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In the context of South Korea’s recurring drought challenges, this study explores season-ahead predictability of
hydrological drought, focusing on Bayesian autoregressive modeling incorporating stochastic volatility. To better
understand uncertainty, our approach integrates Bayesian inference and stochastic volatility, with comparisons
of conventional autoregressive (AR), autoregressive with exogenous variables (ARX), and autoregressive exog-
enous with stochastic volatility (ARXSV) models. Our study explores the integration of climate-based information
with statistical modeling, presenting a comprehensive framework for water resource management. We aim to
predict June-July—August (JJA) streamflow and to assess the influence of large-scale climate predictors, such as
the sea surface temperature and sea level pressure associated with the North Atlantic Oscillation. The method-
ology encompasses exploratory data analyses, the use of hydrological drought indices, and considerations related
to dam operation. The research provides tailored season-ahead streamflow forecasts specifically for the critical
monsoon season JJA, where hydrometeorological variability is paramount. By incorporating climate information
within a Bayesian inference framework and stochastic volatility, we show that the proposed approach out-
performs conventional autoregressive models, providing decision-makers with an efficient tool to address climate
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risk and support dam operation planning, ultimately contributing to improved water-resources management.

1. Introduction

Water resources management is vital for ensuring a stable and reli-
able water supply even in the face of natural climate variability and
socio-economic pressures. Globally, dams and reservoirs play a critical
role in addressing these challenges by capturing surplus water during
wet seasons and releasing it during dry periods. In monsoon-dominated
climate regions worldwide, recurrent hydroclimatic extremes such as
droughts complicate effective reservoir operation; South Korea provides
one illustrative example, where prolonged droughts (e.g., 1994-1995
and 2013-2016) posed major operational challenges (Jung et al., 2011;
Kwon et al., 2016).

This emphasizes the importance of climate variability during the
summer monsoon season, which runs from June to August (JJA) and
accounts for 60-80% of South Korea’s annual precipitation (Hong et al.,
2016; Myoung et al., 2020). Accordingly, building timely seasonal
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forecasts of dam inflow is essential for anticipatory reservoir planning.
To tackle this challenge, a range of data-driven techniques, such as
stochastic time series models and hybrid artificial intelligence models,
have been developed to integrate climate information and improve the
predictability of seasonal and intra-annual dam inflows (Ionita et al.,
2008; Slater et al., 2023; Yuan et al., 2015).

Uncertainty remains a fundamental challenge in streamflow fore-
casting, and stochastic time series models, such as the auto-regressive
integrated moving average (ARIMA) model, have been widely used
and shown to be effective in this domain (Wagena et al., 2020). How-
ever, traditional time series models were initially designed to capture
fundamental data patterns, often neglecting the variability of data
(volatility). The incorporation of volatility into time series modeling,
inspired by successful practices in financial modeling, frequently in-
volves the application of stochastic volatility frameworks (Wang et al.,
2020).
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This modeling paradigm originates from econometrics research on
heteroscedasticity (i.e., non-constant variability) and has led to the
development of autoregressive conditional heteroscedasticity (ARCH)
models, where the conditional variance is modeled as a function of past
disturbances (Engle, 1982). This was followed by the generalized ARCH
(GARCH) framework and its further extensions (Bollerslev, 1986; Wang
et al., 2020). In contrast to ARCH-type models, stochastic volatility (SV)
models treat variance as an unobserved latent process (i.e., inferred from
the observed data through statistical estimation) that evolves stochas-
tically over time, offering greater flexibility in representing persistent
and irregular variance dynamics (Harvey et al., 1994). Explicitly ac-
counting for this conditional heteroscedasticity has great implications
for hydrological modeling, where variability is inherently nonsta-
tionary, leading to enhanced robustness and reliability of probabilistic
hydrological predictions (Wang et al., 2023; Zeng et al., 2022; Zha et al.,
2020).

Regarding empirical (data-driven) models, particularly autore-
gressive time-series models, recognizing their limitations in representing
complex hydrologic processes and catchment dynamics is crucial
(Shabri and Suhartono, 2012; Valipour et al., 2013; Zhou et al., 2021).
Recent advancements in hydrological modeling emphasize the need for
robust inflow prediction models that fully consider the intricate in-
teractions between hydrological and climate data (Lee et al., 2019b;
Lima and Lall, 2010), with forecasting research emphasizing the inte-
gration of large-scale climate information with regional hydrometeo-
rological data (Gong et al., 2010).

This integration seeks to clarify how large-scale climate anomalies
influence regional hydrometeorological variables (e.g., streamflow,
precipitation, and temperature), thereby improving process under-
standing and supporting risk assessments of extremes (Kwon et al.,
2009a). Incorporating large-scale climate state variables (e.g., SST and
SLP) into streamflow forecasting models provides the broader climate
context that influences precipitation variability and subsequent runoff
responses (Lima and Lall, 2010; Wei and Watkins, 2011). These linkages
are commonly expressed through climate teleconnections, which
transmit ocean-atmosphere anomalies across regions and influence
hydroclimatic variability and extreme worldwide (Forootan et al.,
2019).

These climate-hydrology linkages are globally relevant because
large-scale modes of climate variability, such as El Nino Southern
Oscillation (ENSO), and other ocean—atmosphere oscillations, modulate
precipitation and streamflow patterns across many regions (Guo et al.,
2021). The strength and expression of teleconnections vary by region
depending on proximity to oscillation centers, atmospheric circulation
pathways (i.e., particularly Rossby wave propagation), and regional
hydrological characteristics, as SST anomalies can generate planetary-
wave responses that preferentially affect specific regions (Li et al.,
2025; Liu and Alexander, 2007).

For example, ENSO-related indices have been shown to influence
river discharge across temperate and tropical regions, including North
American river systems (Amarasekera et al., 1997; Chiew and McMa-
hon, 2002; Ionita and Nagavciuc, 2020). In North America, studies have
identified ENSO and the Pacific Decadal Oscillation (PDO) as primary
drivers of streamflow variability and have reported forecast skill at
seasonal lead times (e.g., 3-6 months) for basins such as the north-
western Columbia rivers and Upper Colorado basins (Lettenmaier, 1999;
Hidalgo and Dracup, 2003; Singh et al., 2021; Tamaddun et al., 2017). In
Europe, both ENSO and North Atlantic Oscillation (NAO) have been
linked to streamflow variability, with significant winter NAO correla-
tions reported for northwestern to central Europe (lonita et al., 2008;
Rimbu et al., 2004; Rust et al., 2021). Similarly, the PDO (associated
with North Pacific SSTs) and the NAO (linked to large-scale SST and
atmospheric circulation patterns) exert significant influence on precip-
itation and streamflow variability in East Asia (Lee et al., 2020; Ma et al.,
2025).

