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Abstract

Advances in hydrological modeling and numerical weather forecasting have allowed hydro-climate
services to provide accurate impact simulations and skillful forecasts that can drive decisions at the
local scale. To enhance early warnings and long-term risk reduction actions, it is imperative to
better understand the hydrological extremes and explore the drivers for their predictability. Here,
we investigate the seasonal forecast skill of streamflow extremes over the pan-European domain,
and further attribute the discrepancy in their predictability to the local river system memory as

described by the hydrological regimes. Streamflow forecasts at about 35400 basins, generated from
the E-HYPE hydrological model driven with bias-adjusted ECMWEF SEASS5 meteorological forcing

input, are explored. Overall the results show adequate predictability for both hydrological extremes
over Europe, despite the spatial variability in skill. The skill of high streamflow extreme deteriorates

faster as a function of lead time than that of low extreme, with a positive skill persisting up to 12
and 20 weeks ahead for high and low extremes, respectively. A strong link between the
predictability of extremes and the underlying local hydrological regime is identified through
comparative analysis, indicating that systems of analogous river memory, e.g. fast or slow response
to rainfall, can similarly predict the high and low streamflow extremes. The results improve our
understanding of the geographical areas and periods, where the seasonal forecasts can timely
provide information on very high and low streamflow conditions, including the drivers controlling
their predictability. This consequently benefits regional and national organizations to embrace
seasonal prediction systems and improve the capacity to act in order to reduce disaster risk and

support climate adaptation.

1. Introduction

In the 2lst century, an increased frequency of
hydrological extremes, both droughts and floods,
has been observed over Europe, posing immedi-
ate socio-economic threats (Cammalleri et al 2020,
Rakovec et al 2022). Early warning systems can
reduce the societal vulnerability to these hydrolo-
gical extremes, but demand for high-quality hydro-
logical forecasts (Wanders and Wood 2016, De Perez
et al 2017). Against increasingly extreme weather
and climate change, the United Nations initiated
the ‘Early Warnings for AIl' action plan 2023-
2027 to boost the power of predictions and build
the capacity to act to reduce disaster risk and

© 2023 The Author(s). Published by IOP Publishing Ltd

support climate adaptation. With a time horizon
of two weeks ahead, short- to medium-range fore-
casts are the principal tools in daily operations
(Pechlivanidis et al 2014, Bruno Soares and Dessai
2015), while long-range forecasts addressing the sub-
seasonal to seasonal time horizons can support stra-
tegic planning leading also to timely mitigation
of natural climate-induced hazards (Wanders et al
2016, Crochemore ef al 2021, Brunner and Slater
2022a, White et al 2022). The seasonal planning
in sectors, i.e. energy production, agriculture, water
management, disaster mitigation and health, usu-
ally falls into the long-range time horizons (van den
Hurk et al 2016, Hewitt et al 2020, Cantone et al
2023).
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Scientific efforts have been devoted to assess-
ing the sub-seasonal to seasonal hydrological fore-
casts, including extremes, providing information for
better understanding their predictability under dif-
ferent local conditions. However, the majority of
assessments on seasonal hydrological forecasts were
conducted targeting the overall forecast assessments
(Arnal et al 2018, Greuell et al 2018, Harrigan et al
2018), or tackling independently the high or low
streamflow extremes (Madrigal et al 2018, Kompor
et al 2020, Siqueira et al 2020, Sutanto et al 2020).
It is not necessary that river systems with high fore-
cast quality for floods would perform equally well for
droughts (and vice versa), due to the physical and/or
human induced processes that can filter the meteoro-
logical signal. Moreover, this solo approach has not
allowed the development of diagnostics to uncover
the origins of the discrepancies in flood and drought
predictability over space and forecast time, which can
further feed in the evolution of early warning and cli-
mate services.

Although recent efforts aimed at understand-
ing the key drivers that influence the hydrolo-
gical predictability (Harrigan et al 2018, Beer et al
2014, Girons Lopez et al 2021), the insights regard-
ing hydrological extremes still remain insufficient.
Hydrological forecasts over long lead times (weeks,
months or seasons) are produced on the basis of firstly
initialing the hydrological conditions at the onset
of a forecast, and secondly forcing the hydrological
model(s) with (bias-adjusted) meteorological fore-
casts; thus these two sources drive the hydrological
forecast quality (Yossef et al 2013, Yuan et al 2015,
Greuell et al 2019, Patterson et al 2022). Sensitivity
analysis methods can exploit the (relative) import-
ance of these sources of predictability, which are also
well connected to the local hydrological processes
(Wood and Lettenmaier 2008, Wood et al 2016, Arnal
etal 2017).

