'.) Check for updates

A G s

> SPACE SCIENCE

Geophysical Research Letters’

RESEARCH LETTER
10.1029/2022GL098554

Key Points:

e Heavy rainfall explains the majority of
the year-to-year variation of summer
precipitation in the US Midwest

e SSS in the tropical Pacific and
subtropical North Atlantic equally
contribute to skillful predictions of
Midwest heavy rain a season ahead

e Skillful prediction from SSS is
realized through tropical-extratropical
teleconnections and local soil
moisture feedback

Supporting Information:

Supporting Information may be found in
the online version of this article.

Correspondence to:

L.Li,
1f15240 @psu.edu

Citation:

Li, L., Schmitt, R. W., & Ummenhofer,
C. C. (2022). Skillful long-lead
prediction of summertime heavy rainfall
in the US Midwest from sea surface
salinity. Geophysical Research Letters,
49, €2022GL098554. https://doi.
org/10.1029/2022GL098554

Received 4 MAR 2022
Accepted 30 MAY 2022

Author Contributions:

Conceptualization: Laifang Li, Raymond
W. Schmitt

Data curation: Laifang Li

Formal analysis: Laifang Li

Funding acquisition: Laifang Li,
Raymond W. Schmitt, Caroline C.
Ummenhofer

Investigation: Laifang Li, Raymond W.
Schmitt, Caroline C. Ummenhofer
Methodology: Laifang Li

Project Administration: Raymond W.
Schmitt, Caroline C. Ummenhofer
Resources: Laifang Li

Supervision: Raymond W. Schmitt,
Caroline C. Ummenhofer

Validation: Laifang Li, Raymond W.
Schmitt, Caroline C. Ummenhofer
Visualization: Laifang Li

Writing - original draft: Laifang Li

© 2022. American Geophysical Union.
All Rights Reserved.

Skillful Long-Lead Prediction of Summertime Heavy Rainfall
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Abstract Summertime heavy rainfall and its resultant floods are among the most harmful natural hazards
in the US Midwest, one of the world's primary crop production areas. However, seasonal forecasts of heavy
rain, currently based on preseason sea surface temperature anomalies (SSTAs), remain unsatisfactory. Here, we
present evidence that sea surface salinity anomalies (SSSAs) over the tropical western Pacific and subtropical
North Atlantic are skillful predictors of summer time heavy rainfall one season ahead. A one standard deviation
change in tropical western Pacific SSSA is associated with a 1.8 mm day~! increase in local precipitation,
which excites a teleconnection pattern to extratropical North Pacific. Via extratropical air-sea interaction and
long memory of midlatitude SSTA, a wave train favorable for US Midwest heavy rain is induced. Combined
with soil moisture feedbacks bridging the springtime North Atlantic salinity, the SSSA-based statistical
prediction model improves Midwest heavy rainfall forecasts by 92%, complementing existing SSTA-based
frameworks.

Plain Language Summary Predicting heavy rainfall one season ahead is challenging for the US
Midwest, a primary crop production area in the world. In this study, we show a skillful prediction of Midwest
heavy rain using sea surface salinity anomalies (SSSAs) in the western tropical Pacific and subtropical North
Atlantic. Compared to sea surface temperature anomalies which traditionally form the basis for seasonal
precipitation forecasts, our newly identified SSSA-based predictors improve the accuracy of heavy rainfall
prediction by 92%. This superior skill of SSSA-based prediction appears to result from a close relationship
between salinity variations and the oceanic water cycle, as well as related atmospheric circulation changes and
soil moisture feedback.

1. Introduction

The hazardous impacts of heavy rainfall on agriculture and the economy in the US Midwest cannot be overstated
(Andersen et al., 2001; Ray et al., 2015). The Great Flood of 1993 in the US Midwest was caused by inunda-
tion from extensive summertime rainfall and led to economic loss in excess of $12B in the region (Gumley &
King, 1995; Kunkel et al., 1994). Thus, skillful long-lead prediction of heavy rainfall is particularly important
(White et al., 2017).

