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Changing Yields in the Central United States Under Climate and Technological Change 1 
 2 
1.0 Introduction 3 
 The future sustainability of natural resource systems is often conceptualized as a race 4 
between technological enhancement of productivity versus the degrading quality of the remaining 5 
resource base (Mann, 2018; Tainter et al., 2018). In the case of crop production, advances in 6 
fertilization, crop genetics, and farm management have increased yields at a steady rate over the last 7 
several decades. At the same time, deteriorating soil quality, extreme weather events, and changing 8 
climate conditions have reduced yields in many locations (Amundson et al., 2015; Lobell et al., 9 
2011). While it can be readily shown that technological advances in crop yields have won this race in 10 
the past, it is unclear whether technological change can continue to increase yields in the face of 11 
severe climate change. 12 
 We examine this race between technological innovation and climate change in the central 13 
United States, one of the world’s most productive agricultural regions and the most important 14 
source of surplus production for national and world markets (USDA-FAS, 2017). We compare 15 
yields under future projections of climate with different rates of technological innovation for the 16 
three most important crops in the region: corn (hereafter referred to as maize), soybeans, and wheat 17 
(winter season). This creates a scenario space for future yield under several technological scenarios 18 
and under severe (RCP8.5) and moderate (RCP4.5) climate change. Our results confirm that the 19 
negative impacts of climate change on yields will be increasingly severe; however, we find that if 20 
technological innovation continues to grow at even the lowest rate achieved in recent decades, yields 21 
may continue to increase across the central U.S. We note, however, that over the last century, this 22 
region has seen some of the highest rates of yield growth in the world, and therefore should be seen 23 
as a “best case” scenario for technological innovation. In addition, the input-intensive technologies 24 
that drove 20th century yield growth generate negative environmental impacts which deteriorate the 25 
environmental resource base essential to agricultural production (Cardinale et al., 2012; Hooper et 26 
al., 2012). We therefore conclude by emphasizing the importance of information-intensive rather than 27 
input-intensive innovations that boost yields while simultaneously reducing the negative environmental 28 
impacts of crop production. 29 
 30 
1.1 Crop production trends since mid 20th Century 31 

Over the last 70 years, U.S. yields of soybeans and winter wheat have roughly tripled, while 32 
maize yields have multiplied about five-fold, with remarkably linear rates of increase (Figure 1).  33 
Improvements in labor productivity and increasing input intensity drove steady yield increases 34 
throughout the 1970s and 1980s (Alston et al. 2010; Fischer et al. 2014). Productivity improvements 35 
reduced the need to expand cropped area to meet food, fiber, and fuel demands; however, 36 
increasing inputs of water, fertilizer, and pesticides have undermined environmental sustainability in 37 
many regions of the central U.S. by depleting rivers and aquifers, by driving eutrophication of 38 
aquatic and marine ecosystems through nutrient runoff, and by introducing toxic chemicals into 39 
ecosystems. In recent years, labor productivity has continued to improve, but the basis of yield 40 
increases has shifted from increasing input-intensity to increasing information-intensity. The annual 41 
rate of increase in input intensification diminished from 1.8% in the 1960s to 0.3% in the 1990s, 42 
while Total Factor Productivity, an indicator of technological innovation, increased from 0.2% yr-1 in 43 
the 1960s to 1.6% yr-1 in the 1990s (Fischer et al., 2014).  With diminishing marginal returns to 44 
inputs of fertilizer and irrigation water, innovations in crop genetics have become the more 45 
important driver of yield increases (Khatodia et al., 2016; Bita and Gerats, 2013; Tester and 46 
Landridge, 2010). At the same time, information-intensive innovations in farm management, such as 47 
precision agriculture, have allowed for a more effective use of inputs, raising yields per unit input 48 
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(Fischer et al. 2014). Genetically-modified organisms, however, enjoy intellectual property right 49 
protection, shifting research and development in crop science from the public to the private sector 50 
and directing public sector agricultural research priorities toward issues such as nutrition, rural 51 
development and environmental conservation (Alston et al. 2010; Fuglie 2017).  52 

 53 

 54 
Figure 1.  County-level yields of maize, soybeans, and winter wheat in the U.S. from 1930-2017 are 55 
shown as individual dots with lines indicating national linear trends for maize (1.58 56 
bushels/acre/year), soybeans (0.38), and winter wheat (0.53) (Source: USDA NASS, 2017).  57 
 58 
1.2. Climate change and crop yields 59 

