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ABSTRACT
Climate is one of the primary determinants of agricultural productivity. For any given
location and crop, climate determines the length of the growing season, the amount of heat that
can be used in photosynthesis and carbon fixing, and the expected amount of temperature and
water stress. Anthropogenic warming of the climate is therefore of potentially great consequence
to agriculture and food security on a planet under increasing environmental and population
pressures. Technology in the form of improved seed varieties, chemical inputs, and
mechanization all serve to mitigate to varying degrees the deleterious effects of climate-induced
stress on crops. In the U.S. this 'technology signal' is evident in the most widely grown cereal
crops, particularly corn (Zea mays), where yields have increased by two bushels per year on
average since 1950. Despite the overall increasing yield trend, crops are still vulnerable to
climatic variability and extreme events such as drought and heat stress, which will reduce yields
below the expected amount. The response of crops to an increase in these extreme events is
uncertain because of the co-mingling effects of technology and climate that is manifest in the
observed yield trend. In addition, while there is high confidence that mean temperatures will
increase in response to rising greenhouse gasses, our limited knowledge and imperfect ability to
model the climate system results in large uncertainties about how the more agriculturally-relevant
tails of the temperature distribution will change. This dissertation develops probabilistic
projections of the potential effects of anthropogenic climate change on corn yields. Three
research objectives are developed that improve our understanding of the climate change-yield
relationship: (1) identify and evaluate the portions of the temperature distribution that drive yield
variability notwithstanding the technological signal, (2) develop projections of how these agroclimate variables could change in the future while accounting for uncertainty, and (3) develop
iii

projections of the expected effects on crop yields given these changes in the agro-climate. These
objectives are addressed in three research articles. The first article is an evaluation of recent
changes in three agro-climate indices (frost days, thermal time, and heat stress index) in North
America and the ability of general circulation models (GCMs) to reproduce the observed patterns
and trends. The next article uses bootstrapping and a statistical method known as Bayesian Model
Averaging (BMA) to develop probabilistic projections of the three agro-climate indices. The
method accounts for important structural uncertainties between climate models that are often
neglected or minimized in many impact studies. The final article uses the bootstrapping and BMA
methods described in the second article, as well as an empirical climate-yield damage function, to
develop probabilistic projections of corn yields in the 21st century in the eastern U.S. for a high
greenhouse gas emissions scenario. Two different sources of uncertainty in the projections are
quantified: structural uncertainty between GCMs, and parametric uncertainty in the damage
function due to spatial dependence between observations. The results show that severe corn yield
damages are possible by the end of the 21st century if the current emissions trajectory is
maintained over the entire interval. After accounting for both GCM and damage function
uncertainty, the full 95% projection interval shows potential yield declines of between 16% and
77% by 2100, relative to current average yields. These results suggest that substantial adaptation
and mitigation will have to occur if the concomitant impacts on global food security are to be
avoided without also causing further environmental degradation.
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Chapter 1
Introduction

Food Security in a Warming Planet
The issue of food security on a planet under increasing environmental and population
pressures is of pressing concern (Nellemann et al. 2009). By 2050 the population of the world is
expected to be between 8 and 11 billion people and could as high as 16 billion people by 2100
(UN Population Division 2011). More people means more demand for food. Not only will there
be more people to feed, most of those people are becoming more wealthy, thus demanding a
higher quality diet, including more meat consumption, which will place even more pressure to
increase agricultural output (Nellemann et al. 2009). Further exacerbating the food security
situation is the fact that much of the agricultural land, particularly in the U.S., is not devoted to
direct food production. This is primarily the case with corn production. For example, of the 11
billion bushels of corn produced for domestic consumption in 2011 only 12.8% were used for
food, seed, or industrial uses (USDA Economic Research Service 2011). Of the remaining 87.2%,
41.8% was used for livestock feed and 45.4% was used for fuel such as ethanol production.
Thus, more land will need to be brought into production to meet the rising food, feed, and
fuel demand, but most of that land will come with high environmental costs. These trends pose a
daunting challenge for the world's agricultural systems. Providing sufficient calories for this
growing population will require greater efficiencies in the food production cycle, a stabilization
of world demand for energy intensive food products (i.e. meat), and better and more equitable
food distribution systems (Nellemann et al. 2009). Beyond these efforts however, most of the
increase in food and fiber production will require substantial increases in crop yields, particularly
cereal grains, to meet this growing demand.
There are many factors of production that regulate changes in crop yields, but they can be
usefully put into the categories of labor, land, and capital. Labor accounts for all direct human
inputs that serve to produce a crop. Land includes the soils, water, climate and other natural
2

resources necessary for crops to grow. Capital consists of human-made goods used to produce
the crop, including, buildings, energy, mechanization, and materials such as fertilizer and
pesticides. Technology may also be considered a form of capital investment. For the purposes of
this dissertation, I focus mainly on land, particularly climate, and capital, particularly technology
because they are subject to large changes in the future that have the potential to greatly affect
crop yields (Easterling et al. 2007; Lobell and Field 2007; Lobell and Tebaldi 2008; Schlenker
and Roberts 2009).
The issue of anthropogenic warming of the climate system is therefore of particular
importance to agriculture. For future food security, the issue is two-fold: (1) how could
anthropogenic climate change affect crop yields across the current expanse of arable lands, and
(2) what are the potential effects on new lands put into service for grain production due to rising
demand for food, fuel, and energy. From the standpoint of environmental costs and degradation,
the question of climate change effects on crop yields takes on added importance since yield gains
have historically been driven by heavy use of fertilizers and expansion of irrigation (accounting
for up to 70% of 20th century yield gains; Nellemann 2009). This raises the stakes of
anthropogenic climate change, because there will be more pressure to convert non-agricultural
areas to crop production if yields decline relative to present levels (or even relative to the present
upward yield trend). Climate change could then intensify the environmental costs of agriculture.
Such an effect occurs as more soil carbon is released into the atmosphere during conversion, more
inputs are added to maintain high yields in current croplands, and even higher rates of input costs
are absorbed into new more marginal croplands (Rosenzweig and Hillel 1998).
What is needed then to confront the challenge of attaining global food security in a
warming climate is information for stake-holders about the relationship between climate change
and agriculture. At the center of this knowledge-building process, it is essential to understand the
biophysical response of crops (as manifested in yield) to increasing global temperatures and to
3

communicate the range of possible outcomes commensurate with the amount of uncertainty in
these projections. Towards this end there are three research objectives of this dissertation, the
sum of which serve to improve the understanding of the climate change-yield relationship: (1)
identify and evaluate those aspects of the climate system that are most important to the agroecosystem of interest, (2) develop projections of how these agro-climate variables could change
in the future while accounting for uncertainty, and (3) develop projections of the expected effects
on crop yields given these changes in the agro-climate.

Estimating the Climate Effects on Plant Processes
Questions 1 and 3 from the previous paragraph are usually addressed within the same
analysis and can be accomplished through either empirical or crop simulation studies. Examples
of empirical models include agro-economic studies based on cross-sectional or Ricardian
analyses (e.g. Thompson 1975; Kelly et al. 2005; Mendelsohn and Reinsborough 2007; Schlenker
and Roberts 2009). These studies relate spatio-temporal agricultural observations such as land
rents or crop yield to climate in order to gauge its affect across large regions. In the case of
Ricardian analyses of land rents, the model is parameterized according to the local seasonal
climatology and the model reflects total net farm productivity (Mendelsohn and Reinsborough
2007). The theory behind this model was developed by the economist Ricardo in the 19th century
(cf. Polsky 2004). Ricardian theory states that the value of land (i.e. rent) is a function of the fixed
environmental factors that characterize that place, and that this value is produced because farmers
will choose the land use that maximizes profit (Polsky 2004; Kelly et al. 2005).
Statistical models that predict yields instead examine observations of interannual yields
and weather to gauge how exposure to different parts of the climate distribution affects biomass
production (Thompson 1975; Schlenker and Roberts 2009; Lobell et al. 2011). The resulting
4

models either provide estimates of a priori selected climate variables (e.g. average summer
temperature and precipitation), or the most important agro-climate variables emerge from the
model building process itself (e.g. Schlenker and Roberts 2009).
Crop simulation models specify and parameterize biophysical processes at the plant level
in order to simulate the effects of weather on crop yields (Challinor et al. 2009). In this
framework field and experimental studies form the basis for model parameterizations of the
mechanisms that govern plant growth and biomass production. Using this information, plant
responses to meteorological variables at the daily or sub-daily scale are simulated for a given set
of environmental and management conditions.
One draw-back of using crop models to assess climate effects on crop yields is the
difficulty of including processes that are poorly constrained by observations (e.g. local soil
moisture characteristics) or processes that are difficult to parameterize, such as technological
innovation, adaptation, and path dependence (Mendelsohn et al. 1996; Chhetri et al. 2010). In
addition issues of scale arise when translating field-level crop models to large areas, although
recent efforts to incorporate remote sensing data can improve some crop yield forecasts (Fang et
al. 2008). In contrast empirical regression-based studies implicitly incorporate all these factors
into the model. Originally developed in the 1970s (Thompson 1975), this method relates observed
weather with observed crop yields in various forms of regression analysis to develop a predictive
model. In this case the portion of yield trends due to "technology" is parameterized in the model.
Typical representations of this process include simple random effects model (e.g. Lobell and
Asner 2003), specifying a linear or quadratic trend (Schlenker and Roberts 2009), or finite time
series differencing to remove historic yield trends (Tebaldi and Lobell 2008). The latter two
examples assume that all observed yield increases are due to technological innovation and
management inputs which may neglect any convolution of the yield trend due to both technology
and climate trends. In all these approaches it is also difficult to separate the marginal effects of
5

different components of the technology signal. It is also usually necessary when projecting future
impacts of climate change on yields to hold technology, management, and adaptive actions
constant since any predictions of future adaptation efforts would be relegated to extrapolation of a
trend (although such an extrapolation may still prove useful for didactic purposes; see Chapter 5).
Empirical models have nonetheless grown in popularity in recent years as researchers focus on
these "relative" climate change impacts (e.g. Tebaldi and Lobell 2008). This is an implicit or
explicit admission that it is a continuing challenge to model the technology effect on yields in all
but the most rudimentary ways (e.g. a simple time-dependent trend) .
The renewed interest in empirical models has also given rise to a renewed interest in
agro-climate indices such as growing degree days and heat stress indices (Terando et al. 2011).
These variables capture the relationship between yield variability and the relevant parts of the
temperature distribution which is often the tails of the distribution related to plant stress. In
addition they are simple to calculate and they can be calculated over long time periods and for
large areas with high spatial resolution.
The approach of this dissertation follows the latter path described above where observed
agro-climate indices and yields are examined to develop an empirical damage function of the
potential effects of climate change on corn yields. This choice is predicated on the assumption
that agro-climate indices provide the basis for analyzing agricultural time series that are unbiased
by long-term technological intervention. It is also assumed that all current climate change effects
are captured in the observed yields and thus crop yields are not directly modeled, although crop
modeling studies are important and necessary in their own right for elucidating specific
mechanisms that regulate plant responses to climate.

6

Modeling Climate and Quantifying Uncertainty
The ability to quantify the relationship between observed climate change and observed
changes in crop performance is an important antecedent condition for being able to predict future
crop response to climate change. Information on how agro-climate variables could change in the
future requires models that simulate the dynamics of the climate system in response to a
perturbation (i.e. anthropogenic emissions of radiatively active gasses). The climate and crop
projections must also contain an uncertainty estimate so that decision-makers can gauge future
risk (risk being the product of the probability of an event occurrence and the associated
consequence were that event to occur).
The projection of agro-climate indices is most often accomplished with general
circulation models (GCMs sometimes also known as global climate models). These models solve
the equations of state of the three principal fluid components of the climate system (the oceans,
the atmosphere, and the cryosphere) according to the laws of physics that govern the partitioning
of radiative energy received by sun (Le Treut et al. 2007).
Our knowledge of this complex system is imperfect and incomplete. We cannot run
controlled experiments of the climate system nor can we observe all processes of the system at all
times to achieve perfect predictions. It is unavoidable then that there will be uncertainty in
climate predictions that will propagate through to the projected impacts on yields (Tebaldi and
Lobell 2008). Therefore, characterizing and quantifying the sources of uncertainty is necessary
and important in order to provide the best information to stakeholders and decision-makers.
Recognizing this uncertainty is important to more accurately portray the potential costs of
anthropogenic climate change to agriculture and society.
Several sources of uncertainty can be identified as embedded within GCM projections.
Knutti et al. (2010) describes five sources beginning with forcing uncertainty which is the most
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difficult to quantify. This includes climatic perturbations due to both natural (e.g. volcanic
activity, solar output) and anthropogenic sources (e.g. greenhouse gas emissions, sulfate
aerosols). Estimating the magnitude of this uncertainty requires either an estimate of the
likelihood of a random forcing event (e.g. volcanic eruptions of varying magnitude) or
predictions of future economic output that drive CO2 emissions (e.g. Schmalensee et al. 1998).
Such predictions are have large uncertainties because of the complexity of the political,
environmental, social, economic, technological, and demographic processes that govern
anthropogenic emissions (Nakicenovic et al. 2000). As a result, forcing uncertainty is typically
characterized through emissions scenarios that do not attempt to attach likelihood to any
particular vision of the future. Rather some level of future emissions is specified which is then
used to drive model simulations of the climate system response.
The other types of uncertainty described by Knutti et al. (2010) are internal to the GCMs.
The first is the model uncertainty due to incomplete knowledge or ignorance of a climatic
process. This often involves small-scale physical or biogeochemical processes that are difficult to
observe or to accurately gauge the scaled-up effects on the climate system. Examples include how
aerosols affect cloud formation (Yu et al. 2006) or the relative influence of primary productivity
versus respiration on the climate-carbon cycle (Friedlingstein et al. 2006).
Uncertainty due to initial conditions arises because of the turbulent nature of the climate
system, causing random perturbations that can influence the long-term equilibrium state (Palmer
and Williams 2008). While this uncertainty is typically regarded as of diminishing importance for
decadal-scale climate simulations (Knutti et al. 2010) it can affect model event-driven predictions
such as the likelihood, location, severity, and duration of drought or floods (Seager et al. 2008;
Kay et al. 2009).
Parametric uncertainty reflects lack of knowledge about the specific value of some
physical constant. Examples of these constants include the amount of longwave radiation that is
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absorbed or reemitted back to the earth's surface, the uptake of heat by the ocean, and the climate
sensitivity to CO2 concentrations (expressed as the equilibrium change in temperature given a
change in atmospheric CO2). Finally, structural uncertainty refers to the inability to accurately
model a known process (Knutti et al. 2010). Structural uncertainty can also subsume other types
of uncertainty such as parametric uncertainty or theoretical ignorance of how a process works
(Draper 1995).
While these sources of uncertainty are well-known, and indeed are common to most types
of modeling, it can be difficult to quantify this uncertainty in a rigorous manner. In the latter
decades of the 20th century a major impediment was simply a lack of access to multiple climate
models to allow for better estimation of the robustness of simulation results. In the last decade
however as computational costs decrease and societal and scientific interest in climate change
continues to increase, more GCMs and more model runs within GCMs have become available for
model intercomparison studies (Meehl et al. 2007). This in particular expands the sample space
for studies expanding structural uncertainty (Schneider et al. 2007) or parametric uncertainty
(Stainforth et al. 2005; Petoukhov et al. 2005). As a result, structural uncertainty is the most
common form of uncertainty that is explicitly quantified in climate studies. However, this
uncertainty is often characterized in an ad hoc manner. That is, the spread of the GCM point
predictions is often considered the full range of uncertainty with all values outside of the
ensemble given an implicit zero probability of occurrence (Draper 1995; Knutti 2010).
Unfortunately this can lead to overconfident predictions; an undesirable outcome in any setting,
but especially so given the importance of the decisions and policies that may be based on this
information.
The challenge then is to represent in as practicable a manner as possible all these sources
of projection uncertainty, without becoming paralyzed to the point that no information is provided
to stakeholders. Of equal importance is that the quantification of uncertainty about the climate
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system must be propagated through to crop yield projections (which contain their own sources of
uncertainty). Using this framework, the hope is that more useful information can be used by
researchers and stakeholders to reduce the risk of overconfident decision-making and ultimately
increase the resilience of agricultural systems.

Introduction to Rest of the Work
The chosen approach to quantify the effects of climate change on crop yields is built on
three progressive analyses. I first analyze observed spatio-temporal patterns of agro-climate
indices and evaluate the ability of the most recent generation of GCMs to reproduce these
patterns. Following on these results, a methodology is developed for assimilating these observed
trends into a training dataset to compare to GCM output. This dataset is used to both calibrate the
models based on the observations, and to estimate the predictive variance in order to derive
probabilistic projections of agro-climate indices. Finally, I use this methodology to quantify
probabilistically the potential effects of climate change on corn yields, accounting for uncertainty
in both the GCMs and in the empirical crop yield model.
The base assumption for this dissertation is that examining future temperature change is
key to understanding how climate change could affect agriculture. Lobell and Burke (2008)
provide evidence in support of this assumption by arguing that the magnitude of projected
temperature changes, even at regional scales, is much greater than the interannual variability, thus
acting as a forcing on future crop yields. In contrast the regional precipitation response to
anthropogenic greenhouse gas emissions is more ambiguous due to both model uncertainty and
the numerous positive and negative feedbacks that interact with the anthropogenic perturbation
(Randall et al. 2007). While the projected net global effect on precipitation is slightly positive,
there is substantial uncertainty about how regional precipitation patterns will change. Most
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importantly, the projected precipitation changes are within the expected interannual variability
and thus the dominant driver of agricultural impacts will likely be due to temperature.
The focal area for the first two studies is the continental United States and southern
Canada, while the final analysis is narrowed to U.S. agricultural areas east of the 100th meridian.
The combined study areas are home to some of the most extensive and intensive agricultural
systems in the world. Total grain production for example, contributes 20% of the global amount
(over 1.8 billion metric tons; USDA 2011) even though the arable land area is only 13% of the
total. This extraordinary production results from the confluence of favorable environmental
conditions (e.g. soils and climate), large inputs of capital and labor, and government policies that
create preferences for certain crops and practices while also building in forms of adaptive
capacity (such as subsidized crop insurance; Rosenzweig and Hillel 1998). It is thus a critically
important region now and in the future for food security.
In Terando et al. (2011; Chapter 2), we explore the observed spatial and temporal patterns
of climate change in the context of agro-climate indices. The analysis examines whether a
statistically significant trend is observed over the past 60 years (1951-2010) across southern
Canada, northern Mexico, and the continental United States. We focus on three agro-climate
indices: frost days, thermal time (also known as growing degree days), and a heat stress index.
The choice of these three agro-climate indices is somewhat arbitrary but they are representative of
those aspects of the climate system most important to agro-ecosystems in the North America.
That is, the annual number of frost days is a limiting factor on the growing season length, thermal
time captures the cumulative nature of how crops transform heat into photosynthate during the
growing season, and heat stress index measures the exposure to temperatures that cause
respiration rates to exceed photosynthesis rates. The results of the exploratory data analysis are
used to compare the ability of an ensemble of GCMs to reproduce the observed patterns and
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trends from 1961 - 2010. We also examine different model weighting schemes to determine if
they are able reduce ensemble error and bias compared to the naive multi-model mean prediction.
In Chapter 3, we develop a suite of probabilistic projections for the three agro-climate
indices using a statistical method known as Bayesian Model Averaging (Raftery et al. 2005). The
main purpose of this chapter is to develop the necessary methods that enable a physically
justifiable comparison between GCM hindcasts and the observed time series so that probabilistic
projections are possible. While the model hindcasts typically share the same forcings as the
observations, the temporal structure of the unforced internal variability will differ. This makes it
difficult to construct a training dataset that accurately captures model performance and the
predictive variance of the ensemble members. We describe a bootstrapping strategy that
addresses these issues by dampening the effect of interannual variability on long-term agroclimate trends. Bayesian Model Averaging is used to derive model weights based on the new
comparisons and to estimate the predictive variance. The robustness of the weighting procedure is
tested against the more conservative assumption of equal model weights and probabilistic
projections are calculated based on the results.
In Chapter 4, we use the methodology described in Chapter 3 to construct probabilistic
projections of corn yield damages in the eastern U.S. We use an empirical damage function
developed by Schlenker and Roberts (2009) that relates plant growth to temperature. The model
captures how yield variability is strongly related to the total exposure to different parts of the
temperature distribution. In effect it integrates the effects of the three agro-climate indices that are
the focus of Chapters 2 and 3. We quantify structural uncertainty between GCMs using Bayesian
Model Averaging and parametric uncertainty in the crop model by accounting for sampling error
and spatial dependence in the corn yield observations. Results from the full probabilistic
projection are compared to other characterizations of uncertainty as well as the point projections
with no uncertainty estimate. These three research articles together address the objectives of this
12

