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Abstract
In recent years, the damages resulting from abnormal hydrometeorological climate have substantially
increased over the world due to the climate variability and change. Especially, the �ood damage has been
severely occurred during the �ood season almost every year in Korea. For an example, we had the localized
heavy rainfalls for 54 days in �ood season of 2020 and had huge property damage and loss of life.
Therefore, the study needs to be conducted to improve the predictive power of seasonal time-scale
forecasts spanning one to several months for the damage reduction and prevention. In this regard, this
study aims to provide a priori predictions (several months ahead) of the climate variable at target sites with
a statistical method based on teleconnection with global climatic conditions. Herein, the paradigm of the
temperature and precipitation prediction in the Geum river basin in Korea is presented. The purposes of the
study are also (1) to analyse the characteristics of summer temperatures and precipitation according to the
occurrence of El Niño/La Niña and (2) to suggest a seasonal prediction model that can consider the effects
of the occurrence of El Niño and La Niña during the �ood season. The model is constructed by classifying
the data period into El Niño, La Niña, and neutral status. Then we have shown that the prediction model
improves the predictive power for the predictions of climate variables such as temperature and
precipitation at midlatitude stations which Korea is located. Therefore, this study demonstrates the
possibility of improving the predictive power for forecasting temperature and precipitation by the prediction
model considering climate variability.

Introduction
The frequency and magnitude of extreme events (e.g., droughts, �oods) are increasing worldwide. The
seasonal forecasting that considers changes in the climate variables on a scale spanning one to several
months can be more effective for managing the extreme events than long-term forecasting (Wood and
Lettenmaier, 2006). Previous studies have statistically predicted the regional climate (e.g., temperature,
precipitation) of a target site based on global scale-climate variables, such as sea surface temperature
(SST) and geopotential height (GPH), through teleconnection. Statistical analysis methods, such as
multiple regression analysis and machine learning techniques, have been mainly applied to predict climate
variables such as temperature and precipitation based on teleconnection (Asong et al., 2018, Cho et al.,
2016, Kim et al., 2018, Lee et al., 2018, Sittichok et al., 2018). In recent years, the studies have also been
conducted on El Niño–Southern-oscillation (ENSO) teleconnection as a climate variability factor that
affects the global climate for seasonal forecasting (Amarasekera et al., 1997, Bonsal et al., 2001, Broman
et al., 2020, Denise et al ., 2017, Feng et al., 2020, Korecha and Sorteberg, 2013, Mamalakis et al., 2018,
Meißner et al., 2017, O’Reily et al., 2018, Seibert et al., 2017, Shabbar and Yu, 2012, Shabbar and
Khandekar, 1996, Silva et al., 2019); however, the accuracy and reliability of the seasonal forecasting
techniques are still inadequate. It is because that the seasonal climate is affected by various climate
factors, such as air currents in the tropical ocean and Artic oscillation, especially in midlatitude regions,
including Korea (Cai et al., 2011, Cho et al., 2016, Cao et al., 2017, Lee, 2015, Lee et al., 2016, Gerlitz et al.,
2016, He and Wang, 2013, He et al., 2017, Kim and Ahn, 2012, Nur'utami and Hidayat, 2016, Ouyang et al.,
2014, Park and Ahn, 2016, Qiu et al., 2014, Singhrattna et al., 2005).
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The Korean Peninsula is located on the western border of the North Paci�c Ocean and is in�uenced by the
El Niño and La Niña phenomena. Therefore, there is large seasonal variability in precipitation and the
studies have been conducted on the teleconnection between the precipitation in Korea and ENSO events.
Say, Cha et al. (1999) analysed the relationship between ENSO and the climate in Korea, showing that El
Niño has the tendency to modulate temperature. Kim et al. (2008) analysed the effects of ENSO on the
frequency and spatial distribution characteristics of rainfall in Korea. Lee et al. (2016) identi�ed the
climatic teleconnections between ENSO and midlatitude precipitation over South Korea. Previous studies
have either analysed the relationship between ENSO and the climate or made seasonal predictions using
climate variables; however, there is yet to be a study on the seasonal prediction of climate variables
considering climate variabilities, such as El Niño and La Niña.

Therefore, this study aims to perform seasonal prediction of climate variables considering the effects of El
Niño/La Niña on the climate in Korea. Particularly, seasonal predictions of the �ood season temperature
and precipitation using lagged teleconnection with SST and GPH were performed. Section 2 brie�y
describes the El Niño/La Niña phenomenon and the seasonal prediction method based on lagged
teleconnection. In addition, the evaluation indicators used to assess the predictive power of the seasonal
prediction model are described. In Sect. 3, the temperature and precipitation characteristics according to
the occurrence of El Niño/La Niña are analysed. Section 4 provides a discussion of the results and
conclusions.