Despite these technological innovations, research suggests that changing climate may already 60 
be exerting significant influence on yield growth. Liang and colleagues (2017) find that in certain 61 
regions of the U.S., temperature and precipitation explain nearly 70% of variations in agricultural 62 
productivity (Liang et al., 2017). Ray et al. (2015) find that climate variability accounts for a third of 63 
global yield variability. Lobell et al. (2011) show that from 1980 to 2010, climate-induced yield 64 
declines often exceeded 10% of the rate of yield change. Research analyzing global yield trends from 65 
1961to 2008 finds that in 24–39% of maize, rice, wheat, and soybean-growing areas, yields have 66 
either remained static, stagnated, or collapsed over the last 50 years, and that some of this stagnation 67 
may be attributable to changes in climate (Ray et al., 2012). That changing climate is already affecting 68 
yield dynamics has serious implications for our capacity to meet future demands for food, fuel, and 69 
fiber. 70 
 While there is growing empirical evidence of the complex ways in which historical changes 71 
in temperature and precipitation affect agricultural productivity, there is a lack of strong consensus 72 
on how future climate change will affect agricultural productivity. Moore et al. (2017) find that, after 73 
CO2 fertilization effects are taken into account, future yields of maize, wheat, and soybeans all 74 
decline, with each degree of temperature increase having a greater and greater impact. At a 2oC 75 
temperature increase, yield reductions are fairly modest, but at 5oC increase, maize yields decline 30–76 
50%, wheat by 50–70%, and soybean yields collapse (Moore et al. 2017). Zhao and colleagues (2017) 77 
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find that each 1oC of warming reduces global mean yields of wheat by 6.0%, rice by 3.2%, maize by 78 
7.4% and soybeans by 3.1%. Using hourly weather data, Schlenker and Roberts (2009) project that 79 
high temperatures will drive yield declines of U.S. maize and soy by between 30–46% (slowest 80 
warming scenario) and 63–82% (fastest warming scenario) by the end of the century. Schauberger et 81 
al. (2017) find that each day with temperatures above 30oC diminishes rainfed U.S. maize and 82 
soybean yields by up to 6%, with yield losses of 49% for maize, 40% for soybean and 22% for wheat 83 
by the end of the century under RCP8.5. Liang et al. (2016) project that, from 2010 to 2040, climate 84 
change will reduce the total factor productivity of U.S. agriculture by 2.84% annually under RCP4.5 85 
and by 4.34% under RCP8.5, overwhelming the historic annual improvement rate of 1.43%. They 86 
find that the single largest driver of this loss is increasingly hot Midwestern summers. They conclude 87 
that in the next 30 years, climate change will cause the loss of all national productivity gains achieved 88 
from 1981to 2010 and that technological advances would have to double over this period to sustain 89 
current levels of national agricultural production.  This body of research suggests that climate 90 
change may slow the rate of yield growth brought by technological innovation over the last century. 91 
   92 
1.3 Future rates of technology-driven yield improvements 93 

While we know that technological progress has consistently increased crop yields in the past, 94 
we do not know with any specificity what innovations could increase yields in the future. Farmer and 95 
LaFond (2016) find that while the specific technologies that will generate future progress are 96 
difficult to identify, the rate of progress in a given industry is surprisingly predictable. Applied to past 97 
U.S. maize yields, Fargione, Plevin and Hill (2010) find that projecting linear trends in yield 98 
improvements (at a rate of about 1.88 bushels per acre per year) has proven to be the most accurate 99 
assumption. The range between linear (though currently unknown) technological improvements and 100 
no improvements thus defines a scenario space for future yield dynamics. This paper estimates 101 
future yield scenarios to the end of the century in the central U.S. under multiple technological 102 
scenarios computed based on the highest, lowest, and average rates of crop-specific technological 103 
change over the last 40 years in the central U.S.  We hypothesize that the impacts of climate change 104 
on the yields of maize, soybeans, and winter wheat in the central U.S. will be increasingly severe, but 105 
that past rates of technological improvement, if continued through 2100, can more than overcome 106 
these effects. Stated differently, we hypothesize that the rate of technological change required to 107 
maintain yields under climate change is less than the rate of technological change achieved in the last 108 
several decades.   109 
 110 
2.0 Methods 111 
 The objective of this analysis is to project the range of probable yield impacts on rainfed 112 
maize, soybeans, and winter wheat in the central U.S. under moderate (RCP4.5) and severe (RCP8.5) 113 
climate change for a range of technological scenarios. Due to our focus on the relationship between 114 
climate and yields, and the known role of irrigation in moderating climate-yield interactions 115 
(Schauberger et al., 2017; Troy, Kipgen, & Pal, 2015), we limited this study to areas dominated by 116 
rainfed agriculture, excluding regions overlying the Ogallala aquifer where irrigation is common 117 
(Figure 2). Using county-level yield data from 1980 to 2017 as the dependent variable, we developed 118 
generalized additive models to predict yield as a function of growing season climate. Crop-specific 119 
models were used to generate spatially-explicit projections to the end of the century under moderate 120 
climate change (RCP4.5) and severe climate change (RCP8.5) scenarios and under multiple scenarios 121 
of rates of technological innovation, described in greater detail below. Data construction, analyses, 122 
and visualizations were created using the R Programming Language (R Core Team, 2017).  All 123 
project scripts are available at https://github.com/eburchfield/Future_yield.  124 