Moreover, the majority of previous studies on
seasonal hydrological forecasting have been carried
out in a limited number of basins to further allow
comparative analyses. Even investigations that were
conducted at the large scale, lack of synthesis of
knowledge across geographical locations and hydro-
climatic regimes (Kumar et al 2013, Pechlivanidis
and Arheimer 2015, Gudmundsson et al 2019).
Recently, studies explored the link of overall hydro-
logical forecast quality to physical drivers concluding
river memory as a key controller of the predictabil-
ity (Pechlivanidis et al 2014, Sutanto and van Lanen
2022).

Here, we simultaneously investigate, for the first
time to our knowledge, the seasonal forecast skill
of streamflow extremes (very high and low con-
ditions), over the pan-European domain and fur-
ther attribute the difference in their predictability to
the local hydrological signatures across all river sys-
tems. We gain new insights by posing the following
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questions that not only add scientific value but also
guide development in hydrological early warning sys-
tems and climate services: (1) How does the skill of
seasonal streamflow forecasts on high and low extremes
vary over the European river systems? and (2) Can the
predictability of the high and low streamflow extremes,
including their discrepancy, be attributed to the hydro-
logical regimes? To address these questions, we: (a)
assess the forecast skill (up to 30 weeks ahead) of
streamflow extremes across Europe’s hydro-climatic
gradient, (b) analyze the forecast skill for each hydro-
logical regime to understand emerging links between
them, and (c) identify the regimes in which high and
low streamflow predictability is experiencing similar
ranges.

2. Models and data

2.1. Hydrological model description

The E-HYPE model v.3.1.3 covering the pan-
European domain (8.8 million km?) was used. E-
HYPE is a semi-distributed process-based model
operating at a fine spatial resolution with 35 408 sub-
basins and an average spatial resolution of 215 km?
(Hundecha et al 2016). The HYPE model code is
available from the HYPEweb portal (SMHI 2022).
Details about the model can be found in the appendix.

2.2. Meteorological historical data and forecasts

In this study we wused the HydroGFD v2.0
(Hydrological Global Forcing Data version 2.0)
product, an observation-corrected reanalysis data-
set providing historical meteorological information
of precipitation and mean temperature at a 0.5° grid-
ded resolution (Berg et al 2018). The HydroGFD was
used to force the E-HYPE hydrological model to gen-
erate the reference simulation (here considered as
‘observations’; pseudo-observations) and to generate
the initial hydrological conditions at the beginning of
each month.

Seasonal forecasts of daily mean precipitation and
temperature were available for the period 1993-2015
(re-forecasts/ hindcasts) from the fifth-generation
seasonal forecasting system of the European Centre
for Medium-Range Weather Forecasts, ECMWF
SEAS5 (Johnson et al 2019), which are freely access-
ible from the Copernicus Climate Data Store (CDS
2023). SEASS re-forecasts are initialized at the begin-
ning of each month and extend 215 d ahead with 25
ensemble members. Seasonal forecasts of daily mean
precipitation and temperature were bias-adjusted to
the reference dataset (HydroGDF) and used to force
the E-HYPE model for seasonal streamflow forecasts.
Details about the bias-adjustment method are in the
appendix.

2.3. Hydrological forecasting
The initial hydrological states (i.e. snow, water levels
in reservoirs /lakes and /wetlands, soil moisture, and
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streamflow) for the 1st day of every month during
the 1993-2015 period were generated by forcing E-
HYPE with the HydroGFD v2.0 meteorological data
(reference simulation). Seasonal forecasts were then
obtained by running the model with the bias-adjusted
SEASS5 re-forecasts and the HydroGFD-based clima-
tological data as forcing input at the start of each
month with a seven-month lead time. Real-time sea-
sonal forecasts obtained through E-HYPE are openly
available on the HYPEweb portal (SMHI 2023).
Modeled streamflow was extracted in all ~35 400 sub-
basins to assess the model’s predictive skill at sea-
sonal time scales. The hydrological model was run ata
daily time scale and the generated forecasts were then
aggregated to weekly means.

