denoted as (Z)tf , ¢i, ¢ijr and p; respectively.
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3.3 Dynamic Optimization

We now formalize our soybean rust problem using dynamic programming, where the
state variables are the parameters of a beta distribution characterizing a farmer’s belief
about the probability of an infection. We use our model to learn how the optimal
expected profit for a farmer improves in the presence of the ipmPIPE system. This
increase in farmer’s expected profit due to the availability of the monitoring network is
defined as the value of monitoring. To compute the value of monitoring, we solve the

dynamic programming problem both with and without the monitoring network.

3.3.1 Optimization without sentinel plot network

Without the monitoring network, the optimal value function for the farmer is:

E(mn,) + 0E(Vie1 (a1, B]1)),
Vi(af, B]) = Max { E(mg,) + 6E(Vip (of 1, BL,1)), (3.12)
E(rpp,) + 6Vipr(af , B,

where
E(Vir1(efyy, 8L1)) = ¢ Vira(of +1,8)) + (1 — o) )WVira(of . 8{ +1)  (3.13)

is the expected value function when there are opportunities to learn and § € (0, 1) is the
discount factor. The first argument on the right hand side of Equation 3.12 reflects a
farmer’s expected return from choosing the strategy N initially and the optimal strategy
thereafter. Since choosing not to apply fungicide (doing nothing) lets the farmer observe
whether or not an infection occurs, the farmer’s optimal future strategies will depend
on what is observed, and this yields the expected value function in Equation 3.13.
With probability qb{ , the farmer will observe an infection and update their priors to
{a,{ +1, 5tf }. With probability 1 — (;5{ , the farmer will not observe an infection and
then will update their priors to {a{ ) 6tf +1}. The second argument differs from the first
only because the farmer chooses R initially. With this choice, the farmer still has the
opportunity to learn, yielding the discounted expected value in 3.13 for the remainder
of time. The third argument is different from the first two because the farmer chooses
PP. This strategy does not provide any new information. Therefore, of and 8/ remain

the same in the next time period.

3.3.2 Optimization with sentinel plot network

Next, we find the farmer’s optimal value function when the monitoring network is avail-
able. We assume that the network is available only for L years. The sentinel plots allow
farmers to gather evidence about their risk of infection regardless of the management

strategy they choose. In addition, the ipmPIPE and its sentinel plots provide a within-
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season signal upon which farmers can condition preventative treatments. Therefore, the

optimal value function with the monitoring network (subscripted M) can be written as

E(r,) + 0B (Var,,, (of 11, B 410 01, B341),
E(mR,) + 0B(Vit,, (of 11, B 1, 041, B511)),

Var (o, B a3, B2) = Max { B(mpp,) + 0E(Vy,, (af . Blrs afyy. Bii),
E(rcp,) + 5E(V1(4t+1(0‘{+1>5f+1705f+1’55+1 ), t<L

)
)
)
)

V(. 8)), t>1L
(3.14)
where
E(V; Lo Blai B) = oV I+ 1,805 +1,5

( Myt (atJrl’ 410 X4l t+1)) ¢11t My (at Pt > O ) t)
+ dootVar (of B +1,07, 87 + 1)
+ ¢10tth+1 (a{ =+ 1,@;,0@?,,@? + 1)
+ ¢01tVMt+1(a{a/8tf + 1,07 +1,5;)

(3.15)
, d11¢
E(Vag,, (i1 Blrs 041, 1)) = ﬂ o Vi (o + 1,80 07 +1,87)
t
do1
+ (bstVMtJrl(a{’ﬁtf+1aaf+1aﬁf)
t
$00
b (0= 60| {2 Va8 + 1,005+ 1)
i
®10
+ 1j;sVMt+1(atf+17Bif7af7ﬁg+1)
t

(3.16)

are the expected value functions when the chosen strategy is either N or R (Equa-
tion 3.15), and when it is either CP or PP (Equation 3.16). If we look at equations
3.15 and 3.16 more closely, we find that they work out to be the same. However, they
have different interpretations. At time period ¢t when the farmer is choosing her optimal
strategy, she knows that she will see the exact state she enters in ¢ + 1 if she chooses R
or N. But, if she chooses CP or PP, she will not directly observe her state of the world
in t 4+ 1 as these measures would prevent the emergence of infection in time period ¢ al-
together. Instead, now she predicts the state which she enters based on the information
from sentinel plots. As a result, while Equation 3.15 captures the actual expected value
of the farmer, Equation 3.16 gives only an expectation of the expected value. The sen-
tinel plots also provide a within-season signal to condition preventative treatments i.e.
use C'P, yielding an additional opportunity in the maximum of Equation 3.14 that did

not appear in Equation 3.12. This strategy has the contemporaneous expected return
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of E(mcp,). Once the sentinel plots are no longer available (when ¢ > L), the farmer’s

problem becomes identical to the problem in equations 3.12 and 3.13.

It should also be noted that in our model farmers can use monitoring network free of
cost.® If the monitoring network usage was costly then equations 3.15 and 3.16 would
not have been the same. In this case, the farmer would have used the information from
monitoring network only when choosing PP or C'P. Had she chosen N or R as her
optimal strategy, she would have already been able to perfectly update her belief based
on her direct observation of whether infection occurred in her field or not. Here paying
to get information from the sentinel plot would not have honed her belief about her risk
of infection any better. Hence, if the monitoring network was costly, the expected future
value in 3.15 would have been a function of only {af;rl,ﬂtf“} and not of {af,q, 57,1}

On the other hand, expected future value in 3.16 would still have been a function of

f !
{at+1v ﬁt+1’ 11 5t8+1}-

3.4 Farm Model Implications

Having these two models of decision making allow us to calculate the value to farmers
of the monitoring provided by sentinel plots. Recall that the value of monitoring at
any time is the difference in the expected value of managing soybean rust with and
without information. Therefore, at ¢ = 0, the value of information is: Vi, (o, Bo) —
Vo(ap, Bo). Solving equations 3.12-3.13 or 3.14-3.16 requires information on: expected
yield losses in the event of an infection both with and without curative treatments
(Ary An); expected soybean yields and prices (Y and P); scouting and fungicide costs
(Cse, C¢, and Cp); a farmer’s initial beliefs about the probability of a soybean rust
infection {ayp, Bo}; the number of years that the monitoring network is available (L); the
distance and correlation between infection at the farmer’s field and sentinel plot (d, p);
and the discount factor (0). L is assumed to be 4 years. The values used for A,, A,
and & were adopted from Roberts et al. [128, 127] and are summarized in Table B.1.1.
Their values for Cy., C. and C), were for 2005 and are adjusted to account for inflation.
We use distance between counties as an estimate of d. These distances are calculated
based on the Haversine formula. As a result, in our model, a field and sentinel plot in
the same county have distance d = 0 between them. We assume p to be very high (=~ 1)
at distances less than 80-100 mi. We also assume that the correlation drops after this
point and that its value approaches 0 when the distance reaches 200 miles. Given these
assumptions, and if we suppose correlation to be 0.01 at 150 mi, then parameters 8 and

~ from Equation 3.6 take on the values 0.12 and -13.4, respectively.

5This is consistent with the actual model of ipmPIPE.
5 Additional tables and figures for this chapter are in and named after appendix B and are duly num-
bered.
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Figure 3.1: Optimal management decisions for a farmer with no monitoring network.

Before turning to the primary questions of interest regarding the overall value of the
sentinel plot monitoring network, we explore some of the basic implications of the farmer
decision model. We solve the dynamic programming model for an infinite planning hori-
zon using the parameter values in Table B.1.1 and an assumed yield of 37 bushels/acre.
Figure 3.1 shows the first four years of optimal strategies at each time period given
the farmer’s beliefs about the probability of infection in absence of monitoring network.
The vertices of the decision tree are labeled according to the state variables oz{ and ﬁtf .
At the first vertex, 04(]; and ﬁg are both equal to 1 and the beta distribution is equiva-
lent to the uniform distribution. Branches to the left represent observed infections and
branches to the right are years without infections. This figure shows that the first node
where it is optimal for farmers to choose PP is with a prior belief described by {3, 1}.
This corresponds to the first 2 observations being infections. Alternatively, if a farmer
starts with a uniform prior and sees no infections for the next four years {1, 5}, then it
is optimal to choose N. For the majority of states in this example, it is optimal for the

farmer to choose R.

Figure 3.2b shows how optimal strategies change in presence of the monitoring network.
Suppose beliefs about the probability of rust infection are 0.58 for both the farmer’s field
and the sentinel plot (ag = o = 5.8, Bg = 5 = 4.2). According to our model, when
the sentinel plots are unavailable, the farmer chooses PP as the optimal strategy. When
the sentinel plot is present in the same county as the farmer’s field, i.e., when d = 0
and p = 1, she will use the information from the monitoring network since it will tell
her whether her field will get infected or not. Therefore, whenever the sentinel plot is
in the same county as the farmer’s field, C'P is the farmer’s optimal strategy. However,
the monitoring network becomes less informative with an increase in distance d. This is
because an increase in d decreases p and consequently the value of information from the

monitoring network. Up to d < 100 mi, the model predicts that the farmer will continue
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with C'P. Once the sentinel plot is placed at a distance d > 100 mi, our model predicts
that the farmer will no longer rely on the information from monitoring network and will

revert back to the optimal strategy without a monitoring network, PP.

Pt

|
50 100 150

d(mi) d(mi)
¢*=¢l , {¢*,¢'} = {0.6,0.1} ’—CP——— PP \
(a) (b)

Figure 3.2: (a) Correlation function p and (b) optimal management decisions for a
farmer with monitoring network when ¢f = ¢°.

It should be noted that the threshold where the optimal strategy shifts from C'P to a
different strategy depends on the shape of the underlying correlation function. Suppose
there is no monitoring available and the belief about the probability of infection in the
field (¢f) is equal to 0.1. With this low probability, the farmer’s optimal strategy is N.
Now, suppose there is a nearby sentinel plot with ¢® equal to 0.6. The farmer’s field
and the sentinel plot are characterized by very different beliefs and therefore have a very
low correlation p irrespective of the distance d between them (Figure 3.2a). As a result,
even if the sentinel plot is placed close to the field, say at d=5 miles, the sentinel plot
does not provide valuable information about the likelihood of infection in the farmer’s
field. Hence, the farmer chooses to continue doing nothing about soybean rust even in

the presence of the monitoring network.

3.5 Spatial Optimization Model

We implement our farm-level model assuming a representative farmer in each county,
using the 2014 soybean acreage, yield and price data. The source of the data is USDA-
NASS. While the yield and acreage are at the county level, the data on soybean prices
is at the state level. We use county level estimates of the probability of a soybean rust
infection from Bekkerman et al. [17] to represent prior beliefs about the likelihood of
a rust infection for the representative farmer in each county. To transform these esti-

mates into valid parameters for a beta distribution, we calculate 0/01 and ,6’(’)1 such that
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h

o
ﬁ equals the probability estimate and Oég + 56‘ = 10, which ensures that all priors

&y + Po
are based on the same number of years of potential rust infection observations prior to

our evaluation.” Basic summary statistics for these variables are reported in Table B.1.2.

Given yields, prices, costs and farmers’ initial beliefs, we now allocate a fixed num-
ber of sentinel plots to the counties and maximize the value of information generated
from them. We formulate this spatial optimization problem using a linear integer pro-
gramming model. Let m € {1,2...M} represent the counties with farm fields and n
€ {1,2...N} represent counties with sentinel plots. Then, the value of monitoring for
county m when sentinel plot is placed in county n is: vy, = Vi (og®, 85", o, B3, L) —
V(ag, 55"). We define z, as a binary decision variable equal to 1 if county n is selected
for a sentinel plot. Let x,,, be a binary decision variable equal to 1 if sentinel plot in
county n is assigned to farmers in county m. Then the spatial optimization problem can

be stated as:

M N
max 2 12n—1VUmnTmn
Tmn,2n 6{071}

Tomn < zn  VYm,n
Zﬁf:lmmn =1 Vm

>N 2z, < B.

The objective is to maximize the value of information across all M counties. The first
constraint stipulates that the assignment of county n to county m can take place (i.e.,
ZTmn = 1) only if county n is selected for a sentinel plot (i.e., z, = 1). The second
constraint requires that each county m with a farm field is assigned one county n with
a sentinel plot. The third constraint stipulates that the number of counties selected
for sentinel plots must be less than the budget, B, where the budget is defined as the

number of sentinel plots in the system.

