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A B S T R A C T   

The Eastern Corn Belt Region (ECBR) is an important agricultural sector for the U.S. This study analyzes the 
climate extremes over the contemporary (1980–2018) and future (2036–2099) periods over the ECBR. We 
evaluated the performance of 32 downscaled models from the U.S. Global Change Research Program’s Localized 
Constructed Analogs (LOCA) of the Coupled Model Intercomparison Project (CMIP5) to simulate extreme tem-
perature and precipitation indices. The LOCA downscaled models were evaluated for the recent past against the 
National Aeronautics and Space Administration (NASA)-supported gridded observational dataset DAYMET. 
Results reveal key trends throughout the region that are consistent with previous studies, including significant 
increases in extreme minimum temperatures, reduction of cold nights, increase of warm nights, and decreases in 
diurnal temperature ranges. Much of the region demonstrates extreme warming trends in the coldest night of the 
year (more than 5 ◦C) and an increase in the heaviest precipitation events over 1980–2018. An optimal model 
ensemble (OME) was constructed using a Kling-Gupta Efficiency and Bhattacharyya coefficient evaluation to 
construct a comprehensive ranking procedure. Having outperformed a standard multi-model ensemble approach, 
the OME was used to evaluate the future changes of extreme climate indices under RCP4.5 and RCP8.5 scenarios. 
Though the OME showed consistently strong warming throughout the ECBR, variability among the optimal 
models and across watersheds is quite significant, especially for precipitation indices. Thus, constraining the 
uncertainty in future climate models, specifically as it relates to agriculture decisions that support climate- 
resilience, remains a challenge.   

1. Introduction 

Climate change is driving environmental transformations across the 
globe (IPCC, 2022), from wildfire behavior in the western U.S., 
Australia, and Amazon (Avila-Diaz et al., 2020a; Di Virgilio et al., 2019; 
Fonseca et al., 2019; Westerling and Bryant, 2007) to the Arctic with 
direct impacts on global energy balance (Richter-Menge et al., 2019), 
melting glaciers (Duncombe, 2019), and increasing sea levels (Kulp and 
Strauss, 2019). The Midwest U.S. is not immune to the changing climate 
nor its impacts (Pryor et al., 2013). Warming temperatures and 
increasingly variable and extreme precipitation events have significant 
impacts on agricultural productivity across the region (Adams et al., 
1990; Angel et al., 2018a; Hatfield et al., 2014a; Lesk et al., 2016; Li 
et al., 2019; Liu and Basso, 2020; Salinger, 2005; Schlenker and Roberts, 

2009), and current climate trends are expected to continue throughout 
the 21st century (Andresen et al., 2012; USGCRP, 2017). These changes 
in climate spur the need to adapt agricultural land use and land man-
agement practices, all of which depend on individual farmer behavior 
and their responses to markets, policy, and technological conditions 
imposed by broader human systems. Furthermore, climate change has 
substantial implications for global food security, as the Midwest is one of 
the world’s most productive food regions (Mueller et al., 2016). 

Though we have a good understanding of expected changes in mean 
climate, it is vital to understand how the variability and severity of 
extreme climate events are likely to change throughout the twenty-first 
century (AghaKouchak et al., 2020; Donat et al., 2016; Easterling et al., 
2016; Katz and Brown, 1992; Qu et al., 2014; Zhang et al., 2011). The 
World Meteorological Organization’s Joint WMO CCl/WCRP/JCOMM 
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Expert Team on Climate Change Detection and Indices (ETCCDI) (Zhang 
et al., 2011) has established a suite of extremes based on temperature 
and precipitation that elucidates changes in heat wave frequency, 
extreme rainfall, and prolonged droughts. Researchers have applied this 
approach to regions across the world including Asia (Poudel, 2020; Rai 
et al., 2019; Xu et al., 2019; Yu et al., 2020; Zhang et al., 2020), South 
America (Avila-Diaz et al., 2020a; Heidinger, 2018), Africa (Gebre-
chorkos, 2019; Teshome, 2019; Yepdo and Vondou, 2019), and North 
America (Avila-Diaz et al., 2021; Cammarano and Tian, 2018; 
Ortiz-gómez, 2020; Wazneh et al., 2020). These studies commonly show 
that while the utilization of the ETCCDI extremes is useful for explaining 
observed trends over the last 40–60 years, spatial heterogeneity of 
trends for these indices are quite large. This may occur due to sensitivity 
to the period of data, scale of spatial analysis (e.g., state, country, and 
continental) and reference datasets used (e.g., reanalyses, gridded ob-
servations, in-situ observations, and satellite data). So, while these 
regional analyses are beneficial for policymakers at the regional scale, 
uncertainly remains a challenge at the local watershed-scale, especially 
with respect to future projections of climate. 

This work analyzes climate extremes over the recent past 
(1980–2018) and future projections (2036–2099) as depicted by 
downscaled Coupled Model Intercomparison Project phase (CMIP5) 
Earth System Models (ESMs) across the Eastern Corn Belt Region (ECBR; 
Ohio, Indiana, Illinois, southern Wisconsin, and southern Michigan). 
Studies have utilized global models (Ford et al., 2021), regional 
dynamically downscaled models (Grady et al., 2021), and station based 
and reanalysis datasets (Paxton et al., 2021) to show distinct historical 
and future trends in extremes across the Midwest, particularly 
increasing transitions and frequency of precipitation extremes. The 
motivation in this paper is to evaluate how well a statistically 

downscaled dataset used for the U.S. National Climate Assessment 
(USGCRP, 2017) captures the observed changes in extreme climate 
variables and use this analysis to construct optimal model blends to 
investigate future extreme climate change projections useful for this 
region of the U.S. Furthermore, quantifying the uncertainty in climate 
projections is a critical step in translating climate change to other fields 
(e.g., natural resources and economic development) and ultimately 
informing farmer adaptation strategies. This data is often used as initial 
inputs into other models (e.g., watershed, ecosystem, and economic) 
that may be used to predict potential agricultural impacts and guide 
critical decisions concerning sustainability and the economy (Lafferty 
et al., 2021; Lobell et al., 2014; Pires et al., 2016; Ray et al., 2013; 
Rosenzweig et al., 2014). Therefore, this work provides a foundation for 
answering broader inquiries concerning ecosystem services, farmer 
behavior, and the economy in the Midwest. 

This paper is structured as follows. Section 2 describes the study 
region, observations, downscaled ESM climate data, and evaluation 
methods. Section 3 presents the results describing the contemporary 
observational climatology of the ECBR, historical trends in climate ex-
tremes for the period 1980–2018, model analysis, and future climate 
scenarios (under RCP4.5 and RCP8.5 conditions) based on optimal 
model blends. Section 4 provides a discussion on how these extremes 
impact the present and future of agricultural production in the ECBR, 
with a conclusion provided in Section 5. 

2. Data & methods 

2.1. Study area 

The ECBR study area encompasses all or part of Ohio, Indiana, 

Fig. 1. Area of Study Eastern Corn Belt Region and specific watersheds (shaded) selected for analysis.  

A.B. Wilson et al.                                                                                                                                                                                                                               



Weather and Climate Extremes 37 (2022) 100467

3

Illinois, Wisconsin, and Michigan (Fig. 1). These states are located on the 
eastern border of the main U.S. corn production zone, a water-rich re-
gion that drains mainly into the Ohio River, Lake Erie, and Lake Mich-
igan and produces 10% of total agricultural exports (USDA, 2016). Five 
water basins (Fig. 1 - shaded) align with a larger, on-going study to 
conduct surveys about farmers’ attitudes toward climate change and 
adaptive strategies (Li et al., 2022; Walpole and Wilson, 2022). Here, we 
compare climate changes (current and future projections) over the ECBR 
and across each of the five basins (Lower Maumee in Ohio, Macoupin in 
Illinois, Upper Fox in Illinois/Wisconsin, Sugar in Indiana, and Maple in 
Michigan) to further understand the changes in climate variability on 
local and regional scales and variability among the statistically down-
scaled CMIP5 models. 

