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Increasing heatwave intensity and mortality demand timely and accurate heatwave prediction. The
present study focused on teleconnection, the influence of distant land and ocean variability on local
weather events, to drive long-term heatwave predictions. The complexity of teleconnection poses
challenges for physical-based prediction models. In this study, we employed a machine learning
model and explainable artificial intelligence to identify the teleconnection drivers for heatwaves in
South Korea. Drivers were selected based on their statistical significance with annual heatwave
frequency (| R|> 0.3, p < 0.05). Our analysis revealed that two snow depth (SD) variabilities—a
decrease in the Gobi Desert and increase in the Tianshan Mountains —are the most important and
predictive teleconnection drivers. These drivers exhibit a high correlation with summer climate
conditions conducive to heatwaves. Our study lays the groundwork for further research into
understanding land—atmosphere interactions over these two SD regions and their significant impact

on heatwave patterns in South Korea.

Record-breaking heatwaves are becoming more frequent around the world'
and have significant detrimental effects on human mortality and economic
stability”™. The year 2023 was the hottest year on record and the first year in
which the daily global average temperature exceeded 1°C above pre-
industrial levels for every day of the year’. South Korea is among the regions
where warming is faster than that of the global average®. As average summer
temperatures rise, the number of people with heat illnesses continues to rise;
hence, early and accurate prediction of heat waves is paramount.
Teleconnection, the phenomenon whereby variability in distant land
and ocean influences the climate in other regions, is crucial to enhancing the
accuracy of long-term climate predictions. Heatwaves in South Korea are
significantly influenced by the formation of high-pressure systems, often
driven by large-scale atmospheric configurations such as the Scandinavian
(SCAND), CircumGlobal Teleconnection (CGT), and Pacific-Japan (P])
patterns’™'’. However, there have been changes over time in the impact of
these teleconnection patterns on heatwaves in South Korea in recent years,
including a weakened impact of the PJ pattern’ and CGT’, and a
strengthened impact of SCAND’. Climate change and its resultant changes
in land and ocean conditions are expected to complexify large-scale
atmospheric circulations, reducing the influence of traditional

teleconnection triggers and allowing new regional variabilities to emerge as
potential drivers'"".

Various land and ocean variables are known to substantially influence
upper atmospheric circulation, including snow depth (SD)""", soil moist-
ure (SM)'"%, sea surface temperature (SST)"*~*', and sea-ice concentration
(SIC)***. While General Circulation Models (GCMs) attempt to resolve the
interactions between these components and the atmosphere, accurately
representing these complex interactions remains a challenge™. In response
to this challenge, data-driven models have recently been adopted as they can
more easily capture these complex interactions with higher prediction
performance than physics-based approaches. These models utilize a range
of algorithms, including multi-linear regression (MLR), support vector
regression, and artificial neural networks, and leverage historical data to
reveal nonlinear relationships between these land and ocean variables and
specific climate conditions such as heatwaves or precipitation™ .

In data-driven modeling, the selection of input variables is critical for
identifying relationships with output variables, and contributes to increasing
forecasting skill*. Previous studies conducted correlation analysis on global
SST anomalies to identify potential teleconnection drivers for predicting
climate variability and identified the regions exhibiting high correlation as
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independent variables™ . For example, Lim and Seo™ selected three regions
of spring SST anomalies as input variables, built an MLR model to predict
the number of heatwave days, and achieved skillful prediction performance.
However, these studies only examined SST and used simple rectangular
boundaries, which may have contained a certain amount of noise.

This study aimed to identify predictive teleconnection drivers for
heatwaves in South Korea using machine learning (ML) and explainable
artificial intelligence (XAI). In constructing the input variables for ML, we
proposed a novel approach to finding potential teleconnection drivers from
multiple land and ocean variables by applying a clustering method rather
than using rectangular boundaries. We introduced SHapley Additive
exPlanation (SHAP) analysis”, an XAI method, to elucidate how selected
teleconnection drivers contribute to predictions within an ML model. We
also attempted to bridge the gap between theoretically important drivers
determined through SHAP analysis and their practical impact on the
summer climate. Our study provides a pioneering method for climate sci-
ence, utilizing the power of ML and XAI to decode the complex tele-
connections crucial for predicting heatwaves.

Results

Selected teleconnection drivers for heatwave prediction in
South Korea

Using the proposed clustering method for statistically significant pixels with
an annual heatwave frequency (HF) in South Korea (see Methods for
details), a total of 16 teleconnection drivers were identified (Fig. 1). The
variability in the SD was selected for two regions in December to February
(DJF) and four regions in March to May (MAM). The two DJF drivers were
in the Tianshan Mountains (DJF TM SD) and eastern Tibetan Plateau (DJF
ET SD). Four MAM drivers were positioned across the western and eastern
Eurasian continents (MAM WE SD and MAM EE SD), the Gobi Desert
(MAM GD SD), and northern China (MAM NC SD). Owing to the frozen
soil surface in winter, the variability in SM was investigated for MAM, and
three regions were selected: northwestern Mongolia and southern Russia
(MAM NM SM), northern China (MAM NC China), and central China
(MAM CC SM).

