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Abstract

Crop yield outlooks indicate that climate change can put an end to the U.S. agricultural
productivity gains experienced over the last couple of decades. The dominant explanation for this
trend is raising temperatures and the increased frequency of extreme weather events. Previous
research has primarily provided agricultural outlooks for the whole country with forecasts for the
middle of the century while short-term projections and the heterogeneity of climate impacts
remains understudied. I develop a probabilistic model of the interaction of weather variations and
crop yield growth to provide short-term corn and soybean projections for U.S. counties. Crop yield
simulations reveal that (1) warming temperatures can potentially stagnate U.S. crop yield growth
in 2032 with a probability equal or higher than 75%, and (2) the largest productivity losses are
associated with counties in the Corn Belt. My findings stress the urgency of adopting short-term
adaptation and mitigation strategies to cope with climate change in the U.S.
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1. Introduction
The most recent Intergovernmental Panel of Climate Change (IPCC) report revamps the urgency

of its message to adapt to the dire conditions of a warming planet. Climate scientists expect the
global temperature to exceed 1.5 °C above pre-industrial levels within the next few decades,
forcing governments to evaluate short- and long-run adaptation and mitigation measures.
Agriculture is the most sensitive sector to changes in weather patterns and extreme weather events
(Lobell et al., 2013). To provide an outlook on agriculture, practitioners employ several statistical
techniques that rely on climate forecasts such as the hedonic model of farmland prices introduced
by Mendelsohn, Nordhaus, and Shaw (1994). As researchers’ interest expand, variations of the
canonical methodology have been proposed to include other agricultural outputs such as
agricultural profits as a measure of producers’ welfare (Deschénes and Greenstone, 2007) or crop
yields that inform on food availability (Schlenker and Robers, 2009; Roberts, Schlenker, and Eyer,
2013). Most of these studies have primarily provided agricultural outlooks for the whole country
with forecasts for the middle of the century while short-term projections and the heterogeneity of
climate impacts remains understudied (a couple exceptions are the work of Ortiz-Bobea and Tack
(2018) that combine short- and long-term projections of crop yields, and the work of Dall’Erba,
Chen, and Nava (2021) that investigate the effect of drought conditions on agricultural profit for
specific U.S. states). In this manuscript, I focus attention on short-term agricultural outlooks and
provide U.S. county-level corn and soybeans yield projections for 2032 to determine the
heterogeneity associated with the decline of agricultural productivity found in other studies and
the extent to which crop yield growth will stagnate in the next decade.

The estimation of damages from global warming in the agricultural sector has its origins in
the work of Mendelsohn, Nordhaus, and Shaw (1994). Practitioners first derive relationships that
relate climate to the variable of interest and then estimate the parameters associated with the
climate variables. Using their model and estimated parameters along with climate scenarios,
practitioners perform post-estimation simulations for the value of their dependent variable
conditional on future climate. Due to its simplicity, several studies report employing variations of
Mendelsohn, Nordhaus, and Shaw (1994)’s empirical framework to estimate the impact of climate
change in different countries, including Canada (Reinsborough, 2003), China (Wang et al., 2009),
some European countries (van Passel, Masseti, and Mendelsohn, 2016), and South Africa

(Gbetibouo and Hassan, 2005). Despite its success to provide insights on the climate threats to the



food supply, a Bayesian reformulation of the interaction between weather variations and crop yield
growth can allow for flexible forecasting, such as short-term projections of U.S. counties, by
incorporating model structure (Gelman, 2008; Gelman, Lee, and Guo, 2015; van de Schoot, ef al.,
2021).

This manuscript develops a hierarchical Bayesian framework that relates weather variation
to U.S. county-level crop yield growth. A probabilistic model of precipitation, growing degree
days, and extreme degree days is parametrized to affect the location and spread parameters of a
crop yield distribution. Prior and hyper-priors are imposed to account for the combined effect of
weather variables on crop yield growth and the known direction of their effect on agricultural
productivity. Then, a Beta-type likelihood distribution of crop yields binds together model
parameters with yield and weather data. Using corn and soybean yield data in the U.S. along with
historical weather observations, a Hamiltonian Monte Carlo Markov-Chains (H-MCMC)
algorithm samples the posterior distributions of the effect of weather variables on crop yields.
Posterior distributions are then employed with weather forecasts used in the most recent IPCC
report to study crop yield trends in the U.S.