These heavy rainfall events are generated in unique atmospheric circulation patterns associated with distinct ther-
modynamic conditions (Li & O’Gorman, 2020), making heavy rainfall challenging to predict (e.g., Doblas-Reyes
et al., 2013). Studies found excessive US Midwest summer rain more likely following an El Nifio sea surface
temperature anomaly (SSTA) and during a negative Atlantic Multidecadal Oscillation (e.g., Barlow et al., 2001;
Englehart & Douglas, 2003; Higgins et al., 2004; McCabe et al., 2004; Schubert et al., 2016). However, when
implemented to empirical seasonal forecasts, these SSTA-based predictors provide moderate skill that hardly
meets the socioeconomical needs (Carter et al., 2021; Li et al., 2018), which motivates this search for more
skillful predictors. These predictors can be sought from the oceanic water cycle, as ocean is the ultimate moisture
source for terrestrial precipitation (van der Ent et al., 2010; Gimeno et al., 2010, 2020), and the influence of
oceanic moisture rises as rainfall intensity increases (Chan & Misra, 2010; Jana et al., 2018; Y. Liu et al., 2021).
Thus, a variable indicative of ocean moisture export should provide predictive skills, complementing SSTA-based
predictions.

LIET AL.

1 of 10

85U801 SUOWLOD 8A1ea.D 8|qeo! [dde aup Aq peusenob ae sapiie YO ‘8Sn JO'S|nJ 10} Areiq18UlUO 48] 1M UO (SUORIPUOD-pUB-SWBILI0D" A3 1M A eIq U1 UO//SdNL) SUORIPUOD pue SWwie 1 3y} &8s *[220z/TT/c0] uo Ariqi]auliuo A8|im ‘ArigiT 1I0UM (AN A £S5860192202/620T OT/I0p/wod A3 1M AReiq putuosgndnBe/sdny wo.y pepeojumod ‘€T ‘2202 ‘L0087Y6T


https://orcid.org/0000-0002-6721-9002
https://orcid.org/0000-0002-9163-3967
https://doi.org/10.1029/2022GL098554
https://doi.org/10.1029/2022GL098554
https://doi.org/10.1029/2022GL098554
https://doi.org/10.1029/2022GL098554
https://doi.org/10.1029/2022GL098554
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2022GL098554&domain=pdf&date_stamp=2022-07-07

~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Geophysical Research Letters 10.1029/2022GL098554

Writing — review & editing: Laifang
Li, Raymond W. Schmitt, Caroline C.
Ummenhofer

Oceanic moisture export is also a forcing mechanism for sea surface salinity (SSS) (Durack, 2015; Vinogradova
et al., 2019). Consequently, spatiotemporal SSS variations are highly sensitive to moisture flux from the ocean:
high (low) SSS is located over the subtropical (tropical and midlatitude) oceans with a net moisture export (input)
(Gordon, 2016; Schanze et al., 2010). Since the 1950s, this SSS spatial gradient has been enhanced by an inten-
sifying oceanic water cycle (Durack et al., 2012; Yu et al., 2020).

The close connection between SSS and the oceanic water cycle, and the influence of the oceanic moisture on
terrestrial precipitation suggest that the upstream SSS anomaly (SSSA) could be a skillful predictor of precipita-
tion on land, with positive (negative) SSSA indicating greater (weaker) moisture export. In addition, the oceanic
moisture export in the form of latent heat fuels atmospheric teleconnection, an important source of predictability
for regional climate (Scaife et al., 2017). Encouraging skill of SSSA-based seasonal rainfall forecasts was shown
for the African Sahel (Li et al., 2016a), the United States (Li et al., 2016b; T. Liu et al., 2018), China (Zeng
et al., 2019), and Australia (Rathore et al., 2021). Here, we present an additional line of evidence that springtime
SSSA in the tropical Pacific and subtropical North Atlantic are skillful predictors of summertime heavy rainfall
in the US Midwest. The long-lead forecast based on SSSA surpasses that based on preseason SSTA by 92%, indi-
cating a substantially increased prediction skill with important implications for water resource management in
summer.

2. Data and Methods
2.1. Bayesian Inference on Summer-Season Heavy Rainfall Events Over the US Midwest

A Bayesian three-cluster Gaussian mixture model (GMM; L. Li & Li, 2013) is implemented in this study to
empirically and objectively categorize Midwest daily precipitation (1948-2019) into light, moderate, and heavy
rainfall. The likelihood function is formulated as:

\ 1
yilm, uop ~ z:.=1 mGauss (yilun, ;') .

where y, = In Pr; is the natural log of precipitation in the ith day, 7 is cluster weight (i.e., the frequency of each
rainfall category), u is cluster mean (i.e., the intensity of each rainfall category), and ¢ is the precision of a
given Gaussian distribution. & € {1,2,3} is the cluster index, which respectively represents light, moderate, and
heavy rainfall (Supporting Information). The distribution parameters (r,u,¢) are derived using Bayesian inference
and sampled using the Markov Chain Monte Carlo algorithm (Gelfand, 2000; Equations S1-S5 in Supporting
Information S1).