Regions associated with well-established teleconnection patterns were
selected for SST. The Indo-Pacific warm pool region (DJF IP SST and MAM
WP SST), central Pacific (MAM CP SST), and eastern tropical Pacific
(MAM EP SST) were related to the El Nifio-Southern Oscillation (ENSO).
In addition, the North Atlantic (DJF NA SST) was associated with the North
Atlantic Oscillation (NAO). The selected regions of SIC variability were

across the Barents and Kara seas (DJF BK SIC and MAM BK SIC), which are
noted for the greatest SIC decline in the Arctic Sea from 1979 to 2018™.

Predictability of selected teleconnection drivers in ML model
The light gradient boosting model (LGBM) algorithm™ is known for its
strengths in growing complex decision trees with high precision and pre-
venting overfitting even with a small sample size’>”. We hypothesized that
LGBM would excel in predicting HF and tested a total of nine regression
algorithms, including both the machine learning and linear regression
techniques (Supplementary Fig. 1). LGBM demonstrated superior perfor-
mance in terms of root mean square error (RMSE) and correlation coeffi-
cient (R) among the algorithms tested, we constructed the HF prediction
model using LGBM. The predictability for HF using teleconnection drivers
in the LGBM model was evaluated and compared with simple statistical and
climate models, MLR, and the Pusan National University Coupled GCM
(PNU CGCM). We used leave-one-year-out cross-validation (LOYOCV) to
evaluate the prediction performance, using as many samples as possible and
hindcast validation to compare prediction performance with the operational
climate model, PNU CGCM (see Methods for details). LGBM exhibited the
most superior predictability for HF in South Korea. LGBM consistently
outperformed MLR in RMSE, R, and mean square skill score (MSSS) for
both validation methods (Table 1). LGBM also achieved a lower RMSE
(4.303 days), higher R (0.756), and higher MSSS (0.488), outperforming
PNU CGCM, which had an RMSE of 6.586 days, an R 0of 0.264, and an MSSS
of —0.200.

Table 1 | Comparison of prediction performance for the Light
Gradient Boosting Model (LGBM), Multi-Linear Regression
(MLR), and Pusan National University Coupled General
Circulation Model (PNU CGCM) using leave-one-year-out
cross-validation (LOYOCYV) and hindcast validation

Model LOYOCV Hindcast validation

RMSE R MSSS RMSE R MSSS
LGBM 3.151 0.804 0.644 4.303 0.756 0.488
MLR 3.740 0.731 0.500 4.447 0.678 0.453
PNU - - - 6.586 0.264 —0.200
CGCM

Performance metrics —root mean square error (RMSE), correlation coefficient (R), and mean square
skill score (MSSS)—were computed by aggregating the outputs from individual annual predictions
for each model.

Fig. 1 | Geographical distribution of selected tel-
econnection drivers for heatwave frequency in
South Korea. The map shows the location of
selected teleconnection drivers for heatwave fre-
quency in South Korea. Climate components
include snow depth (SD), soil moisture (SM), sea
surface temperature (SST), and sea-ice concentra-
tion (SIC) during winter (December-January-Feb-
ruary) and spring (March-April-May). Clusters
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Even though the MLR utilized same input variables as the LGBM
model, it showed inferior prediction skills. The differences in RMSE, R, and
MSSS between MLR and LGBM highlight the advantages of using advanced
ML techniques for HF prediction. Notably, LGBM’s ability to capture non-
linear relationships and complex interactions among teleconnection drivers
likely enhances its performance. In contrast, MLR establishes a linear
relationship between multiple teleconnection drivers and HF, which may
not fully capture the underlying complexity. LGBM’s various hyperpara-
meters were meticulously optimized by evaluating a range of parameter
combinations and selecting the optimal one based on the lowest mean
squared error. We tested various parameters (see Methods for details), and
examples of the distribution of mean squared errors for each parameter
setting can be seen in Supplementary Fig. 2.

In the annual time series of LOYOCV (red solid line in Fig. 2a),
we observed that the HF predicted by the LGBM model closely
matched the reference HF calculated from the in situ daily maximum
temperature (Tmax). In the annual time series of hindcast validation
(red solid line in Fig. 2b), we observed that the predicted HF showed
a slight increase in the deviation from the reference HF. This higher
accuracy of LOYOCV could be due to the use of all available data for
training, except for the predicted year. In hindcast validation, annual
HF predictions were created by integrating that year’s data into the
training sample for the following year without using future data (see
Methods). The inability to learn the most recent patterns in hindcast
validation is thought to contribute to lower accuracy. As demon-
strated in the gray area of Fig. 2b, the calibration performance was
impacted by the iterative updates to the training samples, leading to a

wide range of calibrated outputs that improved as the diversity and
quantity of samples rose.

Even under hindcast validation, LGBM outperformed PNU CGCM
(blue solid line in Fig. 2b) for years with significant heatwaves, such as 2012,
2013, and 2016. Moreover, LGBM maintained close alignment with the
observed HF in the recent years of 2020 and 2021, when the PNU CGCM
predictions showed large divergences. This underscores the usefulness and
robustness of the LGBM model in capturing years with extreme cases.

A crucial component of predictability evaluation goes beyond R and
RMSE computations and pertains to the model’s capacity to forecast
interannual variation within classification criteria (less normal, normal, or
above normal). To assess the categorical predictability, we constructed a
contingency table using +1 standard deviation from the observed HF as the
threshold (Table 2). The “Above normal” category exhibited a precision of
0.833 and a recall of 0.714, indicating that the LGBM model correctly
predicted “Above normal” in 83% of instances and captured 71% of actual
extreme heatwave years. Notably, LGBM correctly predicted the extreme
heatwaves in 1973, 1994, 2013, 2016, and 2018. The “Normal” category
exhibited a precision of 0.896 and a recall of 0.876, indicating that the LGBM
model accurately predicted and captured the year having heatwaves as
normal. The LGBM model performance in the “Less normal” category was
lower, with the tendency of underrating years with normal HF as “Less
normal” and overrating years with low HF as “Normal.”

