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Extreme droughts are increasing in severity and frequency due to climate change,
highlighting the need for reliable early-warning information at seasonal time
scales. Bias-corrected seasonal forecasts offer a promising basis for anticipating
drought conditions several months in advance, yet their predictive skill and
potential operational value for the most severe droughts at the global scale
remains insufficiently quantified. Here, we assess the performance of seasonal
drought forecasts derived from the SEAS5-BCSD dataset using the Standardized
Precipitation Evapotranspiration Index (SPEI). Thirty-six of the most extreme
drought events between 1981 and 2024 are identified from ERAS reanalysis,
selecting two events per continent and accumulation period (SPEI-1, SPEI-
3, and SPEI-6), and assessing forecast performance using probabilistic, spatial,
and impact-oriented verification metrics, including the Continuous Ranked
Probability Skill Score (CRPSS), the Fractions Skill Score (FSS), and the Potential
Economic Value (PEV). The results demonstrate that SEAS5-BCSD drought
forecasts outperform climatology for nearly all analyzed events. Across all
verification metrics, forecast skill is generally highest for SPEI-1 events and for the
selected African droughts, whereas the selected North American events exhibit
comparatively lower skill. While the exact location and intensity of the most
severe drought cores remain difficult to predict, useful probabilistic information
is often preserved within the ensemble distribution. Maximum PEV values
frequently exceed 0.7, indicating substantial potential value for decision-making
under suitable cost-loss assumptions. These findings highlight the benefits
of probabilistic, ensemble-based interpretation of seasonal drought forecasts.
Rather than relying solely on the ensemble mean, considering the full forecast
distribution enables more risk-informed drought preparedness by accounting for
both the likelihood and the potential severity of extreme events.

KEYWORDS

bias correction and spatial disaggregation, decision support, drought, SEAS5, seasonal
forecast, SPEI

1 Introduction

Devastating large-scale droughts are becoming increasingly frequent and severe as a
consequence of climate change (Vicente-Serrano et al., 2022; OECD, 2025). In terms of
overall impact, they rank among the most destructive natural hazards worldwide, often
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exceeding floods and storms regarding the number of people
affected, as well as associated agricultural and economic losses
(CRED and UNDRR, 2020; FAO and WMO, 2018). Therefore,
reliable information on the spatial extent, duration, and severity
of drought events is essential for effective preparedness and
(Graham et al., 2011; Haoetal, 2018;
Bandyopadhyay et al., 2020). A comprehensive and up-to-date

mitigation strategies
global drought database is currently lacking. Existing efforts, such
as the European Commission’s drought database based on the
Standardized Precipitation Index (SPI) (European Commission,
J. R. C.)), provide valuable information on severe drought events
across multiple accumulation periods. However, these datasets
typically end around 2016 and therefore do not capture the marked
increase in drought frequency and severity observed over the past
decade (Vicente-Serrano et al., 2022). This limitation restricts the
ability to assess recent extreme events and to place them into a
consistent global context.