In monsoon-dominated regions such as East Asia and South Asia,
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these teleconnections are especially challenging because the seasonal
water cycle is highly concentrated and influenced by large-scale climate
anomalies that affect monsoon timing and intensity (Han, 2019; Ma
et al., 2025). In East Asia, the summer monsoon system is governed by
the combined influence of the East Asian Summer Monsoon (EASM) and
the western North Pacific subtropical high, resulting in strong season-
ality and high interannual variability in precipitation (Choi and Ahn,
2019). The complex interactions between large-scale drivers and
regional monsoon systems make skillful pre-season predictions partic-
ularly challenging in these basins, relative to regions where dominant
modes of climate variability exhibit stronger and more temporally
persistent control over precipitation and streamflow relationships
(Hobeichi, 2024).

Studies within South Korea, such as those by Kim et al. (2020a,b) ad
Kwon et al. (2008), have established links between climate tele-
connections and extreme precipitation. Furthermore, Kim et al. (2022)
focused on significant climate indices and their application to extreme
precipitation modeling, while (Jung and Kim, 2022) improved predic-
tive temperature and precipitation models by considering El Nino and La
Nina. Large-scale climate state variables, including the North Atlantic
Winter SST (Myoung et al., 2020) and Tropical Atlantic SST (Ham et al.,
2017b), greatly influence precipitation variability in South Korea.

In the context of streamflow prediction, studies from Lee et al. (2020)
and Lee et al. (2019a) explored the potential role of climate predictors,
including SST and Sea Level Pressure (SLP), on a reservoir inflow fore-
casting model. Kim et al. (2012) investigated typhoon- and non-
typhoon-induced streamflow volume, shedding light on regional hy-
drological impacts. In another study, Lee et al. (2020) presented
monthly inflow forecasting using teleconnection, demonstrating the
potential for a reservoir operation strategy for droughts. Moreover,
highlighting the importance of large-scale climate indices as drivers for
streamflow in South Korea, Han et al. (2023) developed a Long Short-
Term Memory (LSTM) deep learning model for monthly dam inflow
prediction. Additionally, research has investigated pre-season North
Atlantic SST (Choi and Ahn, 2019; Noh and Ahn, 2022; Zheng et al.,
2016) as a reliable climate predictor for the East Asian summer
monsoon.

Bayesian modeling has significantly advanced uncertainty quantifi-
cation and parameter estimation in hydrology (Smith and Marshall,
2008). By integrating prior knowledge with observations, Bayesian
frameworks enable probabilistic inference that explicitly represents
uncertainty in both model parameters and predictions. This probabilistic
formulation is particularly suitable for seasonal forecasting because
decision-making benefits from predictive distribution (credible in-
tervals) rather than single deterministic estimates. In streamflow fore-
casting, autoregressive models such as ARIMA have been widely used,
and extensions incorporating exogenous inputs (ARIMAX) have been
applied to improve predictive skill by integrating climate or hydrome-
teorological information (Islam and Imteaz, 2020; Pektas and Kerem
Cigizoglu, 2013).

In this study, we develop a Bayesian autoregressive (AR) forecasting
model to predict one-season-ahead dam inflow. Large-scale, slow-onset
climate circulations are incorporated as exogenous predictors (ARX) to
capture teleconnection-driven variability and enhance predictive skill
beyond memory-based autoregressive processes with interpretability of
climate-streamflow linkages. In addition, we explicitly model time-
varying variance through a stochastic volatility structure (ARXSV),
allowing the framework to account for heteroskedastic behavior
commonly observed in hydroclimatic time series.

Soyang Dam, the largest multipurpose dam in South Korea, serves as
the focal point for this research due to its high inflow variability and its
role in supplying water to approximately 40% of the national popula-
tion. To provide operational context for reservoir management during
drought events, we qualitatively compared our proposed statistical
forecasting framework with streamflow scenarios derived from a
dynamical seasonal forecasting system (GloSeab5).
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Accordingly, this study addresses two research questions: (1) Can
pre-season large-scale climate variables provide skillful season-ahead
forecasts of summer (JJA) streamflow in a monsoon-dominated basin?
And (2) Can these probabilistic forecasts be used to anticipate hydro-
logical drought states and extremes in a way that is informative for
reservoir operations and transferable to other basins facing similar
hydroclimatic challenges? Our modeling framework explicitly separates
(i) memory-based persistence, (ii) exogenous climate drivers, and (iii)
time-varying uncertainty (stochastic volatility). It can be readily
adapted to other basins exhibiting strong seasonality and non-stationary
variance.

In practice, extending the framework to a new basin primarily in-
volves (a) selecting regionally relevant seasonal climate predictors (e.g.,
large-scale teleconnection indices) and (b) re-estimating the ARXSV
parameters using local streamflow records, after which probabilistic
season-ahead forecasts and drought indices can be produced within the
same workflow. As such, our framework offers broader utility for sup-
porting season-ahead water-resources decision-making, especially dur-
ing critical periods such as the summer monsoon season.

2. Basin and methods
2.1. Soyang Dam basin

With a capacity to hold 2.9 billion tons of water and a drainage area
of 2703 km?, Soyang Dam is the largest in South Korea, and it has one of
the nation’s longest hydrometeorological records to date, spanning
almost 50 years (1974-2023) (Fig. 1). The prolonged high temperatures
and extreme precipitation events brought on by climate change have an
impact on Soyang Dam’s water resources management, with an increase
of variability in inflow that needs to be properly considered to provide a
better management plan for flood control, water supply, and power
generation in the metropolitan area (Hong et al., 2020; Lee and Kim,
2021). In 2015, South Korea experienced a persistent shortage of

South Korea

Soyang Dam Basin

U High: 1,600
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precipitation, with the overall annual precipitation being only half of the
historical average. This led to a critically low water level in the Soyang
River's multi-purpose dam, reaching the second-lowest recorded level
since 1978, causing the reservoir to nearly run dry due to reduced inflow
(Hong et al., 2016). This study focused on the Soyang River's multi-
purpose dam as a study area due to its importance and role in water
supply for domestic, industrial, and irrigation use, especially for the
capital area of Seoul in South Korea.

2.2. Inflow data and climate state variables

Daily dam inflow data spanning 44 years (1979-2022) were ob-
tained from the Water Management Information System (WAMIS) via
(https://www.wamis.go.kr). South Korea experiences around 60-70%
of its annual rainfall between June and September (Han et al., 2023).
Interestingly, there is a decreasing trend in streamflow despite an overall
increase in annual precipitation within this watershed (Kang et al.,
2017). This pattern suggests changes in runoff generation that may be
linked to soil moisture dynamics under climate change. More impor-
tantly, rising temperatures can increase atmospheric evaporative de-
mand (potential evapotranspiration), which accelerates soil-moisture
depletion and may reduce runoff efficiency even if precipitation in-
creases (Hong et al., 2020; Koralegedara et al., 2025). Rainfall during
the monsoon and wet seasons has a large implication on water resources
management. In this context, a lack of precipitation at these times may
cause water shortages over the following years (Jung et al., 2011).