The formulation of the GMM (Equation 1) implies that summertime cumulative precipitation equals the weighted
sum of three rainfall clusters: 2,}1] Yilz, u,p = N ( Zi:] Thln ), where N is the total number of samples. Based on
this relationship, the cluster contribution to US Midwest summertime cumulative precipitation can be evaluated.

2.2. Logistic Regression

To assess the skills of the preseason SSTA and SSSA in forecasting Midwest heavy rainfall frequency (r; € [0,1]
from the GMM), a logistic regression model is constructed:
1
= 1 + e—GTx+e (2)
In Equation 2, x is the SSTA-based and SSSA-based predictors, and 0 is the regression coefficient upon the
predictors. € ~ N (0,6?) is the residual of the regression which is normally distributed with zero mean and vari-
ance of 6.

In constructing the regression model, we randomly draw half the data as training samples and the remaining half
are independent samples for validation. The regression coefficients are first derived from the training sample
and then applied to the validation samples to estimate the prediction errors. This training-validation process
is repeated 10,000 times. The parameter set that minimizes the prediction errors of the validation samples is
selected to create the final logistic regression model that is applied to the entire data set. With the validation
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samples overlapping with half of the sample data set, the estimated prediction skill represents the upper bound of
the logistic regression model.

The performance of the logistic regression is evaluated based on the portion of observed variance explained by
the prediction model and calculated as R> =1 — (SS,./SS,.)- Here, SSior = Z;V:YI (7r3 ;— 73 ,-)2 is the total variance
of z;, and SS;es = Z;V:YI (73j — m3 ,-)2 quantifies the variance of 7, unexplained by the prediction model. The index
Jj refers to the jth year, the 73; is the mean of the 1948-2019, and the 7#3; the prediction by the logistic regression
model.

2.3. Composite Analysis and Significance Test

Daily rainfall categories are assigned based on the cluster probability (Equation S4 in Supporting Infor-
mation S1). Accordingly, atmospheric circulation and moisture fluxes (MFs) corresponding to light, moder-
ate, and heavy rainfall are calculated using composite analysis. The vertically integrated MF is calculated as

—

0= é I;(;tha qV;,d p, where ¢ is specific humidity (kg kg™"), V', is horizontal wind (m s™), p is pressure, P, is
surface pressure, and g = 9.8 m s~2is gravitational acceleration. The horizontal MF divergence (MFD) is expressed
. Jz%onpa qﬂd p. The significance level of the composite analysis is determined using 1000-iteration Monte
Carlo simulations (Livezey & Chen, 1983).

1
as-Vy
8

2.4. Data Sets

The precipitation data (0.25° X 0.25°) are from the National Oceanic and Atmospheric Administration
(NOAA) Climate Prediction Center (CPC) US Unified Precipitation for 1948-2006 and from the Real-Time
US Daily Precipitation Analysis for 2007-2019 (Higgins et al., 2000). The US Midwest is defined as the
area of 106°-90°W, 36°-49°N, and daily precipitation is area-averaged over this domain. The variables used
to quantify moisture flux and atmospheric circulation are from ERA-Interim (1979-2019; Dee et al., 2011)
and NCEP/NCAR reanalysis (1948-2019; Kalnay et al., 1996), which differ in temporal coverage and spatial
resolution but produces similar results. The SST and SSS data are from the Met Office (UKMO) EN4.2.1
data set objectively analyzed with 1° X 1° spatial resolution and monthly temporal resolution for 1948-2019
(Good et al., 2013). EN4.2.1 is the only SSS product with sufficient temporal coverage for this study. In
addition, we have verified our SSTA analysis using available SST data sets including ERSST v5, HadISST,
and COBE. In all our analyses, the SSSA and SSTA are calculated by removing the seasonal cycle and linear
trend.

