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ABSTRACT

THE NEXUS OF GOVERNMENT RISK MANAGEMENT SUBSIDIES, RATES OF

TECHNOLOGICAL CHANGE, YIELD RESILIENCY, AND ON-FARM CLIMATE

CHANGE ADAPTATION

Livia Sente Advisor: Alan P. Ker

University of Guelph, August 2021 Professor Alan Ker

The extent to which production agriculture adopts technologies that mitigate the impacts of

climate change on crop yields will impact our ability to feed nine billion people by the year

2050. For many risk-averse farmers in developed countries, government business risk man-

agement programs help manage yield risks under a changing climate. I use a neural network to

predict average county corn yields for Ontario and Iowa over the years 2022-2084 under var-

ious climate change scenarios. I also estimate rates of technological change, yield resiliency,

and crop insurance premium rates in these predicted yield distributions using a normal mix-

ture model. In both Ontario and Iowa, predicted yield distributions shift rightward and exhibit

component divergence over time across climate scenarios. Strictly positive rates of techno-

logical change and variable Ontario county AgriInsurance premium rates suggest that funding

AgriInsurance into the future may require a larger share of taxpayer dollars.
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Chapter 1 Introduction

1.1 Agricultural Risk Management in Canada

The Canadian government spends billions of dollars of public monies on agricultural business

risk management (BRM) programs annually to help producers manage year to year yield risk

and volatility (AAFC, 2020; Ker et al., 2017). Having said that, gross tax revenue put toward

agricultural producer supports in Canada has, in fact, decreased significantly over the past 35

years, as shown in Figure 1.1.

Figure 1.1: Producer Support Estimates (PSE) for Canada, as percentage of gross farm re-
ceipts (Organisation for Economic Co-Operation and Development, 2020).

Figure 1.2 shows the same producer support estimates from Figure 1.1 over the years

2008-2019 as a proportion of the country’s total government expenses in each respective year.

1



Figure 1.2: Canadian agricultural producer support estimates as percentage of total gov-
ernment expenses (Organisation for Economic Co-Operation and Development,
2020; Statistics Canada, 2020a).

Despite the nation’s decreasing level of spending on BRM programs, these programs are

still economically significant. The Canadian agriculture sector is export-based (Canadian

Agri-Food Trade Alliance, 2020), and it contributes significantly to global commodity mar-

kets. The sector also employs 12.5% of the national population (Agriculture and Agri-Food

Canada, 2017).

Consequently, the increased levels of weather volatility associated with climate change

emphasize the importance of effective BRM programming because of the impact these pro-

grams have on managing farm-level risks of agricultural production. The goal of subsidized

government BRM programs is to help farmers manage year to year yield risk and volatility, but

some see its primary objective as facilitating monetary transfers to producers. In this thesis,

my objective is to predict the extent to which future climate change scenarios affect Ontario

county level yields and risk, as captured by crop insurance premium rates. Increasing crop
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insurance premium rates over time and across climate scenarios would suggest that a greater

portion of taxpayer dollars will be required to fund today’s AgriInsurance programs into the

future and vice versa. Today, these taxpayer-funded crop insurance premium subsidies usually

cover around 60% of the premium (Ker et al., 2017).

1.2 Relevance of Agricultural Risk Management to Climate

Change Adaptation

Future food consumption will mirror the growing global population, which is expected to

reach nine billion by 2050 (Massawe et al., 2016; McKenzie and Williams, 2015; Wilson &

Lovell, 2016). Achieving this future level of equilibrium global food supply, however, is ex-

pected to become more challenging as climate change imposes additional risks on agricultural

producers. Because Canada is a large commodity exporter (Canadian Agri-Food Trade Al-

liance, 2020), our future production will be dependent on business risk management (BRM)

programs as well as sustainable growth and innovation under a changing climate (Agriculture

and Agri-Food Canada, 2020). Key aspects of the nexus of climate change, business risk man-

agement programs, yield resiliency, and technological change are discussed in the remainder

of this section.

The Intergovernmental Panel on Climate Change defines climate change as a statistically

identifiable change in the mean, variance, or both of these measures of climate properties,

and thus the state of the climate over a number of decades or more (Intergovernmental Panel

on Climate Change, 2018). Causes of climate variability include natural internal processes,

external processes (e.g., solar cycle changes), and anthropogenic1 activities that alter the com-

position of the atmosphere (Intergovernmental Panel on Climate Change, 2018).

Of the numerous weather phenomena attributable to a changing climate, frequent and in-
1The word anthropogenic is usually used in the context of environmental pollution, and it refers to pollution

that originates from human activities (Merriam-Webster.com, 2021).
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tense droughts have been identified as one of the largest threats to crop production (Martinez-

Feria & Basso, 2020) in tropic, subtropic, and some temperate latitudinal zones as far north as

the Corn Belt in the mid-western United States (U.S.) (Ting et al., 2019). Should such weather

phenomenon occur, we may be led to believe that Iowa counties’ crop insurance premium rates

would increase as a result of increased yield risk from drought exposure in contrast to Ontario.

In more northern production regions, such as Ontario, the anticipated increase in average tem-

peratures will likely lengthen what have historically been fairly short, cool growing seasons

(Cabas et al., 2010; Dinar et al., 2012). This type of climatic change would suggest that On-

tario’s crop insurance premium rates would decrease, for longer growing seasons and warmer

temperatures are positively correlated with crop yields.

While average growing season temperatures are expected to change differently around the

world, increased weather variability is anticipated everywhere (The Centre for Research on the

Epidemiology of Disasters et al., 2020; U.S. Global Change Research Program, 2018). Be it in

the form of frequent extreme weather events or increased pest and disease outbreaks due to the

aforementioned, adapting to increased weather volatility is one of the main obstacles facing

agricultural producers in the coming decades (Lobell et al., 2013; Powell & Reinhard, 2016).

Increased seasonal weather volatility has the potential to raise year to year yield volatility,

which would in turn be expected to increase insurance premium rates and subsidies.

Technologies that improve crop yield resiliency to weather volatility appear to be a part of

the solution to meeting future food demand. Over at least the past 50 years or so, this has been

found to be the case. Chemeris and Ker (2019) and Goodwin and Piggott (2018) state that

seed breeding and genetic modification technologies have historically been able to dominate

the impacts of climate change on crop yields. However, since future climate and weather are

expected to differ from those observed historically, we cannot conclude that this finding will

hold into the remainder of the twenty first century.

To further complicate the relationships between climate, yield, technological change, and

4



BRM programs, a number of technologies in production agriculture constitute anthropogenic

activities that alter atmospheric composition and contribute to climate change. Vergé et al.

(2007), Tubiello et al. (2013), and Frank et al. (2017), among many others, find that many

technologies in agriculture have contributed significantly to atmospheric carbon dioxide emis-

sions and other forms of environmental degradation. Thus, producers— and the governments

that support them— should weigh the environmental and economic impacts of technologies

when it comes to accelerating climate change and the BRM program subsidies allocated to

cover additional risks it brings about.

Taken together, it is obvious that there is no single technological solution that will ensure

both economic and environmental sustainability in the agricultural sector. Further innovation

is required to tailor technologies to local environmental, societal, and economic needs (Crane-

Droesch et al., 2019). This is especially true given that, for the past 60 years, there is little

evidence of U.S. producer-level adaptation to climate change (Burke & Emerick, 2016). Until

producers are able to adopt the right combination of on-farm climate mitigation strategies for

their region, they can continue to expect shortfalls in technological performance due to risks

beyond their control.

In 2014, Di Falco et al. find that some technologies, namely crop diversification, are, to an

extent, substitutable for financial crop insurance under climate uncertainty. Since technology

can only alter the expected value and variance of yields to a certain degree, thereby making

technology only somewhat substitutable for crop insurance, governments have the option of

making crop insurance available to producers. Such government risk management programs

are often heavily subsidized— especially in developed countries— in order to promote partic-

ipation therein (Ker et al., 2017). Chemeris and Ker (2019) and Annan and Schlenker (2015)

find that high crop insurance subsidies incentivize moral hazard. In this case, moral hazard

would include producer behaviour that changes the likelihood of a loss in crop yield subse-

quent to buying an insurance contract, without the insurer’s knowledge (Ker et al., 2017). For

5



example, if a producer uses less of an expensive input for production than contractually agreed

upon, the insurer will have under priced the contract (Quiggin et al., 1993; Smith & Goodwin,

1996; Ker et al., 2017).

These recent studies and the handful of other similar ones in existence only examine the

nexus of some of these topics in the context of U.S. commodity crops. These findings are

not directly applicable to Canada because of differences in climate, seed varieties, and other

characteristics of the production environment. In studying the province of Ontario and the

state of Iowa, my thesis aims to contribute to furthering knowledge in these areas within the

Canadian context for economically significant producers of a major agricultural commodity.

1.3 The Nexus of BRM, Yield Resiliency, Technological

Change, and On-Farm Adaptation in Ontario

Examining future corn yields and premium rates for trends over time allows me to address the

central research questions of this thesis: how might climate change impact future crop yields,

and will it take a greater share of taxpayer dollars to fund the crop insurance programs that

help producers manage financial risks into the future? Increasing rates of technological change

and decreasing crop insurance premium rates with the intensification of climate change would

suggest that current BRM programs can help ensure that future corn production in Ontario

does not fall below today’s levels— without requiring a greater share of taxpayer dollars to

fund subsidized government risk management programs.

To accomplish my research objective, I begin by modelling the relationships between his-

torical county level weather and crop yields using two separate neural networks: one for

Ontario and one for Iowa. I then use these fitted networks to predict crop yields out of sam-

ple under different climate change scenarios over the years 2022-2084. Finally, I fit a normal

mixture model to the predicted yield distributions for Ontario and Iowa, separately, and use

6



these mixture models’ parameters to recover county-level rates of technological change, yield

resiliency, and crop insurance premium rates associated with these predicted yield distribu-

tions.

1.4 Using Artificial Intelligence to Predict Future Crop

Yields in Ontario

If we recall the objective of this thesis, we find that it is not necessary to employ a causal

inference model and the methodological rigour it demands in order to predict future crop

yield magnitudes and risk under various climate change scenarios. As such, a larger variety

of methodological options becomes available to us for the prediction of crop yields out of

sample (i.e., in the future, in the case of this thesis). One type of modelling that is effective in

prediction problems is artificial neural networks (hereinafter referred to as neural networks),

which are a form of artificial intelligence. The advantages of this methodology align well with

the main objective of this thesis, and its primary limitations do not hinder us from addressing

the main research question at hand.

Neural networks operate on the same basis as standard regression models. They minimize

a loss (i.e., maximize a criterion) in order to find a set of unknown parameters. In its simplest

form, a neural network is essentially a series of nested regression equations, with the output

of the first being the input to the second and so on.

The main strength of neural networks is attributable to the same characteristic that endows

them with their primary disadvantage. The central benefit of using neural networks instead of

regression models for prediction problems is the former’s relatively higher predictive accuracy

out of sample. In the context of future crop yield prediction, the increased level of accuracy is

marginal compared to an ordinary least squares regression model (Crane-Droesch et al., 2019).

However, in other types of prediction problems where the data are non linear, neural network
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models are able to predict more accurately out of sample than causal inference regression

models. This improvement in predictive accuracy is attributable to the fact that the former

does not require the same rigorous methodological procedures as do causal inference models

(e.g., using instrumental variables, fixed effects, and other techniques to address endogeneity),

which are necessary in order to ascertain causality. Consequently, neural networks are adept

at detecting underlying patterns in the data and accurately extrapolating them into future time

periods for prediction problems.

To provide an intuitive example of how a neural network operates in the context of crop

yield estimation, let us consider the following scenario. Three consecutive weeks’ worth of

very little precipitation paired with maximum daily temperatures above 30 degrees Celcius

would be interpreted as a drought in a neural network, instead of a random draw of coinciden-

tally identical independent variables in a statistical inference model. With consideration of the

former, yield predictions can be made more accurate.

To reiterate, the ultimate objective of this thesis does not follow the tradition of ascertain-

ing causality found in much of the agricultural economics literature. The fundamentals of the

methodology employed herein do not permit such conclusions as easily as do causal inference

models. Rather, this research predicts future crop yields and the associated crop insurance

premium rates for corn producers in Ontario under various climate change scenarios.

The chapters outstanding proceed per the following. In Chapter 2, I condense relevant find-

ings in the climate change, crop resiliency, technological change, and crop insurance areas of

the agricultural economics literature. Chapter 2 concludes with a comparison of the strengths

and weaknesses of artificial intelligence-based models for predicting crop yields in the context

of my research question. I describe the data used, as well as the empirical method I employed

in Chapter 3. Chapter 4 contains the results of my analyses, and I elaborate on the economic

and econometric consequences of these findings in Chapter 5. Finally, the highlights of this re-

search are presented in Chapter 6, along with concluding remarks on the potential implications
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of this thesis’ findings as well as suggested areas of future work.

9



Chapter 2 Literature Review

2.1 Climate Change and Crop Yields

Climate and weather differ in the fact that the former is a long term phenomenon (Kolstad &

Moore, 2019) that takes years to change (Kolstad & Moore, 2019). We can think of climate as

a probability distribution for a given region, and climate change as shifts in this distribution’s

shape or location over time. Weather, on the other hand, is a short term phenomenon and can

be considered as a sample in time from this distribution, which can vary drastically from day

to day (Kolstad & Moore, 2019).

Global climate has changed and become warmer as a result of anthropogenic activity over

the last half century (Rosenzweig et al., 2008; Zwiers & Hegerl, 2008). Due to the direct

dependence of crop yields on weather— and thus on the climate distribution from which

weather is ‘drawn’— agriculture will be among the most directly impacted sectors worldwide,

should the climate continue to change (Smit & Cai, 1996; Adams et al., 1998; Dinar et al.,

2012; Schlenker & Roberts, 2009; J.R. et al., 2013; Uleberg et al., 2013; Crane-Droesch,

2018). Literature on climate change and crop yields identifies numerous causal relationships

between weather and crop yields.