Contribution of drivers to HF predictions within the ML model
SHAP values represented whether each selected teleconnection driver had
an increasing or decreasing impact on the HF predictions within the LGBM

Fig. 2 | Time series of observed and predicted a 30 ! ]
. ===+ Observed HF
heatwave frequency (HF) in South Korea. 25 _

a Observed HF (black dotted line) and predicted HF
from the light gradient boosting model (LGBM)
model in the leave-one-year-out-cross-validation
(LOYOCV) approach (red solid line). b Observed
HEF (black dotted line), predicted HF (red solid line),
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in the hindcast approach (gray shaded area), and
predicted HF from Pusan National University
(PNU) Coupled General Circulation Model (blue
solid line).
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Table 2 | Contingency table assessing the categorical predictability of Heatwave Frequency (HF) using the Light Gradient

Boosting Model (LGBM) model

Observed HF
Less normal Normal Above normal Precision
Predicted HF Less normal 4 5 0 0.444
Normal 3 43 2 0.896
Above normal 0 1 5 0.833
Recall 0.571 0.876 0.714

The table categorizes HF predictions into three categories: less normal, normal, and above normal, based on +1 standard deviation from observed HF.
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Fig. 3 | Time series of SHAP values for teleconnection drivers. The x-axis
represents the years 1960 to 2022. The teleconnection drivers are arranged on the
y-axis in descending order of their mean absolute SHapley Additive exPlanation
(SHAP) values, meaning that drivers higher on the y-axis more strongly influence
heatwave frequency (HF) prediction. Red (positive SHAP values) denotes

teleconnection drivers that increase the HF prediction output, while blue (negative
SHAP values) denotes teleconnection drivers that decrease the HF prediction out-
put. The color gradient represents the intensity of the SHAP values, with darker
shades indicating stronger influences.
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Fig. 4 | Scatter plots of the top eight important input features. The top eight
teleconnection drivers with high mean absolute SHapley Additive exPlanation
(SHAP) values are shown: (a) MAM GD SD; (b) MAM BK SIC; (c) MAM EP SST;
(d) MAM WE SD; (e) DJF TM SD; (f) DJF ET SD; (g) MAM WP SST; (h) MAM NC
SM. The full names of teleconnection drivers denoted by acronyms in the legend are
listed in Supplementary Table 1. The x-axis indicates the anomaly values of input
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features, which are normalized to a range between -4 and 4. This normalization
facilitates the comparison of features with different scales and units by bringing them
to a common range. The y-axis indicates the SHAP values. To discern temporal
changes in the anomalies and SHAP values, the data points are color-coded (purple,
red, blue, and yellow), corresponding to four periods: 1960-1975, 1976-1990,
1991-2005, and 2006-2022, respectively.

model, and how much of an impact. A closer examination of Fig. 3 revealed
that MAM GD SD was the most influential driver. The order of the y-axis in
Fig. 3 suggests that MAM variables had more substantial influences than
DJF variables. However, there are a few exceptions; DJF TM SD and DJF ET
SD were placed near the top, whereas MAM CC SM, MAM EE SD, and
MAM MR SM were around the bottom. Higher-ranked drivers generally
had a strong positive or negative correlation with HF; however, some
exceptions were observed. For example, despite having one of the lowest R-
values, MAM EP SST was the fifth most important variable. In addition,
MAM EE SD had an R-value of 0.43 and MAM WE SD had an R-value of
—0.44; however, MAM EE SD was the 14th most important variable, and
MAM WE SD was the 7th most important variable.

After analyzing the overall impact ranking of teleconnection drivers
based on their mean absolute SHAP values, we further investigated the
directionality of their impact on HF predictions. The scatter plots in
Fig. 4 illustrate the relationship between the anomalies in the input
features and their SHAP values. Many scatter plots have a discrete
relationship rather than a linear one because the characteristics of
LGBMs that construct decision trees to make predictions can cause the
SHAP value to remain the same over a range of feature values. The
variables in the first row negatively contributed to the model output,

indicating that their positive anomalies corresponded to a decrease in
the predicted HF and vice versa. The variables in the second row had
positive contributions, indicating that their positive anomalies corre-
sponded to an increase in the predicted HF. For example, in the LGBM
model, the below-normal SD in the MAM GD SD and MAM WE SD
regions, the below-normal SIC in the MAM BK SIC, and the below-
normal SST in the MAM EP SST resulted in higher predictions of HF. In
contrast, the above-normal SD in the DJF TM SD and DJF ET SD
regions, the above-normal SST in the MAM WP SST region, and the
above-normal SM in the MAM NC SM region resulted in higher pre-
dictions of HF. The remaining eight drivers also exhibited negative or
positive relationships; however, their magnitudes were not as large as
those of the top eight variables, as shown in Supplementary Fig. 3.