Corn and soybean yield simulation results for the next decade indicate that increasing
temperatures in the U.S. have the potential to put an end to the upward trend in crop productivity
documented in previous studies within the next decade (see, for instance, Huffman, and Evenson,
1992; Alston et al. 2010; Ball, Schimmelpfenning, and Wang, 2013; Liang et al., 2017). I find that
(1) warming temperatures can potentially stagnate U.S. crop yield growth in 2032 with a
probability equal or higher than 75%, and (2) the largest productivity losses are associated with
counties in the Corn Belt. To test the robustness of my conclusions, I adopt two crop-growth
regimes that account for non-weather influences and serve as an upper- and lower-limit of my
projections. Conclusions hold regardless of whether an upward crop growth trend is assumed, and
they are manifested in changes in the location and spread of the crop yield potential distributions
formed by individual county results. An advantage of my Bayesian formulation is that I can study
county-level results to determine what drives the decline in crop yields at the national level.
Individual results from Midwestern and Eastern U.S. counties for the next decade indicate that
yield potential in Midwestern states will decrease by up to 11.2 bushels per acre for corn and by

up to 1.9 bushels per acre for soybeans within the next decade. Non-midwestern counties, however,



will experience mild increases in crop yield potential no greater than 5.6 bushels per acre for corn
and 1.5 bushels per acre for soybeans.

My study provides two primary contributions and the first one being methodological. Other
studies, particularly the work of Zhu, Goodwin, and Ghosh (2011), employ a Beta-type distribution
whose parameters are not unit-specific since their interest is on analyzing temporal changes in risk
or the work of Nelson and Preckel (1989) that develop estimators for a Beta-type log-likelihood
with an upper bound to study crop yields. Instead, I develop a Beta-type log-likelihood that has
the advantage of having a location and spread parameter (similarly to commonly used normal
distributions) that can be further parametrized to study unit-level production inputs. Closer to my
work but using a multivariate normal distribution, Ramsey, Tack, and Balota (2022) are interested
in estimating projections that account for climate scenarios, taking advantage of both temporal and
cross-sectional variation. My approach goes beyond Ramsey, Tack, and Balota (2022)’s
parametric estimation in that it allows estimable parameters to vary by location. A final
contribution of my study is providing evidence that climate change will stagnate crop growth in
the next decade, putting additional emphasis on the need to have short-term adaptation and
mitigation policies. Previous studies have stressed the need to shift policy efforts to the short run
when dealing with climate change (Lo€, Kreutzwiser, Moraru, 2001; Tubiello and Ronsenzweig,
2008; Kistner et al., 2017; Vimic et al., 2022).

The next section describes my empirical strategy to study crop yield potential. Section 3
explains how the dataset is constructed. Section 4 employs my formulation to data on corn and
soybeans in Midwestern and Eastern U.S. counties and discusses the main results. Finally, Section

5 offers concluding remarks.

2. Empirical Strategy

When it comes to farmers’ responses to weather conditions, I assume that farmers’ output is
a function of their responses to variations in weather. That is, y;; = W(x;, ¥*(x;¢)), where x;; is
farmers’ observed weather each year t in location i, and ¥ *(x;;) is input employment as a response
to observed weather. To study farmers production output, I propose a Beta-type probability
distribution that builds upon the work of Nelson and Preckel (1989), and Cribari-Neto and Zeileis
(2010):
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where y;, is a parameter that controls the location of the distribution and ¢ controls the dispersion. !
The I'(.) notation denotes a gamma probability distribution, and y,, is an upper limit for crop yield
realizations.? Equation (1) is advantageous for several reasons. First, (1)’s range is (0, y,) such
that simulation draws, and parametric interpretations are restricted to be non-negative and less than
Y- Because of its flat tails (e.g., no probability density) outside (0, y,,), tail tests from (1) are, in
general, more accurate than those from a normal distribution whose tails extend indefinitely. Also,
Wit can be further parametrized to study the role of agricultural inputs on crop yields. For instance,
the simplest model of the crop-response relationship is linear: y;; = B° + Bx;;. The parameters 3°
and [ are interpreted as the constant and the effect of the input x;; on crop yields, respectively.
Unfortunately, a linear relationship has the flaw that u;; can fall outside (1)’s domain, rendering
(1) undefined. This can be addressed with a link function, g(u;;): Rt — (0,1), that keeps (1) well-
defined. A final consideration concerns ¢, the parameter of dispersion in (1). I opt for a model that
draws realizations for the level of dispersion as ¢~ 2, where the degrees of freedom as chosen
to let the H-MCMC algorithm sample from an ample selection of draws.