Materials And Methods
2.1. Study Area and Data Collection

a. Study Area

In this study, the Geum River basin in Korea with an area of 9645.5 km² and river length of 384.8 km was
selected for the analysis (Fig. 2). The Geum River is the third largest river in South Korea and �ows from
the central inland to the West Sea (Kim, 2012). The elevation of the Geum River is not as high as the other
rivers, but its river length is considerable with a smooth river slope and wide plain developed in the
downstream region. The total area of the basin is composed of 62% forests, 15% rice paddies, and 11%
�elds, while the rest of the area is composed of urbanized areas, grasslands, and bare lands (Ahn, 2013).

b. Hydrometeorological Data

The study was performed based on data collected from six weather stations (Cheongju, Daejeon,
Chupungryeong, Boeun, Buyeo, and Geumsan). For the analyses, the monthly mean temperature and
precipitation data from the Meteorological Administration's Automated Surface Observing System (ASOS)
were collected. Table 1 lists the observation periods and speci�cations of each weather station. Figure 3
shows the monthly mean temperatures at the six weather stations, demonstrating a similar pattern with
relatively equal values. Figure 4 shows the monthly precipitation values at the six weather stations,
showing relatively large monthly precipitations in Cheongju and Buyeo in August 1995, and in Boeun and
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Daejeon in August 1998. In addition, less rainfall was recorded during the �ood season (June to
September) in 2013 and 2015.

c. Climate seasonal forecast data

The SST and GPH data provided by NCEP/NCAR were collected as the global climate data. The SST
anomaly was used to examine the correlation of the weather data at the different weather stations and the
GPH data at 850 hPa, which exhibits a high correlation with the weather change, was used. The ranges of
the SST and GPH data are listed in Tables 2 and 3.

The analysis data used were obtained from 1993 to 2016, which is the available range from the weather
stations. As this study aims to obtain seasonal prediction during the �ood season, the data from June to
September within the period of analysis was used. The data from June 1993 to September 2012 were used
to build the model and the data from June 2013 to September 2016 were used for the veri�cation.

2.2. El Niño and La Niña Phenomena
El Niño refers to a phenomenon in which the SST in the tropical Paci�c Ocean is higher than its usual
value, lasting for several months or longer. This occurs due to the interaction between the ocean and
atmosphere in the tropical Paci�c Ocean, particularly the weakening of the east–west trade winds at the
equator. When the trade winds are weakened, the regions with strong convective activity in the Western
Paci�c expand and move to the mid-Paci�c region. As the seawater moves to the east due to the changes
in atmospheric circulation, the thermocline in the Eastern Paci�c region deepens and SST rises, leading to
a change in the atmosphere. In contrast, the opposite occurs for La Niña, in which SST in the mid-Paci�c
region is lower than its usual value.

When the �ve consecutive 3-month running mean of the SST anomaly is + 0.5°C or higher in the tropical
Paci�c Niño 3.4 region (5°S to 5°N, 170°W to 120°W), which is the most commonly used region for
monitoring El Niño and La Niña, the �rst month is deemed as the beginning of El Niño. Conversely, when
the �ve consecutive 3-month running mean of the SST anomaly is − 0.5°C, the �rst month is regarded as
the beginning of La Niña. El Niño and La Niña phenomena occur in the tropical Paci�c region, but they
affect global weather and climate, including the global temperature and precipitation, through the
teleconnection of the atmosphere and ocean.

2.3. Seasonal Prediction Model for Temperature and
Precipitation based on Lagged Teleconnection
Global climate model (GCM) is known to reproduce atmospheric �uctuations more accurately on a global
scale than a detailed climate distribution on a regional scale. Therefore, the indirect prediction of the long-
term climate of a region based on identifying the factors that directly or indirectly affect the regional
climate using GCM is expected to have better performance. The method used to estimate the local climate
using the correlation between the regional climate, and oceanic and atmospheric circulation over a wide
area is called “statistical downscaling”.
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Statistical downscaling is an indirect downscaling method used in predicting precipitation and temperature
in a target basin based on the observed data, which are observed climate factors that have been acquired
either present or recently. This is done by considering the lag time that may exist between the global-scale
climate pattern and precipitation or temperature in the target basin. The predictors are calculated based on
past observations and are only considered when the lag time is greater than the lead time, considering the
lag time between the climate factor and dependent variables (Choi and Moon, 2013, Kim et al., 2008, Kim
and Park, 2010, Kim et al., 2007, Kim and Kim, 2010, Schepen et al., 2012, Wang et al., 2008).

In this study, the SST and GPH data provided by the National Centres for Environmental Prediction and
National Centre for Atmospheric Research (NCEP/NCAR) were used as the observed climate factors to
predict the monthly mean temperatures and precipitation. The delayed teleconnection of 1–6 months
between the dependent variables and the global climate factors were considered. The time series of the
most correlated grid was extracted to construct the prediction model, as shown in Fig. 1.

In this study, the data period for constructing the prediction model was classi�ed as El Niño, La Niña, and
neutral status. The observational temperature and precipitation data, SST anomaly, and GPH data were
classi�ed for each period. Seasonal prediction was performed by constructing the model based on the
teleconnection analysis according to the lag time.