Extreme rainfall in the Soyang Dam watershed, often associated with
monsoon depressions and typhoons in South Korea, typically occurs in
late summer, spanning from mid-July to the end of August. Therefore,
for the purpose of our research, we focused on the seasonal inflow
during the summer monsoon JJA (Fig. 2). To characterize temporal
dependence in streamflow across time scales (monthly, seasonal, and
annual JJA means), we examined autocorrelation (ACF) and partial
autocorrelation (PACF) functions (Fig. 3). The ACF reflects total

30 60 km

Fig. 1. Location of the Soyang Dam basin and its topology in South Korea.
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Fig. 2. Hydrological information: (a) monthly streamflow box plot and (b) annual JJA streamflow.
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Fig. 3. Autocorrelation function (ACF) and partial autocorrelation function (PACF) of streamflow at different aggregation scales: (a,d) monthly, (b,e) seasonal, and
(c,f) annual JJA. The blue horizontal lines represent approximate 95% confidence bounds for testing the significance of (partial) autocorrelations (null: no auto-
correlation). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

correlation across lags, whereas the PACF isolates the direct correlation
at a given lag after removing the influence of shorter lags. Autocorre-
lation (and partial autocorrelation) values exceeding the blue bounds
are considered statistically significant at the 5% level (null: zero auto-
correlation). At the monthly scale, the PACF is strongest at lag 1 and
then gradually decays, indicating short-term persistence and pro-
nounced seasonality. At the seasonal scale, significant correlations
persist at intermittent lags, including lag 2 (JJA at year t vs. DJF at year
t) and lag 4 (JJA at year t vs. JJA at year t — 1), suggesting seasonal
memory. In contrast, for annual JJA streamflow (Fig. 3c, f), dependence
weakens substantially, indicating limited interannual persistence in
summer inflow.

Given this weak year-to-year persistence, we further investigated the
relationship between JJA inflow variability and large-scale climate
variables (or predictors) in the preceding spring to explain variability

beyond autoregressive dependence. This study employed climate state
variables such as Sea Surface Temperature (SST) from HadISST with
spatial resolution 1° reconstruction provided by the Met Office Hadley
Centre (https://www.metoffice.gov.uk/) and Sea Level Pressure (SLP)
from NCEP/NCAR reanalysis data (https://psl.noaa.gov/) with a reso-
lution of 2.5°

2.3. Droughts and dam operation

To ensure the predictability of the statistical model developed in this
study and to provide valuable insights for dam operation related to dam
inflow, this study conducted a comparative analysis between a statistical
modeling approach and a dynamic modeling framework. Here, the sta-
tistical ARXSV framework provides a one-season-ahead forecast of
target JJA inflow using pre-season (spring) climate predictors. By
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contrast, the GloSea5-ABCD outputs are used as seasonal dynamical
simulations for the target JJA period (available from 2016 onward) and
are included for qualitative operational context, rather than as lead-
time-matched forecasts for quantitative skill benchmarking. More spe-
cifically, we utilized output from the Met Office/KMA seasonal fore-
casting model and the Global Seasonal Forecast System version 5
(GloSea5) for the dynamic modeling aspect. The precipitation and
temperature from the GloSea5 are then fed into a rainfall-runoff model
to simulate ensemble streamflow scenarios. The GloSea5 data were
obtained from the KMA, and a conceptual ABCD rainfall-runoff model
(Kwon et al., 2020) was employed for analysis. This comparative study
aims to enhance our understanding of modeling approaches for
informed dam inflow management.

Furthermore, this study offers a predicted hydrological drought
index informed by streamflow forecasting. The concept of hydrological
drought is typically linked to deficits, especially in water storage, which
is directly associated with insufficient streamflow. In this regard, the
Standardized Streamflow Index (SSI) can be effectively used to assess the
hydrological drought. The SSI, analogous in computation to the Stan-
dardized Precipitation Index (SPI) (McKee et al., 1993), relies on the
cumulative probability of streamflow calculated over various accumu-
lation periods (e.g., 1, 3, 6, and 12 months). In this study, SSI is derived
from the ARXSV season-ahead inflow forecasts and compared against
SSI computed from the corresponding GloSea5-ABCD JJA simulations
for qualitative interpretation. The predicted streamflow in this study
was then transformed into the SSI and analyzed as seasonal simulations
of the JJA period to better identify the occurrence of extremes, partic-
ularly droughts in the Soyang Dam watershed. A negative value of the
index indicates drier than average conditions, while a positive value
indicates wetter than average conditions. For the complete flowchart of
the methodology used in this research, please refer to (Fig. 4).

3. Predictor selection
The East Asian Summer Monsoon (EASM) is a regional climate sys-

tem in East Asia that brings heavy precipitation to the East Asia region,
where its variability poses challenges for streamflow prediction due to

Climate Predictor
- Tripole SST_MAM [1979:2022]
- SLP_MAM [1979:2022]

Streamflow
- Daily Soyang dam streamflow
- Yearly JJA streamflow [1979:2022]

7

Statistical streamflow forecasting
- Bayesian autoregressive model
- AR, ARX and ARXSV Model
- Training: JJA streamflow [1979:2020] (42)
- Validation: JJA streamflow [2021] (1)
\ - Test: JJA streamflow [2022] (1) /

Model evaluation
- Performance metrics [Train - Valid - Test]:
- Dhat, DIC, R?, Corr, MAE, RMSE, AME, PDIFF, MdAPE
- Leave One Out Cross Validation (LOOCV)
- Comparison with dynamical model GloseSea5-ABCD model

Drought evaluation
- Standardized Streamflow Index (SSI-3) from
Observation, Simulated ARXSV model and Glosea5-ABCD model.
g J

Fig. 4. Flowchart of the climate-informed streamflow modeling and valida-
tion procedure.
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the occurrence of large-scale catastrophic events like floods and
droughts. EASM is influenced by various large-scale climate patterns,
including but not limited to the ENSO, North Atlantic Oscillation (NAO),
and PDO. The EASM is typically associated with a strengthened western
North Pacific subtropical high, leading to increased rainfall along the
subtropical monsoon front during the boreal summer. On the other
hand, a weak EASM is generally accompanied by a weakened western
North Pacific subtropical high, resulting in deficient rainfall in the same
region (Baek et al., 2017; Seo et al., 2012). In South Korea, the EASM,
known as Changma, leads to heavy precipitation between July and
August, with around 60% of the annual rainfall concentrated in the rainy
summer season (Lee et al., 2017). Therefore, accounting for the distinct
precipitation patterns during the EASM is crucial for effective water
resources management. Myoung (2021) found a significant trend of cold
winters followed by hot summers in South Korea due to the combined
effects of the warm springtime SST in the western tropical Pacific and
North Atlantic.