We identify 1360 counties for which we have all information required: initial beliefs,
yields, acreage and prices for 2014. Hence, in our spatial optimization problem, M =
N = 1360. We compute the value of monitoring for each pair of these 1360 counties,
leading to 1360 x 1360 values of monitoring (v,,,). An exact solution to this spatial
optimization problem is then solved using the branch and bound algorithm in GAMS
with the Cplex solver [45].

3.6 Results

In our model, factors such as the probability of infection and production (yield and

acreage) play important roles in the farmer’s decision making process. Based on these

"Soybean Rust was first diagnosed in 2004 while our study is for 2014. Therefore there are 10 obser-
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factors, we can predict the optimal strategy of farmers both with and without the mon-
itoring network. We start by studying figures B.1.1 and B.1.2 in order to understand

the intuition behind our solution before moving on to discussing the solution itself.®

When there is no monitoring network, farmers can choose either N, R, or PP to control
rust infection in their fields. Doing nothing about soybean rust (N) leads to maximum
profit in the case of no infection and minimum profit when infection occurs. Therefore,
it will be the most suitable for farmers who have a very low chance of rust infection. On
the other hand, PP will be optimal for those who expect severe losses from soybean rust.
This will generally be true for farmers with a very high risk of infection. But, when
a farmer faces a high probability of infection along with comparatively low soybean
production, she may find that the costs of a preventative strategy outweigh its benefits.

In this case, she will choose scouting (R) over preventative strategy (PP).

(a) (b)

Figure 3.3: Optimal strategies when (a) monitoring network is unavailable and (b)
post-spatial optimization when B=80.

The figures also show that while soybean is mostly grown in the Midwest, the probabil-
ity of rust infection in the Midwest is typically less than 0.02. Hence, in Figure 3.3a, we
see that most of the northern states choose N. The Southeast is generally characterized
by a high probability of rust infection owing to its proximity to Gulf of Mexico. That
is why we observe the choice of prophylactic treatment PP in Arkansas, Mississippi,
Louisiana and coastal counties. The counties in which farmers choose PP have an av-
erage probability of infection of 0.68 and average yield of 47.21 bu/acre in comparison
to the corresponding values being 0.01 and 45.72 bu/acre for those who optimally do
nothing about rust infection. The counties where R is the optimal strategy are more
moderate in nature. They face an average risk of infection (0.39) which is high enough
to abandon N as optimal strategy but lower than the risk in areas using prophylactic
treatment. These regions also have a comparatively low soybean yield (44.04 bu/acre).
This lower yield, when combined with moderate/high risk of infection, does not make
the expected loss from a rust infection high enough to justify the extra cost of prophy-

lactic treatment over scouting. For example, farmers in counties in northern Texas and

vations on rust infection available to each farmer about her field.
8The areas in white are not included in this study.
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Alabama and in northwestern South Carolina, which have comparatively higher proba-

bility of infection but low soybean yield, choose R.

The optimal strategy of a farmer is also a function of the soybean price she faces. Based
on our model, the expected loss is increasing in soybean prices. Hence, everything else
constant, we can say that higher prices would lead to more preventative treatment. In
our data, soybean prices are at the state level and do not have much variability as shown
in Table B.1.2. Hence, when interpreting the results we shall discuss the effect of factors
such as production and risk of infection on farmer’s value of monitoring and optimal

strategy rather than the effect of soybean prices.

Figures B.1.1 and B.1.2 also help us understand how the value of monitoring varies
spatially across counties. The value of monitoring should increase with the total expected
loss from rust infection and therefore should be increasing in the probability of rust
infection, soybean acreage and soybean yield. Based on this logic, we can make a
few easy predictions: first, the value of monitoring will not be large for states like
Minnesota, Wisconsin, North and South Dakota owing to their very low likelihoods of
infection. Second, the value of monitoring is not expected to be very big for most of
the counties in southeastern states such as Alabama, Georgia and South Carolina which
are characterized by low soybean acreage and yield. Third, the counties on the border
of Arkansas and Mississippi should be among the major beneficiaries of the monitoring
network because they have high soybean acreages and yields and they experience a high

likelihood of rust infection.

Figure 3.4: Value of monitoring (in millions) when each county has a sentinel plot.

Figure 3.4 shows that our results match our intuition. It displays the dollar value of
monitoring when all 1360 counties have sentinel plots. While the northern and south-
eastern states do not gain much from monitoring in general, Arkansas and Mississippi

are among those who profit the most from sentinel plots. In this region, most of the
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counties have soybean grown on at least 60,000 acres while facing a risk of rust infection
of at least 50%. It also shows a high value of monitoring for many counties in the states
of Nebraska, Illinois, Indiana and Ohio that do not have high probabilities of rust infec-
tion but are characterized by high enough yields and acreage to result in large expected

losses from soybean rust.

Figure 3.4 can be interpreted as the solution to the spatial optimization problem when
B takes its maximum value, i.e., when B = 1360. We now study the optimal placement
of sentinel plots when the number of sentinel plots, B, decreases. Figure 3.5 shows how
sentinel plots are allocated among counties to maximize the total value of monitoring in
US when B equals 185 and 80 respectively. When B equals 185 (Figure 3.5a), sentinel
plots are allocated to states with the highest values of monitoring such as Arkansas,
Mississippi, Illinois and Ohio, as well as to southern Nebraska. Reducing the number of
plots to 80 causes Nebraska, Ohio and Illinois to lose many of its sentinel plots as seen
in Figure 3.5b. These regions, although characterized by high soybean production both
in terms of yield and acreage, have comparatively low risks of rust infection (at most
25%). As a result, the expected loss from soybean rust is not big enough in these places
to preserve the initial allotment of sentinel plots when B shrinks from 185 to 80. A big

cluster of sentinel plots remains in Arkansas and Mississippi.

(a) (b)
Figure 3.5: Optimal sentinel plot locations when (a) B=185 and (b) B=80.

Figure 3.6 shows optimal management strategies with and without the monitoring net-
work. There are two facts which are clear when we compare figures 3.6a and 3.6b.
First, in the presence of a spatially optimized monitoring network, most farmers switch
to using C'P as their optimal strategy.” Second, with optimally allocated sentinel plots
farmers no longer use Curative treatments. Both these results clearly point out how
the farmers prefer to use signals from monitoring network in order to make better pest
management decisions. However, while these points do depict the benefits of a moni-
toring network to farmers, it should be remembered that these benefits also incorporate

the gains from optimal spatial allocation of sentinel plots.

%In fact, when B=1360 farmers only use Conditional Preventative.
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(a) (b)

Figure 3.6: Optimal strategies when (a) monitoring network is unavailable and (b)
post-spatial optimization when B=80.

Figure 3.6 also demonstrates that counties derive spillover gains from nearby sentinel
plots. Figure 3.5b shows that 3 sentinel plots have been allocated close to the state of
Nebraska. In Figure 3.6b, we see that this area has 10 more counties that use information
from nearby sentinel plots, i.e. choose C'P, to tackle rust infection. Therefore, not only
are the sentinel plots beneficial to the farmers in their own county, but they also benefit
those in other counties. Such gains are feasible in our model when the correlation
between the farm field and sentinel plot is high. This requires meeting two conditions
(Figure 3.2b): i) the counties should have similar probabilities of infection, and ii) the
counties should not be separated by a very large distance. Here, both these conditions
are met. Not only are these counties neighbours, but they also have similar beliefs
about the probability of infection as seen in Figure B.1.1. This makes the correlation

sufficiently high for these counties to value the information from a nearby sentinel plot.

(a)

Figure 3.7: Counties with (a) sentinel plots in 2014 and (b) sentinel plots post-spatial
optimization when B=39.

We now compare how the spatial optimization of sentinel plots could improve the total
value of monitoring relative to actual placement of plots in 2014. Figure 3.7a maps
counties with sentinel plots in 2014. There were 75 counties in total that contained
sentinel plots. Out of these 75, only 39 counties are included in our data. Hence,
for the comparison to be appropriate, we solve the spatial optimization problem with

B = 39. Figure 3.7b shows the optimal placement of sentinel plots. Examining these
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two figures simultaneously shows that the actual sentinel plot locations in 2014 do not
match the counties identified as optimal in our model. As predicted earlier, the optimal
solution would place sentinel plots mostly in northern Mississippi, Tennessee, Arkansas,
Louisiana, and in the Midwest region. However, sentinel plots in 2014 were mostly
clustered in the southern part of the Southeast region (e.g., Alabama, Florida, Georgia,
and Louisiana). Although this region has a moderate to high risk of infection, it has very
low soybean production and is also far away from the main production areas. As a result,
the quality of signal of infection coming from these far off sentinel plots are relatively
poor for the main soybean producing areas. This results in a total value of monitoring of
$0.07 bn at maximum. On the other hand, the optimal value of monitoring post-spatial
optimization is $0.566 bn, which is 808.6% of the actual value captured. It should be
noted that, while our findings show the inefficient allocation of sentinel plots, we do not
wish to emphasize the magnitude of the estimated loss from this inefficiency. This is
because our estimates of the total value of monitoring are dependant on the assumptions
about the correlation function. A higher correlation across longer distances would lead

to a higher value of monitoring based on the sentinel plot locations in 2014.
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Figure 3.8: Value of monitoring by number of sentinel plots (budget).

Figure 3.8 shows how the optimized value of monitoring varies with budget B. When
B is 80, the total value of monitoring is $0.58 bn. This value keeps increasing at a
decreasing rate until B is 400 where it attains a maximum of $0.59 bn. No additional
value is gained from sentinel plots beyond 400, i.e., the marginal benefit of sentinel
plots becomes zero. Because we do not explore the costs associated with expansion and
maintenance of the sentinel plots network, we cannot determine the optimal number of
plots. Nonetheless, it is clear that there is no additional benefit in having B greater than

400, assuming the sentinel plots have also been efficiently allocated to the counties.
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3.7 Conclusion

Potentially catastrophic plant pathogens threaten to enter the US every year. In order
to prevent damage from these pathogens, the government invests in sentinel plot moni-
toring networks to help predict and therefore control the risk of plant diseases. However,
the net benefit of such monitoring networks is greatly debated because they are costly to
maintain and, for many pathogens such as soybean rust, very few incidents of infection
have been reported throughout the US mainland. In this paper, we develop a dynamic
model of farmer decisions regarding pest management and use it to estimate the value
of the sentinel plot monitoring network and to optimize the spatial arrangement of sen-
tinel plots. The paper uses the case of soybean rust and hence estimates the value of

ipmPIPE, the sentinel plot monitoring network for soybean rust.

Farmers benefit from the information provided by the monitoring network since it helps
them manage pests better within growing season and also refines their beliefs about
their risk of infection. They value information more when their expected loss (average
soybean production times the risk of infection) from infection is high given the quality
of information. The quality of information from a sentinel plot decreases when the sen-
tinel plot is placed far away from a farmer’s field. As a result, when the sentinel plots
are placed in the Deep South while soybean is mostly being grown in the north, the
total welfare from monitoring will be lower than when they are placed further north.
Current sentinel plots are disproportionately placed in the Southern US where the risk
of infection is high, but the amount of soybean is relatively low. Our estimates suggest
that more plots should be placed in the Corn Belt where the risk of an infection is lower,
but where much more soybean is produced. Such a modification in sentinel plots ar-
rangement could have increased the value of monitoring in 2014 by 808%. However, it is
important to note that there are other potentially valuable uses of monitoring plots that
we did not include in our model of farmers’ decisions. For example, monitoring plots
in the South not only inform local soybean growers about management decisions but
also inform aerobiology forecasts of soybean rust spread in the corn-belt, which inform
growers about when and where to scout for soybean rust infections. Further, monitor-
ing plots for soybean rust in the South also provide information about the presence of
other soybean diseases. Further work is needed to account for these additional uses and

update the valuation and optimal location of monitoring plots.

Our results also show that, given our assumptions, no more than 400 sentinel plots are
needed to maximize the value of ipmPIPE. There have been multiple years, especially
in the initial years of its life, when ipmPIPE had many more than 400 sentinel plots.
In recent years, there have been decreases in the number of sentinel plots. However,
most of the sentinel plots still remain in the South. This fact points us to a useful di-
rection of research— estimating the optimal number of sentinel plots in ipmPIPE. With
data on the cost of maintenance and establishment of sentinel plots for each county,

one can estimate the marginal cost of monitoring. The optimal number of sentinel plots
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can then be estimated by equating the marginal cost of monitoring to its marginal value.