3. Methodology

3.1. Evaluation of hydrological forecast extremes
Seasonal streamflow forecasts are evaluated with
respect to their forecast performance against the
reference simulation (pseudo-observations), which
allows inter-comparison between sub-basins and lim-
its the impact of the model’s structural and paramet-
ric inadequacies to represent reality. The evaluation
of streamflow forecasts is performed on weekly values
(i.e. daily streamflow averaged over 7 d) for the period
1993-2015, with lead week 0 denoting the first week
of the forecast and so forth.

Here, we assess the predictability of hydrolo-
gical droughts and floods in terms of low and high
streamflow using the 10th and 90th percentiles of the
available 23 years climatology, respectively. The tar-
get periods are defined for each sub-basin for low
and high streamflow (figure 1(a)) to consider the
intra-annual variability of the hydrological response
between sub-basins, given Europe’s strong hydro-
climatic gradient. The target period of each sub-
basin is identified by the terciles from the stream-
flow climatology in the reference simulation, and
the weeks with streamflow higher (lower) than the
66th (33rd) percentile are considered as high (low)
streamflow weeks. The start and end month of the
streamflow extreme periods for each sub-basin are
shown in figure 1(b). Note that the start and end
months illustrated here only cover the longest consec-
utive months, since sub-basins can have discontinu-
ous extreme weeks depending on their hydro-climatic
properties (figures 2(b) and (c)).

The seasonal forecast performance is assessed
using the Brier Score (BS; Brier 1950) on both high
(90th percentile) and low (10th percentile) stream-
flow extremes for each sub-basin, target week and
lead time. BS follows a strictly proper scoring rule to
measure the accuracy of the probabilistic forecasts.
The performance for the target weeks from different
initializations are then pooled and analyzed for dif-
ferent lead weeks in each sub-basin separately. The
forecast skill (BSS) is further calculated to indicate

3

Y Du et al

the degree of improvement of the seasonal forecasts
(BSgt) using simulated streamflow climatology as a
benchmark system (BSpen):

BSS =1 — BS¢t/BSpen- (1)

BSS can range from —oo to 1, with 1 indicat-
ing perfect skill and negative values indicating superi-
ority of the benchmark (Wanders and Wood 2016).
The benchmark system (simulated streamflow clima-
tology) is constructed by sampling 20 years from the
historical time series for the same target weeks as the
forecast excluding the forecasted year.

As a measure of the relative predictability of
low and high streamflow extremes, we use a mod-
ified index based on the difference between BSS10
and BSS90 (denoted as ABSS), and standardized
by the perfect forecast (BSS equals 1) (Pechlivanidis
et al 2014). Positive (negative) ABSS values indicate
superiority of the low (high) streamflow predictabil-
ity, while 0 indicates equal predictability for the two
types of extremes:

ABSS = (BSS10 — BSS90) / (1 —BSS90).  (2)

3.2. Extreme forecast predictability—identifying
controlling hydrological systems

The link between the predictability of streamflow
extremes and hydrological regimes is investigated
using the hydrological clusters that were previously
generated by Pechlivanidis et al (2014) based on 15
hydrological signatures. The European river systems
lie on a strong hydro-climatic gradient and were
hence divided into 11 clusters, where basins in the
same cluster were identified as hydrologically similar
(figure 2(a)). Various river systems (i.e. in Poland and
Denmark) are baseflow dominated and experience
large river memory with streamflow being dampened
from large water channels and water bodies (cluster
1). Other river systems are very responsive to rain-
fall, yet the hydrograph is characterized by long reces-
sions (cluster 6). Human influence is also observed
in the hydrological response, with for instance basins
characterized by low runoff coefficient and relatively
high intra-annual variability influenced by irrigation
(cluster 11). More information about the hydrological
similarity over Europe can be found in Pechlivanidis
et al (2014). The distinct hydrological characteristics
of each cluster are also reflected in their extreme peri-
ods, as evidenced by the density ridgeline of extreme
streamflow weeks in figures 2(b) and (c).

Following the skill assessment of streamflow fore-
cast extremes, a k-means clustering method (Jin
and Han 2010) is applied to further categorize the
clusters based on their common discrepancy profile
in the predictability of hydrological extremes. This
step allows a numerical identification (and not visual
which could introduce subjectivity) of the basins that
share common dominant hydrological regimes and
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Figure 1. Targeted periods (months over the year) for investigating extreme streamflow conditions: (a) conceptual definition of
above normal (blue) and below normal (orange) conditions, and (b) identified start and end month for below normal and above
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forecast skill patterns of high and low streamflow
extremes.