2.2. Data sources 

This investigation leverages the extreme climate indices for moni-
toring and detecting climate change proposed by the ETCCDI (http 
://etccdi.pacificclimate.org/). These indices have been widely used to 
study observed and modeled climate variability across the globe (Avi-
la-Diaz et al., 2020a; Jiang et al., 2015; Sillmann et al., 2013a, 2013b). 
They are calculated using daily maximum temperature (TX), minimum 
temperature (TN), and precipitation (PR) (Table 1). 

Observed ETCCDI indices are calculated using a National Aero-
nautics and Space Administration (NASA)-supported gridded observa-
tional dataset, DAYMET Version 3 (Thornton et al., 1997, 2016). 
DAYMET provides daily weather parameters for North America, 
including Canada, the United States, Mexico, Puerto Rico, and Bermuda, 
during the 1980–2018 period at a 1-km spatial resolution. DAYMET 
inputs include a digital elevation model and in-situ weather observa-
tions of daily maximum temperature, minimum temperature, and pre-
cipitation from the Global Historical Climatology Network (GHCN) 
(Thornton et al., 2016). 

ETCCDI indices are computed for 32 Coupled Model Intercomparison 

Project phase 5 (CMIP5) Localized Constructed Analogs (LOCA) (Livneh 
et al., 2015; Pierce et al., 2014, 2015; Pierce and Cayan, 2016). CMIP5 
models were the basis of physical climate change in the IPCC 5th 
Assessment and 4th U.S. National Climate Assessment (IPCC 2022; 
USGCRP 2017). The LOCA method is a statistical scheme that produces 
4-km downscaled daily estimates of TX, TN, and PR using a multi-scale 
spatial matching technique to pick appropriate analog days from ob-
servations. LOCA was selected as this procedure produces better esti-
mates of extreme days and spatial coherence of the downscaled fields. 
More details on LOCA can be found at http://loca.ucsd.edu/. The LOCA 
dataset has been widely used to analyze climate risk under future 
warming conditions (Keellings and Engström, 2019; Moftakhari and 
AghaKouchak, 2019; Navarro-Estupiñan et al., 2018). More details on 
the CMIP5 models used for LOCA downscaling are found in Table 2. 

LOCA has two future scenarios available both part of the IPCC ef-
forts: Representative Concentration Pathways (RCP) 4.5 and 8.5 (Moss 
et al., 2008, 2010). Each represents different scenarios of future radia-
tive forcing increases relative to pre-industrial levels. For instance, 
RCP4.5 is a stabilization scenario with ~4.5 W m2 or 650 ppm CO2 
equivalent in the year 2100, and RCP8.5 is a continually rising scenario 
with ~8.5 W m2 or 1370 ppm CO2 equivalent in the year 2100. 

2.3. Evaluation metrics 

Simulations from the LOCA dataset from 1980 to 2005 are evaluated 
using annual and seasonal values of climate indices and spatial patterns 
compared to DAYMET. Future projections are evaluated as well using 
the Modified Kling–Gupta efficiency (KGE; Eq. (1)) (Gupta et al., 1999; 
Kling et al., 2012). The KGE is a goodness-of-fit approach that combines 
three components: Pearson correlation coefficient (CORR; Eq. (2)), bias 
ratio (Walther and Moore, 2005), and relative variability (RV; Eq. (4)). 
The optimal values of KGE, BR, and RV are 1.0. 

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(1 − Corr)2
+ (1 − BR)2

+ (1 − RV)
2

√

1 

Table 1 
Definitions of ETCDDI recommended indices selected for analysis (a) 10 core extreme temperature indices and (b) 10 core extreme precipitation indices and their 
definitions and units.  

Index Indicator name Indicator Definitions Units 

(a) Extreme indices derived from daily maximum and minimum temperature series 
1. TXx Hottest day Annual maximum value of daily maximum temp ◦C 
2. TXn Coldest day Annual minimum value of daily maximum temp ◦C 
3. TNn Coldest night Annual minimum value of daily minimum temp ◦C 
4. TNx Warmest night Annual maximum value of daily minimum temp ◦C 
5. DTR Diurnal temperature range Annual mean difference between TX and TN days 
6. TX10p Cold days Percentage of days when TX < 10th percentile % 
7. TX90p Warm days Percentage of days when TX > 90th percentile days 
8. TN10p Cold nights Percentage of days when TN < 10th percentile % 
9. TN90p Warm nights Percentage of days when TN > 90th percentile % 
10. FD Number of frost days Annual count of days when TN < 0 ◦C days 
11. ID Number of icing days Annual count of days when TX < 0 ◦C days 
12. SU Number of summer days Annual count of days when TX > 25 ◦C days 
13. TR Number of tropical nights Annual count of nights when TN > 20 ◦C days 

(b) Extreme indices derived from daily precipitation series 
14. PRCPTOT Annual total wet-day precipitation Annual total precipitation in wet days* mm 
15. RX1day Max 1-day precipitation Annual maximum 1-day precipitation mm 
16. RX5day Max 5-day precipitation Annual maximum consecutive 5-day precipitation mm 
17. R95p Very wet days Annual total precipitation from days when daily precipitation RR > 95th percentile mm 
18. R99p Extremely wet days Annual total precipitation from days when daily precipitation RR > 99th percentile mm 
19. SDII Simple daily precipitation index The ratio of annual total precipitation to the number of wet days* mm/day 
20. R1mm Number of wet days Annual count of days when daily precipitation 

>= 1 mm 
days 

21. R10mm Number of heavy precipitation days Annual count of days when daily precipitation 
>= 10 mm 

days 

22. R20mm Number of very heavy precipitation days Annual count of days when daily precipitation 
>= 20 mm 

days 

23. CWD Consecutive wet days Maximum number of consecutive wet days* days 
24. CDD Consecutive dry days Maximum number of consecutive dry days* days 

Note: The ETCCDI defines wet (dry) day when the daily precipitation ≥ 1 mm (<1 mm). 
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Correlation (CORR)=
∑n

i=1(xi − x)(yi − y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(xi − x)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n
i=1(yi − y

)2
√ 2  

Bias Ratio (BR)=
y
x

3  

Relative Variability (RV)=
CVy

CVx
4 

In Eqs. (2) and (3), xi is the gridded observation value; yi is the 
gridded product being evaluated, x and y are the observed and estimated 
means. In Eq. (4), the CVx (CVy) is the coefficient of variation of 
observed (estimated) values, which is the relative standard deviation or 
extent of the variability compared to the mean. 

The Mann-Kendall (MK) (Kendall, 1957; Mann, 1945) test is used to 
evaluate the statistical significance of trends and Sen’s Slope method 
(Sen, 1968) is applied to calculate the magnitude of trends in extreme 
climate indices. We assessed the trend significance at the 95% confi-
dence level (p-value ≤ 0.05). For a full discussion of the Mann Kendall 
and Sen slope methods and their advantages in climate series, see Yue 
et al. (2002). This non-parametric approach was adopted as it is less 
sensitive to outliers in time series of climate extremes series compared to 
linear regression (Skanside los et al., 2013; Zhang et al., 2000). The MK 
and Sen’s slope methods are widely used for monitoring changes in 
ETCCDI climate extreme indices based on daily climate data (Ávila et al., 
2016; Avila-Diaz et al., 2020a; Burić et al., 2015; Rapaić et al., 2015). 

As CMIP5 model projections, and by corollary LOCA downscaled 
data are probabilistic predictions of climate, we need an additional 
measure to compare the probability distributions (PD) among models. 
The Bhattacharyya distance (DB) tests the similarity between two PDs 
(Bhattachayya, 1943) and has been used to climate applications (Tadić 
and Biraud, 2020). The Bhattacharyya coefficient (BC) is the amount of 

overlap between two statistical samples or populations and is calculated 
as follows: 

DB(p, q)= − ln(BC(p, q)) 5  

BC(p, q)=
∑n

i=1

̅̅̅̅̅̅̅̅
piqi

√ 6  

where p and q are the probability distributions and n is the number of 
partitions in the PDs. BC ranges from zero to one, with a 0 indicating that 
two PDs do not overlap and a value of one indicating the PDs are 
identical. 

