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Abstract 
 
 
Most studies of land-atmosphere interaction are limited by a lack of observational data 

and tend to focus on local feedbacks; and subseasonal-to-seasonal prediction has not been a 5 

focus.  Observational data for Tibetan Plateau spring surface temperatures show a lag 
correlation with summer precipitation in several regions. This relationship cannot be reproduced 
by current global models. After introducing surface 2-meter air temperature observations for an 
innovative land temperature initialization over the Tibetan Plateau, new model results establish 
the observed causal relationship between the Plateau and several world regions. The influence 10 

is underscored by an out-of-phase oscillation between the Tibetan Plateau and Rocky Mountain 
surface temperatures. This study demonstrates for the first time that high mountain land 
temperature could be a new source of subseasonal-to-seasonal precipitation predictability. 

 
 15 

One-Sentence Summary  
Multi-model study finds global hot spots of June rainfall predictability due to May 

Tibetan Plateau land temperature anomaly. 
 
 20 

 
Subseasonal-to-seasonal (S2S) precipitation prediction in spring and summer months, that 
contain a significant amount of high signal events, has remained poor to date (1).  Due to the 
large societal impact, major international programs have aimed to improve understanding and 
forecast accuracy at the S2S timescale (between two weeks and a season). Land initialization 25 

and configuration are critical to this work (2) yet remain scientifically challenging. The land’s 
role in the climate system at various scales has been the subject of much research since the 
1970s. A number of land surface attributes, such as albedo, soil moisture, and leaf area index, 
have been extensively investigated to explore their roles in land-atmosphere interactions (3-6).  
However, most studies of land-atmosphere interactions have been limited by a lack of 30 

observational data and tend to focus on local feedbacks (6).  How land surface processes can be 
applied to improve S2S precipitation prediction, especially of droughts and floods, has not been 
explored in previous land-atmosphere interaction studies. 

Ocean state is well known to play a major role in modulating the Earth’s climate. The 
linkage of hydrological events to sea surface temperature (SST) anomalies, such as El Niño/La 35 

Niña, has been used to predict these events with useful skill at long lead times ranging from a 
few months to a few years (7,8). However, studies have also consistently shown that the SST 
only partially explains climate predictability (9-11).  Recent preliminary studies based on 
observational data and modeling have revealed that spring land temperature in the Rocky 
Mountains and the Tibetan Plateau (TP) could affect summer drought/flood in their respective 40 

downstream regions with a magnitude comparable to the SST effect and atmospheric internal 
variability (12,13).  It should be pointed out that even though land surface 2-meter air 
temperature (T2m) measurements have the best quality and longest record among various land 
surface variables, along with global coverage, their application in land-atmosphere interactions, 
S2S prediction in particular, has largely been overlooked. 45 

Encouraged by preliminary results (12,13), the Global Energy and Water Exchanges 
(GEWEX) program launched an initiative in 2018, the “Impact of Initialized Land Surface 
Temperature and Snowpack on Sub-seasonal to Seasonal Prediction” (LS4P), as a community 
effort to test the impact of initializing land surface temperature (LST) and subsurface soil 
temperature (SUBT) in high mountain regions in climate models on S2S prediction (1).  More 50 



than 40 institutions, including many major climate centers worldwide, are participating in this 
project. Because of the high elevation of the TP, its significant areal coverage and the 
comprehensive field measurements by the Third Pole Environment (14) and related projects 
that span more than a decade, the LS4P first phase focuses on the first order effects most related 
to TP land temperature.  The TP LST and SUBT are used as predictors of spring/summer 5 

precipitation events, and the year 2003 when extreme summer drought/flood occurred in East 
Asia with a very cold spring in the TP, is the focal case (1).   

Taking advantage of data availability, observed T2m records are first used to examine 
possible relationships between TP T2m and global precipitation and to identify the locations 
(hot spots) where the initialization of TP May land temperatures may enhance June precipitation 10 

prediction skill.  Fig. 1 shows the differences in observed May T2m and June precipitation 
between five cold and five warm Mays in the TP during 1981-2015.  Fig. 1A shows that when 
the TP spring was very cold, there was a corresponding warm anomaly in western North 
America, mainly over the Rocky Mountain region, that will be further discussed later. The dry 
southern Yangtze River Basin and wet area to the north also are evident (Fig. 1B), consistent 15 

with previous analyses (13). Interestingly, in North America, there was a relatively wet southern 
Great Plains and an opposite anomaly to the north.  This anomalous precipitation pattern is 
consistent with the warm May in the Western U.S. (Fig. 1A), a relationship that has been 
confirmed in past studies (12,13).  Moreover, the June precipitation anomalies are evident in 
other regions, such as Southeast and Northeast Asia, West Africa, northern South America.   20 