D’Agostino and Schlenker (2016) find that extremely hot temperatures negatively impact

crop yields. Defined as an average daily temperature above 29 degrees Celsius (Butler & Huy-

bers, 2013), high degree days (HDD) are an important predictor of crop yields. Though some

argue that statistically significant plant damage only occurs at thresholds far higher than 29

degrees Celsius (Crafts-Brandner & Salvucci, 2002), it is generally accepted that temperatures

above 29 degrees Celcius do not support plant health (Evans, 1993/1996, pp. 17-18) or growth

(Yan & Hunt, 1999).
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Conversely, days with average temperatures between 10 and 29 degrees Celsius are termed,

“Growing Degree Days” (GDD) (McMaster & Wilhelm, 1997; Butler & Huybers, 2013). As

the name suggests, this temperature range supports crop development. A number of other im-

portant factors also impact crop growth. Upon reviewing 211 modelling studies that simulated

crop growth around the world, the main criticism of Lobell (2014) is, precisely, that many

of these other important factors are insufficiently represented in previous work. Chief among

these factors are moisture and heat stress. Therefore, studies subsequent to Lobell (2014) in-

corporate or econometrically address these variables. I attempt to capture these factors in my

thesis with the use of growing degree days (GDD), high degree days (HDD), vapour pres-

sure deficit (VPD), precipitation (PCP), and PCP and VPD for only July and August in my

econometric model.

Though a globally ubiquitous phenomenon, climate change will have regionally heteroge-

neous impacts on weather and crop production. In North America, climate and crop scientists

predict significant negative impacts to crop production in the U.S. Corn Belt (Phillips et al.,

1996; Ort & Long, 2014; Bhattarai et al., 2017), comprised of Illinois, Indiana, Iowa, Min-

nesota, Nebraska, Ohio, South Dakota, and Wisconsin. Aptly named, the Corn Belt was

responsible for planting and harvesting corn for all purposes on 29.6% of the U.S.’ 302.365

million acres used in principal crop production in 2019 (National Agricultural Statistics Ser-

vice, 2020a & 2020b). Iowa alone farmed more of this corn than any other state, harvesting

13.5 million acres of the latter amount in 2019 (National Agricultural Statistics Service, 2020a

& 2020b). In the same year, corn was the highest acreage crop (Capehart & Proper, 2019) with

89.7 million acres dedicated to its production (National Agricultural Statistics Service, 2020a

& 2020b).

On the other hand, temperate and polar agricultural regions from Ontario, Canada and

northward are expected to experience economic benefits from warmer, lengthened growing

seasons in the future (Cabas et al. 2010; Dinar et al., 2012; Ting et al., 2019). The province
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of Ontario is a primary producer of a number of economically significant field crops. Corn for

grain was the third largest principal field crop by production mass in 2020, after all varieties

of wheat combined and canola (Statistics Canada, 2020b). Ontario produced 65.44% of the

nation’s corn for grain in 2020, with provincial production totalling 8.9 million metric tonnes

(Statistics Canada, 2020b).

In predicting future Iowa and Ontario corn yields, this thesis contrasts the potentially dif-

ferent impacts of climate change on yields for an economically significant commodity crop

across latitudes in the northern hemisphere. To the best of my knowledge, this thesis is also

the first to address my main research objective— predicting the impacts of climate change

on crop yields and risk— within this Canadian province. I also consider measures of yield

resiliency and rates of technological change in my analysis, which are not discussed well or at

all in previous work in this area.

2.2 Yield Resiliency and Technological Change

Field crops require sufficient amounts of heat, precipitation, and other weather variables

throughout the growing season. Climate change is expected to bring about increased weather

volatility (U.S. Global Change Research Program, 2018; The Centre for Research on the Epi-

demiology of Disasters et al., 2020). Droughts, floods, and natural disasters are anticipated to

occur not only with increased frequency, but over longer periods of time (U.S. Global Change

Research Program, 2018). These events— not to mention the pests and diseases that thrive un-

der such conditions— will test crops’ resiliency to inconsistent weather patterns. In response

to this threat, many advancements in agronomy, genomics, and other technologies have been

developed.

Substantial focus has been directed toward increasing crops’ tolerance to drought. Drought

is perceived to be among the most significant threats of climate change to agriculture
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(Martinez-Feria & Basso, 2020). Technological advancements, such as genetic modifica-

tion and irrigation systems, can help producers contend with the water stress associated with

drought.

Another means to increasing, or at least maintaining, current levels of crop production is

to convert non-agricultural land into production. However, doing so also has negative impli-

cations. Approximately 6.4% and 39.7% of land in Canada and the U.S., respectively, are

dedicated to agriculture (Statistics Canada, 2016; Statistics Canada, 2011; National Agricul-

tural Statistics Service, 2020b; U.S. Census Bureau, 2010). Increasing the amount of land

in agriculture may not always be feasible or desirable, given urban development, policy, and

other political economy objectives. Therefore, technological advancements that capitalize on

the advantages and minimize the weaknesses of agronomic defences are critical to increasing

crop production on the land that is currently dedicated to agriculture. One such advancement

is genetically modified seeds.

Genetic modification of seed can be defined as manipulating plants’ genetic material in

order to promote certain outcomes (Byrne, 2014). Sharing the same objective of the selective

seed breeding practices that came before it, genetic engineering can develop crop traits such as

insect resistance, drought tolerance, virus resistance, and herbicide tolerance (Byrne, 2014).

By acreage, corn for grain and soybeans are among the top genetically modified crops grown

in both Canada and U.S. (Canadian Biotechnology Action Network, 2015; Byrne, 2014).

In 2019, Chemeris and Ker establish that in the U.S., genetic advancements dominated

the impacts of climate change on crop yields over the past few decades. Goodwin and Pig-

gott (2018) find that the yield of biotechnology hybrid corn varieties in the U.S. have been

historically higher than that of conventional seed under conditions of increased drought and

water stress. However, others have reason to believe that these genetic advancements have

not reached their fullest potential, especially given the fact that future seed technologies and

climate scenarios are unknown.
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Warschefsky et al. (2014) state that genomics has yet to meaningfully tap into the re-

silience traits of wild plant varieties. These types of plants naturally possess more of the

qualities of interest to a greater degree than their domestic counterparts. To go on, a number

of subsequent studies have found that production technologies derived from characteristics of

natural environments, such as crop diversification, can improve yield resiliency (Lin, 2011)

and create positive environmental externalities, including the reduction of biodiversity loss in

surrounding ecosystems (Gomera & Mabaya, 2018).

In light of the mixed findings discussed above, we might not be surprised to find that levels

of on-farm adaptation to climate change have been fairly constant over the past 60 years (Burke

& Emerick, 2016). While a number of technologies reduce yield risk and the probability of

loss, no single technology or combination of technologies is perfect. We may thus deduce

that risk-averse producers will continue to depend on crop insurance programs in order to deal

with yield losses that result from sub-optimal technological performance under a changing

climate. This reasoning reinforces the importance of considering technological change, yield

resiliency, and crop insurance premium rates in my analysis in order to fulfil the objective of

my thesis: predicting the impact of climate change on future yields and production risk.

2.3 Crop Insurance Programs

The government’s decision to offer subsidized agricultural risk management programs is not

motivated by a strong business case, but rather by political economy and other considera-

tions that are beyond the scope of this thesis. In addition, the literature’s overall evaluation

of business risk management programs (BRM) as a means to encouraging environmentally

sustainable production practices is pessimistic. I revisit this issue in more detail in Chapter

5. For now, it will suffice to state that implementing even small BRM policy changes that are

geared towards encouraging environmental sustainability are liable to bring about relatively
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high economic costs of adaptation to producers.

In the following paragraphs, I outline the core goal and design of Canada’s suite of BRM

programs, as well as the Federal Crop Insurance Program that parallels it in the U.S.. I con-

clude this subsection with a discussion of how findings from this literature are related to my

thesis objective and the other topic areas discussed earlier in this literature review.

A fundamental objective of business risk management programs is to help agricultural

producers manage yield risk and volatility. In Canada, the agricultural BRM suite of pro-

grams consists of four pillars: AgriRecovery, AgriInvest, AgriStability, and AgriInsurance.

Certain natural disasters trigger ad-hoc aid payments to producers enrolled in AgriRecovery,

while AgriInvest allows producers to deposit and earn market interest rates on funds they con-

tribute to a savings account held at non-governmental financial institutions (Agriculture and

Agri-Food Canada, 2019). These contributions are matched by the government to the lesser

of $10,000 or one percent of net allowable sales (Agriculture and Agri-Food Canada, 2019).

AgriStability is insurance on producer’s net margin, i.e., the difference between permitted rev-

enues and expenses (Slade, 2019). Finally, AgriInsurance insures a percentage of crop-specific

historic yield (Slade, 2019). The government covers administrative expenses associated with

the program as well as 60% of the premium amount, and producers pay the remaining 40%

(Slade, 2019).

In the U.S., multi peril crop insurance is made available to producers through the Fed-

eral Crop Insurance Program (FCIP). The FCIP is financed by the Federal Crop Insurance

Corporation (Rosch, 2021). Overseen— but not sold or administered— by the United States

Department of Agriculture, the FCIP is designed to help producers manage financial risks as-

sociated with commodity market and agricultural production conditions. One of the policies

available through the FCIP is called Yield Protection (YP). Losses from falls in commodity

market prices, extreme weather (e.g., floods and droughts), wildlife, disease, and pest damage,

and natural disasters (e.g., fire) (Rosch, 2021) are covered under this policy. The YP policy
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only insures annual field crop commodities (e.g., corn) for falls in commodity market prices

in each growing season, whereas other commodities, such as livestock and perennial crops

(e.g., fruit trees), can be insured for their incremental benefit (i.e., revenue from minus cost

of producing a unit of output) or full cost of replacement (Rosch, 2021). I choose to look at

commodity crop insurance programs (i.e., AgriInsurance in Ontario and YP in Iowa) in my

thesis because this particular type of subsidized government BRM programming has strong

levels of participation (Ker et al., 2017). As a result, it helps prevent supply-side fluctuations

throughout domestic and export agricultural commodity markets (Rosch, 2021).

Di Falco et al. (2014) show that crop diversification is, to a degree, substitutable for finan-

cial crop insurance under climate uncertainty. In 2015, Annan and Schlenker evidence that

uninsured areas are, to some extent, less sensitive to extreme heat than insured regions. These

findings imply that technological and plant adaptation are imperfect means to helping reduce

financial risks for producers. Whether BRM programs help producers effectively manage

these risks or simply compensate them financially when losses occur is a question of politi-

cal economy and policy. Assuming that the former is the objective of BRM programs, their

continued existence is justified for the risk-averse producer in the face of a changing climate.

For this reason, and the political ’stickiness’ of BRM programs (Ker, 2020), I estimate crop

insurance premium rates for predicted corn yield distributions over the years 2022-2084 as a

way to capture changes in risk with the intensification of climate change.

2.4 Using Neural Networks to Model Crop Yields

In order to predict the impact of various climate change scenarios on future crop yield mag-

nitudes and risk, I choose to build off Crane-Droesch et al.’s (2019) use of an artificial neural

network to predict crop yields by adding a normal mixture model fitted to predicted corn

yields. The sequence of an artificial neural network followed by a normal mixture model is
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referred to as a Mixture Density Network (MDN) (Bishop, 1994) in literature. An MDN is

a type of machine learning model under the umbrella of artificial intelligence. It is critically

important to note that each half of an MDN is implemented separately. First, the artificial

neural network finds relationships between historical crop yield and weather data. Using the

parameters from the fully fitted neural network, crop yields are predicted out of sample using

projected climate data for the years 2022-2084. The mixture model is then fitted to these pre-

dicted yield distributions— not the historical yield data to which the neural network is initially

fitted, as the name, “Mixture Density Network” suggests. To the best of my knowledge, this

thesis is the first to use these models in studying the nexus of government BRM programs,

technological change, yield resiliency, and subsidized crop insurance.

In this section, we first look at each half of an MDN in order— (i) a neural network and (ii)

a normal mixture model in the context of crop science and agronomic literature— separately.

Then, we examine the motivation behind Bishop’s (1994) claim to combine these two models.

I follow, and take from, the approach of Marsland (2014/2015), Goodfellow (2017), and Selby

(2018) to explaining neural networks for the remainder of this subsection.

Rosenblatt (1958) was the first to formalize the the modern neural network. His idea came

out of a culmination of advancements in digital computers as well as neuroscience at the time,

particularly the work of Turing (1937) as well as McCulloch and Pitts (1943). It has since been

determined, however, that the human brain does not work in the exact same way as artificial

neural networks (Waldrop, 2019; Dickson, 2020) and that the latter is not anthropomorphic2

(Watson, 2019). Regardless, the name remains unchanged.

Since 1958, the area of computer science has become heavily entrenched in practice, not

theory. As such, many of the advancements and findings throughout this literature are either

broadly applicable to all or nearly all neural networks or only to one very specific variant

thereof. For these reasons, I take the remainder of this subsection to holistically compile key
2Anthropomorphic is defined as a non-human entity that has the qualities or appearance of a human (Merriam-

Webster.com, 2021).
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elements from this field in a way that brings the reader up to speed on the intuition that has

continued to underpin all types of neural networks since their infancy in the late 1950s. I leave

the specific advancements that are relevant to the particular type of neural network I use to the

methodology chapter and Appendix A, where I describe the specific parameters I use in the

neural networks employed in this thesis.

The intuition behind neural networks is to identify patterns (i.e., interactions and asso-

ciations) within the input data and to correlate these patterns with certain outcomes (Crane-

Droesch, 2018). On its own, each individual input data point has little to no correlation with

the others or any given output variable (Bengio et al., 2013). But— when examined in ag-

gregate— many of these individual input data points are associated with one another as being

part of the same pattern, and these relationships can be used to accurately predict the output

variable of interest (Bengio et al., 2013). The crop yields I predict in this thesis are non-zero

continuous variables. That said, it is easiest to initially understand this abstraction process

through a visual classification-type example with a discrete variable dataset per Figure 2.1 and

the following two paragraphs.

Figure 2.1: A simplified example of the order in which a neural network may go about the
abstraction process, i.e., detecting patterns across individually unrelated pixels,
during image classification.