https://github.com/eburchfield/Future_yield
https://github.com/eburchfield/Future_yield
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 125 
Figure 2.  Region of interest (gray) with 102 weather stations at which climate data were projected. 126 
The portion of the study area where the three rainfed crops of interest (maize, soy, and winter 127 
wheat) have historically been grown is indicated in green based on the 2016 USDA/NASS Cropland 128 
Data Layer (USDA NASS CDL, 2018). Note that regions in western Oklahoma, Kansas, and 129 
Nebraska have been excluded from the analysis as these regions fall on the Ogallala Aquifer and are 130 
heavily irrigated. 131 
 132 
2.1 Historical agro-climate data 133 

In the US, the county-season is the smallest spatiotemporal unit for which longitudinal yield 134 
data are available over large geographical areas (USDA NASS, 2017). To align daily gridded weather 135 
data with county-season yield data, we extracted to the county scale the average of gridded four-136 
kilometer daily maximum temperature and daily precipitation data provided by the PRISM Climate 137 
Group for each county in our region of interest from 1981to 2017 (PRISM Climate Group, 2004).  138 
Days outside of each crop’s growing season were masked using spatially-varying estimates of 139 
planting and harvesting dates provided by Ramankutty and colleagues (2008). From these extracted 140 
and masked daily means, we computed three indicators of seasonal temperature and water 141 
availability: growing degree days (GDDs), stress degree days (SDDs), effective precipitation (EfP) 142 
and excess precipitation (ExP). We merged these seasonal climate indices and county-level crop 143 
yields to create a historical panel dataset for 1173 counties from 1981 to 2017 (USDA NASS, 2017).  144 

To keep models parsimonious, we employed a cumulative distribution function approach 145 
through the use of GDDs, a widely-used measure of temperature where maximum daily 146 
temperatures within the tolerance range of specific crops are summed on a daily basis across the 147 
growing season (Schlenker and Roberts, 2009). Accumulated GDDs predict the point in the growing 148 
season when a plant goes through each phenological stage (Miller et al., 2001). The tolerance ranges 149 
used are 10–30o C for maize and soybeans, and 0–30o C for winter wheat (Mesonet, 2017; NDAWN, 150 
2017).  To model the effects of heat stress on plant growth, we also computed a metric of growing 151 
season heat exposure called stress degree days (SDDs). We define SDDs as complementary to 152 
GDDs: the total accumulated degrees above the maximum GDD temperature threshold (30o C), 153 
calculated on a daily basis. Given the results from Rosenzwieg et al. (2002), to capture the varying 154 
effects of precipitation on yields, we computed both effective precipitation (EfP), an indicator of 155 
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cumulative seasonal precipitation below a daily threshold beneficial to plant growth (30 millimeters), 156 
and excess precipitation (ExP), or cumulative seasonal precipitation above this daily threshold.   157 
 158 
2.2 Climate projections  159 
 Atmosphere-ocean general circulation models (AOGCMs) are coupled models of the climate 160 
system that are ideally suited for understanding the climates of the past, present, and future. The 161 
complexity of AOGCMs generally limits their spatial resolution, with typical models operating at a 162 

horizontal resolution of 1-2 lat/long. The relatively coarse resolution of these models limits their 163 
ability to simulate all of the processes (i.e., convection, land-atmosphere interaction, etc.) that 164 
influence local and regional climates. For that reason, AOGCMs are often used with downscaling 165 
techniques that address potential biases and shortcomings for regional applications. Downscaling 166 
approaches can generally be classified as dynamical or statistical. The former approach involves 167 
using boundary conditions from an AOGCM with a more highly-resolved regional climate model, 168 
while the latter establishes statistical relationships between scales that can then be used to estimate 169 
regional climate parameters based on AOGCM output. Dynamical and statistical downscaling have 170 
their relative advantages and disadvantages (see Wilby and Wigley (1997), Fowler (2007), and Schoof 171 
(2013)). In this study, it was important to develop projections from an ensemble of models and for 172 
multiple emissions pathways. Therefore, our future climate projections are based on a statistical 173 
downscaling approach. Specifically, we used a stochastic weather generator to simulate daily 174 
conditions for 102 weather stations (Figure 2) across the central United States by conditioning the 175 
weather generator parameters on the output from multiple AOGCMs and two representative 176 
concentration pathways (RCPs)  177 