2.4. Predictive Power Evaluation Indices
In this study, the normalized root-mean-square error (NRMSE) and mean absolute percentage error (MAPE)
were used as indices to evaluate the predictive power of the model. The correlation coe�cient is an index
ranging from − 1 to 1 that shows the degree of linear relationship between the prediction and observation
data. The correlation coe�cient of 1 and − 1 represents the positive and negative correlation between the
prediction and observation, respectively. NRMSE is obtained by dividing the RMSE by the range of
observation (maximum − minimum); the closer the NRMSE is to 0 (%), the smaller the difference between
the prediction and observation data. MAPE is the degree that accounts for error in the prediction; the closer
the MAPE is to 0 (%), the smaller the difference between the prediction and observation data. These indices
are calculated as follows:

 …1

 …2 

where, yi denotes the observation,  denotes the prediction, n denotes the number of data, and
Max(yi) and min(yi) denote the maximum and minimum observations, respectively.

Results
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3.1. Analysis of Weather Characteristics During the Flood Season according to the Occurrence of El Niño
and La Niña

To identify the effects of ocean and atmospheric �uctuations on the summer temperature and precipitation
in Korea considering the El Niño and La Niña phenomena, the data were classi�ed into El Niño, neutral, and
La Niña. The characteristics of the temperature and precipitation during each period were compared and
analysed. The results were obtained by comparing the distribution of the monthly mean temperature and
precipitation data for each state during the �ood period from June 1993 to September 2016.

From the distribution of the monthly mean temperature in the form of a box plot based on the
classi�cation of the periods (Fig. 5), the monthly mean temperature during the El Niño period was 19–
28.1°C and the mean value was lower with a wider range of distribution compared with the neutral and La
Niña periods. The deviation range of the quartile values for each classi�cation was less than 1°C and there
were no signi�cant characteristics for all studied periods (Table 4).

From the distribution of the monthly precipitation in a box plot for each classi�cation (Fig. 6), the largest
mean and range were noted in the La Niña period, followed by the neutral and El Niño periods. During the El
Niño period, the mean monthly precipitation was 181.7 mm with a median of 145.7 mm. Meanwhile, the
mean was 263.7 mm with a median of 216.7 mm during the La Niña period, indicating a wider range of
distribution. In the case of the neutral period, the mean was 232.1 mm and the median was 209.7 mm,
demonstrating values between those of the El Niño and La Niña periods. For the distribution of the monthly
precipitation (Table 5), there were differences for each classi�ed period, suggesting that the climate factors
of the El Niño and La Niña periods directly or indirectly in�uenced the monthly precipitation during the
�ood season.

One-way analysis of variance (ANOVA) was performed to quantitatively analyse the statistical signi�cance
in the difference in the distribution of each classi�cation. This analysis method is used to compare the
variation between and within three or more groups to determine the signi�cance of the difference between
them. The results of the analysis based on the division of the monthly precipitation and mean temperature
as a function of the classi�cation of the period are listed in Tables 6 and 7. The F-ratio is the ratio of the
mean-of-squares between and within the groups. If the P-value is within 5% of the signi�cance level, the
difference between the groups was considered signi�cant. For the monthly mean temperature, the P-value
was 0.25, indicating that the difference between the groups was not signi�cant. In contrast, the P-value for
the monthly precipitation was 0.02, suggesting a statistically signi�cant difference. Therefore, the data
characteristics for the period of each status should be re�ected to predict the monthly precipitation.

Precipitation during the �ood season is known to be affected by the El Niño and La Niña phenomena. Every
summer, the warm and humid North Paci�c anticyclone from the southwest of the Korean peninsula rises
to the north, and the cold and humid Okhotsk sea anticyclone descends from the northeast and forms a
seasonal rain front. If El Niño occurs during this period, the trade winds, which blow from east to west and
cause the spread of hot water from the Western to the Eastern Paci�c, are weakened. Correspondingly, the
North Paci�c anticyclone, which develops in the east of Japan, fails to receive su�cient water vapor,
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thereby considerably inhibiting its development. As the force of the North Paci�c anticyclone is weakened,
the seasonal rain front cannot be formed or cannot move to the north, thereby affecting the southern
region only. Therefore, the occurrence of El Niño during the rainy season results in a “dry rainy season” with
considerably lower rainfall. Accordingly, the precipitation decreases compared to the same period in a
normal year and the number of typhoons also decreases. This further results in a decrease in the
precipitation in the second rainy season during the late summer. In contrast, the opposite occurs due to the
La Niña phenomenon. Particularly, when La Niña occurs in the summer, the number of typhoons in the
Korean Peninsula increases and the precipitation during the second rainy season tends to increase.

This identi�es the impacts of El Niño and La Niña on precipitation during the �ood season in Korea. Based
on this, the impacts on temperature were considered insigni�cant. Therefore, developing a model to predict
monthly precipitation in the summer considering the classi�cation of the period (El Niño/La Niña/neutral)
would increase the predictive power.

3.2. Seasonal Climate Prediction based on Lagged Teleconnection

a. General Seasonal Prediction based on Teleconnection

To identify the climate factors that will be used as independent variables for the prediction model of
temperatures and precipitation in the target basin, the correlation between the meteorological data, and
global-scale ocean and atmospheric climate data were analysed. The monthly mean temperature and
observation data collected from the six weather stations were used as the representative values. The
global-scale SST anomaly and GPH data from the same period were also used. The correlation coe�cient
was calculated for each grid in the GCM considering the lag time (1–6 months).

