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Introduction: US Midwest precipitation
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• Midwest is a primary corn production 
area in the US

Ray et al. (2015) Nature Communications

Climate factors impacting corn production

• Corn production in the US Midwest is significantly 
impacted by the amount of rainfall. 

Midwest



Heavy rainfall: important to Midwest summer rain
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a) Light rainfall (R2=-0.21)
Moderate rainfall (R2=0.29)
Heavy rainfall (R2 = 0.81)
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c) 𝑟 = 0.95

𝑟 = 0.38

Statistical inference based on a 3-cluster Bayesian Gaussian mixture model (Li et al. 2013; 2016)

Statistical Model: 
• Objectively categorize daily 

rainfall to light, moderate, and 
heavy clusters based on 
probability density function 

• Code available at: 
https://zenodo.org/record/538
9218#.YTEWgtNKjVo.

Results:
• Heavy rainfall cluster 

contributes the most to 
Midwest summer rainfall 
variability

• Frequency > Intensity

Li et al. (2021) GRL, Under Revision*Midwest: 
106ºW-90ºW; 36ºN-49ºN
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Uncertain SSTA-heavy rainfall relationship

3Li et al. 2018 Clim. Dyn.

1993 JJA

2008 JJA

2015 JJA



Moisture sources for US Midwest heavy rain
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Precipitation rate (mm/day) Moisture contribution (mm/day)

Precipitation Moisture sources



Oceanic moisture export leaves an imprint on salinity
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Sea Surface Salinity (PSU) Moisture export (E-P) 

Sea surface salinity as “Nature’s rain gauge”



New opportunities for rainfall prediction 
from ocean salinity
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Li et al. Sci. Adv. 2016; 2: e1501588

MAM Salinity anomaly JJAS precipitation



Global search for Midwest rainfall predictors
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SSTA and SSSA time series

Nino 
3.4

GOM 
SSTA

NAtl
SSSA

NPac
SSSA

Nino 
3.4 -0.08 0.09 0.60

GOM 
SSTA -0.08 0.32 -0.08

NAtl
SSSA 0.09 0.32 -0.13

NPac
SSSA 0.60 -0.08 -0.13

Cross correlation between 
SSTA and SSSA indices

SSTA- & SSSA-based predictors

8Li et al. (2021) GRL, Under Revision
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c) Nino3.4 >1.0 & GOM SSTA<-1.0
Nino3.4<-1.0 & GOM SSTA>1.0
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f) Pac. Dipole>1.0 & NAtl SSSA>1.0
Pac. Dipole<-1.0 &NAtl SSSA<-1.0

Heavy rainfall frequency vs. predictors
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Probability density function of Midwest heavy rainfall frequency

Resampled based on 
predictor indices using the 
Bayesian Gaussian mixture 
model (Li et al. 2013; 2016):
• Pre-season SSTA à

moderate skill
• Pre-season SSSA à

doubles the skill from SSTA-
based predictors

* N. Pac SSSA dipole highly 
correlated with ENSO, but is 
more skillful than ENSO in 
rainfall prediction

Li et al. (2021) GRL, 
Under Revision
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Salinity-Midwest heavy rainfall relationship
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L HH

Atmo. circulation during Midwest heavy rain

North Atlantic salinity (Li et al. 2018):
• long memory of soil moisture
• Dynamic and thermodynamic impacts on 

moisture flux 
North Pacific salinity dipole (Li et al. 2021):
• Tropical-extratropical teleconnection
• Long-persistence of extratropical SSTA
• Wave-train pattern

Li et al. (2021) GRL, Under Revision
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a) All predictors
R2 = 0.46

R2 = 0.14

R2 = 0.26

• Construct logistic regression model
𝑦 =

1
1 + 𝑒𝑥𝑝 −𝜃1𝑥

y: heavy rainfall frequency
x: predictors: Nino3.4; GOM SSTA, NAtl.

SSSA, NPac. SSSA dipole
𝜃: regression parameters

Predict US Midwest heavy rain using salinity
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• Logistic regression with pre-season SSTA and 
SSSA generates skillful prediction of US Midwest 
heavy rainfall

• SSSA-based predictors are almost twice more 
skillful than SSTA-based predictors 

Observations

Logistic 
regression

Li et al. (2021) GRL, Under Revision



Conclusions & discussion
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Pre-season salinity anomaly improves the skill (92% increase) to 
predict US Midwest heavy rainfall
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Cheng et al. 2020