In particular, the relationship between the Atlantic SLP and SST has
been documented. On one side, the relationship between the NAO
during the boreal spring and the EASM during the following boreal
summer has been investigated (Choi and Ahn, 2019; Deng et al., 2019;
Sung et al., 2006; Wu et al., 2009; Zheng et al., 2016; Zuo et al., 2013).
The NAO is known to lead to unusual Rossby wave trains over the North
Atlantic and Eurasia by changing the baroclinic instability in the North
Atlantic (Deng et al., 2019).

Previous research has observed evidence through numerical experi-
ments that spring NAO can trigger a tripole SST pattern in the North
Atlantic that can persist until summer and exert an effect on the EASM
(Wu et al., 2012; Wu et al., 2009; Zheng et al., 2016; Zuo et al., 2013).
This implies that the relationship between the NAO and the EASM can be
interpreted as a strong correlation between the North Atlantic (NA) SST
and the EASM (Choi and Ahn, 2019; Ham et al., 2017a). The connection
of Tropical Atlantic SST (Choi and Ahn, 2019; Ham et al., 2017a) and
tripole SST (Deng et al., 2019; Myoung, 2021) with EASM has also been
reported. The influence of summer NAO on the spring NAO-based pre-
dictability for EASM has also been demonstrated (Zheng et al., 2016). In
addition, there is evidence suggesting a relationship between North
Atlantic SST anomalies and precipitation patterns in South Korea (Noh
and Ahn, 2022). Notably, findings have revealed that variations in
early winter precipitation are associated with spring SST patterns in the
North Atlantic Ocean at a substantial lead time of greater than six
months. Furthermore, a significant correlation was found between
Korean precipitation anomalies and the tropical Atlantic SST during the
JJA season for the 1979-2010 period (Ham et al., 2017a,b). The impact
of the NA SST on the EASM was significantly increased after the 2000s
(Lee et al., 2017).

In the context of streamflow forecasting, the use of North Atlantic
SST has been reported (Lee et al., 2020). Previous literature has only
considered North Atlantic SST by relating it to East Asian summer (or
winter) monsoons and rainfall anomalies in South Korea. In these con-
texts, teleconnections associated with SST and SLP can provide direct
implications for streamflow patterns as predictors for streamflow
modeling or forecasting. While previous research related to East Asia or
South Korea has established these correlations, their impact on
streamflow patterns remains unexplored, representing a key objective of
this research. Understanding the relationships between North Atlantic
SSTs, SLPs, and streamflow patterns can provide valuable insights for
streamflow modeling and forecasting.

One primary focus of this study is to further explore the influence of
teleconnections in the North Atlantic region on the Soyang Dam inflow.
The correlation maps between the Soyang Dam inflow from JJA with
SST and SLP indices for the concurrent season (i.e., JJA) and the two
preceding seasons, i.e., MAM and DJF, are presented in Fig. 5. The JJA
streamflow is more noticeably correlated with SST and SLP during the
MAM spring season. Previous studies have shown that tripole-like tele-
connections can be used to implicate information of the North Atlantic,
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b. SST MAM
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c. SST_DJF

180 1200 50W 0 60E 1208

180 1200 60w 0 60LC 1200 180

60E 120E

Fig. 5. Correlation map of the Soyang Dam June to August streamflow (JJA). (a) — (c) SST indices and (d) — (f) SLP indices at the concurrent, lagged 3-month, and
lagged 6-month conditions from 1979 to 2022. The March to May (MAM) correlations in the North Atlantic area under study for SST and SLP are highlighted with red
boxes. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

as shown by Myoung (2021). That study also showed that South Korea
has experienced a recent pattern of cold winters followed by hot sum-
mers, attributed to the combined influence of warm conditions in the
western tropical Pacific and anomalies in the North Atlantic during the
spring season. Consequently, the relationship between JJA and DJF was
also observed in light of these trends. The tripole-like teleconnection
was identified, with areas having positive correlations (shown in red) or
negative correlations (shown in blue) between climate state variables (i.
e., SST and SLP) and streamflow for the JJA and DJF seasons (Fig. 6).

The SST index was defined by selecting specific regions over the
North Atlantic Ocean that exhibit strong associations with JJA stream-
flow patterns (Table 1). The tripole SST index was computed by
including SSTa, SSTg, and SST¢ from selected zones, as adopted from the
methodology of Myoung (2021). After applying the SSTy — SSTg, + SST¢
(SST tripole), the correlation coefficient is about 0.42, suggesting a
moderate positive correlation (p-value = 0.0054). On the other hand, the
correlation coefficient between SLP_MAM and JJA inflow is about —0.51
(p-value = 0.00042). The p-values indicate that the observed correlation
is statistically significant at the 0.05 significance level. Scatter plots
between the spatial averages of SST tripole and SLP with seasonal JJA
streamflow for 1979 to 2022 are illustrated in Fig. 7.

4. Statistical streamflow forecasting model

Uncertainty is a prevalent issue stemming from different sources,
including data incompleteness, natural variability, and incomplete
process representation. Here, we adopt a Bayesian modeling-based sto-
chastic framework for season-ahead streamflow forecasting using large-
scale climate predictors, enabling explicit quantification of uncertainty
in parameter estimation and predictive distributions. Our objective is to
develop and evaluate climate-informed autoregressive models and, in
particular, to examine a stochastic-volatility formulation in which the
conditional variance evolves as an autoregressive process. This allows
the model to represent time-varying variability through a latent (un-
observed) volatility process inferred from the observed streamflow se-
ries, thereby improving finite-sample inference and probabilistic

forecasts.

We consider three models of increasing complexity: (1) a baseline
autoregressive model (AR), (2) an autoregressive model with exogenous
climate predictors (ARX), and (3) an ARX model coupled with stochastic
volatility (ARXSV) to capture time-varying uncertainty. All models are
estimated within a unified Bayesian framework. A full Bayesian model is
defined by the joint prior distribution of parameters ® and the likelihood
p(Y|@®), yielding the posterior distribution p(@®|Y) via Bayes’ theorem
(Eq. (1) (Meyer, 2000)). We model log-transformed streamflow in all
autoregressive formulations and estimate parameters using Markov
Chain Monte Carlo (MCMC) sampling implemented in Bayesian infer-
ence using Gibbs sampling (BUGS). We ran three independent chains
with 5,000 iterations discarded as burn-in and retained 2,000 samples
per chain, yielding 6,000 posterior samples in total. The dependence
structure of the hierarchical model is summarized using a directed
acyclic graph (Fig. 8).

p(©,Y) _p©)p(Y|©)

PON) =" p(Y)

®

where the posterior distribution p(@[Y) is expressed as the product of the
prior distribution p(®) and the likelihood p(Y|®).