A linear regression model was constructed to predict temperature and precipitation using the SST anomaly
and GPH data with the highest correlation calculated for each lag time. The time series data of the grid
with the highest correlation coe�cient (for a lag time greater than the lead time) was used as the
independent variable of the prediction model. For example, to achieve accurate predictions one month
ahead, all teleconnection climate factors selected with lag times of 1–6 months can be used as
independent variables. However, for predictions two months ahead, the teleconnection climate factors with
a lag time of one month were excluded. Table 8 lists the equations of the prediction model for temperature
and precipitation based on teleconnection as a function of lag time. In the model, the SST anomaly and
GPH were expressed as SST and GPH, respectively, and the numbers in the parentheses indicate the lag
time.

The results obtained by the prediction model for the monthly mean temperature are shown in Fig. 7 and
Table 9. As shown in the graphs, the prediction values were slightly higher than the observation results
obtained in September 2014 for lead times in the range of 1–4 months and temperature was generally
underestimated from July to August 2013. Nonetheless, the trend of the observation matched well with the
general prediction for all lead times.
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The results obtained by the prediction model for the monthly precipitation are shown in Fig. 8 and Table
10. As shown in the graphs, the trends of the observation data and predicted were similar with slight
overestimations. Speci�cally, for the results from the �ood season of 2015, the prediction was considerably
greater than the actual precipitation, which has a low value.

The prediction model was evaluated using the correlation coe�cient between the predicted and observed
monthly mean temperatures and precipitation for each lead time. In Table 11, the correlation coe�cient
was 0.6 or higher for the monthly mean temperature for all lead times. With the exception of the predicted
results obtained for a lead time of six months, outstanding results with a correlation coe�cient of 0.7 were
obtained. For the predicted monthly precipitation, the overall correlation coe�cient was less than 0.3
regardless of the lead time. Therefore, the prediction model based on lagged teleconnection was applicable
to the monthly mean temperature but not to the monthly precipitation.

b. Development and Application of the Prediction Model Considering the Occurrence of El Niño and La Niña
Phenomena

In the previous section, the prediction obtained by the general prediction model for monthly precipitation
did not simulate the observation well for the �ood season of 2015 when El Niño occurred. Therefore, in this
study, a model for predicting the monthly mean temperature and precipitation was presented considering
the effects of El Niño and La Niña.

To consider the effects of the El Niño and La Niña phenomena, the training period from June 1993 to
September 2012 was divided into three stages: El Niño, La Niña, and neutral. Table 12 shows the training
period classi�ed as either El Niño, La Niña, and neutral. The observed temperature and precipitation data,
and SST anomaly and GPH data were established according to the classi�cation of the status. A
regression model was constructed based on the analysis of the teleconnection as a function of the lag
time. After constructing three prediction models for each status, the monthly mean temperature and
precipitation were predicted using their corresponding model during the veri�cation period of June 2013 to
September 2016. Table 13 shows the classi�cation of the veri�cation period.

The prediction model methods for the monthly mean temperature and precipitation based on the effects of
El Niño and La Niña were referred to as the “modi�ed method” to distinguish it from the general method.
The results of the prediction model for the monthly mean temperature using the modi�ed method are
shown in Fig. 9 and Table 14. According to the results, the prediction re�ected the tendency of the
observation data except for the prediction with a lead time of 6 months. In addition, the temperature
predictions in June 2015 were overestimated for all lead times. The results of the prediction model for the
monthly precipitation using the modi�ed method are shown in Fig. 10 and Table 15. In the resulting graphs,
the precipitation was overestimated but the predicted precipitation was reduced in 2015 as the drought
during this period was considered.

The modi�ed prediction model was evaluated using the correlation coe�cient between the predicted and
observed monthly mean temperatures and precipitation for each lead time. As shown in Table 16, the
predicted monthly mean temperature demonstrated a correlation coe�cient ≤ 0.6 for all lead times and the
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predicted monthly precipitation demonstrated a correlation coe�cient in the range of 0.43–0.65 depending
on the lead time.

c. Comparison of the Results of the Seasonal Prediction Models

In this section, a comparative analysis of the predicted results obtained using the modi�ed method and
general method was performed, and the applicability of the modi�ed method was evaluated. The
correlation coe�cients of the predicted results obtained using the general method and modi�ed methods
with the observed results were obtained as a function of the lead time. The NRMSE and MAPE values are
listed in Tables 17 and 18. In comparison of the results obtained using the two methods, lower NRMSE and
MAPE values denote better predictive power.