The colour 2 1 ... N, where N 2 Z+, of each individual pixel in Figure 2.1(a) is unrelated
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to that of any other in this photograph. What does relate all the pixels and renders them non

random from a machine learning perspective (Breiman, 2001) is the fact that when observed

together as forming a striped pattern (Figure 2.1(b)) within a particular shape (i.e., the outline

of an equine body (Figure 2.1(c)), they form the image of a zebra (Figure 2.1(d)). The vast

majority of machine learning models do not concern themselves with how or why certain pixels

together form the image of a zebra. These would be questions more along the lines of what a

statistical inference model would address. Machine learning models are intended to pick up

on aggregate patterns, like the stripes and body shape in this Zebra example, when analyzing

the pixel colours over a large collection of different zebra photographs.

Furthermore, it is always a human being who is responsible for initially selecting the algo-

rithm’s hyper parameters in a way that maximizes the likelihood that the algorithm consistently

weighs the most telling of these aggregate patterns (e.g., a zebra’s stripes) the heaviest in order

to accurately ’predict’ or classify the animal or object formed by pixels in a photograph. It

takes many iterations to the hyper parameters and exposure to many different photos of a zebra

versus other animals to accurately identify and process the most telling patterns in the input

data.

Fortunately, the exact same abstraction process outlined above for a classification-type

problem is identical to what happens during regression-type prediction problems. Replacing

pixels in a photograph with daily county weather data over time and zebra stripes with weather

phenomena such as droughts and heavy rain periods, we can create a regression-type neural

network to pick up on weather patterns that have the greatest impact on crop yields (Nigrin,

1993; Crane-Droesch, 2018; Marsland, 2014/2015). The ability of neural networks to pick

up on subtle patterns within the data also helps us account for confounding variables in crop

yield estimation, such as soil moisture and quality (D’Agostino and Schlenker, 2016) as well

as moisture and heat stress (Lobell, 2014). For these reasons, I choose to use an algorithmic

model to predict future crop yields in my thesis.
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Despite the benefits of algorithmic modelling, Crane-Droesch et al. (2019)— the authors

of the first published study most similar to this thesis— find only minimal improvement in

predictive accuracy of a semi-parametric feed forward neural network over an ordinary least

squares regression yield model in predicting commodity crop yields. Figure 2.2 is taken from

Crane-Droesch et al. (2019), which considers the central question of my thesis in the context

of corn, soybean, and winter wheat production in the U.S.. The areas shaded in a gradient

of light gray to orange in Figure 2.2 indicate that the authors’ algorithmic model was more

accurate than an ordinary least squares regression model by zero to five bushels per acre in

those regions.

Figure 2.2: Improvement in predictive ability of algorithmic over econometric yield mod-
elling.

Five bushels per acre equates to 2.9% of the 10 year provincial corn yield average in On-

tario (Agricorp, 2021) and 2.7% in Iowa (as of 2020) (Iowa State University Extension and

Outreach, 2021). Crane-Droesch et al. (2019) made use of rich weather simulation data and

the many sophisticated models available through the United States Department of Agricul-

ture. Given this fairly small improvement in predictive accuracy, however, one may question

whether it is worth modelling yields algorithmically. At the end of Part I of section 3.2.1 in
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the methodology chapter, I describe the most likely reason for this limited improvement from

a model selection perspective.

All things considered, the ultimate goal of neural networks is to predict, with the highest

possible degree of accuracy, values out of sample instead of determining causal relationships

underlying these values, as is the case in statistical inference models. This difference in ob-

jectives is due to the fact that statistical inference models assume that the data generation

process is unknown and that the data are independently and randomly drawn from a popula-

tion, whereas algorithmic models assume the opposite (Breiman, 2001). In essence, the latter

is achieved through a series of nested regression equations. Solving the most basic of neural

networks by hand only requires sufficiency in first year undergraduate multivariate calculus,

linear algebra, and probability theory. The use of computer programs to carry out this task

only improves computational speed and accuracy, as well as the size of the datasets we can

use.

Having understood the relative suitability of algorithmic modelling in future crop yield

prediction compared to standard regression models, we now transition to understanding the

advantages of mixture models in the context of estimating technological change and yield

resiliency in this thesis. Tolhurst and Ker (2015) first motivated the use of normal mixture

models (hereinafter referred to as mixture models) in assessing technological change in crop

yields. Models used prior to the two-component mixture model used in this thesis either omit

or assume a level of heteroscedasticity in yield distributions over time, instead of estimating it

(Tolhurst & Ker, 2015). Failing to estimate heteroscedasticity in the yield distribution has been

found to restrict the actuarial soundness of crop insurance (Harri et al., 2011). Furthermore,

accounting for heteroscedasticity is important because, over the past half century or so, crop

yields have changed in different ways throughout the distribution (Goodwin & Ker, 1998; Zhu

et al., 2011; Jiang, 2017). It is thus reasonable to believe that the same may occur in past and

future rates of technological change and yield resiliency.
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For these reasons, assuming that yields remain normally distributed over time may not

provide the full picture. Additional merits of using mixture models to assess technological

change and resiliency in crop yields include the ability to accommodate common yield dis-

tribution structures and embed trend functions within components (Tolhurst & Ker, 2015). In

contrast to the neural network used in Crane-Droesch et al. (2019), the addition of fitting

mixture model parameters to predicted yields is a more general approach that allows for the

subsequent calculation of rates of technological change, yield resiliency, and crop insurance

premium rates. These additional metrics help provide us with a more complete picture of the

impact of future climate change scenarios on predicted crop yield magnitudes and risk.

Now that we have separately reviewed neural networks and mixture models, we have the

foundation to understand why Bishop (1994) originally proposed to use a mixture model on

out of sample neural network predictions. Bishop (1994) formulated the MDN with the goal of

more fully capturing the richness of statistics available from datasets of continuous variables.

In particular, he identifies that while the sum of squared error minimization conventionally

used in neural networks at the time is useful in classification-type problems (i.e., discrete out-

put variables), it is a limiting metric when continuous variables are concerned (1994). Sum

of squared error minimization causes a neural network to approach the predicted output vari-

ables’ conditional average (i.e., the posterior probability of belonging to a given class), which

is minimally useful at best or potentially erroneous at worst depending on the specific type

of machine learning or teaching goal at hand when regression-type problems are concerned

(Bishop, 1994).

Even though today’s best practice for most regression-type neural networks is to minimize

the mean squared error (Goodfellow et al., 2017), the ability to gather more statistics than

just the conditional average of the output data and its variance about this mean is still useful.

This practicality is evidenced throughout subsequent literature, in which the most common

applications of MDNs are speech coding and synthesis (Richmond, 2001; Richmond, 2007;
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Zen & Senior, 2014; Li et al., 2020) and a variety of business scenarios.

Ultimately, this thesis contributes to work that examines the impact of a changing climate

on agriculture. I employ an algorithmic crop yield model in order to predict yields for a major

commodity crop— corn— over the years 2022-2084 under various climate change scenarios.

On top of using crop insurance premium rates to capture changes in risk associated with cli-

mate change on predicted yields, I also estimate measures of technological change and yield

resiliency in order to obtain a additional information about predicted yield distributions. Most

literature addresses the aforementioned factors individually and in the context of the U.S.. In

studying Ontario and Iowa, I am able to contribute insight to these topics within the context

of a Canadian province and contrast the potentially different impacts of climate change across

geographies.
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Chapter 3 Methodology

3.1 Data

I use historical county level corn yield data for Ontario, compiled by Tor Tolhurst from Ontario

Ministry of Agriculture, Food, and Rural Affairs (OMAFRA) data (2021), as well as for Iowa,

sourced from the United States Department of Agriculture’s National Agricultural Statistics

Service and compiled by Anna Chemeris, over the period of 1951-2013. These historical corn

yield data values represent the average yield per county in a given year, measured in bushels

per acre. The time period of 1951-2013 had the most complete combination of crop yield and

weather data across the greatest number of counties. A total of 32 and 99 counties in Ontario

and Iowa, respectively, are included in this study. I only use counties with complete weather

and corn yield data for the entire period of 1951-2013.

I also use historical county level weather data over the same period for Ontario and Iowa.

Iowa weather data was obtained from the National Oceanic and Atmospheric Administration’s

National Centers for Environmental Information (formerly the National Climate Data Center)

and pre-processed per Tolhurst and Ker (2015) by Tor Tolhurst. Ontario county level weather

data was also obtained from Tor Tolhurst through OMAFRA.

The historical weather datasets include daily (monthly for Iowa precipitation, which was

then converted to daily) observations of six key variables, each of which has been identified

as having among the most substantial impacts on crop growth and yield (e.g., in the work

of Cabas et al., (2010), Tolhurst & Ker (2015), Chemeris (2019), Chemeris & Ker (2019)). I

draw from these authors’ justifications of, and discussion on, the use of the following variables

in the data subsection of my thesis methodology:
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• growing degree days (GDDs);

• high degree days (HDDs);

• precipitation, in millimetres, throughout the growing season (PCP);

• precipitation, in millimetres, throughout the months of July and August (PCPJA);

• vapour pressure deficit throughout the growing season (VPD); and

• vapour pressure deficit throughout the months of July and August (VPDJA).

Crane-Droesch et al., (2019) also incorporate adaptive crop acreage into their crop yield

prediction model for the U.S. over the twenty first century. Adaptive acreage accounts for how

the location and acreage of crops planted over time changes to make the most of the regional

climate as it changes. Incorporating adaptive acreage into an analysis in this way suggests that

other characteristics of the production environment, including changes in either technological

advancement, adoption, or both, remain constant over time. As evidenced in the literature,

however, this is not the case. For this reason, I do not include adaptive acreage data in my

model.

As their names suggest, growing degree days support crop growth, while high degree days

negatively impact them (Butler & Huybers, 2013). Growing and high degree days for corn are

cumulative measures that represent the number of days throughout the growing season that a

crop experiences an average daily temperature falling within two respective ranges, or ”bins”:

(1) above 10 and below 29 degrees Celcius (i.e., the critical threshold for corn), and (2) above

29 degrees Celcius (McMaster & Wilhelm, 1997; Butler & Huybers, 2013). These measures

are similar in nature to crop heat units.

The relationship between the level of precipitation and crop yields is often modelled as a

quadratic function (Schlenker & Roberts, 2009). Higher vapour pressure deficit values have

the potential to positively impact crop yields (Roberts et al., 2013). A higher vapour pressure

deficit reading on a given day could result in little to no significant cloud formation due to

a potentially larger difference between that day’s highest and lowest temperature. However,
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high vapour pressure deficit can also negatively impact crop growth and ultimately yield. It

can be associated be with higher levels of relative air humidity (Roberts et al., 2013). There

may be less moisture accessible to crops’ roots in the soil in the event that the air is more

humid (Roberts et al., 2013).

To create climate change scenarios of progressively increasing severity, I use the uniform

shift approach taken in Perry et al. (2020). This approach entails adding a certain number of

degrees to the historical daily maximum and minimum temperatures observed in each county.

I create four distinct climate change scenario datasets. Specifically, I add the midpoint of the

range of each projected average increase in global temperatures per the U.S. Global Change

Research Program Climate Science Special Report (Wuebbles et al., 2017) to each day of the

historical weather data I have obtained. The four climate change scenarios under study in this

thesis are shown in Figure 3.1(a).

Figure 3.1: Projected annual increases in global temperatures based on projected increases in
annual carbon emissions globally (Wuebbles et al., 2017).

The ’Even Lower’ Scenario (RCP 2.6) corresponds to a uniform increase of 1.5 degrees
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Celcius; the ’Low’ scenario to a 2.3 degree Celcius increase; the ’Mid-High’ scenario to a

2.7 degree Celcius increase; and the ’Higher’ scenario to a 4.25 degree Celcius increase per

Wuebbles et al. (2017). The same paper attributes these increases in average global temper-

atures to the gigatons of carbon emitted globally for carbon emission projections. Carbon

emissions are often associated with the Intergovernmental Panel on Climate Change’s Repre-

sentative Concentration Pathways (RCP) metric, which classifies atmospheric greenhouse gas

concentrations on a scale from low (RCP 2.6) to high (RCP 8.5). I use [1951-2013] = 63 years’

worth of historical weather data, and I obtain the time interval for the future climate change

scenarios of interest in this thesis by adding 63 years to the year 2022 (inclusive), resulting in

2084 being the last year under study. The uniform shift approach is a theoretically valid means

to simulating climate change scenarios, for other weather variables, such as precipitation and

vapour pressure deficit, do not change proportionally along with temperature in the approach

detailed above as they remain constant across climate scenarios. Thus, this statistically ob-

servable change in average temperature constitutes a particular climatic change that is highly

relevant to crop yields.

Even though there are a variety of sophisticated climate change simulation models in exis-

tence today that allow for multiple weather variables to change over time, the technique used

in Perry et al. (2020) to simulate climate change is still valid in research on geographic re-

gions as small as Ontario and Iowa. Schlenker and Roberts (2009) initiated an extensive body

of literature on the impacts of increased heat on crop yields. Since then, drought risk from

higher temperatures has been cited as among the most significant for future crop production

(Martinez-Feria & Basso, 2020; Ting et al., 2019). Recalling the discussion of the impact of

climate change on crop yields from section 1 of Chapter 2, we are reminded specifically of the

the negative impact of high degree days on crop yields.

Table 3.1 presents descriptive statistics of the historical yield and key weather variable

data to which the Ontario and Iowa neural networks were fitted. Summary statistics of the
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future climate change scenarios derived from these historical weather data are shown in Table

3.2 and Table 3.3 for Ontario and Iowa, respectively. For some counties in certain years and

climate change scenarios in both Ontario and Iowa, the minimum daily temperature never falls

below -2°C after September 1st in the same year. This phenomenon has historically been used

to mark the end of the growing season for corn in a given year. To account for this issue in

my climate scenario data, I assume that the last day of any county’s growing season under any

climate change scenario is that of the first year (i.e., 2022) for that county and climate change

scenario. This assumption allows for a lengthening of the growing season (seeing as the first

growing season under study during any climate change scenario is lengthened relative to its

historical base by virtue of Perry et al.’s (2020) uniform shift approach), without requiring

unreasonable justifications for counties in which the minimum daily temperature never falls

below the -2°C threshold after September 1st (e.g., an acre’s square footage physically con-

fines, to an unknown (to the best of my knowledge) extent, the amount by which yield per acre

can increase from March 31st to December 31st). In the event that the -2°C criterion is not

met to end the 2022 growing season, the last day of the growing season is set to August 31st.
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Table 3.1: Historical climate and corn yield data summary statistics for Ontario and Iowa for
the years 1951-2013.
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Table 3.2: Summary statistics of future Ontario climate change scenarios, derived from his-
torical weather data, for the years 2022-2084 across 32 counties.
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Table 3.3: Summary statistics of future Iowa climate change scenarios, derived from histori-
cal weather data, for the years 2022-2084 across all 99 counties.
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3.2 Model

3.2.1 Overview

I begin this section with a general overview of the methodological procedure I follow in order

to predict how climate change may impact future crop yields and risk, as captured by crop

insurance premium rates. First, I fit two separate neural networks— one for Ontario and one

for Iowa— to historical county level yield data using weather data from the same period.