dissertation by: (1) evaluating changes in agro-climate indices that are considered in the
agronomic literature to be important to crop yields, (2) developing a methodology to derive
probabilistic projections that can be applied to these indices evaluate future changes due to
anthropogenic emissions, and (3) developing a set of endogenous agro-climate thresholds based
on a yield-climate model and using the results to derive probabilistic projections of future crop
yields. I conclude with a discussion of the main findings of the three chapters, the usefulness of
the approach, and future directions for this work.
All analyses were performed by myself. Chapters 2, 3, and 4 are versions of manuscripts
that have (or are projected to be) submitted to peer reviewed journals with me as the first author.
My co-authors in Chapters 2, 3, and 4 contributed through advice on the design of the analyses, as
well as revisions, edits, and additions to the text.
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Abstract
We examine recent changes in three agro-climate indices (frost days, thermal time, and
heat stress index) in North America (centered around the continental US) using observations from
a historical climate network and an ensemble of 17 global climate models (GCMs) from the
Fourth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC AR4).
Agro-climate indices provide the basis for analyzing agricultural time series that are unbiased by
long-term technological intervention. Observations from the last 60 years (1951 – 2010) confirm
conclusions of previous studies showing continuing declines in the number of frost days and
increases in thermal time. Increases in heat stress are largely confined to the western half of the
continent. We do not observe accelerating agro-climate warming trends in the most recent decade
of observations. The spatial variability of the GCMs’ temporal trends is lower compared to the
observed patterns, which still show some regional cooling trends. GCM skill, defined as the
ability to reproduce observed patterns (i.e. correlation and error) and variability, is highest for
frost days and lowest for heat stress patterns. Individual GCM skill is incorporated into two
model weighting schemes to gauge their ability to reduce predictive uncertainty for agro-climate
indices. The two weighted GCM ensembles do not substantially improve results compared to the
un-weighted ensemble mean. The lack of agreement between simulated and observed heat stress
is relatively robust with respect to how the heuristic is defined and appears to reflect a weakness
in the ability of this last generation of GCMs to reproduce this impact-relevant aspect of the
climate system.
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1. Introduction
Recent crop simulation and global climate models suggest that the global food supply
may decrease toward the end of the 21st century as a result of anthropogenic climate change
(Easterling et al. 2007; Battisti and Naylor 2009). However, the majority of these models assume
a static shift in the surface temperature distribution as the mean temperature increases (Easterling
et al. 2007). This potentially neglects changes in variance or extreme values (as noted by Meehl et
al. 2000) that are more closely coupled to biomass production than the mean surface air
temperature (Neild and Newman 1986).
Recent work has focused on characterizing the effects of recent observed climate
variability on crop yields, where yield is defined as the ratio of total production to area under
production (Lobell and Asner 2003; Lobell and Field 2007; Tebaldi and Lobell 2008). Time
series of crop yields embed technological advances (e.g. cultivar development, fertilization
procedures, land management) and other non-climate determinants of crop growth such as pest
and disease outbreaks (although many of these determinants are themselves tightly coupled to
climate variability and change). Procedures for removing the effects of non-climate determinants
of yield are difficult to implement because of the potentially confounding effect between
technology and climate as well as the difficulty in accounting for regional variations in exogenous
factors (Schlenker and Roberts 2009). An avenue to potentially improve the projections of
climate change effects on agricultural production is to calculate climate-based indices such as the
annual frost days, or consecutive days without precipitation; measures that are strongly correlated
with biomass production in agro-ecosystems (Tollenaar and Hunter 1983; Muchow et al. 1990;
Wilhelm et al. 1999). The three most common temperature based agro-climate indices measure
heat stress (heat stress index), cold stress (frost days or growing season length), and phenological
development (thermal time or growing degree days). Together these indices are important
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indicators of potential production for a given crop or region (Neild and Newman 1986). Increases
in the duration, timing, or magnitude of sub-optimum conditions as expressed in these indices
could adversely affect total biomass production.
Several studies have shown changes in some agro-climate indices and related temperature
extremes in North America in the 20th century (Easterling 2002; Frich et al. 2002; Feng and Hu
2004; Kunkel et al. 2004; Robeson 2004; Schwartz et al. 2006; Christidis et al. 2007; Meehl et al.
2007a). But it is not known how well global climate models (GCMs) are able to reproduce these
historic patterns at the impact relevant regional-scale except with regard to broad qualitative
comparisons (Tebaldi et al. 2006; Meehl et al. 2007a), or with older generations of coupled
atmosphere-ocean GCMs (Kiktev et al. 2003). Downscaling methods can improve model fidelity
to regional or local conditions, especially when evaluating changes in the tails of the parameters
distribution (Qian et al. 2010). However, it is still important to understand if the raw GCMs are
able to simulate these impact-relevant indices even at the scales at which they are intended to be
used for assessment activities (e.g. continental or sub-continental). Finally, the current generation
of widely-available GCM simulations are likely nearing the end of their shelf-life. Therefore, it is
important to document model skill for these types of variables so as to gauge whether the next
generation of GCMs was able to improve upon prior results. This study evaluates historic agroclimate trends and evaluates the ability of a large number of current generation GCMs to simulate
agro-climate indices. This is a necessary step towards improved impact assessments of the effects
of anthropogenic climate change on North American agriculture in the 21st century.
Assessing climate model skill and accuracy is essential for impact assessment and for
continuing GCM development. Past multi-model evaluations indicated that GCMs show
considerable ability to reproduce global annual surface temperature but are less skillful in
reproducing observed precipitation and pressure fields (Covey et al. 2003). Models also
successfully simulate other aspects of the climate system such as monthly sea surface temperature
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and salinity (Schneider et al. 2007). Detailed model-data comparisons and skill assessments are
less common for climate variables based on daily data, as reproducibility is expected to be lower
given the coarse resolution of GCMs and the increasing importance of random weather events in
defining the statistics of a climate parameter as the time-scale decreases. However, studies
comparing results of multiple GCMs at higher temporal resolutions found that the models show
some ability to simulate impact-relevant indices. For example, Tebaldi et al. (2006) found that an
ensemble of GCMs correctly reproduced the sign of the temporal trend of ten climate-extreme
indices, while Meehl et al. (2004) found some similarities between spatial trends in model output
and observations for 20th century frost days in the U.S.
The release of results from nearly two dozen GCMs through the World Climate Research
Program Coupled Model Intercomparison Project (WCRP CMIP3; or CMIP3) gives researchers
unprecedented access to state-of-the-art climate model output (Meehl et al. 2007b). This dataset
facilitates the study of more regional and localized climate change impacts (e.g. Tebaldi et al.
2004; Schneider et al. 2007). It also enables researchers to examine multi-model projections of
more impact-relevant climate indices such as temperature and precipitation extremes (Meehl et al.
2007a; Tebaldi et al. 2006) and to better evaluate differences in model skill through comparisons
with past observations (Covey et al. 2003; Schmittner et al. 2005). Finally, using multi-model
ensembles can reduce predictive uncertainty compared to using any single model in isolation
(Hagedorn et al. 2005; Raftery et al. 2005). We use this set of model simulations to gauge the
ability of the current generation of GCMs to reproduce observed patterns of agro-climate indices
in North America.
Our approach to assess the skill of a GCM is given by Taylor (2001), who defines skill as
the ability of a model to reproduce a climatic variable’s observed spatial and temporal patterns. A
‘perfect’ model under this definition would have no error as computed by the root-mean-square
(RMS), would perfectly correlate with the data, and have the same standard deviation. Thus,
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‘skill’ measures correspondence between patterns, trends, and variability in the model and
observations. We adopt this definition of skill for our analysis.
We address two questions: 1) What are the spatial and temporal patterns of agro-climate
indices in North America in the late 20th and early 21st century, and 2) What is the skill of GCMs
(both individually and as a combined multi-model ensemble) in reproducing these patterns? We
analyze observed patterns through the use of a combined global long-term station observation
network, the Global Historical Climatology Network (GHCN; Durre et al. 2010). We evaluate
model skill by calculating 20th century agro-climate indices for 17 GCMs from the CMIP3 with
the necessary daily maximum and minimum temperature output. We examine individual and
ensemble model skill through spatial and temporal pattern similarity statistics. With this
approach, we examine the current limits of the CMIP3 dataset to potentially provide useful
projections for ecologically and socially important climate variables at more relevant spatial and
temporal scales.

2. Data
a. Observations
We analyze an area bounded by the conterminous United States and northern Mexico
(north of 20o latitude) and Canada to the 55th parallel. The GHCN contains long records of daily
station data for maximum and minimum temperatures for thousands of stations updated daily
(Durre et al. 2010). These data have been carefully quality controlled to minimize processing
errors by subjecting the data to 19 quality assurance tests (e.g. internal consistency checks, timeof-day reporting biases, duplicate values, etc). We removed all flagged values from the dataset,
which still allowed us to retain observations from over 17,000 stations.
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b. Climate Models
We use GCM data from the WCRP CMIP3 multimodel dataset (Meehl et al. 2007b). We
choose GCMs with daily model output for the ‘Climate of the 20th Century’ experiment (20C3M)
performed for the Fourth Assessment Report of the Intergovernmental Panel on Climate Change
(or AR4). In all, 17 GCMs have daily maximum and minimum temperature data with time series
lengths ranging from 38 to 100 years (Table 2-2). For GCMs with more than one model run, we
use the first model run to retain maximum variability in the daily output. We ignore GCM output
over oceans in order to maintain consistency with the climatic processes observed by the GHCN.

3. Methods
a. Agro-climate Indices Calculation
We examine three agro-climate indices: frost days, thermal time (or growing degree
days), and the heat stress index (HSI). A frost day is a day where the minimum temperature is
below 0 oC. The number of frost days impacts crops by (a) affecting the growing season length
and (b) damaging crops from either early or late growing season frost events. Thermal-time is the
number of accumulated degrees within certain thresholds over a given time period for a crop. It is
a useful heuristic because of its strong correlation with crop growth (Coehlo and Dale 1980).
Following Feng and Hu (2004) we define thermal time as:
Ge

TT 

 [( T

max

 T min ) / 2  T l ]

,

(1)

Gb

where TT is the thermal time, Gb and Ge are the beginning and ending dates of a standard growth
period for a crop (e.g. April 1 through October 31), Tmax and Tmin are the maximum and minimum
daily temperature respectively, and Tl is the limiting temperature where the upper and lower
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limits define the range of crop growth. If the mean daily temperature (the first term in (1)) is
below the lower limit of Tl or above the upper limit of Tl, then the mean daily temperature is set to
Tl and the number of growing degrees for that day is set to 0. We use temperature thresholds
applicable for growing maize (Zea mays L.) in the central U.S. to derive the thermal time values
with Gb and Ge set to April 1 and October 31, respectively and upper Tl and lower Tl fixed at 30 oC
and 10 oC (Feng and Hu 2004). We use this particular growing season to facilitate comparison of
trends across regions and because most of the study area is agriculturally active during this time
of year. Maize was chosen as the threshold crop because it encompasses the largest acreage and
greatest production value of any single crop in the U.S. (USDA 2002). In addition, in a warming
climate there is potential for northern expansion of maize production areas (or conversely, a
southern contraction of suitable production areas). The heat stress index, similar to thermal time,
is the accumulated degrees above a specified temperature threshold (equivalent to the upper Tl of
30 oC), aggregated over the growing season. Temperatures above this threshold can negatively
impact key plant processes such as grain filling, resulting in reduced biomass production
(Wilhelm et al. 1999). All three indices are expressed as aggregated yearly values and we remove
years with more than 10% missing days, or if more than 5% of days are missing within the season
of interest (i.e. cold season for frost days or the growing season for heat stress and thermal time).
We separate our analysis of the linear trends of agro-climate indices in the GHCN into
two ‘sets’ of time periods. The first set contains two time periods: 1951-1980 and 1981-2010.
Trends are not calculated prior to 1951 in order to maximize the number of stations available with
nearly complete records (greater than 90% of years available). This allows for a consistent
comparison across time periods and increases confidence in the observed trend patterns. The
break-point at 1980 is chosen since it roughly coincides with the beginning of the most recent
warming period of the 20th century (Brohan et al. 2006; Smith and Reynolds 2005) and is
concurrent with noted atmospheric circulation changes in the late 1970s that coincided with an
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abrupt regime shift in the heat content of the Pacific Ocean (Barnett et al. 2001; Stephens et al.
2001; Brohan et al. 2006). The second period ends with the most recently available year of daily
GHCN dataset used for this study.
Time periods in the second set of linear trends consist of seven overlapping thirty-year
periods over which we assess statistical significance of agro-climate trends: 1951-1980, 19561985, 1961-1990, 1966-1995, 1971-2000, 1976-2005, and 1981-2010. These periods are used to
illustrate the evolving character of the agro-climate signal as measured by the percentage of
stations showing significant trends. We also use these overlapping time periods to examine the
evidence for accelerating agro-climate warming trends.
To calculate the statistical significance of a station’s temporal trend, we use least-squares
regression to fit a linear trend to the data and account for temporal autocorrelation by fitting a
first order auto-regressive time series model to the residuals of the linear model (Harvey 1993;
Brockwell and Davis 1996). Both models are fit using the arima function in the R statistical
package (R Development Core Team 2008). A station’s trend is considered statistically
significant if after accounting for autocorrelation, the 95% confidence interval around the linear
trend does not contain zero. We employ a Kalman filter to interpolate missing values in a
station’s time series (Shumway and Stoffer 2006). Stations’ where 80% or more of the agroclimate index’s values are a single value (i.e. zero) are removed from the trend analysis. This is
done because it is assumed that these observing stations are not in areas with climatic conditions
commiserate with how we have defined these three agro-climate indices and it is difficult to
estimate a trend for these locations because of the lack of days that fall within the thresholds. We
also remove stations from this portion of the analysis if they have five or more consecutive years
of missing data or if the last three or more of the final years are missing. Finally, because we test
for statistical significance at multiple sites, we account for an inflated null hypothesis rejection
rate (also known as the false-discovery rate) by calculating adjusted p-values that are pooled
26

across all station trends (Benjamini and Hochberg 1995).Overall, between 778 (thermal time) and
1233 (frost days) stations remained in the trend analysis upon completion of the filtering process
(Table 2-1).

c. Interpolation Method – Trend Patterns
We examine spatial patterns of agro-climate trends by interpolating the station trends
onto a 0.5o by 0.5o (latitude, longitude) grid. We use kriging methods to perform the interpolation
(Bretherton et al. 1976; Cressie 1993). This requires the specification of a model to represent the
spatial correlation structure between station trends so as to arrive at an objectively weighted value
at each grid cell based on the surrounding stations.
We select the model for the correlation structure of the data by examining empirical
variograms depicting the spatial correlation between locations in a 2-D graphical form (Cressie
1993). In an empirical variogram, spatial dependence is expressed by the magnitude of the
semivariance values (i.e. the dissimilarity) across all pairs of data points, separated into bins
according to the distance (or ‘lag’) between station locations. Unresolved small-scale variation,
referred to as the ‘nugget’, is given by the semivariance value for the lag-0 bin. For the analysis
we create empirical variograms for the two time periods (1951-1980 and 1981-2010).
Examination of these variograms suggests that an exponential function with maximum ranges
between seven (frost days) and nine degrees (thermal time and heat stress index) distance is a
reasonable approximation to the observed variability and is used for the interpolations. The
nugget values for the three agro-climate indices range from 0.2 to 0.4 for frost days (in units of
(days/year)2), 1.5 to 3.0 (degree days/year)2 for thermal time, and 0.4 to 1.9 (degree days/year)2
for heat stress index.
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d. Interpolation Method – Block Patterns
The spatial resolution of the CMIP3 simulations is too coarse for direct comparison to
station trends. One option is to use empirical downscaling methods wherein a statistical model is
fit between the GCM output and the locations of interest (Christensen et al. 2007). However, one
goal of our analysis is to retain the original model output in order to evaluate strengths and
weaknesses of the current generation of GCMs as a prelude to the release of the next CMIP
dataset (CMIP5). Therefore, we must aggregate the observations up to a scale that is appropriate
for comparison with the GCM data. We chose to interpolate the GHCN data to a 5o by 5o
(longitude and latitude) grid covering the study area. We assume this scale is coarse enough to
allow for comparison with GCM output while also still showing regional patterns of change and
variability for the agro-climate indices.
We follow a modified version of the procedure described in Haylock et al. (2008) using
Thin-plate Splines (TPS) for the interpolation. The spline model (with an elevation covariate) is
fit to the station data by Generalized Cross Validation in the R package fields (Fields
Development Team 2006). The fitted model is then used to interpolate the daily observations of
max and min temperature to a very fine grid (10’ resolution or roughly 0.167o) of locations
commensurate with the National Oceanic and Atmospheric Administration’s (NOAA) ETOPO1
Global Relief Model (Amante and Eakins 2009). These interpolated data are averaged across the
corresponding 5 degree grid cells. We use the resulting daily max and min temperature fields to
calculate annual agro-climate indices for each grid cell. Haylock et al. (2008) argue that this
method allows for better comparison with GCM output since averaging across a fine grid to
achieve the coarse grid values is more similar to the output from the finite difference method used
in GCM simulations than is interpolating directly from station observations to the grid centroid.
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e. GCM Analysis
We calculate two different skill scores for each agro-climate index to gauge the ability of
GCMs to simulate 20th century patterns of agriculturally-related climate change. These skill
scores reflect both the correlation and the area-weighted average deviation between the GCM
results and the observations. The first measure is the Taylor skill score (Taylor 2001):
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where R is temporal correlation between the model (the GCM) and observations, σm and σobs is
the estimated standard deviation of the model and observations, respectively, and Ro is the multimodel ensemble mean correlation (Taylor 2001; Schneider et al. 2007). Related to this skill score,
Taylor diagrams are also calculated. These diagrams compare the ‘distance’ of a model from the
observations and relative to other models by exploiting the geometric and algebraic relationship
between the correlation, standard deviation, and RMS error so that they can all be viewed
simultaneously on one diagram (Taylor 2001). We calculate this and all subsequent skill scores
for the agro-climate indices averaged across the entire study area, creating a single time series for
each GCM and the observations.
The second skill score is the Mean Absolute Error (MAE). This score is similar to the
RMS error but is less sensitive to outliers (Wilmott et al. 1985). It is calculated as:
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where N is the number of years at each location to compare, obsi is the observed agro-climate
value at a location in year i and mi is the model value at the same location in year i. We note that
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the Taylor skill score is unaffected by a constant model bias while the MAE is sensitive to
constant model bias.
We create Taylor diagrams (Taylor 2001) and weighted rankings based on Taylor skill
scores and the Mean Absolute Error (MAE) for anomalies of agro-climate indices for each GCM
over the period 1961 – 1998 (the period when all 17 GCMs had complete time series). Before
calculation of the model’s two skill scores from (4) and (5) we use bilinear interpolation to create
estimated GCM values for the coarse grid locations used to aggregate the GHCN observations.

4. Results
a. Interpolation comparison
To evaluate the efficacy of our method, we compare the results of the TPS interpolation
to another dataset of max and min temperatures (Maurer et al. 2002). These gridded data are
available from 1950-1999 (currently being updated to 2010) for the conterminous US at a
resolution of 1/8o (~12 km). Originally, the dataset was created for hydrologic modeling, and as
such, the model used to create the gridded observations is structured so that the land surface water
and energy budgets balance at each time step. Thus, additional forcings are used to derive the
model, in contrast to two parameter (distance and elevation) model used in our TPS procedure.
For each grid cell we calculate the MAE, the correlation coefficient, and the daily difference
between the two datasets. We also compute the area-weighted average correlation coefficient and
MAE across all grid cells.
In general there is good agreement between the datasets. Data-sparse regions in Mexico,
mountainous regions, and near the Great Lakes have higher MAE values (Figures 2-1a and 2-1b)
and lower correlation coefficients (Figures 2-1c and 2-1d). For both max and min temperature,
the average MAE value across all grid cells and all days is 0.4 oC, and the spatially-averaged
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correlation coefficient is very high, at 0.99. In Figures 2-1e and 2-1f, the daily time series of
average differences between grid cells shows that the TPS gridded values are biased towards
slightly colder maximum temperatures (mean difference of -0.1 oC) and slightly warmer
minimum temperatures (mean difference of 0.1 oC). These differences appear to be consistent for
the entire 50 year period, suggesting they are a product of differences in the gridding
methodology.

b. Agro-Climate Trends
We first present the spatial results of the estimated and interpolated least-squares station
trends without accounting for serial correlation. Figure 2-2 shows spatial trend patterns of agroclimate indices for the analyzed stations and the interpolated results for the study area over the
two time periods (1951-1980 and 1981-2010). Only those stations with trends larger than ±0.5
(frost days year-1), ±2.5 (growing degree days year-1), and ±2.5 (heat stress degree days year-1) are
shown. There is a noticeable decline in the number of stations with increasing frost days trends
(i.e. a decline in cooling trends; Figure 2-2a and 2-2b) and an increase in the number of stations
with negative frost days trends, especially in the eastern US and Canada (red circles). The most
recent time period shows the shift to a warming pattern that dominates large portions of the
continent (Figures 2-2b). The pattern is consistent with the regional late 20th century trends seen
in Cayan et al. (2001), Easterling (2002), Feng and Hu (2004) where western areas of the
continent show the most warming over the entire period, although areas of the central US and
southeastern Canada also have experienced substantial declines in frost days. Easterling (2002)
and Feng and Hu (2004) also show weak cooling trends in the southeastern U.S., and a decade
after these studies, this pattern continues, insofar as areas around the south Atlantic coastal plain
have shown a weak cooling trend.
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There is a similar pattern for the thermal time trends where negative trends are seen for
the majority of stations for the first time period, which could be coincident with the positive frost
trends (Figure 2-2c and 2-2a). However, given that thermal time for maize is defined by both a
lower and an upper surface air temperature limit, an increase in extreme high temperatures can
also result in lower thermal time and thus a negative trend. Figure 2-2d generally mirrors the
pattern seen with frost days (i.e. majority declines in frost days and increases in thermal time).
The pattern of heat stress index trends changes markedly between the two periods (Figure
2-2e and 2-2f). There are negative HSI trends over most of the eastern and southern half of the
U.S. in the first time period (nearly 40% of stations; Figure 2-2e). Most of the interpolated HSI
trends for Canada are near zero since the extreme maximum temperatures that define the heat
stress index are not as common in this region. There are positive HSI trends in the western parts
of the continent while negative trends persist for both time periods in the central and southeastern
regions. Feng and Hu (2004) and Lobell and Asner (2003) find similar cooling trends in the
central and southeastern parts of the U.S. and the warming trend in the southwestern U.S. is
consistent with what Easterling (2002) found for frost days. The warming trend for HSI values in
the western U.S. confirms that warming in recent decades in this region is not limited to
increasing night temperatures. The number of stations with large warming trends is the lowest for
HSI values compared to the other agro-climate indices. This is consistent with prior studies
showing that for most of the U.S., the recent warming primarily manifests as an increase in
minimum temperatures (Karl et al. 1993; Jones et al. 1999; Easterling et al. 2002; Caesar et al.
2006). However, the overall number of stations with large positive trends increases from 3% to
13% between the two time periods.
We estimate probability density functions (PDFs) of the linear station trends for the two
time periods plus the entire 60 year period for each agro-climate index (Figure 2-3). The
horizontal lines above each PDF correspond to two standard deviations around the sample mean.
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The results confirm the large shift in trends from the first time period to the two most recent
periods. The continued increase in minimum temperatures indicated by the frost day trends and
the lack of widespread increases in HSI values is a likely contributor to the large shift towards
positive thermal time trends seen in Figure 2-3b. The HSI PDFs also show that although the
majority of station trends remain near zero for the three time periods, the large change in the
mean from the first to the most recent period stem from the decline in negative skewness in the
trend distribution.
We use the method described in Section 2 to detect statistically significant station trends
while accounting for serial correlation in the data. We use the second set of seven overlapping 30year time periods from 1951 – 2010. The results in Table 2-1 are separated according to trend
direction (warming or cooling) and region (east or west of the 100th meridian). With the exception
of frost day trends in the western region, all agro-climate indices show declines in the percentage
of stations with statistically significant negative trends. However, the data also show the influence
of the recent series of colder summers and winters as some agro-climate indices show substantial
declines in the percentage of stations with statistically significant warming trends for the 19812010 period compared to the immediately preceding decades.
Figure 2-4 presents the results of Table 2-1 in graphical form by plotting the station
trends after accounting for autocorrelation. If an accelerating warming trend is present, one would
expect to see the mean temporal trend increase through time for the heat-stress index and thermal
time while decreasing for frost days. Such an acceleration of warming is possible as the
anthropogenic signal becomes more pronounced and as the maximum oceanic heat uptake
approaches. We find no clear evidence of such trends at this time. The frost day trends shown in
Figure 2-4 actually increase in the most recent decades, although the overall trend is still
negative. Thermal time and heat stress index trends (not shown) are nearly constant for all but the
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first 30-year time period. We conclude that at least qualitatively, there is no obvious and strong
evidence for an accelerating agro-climate warming trend.

c. GCM Results
Most GCMs only have daily data from 1961-2000 for the 20C3M experiment as part of
the IPCC AR4. We compare model versus observed trends for this period and calculate leastsquares linear trend estimates after interpolating to the same 5o latitude by 5o longitude grid as
used for the observation data. Figure 2-5 summarizes the results of the comparison for each grid
cell. The results are ordered by ascending observation trend for each agro-climate index. For each
grid cell, the mean, median, and range of the 17 GCM agro-climate trends are plotted. At the top
of each panel are the aggregated results for the continental and the eastern and western regions.
Several interesting patterns emerge in this figure. The GCMs show very few cooling trends and
generally show a more static range of agro-climate index trends. Furthermore, this range of GCM
values is more likely to not include the observed trend if it is a cooling trend. The simulated agroclimate indices also do not exhibit cooling trends, unlike the GHCN data. The aggregated and
spatially averaged GCM trends all show stronger warming than the observed trends. That being
said, the sign of the simulated agro-climate index trends is correct for the continental and regional
scales. However it is important to note that even at the continental scale, the observed thermal
time trend falls outside the range of the GCM ensemble (Figure 2-5b).