Comparing Figs. 7 and 9, the general method accurately predicted the temperature, which corresponds with
the observed values, while the modi�ed method overestimated the temperature in some periods.
Comparing the evaluation indicators in Table 7, the predicted results obtained by applying the general
model were more accurate than the modi�ed method. For the monthly precipitation, the general method
overestimated the values during 2015, which was likely caused by the effects of El Niño on precipitation.
As a result of the application of the modi�ed method, which considered the effects of El Niño, the
prediction errors of the 2015 results were reduced. The results in Table 18 suggest that the modi�ed
method achieved outstanding results, except for the NRMSE results with lead times of 5 and 6 months.
However, the NRMSE results obtained by the general method and modi�ed method were relatively similar.
Therefore, it is more advantageous to apply the general model to predict the average monthly temperature
data and the modi�ed model to predict the monthly precipitation data.

Discussion
To explain the teleconnection between each climate factor, and the monthly mean temperature and
precipitations in the target basin, the global-scale GPH and SST anomaly data are presented in Appendix A
starting from 5 months before the beginning of the �ood season (January) to the end of the �ood season
(September) from 1993 to 2016. The years with the highest total precipitation were 1998, 2011, and 2003;
the years with the lowest total precipitation were 2015, 1994, and 2001. The years with the highest monthly
mean temperatures were 2010, 2013, and 2016; the years with the lowest monthly mean temperatures were
1993, 2003, and 2002 (Figure A1).

Among the three years with the highest total precipitation, La Niña occurred during the �ood season in
1998 and 2011. In 2003, the SST anomaly data suggested the lower SST in the El Niño and La Niña
monitoring regions, which is attributed to the strengthened east–west trade wind. For these years, SST
increased in the Western Paci�c waters during the �ow season from June to September. Conversely, in the
years with the lowest total precipitation, El Niño occurred in 2015 and 1994. While the SST in the sea area
near the Korean peninsula was higher than the surrounding area during the �ood season in 1994 and 2001,
the SST in the Philippine Sea was lower than that in the surrounding area. In 2015, the SST in all Western
Paci�c waters were consistently low during the �ood season. Contrary to the years with the high levels of
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precipitation, the east–west trade wind was weakened and the hot water from the Western Paci�c region
spread wider toward the Eastern Paci�c region.

Meanwhile, high GPH anomaly data were noted from the mid-Paci�c to the Korean regions during the years
with the highest total precipitation in the order of 1998, 2011, and 2003. In the years with the lowest total
precipitation, low GPH values, in the order of 2015, 1994, and 2001, were observed in the coastal waters of
Peru in the Eastern Paci�c region from April to May, which migrated in the northwest direction during the
�ood season to eventually pass the Korean Peninsula during the �ood season. Therefore, the results here
indicate that the monthly GPH distribution affected the precipitation during the �ood season.

The correlation between the monthly mean temperature and SST anomaly data suggested that the
monthly mean temperature is closely associated with the SST in the Korean seas. In other words,
regardless of the SST in the surrounding sea areas, the monthly mean temperature varies according to the
SSTs in the Korean Seas. The high and low monthly mean temperatures were predicted when the GPH near
the Korean Peninsula was high and low, respectively.

In summary, precipitation was affected by the occurrence of El Niño and La Niña, change in the SST of the
seawater, which moved from the Paci�c equator to the Western Paci�c and Indian Ocean, and change in
the GPH, which moved from the Eastern Paci�c region in the northwest direction. The monthly mean
temperature was only affected by the SST and GPH near the Korean Peninsula, indicating that the El Niño
or La Niña phenomena have no signi�cant effects on the teleconnection.

The grids with the highest teleconnection coe�cient were used as the predictors of the general model and
modi�ed method according to the lag time (Appendix B and C). From Appendix B, it is di�cult to determine
signi�cant characteristics by looking at the position of the grid displayed in the SST anomaly data as a
function of lag time. However, by observing the position of the grid displayed in the GPH data, the grids of
the midlatitudes are characterized by a high positive correlation.

In the case of the delayed teleconnection coe�cients for the El Niño, La Niña, and neutral states in
Appendix C, the grid with a high correlation coe�cient of the SST anomaly with the monthly precipitation
during the El Niño and La Niña periods moved toward the West Paci�c region from the equator at a lag
time of six months to one month (Figures C1 and C3). From the correlation coe�cients of the GPH with the
monthly precipitation during the El Niño and La Niña periods, positive correlations gradually appeared in
the northwest direction across the Paci�c Ocean in the waters near Peru during the La Niña period and
negative correlations were observed during the El Niño period with high positive correlations at its edge
(Figures C1 and C3). In the neutral period, a grid with a position similar to that of the general model in
Appendix B was selected for the monthly precipitation and a grid with a midlatitude position selected
similar to that in Appendix B was selected for the monthly mean temperature (Figure C2).