Prior specifications follow weakly non-informative (diffuse) distri-
butions to allow data to dominate inference (Meyer and Yu, 2000).
Variance (precision) parameters are assigned Gamma priors to enforce
positivity, consistent with standard BUGS practice for Bayesian time-
series and stochastic volatility models. The three models share a com-
mon autoregressive baseline but differ in parameter sets: AR (a, %)),
ARX (8, 6X), and ARXSV (7, 8, V). Model performance is assessed in
Section 4.4 using leave-one-out cross-validation (LOOCV) based on
posterior predictive summaries, and overall Bayesian model adequacy is
evaluated using deviance-based criteria (DIC). For LOOCV-based skill
metrics, we used the posterior predictive median as the point estimate
for each held-out year, while uncertainty was summarized using cred-
ible intervals.
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b. JJA streamflow
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Fig. 6. Correlation map of SST_MAM with (a) Soyang Dam DJF streamflow from 1979 to 2021 lagged at 9 months and (b) Soyang Dam JJA streamflow from 1979 to
2022 lagged at 3 months. The selected spring (MAM) North Atlantic climate teleconnections in relation to the JJA streamflow are shown by red boxes, including
SSTa, SSTg, SST¢, and SLP. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1

Sea surface temperature and sea level pressure (SST, SLP) from the spatial
average of selected zones in the North Atlantic region and their correlation with
seasonal JJA streamflow for 1979 to 2022.

Predictors Selected Zone Correlation
SST Tripole [SSTA — SSTp + SSTc] 0.42
SSTa 46° N - 52° N, 20° W - 50° W 0.41
SSTy 28° N - 32° N, 60° W - 48° W -0.37
SST¢ 12° N-19° N, 52° W - 34° W 0.33
SLP 16° N -21° N, 52° W - 56° W -0.51

Significant at 95% confidence level.
4.1. Autoregressive (AR) model

The autoregressive (AR) model is one of the most used time series
models in the field of hydrology. An AR(p) model of order p is defined as
follows:

YR Normal(ulR, o*F)

t

(2)

llfR =Y taY o 0¥, 3
¢*® Gamma (0.1, 0.1) 4
a, Normal (0.1 , 0.1) (5)

where YR represents the natural logarithm of the JJA streamflow at
year t. The 4R and 6" represent the location and scale parameters (i.e.,
mean and variance) of the normal distribution, respectively, while aj,
represents the autoregressive parameters. A diffuse Gamma prior is
assigned to the variance-related scale parameter (6*R) to ensure positive
support and to limit prior influence on posterior estimates, whereas
Normal priors are used for the autoregressive parameters (@) to provide
symmetric, weakly informative regularization around zero. In the BUGS
parameterization, the second argument of the Normal distribution is the
precision (inverse variance), and the Gamma distribution is specified by
shape and rate; we set these hyperparameters to be weakly informative
so that the data dominate posterior inference while respecting param-
eter constraints. The autoregressive order of YfR (JJA streamflow) was
determined to be one through the use of the Yule-Walker method and the
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Fig. 7. Scatter plots between the spatial averages of (a) SST tripole and (b) SLP with seasonal JJA streamflow for 1979 to 2022.
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Fig. 8. The dependence properties between variables are specified using a
directed acyclic graph (DAG), explicitly showing the conditional relationships.
Dashed arrows indicate stochastic dependence, while solid arrows indicate
logical functions. The loop in the model is enclosed on a plate for a given
time (t).

partial auto-correlation function (Fig. 3).
4.2. Autoregressive exogenous (ARX) model

The autoregressive exogenous (ARX) model extends the conven-
tional AR model by incorporating exogenous (X) variables to account for
the influence of external climate factors, as in this research. An autor-
egressive exogenous AR(p) X model is defined by replacing Eq. (2) with
Eq. (6) under the same likelihood function adopted in the AR model (Eq.
(1)), as follows:

Y} Normal (i, o*) (6)
1Y =Py + By Yerr + BoXssre + BaXsst” + PsXsipe @
¢* Gamma (0.1, 0.1) (€©))]
P s Normal (0.1, 0.1) (©)]

where YX represents the natural logarithm of the JJA streamflow at year
t. Additionally, Xssr and Xg;p represent the climate predictors defined as
the spring tripole SST and spring SLP, which are defined in Table 1. A
diffuse gamma prior is used for the variance-related parameter (¢¥) to
ensure positivity, and Normal priors are assigned to the regression

4.3. Stochastic volatility (ARXSV) model

Stochastic approaches have been shown to be highly helpful for
hydrological variables where uncertainty needs to be considered (Kwon
et al.,, 2009b). The ARXSV, i.e., the Bayesian model with stochastic
volatility, combines Bayesian inference and the concept of stochastic
volatility. Hierarchical Bayesian inference was employed to estimate the
posterior distribution of the independent variables in the ARX model.
Within this modeling framework, volatility (representing the degree of
variation or fluctuation) is considered a latent variable that can vary
over time. Unlike conventional autoregressive models, this approach
acknowledges that volatility can exhibit random fluctuations and tem-
poral changes, providing a more realistic representation of the data. The
Bayesian Stochastic Volatility (SV) model is defined as:

Y?¥ Normal (15, 6?") (10)
BV =y + 12V v Xsste + VaXsste + 75 Xsipe an
o;" = exp(6}") a2)
6" Normal (om;* , V) (13)
om?” = &, + 6, (6m’Y; — &1) a4
%V Gamma (0.1, 0.1) (15)
7125 Normal (0.1 , 0.1) (16)
8, Normal (0.1 , 0.1) a7n
85 Normal (1,0.1) 18

where of" is the scale parameter as a function of time (t) of the Yf"(the
natural logarithm of the JJA streamflow). The time-varying scale
parameter 65V is alternatively informed by ¢V, assuming a normal dis-
tribution with mean m’¥ and variance 5. The mean #m’" is subse-
quently described by a lag-1 autoregressive process, as written in Eq.
(14), and a diffuse gamma distribution is used for the variance (%),
as shown in Eq. (15). Normal prior distributions are used for the
respectively. The stochastic volatility component follows the BUGS
implementation framework of Meyer and Yu (2000), with priors cali-
brated for efficient MCMC sampling in BUGS.
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Overall, these models and their associated priors are presented to
demonstrate the methodology used in this research, which involves
statistical modeling and Bayesian inference for streamflow forecasting.
These models allow the incorporation of various factors, including
exogenous climate variables and stochastic volatility, to enhance pre-
dictions and capture the underlying mechanisms of hydrometeorologi-
cal variability.