Before we answer this question, it is important to better understand the spatial auto-
correlation of infections since the marginal benefit curve is derived based on assumptions
about the correlation function. We assume that the correlation of risk of infection is
sigmoidal in the distance between sentinel plot and farmer’s field and that it becomes
zero at 150 mi from the farmer’s field. These assumptions are not yet corroborated. Any
change in these assumptions can cause significant changes in the value of monitoring
and therefore in the suggested arrangement of sentinel plots. This leaves scope for

improvement.
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Chapter 4:
Will Farmers Adopt Remote Sensing for Soybean

Aphid Management? An Economic Perspective.

This study examines the economic suitability of Unmanned Aerial Vehicles
(UAVs) for scouting soybean aphids based on a plant-level spatiotemporal
bioeconomic model of infestation. We find that UAV based scouting, al-
though imprecise, generates optimal profit equivalent to manual scouting.
But its greater tendency to detect false positives relative to manual scouting
can also trigger frequent unnecessary treatments and dramatically reduce
farmers’ profits. Yet, UAV’s commercial viability depends more on reducing
its operating cost than improving its precision, once it has a tally threshold
of 250 soybean aphids per plant.

Keywords: Integrated Pest Management, Unmanned Aerial Vehicle (UAV), Soybean
aphid, agent-based model.

4.1 Introduction

Globally, soybean is the largest source of animal protein and second largest source of
vegetable oil. The U.S. is the world’s largest soybean producer with an average value of
over $40 billion produced on more than 80 million acres annually. The most important
insect management challenge facing U.S. soybean farmers is the soybean aphid, an inva-
sive pest that was first discovered in the U.S. in 2000. In Minnesota, soybean aphid has
reduced the plant height, pod numbers, seed size and quality, and yield [115]. Soybean
aphid is also a carrier of a number of plant viruses [28]. The growth rate of soybean aphid
is known to be rapid in controlled environment i.e. under ideal conditions where popula-
tion growth is not perturbed by the effects of weather or natural enemies.! Yield losses
from this relatively new U.S. pest can reach 40% without management [122, 81]. To
meet this management challenge, farmers have primarily planted soybean seed treated

with neonicotinoid insecticides and applied foliar pyrethroid insecticides [67, 80].

The profitability of aphid management using neonicotinoid seed treatments has been

questioned because the efficacy of the systemic neonicotinoid insecticides declines over

Support for this research was provided by the University of Minnesota’s MnDRIVE Transdisciplinary
Research initiative and the Minnesota Agricultural Experiment Station project MIN-14-134.

1t is reported to double in 1.5 d in controlled environment [101]. However, the estimates of the soybean
population growth from the field is known to be less than the theoretical intrinsic rate of growth [25]
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time limiting its control of later season aphids [54]. Soybean aphid populations from
Minnesota and Iowa exhibited resistance ratios up by 40-fold for pyrethroids (i.e. bifen-
thrin and lambda-cyhalothrin) between 2015 and 2016. The reports of pyrethroids failing
to control soybean aphid in the field were noted from Minnesota, Iowa, North Dakota,
and South Dakota [80]. This questionable profitability combined with evidence of the
negative impacts of neonicotinoid insecticides on pollinators has the U.S. Environmental
Protection Agency debating restrictions on their use in soybean production [50, 34, 49].
Regardless of the outcome of this debate, there is increasing pressure for soybean farmers
to use more integrated pest management practices, which would include an increased

reliance on foliar insecticides.

The profitable and sustainable use of foliar insecticides requires application only when
the aphid population has reached an economically significant level. To help soybean
farmers better time their foliar applications, entomologists have developed and refined
manual scouting protocols that randomly sample soybean plants in order to estimate
the severity of aphid infestation. An insecticide application is triggered if the average
number of aphids per plant exceeds the profit maximizing threshold (250 aphids per
plant is the current recommendation) [123, 62]. This protocol is repeated throughout
the growing season as long as aphids are active. It is labor intensive and not very pre-
cise given the small number of plants that can be economically sampled, which helps to

explain why growers have relied more on planting insecticide treated seed.

Recent research using unmanned aerial vehicles (UAVs) shows that they can detect the
presence or absence of aphids above the recommended threshold in 1.5x2.5 meter grid
cells within a soybean field. While these detection rates are not without error, this
discovery raises the prospect of replacing manual scouting with UAV based scouting
protocols that observe an entire field rather than a small sample from it. The technol-
ogy is currently not yet advanced enough to provide precise estimates of the pests or
diseases responsible for observed stress or the severity of infestation, advances in nav-
igation and imaging hardware and software are making remote sensed scouting costs
competitive with conventional scouting costs. As the costs of obtaining remotely sensed
scouting information declines, an interesting question that arises is how precise does
remote scouting information have to be before it is more profitable to use than conven-

tional scouting? In this paper, we intend to explore this questions.

This objectives will be accomplished through the development of an agent based pest
management model and the application of this model to soybean aphid management.
In this model, individual plants are the agents. Each plant is initially and randomly
endowed with an insect population (or is insect free). Each day the insect population
on a plant grows and then a portion of it migrates to other plants. At the end of the
growing season, cumulative aphid days is calculated and used to determine a plant’s

yield loss. Within this biological framework, various decision rules can be constructed
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for simulating treatments that reduce the plant’s insect population. For this paper,
two decision rules are considered. Both the decision rules are based on a weekly scout-
ing regimen with whole field insecticide applications triggered when scouting detects
an insect infestation that is severe enough to reduce expected profitability without the
application. The first decision rule is manual scouting where an insecticide application
is triggered when the average number of insects on a random sample of plants exceeds
the treatment threshold. The second decision rule is UAV scouting where an insecticide
application is triggered when the proportion of plants with a detectable (with error)
aphid population exceeds the treatment proportion. For each of these decision rules,
the expected net return to management inclusive of scouting costs, average number of
insecticide applications, and average total insecticide use are calculated using Monte
Carlo methods.

The key results of the paper are as follows. First, when we assume that the per hectare
cost of scouting is the same for UAV and manual scouting, and that insecticide treat-
ment following UAV scouting is triggered only if soybean aphid density is at least 250
aphids per plant, then the optimal expected profit based on UAV scouting is $785.18
per hectare. Conversely, the optimal expected profit from manual scouting is $785.3
per hectare. With manual scouting, treatment is suggested in third and fourth weeks
since the arrival of soybean aphids once the optimal threshold of 275 aphids per plant
is reached. In case of remote sensing, the field should be treated in the fourth week
once 45% of its plants are infested with at least 250 aphids per plant. Second, while the
two methods have very similar optimal profits, manual scouting is still a better option
because it estimates infestation level more precisely. It is significantly better for farmers
who do not experience soybean aphid infestation frequently or those who prefer treating
their fields early in the season. Third, expected profit from UAV scouting does not vary
much with its probabilities of type I and type II errors. When it goes from provid-
ing perfect information to no information at all, the optimal expected profit falls from
$785.18 to $778.15 per hectare. Fourth, increase in cost of UAV based scouting causes
a linear decline in its profitability with no affect on its economic threshold. Pederson et
al. [118] find UAV based weed scouting to be 80% as costly as the conventional scout-
ing. Under such circumstances, remote sensing for surveying soybean aphid will result
in an expected profit of $796.02 per hectare which is a 1.4% more than the expected
profit from manual scouting. If the cost of operating UAVs became negligible, then its

expected profitability will rise to $840 per hectare.

The paper is structured in the following way: Section 4.2 reviews the literature on soy-
bean aphids scouting methods, the use of UAVs in agriculture and spatial bio-economic
models which are used in studying plant diseases. Section 4.3 explains our spatial model
of soybean aphid infestation using cellular automation with agent based models. We
specify the biological processes ranging such as reproduction, migration, wing induction

and death, which together form state transition rules in subsections 4.3.1.1, 4.3.1.2 and
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4.3.1.3. Section 4.3.2 describes the pest management strategies available to the farm-
ers and their profit maximization problem within the biological framework mentioned
above. Our model is parametrized in section 4.4. We then elaborate how we simulated

our model in section 4.5 and our results in section 2.4. Finally, section 4.7 concludes.

4.2 Literature Review

Integrated Pest Management (IPM) for soybean aphid uses repeated sampling through-
out most of the growing season. In Minnesota, it is recommended to sample 20-30
random soybean plants from all over the field beginning late vegetative stage through
reproductive stage R5 [79]. Farmers are also recommended to treat their entire soybean
field with foliar insecticides when aphid population exceeds 250 aphids per plant with
over 80% of plants infested and population is increasing [62]. This Economic Threshold
(ET) of 250 soybean aphids per plant is estimated based on the theory of economic
injury level (EIL) [122]. EIL is defined as the lowest pest population density that causes
economic damage. ET is defined as the injury equivalency of a pest population cor-
responding to the latest possible date a given control tactic could be implemented to
prevent injury from causing economic damage [119]. Ragsdale et al. [122] estimate EIL
(=~ 674 aphids per plant) and ET (&~ 273 aphids/plant) between R1 and R5 (assum-
ing 4-d lag) based on 19 yield loss experiments conducted over a period of 3 years in

six states. If left untreated, soybean aphid herbivory can cause yield loss exceeding 40%.

The ET of 250 aphids per plant is based on a static model and lacks a dynamically opti-
mal decision guide when multiple treatments are needed [157]. Its recommendations can
be suboptimal because of two reasons. First, since this model is static, it assumes that
the marginal benefit of all treatments are independent and equal. But treating crops
today affects how beneficial subsequent treatments will be later in the season. Decision
making based on the static model, therefore, may overestimate the value added by a
treatment and consequently recommend more than needed. Second, static models do
not incorporate the cost of increasing pest resistance to insecticides on optimal control
of a pest. Regev et al. [66] show that when making treatment decisions, farmers only
take into consideration the monetary cost of insecticides and not the increased user
costs. User costs are increased future costs of controlling the pests as a result of the
decision to apply chemicals today. If user costs are accounted for, it would result in the
ET increasing during the course of the growing season rather than remaining fixed at a

particular level as usually presented in entomological literature.

The recommended ET assumes that aphid population will reach EIL if not treated. But
there are multiple biotic and abiotic factors such as deteriorating host plant quality,
crowding, natural enemies and extreme weather which can prevent the escalation of
population to EIL [148, 76, 88]. In fact, soybean aphids are known to have a density

dependent population [32]. Costamagna et al. [24] proposes an exponential growth
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model with intrinsic growth rate decreasing linearly with time. They attribute the de-
creasing rate of growth to deteriorating plant phenology with time. Matis et al. [100]
on the other hand suggest a population model where density dependence is introduced

via death rate being dependent on cumulative population.

Cantangui et al. [22] introduced stage-specific EILs and ETs for R2, R4 and R5 soybean
development stages using the law of diminishing increment regression model and sym-
metric bell shaped and logistic growth models. They perform caged experiments in 2003
and 2004 for their study, which suggested leveling off of the yield loss with increasing
soybean aphid numbers. This motivates using the regression model based on the law of
diminishing increment. They argue that stage specific EILs can give the farmers enough
lead time to decide which developmental stage of the plant is the most suitable time for
them to treat for soybean aphid. For infestation starting at V5, the stage specific EILs
are 3.5, 74.6 and 212.1 soybean aphids/plant at R2, R4 and R5 respectively assuming a
field with yield potential of 3700 kg/ha, soybean market value of $0.29/kg and control
cost of $24.7/ha. This study has been criticized because it bases EILs on caged plants
which prevents the access of natural enemies to aphids and any aphid movement from or
to the host plant [114]. As a result, the estimated EILs are likely lower than optimum,
which can cause significant overtreatment facilitating the development of an insecticide

resistant soybean aphid population.

Hodgson et al. [63] developed a binomial sequential sampling plan using field collected
data in Minnesota from 2001 to 2003 and computer simulations of sampling effort. This
binomial sequential sampling plan underlies speed scouting. Speed scouting is based
on the mathematical relationship between proportion of plants infested, aphid density
per plant and ET of 250 aphids/plant. Instead of taking whole plant counts, speed
scouting introduces a tally threshold (40 aphids/plant) to declare plants as infested or
not infested. As a result, as few as 11 plants are needed to make decision about treat-
ment. Hodgson et al. [61] test the validity of speed scouting using commercial fields in
Minnesota and replicated small field trials in Iowa, Michigan, Minnesota and Wisconsin.
They conclude that 79% of the time speed scouting resulted in same recommendation
as whole plant counting based on ET of 250 aphids/plant. However, speed scouting is
a conservative plan and hence it consistently recommends insecticide use before ET is

reached using whole plant count.