The downscaling is conducted separately for the precipitation (occurrence, amount) and 178 
non-precipitation variables (maximum and minimum air temperature, dew point temperature, and 179 
solar radiation). For the non-precipitation variables, we apply the approach used in Schoof et al. 180 
(2007) that combines regressions based on large scale dynamic and thermodynamic variables to 181 
produce monthly station-level values. The monthly values are then used with a stochastic weather 182 
generator to produce daily values that are consistent with the projected monthly changes.  183 
Precipitation projections are also based on a stochastic model, where the parameters governing 184 
precipitation occurrence are assumed to follow a 1st order Markov process and wet-day amounts are 185 
modeled using a gamma distribution (Schoof, 2015). The future values of these parameters are 186 
determined from scaling relationships that are derived from historical observations and link 187 
precipitation statistics at the station level with those at coarse resolution following Wilks (1999). 188 
 RCPs represent pathways for changes in 21st century radiative forcing that correspond to 189 
increasing greenhouse gas concentrations. The two RCPs we use are termed RCP4.5 and 8.5, 190 
corresponding to medium and high levels of radiative forcing, respectively. Under RCP4.5, the rate 191 
of increase of global greenhouse gas concentrations begins to diminish in the 2060s, reaching a 192 
concentration of approximately 600 ppm by the end of the 21st century. Under RCP8.5, greenhouse 193 
gas concentrations accelerate throughout the 21st century, culminating in carbon dioxide 194 
concentrations that exceed 900 ppm by 2100 (van Vuuren et al. 2011). 195 
 To characterize the growing season climate of the study region, the AOGCMs were 196 
downscaled to the stations in Figure 2 and then interpolated to a 10-km grid to provide spatially 197 
continuous fields. The four seasonal climate variables (GDDs, SDDs, ExP, and ExP) were then 198 
calculated using downscaled daily data for each future climate scenario (RCP4.5 and RCP8.5), based 199 
on the results from three AOGCMs:  the L’Institut Pierre-Simon Laplace Coupled Model, Version 5 200 
(IPSL-CM5-LR; Dufresne et al. 2012), Meteorological Research Institute Coupled Atmosphere–201 
Ocean General Circulation Model, Version 3 (MRI-CGCM3; Yukimoto et al. 2012), and the 202 
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Norwegian Earth System Model, Version 1 (NORESM-1 M; Bentsen et al. 2013). Because climate 203 
models often share common configurations for climate system components (e.g., the same 204 
atmospheric model or convective parameterization), models are not necessarily independent (Knutti 205 
et al. 2013). To span the GCM uncertainty space, we chose the three models representing distinct 206 
branches of the “family tree” presented by Knutti et al. (2013). We created an ensemble model by 207 
averaging daily estimates produced by the three downscaled AOGCMS and this ensemble model 208 
was used for our projections. Changes in seasonal indices of temperature (GDDs and SDDs) and 209 
precipitation (EfP, ExP, and total precipitation or TP) to the end of the century are shown in Figure 210 
3. 211 

The downscaled climate projections shown in Figure 3 reflect substantial changes in the 212 
growing season thermal and moisture conditions across the study area at the end of this century 213 
(2081-2100) relative to historical conditions. Growing degree days (GDDs) exhibit increases for 214 
most of the domain under RCP 4.5 and for the entire domain under RCP 8.5. Changes in GDDs are 215 
characterized by a north-south gradient consistent with the underlying pattern of projected 216 
temperature changes (not shown). The pattern and magnitude of projected change are consistent 217 
with changes derived from larger ensemble of GCM output (see, for example, Figure 6.7 of 218 
USGCRP (2017)). The temperature changes are also expected to increase the thermal stress 219 
experienced by crops, especially under RCP 8.5, as indicated by the strong increase in SDD (Figure 220 
3).  Total precipitation shows decreases in the extreme southwestern part of the domain, but 221 
increases elsewhere.  Increases are strongest under RCP 8.5 in the upper Midwest. These projections 222 
exhibit strong agreement with the full CMIP5 ensemble that shows a gradient from drying in the SW 223 
USA to increasing precipitation in the NE USA, but with considerable inter-model variability (see 224 
for example, Figure 12.22, of Collins et al. (2013) and Figure 7.5 of USGCRP (2017)). The analysis 225 
of effective (EfP) and excessive (ExP) precipitation indicates that most of the precipitation increase 226 
will be associated with daily events smaller than 30mm (Figure 3). While increases in precipitation 227 
intensity are expected to occur as the world warms (Bador et al. 2018), studies investigating the 228 
nature of daily precipitation changes in the central U.S. have reported little change in warm season 229 
wet-day precipitation amounts (e.g., Schoof 2015) and extremes (Mascioli et al. 2016).   230 
 231 
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 232 
Figure 3.  Projected average changes in temperature (GDDs and SDDs) and precipitation (TP, EfP, 233 
ExP) across the region of interest from the 1991-2010 period to the 2081-2100 period. The seasonal 234 
indices shown above have been constructed using the growing season duration of maize.  235 
 236 
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2.3 Modeling Approach 237 
 The various signatures of climate change – increasing carbon dioxide and temperatures, 238 
increasing climate extremes, and intensified, but more sporadic, rainfall – have interacting, nonlinear, 239 
temporally and spatially-specific effects on the yields of specific crops (Schlenker and Roberts, 2009; 240 
Troy, Kipgen and Pal, 2015). To model the nonlinear pattern of these relationships, we used 241 
generalized additive models (GAM) to explain the yields of specific crops in county-growing 242 
seasons.  Unlike standard multiple regression, GAM models can flexibly estimate nonlinear 243 
interactions between a predictor and response variable (James et al, 2013). The GAM models were 244 
run using the R package mgcv (R Core Team, 2017; Wood, 2011). Models for all crops were 245 
specified as: 246 
 247 