During the model fitting process, each neural network is simultaneously fitted in sample (or

’trained’) on historical data from the years [1951-1995] and fitted out of sample (or ’tested’)

for predictive accuracy for the years outstanding [1996-2013] in the same historical dataset

(more detail on training and fitting is provided later in this section). Once the networks found

parameters that produced a root mean squared error value on the out of sample portion of the

dataset that was comparable to that of Crane-Droesch et al. (2019), the model fitting process

was complete.

The second step of my methodology consists of using the respective network parameters

from the fully fitted models in step one to predict future crop yields for the years 2022-2084

across four climate change scenarios (even lower, low, mid high, and high) in Ontario and

Iowa. I then estimate mixture model parameters, as well as the rate of technological change

and probability yield resiliency, for each county’s predicted corn yield distribution for the

years 2022-2084. Finally, I estimate Ontario and Iowa county crop insurance premium rates

at various coverage levels across climate change scenarios.
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3.2.2 Neural Network Crop Yield Model and Normal Mixture Modelling

Part I— Semi-Parametric Feed Forward Neural Network Crop Yield Model

In this section, we explore the mechanics underlying the artificial intelligence model used in

this thesis: a semi-parametric feed forward neural network. Contrary to what the literature on

machine learning suggests, neural networks are neither revolutionary nor intuitively difficult

to understand with the background in statistics, calculus, and linear algebra standard across

agricultural economists.

In a recent paper, Crane-Droesch modified a standard feed forward neural network and

termed the resulting model a semi-parametric feed forward neural network (SNN) (Crane-

Droesch, 2018). This model was subsequently used in a United States Department of Agricul-

ture report that predicted U.S. corn, soybean, and winter wheat yields under various climate

change scenarios and estimated the Revenue Protection policy (under the Federal Crop In-

surance Program) costs for these predicted yield distributions (Crane-Droesch et al., 2019). I

emulate many aspects of this report in this thesis, with particular focus on the Ontarian context.

To deconstruct the SNN used in Crane-Droesch (2018) and Crane-Droesch et al. (2019),

we will first consider the feed forward neural network (FFNN) at its core. Throughout the

entirety of subsection 3.2.1, I paraphrase and draw from Marsland (2014/2015), Goodfellow

(2017), and Selby’s (2018) explanations of the FFNN in a simplified way. Once we have

understood the mechanics of a FFNN, we examine Crane-Droesch’s (2018) modification to it.

The Statistical Foundations of a Feed Forward Neural Network

The methodology underlying feed forward neural networks is very similar to that of stan-

dard regression models. Throughout this subsection, I paraphrase from and apply Selby’s

(2018) approach to explaining a feed forward neural network to the context of the algorithmic

crop yield model I use in this thesis.
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Let us assume that we are interested in predicting future corn yields, y, in county i in

some future year t under various climate change scenarios. For simplicity, let us assume

that crop yields can only take on one of two discrete values: ”good” or ”bad”. Let us also

imagine that we have a dataset of just one annual county level weather variable to help us

predict corn yields: the average daily temperature. These yield and weather data are historical

observations.

Given our discrete dependent variable of interest, Nelder & Wedderburn’s (1972) standard

logit regression model appears suitable to fit our crop yield data. Since logistic regression

is a generalized linear model, we use maximum likelihood estimation in order to estimate

parameters (i.e., mean and variance) that produce a crop yield data distribution that fits as

closely as possible to the historical yield values in our original dataset (Nelder & Wedderburn,

1972).

If we take the natural logarithm of the odds function (left hand side of Equation 3.1), we

see that the log-odds is comprised of an intercept term, b0, as well as a linear combination

of the independent variable, X , and some coefficient, b1 (right hand side of Equation 3.1).

The lower case x variable is binary and tells us whether yield in county i in year t is ‘good’

or ‘bad’ given (for the sake of simplicity) one independent variable, X (e.g., average daily

temperature).

ln
✓

p(x)
1� p(x)

◆
= b0 +b1X (3.1)

An illustration of the linear combination of X and b1 within Equation 3.1 could look like

the diagram shown in Figure 3.2:
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Figure 3.2: An illustration of an ordinary logit regression model.

In the box at the bottom of Figure 3.2, we see the required dimensions of the independent

(X) and dependent (Y) variable matrices such that they are conformable with the matrix of

coefficients, b1, during matrix multiplication. In this example, we let n be the number of
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counties and k equal six, i.e., the number of independent variables we use in our model. So,

our X matrix must be of dimensions n ⇥ (k + 1), b1 of (k + 1) ⇥ 1, and Y of dimension n ⇥ 1.

The + 1 is to account for the intercept term, b0.

Finally, we solve our logit model using some optimization technique (i.e., minimizing a

loss function or maximizing a criterion) to obtain the coefficient on each of the six independent

variables. Once we have these coefficients, we can use them to predict future crop yields with

new projected weather data from various climate change scenarios.

All we need to do to turn the logistic regression model shown in Figure 3.2 into a basic

feed forward neural network is (1) create just one more set of linear combinations by nesting

another logit function into the model, and (2) change the dimensions of the first coefficient

matrix, b1 to remain conformable during matrix multiplication. These modifications can be

most intuitively illustrated visually through the addition of a second ”coefficient” matrix, b2,

shown in black, in Figure 3.3:
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Figure 3.3: An illustration of a basic feed forward neural network.

Mechanics of a Neural Network from Statistical and Econometric Perspectives

The vocabulary used in the field of artificial intelligence often sound foreign or compli-

cated, when, in reality, they describe the decades-old statistical processes and terms shown

above. In statistics or econometrics, one might call the model shown in Figure 3.3 a nested

logit model. In the field of artificial intelligence, however, it would be called a “shallow” feed
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forward neural network. There is no definitive threshold for the number of nested logit mod-

els required for a network to be considered a ”deep” neural network (hence the name “deep”

[machine] learning), but many of the more complex neural networks in use today have more

than one or two. In short, the ‘depth’ of a network refers to the number of logit models nested

within the network. The more nested logit models there are, the ‘deeper’ the neural network

becomes.

Upon adding the second logit model in Figure 3.3, we also had to add more weights (which

can be thought of as akin to regression coefficients) to the model as a whole by changing the

dimensions of the first weight matrix, b1, from (k + 1) ⇥ 1 to (k + 1) ⇥ (2 + 1). The two

rows of one circle each within the ”hidden layer” of the network, h11 and h22, are known as

“hidden nodes”. In practice, hidden nodes are often referred to as artificial neurons or nodes.

They show where linear combinations are being calculated in the neural network. This aspect,

along with the fact that artificial neural networks were developed out of a desire to model

how biological neurons in the human brain operate, is one of the reasons behind why neural

networks are not called nested logit models.

To go on, there are always one fewer ”hidden layers” in a feed forward neural network than

there are nested regression equations or set(s) of regression coefficients, b1 and b2. Speaking

of which, the regression coefficients of a logistic function lose their causal interpretability

and are instead called ’weights’ within the context of neural networks. These weights can

theoretically take on any real random number from positive to negative infinity. In practice,

however, they typically range from negative one to positive one in finalized networks. Weights

outside the latter range can lead to difficulty fitting the neural network as a result of landing

on local minima during the fitting process. Very small weights make it difficult for a network

to predict well on new datasets, while very large weights result in unreliable predictions.

I mathematically describe the process through which the likelihood of network weights

producing the output values is maximized in more detail in later subsections. For now, it is
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worth noting the following. The difficulty associated with determining the basis on which

weights are selected constitutes what is known as the ”Black Box Problem” of artificial in-

telligence. Because of the often numerous linear combinations (i.e., hidden nodes) within a

neural network’s hidden layers, it is numerically more difficult to show and tease out the im-

pact of one specific input variable on the output than in a linear regression equation, where we

would easily glean this information by looking at a regressor coefficient. As a result of this

difficulty, those in the field of artificial intelligence hold that the means by which algorithms

yield accurate predictions will likely lack validity for at least the next 20 years (Hintze, 2016).

While beyond the scope of this thesis, mathematically determining the basis on which

weights are selected and the causal impact of any given independent variable is mathemati-

cally possible. Neural network weights still relate independent variables with dependent ones,

and altering the value of these weights will lead to more or less accurate predictions of the de-

pendent variable given the independent variables. Even though the mathematical difficulties

of isolating the impact of a particular independent variable on the dependent variable mean

that ascertaining such a causal relationship using a neural network is a rigorous process, neu-

ral networks still find what is essentially a causal relationship between all of the input data

and output data by virtue of network weights. The absence of methodological techniques to

address endogeneity within a neural network just means that neural networks are effective at

predicting outcomes where a number of interactions between input variables impact the de-

pendent variable— not at identifying the specific impact of a particular independent variable

on the dependent one.

Finally, we see that name of the circles representing the y intercept term at the top of each

logit model has been changed to ’bias’ upon recalling Figure 3.3. These two terms can be

thought of as equivalent. The value the bias takes on is significant from an econometric per-

spective due to a relationship known as the bias-variance trade off. Both bias (y axis intercept)

and variance are forms of estimation error. A large bias value means that less of the indepen-
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dent variables’ impact on the dependent variable can be captured by the regression coefficients

and vice versa.

Overall, there are advantages to predicting outcomes using neural networks instead of

standard regression models. The benefit of having additional hidden layers and nodes is that

increasing the number of weights (i.e., coefficients), and thus linear combinations (i.e., lines),

generated within a network creates a more complex model. However, this benefit can only be

realized in way that is worthwhile if there are enough data available during model fitting and

if the data are non linear. Neural networks can also model data non parametrically in order to

better fit non linear data, for which it may be difficult to fit a specific distributional form.

Definition of Crane-Droesch’s (2018) Semi-Parametric Feed Forward Neural Network

Now that we have understood that the most basic feed forward neural network can be re-

duced to a series of nested regression equations, we explore the remaining details associated

with fitting them. In the following paragraphs, we outline Crane-Droesch’s (2018) modifica-

tion to the standard feed forward neural network (FFNN) that makes it a semi-parametric feed

forward neural network (SNN).

Crane-Droesch (2018) builds off the same input (independent) variables proposed in

Schlenker and Roberts’ (2009) crop yield model, shown in Equation 3.2. This is a familiar

linear regression equation in the crop science and agronomic literature:

yit = ai +Â
r

GDDritbr +Xitb + eit , (3.2)

where yit is crop yield in county i in year t, a is an intercept, GDD is cumulative growing

degree days over the growing season, r indicates the range of each GDD bin, and X has a

quadratic in a county-level time trend and precipitation.

In our simplified example from Figures 3.2 and 3.3, we assume that yield could only

take on two values: “good” or “bad”. Machine learning problems with a discrete number of
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output variables, such as the aforementioned example, are known as classification problems.

Regression problems allow the output variable of interest to take on any real number, as is

observed in crop yields measured in bushels per acre. The network structure for a regression

problem is identical to that of a classification one, with the exception of the output layer

taking on continuous instead of discrete values. The output value in a neural network used for

a regression problem is obtained by adding all the output values (i.e., linear combinations that

were passed through entire network during an iteration) from the preceding hidden layer.

The number of hidden layers and nodes, as well as the initial values of the weights and

bias terms, are hyper parameters that one chooses arbitrarily or based on experience. There

are many hyper parameters that can be employed to enhance the network’s predictive per-

formance, but they are not all necessary to implement a basic feed forward neural network.

Appendix A describes the additional hyper parameters I use in fitting a semi-parametric feed

forward neural network with Crane-Droesch’s panelNNET (v.1.0; 2018) R package to the On-

tarian and Iowan data separately.

The last step before fitting our network is to define what is known in the machine learning

literature as an activation function, a(x). An activation function can be thought of as a smooth-

ing function, which Wilson (1969) is among the first to show in a formal way. The activation

function is represented by diamond shapes in Figure 3.3, and the value of each linear combi-

nation (hidden node) passes through it. The type of activation function we use depends on the

problem at hand and its performance. In this explanation, we use a version of the Leaky Rec-

tified Linear Unit (LReLU) that is modified from classification- to regression-type problems,

as shown in Equation 3.3 (Maas, 2013). The LReLU is a monotonic piece-wise function, and

it is used in Crane-Droesch (2018), Crane-Droesch et al. (2019), and commonly in practice
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for regression-type problems (Brownlee, 2020).

a(x) =

8
>><

>>:

0.01x for x < 0

x for x � 0
(3.3)

The purpose of an activation, or smoothing, function is to reduce noise from data in the

model, contributing to more accurate predictions. In the final output node(s) of a regression

problem, the activation function does not smooth the output values from the preceding hidden

layer— it only adds them together.

To begin fitting our neural network, we perform the matrix multiplication operations shown

in the box at the bottom of Figure 3.3. That is, we multiply the input layer with the first set

of weights, the resulting product by the first hidden layer, and this product with the second

set of weights and so on until we reach the output layer. This process is known as forward

propagation as we ’feed’ our input data ’forward’ (from left to right) through the network

(hence the name). Initially, the output values we get will certainly not be close to the true

value because all of our hyper parameters are chosen [rather] arbitrarily. Another concern is

how we assess the accuracy of our network, seeing as future climate change scenarios, and

thus future crop yields, have not yet been realized. As such, it would appear that we do not

have any ’true’ values against which to compare our out of sample predicted yield values.