Therefore, the model improved by taking into consideration the climate factors that affect the actual
precipitation using the modi�ed method with the classi�ed period. The monthly mean temperature was not
directly affected by the occurrence of El Niño or La Niña phenomena, as indicated by the insigni�cant
difference in the results obtained using the general model and modi�ed method.
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Conclusions
This study attempted to achieve seasonal predictions using delayed teleconnection considerations the
effects of the El Niño or La Niña phenomena on the temperature and precipitation during the �ood season.
By comparing the results obtained by the general and modi�ed methods, the predictive power for
precipitation improved using the modi�ed method. In contrast, there was no signi�cant difference found in
terms of the predictive power for the temperature. Thus, it is more appropriate to use the general method to
predict temperature. This was also con�rmed by the global-scale GPH and SST anomaly data of the years
with the highest and lowest monthly mean temperatures and precipitations, and the positions of the grids
used as the predictors for the study model in the Appendices. Therefore, this study improved the predictive
power for precipitation at midlatitude points that are heavily affected by climate variability, including El
Niño and La Niña. Based on the results, future studies could improve the predictive performance for
seasonal climate by considering more climate factors associated with teleconnection.
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Tables
Table 1. Speci�cations of the observation weather station included in the study 

Observation station Longitude

(degree)

Latitude

(degree)

Benchmark elevation

(EL.m)

Start of operation (Year)

Cheongju 127.441 36.639 57.160 1967

Daejeon 127.372 36.372 68.940 1969

Chupungryeong 127.995 36.220 244.730 1937

Boeun 127.734 36.488 174.99 1972

Buyeo 126.921 36.272 11.330 1972

Guemsan 127.482 36.106 170.350 1972

Table 2. Range of the provided sea surface temperature (SST) data

Name Range

Longitude 0.5°E to 0.5°W, by 1° (N = 360)

Latitude 89.5°S to 89.5°N, by 1° (N = 180)

Time November 1981 to September 2019, by month (N = 445)

Table 3. Range of the provided geopotential height (GPH) data

Name Range

Longitude 0°W to 2.5°W, by 2.5° (N = 144)

Latitude 90°N to 90°S, by 2.5° (N = 73)

Pressure 1000 hPa to 10 hPa (N = 17)

Time January 1949 to September 2019, by month (N = 849)

Table 4. Distribution of the monthly temperature according to the classi�cation of the period 
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  [unit:  ]

Classi�cation El Niño Neutral La Niña

Minimum 19.0 18.3 20.3

First quartile 20.5 21.5 21.5

Median  22.2 23.0 23.3

Mean 22.6 23.2 23.4

Third quartile 24.7 25.2 25.0

Maximum 28.1 26.8 26.8

Table 5. Distribution of the monthly precipitation according to the classi�cation of the period  

[unit:  ]

Classi�cation El Niño Neutral La Niña

Minimum 23.7 16.4 68.2

First quartile 87.3 125.0 162.2

Median  145.7 209.7 216.7

Mean 181.7 232.1 263.7

Third quartile 270.5 307.2 381.4

Maximum 491.0 646.0 579.4

Table 6. ANOVA results for the monthly mean temperature

Factor Sum-of-
squares

Degrees-of-
freedom

Mean
square

F-
ratio

P-
value

F critical
value

Between
groups

14.45 2 7.23 1.38 0.25 2.33

Within group 991.69 189 5.25      

Total 1,006.14 191        

Table 7. ANOVA results for the monthly mean precipitation 
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Factor Sum-of-
squares

Degrees-of-
freedom

Mean
square

F-
ratio

P-
value

F critical
value

Between
groups

159,458.8 2 79,729.41 3.91 0.02 2.33

Within groups 3,857,516 189 20,410.14      

Total 4,016,975 191        

Table 8. Temperature and precipitation prediction model based on the teleconnection as a function of the
lag time
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Table 9. Results of the temperature prediction model based on teleconnection
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Month and year of
prediction

Observation

(°C)

Prediction by lead time (°C)

1
month

2
months

3
months

4
months

5
months

6
months

June 2013 23.2 23.2 23.0 22.5 22.3 22.8 21.0

July 2013 26.2 25.4 25.1 24.6 24.8 25.2 24.3

August 2013 26.8 25.1 24.8 24.4 24.5 24.9 24.1

September 2013 20.4 19.7 19.5 19.2 19.7 21.5 20.7

June 2014 22.2 22.8 22.5 22.0 21.9 22.2 21.9

July 2014 25.1 26.2 26.0 25.6 25.3 26.1 24.8

August 2014 23.5 26.2 25.9 25.3 25.1 25.7 24.3

September 2014 20.5 23.2 23.9 22.5 24.2 21.9 21.5

June 2015 22.3 24.6 24.7 23.3 23.1 24.3 22.3

July 2015 24.5 26.4 26.2 25.7 25.7 26.3 25.7

August 2015 25.1 26.3 25.9 25.1 25.0 25.2 24.5

September 2015 20.1 21.7 21.3 20.5 20.5 21.0 21.2

June 2016 22.7 23.1 22.8 22.3 22.3 22.4 20.6

July 2016 25.7 25.6 25.1 24.3 24.2 24.9 24.2

August 2016 26.7 26.1 25.2 24.2 24.1 25.1 23.7

September 2016 21.4 22.1 21.7 21.5 21.6 24.2 25.1

Table 10. Results of the precipitation prediction model based on teleconnection
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Month and year of
prediction

Observation

(mm)

Prediction according to lead time (mm)