We divided the study period into quarters and colored them differently
to visualize how the influence of these drivers evolved. A notable shift in the
behavior of the MAM GD SD over time was evident (Fig. 4a). It showed high
fluctuations in past data, but its variability was reduced and it exhibited
predominantly negative anomalies in recent data. This trend toward more
negative anomalies and positive SHAP values in recent years, as highlighted
by the yellow dots, was similarly observed for other variables, such as MAM
EP SST (Fig. 4c) and MAM WE SD (Fig. 4d). This implies that the influence
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Fig. 5 | Heatmap of SHAP interaction values. Each entry represents the mean absolute SHapley Additive exPlanation (SHAP) interaction value of a pair of features.
Diagonal entries represent the independent impact on its own; off-diagonal entries represent the interaction between a pair of features.

of the variable on model predictions changed significantly, suggesting a
greater and more stable influence on increasing HF predictions in
recent years.

SHAP interaction values can show the magnitude of the pairwise
contribution between input features on the model output, as shown in Fig. 5.
Although most pairs exhibited zero or small values, indicating the pre-
dominance of individual contributions, specific interactions were promi-
nent. First, the MAM variables tended to have higher SHAP interaction
values, implying that within-season interactions among MAM drivers are
more influential than those among DJF drivers. In addition, SHAP inter-
action values were observed between the MAM and DJF drivers, mainly
driven by DJF TM SD and DJF ET SD. Such interaction values support the
inter-seasonal interaction between snow conditions over the TP and various
MAM conditions, and synergistically impact Korean HFs. For example, DJF
TM SD strongly interacted with MAM WP SST, implying that their
interaction has a considerable impact on HF predictions. Their thermo-
dynamic linkages and possible contributions to Korean summer climate
variability have been addressed in many previous studies™*. MAM GD SD
had a substantial individual influence on HF prediction (Fig. 3) but with
minimal interaction effects with the other drivers, except for a slight inter-
seasonal interaction with DJF ET SD and DJF CP SST.

Impact of important SD drivers on actual summer climate in
South Korea

To understand the connection between the best predictive drivers of HF
determined through XAI and the summer climate system, we conducted
a composite analysis. This involved comparing the average conditions
during the positive and negative phases of two important SD drivers:
MAM GD SD and DJF TM SD. Positive and negative phases were
defined as years when each SD driver’s anomaly value was above 0.5
standard deviations or below —0.5 standard deviations. Notably, MAM
GD SD was linked to increased HF during its negative anomalies (Fig.
4a). Consequently, we examined the average summer climatic condi-
tions during the negative phase of MAM GD SD. We found that these

conditions during negative phase of MAM GD SD was closely aligned
with those favorable for heatwaves in South Korea. Therefore, we created
composite maps by subtracting the average conditions of the positive
phase from the negative phase for MAM GD SD (Fig. 6), and the reverse
for DJF TM SD based on Fig. 4e. (Fig. 7).

During the negative phase of MAM GD SD, the composite maps of
geopotential heights at 850-hPa, 500-hPa, and 200-hPa (Z850, Z500, and
7200) showed positive values over South Korea (Fig. 6a—c). This indicates the
formation of a strong ridge in the lower troposphere and extension to higher
altitudes, implying a stable atmosphere. Such atmospheric stability is typically
associated with hot and dry summers. The observed high 2-m temperature
(T2M) and low precipitation in South Korea supported these conditions (Fig.
6e, f). Specifically, the strong ridge results in higher atmospheric pressure and
subsidence, which suppress cloud formation and precipitation, leading to
increased temperatures and reduced rainfall. Moreover, during this phase,
similar stable atmospheric conditions were observed in Northern Europe and
the North Pacific. This pattern suggests a potential connection between
MAM GD SD and the occurrence of heatwaves in these regions, indicating
that the influence of MAM GD SD might extend beyond South Korea.

In addition, the anomalous large-scale circulation patterns were
observed during the negative phase of MAM GD SD compared to cli-
matological mean patterns depicted with contours in composite maps.
For example, the extension of the Tibetan High into northern East Asia,
including South Korea, is evident in the Z200 composite map (Fig. 6¢).
Similarly, the Z500 composite map (Fig. 6b) shows a northward shift of
the Western North Pacific Subtropical High (WNPSH) extending to
South Korea. The composite map of the zonal wind at 200-hPa (U200)
(Fig. 6d) showed strong easterlies dominating East Asia, coupled with
strong westerlies across its northern extent of East Asia (Fig. 6d). The
meridional tri-pole patterns in both U200 and Z200 and a northward
displacement of the East Asian Subtropical Jet (EAS]) were observed.
This tri-pole pattern was also observed in the U200 patterns of 1994 and
2018 when South Korea experienced extreme heatwaves', supporting
the potential of MAM GD SD as an indicator of extreme heatwaves. The
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Fig. 6 | Composite maps of summer tropospheric conditions between the nega-
tive and positive phases of the MAM GD SD. The positive phase indicates when
MAM GD SD’s anomalies were higher than 0.5 standard deviation, and the
negative phase indicates when its anomalies were lower than -0.5 standard
deviation. The negative phase of MAM GD SD is associated with heatwaves over
South Korea. To highlight the impact of negative phase, composite maps are
created by subtracting the mean condition during the positive phase from that

during the negative phase. Six tropospheric variables are analyzed: (a) 850-hPa
geopotential height, (b) 500-hPa geopotential height, (c) 200-hPa geopotential
height, (d) 200-hPa zonal wind, (e) 2-m temperature, and (f) precipitation.
Warmer colors (e.g., red) highlight higher values during the negative phase,
whereas cooler colors (e.g., blue) indicate lower values during the negative phase
compared to those of the positive phase. Black lines denote the climatological
mean conditions for the period 1979-2020.

northward displacement of the EAS] and the inflow of humid easterlies
from the Pacific Ocean are vital synoptic conditions for the formation
and northwestward extension of the WNPSH, a critical element in East
Asian summer climate variablity'**.