To keep (1) stable and parsimonious, I choose to model p;; first as being drawn from a normal

distribution,

tie = N(XyeB; + W(2),0), )

where the B; is a vector of estimable parameters associated with the weather variables in Xj;.
Notice that the estimation is defined such that location-specific parameters are calibrated with data
that vary by year. The choice of (2) as a varying-slopes model is based on my interest on estimating

crop-yield projections at the county level. The term W(t) governs a crop-growth temporal trend

! Equation (1) is well-defined if 1 > y, > 0, and ¢ > 0.

2 The upper limit of equation (1) y,,, can be estimated within the estimation procedure discussed later as proposed by
Nelson and Preckel (1989). I tested a linear parametrization of y,, formed by weather variables as discussed later. I
find that doing this prevents my H-MCMC algorithm from reaching convergence. Instead, I opt for the informative
prior y,, = 300. I test increasing the upper limit by multiples of 50 up to y,, = 500. I find that doing this does not
affect my conclusions, suggesting that my upper limit assumption is not restrictive.
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that accounts for non-weather influences, allowing me to impose crop-growth regimes in my
simulations® (Ortiz-Bobea and Tack, 2018). I parametrize W(t) such that my projections follow
the same trend as my historical data (upward trend) with additional simulations in which crop
growth is assumed to be stagnated at 2017 levels (horizontal trend). The choice of these two crop-
growth regimes corresponds to my interest of showing that my conclusions hold under opposite
crop-growth regime assumptions, effectively creating an upper- and lower-limit for my results.
The dispersion parameter in (2) is defined as 6~N(0,1) to allow the H-MCMC algorithm to sample
an ample selection of draws.

Lastly, samples from (2) can render (1) undefined if they fall outside (1)’s domain, so I

propose a simple link function,

exp (Hir) 3)
1+exp ()

Wi =
where u;, is the transformation inputted into (1). Notice that the range of 1}, is not a limitation of
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the employment of equations (1) through (3) since E[y;;] = uj;yy, and Var[y;;] =
Therefore, it is sufficient to scale predictions by y, to obtain an interpretable effect on average
crop yields and their variance by y?2.

Having established the relationships that connect my priors defined in (2) and (3) with my
data (e.g., Equation (1)), I now define a set of hyper-priors that govern the rest of my model.
Particularly, [ am interested in a Hierarchical Bayesian estimation in which the vectors B; for each
location i are calibrated with temporal variation (unit-level variation across time) and cross-

sectional variation. That is, I am interested in my H-MCMC algorithm sampling from the

following proportion,

p(Bi TlYie, Xit) X p(Vie, Xie| B (Bi, T), 4)

where the additional vector, 7, contains additional parameters with their own distributions and

includes the previously defined 62 and ¢, p(v;, X;¢|B;) is the likelihood function in (1) and

3 T experimented with several temporal and spatial structures including autoregressive models, but complex
autoregressive structures prevent proper convergence, limiting model reliance.
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p(Bi, ) = p(t)p(Bi|t) denotes my priors and hyper-priors model structure, being jointly
determined.

I am interested in the role of precipitation (PPT), growing degree days (GDD), and extreme
degree days (EDD). Thus, the vector B'; = (87P%, BEPP, BFPT). Then, I model farmers’ responses
to weather variations jointly with the following specification,

gop (5)

l
FPP | ~N(M, 3),

PPT
i

where M’ = (0%,07,0) is a vector of means, and the super-scripts indicate the H-MCMC
algorithm to only sample positive values +, or negative values —.* In addition, the X is the variance-
covariance matrix that regulates the variation of the distribution as well as the correlation across
the parameters. Permitting a correlation between the weather impacts incorporates the combined
effect of weather on crop yields. With no proper evidence on the combined effect of weather on
crop yields, I allow my H-MCMC algorithm to select the estimates from a random structure. I
decompose X into a correlation matrix, Q, and a scaling factor, A’, such that £ = diag(A)Qdiag(d)
(Gelman, and Hill, 2007). The latter formulation allows the H-MCMC algorithm to sample on the

distributions that govern the effect of weather:

A~Cauchy(0,1), (6)
Q~LK](n), where n € {.5,1,2},

where the half-Cauchy distribution is denoted as Cauchy(0,1), and its location and dispersion
parameters are chosen to allow the H-MCMC algorithm to sample an ample selection of draws.