In this context, seasonal forecasts, issued by (inter-)national
meteorological services, enable the estimation of drought
occurrence probabilities up to 12 months in advance, thereby
supporting early drought risk assessment. A prerequisite for the
meaningful application of such forecasts, however, is a robust
evaluation of their predictive skill (Doblas-Reyes etal.,, 2013).
Previous studies have investigated the performance of seasonal
drought forecasting systems primarily at regional scales, for
example in the Mediterranean (Arnone et al., 2020), Latin America
(Carrdo etal., 2018), and Spain (Madrigal etal., 2018). These
analyses generally reported modest but positive skill relative to
climatology, largely confined to the first three lead months with
the first lead month being clearly superior to the latter ones
(Carrio et al., 2018; Vorobevskii et al.,, 2024; Weber et al., 2023).
In contrast, comprehensive global-scale assessments remain
comparatively scarce. Existing global investigations often focus
on climatological or ensemble-mean behavior (e.g., Hao etal,
2014; Beck et al., 2022) or specific aspects of drought predictability
such as onset timing (Yuanand Wood, 2013; Chevuturi et al.,
2021), rather than systematically evaluating extreme events across
regions and lead times. Notably, Weber et al. (2026b) found that
SEAS5-BCSD forecasts exhibit higher skill for moderate drought
conditions than for near-normal states, suggesting that forecast
skill may vary substantially with drought severity and motivating
further analysis of more extreme events. The choice of drought
indicator also influences reported forecast skill. Studies relying
primarily on precipitation-based metrics such as the Standardized
Precipitation Index (SPI) have often found limited significant
skill (Arnoneetal, 2020; Carrdoetal, 2018). Incorporating
evapotranspiration, either through hydrological modeling or
through the Standardized Precipitation Evapotranspiration Index
(SPEI), has yielded more encouraging results (Vorobevskii et al.,
2024; Brandsetal, 2025). For Europe, Shyrokayaetal. (2025)
reported slightly improved performance of SPEI compared to
SPI, for semi-arid regions on multiple continents, Portele et al.
(2021) showed the same. On a global scale, Vicente-Serrano et al.
(2023) demonstrated that SPEI provides a robust drought hazard
indicator across diverse climatic regions for monitoring, with
reduced skill in some areas primarily attributable to uncertainties
in precipitation estimates within reanalysis datasets. Overall, these
findings indicate that multivariate drought indicators such as SPEI
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may offer advantages for global seasonal drought predictability
assessments. Despite these advances, three important knowledge
gaps remain. First, most global studies focus on climatological skill
or ensemble means rather than individual extreme drought events.
Second, few studies systematically compare forecast performance
across continents and lead times using a consistent methodology.
Third, the operational value of probabilistic drought forecasts
has rarely been quantified. This study addresses these gaps by
evaluating the predictability of 36 of the most severe historical
drought events worldwide using probabilistic verification metrics,
spatial verification, and an assessment of Potential Economic Value
(PEV).

To address this gap, we adopt a forecast-only evaluation
strategy. Unlike seamless drought outlook approaches that
combine monitoring and forecasting information (e.g., Dutra et al.,
2014), this framework enables a direct attribution of skill
to the seasonal prediction system itself and thus provides a
conservative estimate of drought predictability. Because raw
seasonal forecast output commonly exhibits systematic biases
and model drift relative to reference datasets such as ERA5
(Yin et al., 2023; Weber et al., 2026b), we employ a bias-corrected
seasonal forecast dataset (SEAS5-BCSD). This dataset is derived
from the ECMWEF SEAS5 system using the Bias Correction
and Spatial Disaggregation (BCSD) method (Weber et al., 2026a),
ensuring improved consistency with reference climatology. As a
drought indicator, we focus on the Standardized Precipitation
Evapotranspiration Index (SPEI). To obtain a comprehensive
assessment of forecast skill under extreme conditions, we analyze
two of the strongest drought events per continent (excluding
Antarctica) and aggregation time scale (1, 3, and 6 months) of
the last 44 years, resulting in a total of 36 drought cases. These
events form the basis for a systematic evaluation of the reliability
and limitations of global bias-corrected seasonal extreme drought
forecasts, addressing how well the most extreme droughts in
recent history can be predicted using such forecasts and whether
systematic strengths and weaknesses can be identified.

2 Methods
2.1 Data

Drought detection and forecast verification are based on
the ERA5 reanalysis dataset provided by the European Centre
for Medium-Range Weather Forecasts (ECMWEF). ERA5 offers
global coverage, temporal continuity from 1940 to present, and
consistent representation across variables (Hersbach et al., 2020),
making it a suitable reference for this study. The dataset also
serves as the climatological ensemble, with a leave-one-out
approach (Arlot and Celisse, 2010) applied for 1981-2016. From
2017 onwards, the full ensemble of reference years (1981-2016) is
used as climatological ensemble for drought occurrence.