During the positive phase of DJF TM SD, the composite maps of Z850,
7500, and Z200 showed positive values over South Korea, accompanied by
high T2M and low precipitation (Fig. 7). Although these patterns are less
intense than those of MAM GD SD over South Korea (Fig. 6), they still
indicate stable atmospheric conditions conducive to hot and dry summers.
Additionally, distinct zonal wave patterns characterized by alternating posi-
tive and negative values in geopotential heights were observed over the
Eurasian continent (Fig. 7a—c). These patterns represent vertically coherent
atmosphere structures that can significantly impact local weather conditions,
as evidenced by the corresponding T2M (Fig. 7e). The di-pole pattern over the

western North Pacific, likely extending from Z850 to Z500, could be related to
the positioning of ridges and troughs in the lower troposphere, which
influences the paths of moisture transport (Fig. 7f). In the upper troposphere,
easterlies were evident over East Asia and westerlies to the north, indicating a
northward shift of EAS] compared to its climatological mean location
depicted by the contour lines (Fig. 7d). Furthermore, the northward exten-
sions of both the WNPSH and the Tibet High were also observed (Fig. 7b, c).

Discussion

Through comprehensive SHAP analysis, we identified SD variability over the
Gobi Desert (MAM GD SD) and Tianshan Mountains (DJF TM SD) as the
most significant teleconnection drivers influencing HF predictions in South
Korea. To verify the predictability of HF by these two drivers in the LGBM
model, we conducted LOYOCV under three conditions: without MAM GD
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Fig. 7 | Composite maps of summer tropospheric conditions between the positive
and negative phases of the DJF TM SD. The definition of positive and negative
phase is same with MAM GD SD. The positive phase of DJF TM SD is related to the
heatwaves over South Korea, so composite maps are drawn by subtracting the mean
condition during the negative phase from that during the positive phase. Six tro-
pospheric variables are analyzed similar to Fig. 6: (a) 850-hPa geopotential height,
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(b) 500-hPa geopotential height, (c) 200-hPa geopotential height, (d) 200-hPa zonal
wind, (e) 2-m temperature, and (f) precipitation. Warmer colors (e.g., red) highlight
higher values during the positive phase, whereas cooler colors (e.g., blue) indicate
lower values during the positive phase compared to those of the negative phase. Black
lines denote the climatological mean conditions for the period 1979-2020.

SD, without DJF TM SD, and without both MAM GD SD and DJF TM SD
(Supplementary Table 2 and Supplementary Fig. 4). When MAM GD SD was
removed, the R of the LGBM model decreased from 0.804 to 0.687, and an
increase in the RMSE from 3.15 days to 3.96 days. When DJF TM SD was
removed, the R decreased to 0.756 and RMSE increased to 3.48 days.
Removing both drivers yielded R and RMSE values nearly identical to those
observed with the removal of MAM GD SD alone. The time series of pre-
dicted HF under these three conditions show significant misalignment
without MAM GD SD (blue line in Supplementary Fig. 4) and relatively
smaller discrepancies without DJF TM SD (green line in Supplementary Fig.
4). Further analysis of the absolute differences between the original prediction
errors and those following the removal of MAM GD SD and DJF TM SD
confirmed that errors significantly increased when MAM GD SD was
removed (blue bars in Supplementary Fig. 5), and also increased when DJF
TM SD was removed (green bars in Supplementary Fig. 5), indicating its
important impact on HF prediction. These findings emphasize the critical

roles of both MAM GD SD and DJF TM SD in accurate HF prediction,
though the impact of DJF TM SD impact is less pronounced than that of
MAM GD SD.

Our composite analysis revealed a significant correlation between these
SD drivers and the formation of robust vertically coherent atmospheric
ridges, along with positive anomalies in T2M and negative anomalies in
precipitation (Figs. 6 and 7). The average troposphere conditions when the
two SD drivers highly contributed to the HF predictions were similar to
those when extreme heatwaves occurred in South Korea'’, such as north-
ward movement of the EASJ, moisture inflow from easterlies, and des-
cending air with clear sky over South Korea (Figs. 6 and 7).

The region of MAM GD SD, the Gobi Desert, has experienced notable
aridification, driven by a positive feedback loop between SM depletion and
temperature increase” . This environmental change correlates with
regional increases in surface solar radiation, air temperature, and Z200
(Supplementary Fig. 6). Notably, MAM GD SD showed a dramatic decrease
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in recent years, displaying a clear inverse trend with South Korean HF (blue
line in Supplementary Fig. 7). These associations support the potential role
of MAM GD SD in influencing large-scale circulation, as other studies have
emphasized the influence of land-atmosphere interactions on upper
atmospheric circulation®**. In addition, the teleconnection pattern of
MAM GD SD was similar to the SCAND pattern, characterized by a zonally
oriented EAS]. We generated regression maps of Z200 for MAM GD SD
and SCAND (Supplementary Fig. 8a, c¢) and calculated the Structural
Similarity Index Measure (SSIM), which measures the similarity between
images in range of 0 to 1 (see Method in detail). Two Z200 regression maps
for MAM GD SD and SCAND showed high similarity, particularly in the
mid-latitudes from Europe to East Asia, with an overall SSIM of 0.859
(Supplementary Fig. 8¢). The SCAND pattern was consistent with the Z200
pattern regressed on recent heatwave patterns in East Asia (Fig. 5a and Fig.
9a of Choi et al.’), which is known to increase wave propagation from
Eurasia to East Asia, leading to upper-level stationary waves and prolonged
heatwaves in East Asia’. The similarities of Z200 patterns regressed on
MAM GD SD, SCAND, and recent East Asian heatwaves suggest that
MAM GD SD is intricately connected with large-scale atmospheric
responses associated with heatwaves in South Korea.