The LKJ(n) refers to the Lewandowski-Kurowicka-Joe distribution, and its parameters are

41 test a non-informative vector of means, M’ = (0,0,0), to allow the posterior distributions in 8; to have any value
in the real line. I find that the assumption for GDD in (5) is restrictive since part of the posterior distribution of SF°”
shifts to the negative side of the real line. Nevertheless, I choose to keep an informative prior as illustrated in (5) since
all models with such informative priors have MAPE measures between 31-35% when being tested against post-2017
data. MAPE measures from models with uninformative priors jump to 76% for corn and 55% for soybeans, indicating

that estimations with uninformative priors are driven by unexplained variation.
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calibrated such that they improve posterior predictions and control for the combine effect of the

weather variables on crop yields® (Gabry et al., 2019).

3. Data
The National Agricultural Statistics Service (NASS) collects and reports corn and soybeans data

for the years between 1992-2020. Nevertheless, agricultural census years (ending in 2 and 7) report
the most observations. To extend the scope of my study and allow for enough temporal and cross-
sectional variation, I focus only on the agricultural census years.® I describe the complete crop
yield data set in Figure 1 where the top panel describes corn, and the bottom panel describes
soybeans. A salient insight is the upward trend of yields for both crops that has been studied
extensively (Huffman, and Evenson, 1992; Alston et al., 2010; Ball, Schimmelpfenning, and
Wang, 2013; Liang et al., 2017). Except for a few years, median yields fall closely to their upward
trend lines. Econometric analyses interested in how farmers respond to weather variations would
separately account for the unexpected deviations from the upward trend by either isolating the
yearly variation with a dummy indicator or conditioning on additional observed variables (e.g.,
Midwestern farmers experienced exceptional drought conditions in 2012), but as [ described in the
previous section, my hierarchical Bayesian formulation of crop yields accounts for the between
and within variation in the yearly data. A final insight from Figure 1 is the largest observed value
each year. Corn yields have the largest values with three observations falling above 250. In (1)’s
estimation, I chose y,, = 300 as the largest possible observed value in my analysis. While such

restriction has no implications for estimation, it does limit the range of crop yield simulations

> My HMCMC algorithm is implemented in R on a 2.3 GHz Quad-Core Intel Core i7 MacBook Pro. Estimation time
is above 18 hours for 8,000 iterations at a 0.5 warm up rate. Number of iterations and warm up rate are chosen to
achieve convergence.

¢ My analysis includes 1,272 corn county producers and 1,113 soybean county producers for each year.
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Figure 1: Corn and soybean yield trends in the U.S.: 1992-2020

Note: (a) Corn yields and (b) soybean yields. Blue and green lines show historical trends.

discussed in section 4 to fall below 300. I relaxed the latter assumption, re-ran my simulation
experiments, and find no difference in results likely because y,, = 300 is large enough as shown
in Figure 1.

Historical daily weather data come from the University of Oregon’s Parameter-elevation
Regression on Independent Slopes Model (PRISM) database. I process PRISM daily temperature
(°C) into crop-specific measures of heat: GDD and EDD, where GDD and EDD have different
upper-limit thresholds: 29°C for corn, 30°C for soybeans (Schlenker and Roberts, 2008). Most
measures of heat exposure approximate the temperature distribution within a day by the midpoint

between minimum and maximum daily temperature. To improve the predictive power of my



Bayesian application, a crop’s heat exposure distribution within a day is approximated by a synodal
function that only requires maximum and minimum daily temperature, following the work of
Snyder (1985), Schlenker and Roberts (2009), and Tack, Barkley, and Nalley (2015).” PRISM
precipitation is taken as is from the PRISM database where daily cumulative precipitation is
measured in millimeters. Following standard practices in the literature, I focus on the corn and
soybeans growing-season months, April-October, for Midwestern and Eastern U.S. counties
(Burke and Emerick, 2016). A tradition of studies that follow closely the canonical work of
Mendelsohn, Nordhaus, and Shaw (1994) include in their analyses all weather seasons of the year
and observations from all U.S. counties. In contrast to these hedonic approaches that employ
farmland prices as they account for current and future valuation of climate, my interest is to narrow
down the effect of weather on corn and soybeans only. Thus, having weather variables from all
seasons can add irrelevant variation to my estimations. Similarly, my focus on Midwestern and
Eastern U.S. counties is intended to isolate the effect of growing degree days, extreme degree days,
and precipitation from irrigation capacity (Schlenker, Hanemann, and Fisher, 2006).