d. Model Skill Evaluation
The Taylor diagrams for the 17 GCMs for each agro-climate index show relatively low
model skill for all agro-climate indices, particularly for HSI values (Figure 2-6). The three
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statistics (correlation, standard deviation, and RMS error) that define the Taylor diagram
generally show poor model fit for the individual GCMs, with the exception of good agreement
between observed and modeled temporal variability (Table 2-2). As a group the GCMs have
highest skill in simulating frost days, although correlation coefficients are still for the most part
low (μr = 0.23, σr = 0.2). However, most individual GCM standard deviations for this agroclimate index are close to the observed value. Most sample standard deviation values are also
within 50% of the observed value for thermal time with similar correlation coefficients and RMS
errors as the simulated frost day anomalies. Taylor diagrams indicate that model skill for
reproducing the observed heat stress is low. This may be partly due to GCMs simulating too few
maximum daily temperatures above the 30 oC HSI threshold. An extreme example of this is the
fact that the National Center for Atmospheric Research’s Parallel Climate Model’s (NCAR PCM)
output did not contain any days above the HSI threshold in the entire study area. Consequently,
RMS errors for this agro-climate index are much higher compared to thermal time or frost day
RMS errors and correlation coefficients are near zero for all GCMs. Some GCMs also have
sample standard deviation values more than twice as large as the observations, although many are
within 50% of the observed value.
We also included results from an empirically downscaled GCM (from the GFDL model)
for comparison with the raw GCM output. Daily max and min temperatures were downscaled to a
1/8o grid using the Maurer et al. (2002) dataset as the basis for the fitted model and then
aggregated up to the coarse grid and the continental scale. This particular downscaling method
(described in O’Brien et al. 2001) uses asynchronous regression to better represent the extremes
of the temperature distribution. The results are plotted in the Taylor diagram in Figure 2-6 and
are labeled ‘DS’. Interestingly the results do not appear to substantially change for the
downscaled output for this particular model. All metrics used to calculate and plot the skill score
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(standard deviation, correlation, and RMS error) show results that are similar to the raw GCM
output.
It is important to note that correlation values (and therefore part of the skill score
assessment) could be greatly affected by differences in teleconnection phase (e.g. ENSO or NAO)
or the initial values and patterns of sea surface temperatures. This boundary condition uncertainty
can lead to low (or high) correlation between models and observations; meaning this metric may
not be as meaningful a measure of skill compared to other metrics such as the standard deviation
(Tebaldi and Knutti 2007). Nevertheless, if there is a consistent long-term trend in both the
models and the observations, then it should be reflected in the correlation coefficient.
We use the Taylor and MAE skill scores to calculate model-specific weights and a
corresponding weighted GCM ensemble-mean to attempt to reduce predictive uncertainty of
projected changes in agro-climate indices (Schneider et al. 2007). To calculate the model weights,
the skill scores are rescaled to range from zero to one (Table 2-2). The two sets of model weights
are applied to the ensemble-mean GCM for each agro-climate index. The resulting weighted and
un-weighted (also can be thought of as equally-weighted) time series and the least squares trend
lines are shown in Figure 2-7. Of the two weighting schemes, only the Taylor skill score weighted
mean ensemble is shown, but the MAE weighted time series produces very similar results. We
also show the individual GCM time series and the observed mean time series and its trend line for
comparison. Although the Taylor diagrams indicate low model skill for most individual GCMs,
the ensemble means (both weighted and un-weighted) track closely with the observed time series.
Some individual discrepancies between the ensemble means and the observations can be
identified, such as the sharp decline in thermal time and heat stress index values around the time
of the Mt. Pinatubo eruption. Some GCMs did not include this strong, temporary forcing in the
20C3M experiment and thus no abrupt cooling would be expected. Nevertheless, the ensemble
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mean does show a decline during these years that is likely reflective of lower simulated
temperatures for GCMs that did include volcanic forcings in the experiment.
The overall improvement in the two ensemble mean GCM time series results in smaller
MAE and RMS errors when compared to individual GCM error. For example, the weighted
ensemble mean GCM MAE for the three agro-climate indices are 70%, 65%, and 69% (for frost
days, thermal time, and heat stress index, respectively) of the mean of the individual GCM mean
absolute error values.
Overall little improvement is seen in the Taylor skill score-weighted ensemble mean
GCM versus the arithmetic ensemble mean (Table 2-3). Least squares trends for thermal time and
the heat stress index are larger than observed and very similar for all weighting methods. The
model skill as depicted in these statistics is lowest for the heat stress index regardless of the
method used. The three GCM ensembles do correctly reproduce the sign of the observed trend for
all agro-climate indices, similar to the results of Tebaldi et al. (2006).
There is potential for the weighted ensemble GCM to suffer from model over-fitting
where the addition of parameters meant to improve the agreement between the GCM ensemble
and the observations can cause loss of predictive accuracy and thus no reduction in uncertainty.
We examine this possibility by performing a simple leave-one-out cross-validation test of the
Taylor skill score-weighted ensemble GCM. Cross validation involves using a subset of the
original dataset as the input or “training” dataset for the model. The model is then used for
prediction over the remainder of the data that are originally withheld. In this case, the model is
the ensemble GCM created from the Taylor and MAE skill scores. We withhold one year of data
from each GCM and recalculate the weighted ensemble GCM and repeat for each year from
1961-1998. The average MAE over all withheld years (Table 2-4) does not indicate model overfitting. However, it does appear that the two weighting schemes fail to improve on the prediction
error.
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e. Heat Stress Skill
One remaining issue is the much lower model skill (for both correlation and variability)
when simulating HSI values compared to the other two agro-climate indices. Similar to thermal
time, HSI is a cumulative measure of temperature within specified thresholds (and in this case an
unbounded upper threshold). One would expect that a model’s ability to reproduce a yearly
cumulative value would be less than its ability to reproduce the number of days beyond a
particular threshold. Indeed, GCMs show higher skill in reproducing frost day trends compared to
both thermal time and HSI. In addition, the threshold itself may have an impact on model skill.
For example the frost day threshold of 0 oC is only 0.1 sample standard deviations from the study
area sample mean minimum daily temperature of 1.7 oC (calculated across the 5o X 5o grid).
However, the HSI threshold of 30 oC is 1.7 sample standard deviations greater than the sample
mean maximum daily temperature of 14.3 oC. Is the low HSI model skill a statistical artifact due
to the manner in which this heuristic is defined or is this aspect of the climate system poorly
simulated by the GCMs?
We address this question by calculating two alternative definitions of heat stress. First,
we define annual heat stress days as the number of days above a specified maximum daily
temperature threshold, similar to frost days. Second, we calculate heat stress days for a series of
21 thresholds that correspond to values between zero and two standard deviations (between 14.3
o

C and 34.5 oC) above the observed mean daily maximum temperature. We then use the same set

of standard deviation values to calculate 21 different cold stress thresholds between 1.2 oC and 17.6 oC. Using these definitions, we recalculate heat and cold stress days for the interpolated
observations and GCM output. We then compute the ratio of the area-wide standard deviation for
each GCM to the observed standard deviation.
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The box plots in Figure 2-8 show that for both indices, as the threshold distance from the
mean increases, the model fidelity to the observations decreases. However, there are also
differences in this behavior between the indices. The range of standard deviation ratios is much
smaller for the cold stress thresholds and grows smaller as the corresponding thresholds increase
in absolute magnitude. This figure also shows the importance of using the ensemble mean to
reduce predictive uncertainty in impact assessments. For while the range of standard deviation
ratios greatly increases for the heat stress thresholds, the mean ratio remains near one
(corresponding to observed value).

5. Discussion
The spatio-temporal trends in the agro-climate indices all show large areas of regional
warming in recent decades. However, we also find substantial differences in the magnitude and
geographic extent of this warming across the US and southern Canada. Common to all the agroclimate indices’ trends is the recent warming in the western continental U.S., which is most
pronounced for thermal time and heat stress index. This is consistent with GCM projections of
precipitation decreases and temperature increases across the southwest U.S. concomitant with a
weakening of the summer monsoon (Christensen et al. 2007).
The most recent decades show a more moderated warming trend. Some of this
moderation is likely related to the weakened North Atlantic Oscillation (the so-called ‘WarmArctic/Cold Continent’ phenomenon; Budikova 2009). This is especially the case with the
reduced warming trend for frost days, where historically low summer arctic sea-ice amounts may
lead to a weakened polar vortex in the fall and winter that translates into deep penetration of
colder air masses into the midlatitudes (Francis et al. 2009).
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Our evaluation of the ability of GCMs to simulate 20th century North American agroclimate indices shows that individual model skill is low compared to other aspects of the climate
system that have been evaluated (e.g. Covey et al. 2003; Schmittner et al. 2005). This is partly
due to the fact that examining these three particular agro-climate indices requires using GCM data
at a high temporal resolution that will negatively impact statistical agreement between models
and observations. First and foremost, the low correlation scores are to be expected given that
these are dynamic Atmosphere-Ocean Models with their own simulated internal variability that
has no year-to-year relation to the observed inter-annual variability (with the notable exception of
GCMs that included large forcing events such as the Mt. Pinatubo eruption). However, overall
model skill also suffers from both the higher variability of climatic data at daily time-scales and
because the agro-climate indices are cumulative annual variables whose errors are compounded if
a GCM exhibits a systematic bias. We also note that for sub-continental scales using the entire
multi-model ensemble is important to increase the likelihood that the observed trend will fall
within the range of model output. However even with the full ensemble, for many grid cells the
observed trend fell outside this range. This suggests that use of the range of model outputs can
lead to over-confident predictions and potentially insufficient hedging against more extreme
results (Draper 1995; Urban and Keller 2009).
The different heat and cold stress definitions analyzed in our study show that there are
real differences in model skill as the thresholds increase. These differences exist both within the
meteorological parameter being considered (i.e. maximum or minimum daily temperature) as
well as across parameters. It appears that the CMIP3 generation of GCMs are less skillful at
simulating the tails of the distribution for maximum temperatures as depicted by the heat stress
index compared to other agriculturally-pertinent climate indices such as frost days. The poor
model fit around the years impacted by the Mt. Pinatubo eruption (Robock and Mao 1995)
suggests some possible reasons for the discrepancy. This eruption caused a major cooling event
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due to the release of large amounts of aerosols into the atmosphere. Accurately simulating the
effect of such aerosols on climate (both natural and anthropogenic), has long been a significant
challenge for the modeling community (Penner et al. 1994; Haywood and Boucher 2000),
especially for indirect effects such as clouds (Randall et al. 2007). Even for those models that
explicitly specify the estimated reductions in short-wave radiation due to the effects of volcanic
eruptions, the heat stress temporal trend and year-to-year anomalies are still biased towards
values higher than those observed. Additional difficulties in simulating precipitation (and the
attendant cloud cover) also may disproportionately affect the ability of GCMs to simulate heat
extremes due to its greater effect on maximum temperatures versus minimum temperatures.

6. Conclusion
We analyzed late 20th and early 21st century trends of three agro-climate indices (frost
days, thermal time, and heat stress index) in North America and the ability of 17 GCMs to
reproduce the observed temporal and spatial patterns. While many other indices could be used
for impact analyses, these three represent a useful marker to illustrate relative strengths and
weaknesses of the current generation of GCMs. Future efforts could include other agriculturallyrelevant indices such as the frost-free period or growing-degree day thresholds based on other
crops and regions.
Using a historical climate network as the basis for the observations we find widespread
warming trends in all three indices with frost days and thermal time exhibiting the most
consistent warming trends. The areal extent of cooling trends declines through time and a largescale pattern shift is observed around 1980. Accelerating agro-climate warming trends in the most
recent observations are not observed, suggesting a stable or even a moderated warming trend at
the present time in North America. GCM skill in reconstructing 20th century agro-climate index
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changes is poor compared to the ability of GCMs to simulate other aspects of the climate system
such as sea surface temperature (Schmittner et al. 2005), and mean surface air temperature
(Covey et al. 2003). This result held even when compared against an empirically downscaled
GCM. The analyzed model weighting schemes of Taylor (2001) and Schmittner et al. (2005) do
not substantially improve agreement with the observed temporal patterns. Using the ensemble
mean does however more accurately reproduce the observed variability of the agro-climate
indices and the sign of the temporal trends. Using the multi-model ensemble increases the
likelihood that the range of GCM trends will include the observed value. GCMs have the greatest
skill in simulating frost days and accurately simulate both the sign and the magnitude of the linear
trend.
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Table Headers
Table 2-1: Percentage of stations with statistically significant linear trends (H0 = 0; alpha = 0.05)
after accounting for serial correlation and adjusting for pooled hypothesis testing for the seven
overlapping time periods from 1951-2010 for all agro-climate indices.
Table 2-2: Pearson’s correlation coefficient values ( r ), standardized sample standard deviations
(σ), and centered RMS error for the GCMs used in this study. All values are derived from
comparisons with the interpolated GHCN dataset for the period 1961 – 2000. Standardized σ is
expressed as the proportion of the GCM’s standard deviation compared to the observed sample
standard deviation. Note there are no HSI values from the National Center for Atmospheric
Research (NCAR) Parallel Climate Model’s (pcm) output, therefore no statistics are calculated
for this model for HSI. Also displayed are the individual model weights, for each GCM based on
the Taylor skill scores and the mean absolute error (MAE).
Table 2-3: Least squares trends and Pearson’s correlation coefficient for observations and
ensemble GCMs for each agro-climate index. Period of comparison is 1961 – 2000. Ensemble
GCMs include un-weighted (Arithmetic) and weighted GCMs based on Taylor skill scores (TYL)
and the mean absolute error (MAE).
Table 2-4: Leave-one-out cross validation error expressed as the mean absolute error (MAE) for
the weighted and un-weighted GCM ensembles for the three agro-climate indices. Period of
comparison is 1961 – 1998. Ensemble GCMs include un-weighted (Arithmetic) and weighted
GCMs based on Taylor skill scores (TYL) and the mean absolute error (MAE).
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Figure Legends

Figure 2-1: Mean absolute error for daily max and min temperature (panels a and b), pattern
correlation (panels c and d; computed over all years for each grid cell), and the weighted average
of daily differences (panels e and f) between the Mauer et al. (2002) and GHCN datasets from
1950 – 1999. GHCN station data were interpolated using Thin Plate Splines to a 0.1o by 0.1o
(latitude, longitude) grid and then averaged to a 5o by 5o grid while grid cells for the 12 km
resolution Maurer dataset were averaged to the same 5o by 5o grid.
Figure 2-2: Agro-climate indices trends for 1951 – 1980 (left column) and 1981 – 2010 (right
column). Panels a) and b): frost days; panels c) and d): thermal time; panels e) and f): heat stress
index. Filled circles represent individual stations with colors representing either a warming (red)
or cooling (blue) trend. Stations with trends between -0.5 and 0.5 days year-1 for frost days and 2.5 and 2.5 degree days year-1 for thermal time and heat stress index are not displayed.
Background gridded values are interpolated trends from the GHCN station data with color bars on
the right panels in the same units as the station trends.
Figure 2-3: Probability density functions of station trends (after accounting for auto-correlation)
for frost days (panel a), thermal time (panel b), and heat stress index (panel c). Each color
corresponds to the density of station trends for one of three trend time periods: blue (1951 –
1980), red (1981 – 2010), and black (1951 – 2010). Vertical dotted lines represent the sample
mean trend across all stations and horizontal lines represent two sample standard deviations
around that mean.
Figure 2-4: Mean station trends for five overlapping 30-year time periods from 1951 to 2010 for
frost days. Heavy horizontal line is the mean trend for the time period while vertical lines
represent two standard deviations around the mean.
Figure 2-5: Observed and interpolated GCM trends by grid location for frost days (panel a),
thermal time (panel b), and heat stress index (panel c) for the period 1961-2000. Open circles are
ordered observed trends for each location of the 5o X 5o grid created using Thin Plate Splines.
Closed circles are the mean trend of all GCMs for the same location, closed squares represent the
median of all GCM trends, and horizontal lines correspond to the range of values. Top three rows
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of values in all plots are the observed and GCM trends for aggregated eastern (e) and western (w)
continental regions and for the entire study area (all).
Figure 2-6: Taylor diagrams (Taylor 2001) showing Global Climate Model (GCM) skill in terms
of correlation with observations and RMS error and their ability to reproduce the observed
standard deviation for frost days, thermal time, and heat stress index for 1961-2000. Black semicircles represent the magnitude of the GCM’s standard deviation compared to the observed value.
Green semi-circles represent the RMS error and radial dashed lines indicate the correlation
between the models and the observations. Numbered circles correspond to order of GCMs in
Table 2. Also included is an empirically downscaled simulation for the GFDL2.1 model (DS
circle). A ‘perfect’ model would be located at the square where the RMSE is zero, the correlation
coefficient is one, and the standardized standard deviation is one.
Figure 2-7: Time series and temporal trends of observations and GCM output over the period
1961 – 2000 for frost days, thermal time, and heat stress index. Taylor skill scores (Taylor 2001)
are used to compute the ensemble GCM weighted mean. Dashed lines represent the
corresponding least squares fit trend lines for the spatially averaged ensemble means and
observations.
Figure 2-8: Standard deviation ratios between the 17 Global Climate Models and the
observations for different minimum and maximum temperature thresholds based on the number
of standard deviations away from the mean daily maximum or minimum temperature (calculated
over the entire GHCN).
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Table 2-1: Percentage of stations with statistically significant linear trends (H0 = 0; alpha = 0.05)
after accounting for serial correlation and adjusting for pooled hypothesis testing for the seven
overlapping time periods from 1951-2010 for all agro-climate indices.

Percent Stations with Statistically Significant Trends
Agro-Climate
Index
FR (n = 1233)

TT (n = 778)

HSI (n = 1042)

Time Period
1951-1980
1956-1985
1961-1990
1966-1995
1971-2000
1976-2005
1981-2010
1951-2010
1951-1980
1956-1985
1961-1990
1966-1995
1971-2000
1976-2005
1981-2010
1951-2010
1951-1980
1956-1985
1961-1990
1966-1995
1971-2000
1976-2005
1981-2010
1951-2010

Cooling Trend
East
West
18.2
13.9
7.4
5.7
4.8
0.0
1.7
3.6
3.1
14.5
1.6
11.3
3.0
9.7
9.0
11.8
19.7
15.5
13.0
15.2
6.2
0.0
4.8
6.6
8.2
6.7
8.9
3.2
6.2
2.0
20.2
10.0
29.6
6.4
6.3
2.2
0.6
6.4
0.0
10.7
4.8
7.6
9.8
5.0
0.5
2.6
20.8
13.6
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Warming Trend
East
West
10.9
15.5
28.6
10.9
25.0
17.7
26.2
50.3
26.1
38.4
42.8
32.3
10.7
8.4
46.5
48.2
3.2
9.2
3.8
12.8
12.5
16.1
14.8
28.2
13.4
25.4
24.4
25.0
33.1
12.7
33.8
37.9
4.2
4.5
5.1
4.9
10.9
9.1
17.8
8.3
18.3
19.6
5.9
33.8
3.6
28.9
7.7
20.5

Table 2-2: Pearson’s correlation coefficient values ( r ), standardized sample standard deviations
(σ), and centered RMS error for the GCMs used in this study. All values are derived from
comparisons with the interpolated GHCN dataset for the period 1961 – 2000. Standardized σ is
expressed as the proportion of the GCM’s standard deviation compared to the observed sample
standard deviation. Note there are no HSI values from the National Center for Atmospheric
Research (NCAR) Parallel Climate Model’s (pcm) output, therefore no statistics are calculated
for this model for HSI. Also displayed are the individual model weights, for each GCM based on
the Taylor skill scores and the mean absolute error (MAE).

n
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Model
FD
bccr-bcm2.0 0.20
cgcm3.1(T47) 0.55
cgcm3.1(T63) 0.31
cnrm-cm3
0.24
csiro-mk3.0
0.19
csiro-mk3.5
0.32
echam4
0.04
echam5-MPI -0.10
echo-g
0.28
fgoals-g1.0
0.32
gfdl-cm2.1
0.21
giss-aom
0.00
ipsl-cm4
0.22
microc3.2
0.35
mri-cgcm2.3.2 0.30
pcm
0.32
ukmo-hadcm3 0.13

r
TT
0.17
0.33
-0.10
0.37
0.29
0.17
-0.09
0.05
0.31
0.11
0.06
0.39
0.15
0.37
0.36
0.20
0.22

HSI
-0.10
0.09
-0.21
0.30
0.10
-0.03
0.01
-0.24
0.06
0.18
-0.12
0.14
0.12
-0.01
0.14
NA
0.19

Standardized σ
FD TT HSI
1.21 1.27 0.60
0.96 0.95 1.42
1.40 1.52 2.94
1.12 1.50 1.37
1.25 1.54 2.13
1.30 1.68 3.59
1.31 1.51 1.33
1.26 1.63 1.06
0.91 0.92 0.36
0.88 0.97 1.02
0.93 1.24 1.31
0.88 1.14 0.69
1.78 1.34 0.68
1.08 1.09 1.42
0.61 0.63 0.73
0.88 0.66 NA
1.23 1.72 2.16

RMS error
FD TT HSI
1.25 1.27 1.46
0.93 1.14 1.33
1.16 1.46 1.53
1.22 1.11 1.16
1.26 1.18 1.32
1.15 1.27 1.42
1.37 1.46 1.39
1.46 1.36 1.55
1.19 1.16 1.35
1.15 1.32 1.26
1.24 1.35 1.47
1.39 1.09 1.30
1.23 1.28 1.31
1.13 1.10 1.40
1.66 1.11 1.30
1.15 1.25 NA
1.30 1.23 1.25
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FR T
0.44
1.00
0.46
0.53
0.40
0.55
0.17
0.00
0.59
0.65
0.51
0.19
0.06
0.70
0.25
0.64
0.33

Model Weights
FR M TT T TT M HSI T
0.36 0.57 0.33 0.48
1.00 0.93 0.73 0.76
0.29 0.00 0.12 0.04
0.38 0.66 0.27 1.00
0.31 0.51 0.18 0.42
0.35 0.24 0.14 0.00
0.12 0.02 0.00 0.72
0.14 0.12 0.05 0.54
0.73 0.89 0.76 0.18
0.73 0.57 0.54 1.00
0.42 0.41 0.27 0.61
0.41 1.00 0.70 0.79
0.00 0.49 0.33 0.77
0.60 0.99 0.78 0.67
0.81 0.58 1.00 0.83
0.79 0.43 0.95 NA
0.25 0.27 0.11 0.47

HSI M
0.90
0.43
0.05
0.60
0.25
0.00
0.50
0.51
1.00
0.75
0.46
0.90
0.80
0.57
0.78
NA
0.25

Table 2-3: Least squares trends and Pearson’s correlation coefficient for observations and
ensemble GCMs for each agro-climate index. Period of comparison is 1961 – 2000. Ensemble
GCMs include un-weighted (Arithmetic) and weighted GCMs based on Taylor skill scores (TYL)
and the mean absolute error (MAE).

Agro-Climate
Least Squares Trend
Index
Observations Arithmetic TYL Weighted MAE Weighted
Frost Days
-0.20
-0.21
-0.21
-0.21
Thermal Time
1.07
2.65
2.77
2.64
Heat Stress Index
0.16
1.01
1.07
1.00
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Correlation Coefficient ( r )
Arithmetic
TYL Weighted MAE Weighted
0.42
0.46
0.42
0.33
0.36
0.39
0.04
0.09
0.03

Table 2-4: Leave-one-out cross validation error expressed as the mean absolute error (MAE) for
the weighted and un-weighted GCM ensembles for the three agro-climate indices. Period of
comparison is 1961 – 1998. Ensemble GCMs include un-weighted (Arithmetic) and weighted
GCMs based on Taylor skill scores (TYL) and the mean absolute error (MAE).