2.4. Model comprehensive ranking 

We adopt a comprehensive ranking OME approach (Yang et al., 
2020; You et al., 2018). A comprehensive model rank is calculated for all 
models (including the ensemble mean) to decide which three-best 
models are evaluated for climate projections. Each model and 
ensemble mean are ranked 1 (best) to 33 (worst) for the ECBR based on 
KGE scores and Bhattacharyya Coefficients. A cumulative rank score is 
computed for all extreme temperature and precipitation indices, 
respectively. 

3. Results 

3.1. DAYMET climatology (1980–2018) 

Figs. 2–4 (Fig. S1 and Tables S1 and S2) provide the temperature and 
precipitation climatology (1980–2018) from DAYMET. Annual 
maximum temperatures (TXx) range across the basins from 33.8 ◦C 
(Maple) to 36.1 ◦C (Macoupin) with an ECBR average of 33.7 ◦C (Fig. 2). 
These temperature maximums follow the spatial patterns expected from 

Table 2 
CMIP5 models used for LOCA downscaling.   

MODEL Modeling center Resolution (Lat◦ X 
Lon◦) 

Vertical 
Levels 

1 ACCESS1-0 Commonwealth Scientific and Industrial Research Organization and Bureau of Meteorology, Australia 1.875◦ × 1.25◦ 38 
2 ACCESS1-3 
3 BCC-CSM1-1 Beijing Climate Center, China Meteorological Administration, China 2.8◦ × 2.8◦ 26 
4 BCC-CSM1-1-M 1.125◦ × 1.125◦

5 CanESM2 Canadian Centre for Climate Modeling and Analysis, Canada 2.8◦ × 2.8◦ 35 
6 CCSM4 National Center for Atmospheric Research (NCAR), USA 1.25◦ × 0.9◦ 27 
7 CESM1-BGC National Science Foundation, Department of Energy and NCAR, USA 1.25◦ × 0.9◦ 27 
8 CESM1-CAM5 
9 CMCC-CM Centre Euro-Mediterraneoi sui Cambiamenti Climatici 0.75◦ × 0.75◦ 31 
10 CMCC-CMS 3.71◦ × 3.75◦ 95 
11 CNRM-CM5 Centre National de Recherches Météorologiques and Centre Européen de Recherche et Formation Avancée en Calcul 

Scientifique, France 
1.4◦ × 1.4◦ 31 

12 CSIRO-MK3-6-0 Commonwealth Scientific and Industrial Research Organization, Australia 1.875◦ × 1.875◦ 18 
13 EC-EARTH European EC-Earth Consortium 1.125◦ × 1.125◦ 62 
14 FGOALS-2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences; CESS, Tsinghua University, China 2.8125◦ × 3◦ 26 
15 GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory, USA 2.5 ◦× 2.0◦ 48 
16 GFDL-ESM2G 2.5◦ × 2.0◦ 24 
17 GFDL-ESM2M 
18 GISS-E2-H NASA Goddard Institute for Space Studies 2◦ × 2.5◦ 40 
19 GISS-E2-R 
20 HadGEM2-A0 UK Met Office Hadley Centre, United Kingdom 1.25◦ × 1.875◦ 38 
21 HadGEM2-CC 60 
22 HadGEM2-ES 38 
23 INMCM4 Institute for Numerical Mathematics (INM), Russia 1.5◦ × 2◦ 21 
24 IPSL-CM5A-LR Institut Pierre-Simon Laplace, France 3.75 × 1.895◦ 39 
25 IPSL-CM5A-MR 2.5◦ × 1.27◦ 39 
26 MIROC5 Japan Agency for Marine-Earth Science and Technology, Atmosphere and Ocean Research Institute (The University 

of Tokyo), and National Institute for Environmental Studies 
1.41◦ × 1.41◦ 40 

27 MIROC-ESM 2.8◦ × 2.8◦ 80 
28 MIROC-ESM- 

CHEM 
29 MPI-ESM-LR Max Planck Institute for Meteorology, Germany 1.875◦ × 1.875◦ 47 
30 MPI-ESM-MR 95 
31 MRI-CGCM3 Meteorological Research Institute, Japan 1.125◦ × 1.125◦ 48 
32 NorESM1-M Norwegian Climate Centre, Norway 2.5◦ × 1.89◦ 26  
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average high temperatures across the region and are near the upper 
limits of optimal corn and soybean tolerance levels (Hatfield et al., 
2011). This region spends most of its growing season within the 
acceptable range, and therefore the ECBR is an important agricultural 
sector for the U.S. Annual minimum temperatures (TNn) range from 
− 24.9 ◦C (Upper Fox) to − 21.1 ◦C (Macoupin) with an ECBR average of 
− 23.6 ◦C. This range (55–60 ◦C) between annual maximum and mini-
mum temperatures results from frequent cold air outbreaks from 
northern latitudes during winter and infusions of warm, humid Gulf of 

Mexico air masses during the summer leading to high annual and sea-
sonal variability. The presence of the Great Lakes has a mitigating 
impact on these temperature extremes as well, with greater warm and 
cold extremes found west of the lakes, upstream of typical lake-induced 
air mass moderation. The diurnal temperature range (difference be-
tween daily maximum and minimum temperatures; DTR) is approxi-
mately 11 ◦C across the region, controlled by atmospheric humidity, the 
presence of clouds, and precipitation (Lauritsen and Rogers, 2012). DTR 
tends to be larger on days with less atmospheric moisture and fewer 

Fig. 2. DAYMET Temperature Climatology (1980–2018) for selected extreme temperature indices including a) hottest day, b) coldest night, c) cold nights, d) 
warm nights, e) diurnal temperature range, and f) frost days. Units are indicated for each variable. 
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clouds (Dai et al., 1999). 
Frost days (FD), the annual number of days when the minimum 

temperatures fall below 0 ◦C, is another important agricultural extreme, 
as it denotes the effective growing season (Kistner et al., 2018a). FD vary 
across the selected basins, from about 110 days (Macoupin) to 149 days 
(Maple). This indicates that the northern sections of the ECBR represent 
the limit of corn and soybean growth in the region. Ice Days (ID; not 
shown), days where the maximum temperature remains below 0 ◦C 
varies widely as well, and this has a direct impact on winter hardiness 

and crop selection across the region. Ranges for Summer Days (annual 
number of days >25 ◦C; SU) and Tropical Nights (annual number of 
nights >20 ◦C; TR) are provided in Table S3 as well. 

For precipitation extremes (Figs. 3 and 4, and Table S2), total annual 
wet-day precipitation (PRCPTOT) climatology (1980–2018) ranges from 
860.6 mm (Maple) to 1 105.2 mm (Sugar). Months with abundant pre-
cipitation occur during the spring and summer, leading to optimal 
growing conditions across this region. However, precipitation is extreme 
at times, indicated by the maximum 1-day (RX1day) and consecutive 5- 

Fig. 3. DAYMET Precipitation Climatology (1980–2018) for selected extreme precipitation indices including a) annual total wet-day precipitation, b) maximum 1- 
day precipitation, c) very wet days, d) extremely wet days, e) number of wet days, and f) number of very heavy precipitation days. Units are indicated for 
each variable. 
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day (RX5day) indices. RX1day ranges from 42.9 mm (Lower Maumee) to 
56.5 mm (Macoupin), and RX5day ranges from 82.7 mm (Lower Mau-
mee) to 104.6 mm (Macoupin). These more extreme precipitation events 
pose a severe risk to fields such as flooding, soil erosion, and nutrient 
loss (Nearing et al., 2004; Pruski and Nearing, 2002). Annual wet days 
(R95p) and very wet days (R99p) often occur, with approximately 
18–21% and 5–7% of annual precipitation falling above the 95th and 
99th percentiles, respectively. 