Alves et al. [6] find that UAVs can also detect stress due to soybean aphids. In their ex-
periment, soybean aphid decreased the near-infrared reflectance (NIR) and Normalized
Difference Vegetation Index (NDVI) reflectance, which provide measure of plant health.
However, similar changes in NIR and NDVTI can be detected due to other types of stres-
sors such as soybean cyst nematode and soybean sudden death syndrome [57, 55, 15].
Marston et al. [98] examine combination of features (wavelengths) of a UAV which will

improve its accuracy in detecting aphid pressure. They also use machine learning, in
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particular linear Support Vector Machine (SVM) models, to generate an actionable in-
formation from remote sensing data. They find that all wavelength combinations trained
with SVM models were able to classify the aphid pressure above and below ET of 250
aphids per plant with over 80% accuracy. However, the models were more accurate in

identifying cases with aphids below ET than above ET.

Treatment strategies are based on imperfect monitoring of pest population. Fackler et
al. [38, 39] discuss how such observational uncertainty can be addressed using an ex-
tended Partially Observable Markov Decision Processes (POMDP). In context of pest
management, POMDP approach replaces the imperfect information on pest population
with a probability distribution and actions are taken based on this distribution. These
type of models are also capable of handling structural uncertainties which occur due to
the imperfect knowledge of the underlying theory [154]. Haight and Polasky [52] model
the problem of monitoring and treating a site for an invasive species using POMDP
with infestation level as a state variable. They find that quality and cost of monitoring
changes the optimal management strategy. With costless and perfect monitoring, ex-
pected costs are 20-30% lower across the range of belief states relative to the expected

costs without monitoring.

There is a large literature on control of pests by their natural enemies which suppresses
pest population growth and has potential to mitigate pest control costs and crop yield
loss. Zhang and Swinton [157] exploit this predator-prey relationship in modelling
managerial choices. They develop an intra-seasonal dynamic bioeconomic optimization
model for insecticide based pest management that takes into account both the biological
control effect of natural enemies on the pest population and the effects of pesticide on
the level of natural pest control supplied. Thus, they introduce insecticide decisions
using a natural enemy adjusted economic threshold. However, they do not take into ac-
count the relative voracity of natural enemies. Bahlai et al. [13] develop a mechanistic
dynamic tritrophic population and phenology model for soybean aphid, incorporating
environmental cues, host plant cues and natural enemy dynamics. To standardize the
impact of different predators, they introduce the concept of Natural Enemy Unit (NEU)
which is defined as the number of natural enemies that kill 100 individual prey in 24
hours. Their results suggest that natural enemy abundance and host plant phenology
are the most important factors affecting soybean aphid population. One of the major
drawback of this study is that it is deterministic and non-spatial. Hallett et al. [53] es-
timate a dynamic action threshold (DAT) in presence of natural enemies by introducing
NEUs in the population growth model. In their model, an insecticide application was
triggered only if natural enemy numbers were insufficient to suppress pest populations.
DAT also provided equivalent yields to the conventional action threshold during field

experiments and reduced the average number of pesticide applications.

Spatial bioeconomic models have become popular recently in studying plant diseases
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and infestation. Sanchirico et al. [133] investigate how ignoring spatial distribution of
bioeconomic models can lead to suboptimal results. Space can be incorporated in bioe-
conomic disease models using state transition probabilities based on location [124] and
partial differential equations [65]. These models however assume spatial heterogeneity
to be exogenous [136]. But this may not be true. The spread of pests or disease to a
new plant mostly depend on whether its neighboring plants are infested or not. Agent
based models (ABM) allow spatial heterogeneity to be determined endogenously. These
models study population of heterogeneous autonomous agents. These agents make de-
cisions based on simple rules by interacting with other agents and their environment
[146]. Atallah et al. [11] use ABM to investigate the profitability of different disease
control strategies for grapevine leafroll disease. They model grapevine leafroll disease at
plant level using cellular automata and find that spatial strategies targeting immediate

neighbors of symptomatic vines are better than nonspatial strategies.

4.3 Bioeconomic Model

This section explains the bioeconomic model used in this paper. It has two subparts.
The first part is about modeling infestation of soybean aphids in a field during a single
growing season. To do this, we use cellular automaton (CA) model with ABM. Miller
[106] define CA as discrete spatio-temporal dynamic systems based on local rules. They
are characterized by regular lattice of cells, all of which have a finite number of states.
There are rules to govern the state transition of cells in every time period; a cell transi-
tions into a new state based on its current state and the states of its neighbors according
to the transition rules [146]. In our model, soybean field is represented by a grid and
its cells are occupied by soybean plant agents. The state of a cell or a soybean plant
is defined by the number and composition of its resident soybean aphid as well as its
location. State transition of a cell is determined by pertinent biological processes of
soybean aphids such as their reproduction, migration, wing induction and death. The
second part of our model deals with profit maximizing pest management strategies for
the farmer. We analyze pest management decisions based on manual scouting and aerial
surveillance (UAVs).

4.3.1 Population Dynamics of Soybean Aphids

The soybean field is a two dimensional grid with M; rows and My columns and conse-
quently there are a total of My x My cells. Grid cells are of equal size and are denoted
by i where i € {1,2....M;M>}.2 Each cell has a soybean plant situated at its center.

Suppose the soybean plants in the field are homogeneous at any given time.

Consider a single soybean growing season. Soybean aphids enter the field at time t=

0. They are characterized by their morph j and age group ! and so, are referred as

2 Although each cell is characterized by 2-D (row, column), here we identify them by a single uniquely
defined index 7 which is a linear combination of its row and column number.
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soybean aphids {j,l}. Their morphs include alate (winged, w) and aptera (wingless,
w) i.e. j = {w,w}. The age groups are nymph (a) and adult (a) i.e. I = {a,a}. We
consider a soybean aphid to be nymph only on the day it is born; it becomes an adult
next day onwards.® Let the population of aphids {j,1} at time ¢ in cell ¢ be denoted by
Ntijl. Therefore, total number of aphids in cell i, labeled N}, equals Zj > Nzﬂ.‘l The

state of a cell ¢ at time ¢ is given by vector S(i|t) such that
S(ilt) = (N{™, N{™e, Nj“%, N, d). (4.1)
> Vi

My My
of time ¢ is a day and it takes on integer values between {0, ;44 }. In spring, aphids start

The average number of aphids per plant at time ¢, labeled N, equals . The unit

migrating from buckthorn to soybean [123]. Suppose the initial aphid count migrating

to soybean field is lognormally distributed with mean p and standard error o i.e.
Ny ~ LogNormal(u, o). (4.2)

The migrants are all alate female adults [123]. Therefore, at time ¢=0, the state of any
cell is S(i[t = 0)= (0,0,0, No, 7). Parameters u and o are derived from the mean and
variance of Ny in Appendix C.1. The number of plants infested at the beginning is based
on these parameters. The location of infested plants is random. Many species of aphids
use visual cues [31] and show edge effects [70] when choosing their host plant. But,
evidence on edge effects for soybean aphids is dubious [141, 123]. There are no visual
cues for aphids in our model since we assume homogeneity within plants. As a result, we
assume their landing on soybean plant is random. Once in the field, soybean aphid may
reproduce, grow wings, migrate and die. Fach of these biological processes are affected
by external factors such as temperature, photo-period and presence of natural enemies

which are all assumed to be constant unless stated otherwise.

4.3.1.1 Birth and Death

In section 4.2, we discuss that soybean aphid population is density dependent. This
can be either due to bottom-up or top-down factors or a combination of the two. Some
of these factors include decline in host plant quality, crowding and presence of natural
enemies [126, 32, 25, 41, 26, 101]. Costamagna et al. [24] and Matis et al. [100] propose
two different models in soybean aphid literature which characterize density dependence
adequately. The first one is an exponential growth model with decreasing rate of growth
to capture bottom-up effects on soybean aphid abundance. The second growth model
assumes the death rate to be a function of cumulative aphid density. In our model,
we need to assess the nymph and adult aphid density in each grid cell. So, we use the

second growth model to represent population dynamics of soybean aphids. The growth

3Note that nymphs in soybean aphid literature is used to address all instar stages and therefore a
nymphal stage may last 3-4 days [158]. In this paper, we do not track the age of aphids for computa-
tional simplicity and so we modify the meaning of the terms nymph and adult aphid.

4We suppress a superscript notation in a variable when the notational variable has been summed over.
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equation proposed by Matis et al. is

% — (A= 6F)X, (4.3)

where X; and F; = [ X;dt are the population and cumulative population density re-
spectively at time ¢. A and 6F; are the birth and death rate at time ¢ respectively.
Therefore, at any time ¢, total number of new births is AX; while the number of deaths
equal 0F;X;. To apply this growth equation in our context, we discretize time i.e. dt

— 1. Then soybean aphid population in time ¢ 4+ 1 for cell ¢ is given by
i1 =(1+X—6F)N;. (4.4)

4.3.1.2 Dispersal

Aphids are mostly sedentary [70] because dispersal requires energy which may lower
their chance of finding new hosts [70, 145].5 However, they do move both long and short
distance. Their propensity to move and the distance covered depend on their morphs.
While aptera walk short distances and usually end up on neighboring plants [7, 70],
alates can fly for miles given the right environmental conditions [116]. Aphid disper-
sal is also a function of their age. Older aphids are less likely to relocate [19]. Long
distance movement, also called migration, is quite infrequent compared to the localized
displacement [70, 116, 95]. Short distance dispersals or the ‘appetitive dispersals’ are
generally induced by factors such as worsening predator density at the host plants, host
plant quality and crowding [64, 126, 70]. In this paper, we only focus on the localized
dispersal of aphids because it is the more important of the two types of movement in

order to understand their infestation pattern in a field.

To simplify our model, we make the following assumptions about aphid dispersal. (1)
Only adult aphids (I = a) can move between plants.® (2) No mortality occurs during
dispersal. This is assumed because of the lack of estimates or data in the literature
on death rate during displacement. (3) At any given time period ¢, soybean aphid can
undertake only one interplant trip. (4) The percentage of aphids dispersing/emigrating
from a plant at any time ¢ will depend on its aphid density. Donaldson et al. [32]
regressed the percentage of aphids dispersing from their host plant on the host plant’s
aphid density and found a positive relationship between the two. But their finding was
mostly driven by two outlier plants with aphid density above 4,000.” Emigration rates
on majority plants did not show an overall increase with aphid density and was 4% for

densities less than 4,000 soybean aphid per plant. Let Ezj " denote the percentage of

5Flight not only lowers the longevity of alate aphids but also their fecundity and reproductive period
[159].

SRemember that in our model, aphids become adults from the day after their birth. Therefore, they
are capable of interplant movement when only a day old. In reality, aphids hardly move until fourth
instar stage [19], which occurs 4 to 6 days after their birth.

"Donaldson et al. [32] state the two plants with final aphid density of 6,550 and 10,100 aphids exhibited
20% emigration rate
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aphid morph j which emigrate from cell 7 to h at time ¢. Then assumption 4 implies
that the percentage of total aphid population emigrating from cell i, labeled E, is a
function of N} i.e.
B - 25N 2on EZ" (4.5)
Ni
= e(IVy).

Propensity to emigrate is different for the two morphs.® Apterous soybean aphids are
inactive and generally do not move once they have settled in a desirable feeding location
[70] unless instigated by external factors such as deteriorating host plant quality, pres-
ence of predators, crowding, wind and rainfall [153, 102, 32, 19, 59, 84]. While apterous
adults can only walk, winged adult aphids both walk and fly [19, 94]. Lombaert et al.
[94] estimated the rate of dispersal for melon aphids to study the impact of their dis-
persal on their fitness. They found that the rate of walking was 2% and independent of
aphid density. But, aerial dispersal was strongly density dependent and it happened in
large numbers only when local crowding increased dramatically. Donaldson et al. [32],
however found that for any given aphid density, the percentage of alates emigrating were
at most 4%.