To overcome the first of these issues, we split our historical county level weather (input

variables) and crop yield (output variables) dataset into two portions. The first portion (also

known as the ‘training set’) is used to fit or ‘train’ the FFNN. There are no empirical ’rules

of thumb’ or general consensus that dictate how to determine these portions. The Pareto

principle, give or take 10-20%, is generally agreed in practice to be a good starting point.

Around 80% of the data should be enough to fit or ‘train’ the network. The remainder is used

as our ‘test’ or out of sample dataset.

Overcoming the second concern requires us to recall that we are still in the process of max-
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imizing the likelihood of our weight parameters fitting those of our historical yield distribution.

In other words, we are using approximately 80% of our historical weather variables to prac-

tice predicting the yield distribution’s weight (not mean or variance) parameters in that same

portion of the dataset. The difference between the predicted and historical yields is measured

with a loss function. To improve prediction accuracy, we minimize the loss. Crane-Droesch

(2018) minimizes the L2-penalized loss function, which is essentially the same as the mean

squared error function. Mean squared error is selected because there are few to no extreme

outliers in historical North American county level crop yield distributions. Whether a trained

neural network can accurately predict out of sample in the event that there is a structural break

or fundamental change in the relationship between the independent and dependent variables

across the in- and out of-sample datasets is a question of exploring different neural network

training techniques until the error is reduced to a reasonable value. One such technique could

be to train the model on small sub- or ‘mini-’batches that are comprised of some percentage

of observations (with or without replacement) taken from the overarching ⇠80% training and

⇠20% test portions into which the entire dataset is divided.

There are a number of ways to improve our FFNN’s fit to the historical crop yield data

in the training and test sets and increase estimation accuracy out of sample (i.e., the future,

in the case of this thesis). A common optimization method is called gradient descent, where

we take the partial derivative (i.e., gradient) of the likelihood function with respect to each of

the weight matrices used in the network. We multiply each gradient by an initially arbitrary

learning rate and add or subtract each product from the respective weight matrix to obtain up-

dated sets of weights. This process is also known as backward propagation, and it is repeated

after each forward propagation iteration of the FFNN in batch learning (please see comments

on “Batch Size” in Appendix A for more details). Once we have minimized the estimation

error to an acceptable level on our training dataset, we feed the input variables from the ‘test’

portion of our historical dataset through the FFNN to obtain our first ‘out of sample’ yield
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estimates and loss. Concisely, a neural network can be summarized as shown in Equation 3.4:

F(Zit) = a(a(a(...a(ZitWL�1)...)W3)W2)W1, (3.4)

where Zit is a (k + 1) ⇥ n matrix of inputs for county i in year t, and W represents the

weight matrix of layer L - 1, and a(·) is an activation function.

Once the neural network is trained (i.e., optimized) on the historical data, we can collect

and store the final weight and bias values. We can then select a completely new input dataset

from which we would like to make predictions, using the stored final weight and bias values

from training the network on historical data. In the case of this thesis, the completely new

input datasets are projected weather data under various climate change scenarios for the years

2022-2084.

Now that we understand the mechanics of fitting a FFNN, we can examine (1) how Crane-

Droesch (2018) turns it into an SNN for crop yield estimation, and (2) why his model does

not provide substantially more accurate estimates when compared to an ordinary least squares

regression from a model selection perspective (please recall the discussion of Figure 2.3 in

Chapter 2). To address the first of these points, Crane-Droesch structures the input layer of

an ordinary FFNN to be equal to Schlenker and Roberts’ (2009) linear regression yield model

from Equation 3.2. This modification allows for time and county fixed effects (i.e., X in

Equation 3.2) to be represented as parametric terms, HDD, PCPJA, VPD, and VPDJA to be

represented non parametrically, and GDD and PCP to be included both parametrically and

non parametrically. Parametric representation of certain variables has been proven useful in

previous literature, while non parametric representation allows us to better capture nuanced

patterns and relationships within and across weather variables, such as the moisture and heat

stress that Lobell (2014) emphasizes.

Equation 3.5 shows the algorithmic crop yield model used in Crane-Droesch (2018),
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Crane-Droesch et al. (2019), and this thesis:

yit = ai +Â
r

GDDritbr +Xitb +F(Zit)+ eit , (3.5)

where ai is an intercept, GDDrit and Xit are parametric terms (namely, county-level fixed

effects, GDDs, precipitation and its square, and time and its square), and F(Zit) is a FFNN

that non parametrically takes GDD, HDD, PCPJA and its square, VPD, and VPDJA weather

variables as well as time and its square, and eit is an error term. For the specifications of the

SNN I employ in my analysis using Crane-Droesch’s (v.1.0; 2018) panelNNET R package,

please see Appendix A.

Finally, we can apply our knowledge of neural networks to understand why Crane-

Droesch’s (2018) model does not provide substantially more accurate crop yield estimates

when compared to an ordinary least squares regression from a model selection perspective.

We begin to develop this understanding by recalling that a neural network has at least one

hidden layer and some number of hidden nodes.

Figure 3.4 and the next paragraph provide an intuitive explanation for why Crane-Droesch

et al.’s (2019) semi-parametric feed forward neural network was not significantly more accu-

rate than a standard ordinary least squares regression in predicting future crop yields, which

exhibit a linear trend over time. Figure 3.4(a) illustrates a hypothetical scenario in which the

predictive accuracy of a neural network is not more accurate than an ordinary least squares

regression (e.g., predicting future corn yields). Figure 3.4(b) shows a different hypothetical

dataset where the predictive accuracy of a neural network is more accurate than an ordinary

least squares regression. Please note that the former produces continuous, real-valued outputs

(i.e. corn yields), and that the latter shows a classification problem with two discrete output

variables (i.e., “bad yield” (red) and “good yield” (blue)).
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Figure 3.4: The white area in Figure 3.4(a) represents the space in which the prediction error
is minimized in the training dataset, and the red shaded area represents space in
which it is not. In Figure 3.4(b), blue and red shading are used to show the deci-
sion boundary for a neural network that classifies— into one of two classes (red =
“bad yield”, blue = “good yield”)— outputs (not plotted) based on the input com-
binations that produced them (i.e., colour-coded points plotted on “Input Variable
1” and “Input Variable 2” axes). The dark green lines represent an ordinary least
squares regression line in both Figure 3.4(a) and 3.4(b)

From Figure 3.4, we can see that the data in the former warrant a less complex model

because they are linear, whereas the data in Figure 3.4(b) benefit from the more complex model

provided by a neural network that creates a non-linear classification function with numerous

linear combinations and weights. We observe this difference for the following reason. Neural

networks generate a series of weights (i.e., coefficients) and linear combinations (i.e., lines,

shown in burgundy in Figure 3.4(a)) which, when plotted, create a piece-wise linear or non-

linear function (represented by the boundary lines between the blue and red shaded areas in

Figure 3.4(b)). This function is often referred to as a decision boundary. Decision boundaries

make more intuitive sense in classification problems such as the one shown in Figure 3.4(b)

(i.e., discrete-valued outputs, such as labelling a given year’s crop yields as “good” or “bad”),

but the concept of decision boundaries can be extended and slightly modified to intuitively

describe neural networks that predict real-valued outputs as shown in Figure 3.4(a). In short,

neural networks can predict more accurately than linear regression models, such as ordinary
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least squares, when the data generation process is non linear.

Therefore, under the assumption that both a linear regression model and neural network

are fully optimized to a given dataset, differences in predictive accuracy across these models

will likely be attributable to the extent to which the output data are linear or not. We can thus

deduce that Crane-Droesch et al.’s (2019) semi-parametric feed forward neural network was

not significantly more accurate than a standard ordinary least squares regression in predicting

future crop yields under various climate change scenarios because major commodity crop

yield data exhibit a linear trend over time.

Part II— Normal Mixture Model

The two component mixture model used in this thesis follows the approach of Tolhurst and

Ker (2015) and is generally defined as shown in Equation 3.6:

yt ⇠
J

Â
j=1

l jN( f j(t),s2
j ) where

J

Â
j=1

l j = 1, (3.6)

yt is yield in year t, j represents the number of components within the mixture model, l j

indicates the probability of each component j, f j(t) is the trend function embedded in each

component that accounts for technological change in component j, and s2 is the variance

for each component. Tolhurst and Ker (2015) use the Akaike Information Criterion (AIC),

corrected for a finite-sized sample, and determined that a two component mixture model is

well suited for crop yield distributions. In my thesis, I estimate technological change in county

level yield distributions over the years 2022-2084.

Per Tolhurst and Ker (2015), we specify the two component normal mixture model for use

in my thesis in Equation 3.7:

yt ⇠ llN(al +blt,s2
l )+luN(au +but,s2

u ), (3.7)

where l j 2 {l,u} is the probability of the lower, l, or upper, u, component, a j +b jt is the
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conditional mean of each respective component, and s2
j the variance. Per Chemeris (2019),

we take the average of the probabilities of each and every observation being a member of

each component in order to compute l j. The b j coefficient is the slope of each respective

component and represents technological change (Tolhurst & Ker, 2015).

Continuing, we introduce the expectation-maximization (EM) algorithm used in Tolhurst

and Ker (2015), Chemeris (2019), and Chemeris and Ker (2019) to find the parameters of

interest for each county, i, and year, t, namely:

• l j, the probability of component j 2 {l,u};

• a j, the components’ intercept terms;

• b j, the annual increase in yield in bushels per acre;

• s2
j , the components’ variances.

The EM algorithm works in much the same repetitive, cyclical way as the FFNN we de-

scribed in subsection 3.2.1. Weights are first initialized, the maximization step then conducts

a series of weighted estimations for each component of the mixture model, and the expecta-

tion step continuously improves our weights as we attempt to maximize the likelihood that

the model-estimated component mean and variance values are as close as possible to the true

values in the observed data, which are the predicted crop yields over the years 2022-2084

in the case of this thesis. An FFNN is selected to predict future crop yields because of the

improved predictive accuracy afforded by this type of non parametric model in the event that

the assumptions made about historical yields and their probability distributions (e.g., linearity,

normality) do not hold for future yields. The EM algorithm is used for its ability to estimate a

finite set of parameters that provide useful information (e.g., component means and variances)

about such future yield distributions.
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3.2.3 Estimation of Yield Resiliency

Tolhurst and Ker’s (2015) two component mixture model lends itself well to measuring how

the probability of realizing a yield in the lower component over the next 63 years in Ontario

may change, as done in Chemeris (2019) and Chemeris and Ker (2019) before and after the

1994 U.S. crop insurance subsidy increase. Less the impact of this policy change, Chemeris

(2019) and Chemeris and Ker (2019) model the probability that county i’s yield in year t falls

in the lower tail of Equation 3.7 as shown in Equation 3.8:

ll = al +dlt + et , (3.8)

where the left hand side is an estimate of the annual probability (i.e., before the average is

taken in calculating ll) of realizing a yield in the lower component, also termed, probability

yield resiliency in Chemeris (2019) and Chemeris and Ker (2019), al is an intercept term,

and dl estimates the yearly increase in the probability of a yield observation belonging to the

lower component. A positive dl value may suggest that the rate of technological change is

increasing over time and vice versa (Tolhurst & Ker, 2015).
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Chapter 4 Results

4.1 Neural Network Prediction Results

Table 4.1 provides descriptive summary statistics of estimated corn yields for both Ontario and

Iowa across climate change scenarios over the years 2022-2084. Crane-Droesch et al. (2019)

state that their final feed forward neural network had an out of sample Root Mean Squared

Error (RMSE, which can be likened to the average prediction error for a given county in a

given year) of 18.7 bushels per acre for dryland and 32.6 bushels per acre for irrigated corn on

their test (i.e., ‘out of sample’) set during network fitting. They do not provide their in sample

training error. In fitting Crane-Droesch’s (2018) semi-parametric feed forward neural network

separately to historical Ontario and Iowa corn yield data, I was able to achieve comparable

estimation accuracy. The Ontario network had an in sample RMSE of 9.7 bushels per acre and

an out of sample RMSE of 24.0 bushels per acre during model training. Iowa’s yield model

had an in sample RMSE of 12.9 bushels per acre and and out of sample RMSE of 36.1 bushels

per acre.

The observed increase in RMSE from in to out of sample prediction may be referred to

as ‘slippage,’ and it is due in part to the bias-variance trade off discussed in the methodology

chapter. While experimenting with different network configurations to fit the Ontario and Iowa

yield models, I found that some over fit the training data and produced a very low in sample

RMSE (e.g., less than five bushels) but a very high out of sample RMSE (e.g., above 100

bushels per acre). On the other hand, some configurations with high in sample RMSE were

under fitted to the training dataset and thus unable to predict yields with a reasonable degree of

accuracy out of sample. The phenomenon of slippage illustrates the importance of balancing

model complexity with expectations for out of sample predictive accuracy.
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Table 4.1: Descriptive statistics of Ontario and Iowa yield predictions over the years 2022-
2084 across climate scenarios. Negative yield prediction minimums were rounded
up to zero.
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To illustrate how estimated yield densities change across climate scenarios, I prepared a

short video animation of select counties’ yield densities for both Ontario and Iowa over the pe-

riod of 2022-2084. The counties represented in these videos were selected intentionally with

the goal of shedding light on how climate change, and a lack thereof, may impact yields differ-

ently in different counties. Chatham County, Ontario had the highest corn yield per acre in the

province in 2020 (Ontario Ministry of Agriculture, Food and Rural Affairs, 2021, and Han-

cock County, Iowa ranked in the top five of all 99 Iowan counties for the same (United States

Department of Agriculture National Agricultural Statistics Service, 2021). Dufferin County,

Ontario and Monona County, Iowa both had typical corn yields in 2020 and are located in the

mid west and central west of the province / state (Ontario Ministry of Agriculture, Food and

Rural Affairs, 2021; United States Department of Agriculture National Agricultural Statistics

Service, 2021). Prince Edward County, Ontario and Appanoose County, Iowa were the low-

est yielding counties for corn in 2020 in the central and south central regions, respectively

(Ontario Ministry of Agriculture, Food and Rural Affairs, 2021; United States Department

of Agriculture National Agricultural Statistics Service, 2021). Finally, the united counties of

Stormont-Dundas-Glengarry in Ontario and Benton County in Iowa had the highest yield in

the eastern and east central regions of their respective province and state (Ontario Ministry

of Agriculture, Food and Rural Affairs, 2021; United States Department of Agriculture Na-

tional Agricultural Statistics Service, 2021). The video animations can be found online at the

Google Drive folder linked here or at the following URL: https://tinyurl.com/9px2pn43. The

“No Change” climate scenario shown in these videos and the remainder of this thesis refers

to a case in which there is no change in average daily county temperatures (i.e., the uniform

shift approach is not applied to the historical weather data and crop yields are predicted using

these unmodified historical weather data). Please also note that Hastings county, Ontario, was

removed from all analyses in the Mid High climate scenario due to convergence issues.