Agro-Climate Index
Frost Days (days year-1)
Thermal Time (deg. days year-1)
Heat Stress Index (deg. days year-1)

Cross Validation Error (MAE)
Arithmetic
TYL Weighted MAE Weighted
3.3
3.5
3.5
36.7
38.1
38.0
20.2
20.0
21.6

56

Figure 2-1: Mean absolute error for daily max and min temperature (panels a and b), pattern
correlation (panels c and d), and the weighted average of daily differences (panels e and f)
between the Mauer et al. (2002) and GHCN datasets from 1950 – 1999. GHCN station data were
interpolated using Thin Plate Splines to a 0.1o by 0.1o (latitude, longitude) grid and then averaged
to a 5o by 5o grid while grid cells for the 12 km resolution Maurer dataset were averaged to the
same 5o by 5o grid.
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Figure 2-2: Agro-climate indices trends for 1951 – 1980 (left column) and 1981 – 2010 (right
column). Panels a) and b): frost days; panels c) and d): thermal time; panels e) and f): heat stress
index. Filled circles represent individual stations with colors representing either a warming (red)
or cooling (blue) trend. Stations with trends between -0.5 and 0.5 days year-1 for frost days and 2.5 and 2.5 degree days year-1 for thermal time and heat stress index are not displayed.
Background gridded values are interpolated trends from the GHCN station data with color bars on
the right panels in the same units as the station trends.
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a)

c)

b)

Frost Days

Thermal Time

Heat Stress Index

Figure 2-3: Probability density functions of station trends (after accounting for auto-correlation)
for frost days (panel a), thermal time (panel b), and heat stress index (panel c). Each color
corresponds to the density of station trends for one of three trend time periods: blue (1951 –
1980), red (1981 – 2010), and black (1951 – 2010). Vertical dotted lines represent the sample
mean trend across all stations and horizontal lines represent two sample standard deviations
around that mean.
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Figure 2-4: Mean station trends for five overlapping 30-year time periods from 1951 to 2010 for
frost days. Heavy horizontal line is the mean trend for the time period while vertical lines
represent two standard deviations around the mean.
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Figure 2-5: Observed and interpolated GCM trends by grid location for frost days (panel a),
thermal time (panel b), and heat stress index (panel c) for the period 1961-2000. Open circles are
ordered observed trends for each location of the 5o X 5o grid created using Thin Plate Splines.
Closed circles are the mean trend of all GCMs for the same location, closed squares represent the
median of all GCM trends, and horizontal lines correspond to the range of values. Top three rows
of values in all plots are the observed and GCM trends for aggregated eastern (e) and western (w)
continental regions and for the entire study area (all).
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Figure 2-6: Taylor diagrams (Taylor 2001) showing Global Climate Model (GCM) skill in terms
of correlation with observations and RMS error and their ability to reproduce the observed
standard deviation for frost days, thermal time, and heat stress index for 1961-2000. Black semicircles represent the magnitude of the GCM’s standard deviation compared to the observed value.
Green semi-circles represent the RMS error and radial dashed lines indicate the correlation
between the models and the observations. Numbered circles correspond to order of GCMs in
Table 2. Also included is an empirically downscaled simulation for the GFDL2.1 model (DS
circle). A ‘perfect’ model would be located at the square where the RMSE is zero, the correlation
coefficient is one, and the standardized standard deviation is one.
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Figure 2-7: Time series and temporal trends of observations and GCM output over the period
1961 – 2000 for frost days, thermal time, and heat stress index. Taylor skill scores (Taylor 2001)
are used to compute the ensemble GCM weighted mean. Dashed lines represent the
corresponding least squares fit trend lines for the spatially averaged ensemble means and
observations.
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Figure 2-8: Standard deviation ratios between the 17 Global Climate Models and the
observations for different minimum and maximum temperature thresholds based on the number
of standard deviations away from the mean daily maximum or minimum temperature (calculated
over the entire GHCN).
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Abstract
We develop probabilistic projections for three agro-climate indices (frost days, thermal
time, and a heat stress index) for North America. The selected indices are important for
understanding the potential impacts of future anthropogenic climate change on agricultural
production. We use Bayesian Model Averaging (BMA) and bootstrapping to quantify the
structural uncertainty in an ensemble of downscaled General Circulation Models (GCMs). The
prior information contained in the observations and model hindcasts is used to construct
physically meaningful temporal comparisons for the period 1961-2010. The comparisons are used
to derive model-specific posterior weights to construct probabilistic projections of agro-climate
change in the 21st century. A cross validation test covering the most recent 25 years of the
observation period indicates considerable overconfidence in the projections when using the
calibrated BMA approach. In contrast the probabilistic projections using equally weighted climate
models are not overconfident. The strong consensus among the probabilistic projections that
shows warming effects for all three agro-climate indices is tempered by the short 50-year
calibration period and the small ensemble size. The short calibration period provides a relatively
poor observational constraint on estimates of model weights and predictive variance, while the
small ensemble size limits the climate sample space. However, the consensus that emerges in
spite of the large uncertainties suggests large potential changes in the conditions that farmers will
experience over the remainder of the 21st century. Of particular concern is the projected increase
in the heat stress index which could lead to large crop damages and associated yield declines.
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1. Introduction
Agriculture is vulnerable to anthropogenic climate change (cf. Easterling et al. 2007;
Schlenker and Roberts 2009). But the degree of vulnerability and sensitivity is uncertain (e.g.
Easterling et al. 2007; Challinor et al. 2009). Because of management inputs into agroecosystems
it is often difficult to quantify and disentangle the yield effects of climate change and technology.
Nevertheless recent studies provide compelling evidence that there is a causal link between
temperature extremes and agricultural production and that this link could result in substantial
negative impacts on crop yields in a warming climate (Lobell and Burke 2008; Schlenker and
Roberts 2009). These studies highlight the importance of examining the tails of the temperature
distribution in climate change impact studies. And it will be particularly important in the context
of adaptation efforts to examine climate projections of agriculturally-relevant indices to assess
potential changes in crop exposure to stress-inducing temperature extremes.
Complicating such efforts is the difficulty that the current generation of general
circulation models (GCMs) have in simulating agro-climate indices. A recent evaluation of GCM
output by Terando et al. (2012; hereafter referred to as T12) found large differences between
simulations of heat stress and the observed conditions from 1961-2000 in North America. For
other agro-climate indices the results are mixed as to which GCMs are better able to reproduce
the observed trends and variability. These results suggest that predictions of these impact-relevant
variables will be deeply uncertain; and quantifying this uncertainty will be important if decisionmakers are to direct more efforts towards developing crop varieties or management practices that
are better adapted to a changing climate (e.g. Ortiz et al. 2008). Given that we cannot eliminate
this uncertainty it follows that the most useful projections for decision makers will also be
probabilistic, calibrated, and sharp (Dawid 1984; Gneiting et al. 2007). Probabilistic projections
are forecasts that take the form of a probability density function (PDF) that describes the
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uncertainty of the model prediction in contrast to a single-value point prediction which assumes
no uncertainty for a given model. Projections that are well-calibrated will share the same
statistical properties as the underlying distribution produced by nature. For these forecasts to be
most useful to decision-makers they should also be sharp, meaning the predictive distribution
over all models is not overdispersed with respect to a naive climatological forecast (Gneiting et
al. 2007). We note that imposing sharpness constraints on current climate projections may not
always be possible because of the risk of producing overconfident forecasts. In other words, given
our uncertainty about the climate system, a well calibrated but possibly overdispersed PDF may
be all that is possible.
Here we examine probabilistic projections of three agro-climate indices, frost days,
thermal time, and heat stress index for North America. We particularly focus on characterizing,
quantifying, and potentially reducing projection uncertainties. The hope is that this improved
projection can help farmers and other decision-makers to better prepare for a changing climate.
The rest of the paper is structured as follows. Section 2 provides additional background on the
simulation of agro-climate indices, especially in regards to model performance relative to other
climate variables. We then discuss questions of model uncertainty and review methods to
characterize uncertainty. Section 3 discusses our methodological choices used to develop
probabilistic projections given the information in the observations and hindcasts. Section 4
describes the data sources and methods. Section 5 presents the projections and the uncertainty
estimates. We discuss the potential implications of our results in Section 6 along with caveats in
Section 7. Finally we review our findings and suggest areas for future work in Section 8.
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2. Background
a. The link between temperature and field crops
Temperature changes affect crops. Schlenker and Roberts (2009) provide a damage
function linking temperature and corn, soybeans, and cotton yields in the US. They demonstrate
that temperature extremes are non-linearly related to yields, especially for temperatures greater
than ~30 oC and that more recent crop varieties (tested over the period 1978-2005) are only
marginally less sensitive extreme heat compared to earlier varieties. Using this established
relationship, they predict that yields could decrease between 30-82% by the end of the century
under various warming scenarios. The magnitude of these results has not only sparked a vigorous
discussion about the robustness of these results for other regions or time periods (Meerburg et al.
2009), but also highlights the importance of examining the tails of the temperature distribution in
climate change impact studies. Others have also argued for a focus on more impact-relevant
measures of anthropogenic climate change at the regional level in addition to mean surface
temperature (e.g. Easterling 2000; Feng and Hu 2004; Tebaldi et al. 2006, Meehl et al. 2007a;
Terando et al. 2012). These measures typically include temperature and precipitation extremes
based on some frequency percentile, event duration (e.g. dry or wet period, cf. Frich et al. 2002),
and measures of heat accumulation or heat thresholds such as frost days, thermal time, and heat
stress. This latter category of heuristics is particularly important in agricultural impact studies
since these measures are better correlated with biomass production than mean temperatures.
The results of Schlenker and Roberts (2009) indicating a lack of agricultural adaptation to
temperature extremes in the U.S. are not surprising. In T12 observed spatio-temporal patterns of
frost days and thermal time (growing degree days) show statistically significant warming trends
across broad swaths of North America but the same is not true for a measure of heat stress. In
fact, negative heat stress trends are much more common over the period 1951-2010, especially
in the eastern part of the continent where crops are typically more vulnerable to high temperatures
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because of the reliance on rain-fed as opposed to irrigated agriculture. Thus the persistence of
crop vulnerability to extreme temperatures may be a consequence of market forces and
government policy reacting to a lack of warming in the recent climatological record.
Furthermore, Lobell and Burke (2008) show that temperature change is likely to be the
greater determinant of future impacts on agriculture compared to precipitation changes. The
reason suggested by Lobell and Burke (2008) is that the magnitude of projected temperature
increases is much greater than the interannual variability. This is not the case for precipitation
where the projected changes and the projection uncertainty are within the range of variability of
the system. And as such, projections of temperature-based agro-climate variables are a key
component of adaptation efforts.
Here we construct projections of three temperature-based agro-climate indices: frost
days, thermal time and heat stress index. All three indices capture some aspect of the relationship
between temperature and biomass production in the most commonly grown cereal crops in North
America. Frost days, defined as the annual number of days when the minimum temperature is
below 0 oC, capture the effects of both early and late season cold stress on crops as well as the
total growing season length. Thermal time, or growing degree days, is a cumulative measure of
heat units within a pre-defined range of daily temperatures over the growing season. The
accumulation of heat units is correlated with phenological stages of crop development. The
calculation of thermal time varies depending on the growing season of the crop and the lower and
upper temperature bounds that define the respective boundaries of a zero growth rate, linear
growth with temperature, and declining growth rate commensurate with heat stress (Tollenarr et
al. 1979). We use a definition most commonly applied to maize (Zea mays L.) as it is the most
widespread crop grown in our study area. Similarly, we define a heat stress index that captures
maize exposure to temperatures that retard growth and yields (Tollenarr et al. 1979).
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b. Simulating Agro-climate Indices
GCMs can reproduce many aspects of regional and global climate fields (e.g. spatiotemporal trends and variability) when the post-industrial anthropogenic forcing is included
(Meehl et al. 2007b; Randall et al. 2007). There is confidence that these models will project with
some accuracy future climatic changes at global and continental scales (Randall et al. 2007). This
is based on their ability to simulate the observed climate and past climatic changes. However,
there is less evidence that GCMs can successfully reproduce other more impact-relevant measures
of climate change at local scales at which adaptation activities are likely to occur (Hayhoe et al.
2008). Precipitation is one obvious example where extremes and multi-day events are generally
poorly simulated due to the difficulty in resolving small-scale processes and the potential breakdown of parameterization schemes at high resolution (Kain 2004; Liang et al. 2008). However
even simulations of many temperature-based indices are characterized by significant model biases
and errors. Recent studies examining agricultural climate indices and temperature extremes
indicate that GCMs less accurately reproduce the observed inter-annual variability of these
variables compared to the mean temperature (although they generally correctly simulate the sign
of the observed trend; cf. Tebaldi et al. 2006). T12 use 17 GCMs from the Coupled Model Intercomparison Project (CMIP III; Meehl et al. 2007c) to assess model performance for three agroclimate indices (frost days, thermal time, and heat stress days). T12 shows that GCM skill scores
(Taylor 2001) for historic trends in North America are highest for frost days and lowest for heat
stress days. This differing model performance is correlated to how much of the temperature
distribution is captured by the agro-climate index. For example the heat stress index used in T12
is defined for a small portion of the temperature distribution in North America since only
temperatures above 30 oC are included. Conversely, the frost day threshold of 0 oC is much closer
to the central tendency of the (minimum) temperature distribution and model skill is higher. T12
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also found differences in model skill that are specific to the diurnal temperature cycle which they
suggest are related to the difficulty of simulating the effects of atmospheric aerosols and clouds
on maximum daily temperature.

c. Structural Uncertainty Between GCMs
In addition to the issue of model fidelity to the observational record there are broader
concerns about structural and parametric uncertainty between and within GCMs. Structural
uncertainty arises from the different representations and parameterizations of the physical
processes governing the dynamics and forcings of the climate system, reflecting our incomplete
knowledge about these forcings, or our inability to explicitly resolve them. Parametric uncertainty
reflects the incomplete knowledge about the true value of the parameter values. While an
exhaustive cataloguing and quantification of these sources of uncertainty is at this time an
outstanding challenge (Gneiting et al. 2007; Knutti et al. 2010), they should be acknowledged and
recognized in the decision-making process (Keller et al. 2007).
From a decision-making perspective, we can describe a hierarchy of methods for
representing climate model output in impact assessments based on the treatment of projection
uncertainty and the attendant risk of overconfident predictions. By overconfident we refer to an
ensemble prediction where the probability of forecasting a given value or event is too small
compared to the true predictive probability density function (Wilks 2001; Raftery et al. 2005). At
one level (and representing the greatest risk of overconfident predictions) is the use of point
projections from a single model. Such an approach was most common before multi-model
ensembles became common-place (e.g. the first US National Assessment; National Assessment
Synthesis Team 2001) although this single-model approach is still sometimes seen, especially in
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studies where the actual GCM results are not necessarily the focus of the analysis (e.g. Schlenker
and Roberts 2009).
The next level can be described as an ensemble approach where output from multiple
GCMs are reported (e.g. Schmittner et al. 2005, Meehl et al. 2007b, Hay and McCabe 2010,
Knutti et al. 2010, Cook et al. 2011). This method has grown in popularity over the last decade as
the number of available models has increased. An often implicit assumption in this approach is
that the true realized climate state will be within this sample of models. There is in fact, evidence
that using an ensemble of models reduces the probability of comparing spurious trends due to
internal climate variability (both simulated and observed) and lowers mean-model error (Weigel
et al. 2008; Pierce et al. 2009). However there is still a potentially non-trivial probability that the
true climate state will lie outside of the sample space of the model ensemble (e.g. Draper 1995).
Such a result is particularly undesirable in cases where the resulting climate change is associated
with high impact events, such as more frequent and intense heat waves (Rahmstorf and Coumou
2011) or climate threshold responses such as a persistent weakening of the Meridional
Overturning Current (Alley et al. 2005; Urban and Keller 2010).
This last category of studies uses probabilistic projections to represent model
uncertainty. These involve more explicit treatments of the structural uncertainty in numerical
climate and weather models, mainly through Bayesian techniques that derive a posterior
probabilistic prediction based on some measure of model fidelity to observations (Gneiting et al.
2005; Raftery et al. 2005; Tebaldi et al. 2005; Greene et al. 2006; Berrocal et al. 2007; Smith et
al. 2009). Raftery et al. (2005; referred to as R05) used Bayesian Model Averaging (BMA) to
derive posterior model-specific weights and weighted PDFs for operational weather forecasting
models. The weights correspond to the probability of a model being correct given a set of prior
observations that are compared to corresponding model hindcasts. The sharpness of the model
forecast PDF is also based on model fidelity to observations and reflects both between-forecast
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variability and within-forecast variability (Raftery et al. 2005). The EM algorithm (Expectation
Maximization; Dempster et al. 1977) is used to derive the set of weights that maximizes the
likelihood of observing the training data. The overall BMA PDF that is conditioned on the set of
model forecasts is a weighted PDF based on past model performance over the training period. A
more recent study by Bhat et al. (2011) extends the BMA to include GCMs, taking into account
spatial and temporal dependency and using hindcast output from the ensemble to estimate the
model weights.
Tebaldi et al. (2005) and Smith et al. (2009) (referred to as TS09) used a different
approach to quantify structural uncertainty with a hierarchical Bayes model that treats the
parameters of interest (projected temperature change and climatic variability) as random variables
whose joint density is estimated through Markov Chain Monte Carlo (MCMC) simulation. The
weights are derived based on model bias (compared to the observations) and model convergence
towards some measure of central tendency estimated from model forecasts (calculated using the
“reliability ensemble averaging” as described in Giorgi and Mearns 2002). Tebaldi and Lobell
(2008) apply this method by developing probabilistic yield projections based on an ensemble of
GCMs and uncertainties in crop responses to temperature, precipitation, and CO2 fertilization. All
these methods that followed either the R05 or TS09 approaches strive for calibrated and sharp
forecasts (as defined by Gneiting et al. 2007), and depending on how the model expansion is
implemented can control to some degree for underdispersive predictions (but rely, of course, on
strong statistical assumptions).
However, by focusing on projections that are calibrated and sharp, there is still a risk of
overconfident predictions if the estimated model uncertainty is too small compared to the actual
model uncertainty (Draper 1995). In particular the convergence term used by TS09 will penalize
‘outlier’ models that do not project climatic changes similar to the majority of the ensemble. This
may or may not be a valid assumption in practice. Smith et al. (2009) point out that accuracy
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could suffer if the GCMs from the different modeling groups have the same sources of error
arising from our incomplete knowledge about the climate system, or if similar (and similarly
flawed) methods are used to parameterize processes that cannot be resolved at each model timestep. This speaks to broader issues of model weighting that result from the calibration process and
is the subject of vigorous debate in the climate literature (Knutti 2010; Mote et al. 2011). Given
our imperfect knowledge about the true sensitivity of the climate system to anthropogenic climate
forcings, it has been argued that projections should be calibrated to reflect equal model weights
rather than deriving an optimal set of weights based on model fidelity to observations (Brekke et
al. 2008). The risk of this approach is that the projections will be underdispersed and diffuse and
therefore not as useful for decision-makers compared to a sharper PDF that is able to fully
incorporate the information provided by the hindcasts and the observations into the predictive
distribution.
Clearly there are many unresolved issues when using multi-model ensembles to provide
decision-relevant information. However, we can at a minimum establish that a necessary (but not
sufficient) condition for a multi-model ensemble is that it is at least not overconfident in out-ofsample cross validation tests. This serves as a useful first test of ensemble skill that can also be
easily operationalized.
Our approach is to use Bayesian Model Averaging to derive probabilistic projections of
frost days, thermal time, and heat stress index for North America. We improve on the standard
method of representing projection uncertainty with an ensemble of point projections (e.g. Hegerl
et al. 2007) by deriving a predictive distribution for the ensemble conditional on the observations
and hindcasts. By using BMA, we seek to avoid overconfident predictions by quantifying the
structural uncertainty between models while also making no assumptions as to whether the
central tendency of the ensemble is an optimal predictor. We report results from the probabilistic
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projections using weighted and un-weighted (equivalent to equal weights) ensembles and discuss
some of the implications of the results in terms of the ability to improve decision-making.

3. Implementing BMA with GCMs
a. Using BMA to Quantify Structural Uncertainty
We employ Bayesian Model Averaging (BMA) to derive probabilistic projections of
agro-climate indices. BMA was originally developed as a means to account for uncertainty
between competing statistical models so as to avoid relying on a single “best” model (Kass and
Raftery 1995). Rather than choosing a single model amongst the set of models and using this
model for prediction, the prediction, y, is instead conditioned on the entire set of models:
(1).
Here the prediction is a probability density function (PDF) p(y) that is modeled as the
summed products of the individual model PDFs, p(y|Mk), and the probability, p(Mk|yT), that the
model Mk is correct given the training data yT (Raftery et al. 2005). R05 point out that equation
(1) is a restatement of the law of total probability; that is, if we restrict the sample space of
possible models (or GCMs) to the set K (an arguably strong assumption), then our predictive PDF
p(y) is conditional on the probability of each given the data, and that this probability across our
considered set of models sums to unity. Thus each model has a probability associated with it that
can be thought of as a model weight, with the model weights summing to unity. We emphasize
however that if K is only a small subset of the possible model representations of the earth's
climate then p(y) can be truncated if the models are not well-dispersed compared to the true
predictive PDF.
Equation (1) can be rewritten then in the context of model weights for an ensemble of
GCMs:
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(2)
where the weights wk are interpreted as the probability of model k being the best ensemble
member given the training data y and
GCM prediction

is the conditional PDF of y given the hindcast

. The distribution of

is assumed to follow a normal distribution

when appropriate, such as for temperature (and for all three agro-climate indices). When this
assumption is not appropriate, such as for precipitation, other distributions (e.g. the gamma
distribution) are used to approximate this predictive PDF (Sloughter et al. 2007).
R05 use a simple bias correction formula ak + bkfk to estimate the mean of the PDF
for model k. The bias correction is estimated by linear regression of the training dataset
onto the models. R05 note that other estimates for the mean of the PDF are possible. The standard
deviation σ is estimated by maximizing a likelihood function that is a combination of the
expected probability of the model k being the best model, the resulting model weight wk, and the
original distance between the model forecasts and observations. The sharpness of the posterior
PDF and the variance estimate for each weighted GCM is given by:
,
where

is the variance of the climate projection given the GCMs Mk and

mean of each GCM’s predictive PDF
original model

(3)
is the

that could be the bias-corrected version of the

(given by ak + bkfk in M05). The combination of bias-corrected means, model

weights, and variance estimates yields the predictive distribution in (2), which is a weighted PDF
based on model fidelity to observations over time and/or space.
The terms on the right-hand side of equation (3) capture two kinds of uncertainty (cf. the
discussion in R05). The first term
between-model variance. The second term (

describes the ensemble spread, i.e. the
, describes the within-model predictive variance
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based on model fidelity to the training data. Thus BMA provides a way to quantify the structural
uncertainty between models as well as the within-model prediction variance. This is a more
rigorous treatment of ensemble uncertainty compared to using the ensemble range or standard
deviation. Note that this approach still neglects key uncertainties (e.g. parametric uncertainty).