4.4. Evaluation methods

To ensure model robustness, we employed a combination of Bayesian
performance diagnostics and cross-validation techniques. Model per-
formance and complexity were assessed using the average deviance
Dhat (f)) and the Deviance Information Criterion (DIC), which have
proven to be efficient in evaluating Bayesian models (Berg et al., 2004).
D is defined as a point estimate of the deviance (i.e., lack of fit) obtained
by substituting the posterior mean of the parameters  into the
likelihood,

D= —2logp(y[d) a9

This metric directly reflects how well the posterior mean model ex-
plains the observed data and is therefore suitable for comparing prob-
abilistic Bayesian models (Berg et al., 2004; Spiegelhalter, 2002). DIC
complements D by penalizing model complexity through the effective
number of parameters pp and is defined as

DIC = D +2pp (20)

To complement these deviance-based diagnostics, we further applied
a Leave-One-Out Cross-Validation (LOOCV) technique, which iteratively
excludes one year for validation while using the remaining years for
training. For each LOOCV fold, posterior predictive distributions were
generated for the held-out year, and predictive skill was summarized
using the coefficient of determination (RZ), correlation coefficient
(Corr), mean absolute error (MAE), and root mean squared error (RMSE)
(Dawson et al., 2007; Modarres and Ouarda, 2013; Wang et al., 2023),
using posterior predictive median values as point summaries. Finally,
within the LOOCV framework, the 2022 case was treated as the most
recent out-of-sample fold (i.e., the year excluded for validation). The
2022 posterior predictive streamflow was then compared with the
observed streamflow to illustrate the model’s out-of-sample perfor-
mance for the latest year.

5. Results and discussion
5.1. Autoregressive model performance

Next, we assessed the performance of various autoregressive models
applied in this study: the (a) conventional autoregressive (AR), (b)
autoregressive with exogenous variables (ARX), and (c) autoregressive
exogenous with stochastic volatility (ARXSV) models. Our aim was to
understand how these models performed in predicting JJA seasonal
streamflow using autoregressive patterns and how they identified pre-
dictors derived from climate state variables. With the ARX and ARXSV
models, we assessed the effects of inclusion of preceding season climate
indices (as illustrated in Fig. 6). The ARX;, ARX5, and ARX models
include the effects of the pre-season Atlantic Sea surface temperature
(SST_MAM), sea level pressure (SLP_MAM), and the combined effects of
the two anomalous climate patterns, respectively.

The summary of this autoregressive model performance can be found
in Table 2. We obtained these results through a validation process
involving a train-validation-test approach. The average deviance (5)
served as a key measure of each model’s goodness of fit, where a lower
value indicates a better fit to the data. Notably, the tripole SST index
(ARX;) emerged as an influential factor among the large-scale climate
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Table 2
Model performance of the autoregressive models.

Model Performance metrics
D DIC R? Corr. MAE RMSE

AR 53.9 59.8 0.060 0.196 55.8 71.0
ARSV 34.8 60.6 0.435 0.277 54.6 67.8
ARX; 28.8 38.8 0.102 0.686 42.7 52.6
ARX, 42.7 50.8 0.352 0.551 46.7 59.8
ARX 26.1 38.2 0.533 0.730 40.3 49.1
ARXSV 1.7 35.1 0.571 0.756 35.2 47.9

signals, significantly reducing the deviance from 53.9 (AR) to 28.8
(ARX;) when included as a predictor. Incorporating both SST and SLP
climate information (ARX) further improved the model performance to a
deviance of 26.1. Among all the variations, the combined stochastic

volatility model (ARXSV) exhibited the lowest deviance D of 1.7, indi-
cating the closest fit to observed data. A visual comparison of these
models is presented in (Fig. 9), which reveals the challenge of simulating
the JJA streamflow trend with a stationary AR model without an
exogenous predictor. However, the introduction of climate and volatility
information notably enhanced the model’s ability to capture these
trends, demonstrating its use in streamflow predictions.

To further assess the model performance, we employed the Deviance
Information Criterion (DIC) to assess the balance of the goodness of fit
and model complexity. Notably, a lower DIC implies a better balance.
With this, the ARXSV model had the lowest DIC of 35.1, despite its
increased complexity resulting from the added stochastic volatility
factor. In contrast, the ARX model exhibited a higher DIC of 38.2.
Although the ARX and ARXSV models yield similar posterior predictive

medians in Fig. 9, the ARXSV model achieves lower D and DIC, indi-
cating an improved likelihood-based fit and better uncertainty repre-
sentation through time-varying variance (stochastic volatility). This
suggests that ARXSV better captures the probabilistic structure of the
observations beyond mean behavior. Moreover, the ARXSV model
resulted in a higher R-squared value of 0.571 and a strong correlation
coefficient of 0.756, indicating that it explains a significant portion of
the data variability and yields strong agreement between predicted and
observed data, respectively. Furthermore, the ARXSV model also per-
formed best in terms of the lowest mean absolute error (MAE) and root
mean square error (RMSE), confirming its predictive accuracy.

The ARXSV model’s strength lies in its ability to combine prior
knowledge with data-driven insights through the successful integration
of Bayesian inference and stochastic volatility. This not only quantifies
the uncertainty of parameters in the model but also leverages prior
latent volatility, enhancing the robustness and reliability of parameter
estimates. Overall, the ARXSV model excelled in all performance met-
rics, demonstrating its improved ability to predict the JJA seasonal
streamflow. This model shows promise for precise streamflow prediction
and efficient water resource management because of its ability to model
the variability of streamflow; this is especially true given South Korea's
distinct hydrometeorological circumstances.

In Bayesian statistics, the credible interval or the Bayesian confi-
dence interval provides a range of values for a parameter showing the
likelihood of the true value of the estimated parameter based on the
posterior distribution. The estimated model parameters with credible
intervals are presented in Table 3. The kernel density estimates of the
posterior distribution of the parameters, specifically in the autore-
gressive exogenous stochastic volatility (ARXSV) model, are shown in
Fig. 10. These density estimates reveal the posterior mean and standard
deviation of the parameters and illustrate the uncertainty distribution
from the Bayesian inference. Significantly, the posterior mean and the
credible intervals of the model parameters do not include zero (or only
slightly include zero), as presented in (Fig. 10). This is a strong indicator
of the parameters’ statistical significance, implying low uncertainty and
underscoring their importance in the model. Overall, the integration of