Immediately apparent in both videos is that corn yields are increasing over the future time
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frame under study across climate change scenarios and counties. While the climate simula-

tion data used to generate these density estimates may not be the most accurate depiction of

climatic conditions in the future, we can still garner an appreciation for the positive impacts of

a warmer, longer growing season on crop yields from these predicted yield distributions. An-

other observation that commands our attention is the fact that both the spread and shape of the

yield distributions vary more significantly as time goes on. These results reinforce the findings

of a large body of previous work, illustrating that with the benefits of a longer, warmer grow-

ing season come increased annual weather, and thus yield, volatility. That said, the overall

increase in average yields over time seems to dominate the impact of increased yield volatility

in the climate scenarios simulated in this thesis. Figures 4.1 and 4.2 provide snapshots of the

yield distributions of a representative Ontario and Iowa county in select years across climate

change scenarios. In these Figures and the video animations, we see component divergence,

and thus yield volatility, increase over time in nearly all climate change scenarios. With re-

spect to my central research question, it appears that the projected climate change scenarios

do not have a dominant negative impact on predicted crop yield magnitudes, but rather on

predicted yield volatility as characterized by component divergence.
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Figure 4.1: Predicted yield distributions modelled with normal mixture model parameters
across climate scenarios in the years 2022, 2057, and 2084 across climate sce-
narios for Prince Edward County, Ontario.

Figure 4.2: Predicted yield distributions modelled with normal mixture model parameters
across climate scenarios in the years 2022, 2057, and 2084 across climate sce-
narios for Worth County, Iowa.
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4.2 Technological Change and Yield Resiliency

Please see Appendix B for summaries of the mixture model, technological change, and yield

resiliency parameter estimates across all four climate change scenarios, namely al , au, bl , bu,

ll , lu, dl , sl , and su. Figures 4.3 to 4.7 contrast the component rates of technological change,

bl and bu, in a representative Ontario (left panels) and Iowa (right panels) county across cli-

mate change scenarios. In both the upper and lower components of these county distributions,

the rate of technological change is positive across climate change scenarios. Interestingly, this

trend also holds true for all other counties in Ontario and Iowa. These findings suggest that

technological change is likely to continue dominating the negative impacts of climate change

on yield magnitudes— as evidenced in Chemeris and Ker (2019) and Burke and Emerick

(2016). Figures 4.8 and 4.9 map the rate of county-level technological change in Ontario and

Iowa across climate change scenarios over the years 2022-2084.

Figure 4.3: Lower and upper component rates of technological change, bl and bu, in repre-
sentative corn counties in the no climate change scenario.
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Figure 4.4: Lower and upper component rates of technological change, bl and bu, in repre-
sentative corn counties in the Even Lower climate change scenario.

Figure 4.5: Lower and upper component rates of technological change, bl and bu, in repre-
sentative corn counties in the Low climate change scenario.

Figure 4.6: Lower and upper component rates of technological change, bl and bu, in repre-
sentative corn counties in the Mid High climate change scenario.
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Figure 4.7: Lower and upper component rates of technological change, bl and bu, in repre-
sentative corn counties in the High climate change scenario.

Figure 4.8: Maps of the rate of technological change in Ontario across components and cli-
mate change scenarios over the years 2022-2084. Counties mapped at the munic-
ipality level.
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Figure 4.8: Maps of the rate of technological change in Ontario across components and cli-
mate change scenarios over the years 2022-2084. Counties mapped at the munic-
ipality level.
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Figure 4.9: Maps of the rate of technological change in Iowa across components and climate
change scenarios over the years 2022-2084.
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Figure 4.9: Maps of the rate of technological change in Iowa across components and climate
change scenarios over the years 2022-2084.

Figures 4.10 and 4.11 visualize key summary statistics for ll and lu, which represent the

probability of realizing yield in the lower and upper component, respectively. These parameter

estimates appear to be somewhat more favourable for Ontario corn production (Figure 4.10)

than for that of Iowa (Figure 4.11), with a slight downward locational shift in median ll as

climate change intensifies in the former. This decrease is complemented by a slight upward

trend in the median lu with the intensification of climate change. Interestingly, we see the

opposite for Iowa in Figure 4.11. These results suggest that there may be slight potential

benefits to agriculture as climate change intensifies in more northern production regions, such

as Ontario, where the probability of realizing a yield in the lower component is concerned.

Figure 4.10: Probability of realizing a yield in the lower and upper component in Ontario
across climate scenarios over the years 2022-2084.
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Figure 4.11: Probability of realizing a yield in the lower component in Iowa across climate
scenarios over the years 2022-2084.

Figure 4.12 shows the change in the probability of realizing a low yield in a given year

over time, dl . In Ontario, we observe a very small increase in the probability of realizing a

yield in the lower component over time under all climate change scenarios. The opposite is

seen in the state of Iowa. That said, the dl values are all very small in magnitude. From a yield

resiliency perspective, it appears that corn yields become very slightly less resilient in Ontario

and very slightly more resilient in Iowa across climate change scenarios.

Figure 4.12: Change in the probability of realizing a yield in the lower component in Ontario
(left) and Iowa (right) over time for the years 2022-2084.

I presented the results for ll , lu, dl and possible interpretations in the previous paragraphs.

However, interpreting Figures 4.10 to 4.12 in this way can be misleading, for the lower com-
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ponent variance differs across counties and the lower component mean varies both across

counties and over time. As such, I present the results from the following additional analysis

in Figure 4.13 below. I regressed predicted county level crop yields over time (i.e., the years

2022-2084). I then collected the negative residuals from this regression to represent the lower

component, squared these negative residuals, and then regressed these squared negative resid-

uals over time. Each county’s coefficient on time from the second regression is shown in the

box plots below for Ontario (left) and Iowa (right) across climate scenarios.

Figure 4.13: Coefficient on Squared Negative Residuals Regressed over Time.

The mean and range for the Ontario box plots appear slightly larger than those for Iowa.

One possible interpretation for these results could be that seed varieties and production prac-

tices in Iowa are already more adapted to producing in warmer climates, whereas the same

characteristics of the production environment in Ontario are less adapted to warmer average

temperatures.
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Chapter 5 Implications of Research on Subsi-

dized Crop Insurance

5.1 Recovery of Crop Insurance Premium Rates from Pre-

dicted Yield Distributions

I calculate the hypothetical actuarially fair premium rates for predicted corn yield distribu-

tions under each climate change scenario. An actuarially fair premium policy rate equates

the premium to the expected claim rate. Hypothetical premium rates are based on the true

yield and loss distributions. Even though we do not know the true distribution of future crop

yields, the yields I have predicted using the semi-parametric feed forward neural network can

be considered as a sample drawn from the true distribution. This section outlines the formulas

used to estimate the AgriInsurance and Yield Protection premium rates using the county level

corn yield distributions predicted over the years 2022-2084 and the mixture model parameter

estimates for these distributions under various climate change scenarios. I follow the same

methodology for this aspect of my thesis as section 5.2 of Chemeris (2019).

First, we establish the yield guarantee, yg, for each county i. The yield guarantee is com-

puted by multiplying the producer-selected percentage of coverage by the weighted average

of the upper and lower component mean yield, as shown in Equation 3.9 below:

ygit = coverage⇥ (lliµlit +luiµuit). (5.1)

In Equation 5.1, lli and lui represent the probability of realizing a yield in the lower

and upper component, respectively, and µli and µui represent the respective lower and upper
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component means for county i. These parameters and notation, along with all others used in

this section, are taken from the mixture model described in the methodology chapter. I choose

to compute program estimates under the most common rates of coverage, specifically 80%,

85%, and 90%.

Next, we numerically integrate the section of each distribution component that falls under

the yield guarantee in order to calculate the expected losses therein, El and Eu. We now have

all the elements required to calculate the expected yield loss, EL, for each county i, year t,

and climate scenario combination. The expected loss is the weighted average of the expected

loss in each component, El and Eu. The weights in Equation 3.7 are the component mixing

weights, namely ll and lu for Equation 5.2:

ELit = lliElit +luiEuit (5.2)

Finally, a county’s actuarially fair premium rate, PRit, can be computed by dividing the

expected loss by the yield guarantee, shown below in Equation 5.3:

PRit =
ELit

ygi
. (5.3)

As we can see from Equation 5.3, an actuarially fair crop insurance policy based on a two

component mixture model charges a producer for the amount they would fall short of the yield

guarantee established at the outset, accounting for both the estimated heteroscedasticity in the

yield distribution and the probability of a yield loss occurring in the first place. Equation 5.3

shows that the associated premium rate is proportional to the percentage of the yield guaran-

tee lost in a producer’s annual yield. Estimating heterogeneity in crop yield distributions—

namely of component means and variances— in this way makes for more economically and

statistically sound crop insurance policies (Tolhurst & Ker, 2015).

To this point, my thesis has described the process of:
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1. predicting future county level corn yields under various climate change scenarios, using

a semi-parametric feed forward neural network;

2. estimating parameters of interest (namely al , au, bl , bu, ll , lu, dl , sl and su) from the

predicted yields from the first step, using the Expectation-Maximization algorithm; and

3. estimating actuarially fair crop insurance premium rates for the predicted distributions

using the estimated parameters from the second step.

Please see Appendix C for the annotated R (R Core Team, 2013) code used in this thesis.

5.2 Estimated Crop Insurance Premium Rates Across Cli-

mate Change Scenarios and Coverage Levels

Please refer to Appendix D for a summary of the actuarially fair AgriInsurance and Yield

Protection parameter estimates for Ontario and Iowa. Figure 5.1 presents the hypothetical

actuarially fair crop insurance premium rates associated with various coverage levels for the

same eight counties shown in the video animations in section 4.1 of this thesis. In Figure 5.1,

we observe that premium rates are positively correlated with coverage level and sometimes

positively correlated with the intensification of climate change, depending on the county. It

is particularly interesting that Dufferin and Stormont-Dundas-Glengarry county, Ontario, pre-

mium rates under some coverage levels and climate scenarios begin to increase slightly after a

certain point in time. As discussed in Chapter 2, literature claims that more northern produc-

tion regions, such as Ontario, stand to gain more from warmer, longer growing seasons than

they stand to lose from increased weather volatility. Recalling that climate changes differently

across geographies, however, the results for certain Ontario counties in Figure 5.1 and those

not shown for a number of other Ontario counties suggest that this claim may not hold for all

counties across Ontario. That said, county boundary lines are imposed arbitrarily, and as such

they may not serve as sufficiently accurate boundaries for regional climate (e.g., Lake Effect
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weather, Niagara Escarpment country, etc.).

Figures 5.2 and 5.3 present county level maps of the change in the raw rate (expected

loss) and premium rate (expected loss divided by yield guarantee), respectively, from the

year 2022 to 2084 at 90% coverage. These differences vary from county to county, further

suggesting that the impacts of climate change on crop yields, yield risk, and taxpayer-funded

crop insurance program costs are expected to be geographically heterogeneous.
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Figure 5.1: Actuarially fair crop insurance premium rates across climate change scenarios
for select Ontario (left) and Iowa (right) counties over the years 2022-2084 at
various coverage levels. Climate scenarios colour legend: black = No Climate
Change; purple = Even Lower; yellow = Low; orange = Mid High; and red =
High scenario.

67



Figure 5.2: Maps of county level change in the raw rate (expected loss) from the year 2022
to 2084 at 90% coverage.
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Figure 5.2: Maps of county level change in the raw rate (expected loss) from the year 2022
to 2084 at 90% coverage.

Figure 5.3: Maps of county level change in the premium rate (expected loss divided by yield
guarantee) from the year 2022 to 2084 at 90% coverage.
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Figure 5.3: Maps of county level change in the premium rate (expected loss divided by yield
guarantee) from the year 2022 to 2084 at 90% coverage.
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5.3 Implications of Research on Subsidized Crop Insurance

5.3.1 Premium Subsidy Reassessment

Overall, the climate change literature expects increased weather volatility and extreme weather

events in the coming decades, which might make more frequent ad hoc disaster aid an un-

avoidable part of future developed country government budgets. Component divergence in

the normal mixture model-estimated county yield distributions in my thesis support the occur-

rence of such phenomena. Thus, it may be worthwhile to consider whether high subsidy rates

to increase AgriInsurance participation are worth keeping into the future.

To understand the relationship between crop insurance and unexpected disaster aid, we

must first recall the assumption that producers are risk-averse. Highly subsidized premium

rates, when paired with low or decreasing deductibles, can cause the relative price of crop

insurance to fall below that of other risk-reducing inputs (Ker et al., 2017). There are two

key impacts of the relative price change brought about by crop insurance subsidies. The

first is known as the intensive margin effect, where farmers who produce under subsidized

crop insurance use inputs that are less risk-reducing (Smith & Goodwin, 1996; Babcock &

Henessy, 1996). The second is known as the extensive margin effect. Among others, Claassen

and Just (2011), Miao et al. (2016), and Wu (1999) find that producers venture to plant crops

where they otherwise would not have, had they not been covered by subsidized insurance.

One underpinning objective of subsidized BRM in developed countries like Canada is to

reduce the likelihood of large, unexpected disaster-aid payments to producers. Conceptually,

Ker et al. (2017) point out that since subsidies are usually calculated on a percentage basis,

producers who operate in riskier production locales tend to receive larger dollar amount sub-

sidies. Such an allocation is similar to what would occur under disaster aid payouts, including

those made under AgriRecovery in Canada (Ker et al., 2017). Increased weather volatility and

extreme weather events under future climate change scenarios could not only increase the fre-
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quency and magnitude of future disaster aid payments, but exacerbate spending on subsidized

crop insurance programs, such as AgriInsurance. The yield predictions from the algorithmic

crop yield model I use in this thesis support the potential for increased levels of yield volatility

brought on by increased average temperatures.