The destination cell h is determined based on the distance aphids can move. Alates
can fly miles under right environmental conditions [116]. Zhang et al. [158] show that
more than 80% of the young adult aphids (12- 72 hours after molting) flew over 0.5km
using flight mill experiment.’® Aptera aphids, on the other hand, avoid movement even
under mechanical perturbations [84]. They generally do not walk beyond neighboring
plants and therefore are not considered the main force behind enlarging the infection
foci beyond the field [69, 149]. We define the neighborhood of aphid type j at cell i
denoted by N (jli), as the set of cells which it can migrate to from its host cell. Suppose

that aphids always move to a new plant when migrating i.e.
h e N(j]i) — {i}. (4.6)

In our model, E’" > 0 if and only if h € N(j|i) — {i} for aphid j. As we have
already discussed above, aphids do not have preference about their landing within their
neighborhood. In other words, every cell h in the set NV (j|i) — {i} is equally likely to be

chosen as a destination by an emigrating aphid of type j.

8Boiteau [19] studied the relative ability of apterous and alate morphs to disperse from one potato
leaflet to another. As per this study, the percentage of buckthorn, potato and green peach wingless
adult aphids relocating can be as high as 25%, 45% and 15% respectively depending on their age. On
the other hand, these numbers for the winged adults of the respective species were 45%, 40% and 40%.

9The older ones (> 72 hours after molting) showed reduced flight time, distance and speed. They also
find 16-28°C to be the optimal temperature range for flight.
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4.3.1.3 Wing Induction

Various factors such as crowding, host plant quality, presence of natural enemies and
photoperiod can induce wings in aphids [87, 110, 135, 73, 125]. Wing induction in aphid
can be postnatal or prenatal. Nymphs, in their early instar stages, may grow wings to
escape any danger and find a more suitable host plant. On the other hand, if an aphid
experience life threatening environmental conditions, she may pass on this information
to its successors genetically. As a result, aphids develop wings prenatally. Prenatal wing
induction can continue for multiple generations depending on the intensity of environ-
mental factors experienced by their predecessor. This process is difficult to model given

our computational limitations and we assume that wing induction is only postnatal.

We also assume that the factor driving postnatal wing induction is crowding.'® The
larger the population density at the host plant, the more likely its nymphs are to develop
into alates. Suppose the probability of aphids developing wings, p(j = wl|t,), at ¢
increases at a decreasing rate with population density N} at host plant i [135]. Let this

relationship be a logit function of the form

p(j = wlt, 1)

In = ap + a1 N;. (4.7)
Based on the above biological processes, our model can estimate density of nymphs
and adults aphids for both morphs Vi,j at any given time period. At time ¢, aphid

population at cell ¢ is given by

Ni = AN} + (1= E}))(1—0F )Nj_,+ Y Ef'Nf (4.8)

z
such that i € N(j|z) — {z} Vj. The state transition rules are explained for each morph
and age group in Table C.1.1. We now turn to modeling pest management strategies of

farmers.

4.3.2 Pest Management and Profit Maximization

Farmer’s pest management strategy consists of two processes- scouting and insecticide
treatment. Farmers scout weekly once the aphids arrive to assess aphid density in their
field. They then treat the entire field if the infestation can cause economic damage.
Let the farmers scouting technique be denoted by k.'' There are two types of scouting

technology.
1. Manual Scouting

2. Aerial Scouting

10T our model, soybean plant quality is uniform across all plants. Additionally, effect of natural enemies
are not modeled explicitly. Hence, we focus on effect of crowding on wing induction.
111 the subsequent sections, we use terminologies ‘pest management strategy’ and ’scouting technique’
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Manual scouting, k¥ = m, includes weekly full plant count of aphids on 20-30 randomly
sampled plants from the whole field. They will treat their field with insecticide if the
observed aphid density is at least 1. The value of 1 is chosen such that it maximizes the
expected profit of the farmer.'? Aerial scouting (k = u), on the other hand, is scouting
soybean aphids using UAVs. UAV technology today can detect pest population above
a certain threshold, labeled ¢. Farmers fly drones above their field and take snapshots.
These images are color coded to distinguish areas of the field where pest population is
above ¢. Therefore, with drones for surveillance, farmers can find what proportion of
their field has soybean aphid density at least equal to ¢. Given this information, they
will choose to treat their fields if the number of soybean plants with at least ¢ soybean
aphids are greater than k. As in manual scouting, the value of & is also chosen such that
it maximizes expected profit of the farmer. Note that 1) and x are economic thresholds
for manual scouting (ET,, = ¢) and aerial scouting (ET,, = k) respectively. While both
of them maximize farmer’s expected profit for their respective scouting techniques, the

unit of ¢ is soybean aphid density per plant while that of « is the number of plants.

Aphid density estimated based on both types of scouting technique are prone to error.
When scouting manually, the error can result for two reasons. First, manual scouting
is an arduous process [21] and prone to human error. Second, it does not provide com-
plete coverage of the field. In our paper, we model error in manual scouting due to the
second reason only. Marston et al. [98] report the performance of UAVs in detecting
aphid pressure of 250 aphids per plant. They test it for various models with different
combination of wavelengths, trained with SVM. They find that probability of type 2

error is 0.1 on average while that of type 1 error range between 0.2 and 0.4.

Let Y'* be the potential yield of soybean per hectare of field, and P, be the market price
of the crop. Farmers know the arrival time of soybean aphids, t=0, with certainty. They
scout and treat with insecticide if necessary in time period ‘s’ s.t. s=7t V 7t € {1, t;az }-
In other words, farmers scout and can treat once a week. Let L(Np, I¥) represent the
percentage yield loss due to soybean aphids, which depends on initial observed aphid
infestation (Np), and how often farmers choose to treat. This decision to treat at time
s based on scouting technology k is represented by I*. It equals 1 when treatment is

done or 0 otherwise. Therefore, I¥ is

when scouting is done manually and

interchangeably.
12Currently, this threshold level is recommended to be 250 soybean aphids per plant.
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0 SLI(NE>¢) <k
1 Y I(N:>¢) >k

Iy =

s

(4.10)

when using UAVs respectively where I(N! > ¢) is the indicator function which equals
1 if N > ¢ or 0 otherwise. I¥ is a function of ET} and spatial distribution of
aphids in the field {N}, N2, ..., NM1M2} at any time s and therefore can be written
as IF(ETy, N}, N2, ..., NMiM2) 13 When the insecticide is sprayed aphid density of the
field becomes N (1 — 6) where 6 is the efficacy of treatment. Hence, soybean aphid
population at the beginning of the next day s + 1 will equal

Nop1 = Ny[IFQ=0)+ (1 =18 V K, s=7. (4.11)

Percentage yield loss due to soybean aphids increases at a decreasing rate with aphid
density.'* It converges asymptotically to a yield loss of 40% [122] - 50% [152] when aphid
pressure is as high as 80,000 cumulative aphid-days (CAD). Soybean aphid literature
mostly use a linear [122, 97] or concave function such as a negative exponential [22] to
express percentage yield loss as a function of aphid density. But, soybean aphid also has
a damage boundary of 4,000 to 5,000 CAD [119]. As a result, there is negligible yield
loss when aphid pressure is in the range of 4,000 to 5,000 CAD [122, 81]. Therefore
we use a sigmoidal function to express the relation between soybean aphid density and

percentage yield loss. Let the percentage yield loss function be

aq
o9 + e{agCAD+a4}

L(No, %) = (1.12)
where CAD is Cumulative aphid-days (CAD). Cumulative aphid-days is a measure of
aphid abundance over time [60]. When sampling is done weekly, CAD equals

Ny_7+ N,
CAD =" [7;] x 7. (4.13)

s

In practice, CAD is computed based on the samples taken from the field rather than
the true population N;. But we use N V s instead so that we can estimate the actual

loss.

3™ can also be written as a function of {Nsl7 NZ .., NSMlMQ} because N is an unbiased estimate of
mean aphid density of the field.

1Zilberman et al. [89] demonstrate the importance of correctly specifying the damage abatement
processes in the estimation of production functions and input productivity. They show that the use of
traditional specifications like Cobb-Douglas overestimate the productivity of damage control inputs
and underestimate the productivity of other inputs. Traditional specifications also predict that the
spread of resistance will lead to reduction in the use of a damage control agent. In contrast, the
specification proposed in their paper captures the real phenomenon, i.e. the use of a damage control
agent increases in response to resistance and that it will decrease only when resistance is so widespread
that alternative measures are most cost effective.
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Soybean plants have also developed tolerance to soybean aphids and therefore can with-
stand insect feeding without incurring excessive yield losses. Prochaska et al. [121] in
their field trials found yield loss of 13% for soybean genotype KS4202 at a range of
35,000-50,000 CAD. Ragsdale et al. [122], on the other hand, reported a much higher
yield loss of 24-36% for the same range of aphid pressure. Moreover, Kucharik et al. [85]
found that at low aphid pressure (2,000 CAD) soybean plants had higher yield through
a compensatory photosynthetic effect than plants which did not experience significant
aphid pressure. In this paper, we assume no form of host plant resistance or tolerance

to soybean aphids.

Two types of costs are involved in pest management. First is the cost of monitoring or
sampling pests to get estimates for the level of infestation. This cost is incurred every
time the field is monitored and depends on the scouting method. Let the cost of scouting
once equal C*. Therefore the total cost of scouting in a season equals C* x n(s) for a
given method k where n(s) is the number of times scouting is done. The other cost is
that of treatment which includes expenditure on insecticide and its application. This
expense equals the product of cost of a single spray, labeled C'; and number of times
farmers decide to treat the field. Therefore for scouting method k, cost of treatment
equals Cr x> I f . Farmers will also incur a fixed cost when purchasing UAVs. But, we
assume that farmers have free access to UAVs. This is because we analyze profitability
of the two techniques in a single growing season. It may take a farmer multiple seasons
to cover the cost of buying a drone. Hence, a profit analysis based on a single growing
season will underestimate the profitability of UAV based scouting if the cost of purchase

is included.

Let the maximum expected profit of the farmers equal E(n}) if they adopt scouting
technique k. The objective of a risk neutral farmer is then to choose scouting strategy

k such that it maximizes their expected profit E(7*) i.e.
E(r") = maz{E(my,), E(m,[0)} (4.14)

To solve Equation 4.14, we first need to solve for E(7}) V k=m,u. This requires iden-
tifying the optimal ET for each scouting technique k, given the population dynamics
of soybean aphid and the yield loss function. The optimization problem to solve for

optimal ET for method & can be stated as follows:

E(my) = max E(m)

st. m = PYP(1L—L(No,IF)) - Chn(s) - C; ) _IF

Log(No) ~ N(u,0)
o2 = 9.152x u1'543
N{ = AN+ (- E)(L=0F_)N{_ 1+ Y Ei'N; V =z

z
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i € N(le)—{z} Vi
E; = &(N})) Vi
p(j = wlt, i) ]
1—p(j = wlt, i)
IM(ETy, N}, N2, ... NMiMz2y ¢ (0 1}

In = ap+aN} Vi

Neyi = NJIFQ-0)+(1—1ID] YV ks
st7+Ns
can = S [Brr %]
L(No, I¥) = o

s + etlasCAD+au}
s = T ¥V t>0

t € {0,..,tmaa}

In the next section, we discuss the parametrization of our benchmark model. The

discussion follows in the same order as in section 4.3.

4.4 Model Parametrization

Let there be 10 rows and columns in the field i.e. M1=M5=10. Therefore the field has
a total of 100 grid cells/plants. The intra-row and inter-row space between plants are
assumed to be 3 and 30 inches respectively [63]. The time of arrival of soybean aphids,
t=0, corresponds to the V1-V4 growth stage of soybean [64] and t=t,,4, corresponds
to the beginning of growth stage R5. This is because to control economic damage from
soybean aphid, farmers should undertake measures at most by soybean growth stage R5
[157]; any cure or prevention after R5 has negligible impact on their profit. Therefore,

tmaz ON average equals 50 [143].

Birth and Death

Matis et al. [100] found that the analytical solution to Equation 4.3 is given by
Nt — 4Nmax€_btmaz(t_Tmaz)[1 _|_ e_btmaz(t_Tmaz)]_2

where Nyaz, Tnar and b are the predicted size and time of the peak count (in days)
and relative rate (per day) respectively. Observed field data can be used to estimate
Nyaz, Timaz and b which in turn gives A and 6 of Equation 4.3.15 They estimated the
parameters of Equation 4.3 based on caged experiments. But under a caged setting,
environmental conditions are set artificially and at optimum which inflates population
growth. For example, in Matis et al. [100], the mean peak aphid density recorded was
approximately 34,000 and 55,000 per plant for years 2004 and 2005 respectively. But
Bannerman et al. [16] report mean peak aphid density in open fields to range between

148-1,726.2 aphids per plant. In this paper, to find optimal pest management strategy

15 . . b(d—-1) b? (5Tmas)
According to Matis et al. A = a1 and § = 5N where d = e'”"maz),
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of farmers, we need a realistic population growth model. So, we choose parameter values
accordingly: Let Npaz, Timaz and b be normally distributed with parameters 1000 £ 100,
36.29 £+ 0.42 and 0.228 + 0.23 respectively [82]. This implies that the birth rate A on
average equals 0.23 while the death rate parameter ¢ is 0.000013. Figure C.1.1 shows a
sample population generated using the above parameter values.'® Let Ny equal 5 aphids

per plant. Using equations in section C.2, {u, o} is then estimated to be {0.78,1.19}.