As forecast input, the bias-corrected, monthly aggregated
SEAS5-BCSD dataset (Weber et al., 2026a) is employed. In this
global dataset, the ECMWF SEASS5 forecasts (Johnson et al., 2019)
were corrected toward ERA5 using the Bias Correction and Spatial
Disaggregation (BCSD) method (Wood et al., 2002; Lorenz et al.,
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2021; Weber et al., 2026b), with the cumulative distribution
functions based on the 1981-2016 reference period, corresponding
to the SEAS5 hindcast period. The dataset has a spatial resolution of
0.25° x 0.25° and has demonstrated improved skill compared to raw
SEASS forecasts, particularly in tropical regions and at longer lead
times (Weber et al., 2026b). SEAS5-BCSD uses linear extrapolation
(scaling) for precipitation and an additive delta approach for
temperature records, widely used approaches to capture the extent
of extremes (Boé et al., 2007; Gonzalez-Aparicio and Hidalgo, 2011;
Holthuijzen et al., 2022). The availability of data from January
1981 to the present enables the assessment of both recent and
historical drought events. The SEAS5 variables used for calculating
the drought hazard indicator are total precipitation and mean
temperature at 2 m.

While Portele et al. (2021) demonstrated that seasonal drought
skill can be obtained without explicit bias correction due to
the normalization inherent in SPEI, we employ a bias-corrected
dataset to ensure a consistent representation of the forecast
distribution, particularly in its tails. Raw seasonal forecasts may
misrepresent extreme precipitation and dry-day frequencies, which
can affect the standardized drought index calculation. Particular
attention is given to the treatment of unprecedented extreme
values that lie outside the calibration range of the empirical
CDF. Within the BCSD framework, multiplicative delta scaling is
applied to precipitation and additive delta scaling to temperature,
ensuring physically consistent extrapolation beyond the reference
distribution. This approach is more robust than a simple post-
hoc standardization of the derived water balance, as the bias
correction is applied directly to both variables prior to drought
index calculation. The handling of new extremes is increasingly
important in the context of climate change, given the rising
frequency of record-breaking temperature events.

Although our evaluation is conducted at monthly resolution,
forecasts are generated at daily time steps, and unrealistic daily
extremes can propagate into monthly aggregates. Applying BCSD
at daily scale improves the representation of precipitation intensity
and dry-day occurrence, particularly in complex terrain where
raw model output may deviate substantially from reanalysis data
(Lorenz et al., 2021). This provides a more physically consistent
basis for drought classification.

2.2 Data processing

Drought conditions in forecast and reference data are
quantified using the Standardized Precipitation Evapotranspiration
Index (SPEI), computed for both reanalysis and forecasts for
all months since 1981. Unlike the Standardized Precipitation
Index (SPI; McKee et al., 1993), the SPEI incorporates an estimate
for evaporation, providing a more complete representation
of the water balance. The SPEI was derived following the
method of Vicente-Serrano et al. (2010), using precipitation and
mean temperature as input variables. To capture droughts at
different accumulation timescales, SPEI-1, SPEI-3, and SPEI-6 were
calculated, corresponding to 1-, 3-, and 6-month windows. This
roughly corresponds to the temporal extent of a meteorological, an
agricultural and a hydrological drought (Wilhite and Glantz, 1985).
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Areas with extremely low climatological precipitation, defined as
regions receiving less than 0.01 mm.day~! at the 33rd percentile
of monthly precipitation, were masked out. In such hyper-arid
regions, SPEI values are undefined or numerically unstable due
to the near absence of precipitation (Vicente-Serrano et al., 2010).
Consequently, skill metrics are evaluated only over precipitation-
relevant regions, avoiding artificial skill artifacts in permanently
dry areas. For continental-scale means, the fitting of the curve
was applied after computing the aggregated water balance. The
normalization reference period was set to 1981-2016, with 1980
included to initialize SPEI-3 and SPEI-6, ensuring consistency with
the reference period used in the BCSD procedure. While some
studies (e.g., Dutra etal., 2014; Sutanto etal., 2020) incorporate
monitoring-period information into the forecasting window to
construct seamless SPI-3/-6/-12 predictions, we deliberately restrict
the evaluation to forecast-only lead times. Specifically, we consider
Lead Month 0 (LMO) for SPEI-1, LMO0-2 for SPEI-3, and LMO0-5 for
SPEI-6, ensuring that the assessed skill is exclusively derived from
the seasonal forecast and not influenced by observed monitoring
data.