The Simple Daily Precipitation Index (SDII; not shown) computes the 
ratio of PRCTOT to the number of wet days (defined by daily precipi-
tation >1 mm). The range across the ECBR is 8.5–11.2 mm, and this 
varies between seasons as well. Another set of variables defines the 
annual number of days where daily precipitation is greater than 1 mm, 
10 mm, and 20 mm (R1mm, R10mm, and R20mm, respectively). R1mm 
indicates the number of wet days and ranges from 91 to 104 days 
(25–28% of the year). R10mm occurs on 27–38 days (7–10%) of the 
year, while R20mm events take place on 8–14 days (2–4%) of the year. 
There are ~6 Consecutive Wet Days (CWD) throughout the region, with 
19–23 Consecutive Dry Days (CDD). It should be stressed that depending 
on when the climate extremes occur, hydrological impacts on agricul-
ture may be intense, from rainfall that impacts planting and harvesting 
to intense dry spells that can limit crops during specific phenological 
states (Huang et al., 2015; Troy et al., 2015). 

3.2. Historical trends during the 1980–2018 period 

3.2.1. Temperature trend analysis 
Research has documented changes in annual and seasonal temper-

atures, including maximum and minimum annual average temperatures, 
showing warming across all seasons with stronger annual minimum 
increases in summer across the Midwest (USGCRP, 2017). Here, we 
explore the trends in extremes. Fig. 5a shows the 39-year (1980–2018) 
trends in TXx and indicates that annual maximum temperatures have 
generally cooled (blue shading) across much of the ECBR on the order of 
0.3–0.9 ◦C per decade. This includes the Sugar, Macoupin, and Upper 
Fox watersheds. This has been partly attributed to increases in evapo-
transpiration (Mueller et al., 2016), though many other factors, 
including cloud types, soil moisture, and precipitation, are involved 
(Davy et al., 2017a; Eastman and Warren, 2013; Sun et al., 2000). 
Conversely, trends near and downwind of the Great Lakes, including 
those in the Maple and Lower Maumee watersheds, indicate that annual 
maximum temperatures have increased up to 0.9 ◦C per decade during 
the last four decades. This is likely due to increasing Great Lake tem-
peratures that no longer mitigate warming temperatures over sur-
rounding land areas as in decades past (USGCRP, 2018). 

Fig. 5b reflects more homogenous warming across the entire domain 
concerning annual minimum temperatures. Relative to selected basins, 

Fig. 4. Precipitation Extreme Boxplots showing the median (line inside box), first and third quartiles (bottom and top line of box respectively), and outliers (dots) 
for each precipitation extreme for each basin and ECBR. 

A.B. Wilson et al.                                                                                                                                                                                                                               



Weather and Climate Extremes 37 (2022) 100467

8

the Macoupin watershed reflects increases of up to 2.0 ◦C per decade; in 
other words, the coldest temperature of the year has warmed 5–6 ◦C 
during the period of study. Other basins demonstrate warming trends of 
~1.0 ◦C per decade except for the Maple, which shows slightly weaker 
positive trends. The continued warming pattern is similar to what (Pryor 
et al., 2013) found using NCDC Global Summary of the Day stations and 
CRUTEM3 data (Brohan et al., 2006). Warming temperatures at night 
have been strongly linked to increased evapotranspiration and greater 
sensitivity of nighttime temperatures to boundary layer depth (Davy 

et al., 2017b; Wang et al., 2016). 
Fig. 5c–d shows the TN10p and TN90p, respectively. Trends indicate 

a decrease of 1–4% in days per decade in the number of nights below the 
10th percentile and a similar, albeit less homogenous, increase in the 
number of nights above the 90th percentile. The weakest trends in the 
coldest temperatures (Fig. 5b–d) appear in the Upper Fox watershed, 
with strong trends in the other four basins. 

Fig. 5e shows that DTR has mostly decreased across the domain, 
primarily the effect of greater increases in daily minimums than 

Fig. 5. Decadal Temperature Extreme Trends (1980–2018) including a) hottest day, b) coldest night, c) cold nights, d) warm nights, e) diurnal temperature range, 
and f) frost days. Units are indicated for each variable. Stippled areas indicate where trends are significant at the 95% confidence level using a Mann-Kendall test. 

A.B. Wilson et al.                                                                                                                                                                                                                               



Weather and Climate Extremes 37 (2022) 100467

9

maximums. These results are consistent with the findings obtained by 
(Qu et al., 2014), who found a negative pattern for the entire northeast 
region of the U.S. for 1911–2012. This is consistent with other variables 
like frequency of Tropical Nights (number of nights greater than 20 ◦C), 
which have increased 1–3 days per decade across the domain, and 
coldest days (TXn) that have warmed 1.0–2.0 ◦C per decade (Fig. S2a). 
Again, these changes point to increased atmospheric humidity, as water 
vapor radiates heat near the surface at night while limiting daytime 

heating under certain conditions. All these changes in extreme temper-
atures work to lengthen the growing season by about 3–8 days per 
decade over a vast expanse of the ECBR [FD (Fig. 5f),]. Additional 
decadal spatial trends for TXn, TNx, TX10p, TX90p, ID, SU, and TR are 
provided in Fig. S2. 

3.2.2. Precipitation trend analysis 
Fig. 6a shows that most of the region reflects an increase in total wet- 

Fig. 6. Decadal Precipitation Extreme Trends (1980–2018) including a) annual total wet-day precipitation, b) maximum 1-day precipitation, c) very wet days, d) 
extremely wet days, e) number of wet days, and f) number of very heavy precipitation days. Units are indicated for each variable. Stippled areas indicate where trends 
are significant at the 95% confidence level using a Mann-Kendall test. 
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Fig. 7. Model Temperature Extreme Heat Map showing the statistical performance for annual extreme temperature indices for 32 LOCA models and ensemble- 
mean (33) from 1980 to 2005 over five hydrological basins and study region (E) (Fig. 1). a) Kling-Gupta Efficiency (KGE); b) Bias Ratio (BR); c) Correlation co-
efficients (CORR; white stars indicate significant correlations at the 95% confidence level); and d) Relative Variability (RV). 
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Fig. 8. Model Precipitation Extreme Heat Map showing the statistical performance for annual extreme precipitation indices for 32 LOCA models and ensemble- 
mean (33) from 1980 to 2005 over five hydrological basins and study region (E) (Fig. 1). a) Kling-Gupta Efficiency (KGE); b) Bias Ratio (BR); c) Correlation co-
efficients (CORR; white stars indicate significant correlations at the 95% confidence level); and d) Relative Variability (RV). 
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day precipitation (PRCPTOT), 40–80 mm per decade for much of 
southern Michigan, Ohio, Indiana, southern Illinois, and northern Ken-
tucky. Exceptionally positive trends are located over southern Indiana 
and northwest Kentucky, increasing more than 100 mm per decade since 
1980. Our findings are consistent with (Thibeault and Seth, 2014), who 
show an increase in PRCPTOT over 1951–2010 for the neighboring 
northeastern U.S. and Canada. Likewise, the annual maximum 1-day 
precipitation trends (Fig. 5b) and consecutive 5-day trends (Fig. S3) 
display strong positive trends (4–10 mm per decade) over southern Il-
linois, much of Indiana, northwest Ohio, and southern Wisconsin, 
including the Macoupin, Upper Fox, and Sugar watersheds. 

Trends toward heavier rainfall events are also reflected in the annual 
total precipitation from days when daily rainfall (RR) is greater than the 
95th and 99th percentiles (Fig. 6c–d). In many of these same areas, the 
numbers of annual wet days (R1mm) have increased by 2–6 days per 
decade (Fig. 6e). Trends for the number of days when RR exceeds 20 mm 
(R20mm; Fig. 6f) are spatially similar and are likely contributing to the 
increase in PRCPTOT that features an additional 1.2–1.8 days per 
decade in all basins except the Maple. Only central Illinois, southern 
Michigan, and isolated areas in Ohio show negative trends in R20mm. 