3. Results
3.1. Heavy Precipitation Dominates US Midwest Summer Precipitation Variance

The Bayesian GMM (Equation 1 and Equations S1-S5 in Supporting Information S1) objectively classi-
fies summertime (JJA) daily precipitation in the US Midwest into light, moderate, and heavy rainfall. During
1948-2019, 47% (£3%) of the events are classified as light rainfall, 39% (+3%) as moderate rainfall, and 14%
(£2%) as heavy rainfall (Figure S1 in Supporting Information S1). Over the entire season, the US Midwest
receives an accumulation of 261.7 mm of precipitation, with 38.5 (+7.2) mm from light rainfall, 121.9 (+23.7)
mm from moderate rainfall, and 101.3 (£43.3) mm from the heavy rainfall cluster (Figure 1a and Figure S2 in
Supporting Information S1). While the total amount of the seasonal precipitation is largely maintained by moder-
ate rainfall, its interannual variation is almost exclusively explained by heavy rain. The R? between the heavy
rainfall cluster and season-total precipitation is 0.81, that is, more than 80% of the summer rainfall variability can
be explained by heavy rainfall (Figure 1a). In contrast, the variance explained by moderate (light) rainfall is lower
at 0.29 (negative at —0.21) (Figure 1a).

Our analysis suggests that the impacts of heavy rainfall go beyond daily weather in the region and exert climatic
impacts on water resources in the summer. Further, heavy rainfall frequency is overwhelmingly more impor-
tant than intensity to interannual variation of season-mean precipitation (Figures 1b and 1c). Specifically, the
correlation between seasonal-mean precipitation and heavy rainfall intensity is 0.18 (p = 0.13) but reaches 0.90

LIET AL.

30of 10

85UB0 17 SUOWILOD dAIIea.D) 3Rl |dde ay) Aq peusenob afe sejonte YO ‘s Jo Sanu 10) ARiq 1T aulUQ AS|IA UO (SUONIPUOI-PpUR-SWLBIW0D A3 | 1M AReIq 1 BU1UO//:SANY) SUONIPUOD pue sWie | 8y 88S *[2Z0Z/TT/c0] uo Ariqiauluo Ae|iM ‘ArlqiT 10y 9N Ad 65860 192202/620T OT/I0p/W0d A3 1M ARelq i puljuo'sqndnBe//:sdny wouy pepeojumoq ‘€T ‘2202 ‘2008vY6T



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Geophysical Research Letters 10.1029/2022GL098554

L L B L B L B
a) o Light rainfall (R2=-0.21)

® Moderate rainfall (R2=0.29)

® Heavy rainfall (R2 =0.81)

©

_b) ;.

-....&Q...Oo -
S A _

300

[eo)

~

250

N O 1o »
T

o)

200

Heavy rainfall intensity (mm/day)

2

o
N
T
-
-~
e

150

o
w
T
[}

1

100

Contribution of rainfall clusters (mm)

50

o o
—_ N
- R
.%
1

Heavy rainfall frequency
°

vl b v v b e v v v e v b by 0 1 1 1 1

150 200 250 300 350 400 450 500 3 4 5
Midwest summer season cumulative precipitation (mm) seasonal mean precipitation (mm/day)

N

Figure 1. (a) Contribution of the light (red dots), moderate (black dots), and heavy (blue dots) rainfall to Midwest
summertime cumulative precipitation. The lines are the linear regression of cluster total precipitation against summertime
cumulative precipitation. (b) and (c) are, respectively, the scatter plots of summer-season precipitation versus heavy rainfall
intensity and frequency.

(p < 0.00) with heavy rainfall frequency (Figures 1b and 1c). The dominance of heavy rainfall frequency is
exemplified by 1993, the wettest year during the 1948-2019 period, with more than 30 summer days classified as
experiencing heavy rainfall—the most days in that interval.

3.2. Atmospheric Circulation Bridging the Oceanic Moisture to Precipitation in the US Midwest

Heavy rainfall in the US Midwest is fed by anomalously strong northward MF and increased MF convergence
(MFC; Figure 2a). Accompanying the increased MFC in the US Midwest, the southwestern US and the adjacent
oceans are supplying more moisture as evidenced by increased MFD in these regions (Figure 2a). The increased
moisture export from these regions can be observed 3—6 days ahead of the heavy rainfall events, even though the
precedent MFD is less apparent (Figures 2b and 2c).