To further confirm these lag relationships, we conducted regression analyses using data 
from 1980-2011 and produced consistent results (fig. S1 compared to Fig. 1).  These results 
suggest that the lag relationship between TP May T2m and June precipitation anomalies are 
likely not limited to East Asia but occur globally in several regions. This finding motivated use 
of climate models to examine whether such lag relationships indeed suggest causality.   25 

Two pairs of experiments with 16 state-of-the-art LS4P Earth System Models (ESMs, 
table S1) have been conducted for this purpose.  In the first experiment, we evaluate whether 
the ESMs can properly produce the observed TP T2m anomaly in May 2003.  Each ESM model 
conducts a two-month simulation from May through June 2003 with their normal setting for a 
S2S prediction for model initial conditions and land/ocean surface boundary conditions. The 30 

results, however, show large biases (errors) in May 2003 T2m over the TP and June precipitation 
over many parts of the world (1).  For example, thirteen LS4P ESMs with a warm bias over the 
TP have a mean bias of +2.4°C and three with a cold bias have a mean bias of -1.5°C. These 
biases are about 2 times higher than the T2m inter-annual standard deviation over the TP.  
Meanwhile, the LS4P ESMs also have large precipitation biases over many regions (fig. S2).  35 

For instance, the Southern Yangtze River basin in June 2003 experienced severe drought, with 
-1.4 mm/day of precipitation averaged over the region, while the 13 ESM ensemble mean shows 
a wet bias of +1.8 mm/day.  

To alleviate the ESMs’ May TP T2m bias and to generate the observed cold TP spring 
anomaly, we introduce an innovative approach in initializing the TP LST/SUBT, which is 40 

presented in (1).  Note that LST and SUBT can be initialized because they are prognostic 
variables, while T2m is a diagnostic variable meaning it cannot be used for initialization.  
However, the observed T2m is used as a proxy for initializing LST and SUBT because T2m and 
LST are very close in magnitude and variability, and LST and SUBT are highly correlated (15).  
After adjusting the LST/SUBT initial conditions over the TP, a second set of model simulations 45 

are conducted that use the new LST/SUBT initial condition over the TP, with all other initial 
and boundary conditions identical to the first experiment. These two pair of experiments for 
each ESM are then used to define two cases, a Cold case and a Warm case, based on which 
experiment’s LST/SUBT initial conditions over the TP are cold or warm (fig. S3). Further 
information on how to obtain these two cases, after adjusting TP LST/SUBT initialization, is 50 



presented in Supplemental Method I. Our objective is to examine whether the differences 
between the Cold case and the Warm case of 16 ESM ensemble means produces the observed 
May 2003 cold T2m anomaly over the TP, and how such a temperature difference influences 
the spatial patterns and the magnitude of global June 2003 precipitation. Here we present the 
key discoveries. 5 

Comparing Figs. 2A and 2B shows that after implementing the novel LST/SUBT 
initialization over the TP, the ensemble mean T2m difference can reasonably reproduce the cold 
May surface temperature anomaly and that the mean difference over the TP is about -0.8°C, 
smaller than the observed anomaly, -1.4°C.  In fact, after LST/SUBT initialization, the 
difference is much closer to the observed anomaly during the early May, when the model starts 10 

simulation.  However, current state-of-the-art ESMs are unable to preserve the initialized LST 
anomalies due to deficiencies in model parameterizations and in the reanalysis data that 
provides the unbalanced initial atmospheric/land conditions (1). Nevertheless, a significant cold 
anomaly over the TP is produced, and the impact on June precipitation is substantial over many 
parts of the world (Fig. 3B).  Eight hot spots (table S2) are identified with a significant 15 

precipitation difference (p < 0.10) in each hot spot.  In addition to the expected difference in the 
Yangtze River Basin, North and Central America show the largest impacts.  For these hot spots, 
only 1 or 2 models produce anomalies that are different in sign compared to the observations 
(Fig. 3B). For the hot spots in tropical regions, such as the Sahel, East Africa, and northern 
South America, model uncertainties are relatively large. The anomaly regions in Fig. 1B and 20 

the hot spots in Fig. 3B are consistent over Asia, North and Central America, and the Sahel; the 
lag relations for these regions appear to represent cause and effect.  For northern South America, 
however, they have opposite signs, and eastern Africa does not appear clearly in Fig. 1B.  May 
and June 2003 were quite cold over the East Pacific (13), that has different climatological 
features as implied in Fig. 1.  But when we compare Fig. 3A (observed anomalies) and Fig. 3B, 25 

it is clear that Fig. 3B produces signals in broad agreement with the 2003 observation for these 
two hot spots.   