P.S. Fabian et al. Journal of Hydrology 679 (2026) 136255

a_ T T T T T
Uncertainty
s 600 - —— Simulated Dam Inflow | o o
T = = =Observed Dam Inflow 300 o
ME 3 o e° o
=400 | g o
3 £ r o
2 5 200 ’&ejﬁf/
E o i
o o o
§ 100F © 0°§3 ® P
o, o, © o
R%=0.038, Corr: 0.196
il dl=dn g 1 1 1 1 1 s 1 1 1 1 B gl 0t i i ; i A
1983 1986 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019 130 140 150 160 170
Time (Year) Simulated
b. T T T T T T T T T
Uncertainty
. 600 - —— Simulated Dam Inflow |
il - - -Observed Dam Inflow | 300 |
% §
=400 . 2
3 | 3 200
i g
S ©
£
A 100 |
R? =0.533, Corr:0.730
0 1 1 1 1 1 1 | | | 1 | 1 1 0 k '8 " 4 N 4
1983 1986 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019 100 150 200 250 300
Time (Year) Simulated
C- T T T T T T T T T T T
Uncertainty
- 600 - Simulated Dam Inflow |
T = = =Observed Dam Inflow 300
ME k-]
=400 - o
3 5 200
8 200 100
| ! : ‘ | ‘ | ‘ ‘ | ‘ | 1 8 _ R¥=0.571,Com0.756
1983 1986 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019 100 200 300
Time (Year) Simulated

Fig. 9. Results of autoregressive models: (a) AR, (b) ARX, and (c) ARXSV models, showing time series and scatter plots with the observed streamflow data. Simulated
dam inflow (blue solid line) from median posteriors with 95% credible intervals as uncertainty bounds (shaded grey), compared with observed dam inflow (red
dashed line). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3
Median and standard deviation values of posterior distributions associated with the autoregressive parameters.
Model Posterior Medians (standard deviation)
a az h P2 n 41 52 T
AR 5.622 -0.132 - - - - - -
(0.787) (0.158) - - - - - -
ARSV 6.519 -0.299 - - - 1.712 0.283 0.762
(0.713) (0.138) - - - (0.399) (0.202) (0.247)
ARX; 6.519 -0.295 0.111 -0.034 - - - -
(0.631) (0.126) (0.029) (0.010) - - - -
ARX, 5.700 -0.148 -0.225 - - - - -
(0.703) (0.141) (0.067) - - - - -
ARX 6.398 -0.256 0.071 -0.034 -0.119 - - -
(0.641) (0.128) (0.038) (0.010) (0.076) - - -
ARXSV 6.942 -0.374 0.0942 -0.037 -0.167 0.656 0.263 5.065
(0.534) (0.108) (0.042) (0.010) (0.081) (0.165) (0.199) (1.897)

stochastic volatility adds substantial value to the model. By effectively 5.2. Model validation

quantifying uncertainty and incorporating prior knowledge, the model

yields more robust and reliable estimates, providing a higher level of To further ensure the robustness and reliability of the autoregressive

confidence in the results. exogenous stochastic volatility (ARXSV) model, we employed the
LOOCV method. This method involves creating as many models as there

10
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Fig. 10. Kernel density estimates of the marginal posterior distribution of the ARXSV parameter.

are data points, excluding one data point each time to serve as the
validation set to understand the overall model performance. This
method provides insights into how well the model generalizes to unseen
data. In (Fig. 11), the LOOCV process is illustrated, where each model
cycle results in a correlation value of the validation dataset. After
completing the LOOCV procedure, we computed a correlation coeffi-
cient for each LOOCV iteration by comparing the predicted and
observed values over the full study period and then averaged these
correlation coefficients across all iterations. This yielded a mean corre-
lation of 0.753, indicating reasonably good agreement between the
model predictions and observations. The ARXSV model achieved
consistently lower D (3.0) and DIC (37.28) across the validation folds,
indicating robust and superior probabilistic performance and ability to
capture conditional, time-varying heteroscedasticity (Fig. 12).

6. Implications of summer seasonal flow forecasting for dam
operation

The motivation for this study was prompted by recurring drought
events in South Korea, often triggered by consecutive precipitation
deficits. In the context of dam inflow prediction, statistical and
dynamical modeling are two distinct approaches. Statistical modeling

for dam inflow prediction primarily relies on historical data with rele-
vant predictors, including the lagged values of streamflow and climate
predictors. Thus, it involves scrutinizing past records to discern re-
lationships between relevant variables (Wei and Watkins, 2011). These
relationships are then used to create a statistical model, like the AR and
ARX models described in this research. This type of model presents a
transparent framework and is particularly useful when historical data
are abundant. However, statistical models may not capture complex
underlying physical processes, limiting their accuracy during extreme
events (e.g., drought and flood). On the other hand, dynamic modeling
employs physics-based models that simulate dynamic processes. In
Fig. S1, a qualitative comparison is presented to contrast the outcomes of
the ARXSV model with those of the dynamical Glosea5-ABCD model
described in the Methodology Section 2.3.

This study conducted a comprehensive analysis of Soyang Dam
drought severity by considering multiple time scales calculated at 1-
month, 3-month, 6-month, and 12-month Standardized Streamflow
Indices (i.e., SSI-1, SSI-3, SSI-6, and SSI-12). These time scales provide
operationally relevant drought information, ranging from short-term
inflow deficits (SSI-1) to seasonal conditions (SSI-3) and longer-term
hydrological storage stress (SSI-6 and SSI-12). Drought severity is
interpreted through the depth and duration of negative SSI values,

a. b.
|
| | o
600y 0.8+
il 3 fodo LAO) e 5
d = |
o < | o o Qoo o
E 400 2075t % % & ° T o o ©
=400 - L g%s o o
2 ‘ £ | > o 2
= h . 4 T = | o b
K= I \ B | 5} L o
- a = Uik - " o N = 07
g 5 n Q ' XN OO e [ 71 |
5 200 (\ N II“-‘ ES ¥ \‘ A T\\ 5 ‘J & \ < \‘ b ,If‘ 'P‘ ) 8 1 o
%\/‘\ 4 L) NSzt PR TP = Py 4 7 ‘\ ! Wl ‘
> + Y] 1 I ¢ 0.65 ¢
124 - - - | |
|

I |
1983 1986 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019 2022

Time (Year)

1980 1990 2000 2010 2020
Iteration Fold per Test (n)

Fig. 11. Leave-one-out cross-validation (LOOCV) results for the ARXSV model showing (a) the observed dam inflow (red dashed line) and the concatenated out-of-
sample posterior predictive summaries (box-plot). For each LOOCV iteration, the model is fitted to all years except one, and the held-out year is predicted; the blue
solid line shows the median of the posterior predictive distribution for each held-out year, and the grey shading indicates the corresponding 95% credible interval.
Panel (b) summarizes the resulting out-of-sample skill across held-out years to illustrate temporal stability; the 2022 point corresponds to the most recent out-of-
sample fold. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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which reflect increasingly rare low-flow conditions in the left tail of the
streamflow distribution. For drought-relevant interpretation of seasonal
JJA inflows, we focus on the 3-month accumulated index (SSI-3) in
August derived from the ARXSV one-season-ahead forecasts (issued
using pre-season spring climate predictors) and compare it with the
corresponding JJA streamflow simulations from the GloSea5-ABCD
model (Fig. S2). Here, Glosea5-ABCD is included to provide qualita-
tive dynamical context for the target season rather than a lead-time-
matched forecast for quantitative skill assessment. The black lines in
the figure depict smoothed monthly SSI trends across 3-month accu-
mulation periods. Notably, 1988, 1994, and 2014-2015 were identified
as the three driest years (highlighted in gray) based on SSI-3 and SSI-6
accumulated periods, while 1990, 2003-2004, and 2020 stood out as
pluvial or wet years (highlighted in blue).