The teleconnection pattern of DJF TM SD was similar to the
double-trough type (DT-type) of summertime anomalous circulation
over Eurasia analyzed by Yang and Wang"' (Fig. 7a—c). To compare
these patterns, the June-July—August (JJA) Z500 pattern representing
the DT-type was constructed following the description in Yang and
Wang"' (Supplementary Fig. 8d). In addition, the JJA Z500 pattern for
DJF TM SD to calculate SSIM between them is depicted in Supple-
mentary Fig. 8b. The similarities, including the alternation of troughs
and ridges over Eurasia, were evident with high SSIM values across
Eurasia and an overall SSIM of 0.901 (Supplementary Fig. 8f). Notably,
years corresponding to the DT-type of Yang and Wang"' were char-
acterized by a strongly extended WPSH, and were also the years when
DJF TM SD had noticeably high positive SHAP values. This is con-
sistent with DJF TM SD contributing substantially to the model’s
performance in predicting high HF and summer conditions favorable
for heatwaves. Snowfall in the Tianshan Mountains, a vital component
of DJF TM SD, is strongly influenced by moisture inflow from the
North Atlantic with mid-latitude westerlies over Eurasia®. Although
studies investigating the direct impact of DJF TM SD on Eurasian
summer circulation are still sparse, the fact that these wind systems are
major contributors to Eurasian summer circulation supports the
hypothesis that the DJF TM SD is deeply connected to this existing
global teleconnection system.

However, the precise mechanisms by which MAM GD SD and DJF
TM SD affect heatwaves in South Korea remain to be fully elucidated. This
study provides important insights into the complex interactions between
local land surface changes and their impact on heatwaves in South Korea
through large-scale atmospheric patterns. We believe that this study lays a
foundation for future research to delve deeper into the underlying
mechanisms of land surface variability over the Gobi Desert and Tianshan
Mountains, and particularly how they contribute to heatwave patterns in
South Korea. A further in-depth analysis of their mechanisms could sig-
nificantly improve prediction abilities for extreme weather events, including
heatwaves.

Some limitations of the study are as follows: One of the primary lim-
itations is the small number of training samples. The target variable, annual
HEF, inherently restricts the sample size. Generally, machine learning models
rely heavily on sample size and may not generalize well beyond the trained
data patterns. To assess the impact of sample size on our LGBM model’s
performance, we conducted a bootstrapping analysis, training and pre-
dicting 100 times with 70-90% random sampling from the dataset (Sup-
plementary Fig. 9). Fortunately, the average prediction across the 100
bootstrap samples remained stable, even as the sample size decreased. This
suggests that the model’s predictive behavior is consistent, although the
variance in predictions increases as sample size decreases, leading to

increased uncertainty and decreased precision. Another limitation is the
sensitivity of the LGBM model to hyperparameters. The performance of
LGBM can vary significantly based on the parameter settings, requiring
extensive parameter tuning to identify the optimal combination. In this
study, we addressed this issue by carefully optimizing the hyperparameters
through grid search and cross-validation, ensuring optimal predictive per-
formance (Supplementary Fig. 2). Despite these efforts, this process is
computationally intensive and time-consuming, limiting our ability to test
all parameters. Consequently, inherent uncertainty remains in determining
the optimal parameters, potentially affecting the robustness and reliability of
the model’s predictions

Additionally, we developed a predictor screening strategy by clustering
statistically significant points related to HF for each climate component
(SST, SIC, SD, and SM) into teleconnection drivers using the density-based
spatial clustering of applications with noise (DBSCAN) algorithm (Fig. 1).
Based on a comprehensive review of previous studies, we defined the
potential regions and seasons for each climate component (Supplementary
Table 3). This clustering method effectively groups densely located, highly
correlated points into arbitrary shapes. However, it may not detect newly
emerging drivers that could significantly influence South Korean heatwaves.
Future research should consider alternative approaches for identifying new
drivers, such as globally analyzing land and ocean variables to uncover
additional significant predictors.

Methods

Land and ocean variables

We used global monthly SST and SIC data at a resolution of 1° x 1° from the
Hadley Center Sea Ice and Sea Surface Temperature™. The amount of water
in the soil (“volumetric soil water layer 1”) and the extent and amount of
snow over land (“snow depth”) from the European Center for Medium-
Range Weather Forecasts Reanalysis (ERA5) monthly averaged data®,
which provided a fine spatial resolution of 0.25° x 0.25°, were used.