Dispersal

Donaldson et al. [32] estimate percentage of aphids which emigrate as a linear function

of soybean aphid density. They find

. 1.35 +0.00184N}, N}/ >0
El = (4.15)
0, otherwise.

We assume equation 4.5 equals 4.15.17 Emigrating population comprises of the alate as
well as aptera adults. The probability of an alate emigrating is 4% [32] i.e. E{¥ =0.04V
i. Therefore, total number of alate emigrating from any cell i at time ¢ is E{* NJ%. Rest
of the emigrants which equal E} N — E{*’ N} are aptera adult aphids. The neighborhood
of alates N (w) has a radius of 0.5km [158]. Thus alate adults can move anywhere in the
field.'® Aptera aphids move very short distance especially when there are suitable hosts
nearby [14]. They can move at a speed of 5-20cm per minute or run 15-30cm per minute
[116]. Hence, we assume their neighborhood A (w) has a radius of 10 inches only. This

implies that aptera adults can move up to 3 adjacent plants within their row.

Wing Induction

Equation 4.7 is estimated based on the data from Hodgson et al. [64] using a logit model

with zero intercept. It equals

n [ p(j = wlt)

=9.38 x 107°N,
1—p(j:w\t>} e

where the error term e; ~ N(0,0.213). The constant term ag is assumed to be zero
because wing induction does not happen when the population density on host plant is
0.

Pest Management and Profit Maximization

Potential yield Y* and Price P of soybean are 4.04 ton/ha and $220.46/ton [122]. In
our model, as already mentioned before, farmers scout and may treat weekly. Since the

window of treatment is 50 days ({0, ¢4z }), farmers scout (and may treat) 7 times i.e.

16 Additional tables and figures for this chapter are in and named after appendix C and are duly num-
bered.

"The authors do not report the error structure. We, therefore, begin by assuming this process to be
definitive.

18The area of our field is 7,290 inch squared which equals 4.7x1076 km?.
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n(s)=7. Every Insecticide treatment costs $35.82/ha (C7) [74] and has an effectiveness 6
of 99% [157]. Johnson et al. [74] also report cost of manual scouting to equal $9.88/ha.
We do not have information on the cost of remote sensing and hence, to begin with, we
suppose both types of scouting methods monitor a field at the same cost of $9.88/ha.
This implies that per plant scouting is cheaper when using remote sensing. It is because
while UAV scans all the plants, only 20-30 random plants from the field are scouted
manually every time sampling is done. Suppose $9.88/ha cost of monitoring is based
on sampling 25 plants per hectare. Then manual scouting costs $9.88/25 per plant and
UAV scouting costs $9.88/100 if the field has 100 plants in total.!? The average cost of
monitoring C* per unit area and time is also assumed to be homogeneous of degree one
in the size of soybean field. However, it may not be true. Matese et al. [99] state that
when field size increases from 5 to 50 hectares, the operating costs of UAVs increase by
a factor of 2.66. On the other hand, when fields are scouted manually, the cost of labor

may increase at a decreasing rate because of diminishing marginal returns.

We assume ¢ to be 250 soybean aphids per plant. This tally threshold is based on
the current IPM recommended ET of 250 aphids per plant. The probability of type 1
and 2 error for UAV based scouting in detecting 250 aphids per plant is 0.3 and 0.1
respectively. These values are derived from Marston et al. [98] and are based on SVM
model with combination of wavelengths 780, 1,010 and 720 nm (Model 3).

(=1

Proportion ¥

SO0 NIRN TN CIAN AN IO SN0 &0 NN 0 100
10,100 20,100 30,100 40,100 30,100 60,100 0. 100

Cumulative AphidDays

loss-linear (Ragsdale 2007) loss-spmoid

Figure 4.1: Fitted sigmoidal proportional yield loss function versus linear loss function.

Parameters of the yield loss function are chosen such that the damage threshold is
~ 5,000 CAD and yield loss converges to 40% when aphid pressure reaches 80,000
CAD [122, 81]. {a1,a9,as, a4} in Equation 4.12 equals {4,10,0.00013,6}. Figure 4.1
compares our sigmoidal loss function to the linear loss function based on data from

Ragsdale et al. [122]. Table C.1.3 puts together the definition of parameters used in our

19This implies that when the field is monitored manually using 20 random plants, it costs $7.9 per
hectare.
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model, their values and references.?”

4.5 Simulating the model

The model is initialized at time t=0 by introducing soybean aphid into the field. To do
this, we find how many plants are expected to become infested given the distribution of
Ny, and their location in the field. Then each of these cells are assigned aphid popu-
lation based on Equation 4.2. Expected number of infested plants equal probability of
infestation times the total number of plants in the field (=100). Probability of infesta-
tion is defined as the likelihood that Ny > 1. We estimate it using a large sample of
Ny’s to ensure its unbiasedness. 25,000 samples of Ny are drawn and fraction of cases
where Ny > 1 is determined; the probability that a plant will become infested equals
this fraction by the law of large numbers. Location of these plants is then determined
by randomly drawing >, I(N¢§ > 1) grid cells i from a uniform distribution U(1, 100);
I(N} > 1) is an indicator function that equals 1 if Nj > 1V i and 0 otherwise. Next,
each of these cells i are infested with N} alate adults through random draws based on
Equation 4.2. Each grid cell is also assigned values for n,q2, Tinaz and b which deter-

mine their birth rate A and death rate parameter 9.

At time ¢t > 0, N} is estimated using N} _; and Equation 4.4 for every cell i. We then
determine the composition of aphid population for each cell i using the transition rules
stated in Table C.1.1. Total number of emigrants E}N; is calculated for each cell using
Equation 4.15. Out of these emigrants, 4% are alates and rest are aptera adults. These
aphids then disperse to cells randomly chosen from within their neighborhood. At each
cell, net immigrants from all other cells are added to the existing aphids to get the total

number of aphids post dispersal.

At the end of time period t, state vector S(i[t) is known V 4. Scouting and treatment
is done weekly. On s = 7t, 20 cells are randomly chosen from the field to scout manu-
ally and average aphid density is estimated. Insecticide treatment follows (I = 1) if
observed density is greater than threshold . On the other hand, when remote sensing
is used, total number of cells i with N} > ¢ is determined. If it is greater than x, then
I = 1. At t = tnqq, cost of treatment (C; Y, I¥), yield loss proportion L(Np, I¥)) and
cost of sampling (C*n(s)) are estimated for k = m,u. Subsequently, the profit 7 is

computed for each scouting strategy k given their respective threshold of spray.

The process explained above presents one full simulation of profit maximization problem
based on parameters defined in section 4.4. We execute this model 50 times such that
each iteration corresponds to a different draw of initial population Ny. This gives us 50
outcomes (e.g. profits, treatments and losses) for strategy k and its threshold of spray

ETy. The values of E'T,, and ET,, are chosen with intervals of 5 and 25 respectively

20Gee section C.1.
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to keep it computationally light. The expected profit F(my) is then the average of all
50 profit outcomes. ET} is chosen as the optimal treatment threshold if and only if it
gives the maximum expected profit E(n}). Once we have ET};, and ET, the optimal

pest management strategy and expected profit are inferred using Equation 4.15.

4.6 Results

We first discuss the case of no treatment. The parameter values {y, 0} based on m =5
results in a maximum yield loss of 6.5% if infestation is left untreated, irrespective of
the scouting technique. This is equivalent to 15,817 CAD and results in expected profit
of $777.5 per hectare. To put it differently, farmers will end up with at least $777.5 per
hectare if they delay treatment by choosing high s or v in hope of saving the cost of

spraying.

Figures 4.2a and 4.2b show how expected profit changes with treatment thresholds for
manual scouting (1) and UAV based scouting (k) given that ¢ equals 250 aphids per
plant. The tables below each figure gives the probability of insecticide spray at different
sampling times, s. The optimal threshold of spray ¥* equals 275 aphids per plant which
gives an expected profit E(7},) of $785.3 per hectare. When scouting manually, farmers
choose to treat during s = 3 or 4 out of the 7 times. Chances of treatment during these
time periods are 6% and 94% respectively. In case of remote sensing, it is optimal to
treat the field with insecticide when 45 plants are infested with at least 250 aphids per
plant. The optimal treatment threshold £* of 45 plants results in treating the field at
s = 4 and an expected profit of $785.18 per hectare. Time period s = 4 is the 4" week
since the beginning of infestation. Because in our model ¢ = 0 coincides with V1-V4

stage, s = 4 corresponds to R2-R4 reproductive growth stage of soybean [111].
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Figure 4.2: Expected profit in $ per hectare using (a) Manual scouting and (b) Remote
sensing given ¢ equals 250 aphids per plant.
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At their respective optimum, the two techniques have very similar profitability. But
figures 4.2a and 4.2b suggest that overall manual scouting is a better option. E(m,,) lies
between $750 and $785 per hectare when soybean aphid pressure is in the range of 0 to
900 aphids per plant. On the contrary, E(m,|¢ = 250) has a minimum of approximately
$600 per hectare when x equals 5 plants and a maximum of $785 per hectare at k=45.
Scouting manually estimates aphid pressure more precisely than remote sensing. The
economic performance of the two pest management techniques are similar if farmers
delay treatment, or in other words, choose high threshold values. Delaying treatment
can build up aphid pressure so much that after a point it is no longer useful because of two
reasons. First, very high aphid density can lead to irreversible damage in plant quality
and yield [142]. Second, density dependence kicks in once aphid pressure reaches 1,z
and causes reduction in infestation level naturally. Figures 4.3a and 4.3b show that at
1p = 900 aphids per plant and k£ = 100 plants, percentage yield loss reaches its maximum
6.5% and there are no treatments recommended. As a result, expected profit E(m,,)
and F(m,) converge to profit under no treatment as shown in figures 4.2a and 4.2b. If
they chose to treat early i.e. at low threshold, then manual scouting is significantly
more profitable than remote sensing. It is because UAVs are prone to generating false
positive outcomes which will cause unnecessary treatments even at low aphid pressure.
The probability of type 2 error is 10% and therefore on average 10 out of 100 plants will
be falsely reported to have at least 250 aphids. Consequently, at k = 5 plants, farmers
treat 6.6 times on average out of 7 as shown in Figure 4.3b and reduce their yield loss
to 0.97%. But any decision to treat early, say at ¢ = 25 aphids per plant, based on
observations from scouting manually result in 2 treatments in total only while reducing
the yield loss to 1.03%.
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Figure 4.3: Percentage yield loss and total number of treatments as a function of eco-
nomic thresholds (a) 9 for manual scouting and (b) x for remote sensing given ¢ = 250.

Will improving precision enhance the profitability of UAVs as a scouting technique?
Intuitively, expected profits and yield loss should be negatively related with both types
of error rates because they comprise the quality of information received from remote

sensing. Optimal threshold of treatment should increase when there is higher chance of
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getting false positives and vice versa. False positive outcomes are equivalent to overes-
timating aphid pressure. When it becomes more likely, the possibility of unnecessary
treatments also increases which in turn will reduce their marginal benefit. As a result,
treatment will be delayed in order to increase the marginal benefit of treatment. On
the other hand, when type 1 error becomes more probable, treatment threshold should
decrease. False negatives imply underestimating the aphid pressure in the field. As a
result, the marginal benefit of treatments are high and so they should be conducted at
lower threshold. Discerning the effect of probability of type 1 and 2 error on the number
of treatments is more complicated. When quality of information goes down, yield loss
will increase. This may encourage farmers to treat more times. However, increasing the
total number of treatments may not always be needed. Treating early in the season may

be enough to suppress the aphid pressure overall and trim yield loss.