1
month

2
months

3
months

4
months

5
months

6
months

June 2013 157.1 189.9 172.1 147.0 237.8 207.9 285.5

July 2013 226.9 379.0 363.8 342.7 397.0 326.0 299.8

August 2013 134.9 283.6 288.8 281.5 276.1 224.4 220.8

September 2013 134.9 185.9 167.1 160.1 180.2 222.3 262.6

June 2014 94.3 225.7 206.6 158.3 131.8 106.1 155.5

July 2014 137.1 374.7 379.6 340.4 305.9 289.8 259.0

August 2014 296.8 310.9 300.3 301.1 282.0 193.4 200.5

September 2014 118.3 102.4 89.3 67.8 47.7 141.5 194.9

June 2015 99.5 355.9 395.1 341.1 271.6 217.2 261.7

July 2015 145.7 408.5 386.3 325.0 261.1 254.7 237.9

August 2015 70.2 378.2 396.3 306.3 264.5 232.3 246.0

September 2015 23.7 388.6 404.6 345.5 328.0 272.0 216.9

June 2016 55.6 202.5 188.4 134.8 103.6 85.8 -6.2

July 2016 367.7 394.9 396.7 343.5 289.0 266.0 256.0

August 2016 68.2 466.6 495.7 382.1 381.9 320.0 290.9

September 2016 150.9 271.6 276.4 238.3 225.3 246.0 285.7

Table 11. Correlation coe�cient of the prediction models based on teleconnection according to lead time 

Lead time 1
month

2
months

3
months

4
months

5
months

6
months

Correlation
coe�cient

Monthly mean
temperature

0.82 0.76 0.80 0.73 0.78 0.63

Monthly
precipitation

0.11 0.05 0.19 0.22 0.21 0.28

Table 12. Classi�cation of the training periods 
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Period Status Period Status Period Status Period Status

06/1993 El Niño 06/1998 Neutral 06/2003 Neutral 06/2008 Neutral

07/1993 El Niño 07/1998 Neutral 07/2003 Neutral 07/2008 Neutral

08/1993 El Niño 08/1998 La Niña 08/2003 Neutral 08/2008 Neutral

09/1993 El Niño 09/1998 La Niña 09/2003 El Niño 09/2008 Neutral

06/1994 El Niño 06/1999 La Niña 06/2004 El Niño 06/2009 El Niño

07/1994 El Niño 07/1999 La Niña 07/2004 El Niño 07/2009 El Niño

08/1994 El Niño 08/1999 La Niña 08/2004 El Niño 08/2009 El Niño

09/1994 El Niño 09/1999 La Niña 09/2004 El Niño 09/2009 El Niño

06/1995 Neutral 06/2000 Neutral 06/2005 Neutral 06/2010 Neutral

071995 Neutral 07/2000 Neutral 07/2005 Neutral 07/2010 La Niña

08/1995 Neutral 08/2000 Neutral 08/2005 Neutral 08/2010 La Niña

09/1995 Neutral 09/2000 Neutral 09/2005 Neutral 09/2010 La Niña

06/1996 Neutral 06/2001 Neutral 06/2006 Neutral 06/2011 Neutral

07/1996 Neutral 07/2001 Neutral 07/2006 Neutral 07/2011 Neutral

08/1996 Neutral 08/2001 Neutral 08/2006 El Niño 08/2011 La Niña

09/1996 Neutral 09/2001 Neutral 09/2006 El Niño 09/2011 La Niña

06/1997 El Niño 06/2002 El Niño 06/2007 Neutral 06/2012 Neutral

07/1997 El Niño 07/2002 El Niño 07/2007 Neutral 07/2012 Neutral

08/1997 El Niño 08/2002 El Niño 08/2007 Neutral 08/2012 Neutral

09/1997 El Niño 09/2002 El Niño 09/2007 La Niña 09/2012 Neutral

Table 13. Classi�cation of the veri�cation period

Period Status Period Status Period Status Period Status

06/2013 Neutral 06/2014 Neutral 06/2015 El Niño 06/2016 Neutral

07/2013 Neutral 07/2014 Neutral 07/2015 El Niño 07/2016 Neutral

08/2013 Neutral 08/2014 Neutral 08/2015 El Niño 08/2016 La Niña

09/2013 Neutral 09/2014 Neutral 09/2015 El Niño 09/2016 La Niña

Table 14. Results of the temperature prediction model using the modi�ed method
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Month and year of
prediction

Observation

(℃)

Prediction according to lead time (℃)

1
month

2
months

3
months

4
months

5 months 6
months

June 2013 23.2 22.5 23.3 22.1 20.9 20.7 25.7

July 2013 26.2 25.1 25.8 24.9 24.8 24.7 28.0

August 2013 26.8 24.7 25.1 24.5 24.0 23.9 26.0

September 2013 20.4 20.1 20.3 19.7 20.6 20.7 25.1

June 2014 22.2 23.4 24.0 22.8 21.4 21.2 27.7

July 2014 25.1 26.1 26.5 25.6 24.5 24.5 28.7

August 2014 23.5 24.7 25.6 24.7 24.1 23.8 26.5

September 2014 20.5 22.5 22.5 21.4 20.6 20.8 26.7

June 2015 22.3 30.3 31.6 28.7 27.9 28.6 31.9

July 2015 24.5 26.4 26.4 25.5 25.3 25.4 25.9

August 2015 25.1 24.5 24.4 24.5 24.6 23.8 23.9

September 2015 20.1 18.7 18.8 20.0 20.3 20.5 20.8

June 2016 22.7 22.0 23.3 22.3 21.4 21.3 25.1

July 2016 25.7 25.1 26.4 24.8 23.9 23.8 28.6

August 2016 26.7 19.9 26.0 26.1 27.2 26.2 29.6

September 2016 21.4 26.2 26.4 26.8 28.1 24.4 29.7

Table 15. Results of the precipitation prediction model using the modi�ed method
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Month and year of
prediction