Furthermore, by comparing Figs. 3B and S2B, it can be seen that the biases over hot 
spots in fig. S2B (corresponding to a warm TP, fig. S2A) are opposite in sign to those in Fig. 
3B (corresponding to a cold TP, Fig. 2B). This suggests that the initialization approach proposed 30 

in this study has the potential to reduce model prediction bias.  
Fig. 3B suggests a linkage between the TP LST/SUBT and precipitation over North 

America.  In fact, after generating a cold TP (Fig. 2B), a warm Western U.S. is produced (not 
shown), consistent with the results in Fig. 1A, that should contribute to a wet southern Great 
Plains (12,13).  To further explore this relationship, we define the TP Index (TPI) and Rocky 35 

Mountain Index (RMI) in Fig. 1 and Fig. 4, respectively.  Fig. 4A shows the May TPI and May 
RMI from 1981 to 2015. The correlation between TPI and RMI is -0.46.  The out-of-phase 
oscillations of TPI and RMI are significant at p < 0.05.  Fig. 4B shows the regression pattern of 
the 200-hPa geopotential height upon the normalized TPI in May from 1981-2015 (Method II), 
that demonstrates the impact on the large-scale climate dynamics manifested as a downstream 40 

wave train linking the TP to North America. A more comprehensive discussion on the related 
mechanisms and effects on future climate will be presented in a LS4P special issue in Climate 
Dynamics in 2022. 

Although the initial LS4P goal was to test whether the preliminary results from one 
model (13), i.e., the TP LST/SUBT effect on the lowland plains of the Yangtze River Basin, can 45 

be confirmed by a large number of models, the LS4P promptly realized a much larger-scale 
impact.  This article reports, for the first time, that the spring land temperature anomaly in the 
TP has a global impact on summer precipitation S2S predictability over a number of mid-
latitude and tropical hot spots, comparable to those caused by ocean states, such as El Niño/La 
Niña events, as shown by the percentage anomalies simulated that indicated in Note (3) of Fig. 50 



3B and in previous studies (12,13).  Consistent results from observations (Figs. 1 and S1) and 
multiple ESM experiments (Figs. 2-3) show that improving the May TP land temperature 
simulation through LST/SUBT initialization over the TP allows ESMs to better predict June 
precipitation over hot spots, and that LST over high mountain areas could be a new source of 
S2S predictability through elevated heating.  Discoveries from the LS4P first phase effort have 5 

encouraged us to extend similar studies over other high elevation areas and/or different years.  
This research is supported by decadal measurements over the TP.  With recognition of the 
importance of high mountain areas in S2S prediction, similar measurements should be made in 
other high elevation regions.   

 10 
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Fig. 1. Observed differences between five cold and five warm Mays in the Tibetan Plateau.  
(A) May T2m (°C). (B) June precipitation (mm/day).  Notes: (1) Warm and cold Mays during 
1981-2015 are selected based on a 0.6°C TPI anomaly. (2) TPI:  Tibetan Plateau Index is defined 
as a T2m anomaly over the region bounded by 29N~37N and 86E~98E above 4000 m. (3) 
Dotted shadings in all figures denote the statistical significance at the p < 0.1 level. (4). In this 5 

study, Chinese Meteorological Administration data are used within China for both T2m and 
precipitation, while Climate Anomaly Monitoring System (CAMS) and Climate Research Unit 
(CRU) data are used elsewhere for T2m and precipitation, respectively. 
 
Fig. 2. May 2003 T2m anomaly (°C). (A) Observed. (B) Ensemble mean produced after 10 

LST/SUBT initializations.   Note: The T2m difference in the TP in Fig. 2B is statistically 
significant at the p < 0.05 level. 
 