Individual basins reflect mixed signals, but it is important to point 
out that a gridded product like DAYMET and the heterogenous nature of 
precipitation creates greater uncertainty. However, station-based in-
vestigations across the domain support the spatial trends illustrated in 
Fig. 6. Thus, not only has the ECBR generally moved toward a wetter 
regime over the last four decades, but an increasing amount of this 
precipitation is falling as intense events with cascading risks and impacts 
on agriculture. Though strong trends in CWDs and CDDs have been 
noted in other regions (Duan et al., 2017; Trepanier et al., 2015; Zhu and 
Troy, 2018), our results reflect small positive trends (less that 1-day 
increase over 38 years) in CWD and mixed signals for CDD across the 
ECBR. Of note, regions of central Illinois and northern Wisconsin show 
negative CDD trends. Fig. S3 provides the spatial trends for RX5day, 
SDII, R10mm, CWD, and CDD over the ECBR. 

3.3. Downscaled model performance (1980–2005) 

3.3.1. Temperature extremes 
To assess how well the LOCA models capture the historical record, 

Fig. 7 reveals a wide variety of model performances for temperature 

Fig. 9. Bhattacharyya Coefficients Heat Map for temperature (a) and precipitation (b) indices modeled PDFs compared to the baseline period (1980–2005). Values 
close to 1 indicate identical histograms between models and observations. 
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variables over the period. Statistical values (KGE, BR, CORR, and RV) 
are represented in a heat map showing each model (y-axis; 1–32) and 
ensemble mean using all models from the LOCA dataset (33) and each 
watershed (x-axis; columns 1–5) and ECBR (column 6). 

Overall, KGE values for temperature extremes are low (<0.5) despite 
better performances by a few models. The greatest values of KGE are 
noted in the variables describing the percentage of maximum, and 
minimum temperatures above/below noted thresholds (e.g., TX10p, 
TX90p, TN10p, and TN90p). These represent warm/cold days and nights 
and are closer in agreement with DAYMET than other variables. 

Models vary widely for each variable as well. For instance, KGE 
values for TXx range from − 2.6 in the Lower Maumee (model 1 - 
ACCESS1-0 and 33 - ensemble mean) to values > 0.5 (models 4 and 16 - 
BCC-CSM1-1-M and GFDL-ESM2G). A smaller number of models 
perform better across most basins and ECBR (models 2, 4, and 6 - 
ACCESS1-3, BCC-CSM1-1-M, and GFDL-ESM2G). Given the variety of 
model configurations, one may draw the conclusion that higher model 
resolution leads to improved performance. For instance, models 3 and 4 
(BCC-CSM1-1 and BCC-CSM1-1-M) are similar models with the same 
number of vertical levels, but model 4 has a higher horizontal resolution. 
For TXx, model 4 performs better than model 3 with greater KGE values. 

However, this relationship does not hold for TXn (coldest days) where 
model 3 KGE values are greater than model 4. 

A closer investigation of the variables that constitute KGE in Eq. (1) 
reveals clues to the models’ overall performances. The bias ratios are 
close to 1.0 for most of the variables (dark colors in Fig. 7b), and the 
models show values that are greater than DAYMET (>1.0). Correlations 
(Fig. 7c) for most variables are not statistically significant; though, 
TN10p and TN90p reflect stronger and more significant correlations. It 
should also be noted here that models are probabilistic predictions of 
climate, not deterministic variability forecasts. Therefore, correlation 
alone is not an acceptable measure. KGE assesses RV as well, and among 
the models, this varies widely (Fig. 7d). Models generally agree well 
with DAYMET for diurnal temperature range (DTR) and thresholds of 
warm/cold days and nights (TX10p/90p, TN10p/90p) and less so for 
warmest/coldest days and nights (TXx/n, TNx/n). The ensemble mean 
shows weak agreement (RV < 0.4) within each basin, as some models do 
well, while others lack skill in predicting the variability of each variable. 

3.3.2. Precipitation extremes 
Fig. 8 is the same as Fig. 7 but for extreme precipitation variables. 

Overall model performances for all precipitation variables are weaker 

Fig. 10. Comprehensive Model Ranking based on the KGE and Bhattacharyya Coefficients vales for LOCA models and ensemble mean. The y-axis is the sum of 
model ranking of all a) temperature and b) precipitation extreme indices. The top three models for temperature and precipitation are bounded by the red box. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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than temperature extremes. Model ensemble scores are lower than some 
individual model performances, generally less than − 0.1. The lowest 
KGE scores are noted for CWD with many basins and models depicting 
KGE values less than − 0.8. This spatial heterogeneity in simulated 
precipitation has been documented across other regions of the globe, 
where model uncertainty exceeds that of internal variability leading to 
lower skill compared to temperature projections (Aloysius et al., 2016; 
Tabari et al., 2019). 

Fig. 8b reveals strong model performance in BRs for PCRPTOT, 
maximum 5-day precipitation (RX5day), and the number of days above 
the 95th and 99th percentiles (R95p, R99p). BRs are not in good 
agreement for simple daily intensity index (SDII), the number of very 
heavy precipitation days greater than 20 mm (R20mm), and CWD. 
Correlations (Fig. 8c) are again generally weak and not statistically 
significant, with even less agreement between models and DAYMET for 
RV (Fig. 8d). For both statistics, the ensemble mean values are lower 
than individual models. 

Thus, Figs. 7 and 8 reveal highly variable results depending on the 
model, selected temperature/precipitation variable, and area analyzed. 
LOCA models and their downscaling methods attempt to preserve 
extreme events (Neri et al., 2020; Pierce et al., 2014, 2015; Pierce and 
Cayan, 2016) and have been utilized by natural resource managers, 
urban planners, and others whose planning and decision making ne-
cessitates climate change information at local levels. While results 
demonstrate that means from each model compare well with gridded 
observations (Figs. 7b and 8b), information on the variability of these 
climate extremes (Fig. 7c–d and 8c-d) is vitally important for hydrologic 
studies in the face of flooded farm fields, erosion, and water quality. This 
suggests that great care must be taken when using this data for 
decision-making, as results vary greatly based on geographical location 
and variables of interest. 

Fig. 11. TXx Future Scenarios. Mean future changes in hottest day (TXx) over ECBR for 2036–2065 (Mid) and 2070–2099 (Late) relative to the 1976–2005 period 
under RCP4.5 and RCP8.5 scenarios. ACCESS1-3 (M2; a-d), BCC-CSM1-1-M (M4; e-h), GFDL-ESM2G (M16; i-l), and optimal model ensemble (OME; m-p). The 
stippled regions indicate where the change in the mean (◦C) of given index reaches statistical significance at the 90% level determined by Student’s t-test. 
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3.4. Bhattacharyya analysis 

Fig. 9 shows the results of the Bhattacharyya coefficients for tem-
perature and precipitation, which is the degree that the probability 
distribution functions (PDFs) between the models and DAYMET agree. 
For temperature (Fig. 9a), most model PDFs are like observations but 
vary in degree of similarity. The models generally capture TXn, TNn, and 
the percentiles of thresholds well, denoted by the darker colors in the 
heat map. A few models (e.g., models 18 & 19 – GISS suite) do not 
resemble well the observed TNx. For precipitation (Fig. 9b), models do 
not resemble SDII or R1mm well, and the model ensemble struggles to 
represent the distribution of RX1day. Again, the modeled percentiles 
over threshold variables (R95p and R99p) are similarly distributed 
compared to observations. The Bhattacharyya analysis is an additional 
parameter when constructing the optimal model ensemble in the 
following section. 