b. Using Training Data for GCMs
There is a significant methodological hurdle to extending BMA from numerical weather
models producing forecasts on the scale of hours or days to general circulation models that
operate on time-scales of decades or even centuries. This difference in these scales makes it
difficult to develop a set of training data that provides a physically meaningful comparison with
the GCM output. In the R05 implementation of BMA for use in weather forecasting the
evaluation of the training data is straight-forward. This is because numerical weather prediction is
accomplished through a constant updating of initial conditions with new observations. Thus
models with predictive skill should have coherence with both the statistical properties of the
climate field and the actual observed values (i.e. temporal and spatial coherence). However no
such concurrent spatio-temporal coherence is expected for the CMIP3 ensemble; that is, there is
no common initial reference point between the observed and simulated climate state. Thus, the
GCMs will produce different evolving atmospheric patterns that produce different daily values
for the agro-climate indices. Other GCM intercomparison projects such as AMIP (Atmospheric
Model Intercomparison Project; Gates et al. 1998) do force some coherence between model and
observed internal variability by prescribing observed sea-surface temperatures which are the
dominant driver of large-scale weather patterns. This allows for meaningful comparisons of
correlation-based skill measures such as RMS error or Taylor skill scores. There is no such
expected coherence between short-term observed and simulated short-term patterns (i.e.
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interannual) in the CMIP3 ensemble. In other words, the actual observed meteorological
conditions for a point in time have no relation to a GCM's meteorological conditions (except by
chance). However, the 20C3M experiment performed by the CMIP3 models does specify historic
climatic forcings such as greenhouse gas emissions and (for some GCMs) volcanic and solar
forcings. Therefore, the scale and timing of longer-term climatic changes due to short-term
forcings (e.g. volcanoes and aerosols), long-term forcings (solar and anthropogenic emissions),
and the magnitude of unforced climatic variability should be comparable between transitory
simulations and the observations.
Ideally one would examine long-term climatic trends and filter out the short-term
variability in order to evaluate model performance over time. However, for these three agroclimate indices the required daily data for most CMIP3 models only cover the period 1961-2000
(the downscaled dataset extends the time period to 2010). In addition, it is desirable to have a
large training dataset to increase the degrees of freedom when calibrating the BMA model to
avoid overfitting. The agro-climate indices are calculated as annual aggregates of daily data, so
there is a maximum of 50 values for each downscaled GCM in the ensemble. Estimating the
observed long-term trend is difficult for such a short time-series because the effects of internal
variability and uncertain initial conditions can be considerable in this case and can lead to
spurious results. These competing factors (i.e. independent inter-annual variability between
GCMs and observations and the absence of a long-term dataset) must be balanced when
constructing a Bayesian Model Averaging analysis.
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4. Methods
a. Observation Data
We use observations of the three agro-climate indices (frost days, thermal time, heat
stress index) derived in Terando et al. (2011) based on temperature observations from the
National Climatic Data Center’s Global Historical Climatology Network (GHCN; Peterson and
Vose 1997). Raw daily observations are converted to 5o by 5o grid-boxes using thin-plate splines
(Haylock et al. 2008) before aggregating up to a sub-continental region covering the continental
United States, southern Canada and northern Mexico. Details for the interpolation and qualitycontrol measures used to create the observational dataset are given in T12. We calculate agroclimate indices using standard definitions for frost days, thermal time, and heat stress when
applied to phenological growth and development of maize. Frost days are defined as the annual
number of days when the minimum temperature is below 0 oC. We define thermal time using the
remainder method (Tollenaar et al. 1979; Feng and Hu 2004):
Ge

TT 

 [( T

max

 T min ) / 2  T l ]

,

(4)

Gb

where TT is the thermal time, Gb and Ge are the beginning and ending dates of a standard growth
period for maize (we use April 1 through October 31), Tmax and Tmin are the maximum and
minimum daily temperature respectively, and Tl is the limiting temperature where the upper and
lower limits define the range of crop growth. We use minimum and maximum thresholds of 10
o

C and 30 oC, respectively for thermal time and a threshold of 30 oC for the heat stress index,

above which all accumulated degrees count towards a day’s value (with a value of zero if the
maximum temperature is below 30 oC).
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b. Empirically Downscaled GCMs
GCMs are a valuable tool for understanding the potential climate response to
anthropogenic and natural forcings. However, the coarse resolution of the models limits their
applicability to regional impact studies because of the inability to simulate sub-grid scale
processes and the localized effects of orography and land use patterns (Fowler et al. 2007). In
addition, the coarse scale of the models can result in truncated distributions of temperature and
precipitation, especially for shorter time-scales such as the daily time-scales used to calculate
agro-climate indices. This is again related to the omission of fine-scale processes that have a large
influence on the frequency of extreme events (Diffenbaugh et al. 2005). Downscaling is
commonly used to address these issues and refers to the set of techniques that attempt to model or
capture the sub-grid scale processes absent in GCMs (cf. Wilby and Wigley 1997 for a review of
downscaling techniques). Given the importance of examining the tails of the temperature
distribution (e.g. Schlenker and Roberts 2009) and the high temporal resolution required in our
study we employ an ensemble of downscaled GCMs to construct projections of the selected agroclimate indices.
We use output from six downscaled GCMs that were originally part of the World Climate
Resource Project (WCRP) Coupled Model Intercomparison Project (CMIP3) multi-model dataset
(Meehl et al. 2007c). The output from these GCMs is part of a new dataset of downscaled
climate models for North America (Stoner et al. In Prep). The GCMs are statistically downscaled,
meaning an empirical relationship is developed between local observations and large-scale
atmospheric patterns that are then related to the coarse GCM output. There are several advantages
to using this dataset of downscaled models: (1) this particular downscaling method known as
Statistical Asynchronous Regression (SAR; O’Brien et al. 2001) is designed to better reflect the
distribution of daily temperature extremes, (2) the GCM output are a continuous time series from
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1961-2099 which allows for a longer calibration period (i.e. 1961-2010) between models and
observations for the BMA, and (3) the downscaled dataset contains four GCMs with output for
the A1Fi GHG emissions scenario (the other two GCMs are part of the A2 emissions scenario,
which also is consistent with a future of high GHG emissions). This scenario (A1Fi) most closely
tracks the current trajectory of anthropogenic GHG emissions (Raupach et al. 2009). We use the
full six-member ensemble to estimate the BMA weights and then restrict our projections to the
four-member A1Fi ensemble.

d. Bootstrapped Trend Analysis
We construct our training dataset using a 50-year trend estimate (1961-2010) for each
agro-climate index. We use a boot-strapping procedure, known as a sieve bootstrap (Bühlmann
1998) to estimate the associated uncertainties. Accordingly, we fit a series of polynomials ranging
from a linear fit to a sixth-order polynomial, to the 50-year observation period and choose the
best fit by selecting the model with the lowest Akaike Information Criterion (AIC) value. We
then use bootstrap resampling of the residuals from this model to estimate the variance around the
best-fit trend. We test for potential autocorrelation in the residuals using standard diagnostics.
The autocorrelation function and partial autocorrelation function indicate that the residuals are
white (i.e. no evidence of autocorrelation), the standard errors around the fitted AR terms (we
tested both AR1 and AR2 models) show evidence for uncorrelated residuals, and the AIC test
suggests a pure trend model with no AR term is the best model. Thus we proceed under the
assumption of IID residuals. Taking these residuals we create 1,000 bootstrap residual samples
and superimpose these model draws on the best fit polynomial and then re-estimate the trend once
again using AIC to select the model. The results are 1,000 bootstrap estimates of the lowfrequency change for the 50-year period 1961-2010. Finally, we estimate the trends in the GCM
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ensemble using the same procedure. There is evidence of serial correlation in several of the
simulated agro-climate trends, and we use the best-fit AR model (determined by AIC)
accordingly to generate bootstrap replicates that are added back onto the best-fit polynomial. We
repeat this procedure for the projections using two 50-year periods, 2011-2060 and 2050-2099.

c. Bayesian Model Averaging
We approximate the predictive PDF

with a weighted PDF of normal

distributions for each downscaled GCM trend. Since we are examining changes in agro-climate
indices over a time interval, the normal distribution satisfactorily represents the distribution of
bootstrapped trends. We use the 50-year bootstrapped trends from the GCMs for the model mean
(

In this study the SAR downscaling technique applied to the GCMs serves as our bias

correction in that the model variance and mean are transformed and more closely match the
observations over the period of model calibration. Therefore, we do not apply any additional biascorrection measures.
We use the R package ensembleBMA (Fraley et al. 2010) to estimate the BMA weights
by comparing the cumulative distribution function (CDF) of the 1,000 bootstrap trend estimates
to the corresponding GCM trend estimates. As in R05, we use the EM Algorithm (Dempster et al.
1977) to calculate the posterior weighted PDF centered on individual GCM hindcasts. These
equate to the model means (

in

and are given by the sorted bootstrap trends in the

CDF (Figure 3-2). The posterior predictive variance (

and the model weights are jointly

estimated by maximum likelihood as in R05 for the model in Equation (2). Each model

is a

function of the goodness-of-fit between the GCM CDF and observed CDF and the set of weights
that maximize the log-likelihood function. We measure goodness-of-fit using the squared
deviations between the sorted trends for GCMs and observations. For the case where we force
83

equal model weights, the likelihood function converges almost immediately to values very close
to the initial guess for

based on the goodness-of-fit of the model and the inter-model

variance.

5. Results
a. Historic and Projected Changes in Agro-Climate Indices
The GCM hindcasts for frost days are similar to the observed trends and variability.
There appears to be a bias in the mean and trends for thermal time and the heat stress index
(Figure 3-1). The increasing effects of anthropogenic GHG emissions are reflected in the GCM
output by corresponding warming trends in the agro-climate indices. In addition there is some
separation between the two emission scenarios by the end of the 21st century, especially for the
heat stress index. One key feature of this comparison is that the considerable future trends
projected by the models have, thus far, not been seen to a large extent in the model hindcasts or in
the observations. Thus, the current observations may be poor constraints on system behavior if
the sensitivity of the signal to anthropogenic perturbations is large.
The positive bias in the GCM hindcasts is apparent in the bootstrap trend estimator as
well (Figure 3-2). The bootstrap estimator of the observed trends indicates a warming trend for
frost days and thermal time but less evidence for such warming in the heat stress index. There is a
general GCM bias towards warming trends greater than the observed trends which is most
pronounced for the heat stress index (Figure 3-2c) and less pronounced for frost days (Figure 32a). While there is a consistent warm bias across most models, there is more variability in the
shape of the CDF curves with some models closely matching the shape of the observed trend
CDF.
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b. BMA Weights and Out-of-Sample Model
We use the empirical cumulative distribution functions to estimate BMA weights and
predictive variances for the six-member model ensemble. We use the resulting model weights and
variances to derive probabilistic projections of the three agro-climate indices for the four-member
A1Fi ensemble across North America. Specifically, we calculate six PDFs for the following
groups:


Three agro-climate indices (frost days, thermal time, heat stress index) for A1Fi



Two projections based on 50-year trend estimates for the periods 2011-2060 and

2050-2099 based on the polynomial-fitting procedure.
The common result across the three agro-climate indices’ posterior model weights is for a
large majority of the weight to be placed on one or two GCMs (Table 3-1). Three models
(ccsm3.0, cgcm3.1 (T63), and gfdl-cm2.1) receive weights less than 0.01 for all agro-climate
indices. The cgcm3.1 (T47) model received almost the entire ensemble weight for heat stress
index (0.99) but there are no projection results for the A1Fi emissions scenario, therefore we
redistribute the remaining model weights across the other GCMs. We return to this issue of very
high weights being placed on one model in the discussion section.
We now show the results for out-of-sample predictions based on calibration and
prediction periods that overlap with the total observational record. For this test we use the same
polynomial fitting procedure over the 25-year period 1961-1985 for calibration and 1986-2010
for prediction. We compare this observed change to the GCM predicted change over the same 25year period. Ideally the out-of-sample tests would have at least as long a period for calibration as
was available for the full BMA fitting exercise. Unfortunately this is not possible since we are
limited to a 50-year period of overlapping observations and GCM hindcasts. Thus the trend
estimates are more likely to be influenced by random internal variability and the anthropogenic
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perturbation of the climate system will have less of an impact. Nevertheless, the two consecutive
25-year periods provide one useful test to gauge the risk of overfitting when BMA is applied to
GCMs at this spatial scale and for these agro-climate indices.
For frost days and heat stress index the out-of-sample prediction tests indicate
overconfidence when using the BMA predictive PDF (Figures 3-3a, 3-3b, 3-5a, 3-5b).
Overconfidence in this case occurs when the 95% prediction interval for the agro-climate change
period 1986-2010 does not contain the verifying observation over the same time period. This
holds whether using the four-member A1Fi ensemble or the full six-member ensemble. Only the
thermal time observed trend is within the 95% interval of the BMA PDF (Figure 3-4a, 3-4b). For
all cases however, the verifying observation is outside the range of the four-member ensemble but
is within the six-member ensemble.
There are several potential explanations for the apparent overconfidence of the BMA
projections. First, there is positive bias in the model trends compared to the observed bootstrap
trends (Figure 3-2). The observed trends are generally outside the range of the simulated trends. It
follows then that the models fail to reproduce the continuation of modest observed warming
trends from 1986-2010. Second, the ensemble is small, which reduces the ability to sample
multiple instances of internal climatic variability as well as the full range of climate sensitivity to
natural and anthropogenic forcings. Third, there is uncertainty about how well the downscaling
method captures the local climatic variability and relates it to large-scale dynamics.
In contrast to the PDFs derived from the BMA calibrated weights, the predictive PDFs
based on equal model weights all contain the verifying trends within the 95% interval. Notably,
this is the case for both the four-member and six-member ensembles. However the reduction in
overconfidence also comes at the expense of a possibly underdispersed predictive PDF. This is
due to the fact that the 95th percentile of bootstrapped trends for the calibration period (19611985) is narrower than the equally weighted 95% BMA PDF and yet also covers the verifying
86

observations (Figure 3-6). Therefore, for near-term forecasts (e.g. ten to thirty years), the naïve
forecast given by climatology may be a more skillful predictor of future trends (defined as
whether the verifying observation is within the 95th percentile of the observations), than the very
conservative equally weighted BMA PDF or the potentially overconfident calibrated BMA PDF.

c. Probabilistic Projections
Figure 3-7 shows the probabilistic projections for the A1Fi emissions scenario for two
50-year periods: 2011-2060 and 2040-2099. The projected anomalies are in relation to each
GCM’s mean agro-climate values over the period 1981-2010. The 95% prediction intervals are
shown as rectangles above the shaded PDFs along with the GCM point projections and the fourmember ensemble mean. The high warming rates associated with the high GHG emissions
specified in the A1Fi scenario are reflected across the agro-climate indices as well. However,
there are some differences between the three indices. Both the frost day and thermal time PDFs
show bimodality in the projection, owing to large projected differences between two models that
both received non-negligible posterior weights. The heat stress index PDFs are unimodal since
nearly all available ensemble weight is placed on one model. In both time periods almost the
entire area of the PDFs is greater than zero (for thermal time and heat stress index) and less than
zero for frost days. This indicates that even with a wide uncertainty estimate, the expected
probability of experiencing a warming trend as opposed to a cooling trend (or no trend) for these
indices is high. On the other hand, the poor out-of-sample performance of the BMA approach
suggests that considerable caution is warranted in interpreting these projections (Figure 3-6).
The equally weighted probabilistic projections as expected show more uncertainty than
the BMA PDFs (Figure 3-7d-f). However, even with this greater uncertainty, the 95% projection
intervals are completely outside of the zero-trend or cooling-trend projection regions. Thus the
87

analyzed models, data, and our analysis suggest a high degree of confidence that there will be a
warming trend for these three agro-climate indices. The bimodality seen in the BMA frost days
prediction (Figure 3-7a) remains in the equally-weighted PDF (Figure 3-7d), largely because of
small predictive variance estimated for two GCMs. Since these two models had nearly equal
weights in the BMA PDF (weights of 0.39 and 0.61), the bimodality is maintained in the equally
weighted PDF. The largest change between the BMA and equally weighted PDFs is seen in the
heat stress index (Figure 3-7f). The PDF changes from unimodal to bimodal or multimodal due to
the relatively equal predictive variances for the four GCMs.
Table 3-2 summarizes the uncertainty estimates for the probabilistic projections and point
projections. For frost days, the 50% projection interval is similar for all three projections
(calibrated BMA, equally weighted BMA, and ensemble range). Interestingly, the 50% projection
interval is almost twice as large for the BMA thermal time projection compared to the equally
weighted projection. This occurs because one of the four models projects smaller thermal time
anomalies but receives the majority of the weight in the calibrated BMA projection. The 50%
projection interval is shifted towards this model while also including the other models in the
ensemble. In contrast the equally weighted probabilistic projection is centered towards the
ensemble mean since multiple GCMs are clustered together. The ensemble range for heat stress
index is greater than all three BMA projection intervals and also greater than the equally
weighted 50% prediction interval. As in the cross-validation test, the equally weighted PDF has
wider uncertainty bounds than the ensemble range.

6. Discussion
Our analysis indicates consensus among the climate model projections of substantial
warming over the next century for all three agro-climate indices. This result holds regardless of
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whether the raw ensemble is used to characterize structural uncertainty or if Bayesian Model
Averaging is used to create a probabilistic projection. Using equal weights did not change the
overall picture of future warming, although it did produce the widest uncertainty bounds for the
95% and 99% prediction intervals.
We have shown that using BMA to derive probabilistic climate change projections has an
impact on the structural uncertainty estimate. However, this impact does not always manifest in a
consistent way across all cases. As such, whether the forecast probability density function is
sharp, diffuse, multi-modal, or unimodal depends on how well the model hindcasts match the
observations over the training period. In the original use of Bayesian Model Averaging by
Raftery et al. (2005) for short-term numerical weather forecasting, this is not a problem and in
fact is the desired requirement for the model weighting process so that the posterior PDFs can be
both calibrated and sharp (Gneiting et al. 2007). But as stated earlier, this poses a problem when
attempting to more rigorously quantify projection uncertainty with a small model ensemble that is
not constantly updated with observations to create comparable temporal comparisons.
We address this issue by filtering and dampening internal variability to enhance the
signal from forcings that are temporally congruent in models and observations. This approach still
faces several challenges, as evidenced by the poor cross validation results as well as the
extremely high weights placed on a few models that contribute to overly calibrated projections.
These issues are related to the choice of the training dataset. The deterministic short-term
forecasts used in Raftery et al. (2005) simulate processes that can be predicted with high accuracy
and precision given enough observations and information to solve the equation of state of the
atmosphere. That is, getting the forecast 'right' is possible in terms of a forecast for day x
matching the observed value for day x. For surface temperature and precipitation, the forecast
errors are often equally distributed among the ensemble members and that the amount of error is
often correlated with the spread of the ensemble (Raftery et al. 2005). In such cases more equality
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is expected amongst the forecast models if the biases and errors are randomly distributed amongst
the models. For other variables however (such as atmospheric pressure), the error variance is
small compared to forecast values (note small error variance does not necessarily equate to small
forecast errors). In this case the BMA approach will assign a majority of weight to one model
since little additional information is gained from the other models in the ensemble (Hamill 2007;
Wilson et al. 2007). Similarly in our analysis, we limit the impact of internal variability in our
comparison to reduce the possibility that a GCM will undeservedly receive too high or low of a
weight. Consequently we also reduce the degrees of freedom available for the BMA as we are
now comparing sorted CDF values.
What then, are the alternatives to assessing predictive uncertainty for long-term GCM
projections and using the information present in observations? Other methods approach the
problem by removing consideration of the evolving anthropogenic signal and instead focus on
model precision and accuracy (i.e. model variance and model mean, respectively; cf. Tebaldi et
al. 2005, Smith et al. 2009). However, removing temporal comparisons in the skill assessment
precludes consideration of how effective the models are able to simulate the timing and rate of
climate change. It is, thus far, an open and hotly debated question whether model weighting
increases GCM predictive skill at all given the constraints of the observations and the time-scales
of interest for climate projections (e.g. Brekke et al. 2008; Santer et al. 2009, Weigel et al. 2008;
Knutti et al. 2010, Knutti 2010). As a result, some studies have eschewed model weighting and
assign equal weights to all ensemble members (e.g. Meehl et al. 2007b). As our study
demonstrates, this approach can outperform BMA in terms of reducing overconfidence (Figure 36). Given the small sample size available, this would seem to be a prudent way forward for
characterizing projection uncertainty in a probabilistic manner while reducing the risk of
overconfident predictions. But even this method involves implicit model weighting choices
because the ensemble is finite and older generation climate models are typically excluded because
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it is assumed they are less accurate than the most current generation (Knutti 2010). This
assumption may or may not be accurate depending on the climate variable, scale, and region of
interest. Thus, there are complex tradeoffs between sharpness, calibration, and overconfidence
when using past observations and model hindcasts to inform projection uncertainty.

7. Caveats
Our approach is subject to several caveats. First, our results are sensitive to how we
choose to derive the model weights. This is shown in previous studies to be a constraint on any
type of study that uses model weighting or model culling (Santer et al. 2009; Knutti et al. 2010).
Of primary concern is how to measure model skill in the context of temporal trends that do not
share the same sequences of internal variability. Our particular skill score used to estimate
optimal model weights (root square error between bootstrap estimates of observed and simulated
trends) is very simple and we realize it is possible to construct many more comparisons based on
different statistical or physical attributes. Constructing the “best” set of optimal weights is an area
of ongoing and fruitful research (Wilks 2001; Knutti 2010; Räisäenen and Ylhäisi 2011).
The posterior model weights are generally biased towards strong weighting of a few
models rather than diffuse weighting of all models in the ensemble. There is a risk that the
posterior PDFs will be underdispersed and overconfident due to our decision to reduce the
influence of internal variability on the training dataset trends. As more observations accumulate
through time, the weighting should become more robust. However, this also points to the need for
GCMs with longer hindcast time series for these impact-relevant climate variables. Additionally,
efforts that use prescribed sea-surface temperatures as initial conditions such as the AMIP (Gates
et al. 1998) or CLIVAR (Scaife et al. 2009) projects may also serve as useful surrogates for
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temporally-consistent sets of training data; especially as it relates to model skill in simulating the
internal variability of the climate system.