Fig. 3. Comparison of Observed and Simulated June 2003 Precipitation Anomaly. (A) 
Observed. (B) Model-simulated precipitation anomalies after producing the cold TP anomaly 15 

shown in Figure 2b (mm/day). Notes: (1) Boxes indicate the hot spots; (2) Gray bars denote 
different models and are arranged in a descending order for each region; green bar is observation 
and red bar is ensemble mean in each hot spot; (3) Simulated percentages of observed anomalies 
from the ensemble mean are shown in red color above or below the red bars. 
 20 

Fig. 4. Linkage between TP and North America. (A) TPI and RMI time series. (B) Wave 
train.  Notes: (1) RMI: Rocky Mountain Index is defined as 2-m temperature anomaly over the 
region bounded by 32N~45N and 110W~125W; (2) Fig. 4B is the regression of May 200-hPa 
geopotential height (m) of NCEP Reanalysis I from 1981-2015 onto (-1) * normalized May TPI 
(Method II). 25 

   



 

Fig. 1. Observed differences between five cold and five warm Mays in the Tibetan Plateau.  
(A) May T2m (°C). (B) June precipitation (mm/day).  Notes: (1) Warm and cold Mays during 
1981-2015 are selected based on a 0.6°C TPI anomaly. (2) TPI:  Tibetan Plateau Index is 
defined as a T2m anomaly over the region bounded by 29N~37N and 86E~98E above 4000 m. 5 

(3) Dotted shadings in all figures denote the statistical significance at the p < 0.1 level. (4). In 
this study, Chinese Meteorological Administration data are used within China for both T2m and 
precipitation, while Climate Anomaly Monitoring System (CAMS) and Climate Research Unit 
(CRU) data are used elsewhere for T2m and precipitation, respectively. 
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Fig. 2. May 2003 T2m anomaly (°C). (A) Observed. (B) Ensemble mean produced after 
LST/SUBT initializations.   Note: The T2m difference in the TP in Fig. 2B is statistically 
significant at the p < 0.05 level.  
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Fig. 3. Comparison of Observed and Simulated June 2003 Precipitation Anomaly. (A) 
Observed. (B) Model-simulated precipitation anomalies after producing the cold TP anomaly 
shown in Figure 2b (mm/day). Notes: (1) Boxes indicate the hot spots; (2) Gray bars denote 
different models and are arranged in a descending order for each region; green bar is observation 5 

and red bar is ensemble mean in each hot spot; (3) Simulated percentages of observed anomalies 
from the ensemble mean are shown in red color above or below the red bars.  
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Fig. 4. Linkage between TP and North America. (A) TPI and RMI time series. (B) Wave 
train.  Notes: (1) RMI: Rocky Mountain Index is defined as 2-m temperature anomaly over the 
region bounded by 32N~45N and 110W~125W; (2) Fig. 4B is the regression of May 200-hPa 
geopotential height (m) of NCEP Reanalysis I from 1981-2015 onto (-1) * normalized May TPI 5 

(Method II).  
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Supplemental Method I 
 

In this study, two pairs of experiments are conducted to assess whether observed cold 
May 2003 land temperature anomalies over the Tibetan Plateau (TP) affect summer precipitation 
at the global scale and if the model-generated precipitation impacts are consistent with the 5 
observed June 2003 precipitation anomalies over a number of global hot spots.  First, each Earth 
System model (ESM) conducts a 2-month simulation from around May 1 (e.g., April 25, 
26…May 1) through June 30, 2003, consisting of no less than a six-member ensemble.  The 
initial conditions and boundary conditions, such as sea surface temperature (SST) and sea ice, are 
the same as in these ESMs’ normal S2S May/June 2003 predictions.  This first experiment 10 
(EXP_No_LST_Initialization), evaluates whether the current state-of-the-art LS4P ESMs are 
capable of producing the observed cold TP land surface 2-meter air temperature (T2m) anomaly 
in May 2003 (Fig. 2A) and the June precipitation anomaly (Fig. 3A).  The results from this 
experiment show that every LS4P model produces large biases (or errors) in May 2003 T2m over 
the TP and in June precipitation over many parts of the world (1). The majority (13 out of 16) of 15 
ESMs have a warm bias, that can be seen in supplemental Fig. S2 which displays the 13 ESMs’ 
large warm biases over the TP and large June precipitation biases over many parts of the world. 