My analysis uses future weather forecasts employed in the most recent I[IPCC report that
assumes increases in global temperature of 1.5 — 3.0 °C above pre-industrial levels. I focus on the
climate scenario categorized as “middle of the road” Shared Socioeconomic Pathway (SSP2-4.5)
that accounts for medium challenges to mitigation and adoption of environmentally sustainable
practices.® The National Aeronautics and Space Administration (NASA) collects and makes
available all weather forecast simulations employed in the most recent IPCC report through its
NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) database (Thrasher
et al, 2012). NEX-GDDP is 18 TB, so its processing and manipulation requires extensive
computational requirements. To manage computational requirements, I use Amazon’s AWS
storage and computing services (Polzehl, Papafitsors, and Tabelow, 2020).

In Figure 2, I plot historical and forecasted growing degree days (top figure), extreme degree

days (middle figure), and precipitation (bottom figure) data. Each plotted density curve represents

7 An ideal measure of crop heat exposure relies on mapping temperature variations within a day to the crops’ heat
exposure. This method is unpractical, and most climate models only report minimum and maximum daily temperature.

My chosen methodology approximates daily temperature variation with T(t) = Imax*Tmin _ Tmax=Tmin g (t) and

t € [0, 2r], where T4, and T,,;, are maximum and minimum daily temperature, respectively. Then, heat exposure
is approximated by evaluating the integral bounded by T'(t) and the crops’ heat resistance levels. I thank Jesse Tack
from the Kansas State University for introducing me to this heat exposure approximation and sharing his code.

8 1 obtain the average of my chosen experiments: CanESMS5, TaiESM2, MIRO6, and ACCESS-CM2.
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a year. [ select gaps of 10 years for the sake of exposition and to account for the stationarity of
climate over short periods of time. Values are logged (base 2) to ease comparison. A closer look
to the tails and the peaks of the density can provide insights into the mechanism that govern
forecasted results in the next section. Historical and forecasted weather data shows a pattern of
raising temperatures towards the middle of the century whose effect has been considered in the
literature (Lobell et al., 2013). Raising temperatures affect crop growth through an increase of
growing degree days (positive effect) and extreme degree days (negative effect). This pattern is
observed in both panels. Raising temperatures increase the density of growing degree days on the
right-hand side of the distribution with thicker right-tails and flatter left-tails. In turn, temperatures
above the crop’s heat resistance level increases the number of extreme degree days. The middle
panel shows that the years of 2022 and 2032 have a lower peak on the right-hand side, suggesting
that the temperature during the growing season in the U.S. is surpassing the crop’s heat resistance
level. While 2012 was an exceptionally dry year for the U.S. as shown by a density that curves
towards the left with a low peak, precipitation patterns suggest that total rain will stay relatively
constant. Tails do not vary in thickness across the decades, and the location of the peak is constant

with mild variations of less than 10%.
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Figure 2: Historical and forecasted weather trends in Midwestern and Eastern U.S.
counties: 1992-2032.

Note: Top figure is growing degree days. Middle figure is extreme degree days. Bottom figure is precipitation.
Growing degree days and extreme degree days are calculated using 30°C.

4. Crop yield outlooks
Figures 3 and 4 describe simulation results for corn and soybeans, respectively. For each

figure, the top panels present the crop yield probability distributions, aggregated across all county-
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observations, for the years of 2022, 2027, and 2032 compared to crop yield realizations for the
years of 2012 and 2017 across the same counties. The bottom panels present the slope of the trends
towards 2032 using 2017 values as the reference. The left figures illustrate the no growth regime
while the right figures illustrate the growth regime as described in my empirical strategy section.
To illustrate, comparing corn (in Figure 3) yield realizations in 2012 (in red) with corn yield
distributions for the year of 2027 (in purple) in the no growth regime (left), my results suggest that
the U.S. in 2027 can potentially reduce its corn production to 2012 levels. This can be observed in
a bunching of counties on the left-hand side of the 2027 corn yield potential distribution,

suggesting that a significant number of counties will experience low productivity because of higher

No growth in yields regime Pre-trend growth in yields regime
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00 150 200 250 0 50 100 150
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Figure 3: U.S. counties corn yield simulation results.