8. Conclusions
We perform a Bayesian Model Averaging (BMA) analysis to derive probabilistic
projections for three agro-climate indices (frost days, thermal time, and heat stress index). The
projections are developed for North America for two time periods in the 21st century using a very
high ‘business as usual’ emissions scenario. We use a bootstrap trend analysis to develop the
training dataset as part of the BMA procedure which shows differing model performance
depending on the agro-climate index. A cross-validation test indicates that using calibrated
weights from the BMA analysis results in overconfident predictions, similar to the GCM point
projections. However, a much wider uncertainty bounds with no evidence of overconfidence is
found when using BMA to derive an equally weighted probabilistic prediction. The results of our
analysis suggest that at this time it appears that using a combination of equally-weighted GCMs
along with the BMA estimate of the predictive variance is the best strategy to reduce the risk of
overconfident projections of climate-indices.
There is agreement and high confidence among all the analyzed models and the
probabilistic projections that there will be large warming trends for these agro-climate indices.
These results suggest large potential changes in the conditions that farmers will experience over
the remainder of the 21st century. Of particular concern is the projected changes in heat stress
index which has the potential to result in large damages to rain-fed agriculture, even with
increases in thermal time and reductions in frost days that increase the growing season length
(Schlenker and Roberts 2009). Our results suggest that given our current emissions trajectory,
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adaptive measures will be required to adjust to changes in the climate system that are most
relevant to agriculture.
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Table Headers
Table 3-1: BMA model weights for six empirically downscaled members of the CMIP3 GCM
ensemble based on observations and simulations from the 20C3M experiment. Weights are given
three agro-climate indices (FR, TT, and HSI) corresponding to frost days, thermal time, and heat
stress index. Asterisks indicate model weights less than 0.01.
Table 3-2: Point projections and uncertainty estimates for the BMA PDF, equally weighted PDF,
and the four-member GCM ensemble for the A1Fi emissions scenario. Uncertainty estimates are
shown for the probabilistic projections for the 50%, 95%, and 99% prediction intervals while the
ensemble range is given for the raw climate model projections.
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Figure Legends
Figure 3-1: Observed (heavy black line) and simulated (gray dashed and solid lines) agro-climate
indices (frost days, thermal time, and heat stress index) for the period 1960-2099. Dashed gray
lines show output from the two downscaled GCMs using the A2 emissions scenario and solid
gray lines show the output for the four downscaled GCMs using the A1Fi scenario. These are the
“raw” observations and model hindcasts and projections without the Bayesian Model Averaging
applied.
Figure 3-2: Empirical CDF comparison between bootstrapped trends of GCM simulated agroclimate change (gray lines) and bootstrapped observed trend estimate (heavy black line) after
applying best-fit polynomials to the period 1961-2010.
Figure 3-3: Out of sample predictive PDFs of frost days for the period 1986-2010 based on the
25-year calibration period from 1961-1985. Individual model PDFs (thin black lines) sum to give
the overall ensemble PDF (thick black line). Top row plots are the predictive PDFs based on the
BMA model weights for the 4-member A1Fi ensemble (a) and the full ensemble (b). Bottom row
plots (c and d) are the predictive PDFs using equal weights for the ensemble members. Abscissae
refer to the agro-climate index change observed or predicted in 2010 relative to beginning of the
trend period (1986). GCM point predictions are shown above PDFs as open circles with ensemble
mean given as solid black diamond. The verifying observation and 95% prediction interval are
given by the solid vertical line and thin dashed lines, respectively.
Figure 3-4: Same as Figure 3-3 except for thermal time trend predictions.
Figure 3-5: Same as Figure 3-3 except for heat stress index trend predictions.
Figure 3-6: Uncertainty estimates from the out-of-sample prediction test for frost days (a),
thermal time (b), and heat stress index (c) based on the period 1961-1985 for calibration and
1986-2010 for prediction. Estimates are shown for the four GCMs in the A1Fi emissions scenario
and include the raw prediction range (GCM Range), the 95% BMA PDF prediction interval
(BMA 95%), the same 95% PDF interval using equal weights (Equal BMA 95%), and 95%
climatology interval (Climatology 95%). The verifying observation is denoted in the plots by the
vertical line.
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Figure 3-7: BMA probabilistic projections of agro-climate index change for two 50-year periods
relative to 2010 values based on the four GCMs in the A1Fi emissions scenario. Light gray PDFs
and rectangles (corresponding to 95% prediction interval) show predictions for 2011-2060 and
dark gray PDFs and rectangles are predictions for 2040-2099. Also shown are median prediction
(vertical dashed lines (2011-2060) and solid lines (2040-2099)), GCM point projections (open
circles), and GCM ensemble mean (solid large diamond).
.
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Table 3-1: BMA model weights for six empirically downscaled members of the CMIP3 GCM
ensemble based on observations and simulations from the 20C3M experiment. Weights are given
three agro-climate indices (FR, TT, and HSI) corresponding to frost days, thermal time, and heat
stress index. Asterisks indicate model weights less than 0.01.

n
1
2
3
4
5
6

Model
ccsm3.0
cgcm3.1(T47)
cgcm3.1(T63)
gfdl-cm2.1
hadcm3
pcm

Model Weights
FR
TT
HSI
**
**
**
**
0.05
0.99
**
**
**
**
**
**
0.39
0.40
0.01
0.61
0.55
**
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Table 3-2: Point projections and uncertainty estimates for the BMA PDF, equally weighted PDF,
and the four-member GCM ensemble for the A1Fi emissions scenario. Uncertainty estimates are
shown for the probabilistic projections for the 50%, 95%, and 99% prediction intervals while the
ensemble range is given for the raw climate model projections.

Year

Index

FR
2011-2050 TT
HSI
FR
2050-2099 TT
HSI

BMA Projection

Equally Weighted Projection

Ensemble Projection

Median

50%

95%

99%

Median

50%

95%

99%

Mean

Range

-16
316
267
-33
576
489

18
289
46
29
350
46

20
493
135
31
554
135

21
576
177
32
637
177

-30
427
224
-49
728
356

17
168
137
28
202
157

25
485
396
35
526
335

30
582
506
43
619
411

-27
442
224
-47
665
369

18
294
204
29
355
193
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Figure 3-1: Observed (heavy black line) and simulated (gray dashed and solid lines) agro-climate
indices (frost days, thermal time, and heat stress index) for the period 1960-2099. Dashed gray
lines show output from the two downscaled GCMs using the A2 emissions scenario and solid
gray lines show the output for the four downscaled GCMs using the A1Fi scenario. These are the
“raw” observations and model hindcasts and projections without the Bayesian Model Averaging
applied.
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Figure 3-2: Empirical CDF comparison between bootstrapped trends of GCM simulated agroclimate change (gray lines) and bootstrapped observed trend estimate (heavy black line) after
applying best-fit polynomials to the period 1961-2010.
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Figure 3-3: Out of sample predictive PDFs of frost days for the period 1986-2010 based on the
25-year calibration period from 1961-1985. Individual model PDFs (thin black lines) sum to give
the overall ensemble PDF (thick black line). Top row plots are the predictive PDFs based on the
BMA model weights for the 4-member A1Fi ensemble (a) and the full ensemble (b). Bottom row
plots (c and d) are the predictive PDFs using equal weights for the ensemble members. Abscissae
refer to the agro-climate index change observed or predicted in 2010 relative to beginning of the
trend period (1986). GCM point predictions are shown above PDFs as open circles with ensemble
mean given as solid black diamond. The verifying observation and 95% prediction interval are
given by the solid vertical line and thin dashed lines, respectively.
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Figure 3-4: Same as Figure 3-3 except for thermal time trend predictions.
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Figure 3-5: Same as Figure 3-3 except for heat stress index trend predictions.
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Observed

Observed

Observed

Figure 3-6: Uncertainty estimates from the out-of-sample prediction test for frost days (a),
thermal time (b), and heat stress index (c) based on the period 1961-1985 for calibration and
1986-2010 for prediction. Estimates are shown for the four GCMs in the A1Fi emissions scenario
and include the raw prediction range (GCM Range), the 95% BMA PDF prediction interval
(BMA 95%), the same 95% PDF interval using equal weights (Equal BMA 95%), and 95%
climatology interval (Climatology 95%). The verifying observation is denoted in the plots by the
vertical line.
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d)

e)

f)

Figure 3-7: BMA calibrated and equally weighted probabilistic projections of agro-climate index
change for two 50-year periods relative to 2010 values based on the four GCMs in the A1Fi
emissions scenario. Light gray PDFs and rectangles (corresponding to 95% prediction interval)
show projections for 2011-2060 and dark gray PDFs and rectangles are projections for 20402099. Also shown are median projection (vertical dashed lines (2011-2060) and solid lines (20402099)), GCM point projections (open circles), and GCM ensemble mean (solid large diamond).
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Abstract
Exposure to extreme heat will negatively impact crop yields. A warming climate due to
anthropogenic greenhouse gas emissions could increase the exposure of heat-sensitive crops to
these damaging temperatures. Providing information about the timing and magnitude of these
potential changes could be of great value to farmers and decision makers. However it is difficult
for general circulation models (GCMs) to accurately simulate this impact-relevant portion of the
climate system and large uncertainties will propagate through to the projected impacts. Here we
use a previously described damage function relating crop growth and temperature exposure to
account for this uncertainty by deriving probabilistic projections of potential changes to corn
yields in the eastern U.S. We quantify the structural uncertainty between empirically downscaled
GCMs through bootstrapping and Bayesian Model Averaging, and estimate the level of spatial
dependence in corn yield observations to quantify parametric uncertainty in the damage function.
The point projection with damage function uncertainty and the full probabilistic projections are in
agreement that increasing greenhouse gas concentrations will result in substantial yield losses, but
the probabilistic projections indicate the potential for even greater losses. Including both sources
of uncertainty, yields under the current greenhouse gas emissions trajectory are projected to
decline 11% to 77% by 2100 relative to present conditions while the multi-model mean projection
is a 53% decrease. Studies that neglect either source of uncertainty can lead to overconfident
projections by truncating the tails of the distribution.
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1. Introduction
Agricultural crop production is tightly coupled to climate (Lobell and Field 2007). In
particular recent studies have indicated that there is a strong link between temperature and crop
yields (Thompson 1975; Lobell and Burke 2008; Schlenker and Roberts 2009; Schlenker and
Lobell 2010). The mean, variability, and seasonal cycle of temperature are all strong determinants
of where a particular crop can be grown. All these statistical components of a climate variable's
distribution are likely to change as the climate warms due to anthropogenic emissions of
greenhouse gas emissions (Meehl et al. 2000). Farmers will need to adapt to these changing
conditions, especially if the climate becomes less favorable for growing a particular crop. Yet
successful planning efforts in anticipation of these impacts may be constrained if accurate
information about future conditions cannot be obtained. Of particular concern is whether general
circulation models (GCMs) are able to accurately simulate aspects of the climate system most
important to agriculture. Terando et al. (2011) demonstrate that there are strong discrepancies
between the early 21st century generation of GCMs and the observed spatio-temporal patterns of
agro-climate indices in North America. These results suggest projections of these variables could
be highly uncertain, and not accounting for this uncertainty may result in overconfident decisionmaking.
Linking the potential impacts of climate change to crop yields requires an empirical
model sometimes referred to as a damage or loss function. Schlenker and Roberts (2009;
hereafter referred to as SR09) developed such a model and showed that projected changes in
temperature over the next century could lead to large reductions in yields. However, the
projection is based on the results of a single GCM. Given the large uncertainties in model
projections of agro-climate indices shown by Terando et al. (2011), an important question
remains as to the robustness of these results. In addition the delta approach used by SR09 to
assess small scale climate changes based on coarse GCM resolution may be less accurate
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compared to other downscaling methods at reproducing the impact-relevant tails of the
temperature distribution (Hayhoe 2010).
Here we present county-level probabilistic projections of climate change effects on corn
yields using an ensemble of empirically downscaled GCMs. We focus on the eastern U.S. the
majority of farmland is rain fed in this area and likely more vulnerable to heat stress. We also
limit the analysis to corn as it is the most widely grown field crop grown in the U.S. and the
acreage planted for corn has increased over the past decade as demand and prices have increased.
We reproduce the damage function of SR09 to estimate the climate-yield relationship for corn
and to make projections using the downscaled GCMs. In doing so we account for two types of
uncertainty: (1) structural uncertainty which we define as the uncertainty that arises when models
are not able to simulate or reproduce a known climatic process or pattern (Knutti et al. 2010), and
(2) parametric uncertainty in the empirical damage function. We derive probabilistic climate
projections using a framework based on Bayesian Model Averaging (Raftery et al. 2005) and
bootstrapping that assimilates past observations and model hindcasts in a manner consistent with
the observed and simulated climate dynamics. We use the non-parametric routine described in
Conley (1999; also used by SR09) to account for uncertainty in the fitted damage function
parameters that results from using county-level crop yield data that exhibit large spatial
dependencies. We demonstrate that adding these sources of uncertainty to crop yield projections
increases the width of the prediction interval, commensurate with the ability of the GCMs to
reproduce the observed patterns.
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2. Background
b. Linking Climate Change to Agricultural Production
There has been an intense research focus on the question of whether anthropogenic
warming of the climate system will have net positive or negative impacts on agriculture (c.f.
Easterling et al. 2007, Tubiello et al. 2007, and Challinor et al. 2009 for reviews and discussion).
The importance of this question is clear since issues of global food security, resource
management, and the environmental costs of production agriculture are all closely linked to how
crops respond to climate change. However the multitude of studies is also indicative of the
complexity of the topic and the challenge faced by researchers addressing this issue. Of particular
importance is disentangling the many confounding variables that determine the biomass
production for a crop. Improved seed varieties, management actions, and chemical inputs (i.e.
fertilizer and pesticide) account for the majority of the increasing yield trend in the U.S. since the
1940s (Thompson 1975; Lobell and Asner 2003). In addition, increasing atmospheric CO2
concentrations may provide a fertilization effect that increases photosynthetic rates; especially for
CO2 limited C3 plants such as soybeans and wheat (Rosenzweig and Hillel 1998). This implies
that there is significant co-linearity between the time-dependent anthropogenic warming signal,
the anthropogenic greenhouse gas perturbation, and the technology effect on yields (Warrick
1980). Neglecting this confounding factor when estimating the effect of climate change on crops
can lead to biased results.
In response various strategies are employed to isolate the relationship between climate
and crop yields. These strategies typically fall into one of three categories: (1) controlled
agronomic experiments using crop models or field experiments to test the sensitivity of
biophysical processes to varying climate treatments (Challinor et al. 2009), (2) empirical studies
based on ‘natural experiments’ comparing the aggregate effects of climate on yield across
multiple observations in time and space (Mendelsohn et al. 1996), and (3) qualitative studies that
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explore the ways in which farmers and society react, adapt, and work to build resilience into their
livelihoods (c.f. Adger 2006). The first approach is advantageous because of the ability to control
the conditions under which observations are taken and the ability to directly tie process with
outcome. The primary disadvantage is that the results risk not being applicable to real-world
conditions if processes that are important but difficult to parameterize (such as the rate of farmer
adaptation to climate) are excluded from the model. More recent studies have made efforts to
include models of model human behavior and policies to more realistically simulate real-world
conditions (e.g. Easterling et al. 2003; Chhetri et al. 2010). The advantages of the second
approach include the ability to make inferences about climatic impacts on agriculture based on
the actual economic and environmental conditions experienced by farmers. This comes at the
expense of acquiring information about the specific mechanisms responsible for the observed
yield variations. In addition the technology and management effect on crop yields makes it
difficult to predict how a perceived climate effect will impact future yields. The advantage of the
final approach is that insights can be gained about complex human-environment interactions and
the decision-making process of farmers individually and as a community. However, it is often
difficult to draw large-scale conclusions beyond the region or times in which the study is
conducted (Morton 2007).
This study follows the second approach discussed above. Our empirical method uses a
previously developed damage function to examine the relationship between past yields and the
length of exposure to different parts of the growing season temperature distribution. We attempt
to avoid the potential pitfalls of a co-mingled climate-technology signal by incorporating climate
variability as a random effect outside of a time-dependent technology signal. In other words, we
assume that the technological factors are largely responsible for the large positive yield trend over
the past half century in the North America. Our results should therefore be viewed in the context
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of current technologies and management practices rather than as absolute projections of yield
changes.

b. Using Heat-exposure to Define a Damage Function
Schlenker and Roberts (2009) describe an empirical model relating heat exposure to yield
growth. The non-linear model integrates total heat exposure over the growing season while
allowing for fixed and random effects due to local environmental factors:
(1)
where

is the log yield in county i for year t, and h is the temperature exposure during the

growing season with lower and upper bounds
the growing season is given by

and , respectively. The distribution of heat over

while other random effects such as precipitation and

technological yield improvements are represented by
factors such as different soil types are given by

. Fixed effects that represent local

. Finally, the model error,

, is spatially

correlated across counties. We estimate the error term using the non-parametric routine suggested
by SR09 and described in Conley (1999).
One key insight of this model is that the yield-climate relationship is most strongly
dependent on cumulative exposure to the observed temperature distribution during the growing
season rather than to the average temperature or the timing of exposure over all or part of the
growing season. Thus, by using a model where climate is represented as a function of time (i.e.
exposure) rather than as a function of heat SR09 were able to show a significant and robust nonlinear relationship between temperature extremes and crop yields in the U.S.
SR09 use three models to approximate the integral in Equation (1). The first model is a
step-function where dummy variables are used for three degree temperature bins over the interval
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0-41 oC. The second model is an eighth-order polynomial fit to the temperature exposure data.
The third model, similar to the concept of growing degree days and the heat stress index
described in Terando et al. (2001) is a three-segment piece-wise linear regression where no
growth is assumed below a lower temperature threshold, growth increases linearly above this
threshold to the upper threshold, and growth decreases linearly for all temperatures above the
upper threshold. For all three models temperature is represented as the total exposure time (in
days) to a given part of the distribution.

c. Estimating Structural Uncertainty Using Bayesian Model Averaging
Our imperfect knowledge of the climate system propagates through to the models we
construct to simulate its processes. This inability to resolve key forcings and processes is known
as the structural uncertainty between models (Knutti et al. 2010). The amount of this uncertainty
can be large depending on the process being examined (e.g. Liang et al. 2008; Terando et al. in
revision). Failure to acknowledge this uncertainty can result in overconfident predictions and
mal-informed decisions (Draper 1995).
We use Bayesian Model Averaging (BMA; Raftery et al. 1997; Raftery et al. 2005) to
estimate the structural uncertainty between GCMs due to imperfect knowledge of the climate
system. The goal of BMA is to generate a predictive distribution when there are multiple
competing models. BMA uses training data to estimate the predictive variance of each model and
to derive posterior model weights that sum to unity. The weights correspond to the probability
that a given model will correctly predict the future observation given past fidelity to the training
data. For variables that are normally distributed (such as temperature or growing season
precipitation in the eastern U.S.) the model is given by:
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(2)
where the desired prediction , is a probability density function (PDF)
conditional on the entire set of models

. The weights wk are interpreted as the

probability of model k being the best ensemble member given the training data
is the conditional PDF of y given the hindcast prediction

and

(from a general circulation model for

example). Thus the resulting prediction is a weighted PDF that incorporates information from
each model and quantifies the uncertainty in the prediction based on fidelity to the observations.
The main advantage of BMA is the explicit treatment of structural uncertainty between
competing models. This manifests in two ways. First, information from all models is used, rather
than choosing a single “best” model which increases the risk of overconfident predictions. And
second, the uncertainty of the prediction is estimated and quantified in the form of a PDF. The
first aspect of BMA is also a common practice in many climate impact studies, where an
ensemble of multiple GCMs is used for the full projection rather than a single model. However,
the second aspect of BMA that transforms the forecast into a probabilistic prediction is much less
common although several recent studies have used Bayesian techniques such as Markov Chain
Monte Carlo (MCMC) simulations to derive posterior probabilistic projections (cf. Tebaldi et al.
2005; Greene et al. 2006; Smith et al. 2009). Developing probabilistic as opposed to point
projections is potentially more useful for decision-makers since the uncertainty tied to a climate
model prediction is expressed quantitatively rather than as an (implied) categorical statement of
whether the prediction is “right” or “wrong”.
Raftery et al. (2005) were the first to apply Bayesian Model Averaging in a geophysical
setting. In that work and in a series of subsequent articles (Berrocal et al. 2007; Sloughter et al.
2007; Wilson et al. 2007) a methodology is described for developing short-term (i.e. less than
seven days) probabilistic weather forecasts based on an ensemble of dynamics numerical models.
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The procedure for implementing BMA is straightforward for one-dimensional forecasts in a
single location. Model hindcasts are compared to past observations over some training period and
the set of posterior model-specific weights and predictive variances are derived which maximize
the likelihood function (Raftery et al. 2005). The resulting weighted PDF is then updated for
every forecast period as new observations are brought into the training dataset to replace the
oldest observations.

c. Bootstrapping to Compare Simulated and Observed Trends
There are additional methodological issues to consider when using Bayesian Model
Averaging to derive probabilistic decadal climate projections as opposed to short-term numerical
weather predictions. Terando et al. (In Revision) discuss the problem in detail but in general the
primary hurdle is how to effectively derive model weights given that the training data (the
observations) do not necessarily temporally correspond to the model output. In other words, while
the GCMs should be able to reproduce the statistical properties such as the mean and variance of
the system over some given time period, there is no such expected coherence between the
individual observations and predictions for a specific date. This is problematic since decisionmakers primarily use GCM output as a means to understand potential spatio-temporal changes in
the climate and how these changes affect the system of interest. Thus it is important to understand
how well GCMs are able to simulate the evolving anthropogenic climate signal.
One way to address this issue is to compare the estimated statistical properties of the
observed versus simulated climate system over some sufficiently long time period (e.g. 30 years).
This is the method used by Tebaldi et al. (2005) and Smith et al. (2009) to derive a posterior
probabilistic climate projection for a corresponding future climatological period. However if this
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technique is applied to BMA it would severely limit the effective degrees of freedom with which
to derive the model weights.
Another option presented by Terando et al. (in revision) is to fit low-order polynomials to
the observations and model hindcasts and then use bootstrapping to estimate the uncertainty
associated with the fitted trends. With this method the training data set is an empirical cumulative
distribution function (CDF) based on the bootstrapped trends. The posterior model weights and
predictive variances are based on comparing the observed and hindcast CDFs for the variable of
interest. This addresses the problems with applying BMA to climate models in two ways. It
dampens high frequency noise associated with internal variability and sub-decadal atmospheric
periodic oscillations such as the El Niño-Southern Oscillation (ENSO) while retaining the effects
of major climate forcings such as anthropogenic greenhouse gas emissions. It also accounts for
the uncertainty in the trends by using the bootstrap estimator to account for temporal
autocorrelation and short-term variability. Since the probability is low that a climate model will
perfectly reproduce the observed trends, this method provides a way to estimate the predictive
variance within and between a set of models subject to the uncertainty inherent in the climate
system and our imperfect ability to simulate it.
Terando et al. (in revision) applied this method to three agro-climate indices in North
America to obtain probabilistic projections using a two small ensembles of climate models (n=4
and n=6). One undesirable trait of this application of BMA is the possibility to derive sufficiently
wide PDFs (i.e. they are over-calibrated). Terando et al. (in revision) demonstrate this by
performing out-of-sample prediction tests using the first 25 years of observations as the training
data set to derive predictive PDFs for the most recent 25 years. For the variables tested and the
spatial and temporal scale used in their analysis they found that the verifying observed trend was
outside of the 95% prediction interval in four of the six trials. This apparent projection
overconfidence likely results from the tendency for the BMA procedure to place the majority of
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available weights on one or two models. One explanation for this is that the iterative procedure
used to maximize the likelihood function (known as the Expectation-Maximization or EM
algorithm; Dempster et al. 1977) assigns model weights in a manner that is proportional to the
similarity between models. That is, if the hindcasts from the other models are very similar to the
first model considered then there is little additional information to be gained and these models
will receive little weight (Raftery et al. 2005; Wilson et al. 2007). Overconfident predictions were
not present when the weights were held constant for the six trials. In this case using the BMA
procedure described by Raftery et al. (2005) is still useful for estimating the predictive variance
for individual models. The resulting PDFs reported by Terando et al. (in revision) are much wider
than the PDFs derived from calibrated model weights; and wider than a naive climatological
prediction using the bootstrapped trends. However, since using equal model weights reduces the
risk of overconfident projections we report the results from BMA using both calibrated and equal
posterior model weights.