4, Results

4.1. Assessment of seasonal hydrological forecast
extremes

We firstly explore the spatial-temporal variability of
predictability for each of the hydrological extremes.
Results show that the forecasts across the pan-
European domain achieve high predictability for both
streamflow extremes (as described by BSS) in the
first lead week, with a median skill over 0.9 in both
extreme types (left column in figures 3(a) and (b)).
Thereafter, the skills deteriorate along the increasing
lead weeks, where a faster deterioration is observed
in the skills for high streamflow extremes. After
approximately 12 weeks, and until the furthest fore-
cast horizon (lead week 29), the seasonal forecasts
of high streamflow extremes provide, in general, no
added value with respect to streamflow climatology.

In particular, a rapid decrease in skill of the high
streamflow extremes in the first forecast month is
observed, while the skill decline is smoother, and still
positive, after lead week 6. In contrast, forecasts of low
streamflow extremes maintain skill up to 20 weeks
ahead.

The observed patterns of skill deterioration of the
streamflow extremes are connected to the impact that
initial hydrological conditions and meteorological
forcing have on hydrological forecasts. It is apparent
that the persistence of initial hydrological conditions
is relatively short during the high streamflow period,
while the skill in high streamflow extremes is shortly
after driven by the meteorological forcing, which is
known to have low skill at long lead times. However,
the persistence of the initial hydrological conditions is
longer during the low streamflow period, which res-
ults in slow decline in the forecast skill of low stream-
flow extremes. Moreover, the variations in the skill
of low streamflow extremes are larger compared to
those of high streamflow extremes, as depicted by the

4
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Figure 3. Skill (in terms of BSS) of seasonal hydrological forecast extremes for: (a) low streamflow (BSS10), (b) high streamflow
(BSS90), and (c) their discrepancies (ABSS). Graphs present the BSS statistics for all sub-basins as a function of the forecast

horizon. Maps present the spatial distribution of skill for selected lead weeks (0, 4, 8 and 12).

upper-lower quartiles in figures 3(a) and (b), which
could be attributed to the underlying characteristics
of the different hydrological regimes.

The skill of both extremes varies geographically
with high skill ranges (BSS > 0.8) over the entire
domain in the first lead week, while in the long lead
times the forecast skill drops significantly, as expec-
ted, reaching BSS less than 0.2 (maps in figures 3(a)
and (b)). Forecast skill for low streamflow is gen-
erally high in most parts of Europe (figure 3(a)),
with lower skills in the coastal areas, especially in
southern Europe. The latter could be related to
the relatively small streamflow volumes occurring
in the low streamflow months in comparison to
the other months. We also note that in the semi-
arid regions in southern Europe (southeast Spain,
and parts of Greece and Italy), temperature fore-
casts are more influential affecting the hydrological
response. Forecasts for high streamflow extremes
can achieve good skills over the main continent, yet
with lower skills in the coastal areas in the south
and high elevation areas in the north. This variab-
ility in forecast skill could be the result of remain-
ing precipitation biases in the forcing meteorological
data even after bias adjustment, which were mainly
observed in southern Europe, the Mediterranean, and
generally in highly elevated regions (Pechlivanidis
et al 2014). During lead weeks 4-12, the forecast
skill overall deteriorates faster for high streamflow
extremes than for low streamflow extremes, particu-
larly in northeastern Europe and the coastal areas in
the south.

We next assess the relative difference between the
predictability of low and high streamflow extremes
(ABSS) with the results showing a distinct differ-
ence in the superiority of low streamflow forecasts
(figure 3(c)). However, ABSS during the first lead
weeks (0-2) is highly variable ranging from less than
—1.5 to almost 0.9 (note that these values are the
lower and upper quartiles, respectively). This vari-
ability indicates that there is a significant number
of sub-basins in which flood conditions are bet-
ter predicted than drought conditions. Generally,
in northern Europe, low streamflow extremes show
higher predictability than high streamflow extremes
(positive ABSS), whilst the opposite is observed in
the eastern and southern parts of Europe (maps
in figure 3(c)). Particularly in Eastern Europe, the
skill for high streamflow extremes exceeds that for
low streamflow up to lead week 12. Results also
show that the skill superiority of low streamflow
extremes is generally persistent in time; however, with
increased lead time, the level of superiority (ABSS
value) decreases, reaching a critical time after which
ABSS could not be considered significant. The dis-
tinct behaviors of forecast skills and their discrepancy
underscore the necessity for further investigation of
potential drivers.