Note: Top panels describe corn yield probability distributions for each year including historical observations.
Bottom panels describe corn yield potential trends (slope) for the projected years.

temperatures. This is an interesting insight, since my results indicate that raising temperatures will
have a similar effect on corn yield distributions as the 2012 drought had on corn producers. In a
similar manner, we can study the results for soybeans as shown in Figure 4. All soybeans yield

probability distributions (2022-2032) peak around the same location as in 2012, but there is a large

12



probability mass closer to zero, suggesting that soybeans productivity in future years will also be
similar to the results in 2012. None of my results suggest that future crop production in the U.S.
will be similar to crop production in 2017, which seems to be a good year for corn producers, but

some U.S. counties can have crop yield realizations similar to observations in 2017.°
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Figure 4: U.S. counties soybean yield simulation results.

Note: Top panels describe soybean yield probability distributions for each year including historical observations.
Bottom panels describe soybean yield potential trends (slope) for the projected years.

Corn and soybean yield simulation results indicate that increasing temperatures in the U.S.
have the potential to put an end to the upward trend in crop productivity documented in previous

studies within the next decade (see, Figure 1). In my study, I find that regardless of the growth

% To arrive to these results, I consider the heterogeneity of posterior distributions, so my post-estimation simulations
rely on a two-step approach. First, I obtain the expected value of the posterior distributions, 8,, via sampling (e.g.,
the impact of weather on crop yields) with E[§l| Vitr xl-t] = [ y;p(v;, Tlyie X )dy, where the posterior distribution is
equation (4). This first step allows me to obtain a weighted average for the impact of weather on crop yields that
depends on the probability of the different realizations of the posterior distribution, effectively accounting for
multimodal probabilistic distributions. In the second step, I focus on the most probable crop yield realization for each
county estimated with the maximum a posterior (MAP) of (1): /4P = arg max p(¥ie, %ic|0,), where 944 denotes
L

my crop yield projection, and £;, denotes forecasted weather data. Therefore, results described in Figures 3 and 4,
and the leftmost panels in Figures 5 and 6 represent the most probable crop yield realization for each county given my
data and posterior estimations.
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regime being used, simulation results reveal that crop yield realizations observed in 2017 are less
likely within the next decade. My conclusions are based on the location and spread of the crop
yield potential distributions shown in 2022, 2027, and 2032, and the implied slopes (Figures 3 and
4). Both corn and soybean simulation results indicate that a significant number of counties have
yield probability distributions that are substantially lower than the 2017 peak. Previous studies
find that crop productivity in the U.S. may decrease by an average of 20-30% for the average
between 2025 to 2075 due to high temperatures (see, for instance, Schlenker, Hanemann, and
Fisher, (2006), and Lobell et al., (2013)).

Individual results from Midwestern and Eastern U.S. counties for 2022, 2027, and 2032
indicate that the most likely yield outputs in Midwestern states will decrease by up to 11.2 bushels
per acre for corn and by up to 1.9 bushels per acre for soybeans within the next decade, regardless
of whether an upward crop growth trend is assumed. Non-midwestern counties, however, will
experience mild increases in crop yields no greater than 5.6 bushels per acre for corn and 1.5
bushels per acre for soybeans. Having small losses and gains indicates stagnation of the
agricultural productivity experienced over the last decades (see Figure 1). There are a number of
counties whose yields may be closer to zero; my results, however, cannot provide evidence of
whether a county with relatively low levels of yields (e.g., close to zero) will decide to produce
each year or not since I cannot impose an ad-hoc cut-off to exclude simulation results that can be
considered as foo low. For instance, corn yield data in 2012, a year with extreme drought
conditions, presents cases in which counties produced less than 50 bushels, a substantially low
value for that year, per acre while data in 2017 presents cases in which only a handful of counties
produced less than 50 bushels per acre.