3. Methods
a. Corn Yield and Climate Data
SR09 focused on three crops in the eastern U.S., corn, soybeans, and cotton. We also
limit our study area to crops (specifically corn) grown east of the 100th meridian, commensurate
with the majority of rain-fed agriculture. These agricultural areas are more vulnerable to heat
stress since farmers cannot regulate water availability for crops. SR09 confirm this by showing
reduced effects of exposure to extreme heat on crop yields in the more arid western U.S. where
irrigation is necessary in most areas to successfully grow corn, soybeans, or cotton. We use
county-level corn yield observations from the U.S. Department of Agriculture National
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Agriculture Statistical Service (USDA-NASS). We use yield observations from 1949-2010 to
match the available years in the climate observations.
The climate data are gridded daily surface temperature and precipitation data based on
Maurer et al. (2002). The data are at a spatial resolution of 12 km and cover the years 1949-2010
for the continental U.S. Similar to SR09 we use the National Land Cover 2001 Dataset (Homer et
al. 2004), a satellite-based land cover map, to retain only those grid cells where row crops are
grown. Although the row-crop classification does not classify the type of crop grown (e.g. corn,
soybeans, wheat), it is unlikely that a county’s observed corn yields will be biased by which areas
within the county are growing corn in a given year. This is because by far the most common crop
rotation is a two-year rotation between corn and soybeans. Because this rotation is so common in
corn producing regions we assume that the spatial distribution of corn fields within a county for a
given year is random and the average yield estimate is not geographically biased.
Using the remaining grid cells of observed daily temperature and precipitation we
calculate the total time exposure to each degree of temperature that occurs during the growing
season (March 1 – August 31), while combining all temperatures below 0 oC and above 40 oC
into separate bins. Schlenker and Roberts (2009) estimated the total exposure within a grid cell by
fitting a sinusoidal curve between the daily maximum and minimum temperature. They then sum
the total hours that occur within each temperature bin and divide by 24 hours to get the days of
exposure for that grid cell for each year. We instead use a simple linear interpolation between
daily maximum and minimum temperature using 4 p.m. and 6 a.m. as the assumed times of the
max and min temperature. SR09 tested the effect of using a linear versus sinusoidal interpolation
on projected yield changes and found the results were not sensitive to the method used. After
calculating the temporal exposure to each part of the temperature distribution we then average all
grid cells within the county where row crops are grown.
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b. Empirically Downscaled General Circulation Models
We use output from four empirically downscaled general circulation models that consist
of daily time series of temperature and precipitation for the period 1961-2099 (Stoner et al. In
Prep). The original GCMs are part of the World Climate Resource Project (WCRP) Coupled
Model Intercomparison Project (CMIP3) multi-model dataset (Meehl et al. 2007). Downscaling
refers to the set of techniques that attempt to model or capture the sub-grid scale processes absent
in GCMs (cf. Hewitson and Crane 1996, Wilby and Wigley 1997 for reviews of downscaling
techniques). In this case empirical or statistical downscaling means that the relationship between
local observations and large-scale atmospheric patterns is used to develop an empirical model that
translates coarse-level GCM output to a finer-scale. Terando et al. (In revision) discuss the
advantages of using this dataset in studies that focus on the extremes of the temperature
distribution. In particular the chosen downscaling method known as Statistical Asynchronous
Regression (O’Brien et al. 2001) is designed to better reflect the distribution of daily temperature
extremes, the continuous time series allows for a longer calibration period (i.e. 1961-2010)
between models and observations for the BMA, and the use of the A1Fi greenhouse gas
emissions scenario (corresponding to a carbon-intensive economy with rapidly increasing
emissions) may be more policy-relevant to decision-makers since this scenario most closely
tracks our current emissions trajectory. One other advantage of using this dataset is that our
choice for the observational dataset (Maurer et al. 2002) is the same dataset used to calibrate the
GCMs and to obtain the downscaled output. Thus the spatial scale between the climate models
and the climate observations is identical. In addition the models can be considered calibrated to
the observations which is useful for implementing the Bayesian Model Averaging (cf. Raftery et
al. 2005).
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Using the downscaled GCM output we calculate the exposure to each degree of the
model’s temperature distribution as with the observed climate. We do this for the same grid cells
as in the observed dataset and average the results to obtain the county-wide exposure distribution.
Note that we calculate annual values for each one-degree bin for the entire model simulation
period so that we can derive model weights and estimate the predictive variance based on the
common model-observation comparison period 1961-2010.

c. Damage Function
We use the county-level yield and climate observations to replicate the damage function
described by Schlenker and Roberts (2009; SR09) that relates overall crop exposure to the
temperature distribution over the growing season. SR09 develop three iterations of their model
based on how the growth function integral in Equation (1) is discretized: (1) a step-function
where dummy variables represent growing season exposure to three-degree bins of temperature
intervals, (2) an eighth-order polynomial fit to the continuous exposure distribution, and (3) a
piece-wise linear model that is similar in concept to growing degree days. We use the piece-wise
linear regression model as the basis for our damage f unction linking climate and corn yields.
Although this model is the simplest specification of the growth integral among the three tested,
Schlenker and Roberts (2009a) found the results are similar to the more flexible models. In
addition this model is similar in concept to growing-degree days, a measure of temperature
exposure already examined in relation to GCM simulation skill by Terando et al. (2011) and
Terando et al. (In revision).
Using this specification for the climate-yield relationship the model is given by:
(3)
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where each specification of heat-dependent growth,
for

, corresponds to: no growth up to 10 oC

, positive growth up to some upper temperature threshold for

growth for exposure to temperatures above this threshold for
effects include a quadratic precipitation term,
trend term,

, and negative

. The other local random

, a quadratic technological and management

for each state s, and the fixed county effects and spatially correlated errors. To

estimate the parameters of this model we estimate the growing-season exposure to each degree of
the temperature distribution from 0-40 oC where all temperatures below 0 oC and above 40 oC are
pooled into single bins. We then aggregate the exposure data into three bins corresponding to
exposure to temperatures below 10 oC, between 10 oC and the upper threshold, and total exposure
to all temperatures above this threshold. Because linear growth rates are assumed for the positive
growth term

and negative growth term

we linearly weight the observed

exposures for these two bins. Finally, we use least squares linear regression to estimate the set of
parameters associated with each term in Equation (3). We also test the fit of the model for each
region with four different upper temperature thresholds ranging from 29 oC to obtain 32 oC. We
retain the model for each region and upper threshold that has the lowest Akaike Information
Criterion (AIC) value.

d. Regional Adaptations to Cold and Heat Exposure
Schlenker and Roberts (2009) pool yield results across the entire eastern U.S. to estimate
the damage function parameters. This region experiences a considerable temperature gradient
from the southern U.S. to the northern U.S. that translates into different growing season lengths
and different frequencies with which crops are exposed to extreme temperatures. Farmers
typically plant varieties of crops and use management practices that are best suited to local
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environmental conditions. It follows then, that corn-growing areas in the southern U.S. would be
better adapted to prolonged exposures to high temperatures compared to northern locations. SR09
test this hypothesis by dividing the eastern U.S. into three regions composed of states in the north,
south, and middle of the corn-growing region. Each region is based on state boundaries, i.e. the
southern region contained all corn-growing counties east of the 100th meridian in ten states, the
middle region contains counties from eight states, and the northern region contains counties from
twelve states. SR09 confirm that the effects of exposure to extreme heat vary by region, with the
southern region showing less severe effects on corn yields compared to the middle region, and the
northern region, which has the most severe impacts. SR09 conclude that although there may be
regional differences in the regression coefficients of the damage function, these differences do not
result in substantial differences in the predicted yield impacts of climate change. However, SR09
show a reduction in predicted yield damages of up to 15% by 2100 when the damage function
parameters from southern counties are applied to all locations.
These results suggest that although exposure to extreme heat is damaging irrespective of
the normal frequency of such events, there are still important geographic differences in how
farmers adapt to such occurrences; and that these adaptations have helped to mitigate these
damages in the past. We therefore maintain a sub-region based approach to fitting the regression
model to the climate parameters. Instead of using state boundaries to define the boundaries we
instead use the total exposure to freezing days during the growing season months (Figure 4-1).
We divide the counties into six regions using cutoffs of 5.2 days between frost day exposures.
The bins roughly correspond to various agro-climate regions based on frost-free period or total
growing degree days. Another option is to define the regions based on exposure to some upper
temperature threshold that corresponds to heat stress. However this value may vary by region
depending on local environmental and management conditions. We instead use exposure to
freezing days since the physiological response of corn to freezing water is constant. The southern128

most region (Region 1 in Figure 4-1) is also the largest and represents areas where temperatures
below freezing are rare to non-existent between March 1 and August 31. We use AIC to select the
models with the best-fit parameters and upper temperature threshold for the piece-wise regression
model for each of the six regions. One draw-back of this approach is that using sub-regions
reduces the sample-size available to estimate the model, increasing the standard errors and the
parametric uncertainty. However, we believe it is important to include these spatial differences in
the damage function estimate since we present county-specific results rather than pooled results
across the entire eastern U.S.

e. Damage Function Uncertainty
Because yields are strongly correlated across counties it is necessary to account for
spatial dependence when estimating the parametric uncertainty in the regression coefficients. We
use a Generalized Method of Moments (GMM) estimator applied to a spatial model of
dependence (Conley 1999). This is a non-parametric method originally developed for
econometric studies using panel data, such as observations of crop yields as in Schlenker and
Roberts (2009), who also use this estimator. The GMM estimator uses a measure of spatial
dependence between observations to adjust the standard errors in the fitted regression parameters.
We use empirical variograms (Cressie 1993) to estimate the dependence in each of the six crop
regions. Variograms are computed for each year and we use the average range value for the
GMM estimator. The range values are between 325 km and 575 km. Because the range estimates
are not precise measurements of the effective dependence distance we also tested the GMM
adjusted standard errors using other plausible range distances based on the empirical variograms.
The results are not sensitive to this value for ranges above ~200 km and we therefore retain the
original estimates.
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f. Bayesian Model Averaging
Growing season temperature exposure is a bounded random variable. That is, the
exposure to each degree of temperature is limited to values between zero and the total days in the
growing season (n=184) with all exposure values summing to this value in a year (Figure 4-2).
This means that an increase in the exposure to one degree of temperature will result in a decrease
other parts of the temperature distribution and vice versa. Thus there is dependence between
temperature exposures that must be accounted for when combining multi-model projections into a
single probabilistic projection. In Terando et al. (in revision), BMA is used to independently
derive model weights and predictive distributions for three agro-climate indices (frost days,
growing degree days, and heat stress index). Although these three agro-climate indices are similar
to the three exposure variables in Equation (3) the same method cannot be applied in this instance
because we are interested in the joint distribution of the three growth functions within the
growing season. The interdependence of the three variables is evident in Figure 4-3 (shown as
single area-average time series for eastern North America) where the ensemble GCM simulations
show increases in exposure to heat extremes (corresponding to negative growth rates) and
decreases in exposure to low temperatures (i.e. no growth). The large spread in the projected
changes in exposure to temperatures resulting in positive growth rates reflects the uncertainty in
how exposure to this part of the temperature distribution is parceled out in the future. Note that
although clear trends emerge by mid-21st century in the simulations the observed and hindcast
trends for the 50 years from 1961-2010 are still ambiguous.
We address the dependence within the exposure variable by using BMA to derive model
weights and predictive distributions for each degree within the growing season temperature
distribution (covering the range between 0-40 oC). We first aggregate all gridded observations
into 41 time series of temperature exposure for eastern North America (Figure 4-1). This reduces
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the dimensionality of the problem and also may reduce overconfident weighting since GCMs
typically more accurately reproduce the observed properties of the climate system at coarser
resolutions. However with this approach we also assume that the resulting model weights are the
same throughout the study region and that the predictive variance at the sub-continental level is
proportional to the predictive variance at the scale of an individual county.

g. Bootstrapping Observed and Hindcast Trends
The weights and predictive variance estimates are obtained in the same manner as in
Terando et al. (in revision). For each exposure variable (n=41 corresponding to 41 temperature
bins) a series of polynomials, ranging from a linear fit to a sixth-degree polynomial, are fit to the
observed time series from 1961-2010. The comparison begins in 1961 since this is the earliest
available year for the downscaled GCM hindcasts. We retain the best fit polynomial (based on the
lowest AIC value) and then fit a time series model to the residuals. We then simulate 1,000
replicates from this residual model. Finally the replicates are added back to the original
polynomial and a polynomial is again fit to the pseudo-observations. From the final 1,000
polynomial models we use the change in exposure at the end of the fifty year period as our
training dataset. We repeat the procedure for the four GCMs in the ensemble and compare the
CDFs using the root-square error to measure the distance between model hindcasts and
observations. We also repeat these steps for precipitation. However since the model only includes
a single (quadratic) precipitation term for total growing season precipitation, the polynomialfitting and bootstrap procedure is only applied once to the entire distribution. We note that a
normal distribution is still appropriate for our variable of interest because the bootstrap estimator
for precipitation change over a fifty year period is approximately Gaussian.
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We use Bayesian Model Averaging to obtain posterior calibrated and equal model
weights and predictive variance estimates based on the bootstrap trend estimates. Our assumption
of equality of model performance posits that the model weights are directly transferrable from
aggregated sub-continental output to the county-level. This assumption does not strictly hold for
the predictive variance estimates. Instead we assume that the sub-continental predictive variance
is proportional to the county-level variance. We use the coefficient of variation (CV) to calculate
county-level predictive variances. The coefficient of variation is defined as the ratio of the
standard deviation of a variable to its mean. We measure this using the climate model predictive
variance given by the BMA and the mean of the raw downscaled model output for the most
recent thirty years of a fifty year trend period.
Polynomial trends are fit to two fifty-year projection periods (2011-2060 and 2050-2099)
for each model's raw output to ensure that the weights are applied to projections that are
comparable to the hindcast trend estimates. The model weights are associated with the change at
the end of each fifty year period and the overall change for each period is given by the difference
between this value and the mean of the GCM output for the period 1981-2010.
These transformations result in the three components necessary to derive probabilistic
projections using BMA for normally distributed variables: model means, predictive variances,
and the model weights (both calibrated and equal). To obtain empirical PDFs of the county-level
projections we use these three components to sample from a normal distribution where the
county's climate projection is taken directly from the polynomial fit to the model output but the
standard deviation is based on the CV-transform of the sub-continental value. We take 1,000
samples for all models (n=4), counties (n=2326), fifty-year projection period (n=2), and exposure
variable (n=41). We then resample from the 4,000 combined GCM samples for each exposure
variable and retain 1,000 by weighting according to the BMA probabilities. Finally, we add the
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mean observed exposure values to 1,000 simulated values to obtain the empirical PDF estimate of
the projected exposure distribution.
The resulting 1,000 county-level PDFs for each of the 41 exposure bins may not sum to
exactly 184 days. This is an artifact of the polynomial fitting procedure that is applied to each bin
and of using the end-point of the fifty-year period to calculate projected changes. Accordingly,
we rescale the results equally across the 41 bins so that all values sum to 184 days for each of the
1,000 samples. The scaling factor is usually small (< 5% of the growing season days) and should
not materially affect the results since the factor is applied equally to all bins. Thus the relative
change in temperature exposure is maintained. This scaling is not necessary for precipitation
since the variable is unbounded for positive numbers.
Using these PDF projections we calculate the three growing degree day functions and the
precipitation term in Equation (3) for each county in the six regions. We hold the county-fixed
effects and the technology term constant since we are interested in the potential change in yields
relative to present-day conditions. Schlenker and Roberts (2009) estimate the overall projected
climate change effects on corn yield,

with:
(4)

where we take the regression coefficients β fit to the 1961-2010 weather period, w for each region
r, and apply the projected growing degree and precipitation variables wi1, for each county i. We
calculate the ratio of this value to the value obtained using the same regression coefficients
applied to the 1981-2010 observed climate, wi0. We use an area term,
according to the number of 12 km climate grid cells in each county.
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to weight the results

4. Results
a. Damage Function Coefficients
The values of the damage function coefficients we obtain using Equation (3) are similar
to those in Schlenker and Roberts (2009; Table 4-1). We find coefficients consistent with no
growth up to 10 oC, positive growth up to some upper threshold and steep negative growth rates
above this threshold. Recall that for temperature exposures below 10 oC only the actual exposure
value (in days) is used in the regression model. Therefore the fitted coefficients associated with
the

in Equation (3) will have little impact on the overall yield prediction, regardless of

whether the coefficient is positive or negative. In comparison the coefficients associated with the
positive growth term Equation (3) are an order of magnitude smaller than the zero-growth
coefficients. Yet these coefficients will have a large impact on the predicted yield because the
exposure values within this range of temperatures are transformed into growing degree days
based on a linear transform applied to the exposure data. Similarly the negative growth function
coefficients are small in absolute terms but have a large impact on projected yields due to the
growing degree transform.
For the two growth functions that dominate predicted yields,

and

, the

coefficients associated with negative growth rates appear to vary spatially among the six regions.
The coefficients are more negative for the more northern regions, indicating more severe impacts
associated with high temperatures compared to the southern regions. Schlenker and Roberts
(2009) found similar results when they fit the three damage function specifications to yield data
segregated into three state-based regions. The coefficient for the southernmost region is 79% less
than the coefficient in the fourth region which has the largest negative coefficient.
The adjusted standard errors also increase from the southernmost region which contains
the most counties (n = 1006) to the northernmost regions (n < 200) for the

and

growth functions. All the errors are larger than those originally estimated without accounting for
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spatial dependence. This pattern of increasing standard errors from southern to northern regions
is not seen for the negative growth function. This may reflect the better fit of the model heat
stress parameters for more northern regions where exposure to high temperatures is rarer and
more tightly coupled to reduced yields.
It appears that the coefficients cluster into three groups within the six regions with
Region 1 being one group, Regions 2 and 3 in another group consisting of the southern and
central corn belt and Regions 4-6 grouped into a northern region with the highest vulnerability to
heat stress. It may be possible to re-estimate the regression model using just these three regions
which would increase the sample size and should reduce the standard errors.

b. Bayesian Model Averaging Results
The empirical cumulative distribution functions (CDFs) for the hindcast and observed
bootstrapped exposure trends indicate a warming bias in some ensemble members at each end of
the temperature distribution (Figure 4-4). The downscaled climate model CDFs are tightly
clustered around the observed exposure values associated with positive plant growth (Figure 44b). However the models appear to be biased towards greater than observed warming trends for
exposure values associated with no plant growth (Figure 4-4a) and negative growth (Figure 4-4c).
Terando et al. (in revision) find similar results for the continental U.S. when estimating
bootstrapped trends for annual frost days and a growing season heat stress index based on the
same sources of observations (Maurer et al. 2002) and downscaled GCMs (Stoner et al. in prep).
Although there is an apparent warming bias, the bias is small for two of the four GCMs.
The different trend biases between the climate models translates into a greater frequency
of high posterior weights and lower estimated predictive variance for two of the four models
(Figure 4-5). Across the 41 exposure values the model with the greatest bias towards trends
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indicating more warming than observed has very low weights (Figure 4-5a) and the highest
estimated predictive variance (Figure 4-5b). Forcing equal model weights results in predictive
variance that are still very similar to those estimated using calibrated weights (Figure 4-5c). This
will necessarily lead to larger greater uncertainty in the full projection as models that have greater
predictive variance are given more weight.

c. Probabilistic Projections - Spatial Patterns of Corn Yield Changes
We first present spatial probabilistic projections of potential climate change effects on
corn yields after accounting for parametric and structural uncertainty. Panel maps are presented
that correspond to the 0.025, 0.5, and 0.975 quantiles of the combined BMA PDF and the damage
function 95% confidence interval (Figures 4-6 and 4-7). All projected corn yield changes are
relative to the 1981-2010 average county yield. Overall there are more projected yield losses than
yield gains regardless of the time period considered (2060 or 2099) or whether posterior PDF is
obtained using calibrated or equal model weights. The probabilistic projections based on
calibrated GCM weights indicate that the greatest yield loses will occur western corn belt due to a
combination of increased exposure to extreme heat and reduced precipitation. Most projection
combinations show the possibility for increased yields in the Appalachian Mountain region and
for some of the most northerly regions in the study area. However by 2099 many of the projection
combinations show changes from yield gains to yield declines relative to current yields.
Holding the posterior model weights equal results in projections of greater yield declines
compared to the probabilistic projections using calibrated GCM weights. This is largely due to
the increased influence of the single GCM with the greatest warming biases across all exposure
variables (Figure 4-4). The equally weighted probabilistic projections show lower projected corn
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yields in all areas outside of the Appalachian Mountains. By 2099 the projected yield declines are
particularly steep yield in the western half of the analysis region.

d. Probabilistic Projections - Components of Projection Uncertainty
Accounting for different aspects of projection uncertainty results in wide prediction
intervals which indicate that there are non-trivial probabilities of much greater yield declines
compared to the multi-model mean point projection (Figure 4-8). The 95% projection interval
based on equal GCM weights results in the most uncertainty compared to either the projection
using calibrated weights or the multi-model mean with a 95% confidence interval that accounts
for parametric uncertainty in the regression model.
For both types of probabilistic projections (calibrated model weights and equal model
weights), including both a parametric and structural uncertainty estimate extends the possible
yield changes from small positive yield gains (less than 20% of the historic average) to declines
of 70% or more by 2060 and to declines of 80% by 2099 (Figure 4-9). The projected yield
declines when accounting for parametric uncertainty in the multi-model mean (at the 95%
confidence interval) range from 13-39% by 2060 and 34-60% by 2099. By 2099 the full
projections using any specification of structural or parametric uncertainty indicate likely corn
yield declines for the eastern U.S. We note that the 95% confidence interval in this study is wider
than what was estimated in SR09. We attribute this difference to our decision to divide the
eastern U.S. into six regions which reduces the sample size used to fit the damage function.
However, our overall projection interval is wider due to the inclusion of more than a single
model, allowing for an expanded sample space to better quantify the structural uncertainty.
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5. Discussion
Our results are in agreement with the results of Schlenker and Roberts (2009), and build
consensus that given today's technology and management practices, future increases in exposure
to heat stress will result in substantial yield declines by the end of the 21st century. However
using probabilistic projections also increases the range of the potential yield damages and
therefore the amount of uncertainty that is communicated to decision makers (Figure 4-11). The
additional projection uncertainty that accompanies probabilistic projections has potentially
important consequences for farmers. One result of this type of analysis is that although the overall
projection uncertainty increases, one could argue that the evidence actually increases for taking
adaptive actions in response to climate change. This is because the risk of overconfident decisionmaking increases if management actions are based on point projections that do not account for
other sources of uncertainty such as structural or parametric uncertainty. In contrast the
probabilistic projections help to quantify our imperfect knowledge of the system and embed this
lack of knowledge directly into predictions. In this study adding sources of uncertainty to the
projections increases the uncertainty bounds. But the more rigorous treatment of uncertainty
increases confidence that the consensus position, i.e. high likelihood of corn yield damage under
a future scenario of high greenhouse gas emissions, is not an artifact of a single model and is a
robust result.
Adapting to these changes may require considerable investments and planning. At a
minimum more heat-tolerant corn varieties will need to be adopted and developed by industry to
cope with the increased exposure to high temperatures. The inverse relationship between the
negative growth coefficients and the amount of exposure to heat stress suggests that these
strategies are already in place. In other regions more drastic management actions may be
necessary, such as switching from rain-fed to irrigated agriculture (which carries its own
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environmental costs) or abandoning corn as a major cash crop if the value of land devoted to this
use drops to an unsustainable level (Kelly et al. 2005). This is especially the case in the western
and southwestern portions of the study area. These areas already are considered marginal for rainfed corn production. Our results indicate that these marginal areas could spread eastward into
parts of the core corn belt region. In addition, while the probabilistic projections indicate the
possibility of increased corn yields in the Appalachian Mountains and the far northern tier of the
eastern U.S., the potential for expansion of corn production in these areas is limited due to suboptimal local environmental conditions.

6. Caveats
This study is subject to several caveats. We reiterate the caveats of Terando et al. (in
revision) with regard to how the model weights are derived. Our model skill score used to
compare the CDFs (the root square error) is simple and may not capture all appropriate aspects of
the climate dynamics that determine the observed exposure distribution. In addition our climate
model ensemble is small (four models). Adding more models may or may not materially affect
the uncertainty bounds, depending on the level of consensus between the model projections.
We also do not address how future technologies may mitigate potential yield losses. This
is a difficult topic to address since it may not be possible to predict how new technologies will
affect corn yields; similar to the difficulty in predicting future carbon emissions based on how the
global economy will develop.
While our projections include the interacting effects of precipitation and temperature, we
do not fully explore this joint distribution. Further study is required to develop probabilistic
projections that account for possible dependence between growing season precipitation (and the
time-dependent impact on soil moisture) and temperature.
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Finally, we note the need for further research so that information about potential impacts
of climate change on crop yields such as those presented here, is more useful for decision-making
by farmers and other stakeholders. In developing probabilistic projections that reduce the risk of
overconfident decisions, we have made tradeoffs in our methodological choices, limiting the
ability to derive short-term (e.g. 10-20 year) projections. Such decadal information is likely to
carry greater utility for farmers since it will correspond to normal planning horizon used for risk
management and other farm-level activities. Further work is needed to apply our probabilistic
framework to the time-scales of most use to individual farmers. Thus, we acknowledge that at this
point, these projections are likely to be most useful for industry, government, and other stakeholders that can make use of the long-term yield and agro-climate projections.