𝑌𝑖𝑒𝑙𝑑𝑖𝑡 = 𝛽0 + 𝑠(𝐺𝐷𝐷𝑖𝑡) +  𝑠(𝑆𝐷𝐷𝑖𝑡) +  𝑠(𝐸𝑓𝑃𝑖𝑡) + 𝑠(𝐸𝑥𝑃𝑖𝑡)  + 𝑌𝐸𝐴𝑅𝑖𝑡 +   𝐶𝑜𝑢𝑛𝑡𝑦𝑖 + 𝜖𝑖𝑡 248 
 249 
where s() indicates a function estimated using p-splines (Eilers and Marx, 1996), i indicates a county, 250 
and t indicates the year.  To address omitted variable bias, this specification also models county-level 251 
spatial effects, specified here as Countyi, which account for time-invariant factors associated with 252 
each county that influence yield including soil, topography, and non-dynamic sociocultural, 253 
infrastructural, and institutional factors.  Models were run for each crop, technological scenario, and 254 
future climate scenario. To account for the effect of CO2 emissions on yield growth, we reduced the 255 
estimated interaction between YEAR and YIELD by the relative contribution of CO2 to historical 256 
yield growth estimated by Atttavanich et al. (2014). These authors estimate that CO2 contributed 257 
8%, 13%, and 15% to observed yield growth for maize, soybeans, and wheat, respectively.  In our 258 
models, the relative contribution of CO2 to yield changes through time as a function of increasing 259 
emissions towards the end of the century.  260 
 261 
2.4. Future scenarios 262 
 Following Alston et al. (2010), we looked backwards at decadal rates of change from 1980 to 263 
2017 to define a “best-case” and “worst-case” scenario for each crop. These scenarios were built by 264 
subsetting each crop’s panel dataset by decade (1980-2017), estimating the effect of time on yields 265 
given seasonal weather covariates and spatial fixed effects, and selecting the coefficients from the 266 
decades of highest and lowest technological growth (Table 1). We also included the average effect of 267 
time on yields from 1980 to 2017 and a model in which the progression of time had no effect on 268 
yields (as a point of comparison). We compared our models with models estimating non-linear yield-269 
time interactions and found these models to consisitently perform worse than models with a linear 270 
yield-time interaction. Polynomial and GAM functions overfit the yield-time interaction, modeling 271 
random dynamics affecting a particular year rather than the overall effect of time on yields through 272 
time over the last 30 years; therefore, we used a linear yield-time interaction (detrended for CO2 273 
effects) in the future scenarios. 274 
 275 
Table 1:  Annual yield growth scenarios derived from historical data. 276 

 High growth 
(bu ac-1) 

Average growth 
(bu ac-1) 

Low growth 
(bu ac-1) 

Maize 2.86 (2010s) 1.83  0.98 (1980s) 

Soybeans 0.72 (2010s) 0.47 0.41 (1980s) 

Winter wheat 1.75 (2010s) 0.61 -0.03 (2000s) 

 277 
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 Projected yields were mapped to the stations at which we projected future climate scenarios.  278 
Using inverse distance weighting, we interpolated projected yields at 102 stations to all counties in 279 
the region of interest. For each model, we held out a random 25 percent of the historical data in 280 
space-time and predicted this held-out data using our calibrated models to compute the RMSE. 281 
These fit metrics as well as model results are reported below (Table 3). 282 
 283 
3.0 Results 284 
 285 
3.1. Historical yield dynamics 286 
 The response of historical yields of maize, soybeans, and winter wheat to each of the 287 
seasonal weather indicators studied (GDDs, SDDs, EfP, and ExP) are shown in Figure 4. Table 2 288 
lists model results and Table 3 lists model performance including predictive performance on 25% 289 
held-out data (RMSE) for each crop as compared to a null model using mean yield across the region 290 
of interest (Null RMSE). Resultst indicate that increasing seasonal GDDs have a positive effect on 291 
yields of maize and soybeans, but winter wheat yields peak at about 5000–6000 GDDs, likely due to 292 
this crop’s longer growing season which lasts from October to May. As hypothesized, SDDs have a 293 
strongly negative impact on yields of all three crops. Assuming average values of other predictors, an 294 
increase of 100 SDDs in a growing season reduces yields by approximately 27 bu ac-1 for maize, 5 bu 295 
ac-1 for soybeans and 2 bu ac-1 for winter wheat.  These heat effects are comparable to the the results 296 
cited above, for example Schauberger et al. (2017) who found that each day with temperatures above 297 
the 30oC threshold diminishes rainfed maize and soybean yields by an average of 6%. Each of the 298 
three crops reach peak yields at different levels of effective precipitation (EfP): between 600 and 299 
800mm for maize and soybeans and 500mm for winter wheat, which is more drought-tolerant. 300 
Excess precipitation (ExP) reduces yields of all three crops, consistent with Rosenzwieg (2002), 301 
though the effects of excess precipitation on yields are lower than the effects of extreme 302 
temperature (SDDs). 303 
 304 
  305 
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 306 
Figure 4.  Crop-specific yield response to four predictors derived from GAM models estimated 307 
using p-splines. Each function represents the yield response to the independent variable shown, 308 
while holding other variables constant at their mean value. Gray areas represent 95% confidence 309 
intervals. 310 
 311 
Table 2:  GAM model results for p-sline smoothed effects including effective degrees of freedom 312 
(edf), F-values, and p-values for maize, soy, and winter wheat models. 313 