Besides producing county-level crop yield projections, an additional advantage of my
Bayesian formulation described in section 2 is that I can assign probability figures for specific
intervals of crop yield realizations and calculating the most probable crop yield realizations for a
given year. For this exercise, I decide to focus on Corn Belt states only since Figures 3 and 4
indicate that the largest losses are associated with the largest corn and soybeans producers in this
region. In Figures 5 and 6, I describe probabilistic crop yield outlooks for corn and soybeans,
respectively, across the pre-2017 growth regime (top figures) and 2017 growth regime (bottom
figures). The leftmost column presents the most likely crop yield scenario in 2032; the middle

column presents the probability of each county having a crop yield realization lower than the 2017
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average in 2032; and the rightmost column presents the probability of each county having a crop
yield realization lower than the 2032 average in the same year.

A first insight from the results described in Figure 5 is that the assumption of a crop growth
regime determines if county-level projections surpass the 150 bushels per acre threshold (as a
reference, average corn yields was 162.07 in 2017). When examining the probability of each
county surpassing the 2017 average, results indicate that such crop yield realizations are extremely
unlikely, regardless of the crop-growth regime assumption; most of the counties in the Corn Belt
states will experience crop yield realizations below 162.07 with a probability equal or higher than
75%. The rightmost maps in Figure 5 divide counties by those that likely will experience higher
than average corn yields from those that will not in 2032. Most of the southern Corn Belt counties
will experience lower than average crop yield realizations with a probability equal or higher than
75%. Results are similar for soybeans (Figure 6). When examining the probability of each county
surpassing the 2017 average, results indicate that such soybeans yield realizations are extremely
unlikely, regardless of the crop-growth regime assumption since most of the counties in the Corn
Belt states will experience soybeans yield realizations below the 2017 average of 47.57 with a
probability equal or higher than 75%. The rightmost maps in Figure 6 divide counties by those that
likely will experience higher than average soybeans yields from those that will not. A few Corn
Belt counties in the Southmost part of our reference will experience lower than average soybean

yield realizations with a probability equal or higher 75%.
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Figure 5: Probabilistic corn yield outlooks across U.S. counties in the Corn Belt states.

Note: Top panels describe corn yield probabilistic outlooks under the assumption of pre-2017 crop growth regime, while bottom panels describe corn yield probabilistic outlooks under

the assumption of 2017 crop growth regime. Average corn yields were 162.07 in 2017. Expected corn yields are 123.36 for the pre-2017 growth regime and 95.57 for the 2017 growth
regime in 2032.
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Figure 6: Probabilistic soybeans yield outlooks across U.S. counties in the Corn Belt states.

Note: Top panels describe soybeans yield probabilistic outlooks under the assumption of pre-2017 crop growth regime, while bottom panels describe soybeans yield probabilistic
outlooks under the assumption of 2017 crop growth regime. Average soybeans yields were 47.57 in 2017. Expected soybeans yields are 36.38 for the pre-2017 growth regime and 29.61
in 2032.
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5. Concluding remarks
In this manuscript, I develop a hierarchical Bayesian framework of the interaction between

crop yield growth and weather variations to determine the heterogeneity associated with the
decline of agricultural productivity found in other studies and the extent to which crop yield growth
will stagnate in the next decade. A probabilistic model of precipitation, growing degree days, and
extreme degree days is parametrized to affect the location and spread parameters of a crop yield
distribution. Prior and hyper-priors are imposed to account for the combined effect of weather
variables on crop yield growth and the known direction of their effect on agricultural productivity.
Then, a Beta-type likelihood distribution of crop yields binds together model parameters with yield
and weather data. Using corn and soybean yield data in the U.S. along with historical weather
observations, a H-MCMC algorithm samples the posterior distributions of the effect of weather
variables on crop yields. Posterior distributions are then employed with weather forecasts used in
the most recent IPCC report to study crop yield trends in the U.S.

Corn and soybean yield simulation results for the next decade indicate that increasing
temperatures in the U.S. have the potential to put an end to the upward trend in crop productivity
documented in previous studies within the next decade. I find that (1) warming temperatures can
potentially stagnate U.S. crop yield growth in 2032 with a probability equal or higher than 75%,
and (2) the largest productivity losses are associated with counties in the Corn Belt. A contribution
of my study is providing evidence that climate change will stagnate crop growth in the next decade,
putting additional emphasis on the need to have short-term adaptation and mitigation policies. My
study, thus, contributes to a growing literature that stresses the need to shift policy efforts to the
short-run when dealing with climate change (Lo&, Kreutzwiser, Moraru, 2001; Tubiello and

Ronsenzweig, 2008; Kistner et al., 2017; Vimic et al., 2022).
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