7. Conclusions
We use empirically downscaled climate models and a crop damage function to derive
probabilistic projections of corn yield changes. Two types of uncertainty are identified and
quantified in developing the probabilistic projections. The structural uncertainty, representing the
inability of climate models to simulate or reproduce a physical process is estimated with Bayesian
Model Averaging. We also estimate parametric uncertainty, representing sampling error and
spatial dependence in the damage function. Large declines in corn yields are projected by the end
of the 21st century, especially in areas west of 90o W longitude and south of 40o N latitude. The
probabilistic projections expand the uncertainty bounds compared to the multi-model mean
projection by approximately ±30% when using equal model weights. The parametric uncertainty
of the damage function is larger than the estimated structural uncertainty due to the small sample
size used to fit damage function which increases the standard errors; as well as the small number
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of general circulation models in the ensemble which can limit the width of the associated
probability density function.
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Table Headers
Table 4-1: Growth function coefficients for the piece-wise linear regression model used to
estimate the effect of climate on corn yields. Standard errors are estimated using the nonparametric routine in Conley (1999) that accounts for spatial dependence between county yield
observations. Also shown are the number of counties in each region (ordered from south to
north), and the upper temperature threshold used to divide heat exposures associated with positive
or negative plant growth rates.
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Figure Legends
Figure 4-1: Climate-based agricultural regions used to derive the damage function for corn
yields. Regions are defined according to the cumulative exposure to temperatures below freezing
(0 oC) during the growing season (March 1 – August 31).
Figure 4-2: Distribution of growing season temperature exposure during the growing season
averaged over the eastenrn U.S. All exposure to temperatures less than or equal to 0 oC or greater
than or equal to 40 oC are combined into separate bins.
Figure 4-3: Observed (heavy black line) and simulated (gray lines) growth indices (no growth,
positive growth rates, and decreasing growth rates) for the period 1960-2099. Gray lines show the
output for the four downscaled GCMs using the A1Fi scenario. These are the “raw” observations
and model hindcasts and projections without the Bayesian Model Averaging applied. These
particular indices are based on a threshold of 30 oC between positive and negative growth rates.
Figure 4-4: Empirical cumulative distribution function comparison between bootstrapped trends
of GCM simulated growth-indices (gray lines) and bootstrapped observed trend estimate (heavy
black line) after applying best-fit polynomials to the period 1961-2010. All growth-indices are
averaged across the entire study area before estimating the bootstrapped trends.
Figure 4-5: Boxplots of posterior model weights obtained from the BMA analysis (a) and the
predictive variance estimate for calibrated model weights (b) and equal model weights (c).
Figure 4-6: Projected county-level changes in corn yields by 2060 relative to the 1981-2010
mean yields. Structural uncertainty in the GCM projections is quantified using Bayesian Model
Averaging with calibrated model weights (left-hand figures) and equal weights (right-hand
figures). Parametric uncertainty in the damage function is quantified by adjusting standard errors
to reflect spatial correlation between county-level yield observations.
Figure 4-7: Same as Figure 4-6 but for projected changes by 2099.
Figure 4-8: Probability density functions (PDFs) and point estimates for corn yield changes (in
percentages) by 2060 (a, b) and 2099 (c,d) relative to the 1981-2010 average yields. The vertical
black line is the multi-model mean projection and the surrounding gray box is the 95%
confidence interval for this projection after accounting for spatial dependence in the damage
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function. The black-line PDF is the probabilistic projection using calibrated model weights (a,c)
and equal weights (b,d).
Figure 4-9: Projected yield changes for the eastern U.S. by 2060 and 2099 using probabilistic
and climate model point projections. 95% projection interval for probabilistic projections include
the structural uncertainty estimate obtained with BMA as well as parametric uncertainty from the
fitted regression parameters after accounting for spaital dependence between counties. Solid
squares indicate the median projection value while solid circles represent the original point
projections from the downscaled GCM output. The projected yield changes obtained by
Schlenker and Roberts (2009) relative to the 1976-2005 average corn yield is labeled with the
solid blue line.
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Table 4-1: Growth function coefficients for the piece-wise linear regression model used to
estimate the effect of climate on corn yields. Standard errors are estimated using the nonparametric routine in Conley (1999) that accounts for spatial dependence between county yield
observations. Also shown are the number of counties in each region (ordered from south to
north), and the upper temperature threshold used to divide heat exposures associated with positive
or negative plant growth rates.

Region Counties Threshold
1
2
3
4
5
6

Growth Function Coefficients

(n=2326)

(oC)

g (h )0

S.E.

g (h )pos

S.E.

g (h )neg

S.E.

1066
468
303
206
166
117

29
30
30
32
31
30

6.27E-03
-1.93E-03
-3.07E-03
-2.83E-03
3.83E-04
5.69E-03

2.25E-03
3.44E-03
4.09E-03
3.47E-03
5.70E-03
4.59E-03

5.88E-04
2.64E-04
4.46E-05
1.04E-04
5.61E-04
1.30E-03

1.36E-05
2.46E-05
3.45E-05
3.20E-05
5.65E-05
4.58E-05

-3.46E-03
-7.10E-03
-7.02E-03
-1.65E-02
-1.52E-02
-1.31E-02

2.53E-03
2.31E-03
2.28E-03
1.59E-03
2.01E-03
2.96E-03
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Figure 4-1: Climate-based agricultural regions used to derive the damage function for corn
yields. Regions are defined according to the cumulative exposure to temperatures below freezing
(0 oC) during the growing season (March 1 – August 31).
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Figure 4-2: Distribution of growing season temperature exposure during the growing season
averaged over the eastenrn U.S. All exposure to temperatures less than or equal to 0 oC or greater
than or equal to 40 oC are combined into separate bins.
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Figure 4-3: Observed (heavy black line) and simulated (gray lines) growth indices (no growth,
positive growth rates, and decreasing growth rates) for the period 1960-2099. Gray lines show the
output for the four downscaled GCMs using the A1Fi scenario. These are the “raw” observations
and model hindcasts and projections without the Bayesian Model Averaging applied. These
particular indices are based on a threshold of 30 oC between positive and negative growth rates.
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Figure 4-4: Empirical cumulative distribution function comparison between bootstrapped trends
of GCM simulated growth-indices (gray lines) and bootstrapped observed trend estimate (heavy
black line) after applying best-fit polynomials to the period 1961-2010. All growth-indices are
averaged across the entire study area before estimating the bootstrapped trends.
153

Figure 4-5: Boxplots of posterior model weights obtained from the BMA analysis (a) and the
predictive variance estimate for calibrated model weights (b) and equal model weights (c).
154

Yield Projections – 2060

Percent Change in Corn Yield Relative to 1981-2010 Mean

Figure 4-6: Projected county-level changes in corn yields by 2060 relative to the 1981-2010
mean yields. Structural uncertainty in the GCM projections is quantified using Bayesian Model
Averaging with calibrated model weights (left-hand figures) and equal weights (right-hand
figures). Parametric uncertainty in the damage function is quantified by adjusting standard errors
to reflect spatial correlation between county-level yield observations.
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Yield Projections – 2099

Percent Change in Corn Yield Relative to 1981-2010 Mean

Figure 4-7: Same as Figure 4-6 but for projected changes by 2099.
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a)

b)

c)

d)

Figure 4-8: Probability density functions (PDFs) and point estimates for corn yield changes (in
percentages) by 2060 (a, b) and 2099 (c,d) relative to the 1981-2010 average yields. The vertical
black line is the multi-model mean projection and the surrounding gray box is the 95%
confidence interval for this projection after accounting for spatial dependence in the damage
function. The black-line PDF is the probabilistic projection using calibrated model weights (a,c)
and equal weights (b,d).
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Figure 4-9: Projected yield changes for the eastern U.S. by 2060 and 2099 using probabilistic
and climate model point projections. 95% projection interval for probabilistic projections include
the structural uncertainty estimate obtained with BMA as well as parametric uncertainty from the
fitted regression parameters after accounting for spaital dependence between counties. Solid
squares indicate the median projection value while solid circles represent the original point
projections from the downscaled GCM output. The projected yield changes obtained by
Schlenker and Roberts (2009) relative to the 1976-2005 average corn yield is labeled with the
solid blue line.
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Chapter 5
Conclusions and Future Directions
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Implications for Agriculture and Food Security
Anthropogenic climate change is likely to have a large impact on the world's agricultural
systems, whether through direct biophysical effects or through the policies and adaptations that
are developed in response to it. This research has shown that quantifying the potential biophysical
effects is important because decision-makers, regardless of the scale in which they operate, will
need to adapt to a warming world that impacts crop yields. The implications for food security are
stark. We find that under the most optimistic scenario, the current rate of anthropogenic emissions
of greenhouse gasses are likely to result in more exposure to damage-inducing heat stress in the
most important grain-producing regions in the U.S.
This finding exposes a significant challenge for the current U.S. agricultural system.
Technology, in the form of optimal management practices, chemical inputs, or new seed varieties
with increased stress tolerance is likely responsible for most of the approximately two bushels per
year increase in corn yields experienced since 1950 (USDA NASS 2011). But it is an open
question as to whether this trend can continue over the coming century. For one, our results show
that across the corn belt, these yield increases have occurred in the context of a favorable agroclimate regime. The trend in this region over the last 30 years is for a longer growing season (i.e.
fewer frost days), increased availability of 'beneficial' heat for biomass production (i.e. thermal
time has increased), and a constant or even a reduction of the amount of exposure to extreme
heat.
This study has taken a conservative approach and assumed that in spite of these favorable
climatic conditions, that the co-mingling effects of any climate versus technology signal on corn
yields is minimal. That is, we assume that technology is solely responsible for these
improvements. Other studies argue that up to 20% of the yield gains could be due to recent
weather conditions (Lobell and Asner 2003). Taking our assumption of complete technological
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dominance over yield increases as the upper bound and the Lobell and Asner (2003) estimate as
the lower bound of technology influence, we can conclude that the current agricultural production
system in the U.S. is vulnerable to anthropogenic climate change. This follows from the fact that
if the Lobell and Asner (2003) estimate is correct and recent favorable climatic conditions have
improved yield performance, then future yield damages (relative to current levels) would be even
lower than our projections because it would indicate greater sensitivity to climate. Our results
show that even assuming the yield trend is completely due to technology, interannual variability
around that trend is strongly related to weather, and that exposure to high temperatures can
severely impact crop yields. The projected changes for these impact-relevant portions of the
temperature distribution will result in more and more exposure to stressful conditions that must be
overcome in order to maintain or increase current yield levels.
To illustrate the challenge that lies ahead consider the following thought experiment.
Assume that the most recent 10 year yield trend of ~2.7 bushels per year is maintained through
the 21st century. It has been argued that this is a more reasonable approximation of future yield
increases since new varieties have increased drought tolerance in corn over the last 30 years (Yu
and Babcock 2009). With this technology curve the average U.S. corn yield would be almost 400
bushels per acre (bu/acre) by 2100. This is approaching one estimate of the theoretical maximum
yield potential of ~475 bu/acre (Tollenaar 1983) and it is greater than an associated "practical"
yield potential of 375 bu/acre in the corn belt due to management and environmental conditions
(Tollenaar and Lee 2002). These limits assume very high photosynthetic canopy efficiency (4.4%
for the former estimate, 3.5% for the latter estimate) and maximum fertilizer application, but also
assume similar solar radiation and soil moisture levels that are normally experienced by farmers
in the U.S. and southern Canada corn belt. The latter estimate of a practical yield limit is also
based on reported "record" yield and yield competitions from the latter part of the 20th century.
These reported record yields have remained within a range of ~300 to ~450 bu/acre since the
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1970s. Given the stability of these record yields, Tollenaar and Lee (2002) suggest that further
genetic improvements to upper yield limits may be limited and that the combined effects of
agronomic and genetic improvements may reach a threshold of ~20 Mg/ha (~375 bu/ac).
Therefore, irrespective of climate change the rate of yield increases is likely to decline in the
future as it approaches this value.
To attain yields of this magnitude however would imply continual and increasing rates of
stress tolerance that mitigate the projected increases in exposure to extreme temperatures. In other
words the damage function for corn would no longer result in damages. Taking the most
optimistic scenario where the current sensitivity of crops to heat stress lies at the lower end of the
damage function and that farmers will experience the smallest increase in heat stress, then our
equally weighted probabilistic projection shows a 16% decrease in yields by 2100 (Figure 4-11).
Extrapolating the current yield trend to this same point in time shows average yields reaching the
theoretical limit of 375 bu/acre by 2084. Therefore, a 16% decline in yields is equivalent to a loss
of 60 bu/acre by 2099 (Figure 5-1). This 60 bu/acre 'yield wedge' is equal to approximately 40%
of the present-day average corn yields (150 bu/acre). Thus, given society's current emissions
trajectory, technological innovation must increase yields by 40% in order to overcome even the
most optimistic climate and climate sensitivity scenario. Similarly, if the yield trend continues at
the slightly lower rate of 2 bu/acre then a 16% yield decline requires a yield wedge of 37% over
current levels (or 60% over current levels to reach the theoretical yield potential). If however
either the current sensitivity to heat stress or the projected warming lie at the upper end of our
projection, then the built-in yield losses will be much greater and thus require much more effort
to overcome. As shown in Figure 5-1, in the worst case scenarios of either maximum sensitivity,
maximum climate change, or minimum technology trend, yields decline in absolute terms relative
to current conditions. Under these scenarios the yield wedge increases to between 200 bu/acre
and 290 bu/acre or 133% and 193% of current yields, respectively.
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These results show that it will be difficult to continue to rely on ever-increasing yields to
provide needed food for a more populous world. Alternative policies and strategies will likely be
necessary, the most important of which is reducing anthropogenic emissions of greenhouse gasses
in order to stabilize temperature increases. This would increase the probability of avoiding the
most severe yield damages.

Review of Major Findings
Our results show the importance of examining agriculturally relevant climate indices in
impact studies. We find considerable spatio-temporal variability amongst regional observed
trends. Ipso facto this confirms (as discussed in Meehl et al. 2000) that changes in the mean
climate state will not necessarily translate into similar trends for more impact relevant portions of
the climate system. The most recent 30 year period (1981-2010) does show considerable warming
trends for the agro-climate indices across North America, especially in comparison to the 30
years prior to this period (i.e. 1951-1980). However, the negative trends in heat stress over many
parts of the eastern U.S. mean that agro-ecosystems in this region have to this point been shielded
from the most damaging aspects of climate change. On the contrary, many of the most productive
areas in the corn belt have experienced the best combination of agro-climate change in the form
of decreasing frost days, increasing thermal time, and decreasing (or at least no increases in)
extreme heat.
We find that the ability of the current CMIP3 generation of GCMs to reproduce the
patterns of agro-climate change is poor compared to other aspects of the climate system such as
sea surface temperature. This is particularly evident for heat stress indices where cloud biases
likely contribute to systematic positive biases. We find however that the model skill also tends to
increase the closer the exposure threshold is to the mean of the distribution (e.g. GCMs can better
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simulate days below 0 oC than days below -20 oC). Using a downscaled dataset when assessing
changes in extreme indices reduces overall model bias but did not remove the temporal bias
showing heat stress trends larger than observed.
Both the probabilistic projections and the point projections show strong consensus for
agro-climate warming. We also find however, that in the majority of cases tested the probabilistic
uncertainty estimate is larger than the GCM ensemble range (the most common measure of
projection uncertainty). This shows the importance of accounting for structural uncertainty
between models and acknowledging the limits of ensembles of opportunity (Masson and Knutti
2011). Doing otherwise risks providing projections that are overconfident and could lead to malinformed decisions. Given the implications for yields and global food security outlined in this
study, this is a result to be avoided. At a minimum it should be communicated and emphasized
that point projections do not constitute the range of possible outcomes.
We are able to replicate the main findings of Schlenker and Roberts (2009) showing
potentially large and non-linear damages to corn yields due to anthropogenic warming. The same
methods are used to build the damage function but a different set of climate observations and we
use a more sophisticated method to quantify the uncertainty between GCMs (Schlenker and
Roberts (2009) used a single GCM in their analysis). This provides more evidence that although
the severity of yield damage due to heat stress exposure varies by region, these crops are still
vulnerable to extreme temperatures which are likely to increase in frequency this century. Yields
are projected to decline between 20% and 80% by 2099 if the current emissions trajectory is
maintained. Notably, these large damages are not confined to the southern or western marginal
edges of the corn belt. Rather, yields declines are projected to occur in the far northern regions
which are considered to be potential areas for expanded corn production if marginal southern
areas become unsuitable for cultivation. The potential for yields to increase may be limited in
areas that are projected to experience more favorable growing conditions. These areas for the
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most part do not have the necessary soils, topography, or land cover to be easily converted to corn
production. In addition, this region is mostly forested as it is located in the Appalachian
Mountains and across the northeastern portion of the U.S. Converting this land to cropland will
have consequences for local wildlife habitat, soil and water conservation, and for potential carbon
sequestration. This again shows that the agricultural costs of climate change are not limited to the
direct effects on crop yields, but also include the societal costs that accompany an expansion of
intensive agriculture into what are currently marginally productive areas.

Implications for Model Weighting in Climate Change Studies
Using model weighting to improve forecast reliability is still difficult to implement in a
robust manner. We find no improvement in accuracy when using Taylor (2001) skill scores to
calculate a weighted mean compared to the unweighted ensemble mean. In the case of the
probabilistic projections, weighting the models sometimes results in posterior PDFs that are too
narrow, meaning the forecasts are not reliable.
Bayesian Model Averaging can be used to derive posterior model weights for
probabilistic decadal-scale climate projections. To our knowledge this is only the second time this
method has been applied to GCMs (c.f. Bhat et al. in press). However, equal model weights are
necessary to increase the reliability of the projection. The trade-off is that the resulting PDF may
be so diffuse (because it is not calibrated) that it can be hard to extract meaningful information.
We find instances where the equally weighted BMA prediction interval is wider than the
climatology. Thus in some cases the projection may be reliable but uninformative compared to a
naive forecast.
Model weighting is currently a subject of much debate and interest (Knutti 2010; Mote et
al. 2011). This research shows that more research and more observations are needed to resolve
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these issues. More work is needed to understand whether overly sharp forecasts are an artifact of
methodological choices such as using anomalies rather than the actual physical values to estimate
model error (Macadam et al. 2010). Longer time series of observations will be useful for
developing a better training dataset since we can assume that as more observations are added in
the future the anthropogenic signal will come to dominate over short-term unforced variability.
This should result in more reliable and more informative probabilistic projections that are able to
fully use the information contained in the observations. The additional hindcast experiments in
the CMIP5 ensemble also may be useful for evaluating model skill when given observed sea
surface temperatures for various initialization time periods (Taylor et al. 2011).

Advantages and Lessons Learned with this Approach
There are several advantages in our approach for modeling and quantifying the effects of
climate change on crop yields. First, we believe it is useful to examine agro-climate indices as a
means to gauge current and future levels of potential stress on crops. The advantage is that it
quantifies the climate signal as it relates to agriculture in isolation without the contaminating
effects of technology.
We are able to use information contained in the observations to derive probabilistic
projections of agro-climate change and corn yield damages. We are aware of only one other study
that developed probabilistic projections of climate change that explicitly account for agricultural
impacts (Tebaldi and Lobell 2008). However Tebaldi and Lobell (2008) examine growing season
temperature and precipitation in the aggregate without accounting for intraseasonal exposure to
sub-daily temperature extremes. Our method accounts for these non-linear impacts by using the
Schlenker and Roberts (2009) damage function. As a result we also improve on the results of
Schlenker and Roberts (2009) by both including more GCMs in our analysis but also quantifying
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the structural uncertainty in a probabilistic manner. This should provide better support for better
decisions under deep climate uncertainty.
Our approach is also useful from a didactic perspective in that it illustrates some of the
problems with forecasts based on ensembles of opportunity. To wit, the over-calibrated
probability density functions (PDFs) produced based on the Bayesian Model Averaging (BMA;
Figure 3-3, 3-4, and 3-5) are indicative of an ensemble with shared bias across models. This is
evident in Figure 3-2b and 3-2c showing the observed and hindcast empirical cumulative density
functions for the bootstrapped 50 year trends. In essence all or most of the models are in
agreement with one another, yet all the models are wrong. The original BMA algorithm has no
choice but to assign the most model weight to the GCM that maximizes the likelihood function
(the probability of observing the data given a particular set of model weights). As a result the
clustering of GCMs with a positive trend bias (i.e. hindcasts that show more warming than what
is observed) means that it is likely that the posterior PDF will have a positive bias as well. Note
however, that even though adding additional members to the ensemble does not guarantee better
sampling of the future potential climate space (due again to the potential for shared biases across
models), from a practical standpoint we find that it does tend to improve the reliability of the
prediction, especially for small ensembles such as in this study.

Future Directions and Improvements to the Work
This research is subject to the numerous caveats and qualifications listed in the previous
chapters. Many potential improvements and future directions for this work are based on
addressing these outstanding issues. As shown in Chapter 3, including more models can improve
the reliability of the projection, particularly when applied in a probabilistic framework. The
projections may also improve with the inclusion of the new generation of GCMs as part of the
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CMIP5 experiment (Taylor et al. 2011). The higher resolution of these models (with some model
output now available at one degree resolution) could also improve the ability to reproduce
patterns and structure of agro-climate indices regardless of how these indices are defined
compared to the current response seen in Figure 2-5. The new CMIP5 projection also could
provide more confidence in the model weights obtained in the Bayesian Model Averaging
analysis since more experiments will become available with additional initialization states. The
additional experimental runs could be used to better understand unforced climatic variability and
the strength of the anthropogenic signal as manifested in agro-climate indices.
The earliest studies that examined the relationship between weather and yield variability
were actually concerned with global cooling as well as for potential warming (Thompson 1975;
Warrick 1980). These studies however became less common over the next quarter century as
agronomic models such as EPIC (Erosion Productivity Integrative Calculator; Williams et al.
1989) or DSSAT-CSM (Jones et al. 2003) grew in sophistication and popularity. The work of
Mendelsohn et al. (1996), Lobell and Asner (2003), and others brought empirical models back to
the fore since it became clear that new insights could be gained by examining the observed
relationship between yields and climate, irrespective of how dominant a role technology plays in
increasing yields. The challenge moving forward is to combine these approaches as a means to
better understand how climate affects agriculture on a biophysical level and the role that
technology and 'mainstreaming' of adaptation plays in mitigating (or exacerbating) these effects.
Towards this end, more coordination is needed amongst researchers specializing in different
methods and disciplines as well as industry representatives and stakeholders that develop and use
technology. Important work has begun to explore the complex process by which new technology
and management strategies are adopted across the landscape (c.f. Easterling et al. 2003; Smit and
Wandel 2006; Chhetri et al. 2010). More work is required though to link the insights gained from
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adaptation science at the local level, decision analysis and utility theory, crop simulation models,
and cross-sectional yield-climate models.
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Tollenaar and Lee (2002) Suggested Yield Limit

Figure 5-1: Hypothetical corn yield trend curves under different assumptions of climate change
and yield sensitivity to climate. Black line shows observed average corn yield for the U.S. from
1930-2011. Solid lines are extrapolations of recent yield trend based on either the most recent 10year trend (orange line) up to a theoretical yield limit of 375 bu/acre given by Tollenaar and Lee
(2002), or the trend from 1950-2010 (green line). Dashed lines represent different sensitivities to
climate change and different warming rates based on the probabilistic projections. High yield
trends correspond to the lowest sensitivities and least warming and vice versa for the low yield
trends.
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