2.3 ldentification of the most severe
droughts

The objective is to identify the two most severe drought
events per continent, separately for SPEI-1, SPEI-3, and SPEI-
6. The selection of two events per continent and aggregation
scale represents a compromise between focusing on the most
extreme droughts and ensuring a minimal sample size for a
meaningful comparison. Restricting the analysis to a single event
would risk overemphasizing case-specific characteristics, while
including a larger number of events would dilute the focus on
truly exceptional drought conditions. Although using a fixed
number of events per continent means that some globally more
severe droughts are not included, this strategy ensures a balanced
representation of all continents and avoids biases arising from
differences in continent size or drought-affected area. Figure 1
describes the process visually. Ranking droughts objectively is
inherently challenging, as severity can be defined in terms of
spatial extent, duration, intensity, or socio-economic vulnerability.
In this study, the focus is limited to atmospheric factors alone,
excluding regional vulnerability. Drought duration is represented
by different accumulation periods, intensity by varying SPEI
thresholds (Malekian et al., 2026), and spatial extent by the use of
spatial skill scores (Skok and Roberts, 2016).

The analysis covers the six inhabited continents: Africa, Asia,
Australia, Europe, North America, and South America; Antarctica
is not considered (see Figure 2). Greenland, located on the North
American tectonic plate (Bird, 2003), is included in North America.
Asia and Europe are separated along the Ural mountain range,
while Oceania is considered together with Australia. We note
that, under this delineation, European drought events are more
likely to occur within the Russian landmass, as large-scale drought
patterns cover a smaller contiguous land area in Western and
Central Europe due to the region’s fragmented coastline and
substantial maritime influence. For each continent and aggregation
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Drought hazard computation

Input: ERAS tp & t2m data
- Calculate PEV and aggregate to SPEI-1, -3, -6

@

Candidate drought events

- Identify contiguous regions with SPEI < -1.5
- Exclude events < 500,000 km?

@

Ranking

Rank events by combined severity metric (Area
x SPEI?)

Selection #1

Select the most extreme drought

- @

Ensure event independence
Exclude events occurring:
» within the same calendar year like #1
® with overlapping accumulation periods with #1

@

Selection #2

Select the most extreme drought remaining

FIGURE 1

Flowchart illustrating the selection process for identifying two
drought events per continent and aggregation period, resulting in a
total of 36 droughts. Blue boxes indicate steps executed once, while
sand-colored boxes represent steps repeated for each continent and
aggregation period.

scale, the 5 months with the largest area affected by SPEI <
—1.5 during 1981-2024, representing severe drought conditions
(Vicente-Serrano et al., 2010) are selected based on ERA5 data.
More restrictive thresholds such as -2 primarily capture localized
extreme cores and may therefore underestimate the full spatial
extent of major drought events. In addition, 5 months with the
lowest SPEI values are identified to capture drought intensity. For
this purpose, grid cells with SPEI above -1.5 are masked. Although
a minimum affected-area criterion was initially considered, it
proved unnecessary because all high-ranking candidate events
already exceeded the intended threshold. The final event selection
was therefore unaffected by this criterion. The event selection
deliberately emphasizes large-scale droughts because seasonal
prediction systems are expected to exhibit skill primarily for broad-
scale hydroclimatic anomalies rather than localized events. This
procedure yields up to ten candidate months per continent and
aggregation scale, covering both the most intense and the most
spatially extensive droughts. Among the remaining candidates, the

Frontiersin Water

10.3389/frwa.2026.1911791

strongest drought is identified using an objective drought ranking
metric that combines drought duration, affected area, and intensity
(Equation 1):

R=DVA4, L, (1)

where D denotes the accumulation period (1, 3, or 6 months
for SPEI-1, SPEI-3, and SPEI-6, respectively), A is the affected area
with SPEI < —1.5, and I is the mean SPEI within the affected
area. Larger values of R therefore correspond to droughts that are
affecting larger areas, and exhibit greater intensity.