The new surface temperature initialization proposed by the LS4P remedies the inability 
of the LS4P global models to realistically generate observed May 2003 TP surface temperature 
anomalies.  Land initialization and configuration have been identified as one of the major 20 
avenues for improving S2S prediction (2).  In the second experiment (EXP_LST_Initialization), 
a temperature mask for land surface temperature/subsurface temperature (LST/SUBT) initial 
conditions over the TP is produced based on each models’ bias and the observed T2m anomaly 
for May 2003 (1).  Our preliminary research suggests that adjusting both LST and SUBT initial 
conditions based on the observed T2m anomaly and model bias is an efficient way for LS4P 25 
ESMs to produce the observed May monthly mean T2m anomalies.  The methodology regarding 
how to produce this mask is comprehensively presented in a LS4P experimental design paper 
(1).  Except for LST/SUBT over the TP, the other initial and boundary conditions in 
EXP_LST_Initialization are the same as in EXP_No_LST_Initialization.   As such, the 
differences between EXP_ LST_Initialization and EXP_No_LST_Initialization show the effect 30 
of the LST/SUBT initialization, and the influence of different TP surface temperature (due to 
with/without LST/SUBT initialization) on prediction.  
 However, the LS4P models have both warm (13 models) and cold (3 models) biases. A 
simple schematic diagram in Fig. S3 demonstrates that for the LS4P ESMs with warm/cold bias, 
the mask would make the initial LST and SUBT cooler/warmer in the EXP_LST_Initialization, 35 
respectively.  The LS4P objective is to examine whether the observed cold May 2003 TP causes 
the observed June precipitation anomalies. For this purpose, we define the experiments (it could 
be either EXP_LST_Initialization or EXP_No_LST_Initialization) with a cold/warm initial 
condition over the TP as Cold case/Warm case, respectively, regardless of whether the models 
originally had cold or warm biases (Fig. S3).  The differences between the Cold case and the 40 
Warm case of the 16 ESM ensemble means are presented in this article to show (1) whether the 
adjusted LST/SUBT initial conditions using the mask produce the observed cold May T2m over 
the TP, and (2) how the simulated cold TP influences the spatial patterns and the magnitude of 
global June precipitation anomalies, compared with observations as shown in Figs. 1B, S1B, and 
3A.  The areas with a significant June precipitation impact due to the TP May cold temperature, 45 
that are also consistent with the observations, are defined as hot spots.  Fig. 3A is the main 



 
 

5 
 

reference because, despite the general consistency among these figures, Figs. 1B and S1B mainly 
represent the climatological features and our experiments are set for May-June 2003 S2S 
prediction so they are designed to check how a cold TP in May 2003 contributes to the June 2003 
precipitation anomaly over hot spots. 
 5 
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Supplemental Method II 
 

 
The geopotential height (GHT) data from National Centers for Atmospheric Prediction-National 
Center for Atmospheric Research (NCEP-NCAR) reanalysis from 1981 to 2015 with a 2.5° 5 
spatial resolution and the May TPI (defined in Fig. 1) are used for the analyses in Fig. 4B. TPI is 
normalized with its standard deviation and defined as 𝑇𝑃𝐼෪  in this study.  Variations of the May 
200 hPa GHT associated with May 𝑇𝑃𝐼෪  are estimated by linear regression analysis and displayed 
in Fig. 4B. The change of 200 GHT in each grid in the figure is calculated by regressing GHT 
onto the 𝑇𝑃𝐼෪  using the following formula as in (16-17). 10 
 

 
where n is the total number of years. ∆GHT represents the average change in GHT for a unit 
change of 𝑇𝑃𝐼෪ , and has the same unit of GHT here. To better demonstrate the relationship 
between TPI and 200 hPa GHT, linear trends of these two variables are subtracted before the 15 
calculation. The analyses noted above are conducted with Python. 
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Fig. S1.  
Lag Relationship between May T2m and June Precipitation.  (A) May T2m EOF1 (°C); (B) The 
regression of the observed June precipitation (mm/day) from 1980-2011 onto PC1 of TP T2m 5 
EOF.  
 