Observation

(mm)

Prediction according to lead time (mm)

1
month

2
months

3
months

4
months

5 months 6
months

June 2013 157.1 237.7 287.0 281.6 276.1 227.7 310.9

July 2013 226.9 410.8 467.3 464.1 467.6 436.9 424.6

August 2013 134.9 263.1 403.4 401.6 399.9 343.6 315.0

September 2013 134.9 185.6 138.4 137.0 171.3 251.0 349.7

June 2014 94.3 300.6 339.3 328.4 328.3 268.3 364.4

July 2014 137.1 395.8 515.4 508.8 511.1 481.2 473.0

August 2014 296.8 318.2 416.5 407.1 422.8 369.0 350.1

September 2014 118.3 68.2 236.2 214.6 219.4 219.4 314.2

June 2015 99.5 422.9 397.5 391.1 413.6 240.5 334.7

July 2015 145.7 404.9 319.6 306.1 315.8 274.6 359.6

August 2015 70.2 256.6 252.5 183.1 169.1 216.0 243.6

September 2015 23.7 0.0 0.0 0.0 0.0 54.5 128.1

June 2016 55.6 241.3 321.5 316.4 308.6 253.4 300.1

July 2016 367.7 362.9 503.1 485.4 492.2 444.4 428.9

August 2016 68.2 325.5 571.2 346.2 289.2 318.3 194.7

September 2016 150.9 211.2 302.0 134.5 170.5 174.2 148.6

Table 16. Correlation coe�cient according to the lead time using the modi�ed method

Lead time 1 month 2 months 3 months 4 months 5 months 6 months

Correlation
Coe�cient

Monthly
mean
temperature

0.27 0.48 0.53 0.47 0.53 0.28

Monthly
precipitation

0.43 0.46 0.56 0.61 0.65 0.56

Table 17. Comparison of the predicted results of the monthly mean temperature obtained using the general
and modi�ed model according to the lead time
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Lead time Correlation coe�cient NRMSE (℃) MAPE (%)

Statistics Statistics Statistics

General Modi�ed General Modi�ed General Modi�ed

1 month 0.8 0.3 21.8 46.3 5.2 9.2

2 months 0.8 0.5 22.9 43.4 5.3 8.2

3 months 0.8 0.5 20.0 34.3 4.5 6.5

4 months 0.7 0.5 22.5 37.1 4.8 7.1

5 months 0.8 0.5 21.4 32.5 5.2 6.7

6 months 0.6 0.3 26.4 65.7 6.0 15.9

Table 18. Comparison of the predicted results of the monthly precipitation obtained using the general and
modi�ed model according to the lead time

Lead time Correlation coe�cient NRMSE (mm) MAPE (%)

Statistics Statistics Statistics

General Modi�ed General Modi�ed General Modi�ed

1 month 0.1 0.4 60.0 39.3 244.9 127.1

2 months 0.1 0.5 62.1 44.8 251.3 141.6

3 months 0.2 0.6 48.6 37.1 198.3 133.6

4 months 0.2 0.6 44.7 42.5 182.6 169.3

5 months 0.2 0.7 37.1 38.8 148.2 134.4

6 months 0.3 0.6 37.5 38.1 148.3 140.4

Figures



Page 25/31

Figure 1

Prediction model for temperature and precipitation based on the teleconnection between precipitation and
temperature. SST is the sea surface temperature and GPH is the geopotential height. The prediction model
was constructed by extracting the time series of the grid with the highest correlation. T and P denote the
monthly mean temperature and precipitation, respectively; and a, b, c, a', b', and c' are the regression
coe�cients for the time series of the grid with the highest correlation in the SST anomaly and GPH data.
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Figure 2

Geum river basin in Korea as the study area.

Figure 3



Page 27/31

Monthly mean temperature at the six weather stations in Geum river basin (January 1993 to December
2016)

Figure 4

Monthly precipitation at the six weather stations in Geum river basin (January 1993 to December 2016)

Figure 5
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Distribution of the monthly mean temperature as a function of classi�cation of the period

Figure 6

Distribution of the monthly precipitation as a function of the classi�cation of the period

Figure 7
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Results of the temperature prediction model based on teleconnection

Figure 8

Results of the precipitation prediction model based on teleconnection

Figure 9
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Results of the modi�ed temperature prediction model

Figure 10

Results of the modi�ed precipitation prediction model

Figure 11

Observed data of the monthly precipitation and mean temperature during the �ood season from June 1993
to September 2016.
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