The increased MF into the US Midwest is facilitated by a barotropic wave-train across North America
(Figures 2d-2f and Figure S3 in Supporting Information S1). At 500 hPa, an anomalous high pressure (anticy-
clone) is observed off the Gulf of Alaska (GOA), with a low pressure (cyclone) over the western US and a high
pressure (anticyclone) over the eastern US (Figure 2d). The pressure distribution over North America promotes
strong ascending motion over the US Midwest, according to the quasi-geostrophic-Omega equation (Hoskins
et al., 1985), which is a dynamic necessity to sustain the observed heavy rainfall (Li & O’Gorman, 2020). In
the lower troposphere (925 hPa), the barotropic wave train enhances the Great Plains low-level jet (GPLLJ),
a key feature responsible for MF and extreme precipitation in the US Midwest (Cook et al., 2011; Weaver &
Nigam, 2008). At the same time, the anticyclone over the eastern US leads to anomalous mass divergence off
Florida and in the Caribbean, favoring the oceanic region to export excessive moisture (Figures 2a—2c). Along
with a westward extension of the Caribbean low-level jet into the Gulf of Mexico (GOM; Figure 2d), the exces-
sive moisture from the subtropical ocean is conveyed to the Southern US and is connected by the GPLLIJ to supply
moisture to the Midwest (Dirmeyer & Kinter, 2010).

Opverall, the wave train favors MF from adjacent land and ocean to the central US and promotes lift condensation
for MFC over the Midwest. As a result, heavy precipitation preferentially occurs in this type of circulation pattern,
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Figure 2. (a)-(c) are anomalous vertically integrated moisture flux (vectors; kg m~'s™") and moisture flux divergence (shaded; mm day~!) during and before
summertime heavy rainfall events; (d)—(f) are 500 hPa geopotential height anomaly (shaded; gpm) and 925 hPa wind anomaly (vectors; m s™!).

consistent with Zhang and Villarini (2019) recognizing this wave train as a weather regime favorable to floods
in the US Midwest.

3.3. Springtime Salinity Provides Predictive Values to US Midwest Heavy Rainfall

We explore oceanic precursors of US Midwest heavy rainfall by regressing March-April-May (MAM) SSTA
and SSSA upon summertime heavy rainfall frequency (z; in Equation 1 and Equation S3 in Supporting Informa-
tion S1). More frequent heavy rainfall would be expected following an anomalously warm (cold) tropical central
Pacific (GOM) (McCabe et al., 2004) (Figure 3a). Corresponding to the SSTA, the center of tropical convection
is shifted near the dateline, resulting in a dipole SSSA with anomalously low salinity along the equator and
high salinity to the south (Figure 3b; Delcroix et al., 2011; Guimbard et al., 2017). The low equatorial SSSA
(150°E—-180°W, 5°S—5°N) reaches —0.1 PSU (Figure 3b). With the typical SSS over this region being 33PSU,

_ EP’Ax)

mixed layer depth of 15m, and assuming evaporation is relatively constant (SSSA ~ , the observed

SSSA could correspond to a 1.8 mm day~! increase in precipitation (P’) in the spring, f(;)ré"ing atmospheric
teleconnection patterns and thus the response in extratropical precipitation (Horel & Wallace, 1981; Liu &

Alexander, 2007).
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the logistic regression model, and the dashed black curves are the 95% uncertainty range. The R? reported is the median of the 10,000-trial prediction with the 95%

uncertainty range in the bracket.

In the North Atlantic, the preseason SSSA is most significant off the Eastern coast of US, where a positive SSSA
of 0.06-0.08 PSU is observed (Figure 3b), consistent with our previous studies linking a saltier subtropical North
Atlantic to increased summer-season precipitation over the Midwest (Li et al., 2016b, 2018).

Based on preseason SSTA and SSSA (Figures 3a and 3b), we define four predictors: Nifio 3.4 SSTA, GOM SSTA,
tropical western Pacific SSSA dipole index, and North Atlantic SSSA as they show the most significant preseason
signal (Figure S4 in Supporting Information S1). Using these predictors, we subsample the precipitation datasets
and re-run the Bayesian GMM (Supporting Information) to evaluate the changes in heavy rainfall frequency
corresponding to preseason SSTA and SSSA (Table S1 in Supporting Information S1). Overall, a combination of
a warm tropical Pacific and cold GOM in spring tends to be followed by a 5.2% increase in summertime heavy
rainfall frequency versus the opposite scenario (Figures S6a—S6c in Supporting Information S1). Compared to
SSTA, the heavy rainfall frequency is more sensitive to SSSA-based predictors. The Pacific salinity dipole (North
Atlantic SSSA) alone corresponds to a 5.1% (5.7%) change in heavy rainfall frequency (Figures S6d and S6e in
Supporting Information S1). Collectively, a positive Pacific salinity dipole and a salty subtropical North Atlantic
could increase the heavy rainfall frequency to 22.6%, almost doubling the occurrence in the opposite scenario
(12.1%; Figure S6f in Supporting Information S1).