5.3.2 On-Farm Climate Adaptation in Ontario

We may also wish to take a step back and ask whether BRM programs are the best policy

lever to pull in order to encourage proactive on-farm adaptation to increased yield volatility

associated with climate change. Investing in the commercialization of new sustainable climate

mitigation technologies, for instance, may have positive ramifications on increasing yield re-

siliency.

Currently, Québec is the only province that warrants compliance with certain environmen-

tal requirements to enrol in BRM programs for select commodities (Slade, 2019). However,

some studies are pessimistic about the overall feasibility of such cross-compliance programs

across the Canadian agriculture sector as a whole (Eagle et al., 2015; Rude & Weersink, 2018;

Ker, 2020). This pessimism arises because policy that links environmental and risk man-

agement objectives has not yet been implemented throughout Canada. The aforementioned

studies identify two requirements for the successful implementation of cross-compliance pro-

grams in Canada:

1. the payments producers receive from such a program would need to be large enough to

cover the economic costs producers would incur to abide by environmental compliance

requirements, e.g., investing in environmentally sustainable technology or inputs; and

2. active government monitoring of producers’ actions in order to prevent farmers from

engaging in moral hazard.

Sufficiently fulfilling the two requirements above would require a lot of financial, human,
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and capital resources on the behalf of governments. That said, cross-compliance has the poten-

tial to be an effective policy tool in reducing negative environmental impacts of the agriculture

sector (Eagle et al., 2015). Further research on this topic is required in order to ascertain the

applicability of such policies for BRM as a part of Canada’s climate policy.
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Chapter 6 Conclusions

Canadian agricultural producer supports as a percentage of gross farm receipts have been

on a downward trend since the year 1986. However, climate change is liable to bring about

changes to year to year yield risk and volatility and thus financial risk in production agricul-

ture, which could increase the share of taxpayer money allocated to subsidizing government

business risk management programs. Estimating the predicted impacts of climate change on

financial risk, as captured by insurance premium rates, as well as on rates of technological

change and yield resiliency help give us an idea of how well future food supply will meet

demand for an estimated global population of nine billion by the year 2050.

A large body of work exists on the relationships between crop yields, climate change, crop

insurance, and agricultural innovation independently, but few studies holistically combine all

four of these topic areas in assessing the impacts of climate change on future commodity

yields. What’s more, most previous work geographically focuses on the United States. This

thesis examines the nexus of government business risk management subsidies, rates of tech-

nological change, yield resiliency, and on-farm climate change adaptation. In particular, this

study is the first to examine the question of how climate change impacts crop yield and risk, as

captured by AgriInsurance and Yield Protection premium rates in Ontario and Iowa, respec-

tively.

Specifically, I estimate the rate of technological change and yield resiliency in Ontario and

Iowa corn over the years 2022-2084 on yields predicted by an algorithmic crop yield model

under four climate change scenarios of increasing severity. Then, I compute crop insurance

premium rates for these predicted distributions in order to assess whether subsidized govern-

ment business risk management programs will require a greater share of taxpayer dollars under

future climate change scenarios.
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The results of my thesis suggest that, overall, both the magnitude and volatility of county

level crop yields are expected to increase over the years 2022-2084, assuming that the climate

scenario data generated for use in this thesis are a good proxy for the upcoming 63 years.

Future rates of technological change appear to continue the historical trend of overpowering

the negative impacts of climate change on crop yield magnitudes in both Ontario and Iowa.

Estimated future crop insurance premium rates in Ontario— and thus the taxpayer money re-

quired to fund their subsidization— are variable across counties and climate change scenarios,

and they are positively correlated with coverage level.

BRM program features or technological investments that support the minority of regions

that are likely to be disproportionately impacted by the challenges associated with climate

change may also be worth exploring from an equity perspective. Future research in this area

could consider the impact of different seed technologies and crop mixes on future crop yields.

Since climate changes differently in different regions, it would also be interesting to replicate

this study for other Canadian provinces and crops. Using more sophisticated climate change

simulation data in future work would serve to improve the accuracy of crop yield predictions

and the associated business risk management program parameter estimates.
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Vergé, X. P. C., De Kimpe, C., & Desjardins, R. L. (2007). Agricultural production, green-

house gas emissions and mitigation potential. Agricultural and Forest Meteorology, 142(2-

4), 255–269. https://doi.org/10.1016/j.agrformet.2006.06.011

Waldrop, M. M. (2019). News feature: What are the limits of deep learning? Proceedings

of the National Academy of Sciences, 116(4), 1074–1077. https://doi.org/10.1073/pnas.

1821594116

Warschefsky, E., Penmetsa, R. V., Cook, D. R., & von Wettberg, E. J. B. (2014). Back to

the wilds: Tapping evolutionary adaptations for resilient crops through systematic hy-

bridization with crop wild relatives. American Journal of Botany, 101(10), 1791–1800.

https://doi.org/10.3732/ajb.1400116

Watson, D. (2019). The rhetoric and reality of anthropomorphism in artificial intelligence.

Minds and Machines, 29(3), 417–440. https://doi.org/10.1007/s11023-019-09506-6

Wilson, F. W. (1969). Smoothing derivatives of functions and applications. Transactions of

the American Mathematical Society, 139, 413–428. https://doi.org/10.2307/1995333

Wilson, M., & Lovell, S. (2016). Agroforestry—The next step in sustainable and resilient

agriculture. Sustainability, 8(6), 574. https://doi.org/10.3390/su8060574

Wuebbles, D. J., Fahey, D. W., Hibbard, K. A., Dokken, D. J., Stewart, B. C., & Maycock,

T. K. (2017). USGCRP, 2017: Climate science special report: Fourth national climate

assessment, volume 1. In globalchange.gov (pp. 470 pp). U.S. Global Change Research

Program. https://science2017.globalchange.gov/chapter/executive-summary/

Wu, J. (1999). Crop insurance, acreage decisions, and nonpoint-source pollution. American

89

https://data.globalchange.gov/report/nca4
https://data.globalchange.gov/report/nca4
https://doi.org/10.1016/j.agrformet.2006.06.011
https://doi.org/10.1073/pnas.1821594116
https://doi.org/10.1073/pnas.1821594116
https://doi.org/10.3732/ajb.1400116
https://doi.org/10.1007/s11023-019-09506-6
https://doi.org/10.2307/1995333
https://doi.org/10.3390/su8060574
https://science2017.globalchange.gov/chapter/executive-summary/


Journal of Agricultural Economics, 81(2), 305–320. https://doi.org/10.2307/1244583

Yan, W., & Hunt, L. A. (1999). An equation for modelling the temperature response of plants

using only the cardinal temperatures. Annals of Botany, 84(5), 607–614. https://doi.org/

10.1006/anbo.1999.0955

Zen, H., & Senior, A. (2014). Deep mixture density networks for acoustic modeling in sta-

tistical parametric speech synthesis. 2014 IEEE International Conference on Acoustics,

Speech and Signal Processing (ICASSP), 3844–3848. https://ieeexplore.ieee.org/abstract/

document/6854321

Zhu, Y., Goodwin, B. K., & Ghosh, S. K. (2011). Modeling yield risk under technologi-

cal change: Dynamic yield distributions and the U.S. crop insurance program. Journal

of Agricultural and Resource Economics, 36(1), 192–210. https://www.jstor.org/stable/

23243141?seq=1

Zurada, J., Levitan, A. S., & Guan, J. (2011). A comparison of regression and artificial intel-

ligence methods in a mass appraisal context. The Journal of Real Estate Research, 33(3),

349–388. https://www.jstor.org/stable/24888380

Zwiers, F., & Hegerl, G. (2008). Attributing cause and effect. Nature, 453(7193), 296–297.

https://doi.org/10.1038/453296a

90

https://doi.org/10.2307/1244583
https://doi.org/10.1006/anbo.1999.0955
https://doi.org/10.1006/anbo.1999.0955
https://ieeexplore.ieee.org/abstract/document/6854321
https://ieeexplore.ieee.org/abstract/document/6854321
https://www.jstor.org/stable/23243141?seq=1
https://www.jstor.org/stable/23243141?seq=1
https://www.jstor.org/stable/24888380
https://doi.org/10.1038/453296a


Chapter 7 Appendix

Appendix A— Semi-Parametric Feed Forward Neural Net-

work Specifications

This table describes the value and purpose of the key arguments used in Crane-Droesch’s

(v.1.0; 2018) panelNNET package for the semi-parametric feed forward neural networks I fit

to historical Ontario and Iowa crop yields. Many of the hyper parameter values are taken from

Crane-Droesch et al. (2019). Ontario and Iowa yield data were fitted in two separate models.

The only difference in their models’ hyper parameters is the number of hidden nodes in each

layer.

Semi-Parametric Feed Forward Neural Network Specifications

Hyper

Parameter

Final Value Purpose and Justification

Number of

hidden layers

• 2 • Number of layers in which linear

combinations of input and weight values

are calculated (Marsland, 2014/2015).

Number of

hidden nodes

per layer

• Ontario: H1 = 7 nodes,

H2 = 7 nodes

• Iowa: H1 = 17 nodes,

H2 = 17 nodes

• The number of linear combinations

calculated within a given hidden layer,

Hx (Marsland, 2014/2015).

Continued on next page
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Weight decay

rate

• 0.0000001 • The amount by which weights are

reduced with each iteration of the neural

network to facilitate convergence

(Marsland, 2014/2015).

Batch size • Number of rows of

training datasets,

approximately 100% -

71% = 29% (1 - (45 ÷

63 years’)) worth of

the 2016 Ontarian and

6237 Iowan annual

yield-weather

observations

• The number of input data points to be fed

into the neural network at each iteration

(Marsland, 2014/2015). Batch size is

chosen arbitrarily and adjusted based on

problem-specific performance.

• Performs backward propagation after

each batch during training, not after each

hidden node (as would be done in

sequential training), thereby improving

the time to and likelihood of convergence

(Marsland, 2014/2015).

Initial learning

rate

• 0.0001 • The amount by which weights are

changed with each iteration (i.e., the step

size).

Continued on next page
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Maximum

number of

iterations

• 500 • The number of iterations after which to

stop running the neural network, should it

fail to converge before then.

Convergence

tolerance

• 0.001 • The value by which the loss must

improve within the number of iterations

defined in the Maximum stop counter

argument (Crane-Droesch panelNNET

v.1.0; 2018).

Weight

initialization

• He initialization • A weight initialization method that

performs more reliably (relative to

Xavier initialization (Glorot & Bengio,

2010)) and that is better suited for use

with activation functions belonging to the

Rectified Linear Unit (ReLU) family,

wherein a set of weight’s standard

deviation is initially set equal to the

square root of the quotient of two divided

by the number of hidden nodes in a given

layer (He et al., 2015).

Continued on next page
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Gravity • Ontario: 1.02

• Iowa: 1.015

• The rate by which the gradient (partial

derivative of the loss function with

respect to a set of weights) is increased

upon the identification of a local

minimum (Marsland, 2014/2015).

Activation

function

• Leaky Rectified Linear

Unit (lReLU)

• Activation functions amplify or mute the

importance of certain inputs in estimating

the output variable of interest (Marsland,

2014/2015). lReLU solves the ‘dying

ReLU’ problem (i.e., the complete

disregard of negative gradients by

repeatedly setting so many hidden nodes

to zero with each iteration that the model

severely under fits) (Maas, 2013). Instead

of setting negative gradients to zero,

lReLU multiplies them by a very small

positive real number to give them a small

positive slope (2013).

Continued on next page
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

‘OLS Trick’ • True • If true, obtains the optimal (i.e.,

closed-form) solution of the neural

network’s first layer by turning the layer

into a linear regression equation and

solving it (Crane-Droesch panelNNET

v.1.0; 2018). This feature differentiates a

semi-parametric feed forward neural

network from a standard feed forward

neural network.

‘OLS Trick’

interval

• 1 • The number of iterations after which to

perform the ‘OLS Trick’ (Crane-Droesch

panelNNET v.1.0; 2018).

Maximum stop

counter

• 25 • The number of times, after the mean

squared error increases during an

iteration, the learning rate should be

divided in two before the neural network

stops running (Crane-Droesch

panelNNET v.1.0; 2018).

Continued on next page
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Dropout

hidden nodes

• 100% • Selects a number of hidden nodes that

equals 100% - the percentage defined in

this argument and removes them from the

neural network during each iteration

(Crane-Droesch panelNNET v.1.0; 2018).

The proportion of hidden nodes removed

from each layer in each iteration remains

constant, but the nodes selected each time

are randomly chosen (Srivastava et al.,

2014). Dropout is a way to regularize

weights, helping to keep them small to

avoid exploding (very large) gradients

and the model instability associated

therewith (Srivastava et al., s2014).

Dropout input

layers

• 100% • Identical to the hidden node dropout

procedure described above, except with

input data points.
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Stop early • 20 • The number of iterations during neural

network training after which to check if

the mean squared error in the test set has

begun to worsen (Marsland, 2014/2015).

This hyper parameter helps to prevent

over fitting during training.

Data

normalization

• Not applicable- A data

pre-processing step

• Input and output matrices were

normalized to fall within a standard

normal distribution with mean of zero

and standard deviation of one. Data

normalization is a best practice to

facilitate neural network fitting in cases

where the underlying distribution of the

data is unknown and the scale of input

values (e.g., growing degree days versus

time as an indicator variable) varies

significantly (Brownlee, 2020). Crop

yield data were de-normalized upon

exiting the neural network to recover

yield in bushels per acre.
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Table 1: Semi-Parametric Feed Forward Neural Network Specifications (cont.)

Hyper

Parameter

Final Value Purpose and Justification

Method of

gradient

descent

• Root Mean Square

(RMS) Propagation

• A popular and high-performing

stochastic gradient descent (i.e.

optimization) method that updates

weights in a flexible, adaptive way

(Hinton, 2016). During each back

propagation iteration, the gradient

(partial derivative of the loss function

with respect to a set of weights) is

squared (Hinton, 2016). Adjusting

weights using these moving averages

instead of a fixed value (i.e., the relative

size of a given gradient to the gradient of

that batch as a whole) during model

training results in more stable and

accurate network predictions both in and

out of sample. (Hinton, 2016).
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Appendix B— Neural Network and Yield Resiliency Esti-

mates for Ontario and Iowa Corn across Climate Change Sce-

narios

Negative al minimum terms were rounded up to zero. Extreme outliers were removed in the

following summary tables.