Note: 1). Empirical orthogonal function (EOF) analysis for observed TP May T2m for the period 
1980-2011 is conducted. 2). Fig. S1B shows the regression pattern of the June precipitation upon 
the normalized T2m Principal Component 1 (PC1) of the EOF. Dotted shadings denote the 10 
statistical significance at the p < 0.1 level. 3). Note that the spatial patterns with precipitation 
anomalies in Fig. S1B are quite consistent with the regions shown in Fig. 1B.   
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Fig. S2.   
May T2m and June precipitation biases from ensemble mean of 13 ESMs with May warm biases 
over the Tibetan Plateau. (A) May T2m; (B) June precipitation (mm/day).   
 5 
Note: By comparing the anomaly/bias signs in Fig. S2A and Fig. 2B as well as in Fig. S2B and 
Fig. 3B, it can be seen that when the observed May cold anomaly in the TP is produced or the 
warm bias in the TP is reduced, model precipitation biases can be reduced over hot spots. 
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Fig. S3.  
Schematic diagram of Model initialization using masks for models with cold/warm biases over 
the Tibetan Plateau 5 
 
Notes: (1) The LST/SUBT initialization procedure for models with warm/cold biases are 
delineated in the red/blue box, respectively. (2) Exp_No_LST_Initialization is the original model 
run; Exp_ LST_Initialization is similar to Exp_No_LST_Initialization except that an LST/SUBT 
initialization has been imposed at the first time-step of the model integration using a mask over 10 
the Tibetan Plateau to correct the model bias.  (3) We refer to the run with a cold/warm Tibetan 
Plateau initial condition as Cold case/Warm case, respectively, regardless of whether the model 
runs originally had a cold or warm bias. The differences between Cold case and Warm case of 
the 16 ESM ensemble means are used in Fig. 2B and Fig. 3B to discuss the influence of cold 
May TP land temperature after initialization on the June precipitation in the hot spot regions in 15 
the text.  
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Table S1.  

List of LS4P Earth System Models 

LS4P models Institution  Specification 
ACCESS-S2 Bureau of Meteorology, 

Australia 
N216L85, ocean 0.25 

AFES-HU ver 4.1 Hokkaido University, Japan T79 (~150km),and 56 
vertical level up to about 

0.1hPa 
 

CAS-ESM 
Institute of Atmospheric 

Physics, Chinese Academy 
of Sciences, China 

 
1.4°×1.4° 

CAS-FGOALS-f2 BNU and 
IAP/LASG, China 

100km x 100km 

CFS UCLA (CFS/SSiB2) University of California – 
Los Angeles, USA 

T126 (~1ºx1º) & 47 
vertical levels 

 
CMCC-SPS3 

Fondazione Centro euro-
Mediterraneo sui 

CambiamentiClimatici 
(CMCC), Italy 

ne30np4 (~ 111km grid 
spacing at the equator) & 
46 atmospheric vertical 

levels up to 0.2 hPa 
CNRM-CM6-1 AMIP CNRM, France Tl127 (~ 150 km), and 91 

levels up to 0.01 hPa 
CNRM-CM6-1 CMIP CNRM, France Tl127 (~ 150 km), and 91 

levels up to 0.01 hPa 
 
 

ECMWF-IFS 

ECMWF, 
United Kingdom 

Atmos: Tco199 (~25 km), 
91 vertical Levels 

Ocean: ORCA025 (~25 
km) 

75 vertical levels 
E3SM Lawrence Livermore 

National Laboratory, USA 
1o x 1o for atmosphere and 

land 
GRAPES GFS China Meteorological 

Administration, China 
0.5º x 0.5º 

IITM CFS Indian Institute of Tropical 
Meteorology, Ministry of 

Earth Sciences, India 

T126 (~1ºx1º) 
& 47 levels, up to 0.01 hPa 

JMA/MRI-CPS-2 Japan Meteorological 
Agency/Meteorological 
Research Institute, Japan 

Atmosphere: 110km, 
Ocean: 1° x 0.3-0.5° 

KIM HR (high resolution) Korea Institute of 
Atmospheric Prediction 
Systems, South Korea 

T254L64 
 

KIM LR(low resolution) Korea Institute of 
Atmospheric Prediction 
Systems, South Korea 

T126L42 
(~111km) 

NASA GEOS5 NASA Goddard Space Flight 
Center, USA 

1-degree 
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Table S2. 
Domain Coordinates of Hot Spots 

 
Hot Spot names Area boundary 

South of Yangtze River Basin 112E-121E and 24N-30N 
North of East Asia 120E-135E and 40N-50N 

East Africa 27E-37E and 3S-8N 
Sahel 12W-13E and 10.5N-16N 

Southern Great Plains 105W-90W and 30N-40N 
Central America 110W-87W and 13N-29.5N 

Northern South America 80W-51W and 4N-12.5N 
Northwest United States/Southwest  Canada 124W-105W and 45N-55N 

 
 5 
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