Our findings align with previous research and reveal a common
prolonged dry period between 1994 and 2014-2015 (Hong et al., 2016;
Jungetal., 2011; Kwon et al., 2016). For the year 1988, the summer SSI-
3 had a limited impact on the overall annual drought classification. This
suggests that the drought conditions in 1988 were not predominantly
experienced during the summer season but rather during the spring and
winter of the preceding year, as the summer SSI-3 shows normal con-
ditions. The years 1994 and 2014-2015 experienced moderate and
extreme droughts, respectively, consequently showing a sharp decline in
summer streamflow (Fig. 2). These events are well represented by the
drought indices calculated from both the ARXSV and Glosea5-ABCD
models.

In contrast, the wettest year identified in this study was 1990; it was
extremely wet on an annual scale. However, the summer SSI values in
that significant year were mildly wet and were detected to be normal by
the ARXSV model. This phenomenon is also reported by Kim et al.
(2019), who noted that the highest summer flows in the Soyang Dam
during 1990 were not due to typhoon-induced precipitation. The wet
years identified in 2003-2004 and 2021 can be explained by the high
dam inflow, which resulted in mildly wet neutral conditions, with the
ARXSV and GloSea5 models indicating a normal SSI-3.

In dam operation, statistical and dynamical approaches provide
complementary perspectives. Statistical models (e.g., ARXSV) are
effective for short- to medium-range prediction by leveraging historical
observations to capture persistence and climate-driven signals, whereas
dynamical models can offer a physically based large-scale climatic
context that is informative for longer-horizon planning (So et al., 2020).
Integrating statistical and dynamical streamflow predictions can help
meet the proactive needs of dam operation and support decision-making
(Yuan et al., 2015). In this study, however, the dynamical forecasts are
used as a complementary physical context rather than as the primary
focus of evaluation, given the limited hindcast period and the absence of

12

extreme drought conditions during 2016-2022.

Our JJA seasonal statistical framework provides one-season-ahead
guidance for dam-operation planning relevant to reliable water supply
and flood management during the summer season. While the statistical
model allows assessment of drought-relevant inflow predictability for
years including 1994 and 2014-2015, the dynamical Glosea5-ABCD
simulations are limited to 2016-2022, during which no extreme
drought occurred in the study area. Accordingly, we present the
dynamical forecasts as an illustrative physical context rather than a
comprehensive drought-focused evaluation. A more rigorous integration
and assessment of dynamical forecasts for drought-oriented dam oper-
ation would require longer hindcast records spanning extreme dry
conditions, which we identify as an important direction for future
research. Moreover, while the present framework focuses on forecasting
seasonal inflow and subsequently deriving SSI-based drought indicators,
an alternative approach would be to model SSI directly. This could
potentially yield higher statistical skill for drought classification, as the
model would be optimized for the standardized index itself. However,
we deliberately prioritize inflow prediction because reservoir operation
fundamentally depends on flow magnitude and timing. Based on the
inflow forecasts, we then derive SST to represent above- and below-
normal hydrologic conditions relative to the historical baseline.

7. Conclusion

In this study, we explored the performance of three autoregressive
models—conventional autoregressive (AR), autoregressive with exoge-
nous variables (ARX), and autoregressive exogenous with stochastic
volatility (ARXSV)—in the context of predicting JJA seasonal stream-
flow. Our primary objective was to elucidate how these models
responded to the autoregressive patterns and the integration of pre-
dictors derived from climate state variables. In particular, the ARX and
ARXSV models incorporated the effects of preceding-season climate
indices, representing the inclusion of pre-season Atlantic Sea surface
temperature (SST_MAM), sea level pressure (SLP_MAM), and their
combined effects, respectively. The results from this study offer valuable
insights into the benefits of integrating large-scale climate tele-
connections into an integrated Bayesian autoregressive framework, ul-
timately enhancing the accuracy of conventional autoregressive
streamflow forecasting. Key concepts from this approach include:

1. This study places a significant emphasis on investigating the impact
of teleconnections in the North Atlantic region on the Soyang Dam
inflow. Notably, JJA streamflow shows a more pronounced correla-
tion with SST and SLP during the MAM spring season. This climatic
pattern is attributed to the combined influence of warm conditions in
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the western tropical Pacific and anomalies in the North Atlantic
during the spring season. Climate teleconnections in the North
Atlantic Region, like the tripole SST and SLP, are both physically and
statistically linked to Soyang Dam summer inflows, enabling a pre-
season assessment of the climate's role in summer streamflow
variability.

2. The ARXSV model demonstrated superiority in capturing the JJA
streamflow variability compared to the stationary AR model. More
specifically, noteworthy improvements in predictive accuracy were
observed as we introduced climate information and stochastic
volatility into the modeling framework. The ARXSV model,
combining Bayesian inference with stochastic volatility, performed
better across various metrics. The validation process further fortified
the credibility of the ARXSV model. Employing the LOOCV method
demonstrated the model's robustness, with a high average correla-
tion coefficient indicating its capacity to generalize effectively to
unseen data. Additionally, the credible intervals and posterior dis-
tribution analysis further highlighted the statistical significance and
low uncertainty of the ARXSV model parameters.

3. Beyond performance metrics, our study also investigated the impli-
cations of drought prediction on dam operation. This study illumi-
nated the strengths of both approaches by comparing the ARXSV
model with a dynamical Glosea5-ABCD model. The ARXSV model
emerged as a valuable tool for short- to medium-term forecasting,
complementing the broader climatic insights offered by dynamical
models. The integration of these two distinct modeling frameworks,
as explored in our study, signifies a comprehensive approach for
informed dam inflow management. The season-ahead summer
Soyang Dam inflow model enables early detection of potential water
shortages during dry periods in the Soyang Dam watershed, specif-
ically during drought events in 1994 and 2014-2015.

In a time of increasing climate variability and hydrological chal-
lenges, the ARXSV model's transparent framework and strong perfor-
mance make it an asset for both academic research and real-world
applications for seasonal streamflow forecasting and hydrometeorolog-
ical risk assessment in the challenging context of South Korea's recurring
drought events.
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