 edf F p-value 

Maize    
s(GDD) 7.92 325.68 0.000*** 
s(SDD) 6.54 1670.16 0.000*** 
s(ExP) 2.23 15.37 0.000*** 
s(EfP) 7.52 133.97 0.000*** 

Soy    
s(GDD) 8.67 131.57 0.000*** 
s(SDD) 8.49 593.01 0.000*** 
s(ExP) 3.69 22.10 0.000*** 
s(EfP) 7.03 142.45 0.000*** 

Winter wheat    
s(GDD) 6.81 57.81 0.000*** 
s(SDD) 5.88 14.72 0.000*** 
s(ExP) 3.88 7.17 0.000*** 
s(EfP) 6.55 91.37 0.000*** 



11 

 

Note: *p, **p, ***p<0.01 314 
 315 
Table 3: Model preformance  316 

 RMSE Null RMSE R2 Deviance 
explained 

Maize 17.45 36.80 0.78 78.4% 

Soy 5.28 10.37 0.75 75.9% 

Winter wheat 8.46 13.92 0.67 68.6% 

 317 
3.2. Future yield dynamics 318 
 The response curves shown in Figure 4 were used to project yields at each of the 102 319 
weather stations where we projected future daily weather.  Yields were estimated under two climate 320 
scenarios (RCP4.5 and RCP8.5) and under four technological growth scenarios (stagnation, low 321 
growth, average growth, high growth). The space between technologically optimistic and pessimistic 322 
yield projections can be thought of as a scenario space in which yields of these major crops will 323 
likely evolve over the next century (Figure 5). Projections suggest that without technological change, 324 
maize, soybean and winter wheat yields will decline under both RCP4.5 and RCP8.5.  In 2100 under 325 
RCP8.5, yields decline by an average of 22.4% (26.1 bu ac-1) for maize, 27.9% (8.83 bu ac-1) for 326 
soybeans, and 20% (7.14 bu ac-1) for winter wheat.  Under RCP4.5, yields of all three crops decline, 327 
but insignificantly (Table 4).   328 
 329 
Table 4:  Average absolute change in yields (bu ac-1) from 2010 to 2100 under each scenario.  330 
Standard deviation of absolute change estimates (bu ac-1) across counties in the region of interest are 331 
noted in parentheses.  Red boxes indicate probable yield declines.  For comparison, mean yields in 332 
2017 were 162.07 bu ac-1 for maize, 47.05 bu ac-1 for soybeans and 63.43 bu ac-1 for winter wheat.   333 

 Maize (bu ac-1) Soy (bu ac-1) Winter wheat (bu ac-1) 

No tech. (RCP4.5) -0.036 (16.7) -1.01 (4.80) -0.21 (2.22) 

No tech. (RCP8.5) -26.1 (20.3) -8.83 (5.99) -7.14 (3.21) 

Low tech. (RCP4.5) 76.1 (15.6) 28.1 (4.23) -2.04 (2.24) 

Low tech. (RCP8.5) 40.5 (19.9) 14.2 (5.81) -8.41 (3.25) 

Average tech. (RCP4.5) 141.0 (15.1) 32.6 (4.18) 40.6 (2.32) 

Average tech. (RCP8.5) 96.6 (20.3) 17.7 (5.82) 21.1 (3.47) 

High tech. (RCP4.5) 221.0 (14.8) 50.5 (4.07) 118.0 (3.43) 

High tech. (RCP8.5) 166.0 (21.1) 31.9 (5.92) 75.6 (6.13) 