In situ temperature data and HF

The daily maximum temperatures measured at 103 in situ stations were
obtained from the Korean Meteorological Administration’s (KMA)
Automated Synoptic Observing System. As a dependent variable, the
total number of days that a heatwave occurred in July and August was
calculated for the period 1960-2022 using these in situ temperature
data and referred to as the HF. We chose 33 °C as the threshold of
heatwave occurrence; this is the temperature at which the KMA issues a
heatwave warning.

Selection of teleconnection drivers

We comprehensively reviewed previous studies and selected the potential
regions and seasons for each of the land and ocean variables (SST, SIC, SD,
and SM) to be explored (Supplementary Table 3 and Supplementary Fig.
10). Subsequently, we computed the nonlinear correlation between HF and
each climate component using Spearman’s rank correlation coefficient (R)
and identified the statistically significant points (| R| > 0.3, p <0.05). Adja-
cent significant points were clustered into teleconnection drivers using
DBSCAN. DBSCAN is an algorithm that clusters large spatial datasets into
arbitrary shapes based on the radius and minimum number of points in the
neighborhood without a predetermined number of clusters or extensive
domain expertise®. The overall flow of selection teleconnection drivers is
illustrated in Supplementary Fig. 11. The anomaly values of the pixels within
each cluster were averaged and detrended and then used as input variables
for the HF prediction models.

LGBM algorithm

LGBM is an advanced gradient-boosting algorithm that utilizes decision
trees’’. It can grow complex trees by using a leaf-wise strategy that
sequentially generates new trees from an existing tree, resulting in high
precision”. However, it is prone to overfitting; therefore, LGBM provides
several additional settings to prevent overfitting. One of the key components
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of LGBM is gradient-based one-side sampling (GOSS). GOSS strategically
focuses on data instances with larger gradients, which indicate higher errors.
LGBM can maintain robust and effective performance with smaller sample
sizes than other ML algorithms because incorrectly predicted instances are
typically more informative and contribute significantly to model
improvements™.

For the LGBM model, parameter tuning was performed using the
‘GridSearchCV’ function in the Python scikit-learn library. It evaluated all
possible combinations of given hyperparameters and selected the optimal
parameter set based on achieving the lowest mean squared error in cross-
validation. The hyperparameters fine-tuned included the number of leaves
(‘num_leaves’), learning rate (‘learning rate’), number of estimators
(‘n_estimators’), bagging fraction (‘bagging fraction’), and two lambda
parameters (‘lanbda_l1" and ‘lambda_I2’). The ‘num_leaves’ controls the
complexity of the model, where more leaves potentially increasing accuracy
of model but also increase the risk of overfitting. The ‘learning rate’
determines the step size at each iteration, with smaller values providing
robustness but requiring more boosting rounds. The ‘n_estimators’ specifies
the number of boosting rounds or trees, where more estimators generally
improve performance but increase training time. The ‘bagging fraction’
introduces randomness by specifying the fraction of data used in each
iteration, aiding in overfitting control. Finally, lambda_l1" and Tambda_I2’
are regularization terms that penalize model complexity to prevent
overfitting.

HF prediction modeling and evaluation

Using the selected teleconnection drivers as input features, we predicted the
annual HF in South Korea using the LGBM regression model. Model per-
formance was assessed using the RMSE, R, and MSSS. R and RMSE are the
most popular metrics*™*, and MSSS is widely used particularly in atmo-
spheric forecasting”*”'. Two validation approaches were adopted: LOYOCV
and hindcast validation. LOYOCV evaluated the model performance by
constructing a total of 63 models from 1960 to 2022, each with one case as
the test year and the remaining 62 cases as training samples. Hindcast
evaluated the model performance by constructing 21 models from 2002 to
2022, each with one target year to predict, and then updating that sample as
the training sample. A diagram of the two validation methods is shown in
Supplementary Fig. 12. The hyperparameters of the LGBM model were
optimized through grid search across both validation approaches. For
comparative analysis, we utilized MLR and PNU CGCM, representing a
traditional statistical model and an operational climate model, respectively.

MLR

MLR is a traditional data-driven method widely used to predict a dependent
variable based on linear relationships with multiple independent variables.
MLR models these relationships by fitting a linear equation to observed data.
The general formula of an MLR model is:

Y=8+BX +BX+ - +5X,+e€

where Y is a dependent variable, X, X,, ---, X, are independent vari-
ables, B, is a y-intercept, 3, f3,, - - -, f3, are coefficients of corresponding
independent variables, and € is an error term. In this study, MLR served as a
comparative model for LGBM model, using the same independent variables
(teleconnection drivers) and dependent variable (annual HF) to ensure
consistency. Additionally, MLR underwent the same validation approaches
(LOYOCYV and hindcast validation) and evaluation metrics (RMSE, R, and
MSSS) as the LGBM model

PNU CGCM

PNU CGCM participates in the multimodel ensemble system for the long-
term prediction of the Asia-Pacific Economic Cooperation Climate
Center’>”, The model is composed of the National Centers for Environ-
mental Prediction Community Climate Model version 3* for atmosphere
GCM, Geophysical Fluid Dynamics Laboratory Modular Ocean Model

version 37 for ocean GCM, and Los Alamos National Laboratory
Elastic-Viscous-Plastic™” for Sea-Ice Model. The seasonal prediction skills
with atmosphere—ocean interaction in PNU CGCM are comparable to
other state-of-the-art models, especially the notable high prediction per-
formance in East Asia®™*’. Additionally, it is conducive to examining
extreme events owing to the production of seasonal predictions at an hourly
resolution. In this study, HF predictions were produced for five different
initial months (December to May), and five ensemble members for each
initial month were generated using the time-lag method™. The production
of initial states and ensemble members for the prediction is explained in
detail by Kim and Ahn™ and Lee et al.”.