Results for longer lead times (lead weeks 16-28)
show that overall the spatial distribution of forecast
skill differs across forecast horizons (figure A1 in the
appendix), with the low streamflow extremes main-
taining their skill in northern Europe up to 16 weeks
ahead. However, in central Europe, the skill of low
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Figure 4. Decomposing the streamflow extreme predictability for each hydrological cluster. The median forecast skill (in terms of
BSS) is presented as a function of lead time and hydrological cluster for: (a) low streamflow extremes (BSS10), (b) high

streamflow extremes (BSS90), and (¢) their discrepancies (ABSS).

extremes remains almost to the furthest lead week.
Forecast skill of high streamflow extremes generally
drops fast in all river systems, with the BSS in some

basins having positive values, yet close to 0, whilst in

others basins reaching a negative skill.

4.2. Linking skill of forecast extremes to
hydrological regimes
We next analyze the forecast skill for each hydrolo-

gical cluster across Europe in order to identify emer-
ging patterns in terms of predictability and persist-
ence. The predictability of low and high streamflow
extremes as a function of lead time and hydrological
cluster is shown in figure 4. The skill for both extremes
is overall high (>0.6) during the medium-range time
horizons (up to 2 weeks ahead) for all hydrological
clusters. Beyond that period the skill exhibits different
deteriorating patterns, indicating that the skill (and
its temporal distribution) is linked to the hydrological
regime.

For low streamflow forecasts (figure 4(a)), the
skill in cluster 3 (snow dominated regime) emerges
for its high and prolonged predictability with an abso-
lute superiority compared to the other clusters up
to 16 weeks ahead. Moreover, in cluster 4 (precipita-
tion driven regime), the low streamflow predictability
shows a limited persistence in time, with a noticeable
skill decrease already within the first lead month. The
skill in the other clusters generally has similar deteri-
orating patterns, however, with distinct tails. In most

clusters, the skill deteriorates to zero before reaching
the furthest lead week, whilst in some of the clusters
(e.g. cluster 1, 8 and 10), the forecasts remain skillful
during all lead times. The different patterns in skill
indicate that the persistence of initial hydrological
conditions varies among the river systems (i.e. long in
snow dominated basins and short in fast responding
basins).

The predictability of high streamflow extremes
shows in general similar patterns for all clusters
(figure 4(b)), with a fast deterioration within the
first 2 months. Among the clusters, cluster 11 (basins
with high intra-annual variability of the streamflow
response and human impacts) shows the highest skill
with the longest persistence, followed by cluster 1
(baseflow dominated with hydrographs dampened
by large river channels and water bodies) and 10
(characterized by low runoff coefficients and annual
streamflow). In clusters 4 and 7 (basins with high
runoff coefficients and flashy streamflow response
to precipitation) the predictability of high stream-
flow extremes shows a fast deterioration with the skill
almost disappearing within the first lead month. It is
also interesting to note that although the skill for low
streamflow extremes shows high variability between
the clusters, for high streamflow extremes this variab-
ility is much less and mainly observed in lead weeks
2-8.

The discrepancy between the forecast skill of
low and high streamflow extremes (ABSS) strongly
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Figure 5. Supergroups with common characteristics of hydrological processes (described by hydrological clusters) and
predictability of streamflow extremes (described by the median ABSS in the cluster): (a) baseflow controlled, (b) mixed baseflow
and precipitation driven with high interannual variability, (c) precipitation driven, (d) snow driven, (e) low streamflow and
runoff coefficient, (f) low runoff coefficient with high annual variability and sharp hydrographs. The black solid line denotes the

median ABSS of all sub-basins in the pan-European domain.

highlights the different patterns among the clusters
(figure 4(c)). This discrepancy starts with a wide
range (ABSS between —2.8 and 1) and converges
towards 0 following a unique cluster pace. Cluster 3
emerges with high positive ABSS values throughout
the forecast horizon, indicating the superior predict-
ability of low streamflow extremes to high stream-
flow extremes. The opposite is observed in cluster
11, where the high positive skill in high streamflow
extremes generates large negative ABSS values that
gradually approach 0 in lead week 20. Cluster 4 also
shows a distinctive pattern with ABSS approaching 0
within the first lead month, due to the fast deterior-
ation in both low and high streamflow predictability,
as shown in figures 4(a) and (b), respectively. These
discrepancies seem from a visual assessment to have
a similar pattern for the other clusters; however, this
remains a subjective conclusion and a further thor-
ough investigation is needed.