Further, we construct a logistic regression model (Equation 2) to predict summer-season heavy rainfall frequency
(Figures 3c-3e). The average R? between the observations and the prediction reaches 0.40 [0.23, 0.47] (Figure 3c¢).
In particular, the model predicts a doubling of heavy rainfall events in the wettest summer of 1993 and reduced
heavy rainfall events in the dry summer of 2012 (Figure 3c), suggesting the capability of the logistic regression
model to forecast extreme events one season ahead. It is noteworthy that SSSA-based predictors are twice as skill-
ful (R? = 0.25 [0.18, 0.28]; Figure 3e) than SSTA-based predictors (R? = 0.12 [0.05, 0.13]; Figure 3d and Figure
S6 in Supporting Information S1). Thus, incorporating the SSSA-based predictors into the statistical model could
substantially improve the long-lead forecast of US Midwest heavy rainfall.
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MAM

Among the four predictors, the Pacific SSSA dipole significantly correlates
with Niflo 3.4 (Figure S4 in Supporting Information S1) but is more skillful
in predicting Midwest heavy rainfall. The superior skill of the North Pacific
SSSA dipole is attributable to tropical convection as the dominant forcing on
the SSSA (Sean-Martins & Stammer, 2015). Without a damping mechanism,
the SSSA reflects cumulative tropical convection and latent heating released
into the atmosphere, a driver of atmospheric teleconnection (Gill et al., 1980;

Matsuno, 1966; Scaife et al., 2017). Via tropical-extratropical teleconnection

JJIA

patterns, the upstream SSSA dipole turns out to be a more skillful predictor
of precipitation on land.

3.4. Mechanisms of SSSA-Heavy Rainfall Relationship

To better understand the sources of prediction skill from preseason SSSA, we

explore the potential mechanisms. The one-season time lag between subtropi-

cal North Atlantic SSSA and summer-season precipitation in the US Midwest

Figure 4. Schematic figure of salinity as a predictor of US Midwest heavy is bridged by the soil moisture feedback (Li et al., 2016b, 2018; Support-

rainfall frequency. The red (blue) patches mark the regions with warm (cold)
SSTA, and the brown (green) patches mark the high (low) SSSA region. The
blue (green) arrow in the upper (lower) panel denotes the direction of moisture
flux (intensified GPLLJ). The dashed arrow marks the direction of wave train
across the Northeast Pacific and the US continent.

ing Information). Here, we thus focus on the mechanism responsible for the
Pacific SSSA dipole (Figures S7 and S8 in Supporting Information S1).

The seasonal evolution of SSTA shows that the positive SSSA dipole in the
tropical Pacific is preceded by a decaying El Nifio Modoki in the Central
Pacific, as the warmest SSTA (1.5K) is located at 150°W along the equator
in December-January-February (Ashok et al., 2007). Over the extratropical
North Pacific, cold SSTA (—1.0K) is observed in the center of the subtropical gyre and surrounded by warm
SSTA (0.4K) along the US West Coast and the GOA (Figure S7a in Supporting Information S1). In the subse-
quent seasons, tropical SSTA decays, while the SSTA in the extratropical North Pacific persists (Figures S7b—S7f
in Supporting Information S1). In the summer, the most significant SSTAs are observed over the northern part of
the subtropical gyre (—1.0K) and the GOA (0.6K) (Figure S7f in Supporting Information S1).

The initial El Nifio Modoki and the different persistence time of tropical and extratropical SSTA can be respon-
sible for the seasonal evolution of precipitation and atmospheric circulation (Figure S8 in Supporting Informa-
tion S1). Before the formation of the Pacific SSSA dipole, increased precipitation is observed near the dateline
(Figures S8a and S8b in Supporting Information S1), collocated with negative SSSA (Figure 4b). In response
to the changes in tropical convection, the 500 hPa geopotential height shows a typical Pacific-North American
pattern, with anomalous high pressure over the (sub) tropical North Pacific and subpolar regions, and low pres-
sure over the mid-latitudes and southern US (Figures S8a—S8c). As the season progresses and tropical SSTA
decays, the zonally symmetric structure in the 500 hPa geopotential height anomalies loses significance (Figures
S8d-S8f in Supporting Information S1). Instead, a stationary wave train, resembling the typical circulation for
US Midwest heavy rainfall (Figure 2d), is formed of the GOA and extends into the Conterminous US (Figures
S8e and S8f in Supporting Information S1).