3.5. Future changes 

3.5.1. Comprehensive ranking 
Fig. 10 shows the cumulative rank score (KGE + Bhattcharyya) for all 

temperature and precipitation variables, respectively. Each color rep-
resents a different variable, and the length of the column denotes the 
degree of performance (shorter columns mean lower cumulative rank 
and, therefore, better model performance). Based on this analysis, the 
top three model performances for temperature indices are ACCESS1-3, 
BCC-CSM1-1-M, and GFDL-ESM2G (Fig. 10a). The top three model 
performances for precipitation indices are IPSL-CM5A-MR, CanESM2, 
and CMCC-CM (Fig. 10b). It is important to note that the model per-
formance of individual variables varies and denoting one of the top three 
models does not necessarily guarantee the model is one of the top three 
performers for all variables. Indeed, if one combines the temperature 
and precipitation scores, MIROC5 (ranked 8th best for temperature and 
6th best for precipitation) scores higher than all other models. 

However, the strength of this approach is clear when comparing the 
top model cumulative ranks to the ensemble mean. Fig. 10 shows that 
the ensemble mean ranks last for both temperature and precipitation. 

Again, the does not demonstrate that the ensemble mean compares 
poorly for every variable (Figs. 7–9) but overall, its cumulative rank for 
all variables does not compare well to a smaller suite of models. Instead 
of using an ensemble mean approach to evaluate projections across the 
ECBR, we generate the future projection patterns of the individual top 
three models and for the optimal model ensembles (OMEs) of temper-
ature (Fig. 11 and S4-S15) and precipitation (Figs. 12–13 and S16-S24) 
extremes for the remaining analysis. 

3.5.2. Future extreme temperature changes 
Fig. 11 shows the mean change in TXx under two future scenarios 

(RCP 4.5 and RCP 8.5) for each individual model and OME relative to 
their corresponding modeled 1976–2005 baselines. All models and the 
OME demonstrate strong and significant increases in the hottest annual 
temperature for both scenarios and periods (mid- and late century). 
However, there is still considerable spread under the various ‘optimal’ 
models. For instance, under RCP4.5 for mid-21st (2036–2065) century 
(Fig. 11 a, e, i, m), increases in TXx across the region span 1–5 ◦C. 
Overall, the regional OME average shows a future change of 2.5 ◦C 
(Table 3). Regionally averaged changes across the OME ECBR are even 
greater for mid-century under the RCP8.5 (3.4 ◦C), late-century 
(2070–2099) RCP4.5 (3.2 ◦C), and late-century RCP8.5 (5.8 ◦C) sce-
narios. Differences compared to the baseline for late-century simula-
tions, particularly under the RCP8.5 scenario, are nearly double that of 
the RCP4.5. Table 3 also shows the differences for each basin of interest, 
with late century changes of 5.7–6.5 ◦C under the RP8.5 scenario. 

Despite using the robust models based on their performance over 
contemporary gridded observations, significant differences exist among 
the basin projections as well. For example, models 2 and 16 (ACCESS1-3 
and GFDL-ESM2G) show increases of 2–4 ◦C in the Macoupin and Sugar 
basins under mid-century RCP4.5 (Fig. 11a, j) while model 4 (BCC- 
CSM1-1-M) reflects greater changes of 4–6 ◦C (Fig. 11e). In addition, 
Table 3 shows significant decreases in cold nights (TNn; ~5–10% 
decrease) and increases in warm days (TN90p; ~10–30%), indicating 
strong model agreement in changes to overnight lows and minimum 
extremes under RCP4.5 and RCP8.5 scenarios over ECBR region. These 
are consistent with a unanimous decrease in FD in all basins and for the 

Table 3 
Optimal model ensemble mean changes in each basin and ECBR for selected temperature extreme indices for 2036–2065 (M) and 2070–2099 (L) relative to the 
1976–2005 period under RCP4.5 and RCP8.5 scenarios. The full model spread is noted in parentheses for the ECBR. Bold values indicate where the change in the mean 
(%) of given index reaches statistical significance at the 95% level determined by Student’s t-test. Basin IDs: 1-Lower Maumee (OH), 2-Macoupin, 3-Upper Fox (WI-IL), 
4-Sugar (IN), and 5-Maple (MI).  

Basin ID 1 2 3 4 5 ECBR 

Index Scenario 

TXx (◦C) RCP4.5M 2.7 3.1 2.4 3.1 2.4 2.5 [0.7, 5.4] 
RCP8.5M 3.6 3.8 3.5 3.6 3.6 3.4 [1.6, 6.6] 
RCP4.5L 3.3 3.7 3.3 3.3 3.6 3.2 [1.5, 6.5] 
RCP8.5L 5.9 6.5 5.7 6.1 5.9 5.8 [2.9, 10.3] 

TNn (◦C) RCP4.5M 4.8 4.0 4.3 4.3 4.2 4.2 [1.5, 8.2] 
RCP8.5M 5.7 4.7 5.4 5.0 5.1 5.1 [2.5, 9.6] 
RCP4.5L 5.3 4.3 5.0 4.5 4.6 4.7 [2.2, 10.3] 
RCP8.5L 9.3 8.4 9.4 8.5 9.1 8.8 [6.2, 13.1] 

DTR (◦C) RCP4.5M 0.2 0.3 0.1 0.3 0.0 0.2 [− 0.6, 0.6] 
RCP8.5M 0.2 0.3 0.1 0.2 0.1 0.1 [− 0.7, 0.7] 
RCP4.5L 0.3 0.3 0.1 0.3 0.1 0.2 [− 0.6, 0.8] 
RCP8.5L 0.4 0.5 0.2 0.5 0.1 0.2 [− 0.9, 0.9] 

TN10p (% of days) RCP4.5M ¡5.9 ¡5.7 ¡5.9 ¡5.6 ¡6.2 ¡5.7 [− 8.8, − 3.8] 
RCP8.5M ¡7.2 ¡6.8 ¡7.2 ¡6.9 ¡7.5 ¡7.0 [− 9.3, − 5.4] 
RCP4.5L ¡7.2 ¡6.8 ¡7.2 ¡7.0 ¡7.3 ¡6.9 [− 9.4, − 4.4] 
RCP8.5L ¡9.4 ¡8.9 ¡9.4 ¡9.1 ¡9.6 ¡9.2 [− 10.3, − 8.0] 

TN90p (% of days) RCP4.5M 9.3 11.9 8.6 9.7 8.4 9.5 [5.4, 23.1] 
RCP8.5M 14.4 16.8 13.5 14.6 12.9 14.6 [8.6, 28.3] 
RCP4.5L 12.7 14.7 12.2 12.6 11.7 13.1 [6.6, 30.0] 
RCP8.5L 26.9 29.2 26.3 27.0 26.0 28.0 [16.7, 53.5] 

FD (days) RCP4.5M ¡15.5 ¡15.0 ¡15.6 ¡15.8 ¡15.9 ¡14.8 [− 41.4, − 9.1] 
RCP8.5M ¡21.8 ¡20.2 ¡20.8 ¡21.7 ¡21.7 ¡20.7 [− 46.3, − 10.0] 
RCP4.5L ¡22.5 ¡19.6 ¡23.0 ¡21.3 ¡23.2 ¡21.0 [− 46.9, − 9.5] 
RCP8.5L ¡41.7 ¡37.2 ¡43.9 ¡40.0 ¡43.5 ¡39.3 [− 78.3, − 24.8]  
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ECBR as well, suggesting an average increase in frost-free season length 
of 14.8–39.3 days for ECBR depending on the scenario. Similar changes 
are found over the basins, and the ECBR region for the other extreme 
climate variables (TXn, TNn, TNx, DTR, TN10p, TN90p, TX10p, TX90p, 
FD, ID, SU, and TR) found in Figs. S4–S15. 