4.3. Attributing predictability to hydrological
processes

Following the identified links between skill and
hydrological regimes, we next dig deeper and attrib-
ute the discrepancy of skills in low and high stream-
flow extremes to the hydrological processes. Applying
the k-means clustering to the discrepancy (ABSS)
profiles of each hydrological cluster results in six
distinct supergroups, whose both ABSS profile and

hydrological processes are similar (figure 5). Some
supergroups (i.e. (a), (b) and (c)) are merges of 2 or 3
clusters, while the other supergroups have uniquely
identified a single cluster. In terms of dominant
hydrological processes, we describe these supergroups
as: (a) baseflow controlled consisting of clusters 1 and
8; (b) mixed baseflow and precipitation driven with
high interannual variability consisting of clusters 2, 5
and 9; (c) precipitation driven consisting of clusters
4, 6 and 7; (d) snow driven which is uniquely defined
by cluster 3; (e) basins in cluster 19 with low stream-
flow during the year and with low runoff coefficients;
and (f) basins in cluster 11 with low runoff coeffi-
cients, yet with relatively high intra-annual variab-
ility and sharp hydrograph (fast response to precip-
itation and hydrograph recession). The predictabil-
ity of low and high streamflow extremes including
their discrepancies are also visualized separately for
each supergroup in figure A2 in the appendix, where
details of common characteristics within the super-
group can be observed.

Distinct ABSS profiles are revealed between base-
flow controlled (group (a)) and precipitation driven
river systems (group (c); figures 5(a) and (c)). The
positive ABSS values suggest a general advantage in
forecasting low streamflow extremes for the base-
flow controlled river systems (group (a)). In the
short lead times, ABSS of group (a) remains close
to the median ABSS of the pan-European domain,
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while an exceedance is observed from lead week 4
onwards, highlighting the skill persistence in low
streamflow extremes in baseflow controlled systems.
Precipitation responsive river systems (clusters 4, 6
and 7 in group (c)) show a relatively higher predict-
ability of high streamflow extremes compared to the
median ABSS pattern of the pan-European domain.
The ABSS peak in group (c) occurs in lead week 2,
which is one week earlier than Europe’s median ABSS
peak, indicating also a faster deterioration in the fore-
cast skills. Basins in group (b) have varying charac-
teristics in terms of baseflow controlled (cluster 9)
or snow/precipitation driven (clusters 2 and 5), yet
they all share a common regime of relatively large
intra-annual variability in streamflow. These clusters
have higher ABSS values than Europe’s median up
to lead week 12, indicating a higher forecast skill of
low streamflow extremes up to the seasonal horizon
(figure 5(b)).

Groups (d), (e) and (f) consist of a single hydro-
logical cluster each, indicating distinguishable ABSS
profiles in these clusters. Snow dominated river
systems in cluster 3 are identified in group (d),
with ABSS reflecting superiority in predicting low
streamflow extremes over high streamflow extremes
(figure 5(d)). This superiority is also observed over
Europe’s median ABSS up to lead week 20. Moreover,
group (f) exhibits an almost opposite profile to group
(d), where ABSS starts from negative values and
gradually approaches Europe’s median (figure 5(f)).
River systems in group (f), characterized by low run-
off coefficient and relatively high annual variability
influenced by human impacts, have a higher predict-
ability of high streamflow extremes compared to the
other river systems. As for group (f), ABSS values in
group (e) also start with negative values and below
Europe’s median, which is exceeded in lead week 4
(figure 5(e)). This result indicates a generally high
predictability of high streamflow extremes, yet with
relatively faster deterioration in those river systems
with low streamflow and low runoff coefficients.

5. Discussion

5.1. Understanding the predictability of extremes
across hydro-climatic gradients

It has been well demonstrated that knowledge of
the initial hydrological conditions and the forecas-
ted meteorological status are two key sources of pre-
dictability for seasonal hydrological forecasts, includ-
ing extremes (Wood and Lettenmaier 2008, Arnal
et al 2017). The evaluation in this study digs deeper
in this direction, finding that the skill of hydrolo-
gical forecast extremes, including their differences,
can be regionalized based on knowledge of the
hydrological regimes, therefore promoting additional
physiographic drivers to diagnose their predictability.
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Here, the hydrological regimes are based on
a model simulation, thus the connection of pre-
dictability and the hydrological regime is subject
to the model’s representation of reality. Although
large-scale (e.g. continental, global) hydrological
modeling is subject to larger model uncertainty
than catchment-scale modeling (Pechlivanidis and
Arheimer 2015), the use of the continental model here
provides indicative forecasts of streamflow extremes
for all European river systems. E-HYPE’s evaluation
involved a multi-variable, multi-period, and multi-
objective approach, covering an adequate number of
European basins (Hundecha et al 2020). This ensures
that E-HYPE is ‘a good model for the right reasons),
thereby facilitating scientific insights through model-
based assessments.