This wave train likely arises from a positive coupling between SSTA, precipitation, and pressure. The anomalous
high pressure off the GOA depresses precipitation (Figures S8e and S8f in Supporting Information S1), and
weakens the prevailing wind associated with the Aleutian Low, which increases local SSTA (Figures S7e and S7f
in Supporting Information S1; Bond et al., 2015). The high SSTA, in turn, uplifts the 500 hPa isobaric surface
and further intensifies the high pressure and suppresses precipitation (Figures S8e and S8f in Supporting Infor-
mation S1). In addition, the decreased precipitation reduces the condensational heating released into the local
atmospheric column, reinforcing the high pressure off the GOA (Figures S8e and S8f in Supporting Informa-
tion S1). The SSTA, pressure patterns, and anomalous precipitation induce and maintain the 500 hPa wave train
(Park & Lee, 2019), which modulates the vertical motion and GPLLJ over the central US, leading to increased
heavy rainfall frequency over the US Midwest (Figure 2).
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4. Conclusions

According to the Bayesian model (Equation 1 and Equations S1-S5 in Supporting Information S1) applied to
summertime daily precipitation in the US Midwest, heavy rainfall events are primarily responsible for the year-to-
year variation of cumulative seasonal precipitation, a meteorological variable that significantly impacts yields in
this important crop production region. These heavy rainfall events preferentially occur in atmospheric circulation
patterns that feature a barotropic wave train across the GOA and North America. The wave train promotes north-
ward MF in the Central US and ascending motion over the US Midwest, and thus facilitates heavy rain.

Here, we explore preseason oceanic state variables for predicting summer-season heavy rainfall in the US
Midwest. Based on the logistic regression, skillful prediction of US Midwest heavy rain is achieved one season
ahead with the knowledge of SSTA over the Nifio 3.4 region and GOM and SSSA over the tropical western
Pacific and subtropical North Atlantic. The combination of the four predictors leads to prediction with R? = 0.40
[0.23, 0.47], in which the SSSA-based predictors (R* = 0.25 [0.18, 0.28]) provide superior skill compared to
SSTA-based predictors (R? = 0.12 [0.05, 0.13]). Thus, including the newly identified SSSA indices would
substantially improve seasonal forecasts of Midwest heavy rain.

The potential mechanism underlying the SSSA's predictive skill is summarized in Figure 4. Overall, the Pacific
salinity dipole is indicative of tropical convection and the resultant tropical-extratropical teleconnection (Figure 4a
and Figures S7 and S8 in Supporting Information S1). Through the long memory of extratropical SSTA, and
the coupling between SSTA, pressure, and precipitation, a quasi-barotropic wave train that resembles the typi-
cal circulation for US Midwest flooding events is triggered and maintained (Figures S7 and S8 in Supporting
Information S1). In addition, the subtropical North Atlantic SSSA is skillful in predicting summer-season heavy
rain mainly due to a positive soil moisture feedback mechanism as identified previously (Figure 4; Supporting
Information). With the cumulative effects of soil moisture feedback and tropical-extratropical teleconnection,
the combination of Pacific SSSA dipole and North Atlantic SSSA provides indispensable value to predict US
Midwest heavy rainfall, complementing the current statistical forecasting based solely on preseason SSTA.

Furthermore, the newly identified preseason SSSA could become more valuable as the climate warms: ENSO
teleconnections are sensitive to a changing background climate in response to natural and anthropogenic forcing
(McPhaden et al., 2011; Yeh et al., 2019). In addition, the oceanic water cycle is predicted to intensify in the
future (Durack et al., 2012; Levang & Schmitt, 2015; Skliris et al., 2020), and the oceanic moisture export more
significantly influences the moisture balance on land (Findell et al., 2019; Gimeno et al., 2020). SSS is a standard
ocean state variable that has been routinely measured back to the late nineteenth century. The long observational
records provide an enriched data source to train and validate prediction models, a critical step toward improved
operational forecasts of high-impact hydroclimatic events. Thus, sustained measurement and monitoring of SSS
will greatly benefit the prediction of summer-season heavy rainfall and early warning of flooding events for the
US Midwest.
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