To test our hypotheses, we perform sensitivity analysis of pest management decisions
with respect to type 1 and 2 error rates. We vary the probability of type 1 and 2
errors from 0 to 0.5 at an interval of 0.05 and estimate the optimal expected profit and
treatment threshold for every pair of values.?! The results are presented in detail in
Appendix C.1. Figures 4.4a and 4.4b show how isoprofit lines and treatment threshold
vary with the likelihood of type 1 and 2 errors. The isoprofit lines have lower values
when the probability of type 1 and type 2 error increased. The relationship between
expected profit and these probabilities is negative on average but not in a strict sense.
For instance, in Table C.1.4, we see that the expected profit is at a maximum when
probabilities of type 1 and type 2 errors are either 0 and 0.5 or 0.1 and 0.4 respectively.
Under these conditions, the expected profit is $785.23 per hectare which is $0.05 greater
than when UAV is 100% accurate. This marginal gain in profit is achieved by reducing
yield loss. The gain in profit is also associated with change in treatment decision.
Table C.1.5 shows average number of treatments E(IY) V s, given the probabilities of
type 1 and 2 error. When remote sensing is 100% accurate, profit is maximized by always
treating in the third week s = 3 at threshold of 45 plants. On the other hand, if UAVs
never give false negative information but generate false positives with 0.5 probability,
then the optimal strategy is to treat at a threshold of 75 plants 2% and 98% of the times
during second and third week respectively. When false positive outcomes are generated
50% of the times, it is impossible to dissociate true case of infestation from the false
ones. As a result, treating in 27¢ week, even if just 2% of the times, before treating
in the 3"% week curbs aphid pressure sufficiently. In this case, spreading the treatment
over multiple periods here therefore gives the same results as extra treatments but at a

lower cost.

21UAVs being systematically right is as informative to farmers as if it is systematically wrong. These
conditions are equivalent to when error rates < 0.5 and > 0.5 respectively.
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Figure 4.5: Relationship between the ratios of expected optimal profits E(x)/E(n},)
and monitoring costs Cy, /C,, when C,, is fixed at $9.88 ha=1.

The unmanned aerial systems are expected to become cheaper in near future [118, 156,
33, 35]. Figure 4.5 demonstrates how the cost of monitoring by UAVs will affect their
profitability in comparison to manual scouting. We fix the cost of manual scouting C),
at $9.88 ha~! and express the cost of remote sensing C, as its fraction. Consequently,
E(7,) is also fixed at $785.27 ha~! while E(}) changes with C,. The expected profit
declines linearly with increase in cost of monitoring. It is because the cost of monitoring
is independent of economic threshold ETj. Therefore, any change in it only causes
parallel shifts in iso-profit lines and subsequently the optimal expected profit; it does
not alter optimal threshold ET} and treatment decision I, f V k,s. With our current
assumption of C, = Cy,, E(n}) ~ E(n},). If the operating cost of UAVs became
negligible (=~ 0), farmers expected profit would rise to $840.1 ha~! which is 1.07 times
more than the optimal profit from manual scouting given its cost Cp,. Pederson et al.
[118] estimated UAV based weed scouting to be 80% as costly as conventional scouting
(€19.4 ha™1'). If this relationship holds for soybean aphids as well, then E(rx}) will
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be $796.02 ha~!. This amounts to 1.014 times F(7},) (refer to the red dotted line in
Figure 4.5).

4.7 Conclusion

Soybean farmers have significantly increased their usage of neonicotinoid and foliar in-
secticides to control soybean aphid infestation. But in the recent years, such treatments
are under dispute not only because of the growing resistance in soybean aphids but
also due to their harmful effects on pollinators. That is why soybean farmers have been
pressured to practice IPM. But many IPM practices, especially manual scouting, are ex-
tremely arduous and time consuming, thereby lowering the chances of farmers’ adopting
them. Since the advancement in remote sensing technology, researchers are exploring
UAVs as an alternative for scouting pests including soybean aphids. In this paper, we
explore how precise and cheap UAVs have to be to work as a viable scouting option for

farmers.

We develop a plant-level bioeconomic model of soybean aphid infestation and control in
a field. We analyze alternative scouting techniques which include the traditional manual
scouting as well as UAV based surveillance. Our results can be summarized as follow:
(i) When farmers treat optimally and on time, their expected profit is approximately
$785 per hectare for both scouting technologies. Yet, UAVs, on average, have greater
downside risk than when scouting manually, particularly for farmers who prefer early
precautionary treatments. UAVs are higher at risk of detecting false positives which can
make farmers perform unnecessary treatments. Conversely, delaying the spray of insec-
ticides may eventually damage the crops irreversibly, irrespective of the scouting method
adopted. (ii) Currently, remote sensing technologies can diagnose an infestation level
of 250 aphids per plant with almost 80% accuracy. We find that with a tally threshold
of 250 aphids per plant, there is not much value added in making UAVs more precise.
In fact, perfecting their accuracy at the tally threshold of 250 aphids per plant, can
only add 1% to farmers’ expected profitability than when they leave the infestation in
their fields unchecked. (iii) But, if the cost of operating UAVs was lessened, farmers will
readily adopt it as a scouting technique. A 20% reduction in its operating cost increases
its expected profitability by 1.4%. Additionally, aerial surveillance of the field helps in
identifying the hot spots and consequently treating only those areas. Selective treat-

ments will not only be more cost-effective for farmers but also environmentally beneficial.

This paper is one of the early efforts to understand the economic viability of remote
sensing technology in pest management and unfolds a plethora of research possibilities.
To adequately model the benefits of aerial surveillance, we need to look at the scope of
targeted treatments as discussed in the previous paragraph. Furthermore, the weakness
of manual scouting (i.e., relatively small sample sizes) is a strength of UAV scouting and

the weakness of UAV scouting (i.e., relatively large measurement error) is a strength
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of manual scouting. This brings us to another interesting question: Can UAV scouting

profitability complement manual scouting rather than substitute for it?
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Figure A.1.6: Transformation plots for CATPCA in Method II.
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Figure A.1.8: Component scores color coded based on total number of conservation
activities and type of conservation payment. The axes D1 and D4 are the principal
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A.2

Dependent variable:

Dummy variable for payments

Pollinator 0.576***
(0.163)
Prairie 0.412**
(0.161)
Soil —0.002
(0.157)
Water 0.188
(0.131)
Wildlife 0.220
(0.137)
log ( grogiim size ) 0.132%*
(0.046)
Two-year college/Technical /Vocational degree —0.214
(0.165)
Four-year college or more 0.025
(0.147)
Age —0.003
(0.005)
Constant —0.180
(0.451)
Observations 479
Log Likelihood -294.382
Akaike Inf. Crit. 658.764

Note: *p<0.1; **p<0.05; **p<0.01

Table A.2.1: Probit regression using dummy variable for payments as the dependent
variable.

D1 D2 D3 D4 D5
Pollinator —0.627  0.031 0232 -0.325  0.115
Prairie —0.666  0.239 —0.021  —0.043  —0.009
Soil 0.038  —0.677  —0.005  0.453  0.391
Water —0.502  —0.538 —0.298  0.083 —0.284
Wildlife —0.674  0.218  0.040 0230 —0.273
Age —0.057  0.155  0.800  0.472  0.085
Education —0.264 0.273 —-0.371 0.142 0.743
log ( grogiim size ) 0.270  —0.692 0.203  —0.211  —0.002
Payment Type —-0.401  —0.199 0341 —0.555  0.330
N —0.935  —0.287  —0.040  0.166  —0.064

Table A.2.2: Component Loadings for the first five principal components, D1 to D5,
from CATPCA in Method II.
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D1 D2 D3
Pollinator —0.622 0.181 0.667

Prarie —0.647 0.315 0.021
Soil —0.007 —0.867 0.268
Water —0.569 —0.504 —0.410
Wildlife —0.667 0.292 —0.330
N —0.971 —0.225 0.024

Table A.2.3: Component loadings from CATPCA done in Method III.

Dependent variable:

Ei(Uij) Uj
(1) (2)
Annual Payment 0.301*** 0.523***
(0.051) (0.091)
Onetime Payment 0.171** 0.386***
(0.076) (0.136)
Two-year college/Technical /Vocational degree 0.200*** 0.262**
(0.065) (0.116)
Four-year college or more 0.160*** 0.333***
(0.058) (0.103)
log ( fjofomm size ) —0.048* —0.076**
(0.018) (0.032)
Age 0.0005 0.001
(0.002) (0.004)
Constant —0.658*** —0.788**
(0.174) (0.311)
Observations 479 479
R? 0.160 0.180
Adjusted R? 0.102 0.123
Note: *p<0.1; *p<0.05; ***p<0.01

Table A.2.4: Linear Regression where different functions of -D1, the first principal com-
ponent, are used to approximate the dependent variable.
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Variables #obs Mean

1 What types of field crops were planted on this farm in 20187 What was
the average yield of these planted crops?

1. Corn 698 68.8%

Corn Yield 431 185.37

1. Soybean 698 61.9%

Soybean Yield 394 52.24

111. Sugarbeet 698 1.7%

Sugarbeet Yield 13 17.08

. Wheat 698 7.4%

Wheat Yield 49 55.51

2 Acres planted 634 448.48

3 Acres rented 617 213.80
4 Livestock on farm 656 50%

9 Male 653 90.5%

6 White 641 98.5%

Note: The unit of yield is bushels/acre except for sugarbeet which is
measured in tons per acre.

Table A.2.5: Summary statistics

Activities Mean

Please indicate which of the management practices listed below were used on any of the
farm’s field crop acres in 20187

i No or reduced tillage 0.529
ii Planted cover crops 0.232
iii ~ Planted herbicide tolerant seed 0.641
iv Planted seeds with pesticide treatment 0.453
v Rotated crops 0.719
vi Scouting for insect, weed or disease pests 0.586
vii  Soil testing to guide fertilizer application 0.627
viii ~ Spring fertilizer application 0.697
ix  Use of a post-harvest herbicide 0.102
X Use of a foliar insecticide 0.196
xi  Use of a post-emergent herbicide 0.552
xii ~ Use of a pre-emergent herbicide 0.474
xiii  Use of a soil-applied insecticide 0.078
xiv  Use of tillage to control weed 0.347

Table A.2.6: Farm management practices of farmers.
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Conservation Practices Mean

1.  What type of conservation practices do you currently participate in?
i Pollinator habitat 0.164
ii ~ Prairie wetland 0.179
iii  Soil conservation 0.587
iv. Water Quality 0.340
v Wildlife habitat 0.316
2. Have you received financial or other assistance for your conservation
activities over the past 5 years?
i Annual payment 0.331
ii ~ Onetime payment 0.092
iii ~ Technical assistance 0.077
iv. Planning assistance 0.075
3. Have you ever participated in any of the following USDA conservation
programs?
i CREP 0.066
ii ~ CRP 0.410
iii  EQIP 0.175
iv. WRP 0.040
v WHIP 0.020
vi CSP 0.002
vii ACEP 0.020

Table A.2.7: Conservation Practices of farmers.