With the acknowledgements above, our study
reveals links between hydrological regimes and the
skill of forecasted hydrological extremes, implying
that basin-specific outcomes can be regionalized
to other geographic locations. This finding is in
accordance with conclusions from previous studies
exploring key drivers of seasonal hydrological fore-
cast skills (Crochemore et al 2020, Girons Lopez
et al 2021, Pechlivanidis et al 2014, Brunner and
Fischer 2022b, Musuuza et al 2023). Particularly
for European drought forecasting, Sutanto and van
Lanen (2022) highlighted the strong link between
river memory and seasonal hydrological drought pre-
dictability. Our study extends previous investigations
by simultaneously focusing on both types of hydro-
logical extremes. In our results, seasonal streamflow
forecasts of low extremes possess better predictability
in river systems with long memory (i.e. snow or base-
flow dominated and/or with long recessions), com-
pared to high streamflow extremes. Meanwhile, in
river systems of relatively short memory, for instance,
basins that are highly rainfall driven or with low run-
off coefficient yet with high intra-annual variability,
the forecast skill of high streamflow extremes outper-
forms the ones of low extremes. Consequently, these
results can be regionalized to other regions with sim-
ilar climatological and hydrological characteristics.

5.2. Practical implications

Climate change is expected to increase the severity
and frequency of hydrological hazards (i.e. floods and
droughts) in multiple regions across Europe and the
globe (Krysanova et al 2017, Pechlivanidis et al 2017,
Zhao et al 2023), which raises the concern of hav-
ing multiple hazards striking a community simultan-
eously (IPCC 2021). Beyond the severe consequences
of individual hazards (Schumacher et al 2022, Mondal
et al 2023), the potential for compound and cascad-
ing effects further extends their impacts in space and
time. To assist societal adaptation aiming to mitig-
ate the effects, flood and drought early warning and
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hydro-climatic services are needed to provide accur-
ate information on the impacts of water-related haz-
ards (Merz et al 2020, Gober et al 2023), and our study
contributes towards the evolution of these services.

On the one hand, improvements in accurately
forecasting high-risk extreme events is critical for dis-
aster risk reduction, which can be achieved through
the application of new methods (e.g. machine learn-
ing, hybrid approaches, data assimilation) on the
basis of better understanding the predictability (Troin
et al 2021, van der Wiel et al 2021, Gordon et al
2022, Papacharalampous et al 2022, Torell4-Sentelles
and Franzke 2022, Hauswirth et al 2023). Our study
presents insights into the limitations of predictabil-
ity for both floods and droughts and their discrep-
ancies, including their spatial patterns and temporal
deterioration. This provides an essential perspective
in the context of potential compound/cascading scen-
arios (van den Hurk et al 2023), which can be further
improved through post-processing.

On the other hand, the transferability of know-
ledge and seasonal forecasting techniques for identi-
fying solutions across local studies is crucial to max-
imize the global efficacy (Jackson-Blake et al 2022,
Dasgupta et al 2023, Gober et al 2023). Our study
highlights the significance of attributing predictab-
ility to local hydrological characteristics and enables
the knowledge to be regionalized and transferred
to other (ungauged) geographical locations. This
provides a scientific basis for implementing know-
ledge and services from pilot studies to a wider
use case, particularly in vulnerable areas with lim-
ited resources, hence aiding effective risk reduction
actions in those areas.

6. Conclusions

Herein, we investigate the seasonal forecast skill of
streamflow extremes over the pan-European domain,
and further attribute the discrepancy in their pre-
dictability to the local hydrological signatures. An
evaluation of the seasonal predictability of both
high and low streamflow extremes is conducted
over about 35400 European basins, which lie along
a strong gradient in terms of climatology, scale,
physiography, and hydrological regime. A link is
established between the forecast skill of hydrolo-
gical extremes and hydrological regimes, which leads
towards attributing predictability to dominant phys-
ical processes. The insights bring hydrological science
towards the potential to regionalize the predictability
of extremes, which is of high added value to disaster
risk reduction and hydro-climate services.