3.5.3. Future extreme precipitation changes 
Fig. 12 shows future projections of PRCPTOT with similarities and 

differences among the models and OME. Under the RCP4.5 mid-century 
scenario (Fig. 12a, e, i, m), PRCPTOT generally increases across the 
ECBR, with an OME average increase of 5.5% (Table 4). This increase in 
PRCPTOT is not ubiquitous across the optimal models, and there is an 
indication that the southern extent of the domain may experience a 
decrease in PRCPTOT, or at the very least, a smaller increase than 
indicated by the other two models. Larger discrepancies occur for the 
RCP8.5 scenario for both mid- and late-century periods. Model 25 (IPSL- 

CM5A-MR) demonstrates a nearly domain-wide reversal in the sign of 
the change, with decreases in PRCPTOT on the order of 8–20% from 
central Michigan, south through Indiana, and southwest through Mis-
souri. This is offset by M9 (CMCC-CM), with a resultant increase in 
precipitation shown by the OME. 

Combined with other indices such as R1mm (indicating the number 
of wet days), these differences in PRCPTOT may have significant impacts 
on other climate extremes such as RX1day, R95p, and R99p (Table 4). A 
decrease in the number of wet days (R1mm) but an increase in PRCPTOT 
suggests heavier precipitation events. There are indications of increasing 
CDD by almost 30% under late century scenarios (Fig. S24). Fig. 13 
shows projections for R99p under the two future scenarios using the 
optimal models and OME. Broadly speaking, the models and OME 
demonstrate strong consensus throughout the region, with a general 
increase in these heaviest precipitation events. The ECBR average in-
crease in R99p for the mid-century RCP4.5 (RCP8.5) scenario compared 

Fig. 12. PRCPTOT Future Scenarios. Mean future changes in annual total wet-day precipitation (PRCPTOT) over ECBR for 2036–2065 (Mid) and 2070–2099 (Late) 
relative to the 1976–2005 period under RCP4.5 and RCP8.5 scenarios. CanESM2 (M5; a-d), CMCC-CM (M9; e-h), IPSL-CM5A-MR (M25; i-l), and optimal model 
ensemble (OME; m-p). The stippled regions indicate where the change in the mean (%) of given index reaches statistical significance at the 90% level determined by 
Student’s t-test. 
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to the baseline is 49.8% (65.0%) (Table 4). This represents an approx-
imate increase of 24–32 mm per year occurring in the top 1% of events. 

Some consistency among the models includes a general increase in 
the percentage change in the late century compared to mid-century. The 
models indicate localized areas of decreased (non-significant) R99p 
across the western and southern stretches of the domain (e.g., 
Fig. 13a–c, i-j), but these are not spatially consistent among the models 
and raises the question of local applicability of model projections. There 
is still considerable spread among the models for specific basins as well. 
For instance, the OME average increase in the Sugar basin under RCP4.5 
in mid-century is an increase of 36.1% (Table 4), but model values span 
from nearly no change to greater than 70% (Fig. 13a, e, i). 

While the total precipitation and number of wet days exhibit 
considerable uncertainty, models show more robust results for other 
extreme precipitation indices (e.g., RX1day and R95p). Nearly all basin 
and ECBR changes compared to the baseline are statistically significant, 
with ECBR increases in RX1day for mid-century (late-century) of 
7.9–16.8% (11.4–22.0%) and R95p of 14.4–33.3% (27.9–42.0%) 
(Table 4). Figs. S16–S24 display the future spatial changes of the rest of 
precipitation extremes. 

4. Discussion 

Results presented in this paper clearly demonstrate strong and 
disruptive climate extremes are projected over the next 30–80 years 
across the ECBR. Understanding how these climate extremes impact 
agriculture is vital to planning adaptive strategies that improve food 
production, environmental vitality, and economic sustainability under 
current and future climate change (Wang et al., 2017). Indeed, extremes 
in precipitation and temperatures related to hazards such as heat waves, 
floods, and droughts, have often affected human life by inducing 
changes in the production of crops and water availability. These effects 
can result in food insecurity (Lesk et al., 2016; Lobell et al., 2014). For 
example, inter-annual climate variability explains around 42% of maize 
yield over the Corn Belt region (Ray et al., 2015). Understanding vari-
ability is the first step in understanding the relationships between 
climate change effects, farmer mediation, and agricultural system 

adaptations (Morton et al., 2015; Prokopy et al., 2019). 
Our results have strong implications on important climate indicators 

for agriculture, detailed in a recent USDA report (Walsh et al., 2020). For 
example, anticipated changes in the extreme precipitation across the 
ECBR described above drive increasing threats of erosion, soil loss, and 
nutrient loss from fields to waterways such as the Maumee River Basin, 
exacerbating issues with harmful algal blooms as well (Williamson et al., 
2021). Combined with overall increases in precipitation, delays in 
planting and harvesting (i.e., suitable fieldwork days) have been noted 
from Ohio to Iowa. Whether the combination of a lengthening growing 
season can help offset the limitations of wetter conditions on field 
workability in the future remains to be seen (Tomasek et al., 2017). In 
addition, our OME results show significantly warmer nighttime tem-
peratures (TN90p) with increases on order of 9–16% by mid-century and 
upwards of 30% by the end of the century. These warm nights impact 
agricultural production, from grain fill to potential yields (Hatfield et al., 
2011), yet some suggest that the same models can underestimate the 
potential effects of extreme heat on maize yields (Lafferty et al., 2021). 
Some basins have already demonstrated extreme warming trends in the 
coldest temperature of the year (e.g., +5 ◦C over the period of record in 
Macoupin Basin, western Illinois). These temperature changes threaten 
not only the production of crops and rapidly advancing phenological 
development throughout this region (Burchfield, 2022; Hatfield and 
Dold, 2018), but also increase the incidences of overwintering diseases 
and pests (Bale and Hayward, 2010; Diffenbaugh and Field, 2013; 
Tougeron et al., 2020). None of this directly addresses the compound 
extremes and cascading impacts that multiple events can have on agri-
culture as well (Zscheisecheler et al., 2020). 

On the discussion of methods, obtaining robust data on fine enough 
scales to be meaningfully applicable for practitioners at local scales (e.g., 
farmers at field level) remains a challenge. Certainly, various past and 
future techniques of downscaling data to preserve extremes have been 
developed with this concept in mind and utilized in this study. Another 
area of model evaluation is demonstrated through emergent constraint 
(Eyring et al., 2019). This technique leverages relationships between 
two variables in the models, using observations of one variable to 
improve the prediction of the second in the model (in essence containing 

Table 4 
Optimal model ensemble mean changes in each basin and ECBR for selected precipitation extreme indices for 2036–2065 (M) and 2070–2099 (L) relative to the 
1976–2005 period under RCP4.5 and RCP8.5 scenarios. The full model spread is noted in parentheses for the ECBR. Bold values indicate where the change in the mean 
(%) of given index reaches statistical significance at the 95% level determined by Student’s t-test. Basin IDs: 1-Lower Maumee (OH), 2-Macoupin, 3-Upper Fox (WI-IL), 
4-Sugar (IN), and 5-Maple (MI).  