 334 
 For maize and soybeans, substantial yield increases occur even under the low technology 335 
scenario with severe climate change; however, given the negative rate of yield growth for winter 336 
wheat in the 2000s decade, the average tech. scenario is required to maintain yield growth. Under 337 
average rates of technology improvement achieved in the 1980–2017 period, maize, soybean, and 338 
winter wheat yields climb by about 50% under RCP 8.5 and approximately double under RCP4.5. 339 
These projected yields are comparable to the highest field average yields reported to date of 386 bu 340 
ac-1 for non-irrigated maize achieved in 2017 in Indiana (National Corn Growers Association, 2018) 341 
and the highest county-average soybean yield in 2017 of 70.3 bu ac-1 (Sangamon County, IL); 342 
however, they do not approach the record soybean yield of 171 bu ac-1 reported at the field level 343 
(Corn and Soybean Digest, 2018). For winter wheat, projected yields are comparable to 2017 average 344 
of 98.3 for Ogle County, IL and 99.9 bu ac-1 for Huron County, MI (USDA/NASS QuickStats, 345 
2018.  These comparisons imply that if technological innovation continues to increase at rates seen 346 
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over recent decades, the central U.S. could close existing yield gaps through technologically-driven 347 
yield increases that overwhelm the negative impacts of climate change.   348 
 349 

 350 
Figure 5.  Changes in yields of maize, soybeans and winter wheat in the central U.S. to 2100 under 351 
high (red), average (blue), low (green) and stagnant (yellow) rates of technological growth. Lines 352 
show the mean yields of all counties and points are annual county-level projections (n = 102).  353 
 354 
 Under all scenarios, there is significant variation in yield growth across space. The 355 
geographic distribution of these changes is shown in Figure 6, where without technological change 356 
the yields of all crops generally decline with climate change in the southern and eastern portion of 357 
the region of interest, and increase in the northern portions where average seasonal GDDs increase 358 
relative to the last 40 years. These regional variations are also reflected in the more optimistic 359 
scenarios, illustrating that even under our “best case” scenario (RCP4.5, high technological change), 360 
there are relative winners and losers in the central U.S. 361 