Table 2: Mixture Model and Yield Resiliency Estimates for Ontario Corn under Even Lower
Climate Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 33.19 39.11 41.84 44.13 51.12 58.66

au 33.19 39.11 41.84 44.14 51.36 58.66

bl 0.57 0.93 1.11 1.07 1.18 1.41

bu 1.39 1.55 1.66 1.67 1.81 1.90

ll 0.05 0.26 0.41 0.43 0.57 0.96

lu 0.04 0.43 0.59 0.57 0.74 0.95

dl -3.7e-3 1.4e-4 2.9e-3 3.2e-3 6.3e-3 0.01

sl 7.21 11.09 14.97 15.59 19.60 30.83

su 1.63 6.13 7.22 7.29 8.62 10.96
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Table 3: Mixture Model and Yield Resiliency Estimates for Ontario Corn under Low Climate
Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 0.00 38.55 43.26 40.36 52.55 60.87

au 34.47 39.74 43.26 45.25 52.55 60.87

bl 0.57 0.94 1.08 1.14 1.20 4.10

bu 1.29 1.56 1.67 1.66 1.77 1.93

ll 0.08 0.36 0.47 0.46 0.57 0.91

lu 0.09 0.43 0.53 0.54 0.64 0.92

dl -3.1e-3 1.9e-3 5.3e-3 4.9e-3 8.0e-3 1.1e-2

sl 6.31 13.84 18.14 18.58 22.31 45.62

su 2.21 5.41 7.06 6.96 8.60 11.16

Table 4: Mixture Model and Yield Resiliency Estimates for Ontario Corn under Mid High
Climate Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 0.00 39.12 43.93 44.41 53.97 61.52

au 0.00 39.12 43.93 44.41 53.97 61.52

bl 0.00 0.89 1.04 0.98 1.15 1.28

bu 0.00 1.56 1.63 1.60 1.73 1.93

ll 0.00 0.34 0.45 0.43 0.56 0.70

lu 0.00 0.43 0.54 0.53 0.65 0.91

dl -2.2e-3 2.5e-3 5.8e-3 5.3e-3 8.7e-3 1.1e-2

sl 0.00 13.66 18.47 17.88 22.23 40.70

su 0.00 5.71 7.19 7.07 8.86 10.04
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Table 5: Mixture Model and Yield Resiliency Estimates for Ontario Corn under High Climate
Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 35.85 40.83 45.81 47.69 54.16 64.61

au 35.85 40.83 45.81 47.69 54.16 64.61

bl 0.41 0.82 0.92 0.91 1.01 1.18

bu 1.23 1.50 1.57 1.62 1.77 2.02

ll 0.22 0.32 0.43 0.43 0.51 0.68

lu 0.32 0.49 0.57 0.57 0.68 0.78

dl 2.1e-3 5.5e-3 8.7e-3 7.9e-3 1.0e-2 1.3e-2

sl 9.16 15.65 19.15 19.67 23.06 40.17

su 4.60 7.25 7.84 7.83 8.95 10.56

Table 6: Mixture Model and Yield Resiliency Estimates for Iowa Corn under Even Lower
Climate Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 0.00 39.30 46.62 41.83 52.61 63.34

au 14.55 42.72 49.73 48.16 54.47 77.32

bl 0.12 1.50 1.72 1.75 1.98 7.19

bu 1.78 2.13 2.32 2.36 2.58 3.40

ll 0.04 0.22 0.45 0.44 0.66 0.86

lu 0.14 0.34 0.55 0.56 0.78 0.96

dl -3.1e-3 -5.0e-4 6.5e-4 1.3e-3 2.8e-3 9.2e-3

sl 9.82 16.55 19.15 23.15 23.98 66.97

su 3.37 8.44 11.30 10.79 12.96 18.37
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Table 7: Mixture Model and Yield Resiliency Estimates for Iowa Corn under Low Climate
Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 24.79 43.18 48.55 47.54 54.55 67.62

au 26.70 47.37 53.44 51.51 58.12 72.97

bl 0.07 1.44 1.68 1.63 1.84 2.64

bu 1.59 2.03 2.27 2.28 2.53 2.98

ll 0.03 0.25 0.51 0.49 0.74 0.87

lu 0.13 0.26 0.49 0.51 0.75 0.97

dl -4.4e-3 -1.7e-3 -4.2e-4 -5.0e-4 1.8e-3 -9.5e-3

sl 6.19 15.98 18.74 22.29 23.24 63.70

su 3.33 9.19 11.70 11.34 13.58 18.94

Table 8: Mixture Model and Yield Resiliency Estimates for Iowa Corn under Mid High Cli-
mate Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 29.17 44.19 51.02 49.35 57.32 66.76

au 29.17 48.56 55.42 53.10 59.94 71.64

bl 0.24 1.44 1.61 1.60 1.76 2.60

bu 1.61 2.08 2.25 2.27 2.46 3.13

ll 0.04 0.33 0.59 0.54 0.76 0.88

lu 0.12 0.24 0.41 0.46 0.67 0.96

dl -3.7e-3 -2.0e-3 -9.6e-4 -1.6e-4 2.5e-4 1.0e-2

sl 8.46 15.65 18.15 21.23 20.94 84.21

su 1.40 9.00 12.45 11.66 14.54 20.10
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Table 9: Mixture Model and Yield Resiliency Estimates for Iowa Corn under High Climate
Change Scenario.

Min. 1st Qu. Median Mean 3rd Qu. Max.

al 18.57 48.25 55.30 54.49 62.01 77.23

au 34.55 54.10 61.35 60.54 67.88 84.44

bl 0.62 1.15 1.40 1.38 1.55 2.34

bu 1.45 1.92 2.08 2.12 2.29 3.10

ll 0.12 0.52 0.61 0.62 0.72 0.92

lu 0.08 0.28 0.39 0.38 0.48 0.88

dl -5.5e-3 -3.0e-3 -1.8e-3 -1.7e-3 -1.0e-3 4.5e-3

sl 7.69 14.16 17.20 17.27 19.43 66.32

su 1.34 12.23 14.90 14.17 17.60 22.24

Appendix C— Annotated R Code

Please click here or the following URL https://tinyurl.com/yzu5a5vf to access the Google

Drive folder in which the annotated .R script file is stored.

Appendix D— Actuarially Fair Crop Insurance Program Es-

timates for Ontario and Iowa Corn across Climate Change

Scenarios

Extreme outliers were removed in the following summary tables.
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Table 10: Actuarially fair AgriInsurance program estimates for Ontario under Even Lower
Climate Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 27.66 53.96 71.80 71.83 89.72 118.92

Expected Loss 0.00 0.54 1.18 1.31 1.95 4.73

Premium Rate 0.00 0.01 0.02 0.02 0.03 0.07

Table 11: Actuarially fair AgriInsurance program estimates for Ontario under Even Lower
Climate Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 31.12 60.70 80.78 80.81 100.94 133.78

Expected Loss 0.17 1.70 2.55 2.80 3.68 8.07

Premium Rate 0.00 0.02 0.04 0.04 0.05 0.10

Table 12: Actuarially fair AgriInsurance program estimates for Ontario under Even Lower
Climate Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 32.85 64.07 85.27 85.30 106.55 141.22

Expected Loss 0.98 2.74 3.62 4.02 5.00 10.97

Premium Rate 0.01 0.04 0.05 0.05 0.06 0.12

Table 13: Actuarially fair AgriInsurance program estimates for Ontario under Low Climate
Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 24.64 54.26 71.82 71.78 89.44 117.10

Expected Loss 0.00 0.78 1.67 1.65 2.48 5.24

Premium Rate 0.00 0.01 0.03 0.02 0.04 0.07
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Table 14: Actuarially fair AgriInsurance program estimates for Ontario under Low Climate
Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 27.72 61.05 80.79 80.75 100.62 131.73

Expected Loss 0.08 2.11 3.14 3.22 4.39 8.03

Premium Rate 0.00 0.03 0.04 0.04 0.06 0.09

Table 15: Actuarially fair AgriInsurance program estimates for Ontario under Low Climate
Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 29.26 64.44 85.28 85.24 106.21 139.05

Expected Loss 0.13 3.02 4.24 4.45 5.76 10.55

Premium Rate 0.00 0.04 0.05 0.05 0.07 0.11

Table 16: Actuarially fair AgriInsurance program estimates for Ontario under Mid High Cli-
mate Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 28.33 54.89 72.18 72.03 89.60 115.56

Expected Loss 0.01 1.10 1.84 1.85 2.68 5.30

Premium Rate 0.00 0.02 0.03 0.03 0.04 0.08

Table 17: Actuarially fair AgriInsurance program estimates for Ontario under Mid High Cli-
mate Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 31.87 61.75 81.21 81.04 100.79 130.00

Expected Loss 0.51 2.46 3.45 3.51 4.72 8.45

Premium Rate 0.00 0.03 0.05 0.04 0.06 0.10
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Table 18: Actuarially fair AgriInsurance program estimates for Ontario under Mid High Cli-
mate Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 33.65 65.18 85.72 85.54 106.39 137.22

Expected Loss 1.17 3.42 4.54 4.79 6.16 10.67

Premium Rate 0.02 0.04 0.06 0.06 0.07 0.12

Table 19: Actuarially fair AgriInsurance program estimates for Ontario under High Climate
Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 29.75 55.59 71.85 71.60 88.10 115.15

Expected Loss 0.17 1.49 2.25 2.32 3.14 5.55

Premium Rate 0.00 0.02 0.03 0.03 0.05 0.08

Table 20: Actuarially fair AgriInsurance program estimates for Ontario under High Climate
Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 33.47 62.53 80.84 80.55 99.11 129.55

Expected Loss 0.81 2.96 4.02 4.26 5.41 9.30

Premium Rate 0.01 0.04 0.05 0.05 0.07 0.10

Table 21: Actuarially fair AgriInsurance program estimates for Ontario under High Climate
Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 35.33 66.01 85.33 85.02 104.62 136.74

Expected Loss 1.48 4.02 5.22 5.59 7.03 12.04

Premium Rate 0.02 0.05 0.07 0.07 0.08 0.12
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Table 22: Actuarially Fair Yield Protection Policy Estimates for Iowa under Even Lower Cli-
mate Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 13.60 64.43 90.16 90.28 115.81 158.01

Expected Loss 0.00 0.94 1.62 1.75 2.35 6.12

Premium Rate 0.00 0.01 0.02 0.02 0.03 0.66

Table 23: Actuarially Fair Yield Protection Policy Estimates for Iowa under Even Lower Cli-
mate Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 15.30 72.48 101.43 101.57 130.28 177.76

Expected Loss 0.00 2.82 3.54 3.76 4.33 9.98

Premium Rate 0.00 0.03 0.04 0.04 0.05 0.66

Table 24: Actuarially Fair Yield Protection Policy Estimates for Iowa under Even Lower Cli-
mate Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 16.15 76.51 107.06 107.21 137.52 187.64

Expected Loss 0.00 4.38 5.08 5.41 6.19 13.07

Premium Rate 0.00 0.04 0.05 0.06 0.07 0.66

Table 25: Actuarially Fair Yield Protection Policy Estimates for Iowa under Low Climate
Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 23.01 65.28 89.43 89.57 113.74 151.85

Expected Loss 0.14 0.95 1.66 1.72 2.34 4.43

Premium Rate 0.00 0.01 0.02 0.02 0.03 0.12
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Table 26: Actuarially Fair Yield Protection Policy Estimates for Iowa under Low Climate
Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 25.89 73.45 100.61 100.77 127.96 170.84

Expected Loss 1.01 3.07 3.74 3.87 4.43 9.74

Premium Rate 0.01 0.03 0.04 0.04 0.05 0.15

Table 27: Actuarially Fair Yield Protection Policy Estimates for Iowa under Low Climate
Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 27.33 77.53 106.20 106.36 135.07 180.33

Expected Loss 2.61 4.71 5.41 5.64 6.25 13.42

Premium Rate 0.01 0.04 0.05 0.06 0.07 0.16

Table 28: Actuarially Fair Yield Protection Policy Estimates for Iowa under Mid High Cli-
mate Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 24.95 65.69 89.16 89.27 112.67 151.84

Expected Loss 0.16 0.96 1.61 1.71 2.30 4.42

Premium Rate 0.00 0.01 0.02 0.02 0.03 0.83

Table 29: Actuarially Fair Yield Protection Policy Estimates for Iowa under Mid High Cli-
mate Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 28.07 73.90 100.30 100.43 126.75 170.82

Expected Loss 1.27 3.11 3.87 4.00 4.58 9.90

Premium Rate 0.01 0.03 0.04 0.05 0.06 0.83
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Table 30: Actuarially Fair Yield Protection Policy Estimates for Iowa under Mid High Cli-
mate Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 29.63 78.00 105.88 106.01 133.79 180.31

Expected Loss 2.95 4.93 5.62 5.86 6.56 13.76

Premium Rate 0.02 0.04 0.05 0.06 0.07 0.83

Table 31: Actuarially Fair Yield Protection Policy Estimates for Iowa under High Climate
Change Scenario at 80% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 29.17 67.34 87.94 87.91 108.63 152.00

Expected Loss 0.11 1.12 1.71 1.89 2.49 8.70

Premium Rate 0.00 0.01 0.02 0.03 0.03 0.13

Table 32: Actuarially Fair Yield Protection Policy Estimates for Iowa under High Climate
Change Scenario at 90% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 32.81 75.76 98.93 98.90 122.20 171.00

Expected Loss 1.64 3.58 4.32 4.57 5.20 15.43

Premium Rate 0.01 0.03 0.05 0.05 0.06 0.15

Table 33: Actuarially Fair Yield Protection Policy Estimates for Iowa under High Climate
Change Scenario at 95% coverage

Min. 1st Qu. Median Mean 3rd Qu. Max.

Yield Guarantee 34.64 79.97 104.42 104.40 128.99 180.50

Expected Loss 3.23 5.42 6.24 6.65 7.42 18.92

Premium Rate 0.02 0.05 0.06 0.07 0.08 0.16
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