Mean Difficulty Level

Establishment Type Preference based
Requirements A B C on the ease of use
Location Choice 2.451 2.380 2.414 -
Pre-planting 2.896 2.546 2.433 C>-B>A
Planting 2.984 2.965 2.396 C
Watering 3.505 3.697 3.364 C
Mowing 15! year 2.812 2.851 2.382 C
Mowing 2" year 2.714 2.675 2.369 C

Likert scale: “Not at all”-1,“Slightly”-2,“Somewhat”-3,“Very”-4, “Extremely”-5

Table A.2.8: Average difficulty level of requirements by the monarch habitat establish-
ment types.
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Dependent variable:

Participation in monarch Conservation

(1) (2)
$value 0.001***
(0.0002)
Paid —0.417**
(0.191)
$100 per acre —0.177
(0.204)
$250 per acre —0.490**
(0.207)
$500 per acre 0.042
(0.210)
$1000 per acre 0.331f
(0.212)
log ( groomm size___) —0.072 —0.079*
(0.045) (0.046)
Two-year col- 0.016 0.028
lege /Technical /Vocational (0.172) (0.174)
degree
Four year college or more 0.503*** 0.496***
(0.155) (0.156)
Constant —0.310 —0.259
(0.484) (0.488)
Observations 430 430
Log Likelihood -267.958 -265.476
Akaike Inf. Crit. 605.916 604.953
Note: tp<0.15; *p<0.1; **p<0.05; **p<0.01

Table A.2.9: Probit Regression with participation in the monarch conservation program
as the dependent variable.
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Dependent variable:

Participation in Monarch conservation

(1.1) (1.2)
Paid —0.420"* —0.437** —0.433" —0.463**
(0.191)  (0.192) (0.192)  (0.195)
M 0.273 0.791 0.720**  1.336***
(0.592)  (0.725) (0.360)  (0.491)
$value 0.001***  0.002** 0.001***  0.002***
(0.0002)  (0.001) (0.0002)  (0.0005)
log ( gropomm size___) —0.060  —0.057 —0.048  —0.047
(0.053)  (0.053) (0.047)  (0.047)
Two-year college/Technical/ —0.015  —0.014 —0.068  —0.052
Vocational degree (0.185)  (0.185) (0.178)  (0.178)

0.502%**  0.492***
(0.155)  (0.156)

Four year college or more

0.465%*  0.442***
(0.157)  (0.158)

IM x $value —0.001 —0.002*

(0.001) (0.001)

Constant —0.445 —0.726 —-0.507 —0.746

(0.570) (0.616) (0.498)  (0.517)

Observations 430 430 430 430
Log Likelihood -267.852 -267.056 -265.936 -264.156
Akaike Inf. Crit. 607.705 608.112 603.872 602.312
Note: *p<0.1; **p<0.05; **p<0.01

Table A.2.10: Probit regression with participation in the monarch habitat conservation
program as the dependent variable and intrinsic motivation proxies 1.1 and 1.2.
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Intrinsic Motivation Proxy

(2.1) (2.2)
Paid —0.438** —0.468"* —0.441**  —0.471**
(0.192)  (0.195) (0.193) (0.195)
IM 0.533* 0.945** 0.506™* 0.835**
(0.303)  (0.416) (0.238) (0.330)
$value 0.001***  0.001*** 0.001***  0.001***
(0.0002)  (0.0004) (0.0002)  (0.0003)
log(%) —0.0564  —0.058 —0.051 —0.054
(0.047)  (0.047) (0.047) (0.047)
Two-year college/Technical/ —0.010  —0.002 —0.014 0.001
Vocational degree (0.174)  (0.174) (0.174) (0.175)
Four year college or more 0.431***  0.414** 0.423***  0.410**
(0.161)  (0.161) (0.160) (0.160)
IM x $value —0.001" —0.001"
(0.001) (0.001)
Constant —0.242 —0.349 —0.191 —0.266
(0.486)  (0.494) (0.488) (0.493)
Observations 430 430 430 430
Log Likelihood -266.375 -265.247 -265.657 -264.558
Akaike Inf. Crit. 604.751  604.494 603.315 603.115
Note: 1p<0.20; Tp<0.15; *p<0.1; *p<0.05; **p<0.01

Table A.2.11: Probit regression with participation in the monarch habitat Conservation
program as the dependent variable and IM proxies 2.1 and 2.2.
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Intrinsic motivation proxy

IM3.1 IM3.2

Paid —0.441"  —0.462** —0.447** —0.477*
(0.192)  (0.194) (0.193)  (0.195)

M 0.618*  0.909** 0.582**  0.881**
(0.305)  (0.438) (0.250)  (0.358)

$value 0.001***  0.001** 0.001***  0.001**
(0.0002)  (0.0004) (0.0002)  (0.0005)

log (jroqiim size ) —0.061  —0.064 —0.059  —0.062

(0.046)  (0.046)
Two-year college/Technical/ —0.016 ~ —0.010
Vocational degree (0.174)  (0.174)

0.467**  0.455**
(0.157)  (0.157)

Four year college or more

IM x $value —0.001
(0.001)
Constant —0.416 —0.500

(0.490)  (0.500)

(0.046)  (0.046)
~0.039  —0.034
(0.175)  (0.175)

0.464***  0.453***
(0.157)  (0.157)
~0.001
(0.001)
—0.501 —0.611
(0.495)  (0.506)

Observations 430 430
Log Likelihood -265.851 -265.408
Akaike Inf. Crit. 603.702  604.816

430 430
-265.237 -264.559
602.475 603.118

Table A.2.12: Probit Regression with participation in the monarch habitat conservation
program as the dependent variable and IM proxies 3.1 and 3.2.
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Intrinsic Motivation Proxy

(1.1) (1.2) (2.1) (2.2) (3.1) (3.2)
M 0461 0834 —0.075  0.022 0365  0.730

(0.936)  (0.722)  (0.619)  (0.500)  (0.709)  (0.546)
Paid ~0.809  —0.876* —1.051** —0.871** —0.787** —0.621

(0.683)  (0.478)  (0.335)  (0.274)  (0.390)  (0.441)
$value 0.002**  0.002*** 0.002*** 0.001*** 0.001*** 0.001**

(0.001)  (0.001)  (0.0004) (0.0003) (0.0005) (0.001)
log(gpammsize ) _0,054 —0.044 —0.055 —0.052 —0.063 —0.062
(0.053)  (0.047)  (0.047)  (0.047)  (0.046)  (0.046)

Two-year college/

Technical / —-0.016 —-0.062 —0.034 —0.030 —0.020 —0.036
Vocational degree (0.185)  (0.179)  (0.176)  (0.176)  (0.175)  (0.176)
Four year college 0.493***  0.432*** 0.397**  0.394**  0.445***  0.447***
or more (0.156)  (0.158)  (0.161)  (0.161)  (0.157)  (0.158)
IM x Paid 0.608 0.881 1.695*  1.317**  0.859 0.268
(1.068)  (0.932)  (0.793)  (0.634)  (0.898)  (0.735)
IM x $value —0.002  —0.002** —0.002** —0.002** —0.001  —0.001
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Constant —0.518  —0.487 0.046 0.026  —0.284  —0.518

(0.719)  (0.585)  (0.527)  (0.513)  (0.547)  (0.564)

Observations 430 430 430 430 430 430
Log Likelihood -266.891 -263.697 -262.902 -262.387 -264.943 -264.492
Akaike Inf. Crit. 609.782  603.395 601.805 600.774 605.887 604.984

Note: *p<0.1; **p<0.05; **p<0.01

Table A.2.13: Effect of interaction between IM proxy and getting paid on the probability
of participation in the monarch conservation program.
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B.1

Figure B.1.1: Probability of infection.

Parameter Value Reference
Scouting Costs Cl. $8.68/Acre  [128, 127]*
Cost of Curative Fungicide C, $17.86/Acre K
Cost of Preventative Fungicide treatment C), $33.15/Acre K
Yield loss with no treatment A, 25% ”
Yield loss with Curative Fungicide treatment A, ™% ”
Discount Factor 0 0.94 7

L1C4e, C.. and C) reported here are inflation adjusted.

Table B.1.1: Baseline parameters for the farmer decision model.

(a) (b)

Figure B.1.2: (a) Soybean acreage and (b) yield (bu/acre) in 2014.
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Observation

Total

Variable Average Standard Devn  Max  Min .
level observations

Price ($/bu) State 10.096 0.356 11 9.37 1360

Yield (bu/acre) County 45.664 9.365 69.2 18.2 1360

Acreage

(000 acres) County 49.275 50.454 473.33 0.3 1360

Prior County 0.096 0.21 0.99 0 1360

Table B.1.2: Summary Statistics
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B.2

Let 7 be defined as the occurrence of infection in the field and the probability of infection

(i = 1) is ¢/. Similarly, j denotes infection in the sentinel plot, and ¢* the probability

that j=1. Hence

)

) = ¢
Var(i) = ¢/(1—¢/)

) = ¢°(1—¢)

) = ou

Therefore, correlation p can be expressed as

Couv(i, j)
Var(i)Var(j)
_ E@j) - EGE()
Var(i)Var(j)
P11 — ¢°¢f
Vs (1 — )6l (1 - ¢7)
= b = @' +py e (- ¢)0l (1 - )

Also,
o1+ b0 = ¢
é11+ o1 = ¢°
¢o0 + P11+ d10 + P01 = L

Using the above equations, we get:

o1 = (1— )" —py[ol (1 - 65)ee(1 - ¢°)
b = ¢(1— %) — py/dl (1 - 9N)g*(1 — )

b0 = (1—¢N)(1—¢°) +p\/ol (1 - 51— ).
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C.1

Variable Transition rule References
1. Nymphs N/ = AN{_[1(G = w)p(j = wlt, i)
G = @)1 —pi = wltd)]  (44),(47)
2. Total Adults N* = N7*(1 - E?)+ 3, EF'N
i. Indigenous Adults N/* = (1 —6F_|)N}7% (4.4)
ii. Emigrants NtijaEZj (4.5)
iii. Immigrants S, EFNT (4.5), (4.6)

3. Total aphid j

4. Total aphids

N/ = NJ% + NJ°

N} = Nj¥ + Nj»

Table C.1.1: Transition rules for the state variables of a cell 7 at time ¢.

! Superscripts {i, 7,1} in Ntijl represent host cell location, morph and age group
respectively. Therefore, i € {1,2,..M1 Mz}, j € {w,w} and | € {a,a}.

2I(j = w) is an indicator variable which equals 1 if j = w and 0 otherwise. On
the other hand, I(j =w) =1—I(j = w).
3 Superscripts {i, 7, h} on variable Efj " denote host cell 1, morph j and destination
cell h respectively. Cell h is within the neighborhood of cell ¢ using Equation 4.6.
Therefore, in 2(iii) and (iv), i € N'(j|z) Vj and i # 2.

1200

1000

800

Z 600

400

200

Figure C.1.1: Population N; as a function of ¢ when Np,u ~ N(1000,100), Traz ~
N(36.29,0.42) and b ~ N(0.228,0.23).
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P(Type II Error)

P(Type I Error) 0 0.1 0.2 0.3 0.4 0.5

0 16 16 16 16 16 1.6
0.1 16 16 16 16 16 1.6
0.2 16 16 16 16 16 1.7
0.3 16 16 16 16 16 2.1
0.4 16 16 16 1.7 22 64
0.5 16 16 1.7 21 64 6.2

Table C.1.2: Percentage yield loss as a function of the probabilities of type 1 and 2 error.

Parameter Symbol  Value/Functional form  Reference
Maximum days tmaz 50 [111]
Rows & columns in field My & Mo 10 Assumption
Price of soybean ($/ton) P 220.46 [122]
Potential Output (ton/ha) Yp 4.04 [122]
Cost of monitoring ($/ha) c* 9.88V k=m,u [74]
Treatment Cost ($/ha) Cr 35.82 [74]
a1 4 [122]
. . a9 10 Assumption
Yield loss function parameters { as 0.00013 .,
oy 6 7
Efficacy of Insecticide 0 0.99 [157]
Plants sampled during
manual scouting 20 [111]
Mean of aphid count at t=0 m 5 Assumption
Variance of aphid count at t=0 v 9.152 x m!543 [63]
Nmazx 1,000+100 [82]
Birth and Death rate parameters{ Trax 36.29+0.42 ?
b 0.22840.23 K
Radius of neighborhood of alates 0.5km [158]
Radius of neighborhood of aptera 10 inches Assumption
Probability that alate migrates
at time ¢ Ew 0.04V i [32]
Tally threshold of UAV 1) 250 aphids per plant [98]

Table C.1.3: Parameters and their values.
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P(Type II Error)

P(Type I Error) 0 0.1 0.2 0.3 0.4 0.5 Average
0 785.18 785.18 785.18 785.18 785.18 785.23 785.19
0.1 785.18 785.18 785.18 785.18 785.23 785.19 785.19
0.2 785.18 785.18 785.18 785.18 784.98 784.59 785.05
0.3 785.18 785.18 785.18 785.18 784.85 781.18  784.46
0.4 785.18 785.18 784.87 784.01 780.71 777.55 782.92
0.5 785.18 784.97 784.35 781.71 777.96 778.15  782.05

Average 785.18 785.15 784.99 784.41 783.15 781.98 784.14

Table C.1.4: Optimal expected profit from UAV based scouting, (7)), as a function of
the probabilities of Type 1 and 2 error in $ per hectare.
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C.2

To estimate {u,0}, we use the mean m and variance v of Ny. {u,o} are related to

{m, v} in the following way [93]:

2

= log ("12> (282)

v+m
v

o=4/log( (28b)

m? + 1)
In order to calculate v, Taylor’s power law is used. Taylor’s power law relates the
variance of the number of individuals of a species per unit area of habitat to the corre-
sponding mean by a power law relationship. Hodgson et al. (2004, [63]) estimate the
parameters of Taylor’s power law equation for soybean aphid. Using their estimates, we
know that

v =9.15 x m'?%, (29)

We estimate {u, o} using equations (28a), (28b) and (29).Note that for ¢ > 0, m? +1 >
9.5m!® using (28a), (28b) and Taylor’s law.
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