 362 
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 363 
Figure 6.  Spatial distribution of changes in maize, soybean, and winter wheat yields (bu ac-1) under 364 
historic rates of technology-driven yield increases (“Low tech.”, “Average tech.”, and “High tech.” 365 
and no technological trend (“No tech.”).   366 
 367 
4.0 Discussion  368 
 The results reported above confirm our hypothesis that for the central U.S. the rates at 369 
which climate change is likely to reduce the yields of maize, soybeans, and winter wheat are lower 370 
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than historic rates of technology-driven improvements in yields. If technological innovation 371 
continues to increase at even the lowest rates seen over the last 37 years, the central U.S. could close 372 
existing yield gaps and, under more optimistic scenarios, more than double production of these 373 
staple crops (Figure 5; Table 4).  374 
 Our yield projections vary significantly within the study area, with the southern portion 375 
showing far more negative impacts of climate change than the northern portion, which is most likely 376 
to see yield increases (Figure 6).  The spatial variability of our results highlights an important 377 
limitation of this study:  its generalizability to other regions. The central U.S. is one of the most 378 
productive and intensively managed agricultural systems on the planet (USDA-FAS, 2017).  With 379 
large and sustained public investments in agricultural research and extension, the historical rates of 380 
technological innovation in this region should be seen as a “best case” scenario. While many regions 381 
of the world are currently experiencing yield stagnation and even decline, the central U.S. has seen 382 
the highest rates of yield improvements for maize and soybeans, with only a single decade of slight 383 
declines for wheat over the last 40 years (Ray et al., 2012, Table 1). Unlike many regionis of the 384 
world, tthe central U.S. has  cooling over the last 30 years (Lobell, 2011).  This this is expected to 385 
change as stress degree days increase in the future (Moore et al. 2017; Challinor et al. 2014). An 386 
additional caveat is that our analysis does not include explicit consideration of the role of changes in 387 
interannual climate variability. Instead, our analysis implicitly considers interannual variability in local 388 
temperature and precipitation to the extent that such variations are correctly producted by the 389 
parent AOGCM. Studies have indicated that AOGCMs generally underestimate low-frequency 390 
variability (see, for example, Rocheta et al. 2014).  However, the effects of this variability differ 391 
between crops and regions and are generally larger for maize than for soybean and wheat (Ray et al. 392 
2015). 393 
 How likely is sustained agro-technological growth in the central U.S. and what are its 394 
possible implications?  From 1930 to 2017, we have seen decadal yield growth rates in the central 395 
U.S. ranging from 0.98 to 2.86 bu ac-1 yr-1 for maize, from 0.41 to 0.72 bu ac-1 yr-1 for soybeans, and, 396 
less consistently, from -0.03 to 1.75 bu ac-1 yr-1 for winter wheat (Table 1).  These remarkable growth 397 
rates have been driven by transformative technological innovations, including the invention of the 398 
Haber-Bosch process to produce ammonia at an industrial scale (Schlesinger, 2013), advances in 399 
plant breeding and selection (Evans, 1993), and significant discoveries in the field of genetics 400 
(Khatodia et al., 2016; Bita & Gerats, 2013; Tester & Landridge, 2010).  Because the economic 401 
incentives driving these innovations are often lacking for the ecosystem services that are essential to 402 
crop production (Swift et al., 2004; Zhang et al., 2007, Bekele et al., 2013), as well as to society 403 
generally, many of these innovations have generated significant negative environmental impacts.  404 
For example, the invention of the Haber-Bosch process that drove yield increases from the 1950s 405 
through the 1980s lies at the center of concerns about exceeding planetary limits for nitrogen 406 
emissions (Rockstrom et al., 2009; Craine et al., 2018), alongside numerous regional problems of 407 
eutrophication as exemplified in the central U.S. by the problem of Gulf Hypoxia (Rabalais et al., 408 
2002). Nitrogen fixation, along with mechanization, soil carbon oxidation, and crop transportation 409 
have also increased the carbon footprint of crop production (Hillier et al., 2009). Other 410 
environmental concerns include increased phosphorous emissions, depletion of phosphorous mines 411 
(Elser and Bennett, 2011), and depletion of groundwater for irritation from the High Plains 412 
(Ogallala) and Mississippi Embayment aquifers (Konikow, 2013). Simplified and intensively-413 
managed agricultural landscapes as seen in the central U.S. are also associated with soil degradation, 414 
loss of habitat, reductions in water quality, and loss of species diversity (Bommarco, Kleijn, & Potts, 415 
2013; Hendrickx et al., 2007; Landis, 2017; McDaniel, Tiemann, & Grandy, 2014; Tiemann, Grandy, 416 
Atkinson, Marin-Spiotta, & McDaniel, 2015; Tscharntke et al., 2012). The erosion of these key 417 
ecosystem services in turn threatens the long-term productivity of agricultural systems (Cardinale et 418 
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al., 2012; Hooper et al., 2012). When we consider how future technological advances may or may 419 
not be able to maintain the exceptional rates of historical increases in crop through the coming 420 
decades, we must address whether they accelerate or mitigate environmental degradation.  421 
 In contrast to the input-intensive innovations described above, the 21st century shift to 422 
information-based technologies could potentially boost yields with arguably less severe 423 
environmental consequences.  The efficiency gains brought by this approach could also reduce 424 
conversion of additional land to crop production, thus conserving biodiversity and ecosystem 425 
services. Brookes and Barfoot (2016) argue that genetically-modified crops have facilitated the use of 426 
a new generation of less environmentally-risky agrichemicals while also reducing carbon footprints 427 
by facilitating reduced-till and no-till agriculture. In addition, Clustered Regularly Interspaced Short 428 
Palindromic Repeats (CRISPR), popularly referred to as gene- or genome-editing “revolutionize 429 
both basic and applied research to improve a wide variety of agronomic traits in crop plants” 430 
(Khatodia et al., 2016). This technique has been successfully applied to the maize genome (Svitashev 431 
et al., 2015).  In addition, advances in precision agriculture including the use of Global Positioning 432 
Systems, weather prediction, remote sensing data, and drones to target inputs like fertilizer, 433 
pesticides, and irrigation water can reduce inputs per unit of yield, thereby mitigating environmental 434 
limits to crop production through the intensive use of information (Bongiovanni and Lowenberg-435 
Deboer, 2004).   436 

For maize and soybeans, even the lowest rates of technologically-driven yield improvements 437 
achieved in recent decades exceed rates of climatically-induced yield reductions under any climate 438 
scenario studied. We thus conclude that technology has the potential to overcome the drag on crop 439 
yields posed by severe climate change if and only if: (1) extraordinary new technological innovations 440 
that are not now clearly identifiable are introduced at a fraction of the rapid rate they have been over 441 
the past century and (2) the nature of these technological innovations helps mitigate, rather than 442 
accelerate, environmental impacts of crop production. While Baldos and Hertel (2016) project that, 443 
largely due to a slowdown in the rate of world population growth, the recent period of high prices 444 
for staple crops may soon end, any yield increases we do see over the next century would be met 445 
with a rapid increase in food demand if the historic relationship between rising incomes and 446 
increased meat consumption is sustained (Tilman et al. 2011). Should technological innovation 447 
stagnate, we may not be able to meet this demand in the central U.S. or in less productive systems 448 
around the world without transforming additional natural ecosystems to intensive crop production.  449 
Our results suggest, however, that even moderate technological innovation could overcome the 450 
negative drag on yields induced by changing climate.  This innovation will depend crucially on the 451 
continued development of information-intensive, rather than input-intensive innovations that increase the 452 
efficiency and productivity of agricultural systems without accelerating environmental impacts that 453 
erode the ecological resource base on which our global food system depends.   454 