SHAP analysis

SHAP analysis has been widely adopted to interpret the impact of input
variables on ML model outputs’. The SHAP value was determined by
averaging the changes in the model output over all possible combinations of
input variables”. Generally, the average absolute SHAP value across all
instances describes the strength of the impact of the input variables on the
model output, with a greater value indicating a greater influence of the
variable. As SHAP values represent both the independent and interaction
effects of the input variables, we also used SHAP interaction values, which
can provide additional insights into complex pairwise contributions to the
model output beyond individual contributions. The SHAP interaction value
is calculated as the difference in the SHAP value for one feature in the
presence or absence of another feature®. First, we plotted a time series of the
SHAP values, and a teleconnection driver was drawn to determine the order
of variable importance and temporal evolution. Next, we plotted scatterplots
of the anomalies in the input features and their corresponding SHAP values
to determine whether the impact of each input feature was positive or
negative. Finally, we plotted a heat map of the SHAP interaction values to
determine whether there were additional significant interactions that
affected the model output.

Composite analysis

While SHAP analysis provided valuable interpretations of teleconnection
drivers in ML models, it is important to understand these drivers within the
context of actual summer climate dynamics. To determine if the MAM GD
SD and DJF TM SD were indeed key drivers of Korean heatwaves, we
performed a composite analysis, a widely used method for analyzing the
influence of triggers on weather events®**>. The composite map was pro-
duced by subtracting the average conditions of the years when the anomalies
of SD variables exceeded 0.5 standard deviations (positive phase) from those
when the anomalies of SD variables were lower than —0.5 standard devia-
tions (negative phase). This approach helps highlight differences in climatic
conditions associated with the different phases of SD drivers. Typically, a
threshold of 1 standard deviation has been used for such analyses, but in this
study, a threshold of 0.5 standard deviation was selected to ensure a suffi-
cient sample size for meaningful analysis.

We focused on several well-known summer climate dynamics
affecting heatwaves in South Korea, including the WNPSH, the Tibet
high (also known as the South Asian high), and the EAS]J. Accordingly,
we selected the Z500, 2200, and U200 for our analysis. Additionally, we
examined conditions in the lower troposphere, including T2M, pre-
cipitation, and Z850. The Z200, Z850, U200, and T2M were obtained
from the ERA5 reanalysis dataset, and precipitation data were from
Multi-Source Weighted-Ensemble Precipitation (MSWEP). These
variables were averaged over July-August, when heatwaves intensify in
South Korea, and were prepared for the period 1979 to 2022, given the
availability of data from MSWEP. In addition, the climatological mean
values of each atmospheric circulation pattern are depicted with black
contour lines (Figs. 6 and 7). Especially, we adjusted the level of contours
to give additional information of Tibetan High (12,480 gpm) in 200-hPa
geopotential height composite maps and the Western North Pacific
Subtropical High (5880gpm) in 500-hPa geopotential height
composite maps.
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SSIM
The SSIM is a widely used metric to compare the similarity between
images™***. SSIM values range from 0 to 1, and higher values indicate higher
similarity. In this study, we calculated SSIM values between teleconnection
patterns using the ‘ssim” function in MATLAB. The pixel-wise SSIM was
calculated using a sliding window of size 11 x 11 under the default setting,
and the overall SSIM was calculated by averaging all pixel-wise SSIM values.
To calculate SSIM between teleconnection patterns related to DJF TM
SD and DT-type circulation, the ‘circulation index (CI)’ defined by Yang
and Wang"' was calculated. The CI describes the anomalous characteristics
of summertime circulation over the Eurasian mid-high latitude using JJA
mean Z500 anomalies. They classified double-ridge type (DR-type) when
normalized CI was greater than +1 standard deviation and DT-type when
the normalized CI was less than -1 standard deviation.

Data availability

All data used in this study are publicly available. Monthly SST and SIC data
were downloaded from https://www.metoffice.gov.uk/hadobs/hadisst/.
Monthly SD, SM, T2M, and solar radiation data were provided in ‘ERA5
monthly averaged data on single levels from 1940 to present’ (https://cds.
climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-
monthly-means?tab=form). Monthly Z850, Z200, and U200 data were
provided in ‘ERA5 monthly averaged data on pressure levels from 1940 to
present’(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-
era5-pressure-levels-monthly-means?tab=overview). Precipitation data can
be downloaded from the MSWEP website via a Google Drive link after
approval (https://www.gloh20.org/mswep/). In situ daily temperatures
measured by KMA’s ASOS in South Korea can be downloaded from the
KMA  Weather Data Service (https://data.kma.go.kr/data/grnd/
selectAsosRltmList.do?pgmNo=36). The SCAND index was downloaded
from the homepage sharing teleconnection indices operated by the National
Oceanic and Atmospheric Administration Climate Prediction Center
(https://www.cpc.ncep.noaa.gov/data/teledoc/scand.shtml).

Code availability

The MATLAB and python codes used in this study are available from the
first author or corresponding author upon reasonable request. Maps shown
in this paper and Supplementary Information were drawn using M_Map®,a
mapping package for MATLAB, available online at www.eoas.ubc.ca/~rich/
map.html.
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