The main conclusions from this study are as
follows:

e The seasonal forecast skill of streamflow extremes
varies geographically and deteriorates with

Y Du et al

increased lead time. High forecast skill is shown
in northern Europe in the short lead weeks in
terms of low streamflow extremes, and in east-
ern and southern Europe in terms of high stream-
flow extremes. After approximately 12 weeks, the
seasonal forecasts of high streamflow extremes
provide, in general, no added value with respect
to streamflow climatology, while forecasts of low
streamflow extremes maintain skill up to 20 weeks
ahead.

e Comparing the predictability in high and low
streamflow extremes, the skill persistence for
low streamflow extremes is longer than the high
streamflow extremes. In northern Europe the pre-
dictability for low streamflow extremes is higher
than for high streamflow extremes. Opposite beha-
vior is observed in eastern and southern parts of the
continent, where the predictability of high stream-
flow extremes exceeds the one of low streamflow
extremes up to lead week 12.

e A decomposition of the streamflow extreme pre-
dictability for the hydrological clusters allowed
identification of distinct patterns in terms of skill
and its persistence. Analysis of the skill discrepancy
between low and high streamflow extremes results
in 6 supergroups over Europe that share common
characteristics of hydrological processes and pre-
dictability of streamflow extremes. Overall, dom-
inant processes, i.e. baseflow, dampening, interan-
nual variability, snow and runoff coefficient, could
explain the supergroups across Europe.

e The seasonal predictability of streamflow extremes
is attributed to the local hydrological processes
with distinguishable patterns for different hydro-
logical regimes. The forecast skill for low stream-
flow extremes is higher than for high stream-
flow extremes in river systems with generally long
memory (i.e. snow-related processes, dampening
from lakes or large channels, and long recessions).
In systems with low runoff coefficient and relat-
ively high annual variability influenced by human
impacts (i.e. irrigation), the predictability of high
streamflow extremes is higher than of low stream-
flow extremes.
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Appendix
Here, we present a detailed description of the EHYPE
model and bias-adjustment method, which are ref-

erenced in sections 2.1 and 2.2, and two addi-
tional figures, which are referenced in sections 4.1
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and 4.3. The figures are introduced to provide
detailed information of the predictability of stream-
flow extremes in long lead time and at indi-
vidual hydrological clusters, which complement
our conclusions.

E-HYPE hydrological model description

E-HYPE is a semi-distributed process-based hydro-
logical model of water quantity and quality based
on the HYPE (The HYdrological Predictions for the
Environment) model structure. The pan-European
setup simulates components of the water cycle at
daily time steps, i.e. snow accumulation and melting,
evapotranspiration, soil moisture, streamflow gener-
ation, groundwater recharge, and routing through
rivers and lakes. The historical model performance
in terms of streamflow reaches a median Nash-
Sutcliffe Efficiency of 0.53 over more than 500
streamflow stations across Europe. Details about the
model performance and its relation to physiographic-
climatic characteristics can be found in Hundecha
etal (2016).

Bias-adjustment description

The bias-adjustment was performed using a modi-
fied version of the distribution based scaling (DBS)
method to account for drifting (Yang et al 2010).
The DBS performs bias-adjustment by fitting a dis-
tribution (gamma for precipitation and normal for
temperature) to the reference (HydroGFD) and the
model (ECMWF SEAS5) data, and maps the model
distribution to the reference. After bias-adjustment,
the cumulative distribution of the meteorological
forecasts closely follows the one of the HydroGFD
data.
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Figure A1. Skill (in terms of BSS) of seasonal hydrological forecast extremes for low streamflow (BSS10; left column), (b) high
streamflow (BSS90; central column), and (c) their discrepancies (ABSS; right column). Maps present the spatial distribution of
skill for the long lead weeks (LW; 16, 20, 24 and 28).
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Figure A2. Predictability of streamflow extremes (described by the median BSS) as a function of lead time for low streamflow
extremes (BSS10; left column), high streamflow extremes (BSS90; central column) and their discrepancies (ABSS; right column).
The results are presented for each identified supergroup ((a)—(f)) that shares common hydrological processes and predictability of
streamflow extremes. The black solid line denotes the median ABSS of all sub-basins in the pan-European domain.
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