Basin ID 1 2 3 4 5 ECBR 

Index Scenario 

PRCPTOT (%) RCP4.5M 8.6 1.7 6.4 4.3 7.8 5.5 [− 2.9, 16.9] 
RCP8.5M 6.0 3.6 6.1 5.1 7.2 5.1 [− 5.4, 19.0] 
RCP4.5L 7.5 3.1 6.0 4.1 8.1 6.0 [− 5.2, 20.4] 
RCP8.5L 11.7 2.1 6.0 6.1 11.4 6.7 [− 6.0, 21.7] 

RX1day (%) RCP4.5M 7.9 10.2 14.6 8.0 16.8 11.9 [2.6, 16.2] 
RCP8.5M 11.4 17.4 12.9 14.9 22.0 14.8 [1.5, 25.2] 
RCP4.5L 16.6 8.2 8.9 9.7 18.4 13.4 [2.4, 20.8] 
RCP8.5L 27.7 24.2 19.8 29.9 34.3 25.8 [6.6, 40.3] 

R95p (%) RCP4.5M 33.3 14.4 25.4 19.7 36.6 26.1 [2.9, 41.4] 
RCP8.5M 30.4 29.3 33.2 27.9 42.0 32.2 [1.5, 63.5] 
RCP4.5L 40.4 21.7 26.9 22.4 36.4 31.1 [2.6, 52.0] 
RCP8.5L 73.1 40.9 47.9 52.2 75.0 53.7 [16.9, 104.9] 

R99p (%) RCP4.5M 51.0 31.3 60.0 36.1 63.3 49.8 [9.2, 73.2] 
RCP8.5M 58.1 77.2 64.0 61.0 90.9 65.0 [9.6, 117.3] 
RCP4.5L 80.1 45.4 42.5 48.2 68.2 60.0 [10.4, 96.5] 
RCP8.5L 148.5 104.9 106.7 133.3 154.9 118.9 [27.7, 211.5] 

R1mm (%) RCP4.5M − 0.2 − 2.8 ¡1.7 − 0.9 − 1.3 − 1.6 [− 6.8, 6.0] 
RCP8.5M − 1.5 ¡4.6 ¡3.2 − 2.1 − 2.3 ¡3.1 [− 11.4, 6.0] 
RCP4.5L − 2.3 − 2.3 − 1.3 − 1.1 − 1.4 − 2.1 [− 8.9, 5.6] 
RCP8.5L ¡6.3 ¡10.3 ¡7.7 ¡7.4 ¡6.3 ¡7.1 [− 20.6, 5.6] 

R20mm (%) RCP4.5M 32.8 9.1 18.4 16.5 35.7 20.6 [1.0, 31.9] 
RCP8.5M 29.5 16.8 26.2 21.0 39.9 24.5 [− 0.1, 53.5] 
RCP4.5L 38.3 12.3 23.5 16.9 35.1 24.2 [1.0, 45.2] 
RCP8.5L 67.0 20.3 35.1 34.3 70.4 38.6 [12.6, 82.5]  
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the second model through its relationship with the first). Additional 
dynamical downscaling and bias-correction techniques are available as 
well (e.g., CORDEX) (Gutowski et al., 2016; Maraun et al., 2017). 
Though less sophisticated than these other techniques, this study’s 
optimal model ensemble blend method builds reliable estimates of 
future climate and information useable for farmers across the ECBR. 

5. Concluding remarks 

This investigation sought to understand the impacts and un-
certainties that influence farmer adaptations to climate change across 
the Eastern Corn Belt Region (ECBR), particularly climate extremes and 
future projections, as depicted by downscaled Locally Constructed An-
alogs (LOCA) Coupled Model Intercomparison Project (CMIP5) models. 
Analysis of the observed historical trends (1980–2018) using a gridded 
observation product (DAYMET) reveals key threats to agriculture 
throughout the region that are consistent with previous studies (Bartels 

et al., 2020; Easterling et al. n.d.; Hatfield et al., 2014b; Pryor et al., 
2013; Walthall et al., 2012). Though the hottest temperatures (TXx) 
have generally cooled across the region, increases in TXx near the Great 
Lakes of up to 0.9 ◦C per decade during the last four decades have dis-
rupted specialty crop operations in this region (Kistner et al., 2018b). 
There are stronger, more significant trends in the temperature mini-
mums, including fewer cold nights (2–4% per decade), more warm 
nights (2–4% per decade), and decreasing diurnal temperature ranges 
(0.4–0.8 days per decade). 

Alongside temperature changes, the ECBR has experienced an in-
crease in total precipitation and heaviest precipitation events (20–80 
mm; particularly from southern Illinois into Indiana and western Ohio), 
with mixed trends in consecutive wet and dry days. These changes have 
brought about an increased frequency of flooding, drainage obstacles, 
and degraded water quality throughout the ECBR (Angel et al., 2018b; 
Demaria et al., 2016; Morton et al., 2015; Tong et al., 2007), under-
scoring how agriculture and water resources throughout the region are 

Fig. 13. R99p Future Scenarios. Mean future changes in extremely wet days (R99p) over ECBR for 2036–2065 (Mid) and 2070–2099 (Late) relative to the 
1976–2005 period under RCP4.5 and RCP8.5 scenarios. CanESM2 (M5; a-d), CMCC-CM (M9; e-h), IPSL-CM5A-MR (M25; i-l), and optimal model ensemble (OME; m- 
p). The stippled regions indicate where the change in the mean (%) of given index reaches statistical significance at the 90% level determined by Student’s t-test. 
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intimately connected. Though recent evidence shows a much wetter 
regime across the Midwest in recent decades and an overall lack of 
prolonged droughts in the region (Hoell et al., 2021), our results 
demonstrate a decrease in the number of wet days and increases in 
consecutive dry days throughout the rest of this century. Whether this 
portends more frequent or severe drought in the future is still uncertain 
(Byun and Hamlet, 2018; Touma et al., 2015). 

Using a Kling-Gupta Efficiency (KGE) framework (analyzing bias, 
correlation, and variability), the LOCA CMIP5 models demonstrate 
mixed results in their ability to reproduce observed trends. Though bias 
ratios are good, models suffer concerning correlations and relative 
variability. Indeed, the KGE approach is a stringent metric, and others 
have suggested different approaches that do not penalize the models for 
the timing of climate extremes (Wang et al., 2009). An optimal model 
ensemble (OME) process was implemented based on model perfor-
mance. This differs from the standard multi-model ensemble (MME) 
approach typically adopted. Using a comprehensive ranking procedure 
reveals that the MME is not the best characterization of the ECBR based 
on the analysis of climate extremes over the observed period. Instead, it 
was determined that an OME size of three models best captures climate 
extremes using the KGE metric. 

The optimum models and OME were evaluated for their coherence in 
future projections under RCP4.5 and RCP8.5 scenarios for mid- and late- 
20th century periods. These models generally show consistently strong 
warming, but the degree of variability among the models is quite sig-
nificant for some variables, including TXx and diurnal temperature 
range (DTR). This uncertainty can influence the types of decisions made, 
both regionally (ECBR) and locally (within individual watersheds), 
about building climate-change resilience measures (e.g., irrigation, 
tiling, controlled drainage structure) or deciding the types of crops and 
hybrids to produce. This is even more important over finer scales, as 
projections of some climate extremes vary significantly among indi-
vidual basins throughout the ECBR. In general, projections for precipi-
tation diverge more than temperature, especially for annual total 
precipitation (PRCPTOT) and the number of wet days (R1mm). Future 
increases in heavy precipitation events, however, show strong model 
consensus for both periods and scenarios and are consistent with sta-
tistically based projected changes in the frequency of spring and winter 
flood events and likely changes in future streamflow under this altered 
hydrologic reality (Byun et al., 2019; Neri et al., 2020). 

Broadly speaking, this study raises the issue that despite robust op-
timum model selection, constraining the uncertainty in future climate 
models concerning climate extremes within local watershed basins re-
mains a difficult challenge. A robust climate-resilience approach, 
including effective adaptation and mitigation measures in response to 
changes in climate extremes, depends on an improved understanding of 
how conditions have and are likely to change in the future at these 
regional to local scales. Local decision-makers need local data. There-
fore, robust model projections on increasingly finer scales (regions – 
watersheds - farms) are desired. 

Future studies should continue to ascertain the most robust approach 
to constructing optimal model ensembles (e.g., parsimonious models 
based on predictive power, weighted ensembles, variable-specific 
analysis) because the uncertainty is large, and many resources are 
available. Likewise, this analysis looked at the annual scale of extremes. 
Future work will focus on extremes during all seasons and explore ways 
that models can combine climate information with other sources of 
environmental data that are pertinent to watersheds (Yuan et al., 2020). 
It should also be stressed that while we follow the scenarios adopted for 
IPCC in AR5 for deterministic future climate change, we must remember 
that representation of climate extremes in models is an evolving process, 
and there are likely future changes in climate extremes that we are not 
yet able to detect (Fischer and Knutti, 2016). 
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