To ensure temporal diversity, events occurring within the
same calendar year and an overlapping accumulation period are
subsequently removed before identifying the second drought using
the same procedure. The final set of events is summarized in
Table Al in Appendix. For clarity, the SPEI < —1.5 threshold is
used solely to identify the month associated with the most severe
drought conditions; all subsequent analyses for the respective
month are conducted using the full range of SPEI values spatially,
not restricted to areas below the threshold. The selected events
correspond to the two highest-ranked droughts per continent
according to the objective Drought Event Index, which combines
affected area, intensity and duration.

Notably, 32 of the 36 identified droughts occurred after
the reference period ending in 2016. This is consistent with
Vicente-Serrano et al. (2022), who reported an increase in
agricultural droughts driven by higher atmospheric evaporative
demand especially in the last years, and Nwayor and Robeson
(2024), who showed decreasing SPEI values in a warming world.
Furthermore, this provides a largely independent evaluation
period, as the vast majority of these drought months were not
included in the CDF calculations used for the BCSD.

With 36 drought events identified over a 44-year period,
not all large-scale droughts are represented in this analysis.
The relatively limited sample size is an inherent consequence
of focusing exclusively on the most extreme, large-scale events,
rather than including moderate or short-lived droughts as in,
for example, Richardson etal. (2020). The events were selected
objectively according to predefined ranking criteria rather than
randomly sampled, ensuring that the analysis focuses on the most
societally relevant large-scale droughts. While this selection reduces
the number of cases and limits (temporal) diversity, it allows
a targeted assessment of forecast performance under the most
challenging and societally relevant conditions. At the same time,
the sample size exceeds that of purely event-based case studies (e.g.,
Sudrez-Alminana et al., 2022), providing a more robust basis for
identifying systematic patterns in seasonal drought predictability.

2.4 Evaluation metrics

To evaluate continental-scale drought forecast performance,
three complementary indicators are employed. The Continuous
Ranked Probability Skill Score (CRPSS) assesses the agreement
between the forecast ensemble and the reanalysis by comparing
their cumulative distribution functions (Equations2,3). It is
derived from the Continuous Ranked Probability Score (CRPS,
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w
Number of drought events

FIGURE 2

Map of the 36 selected drought events based on ERAS reanalysis data. Areas with SPEl < —1.5 are shaded in red; darker shading indicates regions
where multiple drought extents overlap. The borders between continents are marked with thick gray lines

Hersbach, 2000), which measures the area between the forecast
ensemble distribution and the Heaviside step function representing
the reanalysis.

o]

CRPS(F, x) = f (F(y) — H(y — %)) dy, )

—00

The CRPSS is then calculated as

Z CRPSfcst

CRPSS =1 — .
> CRPS,¢f

(©)

with ref being, e.g., the climatology. The metric therefore
considers the full spectrum of values, from dry to wet conditions, as
well as the distance of each ensemble member from the reanalysis,
on a grid cell basis. For spatial and/or temporal aggregates, the
mean SPEI is calculated first and the CRPSS is then computed for
this aggregated series. A value of 1 indicates a perfect forecast,
0 performance equivalent to climatology, and negative values
performance worse than climatology. Due to ensemble spread,
a perfect score of 1 is generally not attainable in probabilistic
forecasting systems (Hersbach, 2000).

While CRPSS captures overall distributional performance,
complementary metrics focus on categorical drought events. For
these, thresholds such as SPEI < -1 or SPEI < -1.5 are applied,
classifying both forecasts and reanalysis into binary outcomes
(event or non-event) at each grid cell. Based on these classifications,
several event-based metrics are derived and explained in the
following.

The Hit Rate (HR) measures the proportion of correctly
predicted drought events among all observed drought events
(Owens and Hewsom, 2018). For climatology, assuming a normal
distribution, a Hit Rate of approximately 15.9% is expected for SPEI
< -1, and about 2.3% for SPEI < -2, corresponding to the lower-tail
probabilities of a standard normal distribution. An increase beyond
these baseline values for SEAS5-BCSD indicates improved event
detection. The False Positive Rate (FPR) is defined as the fraction
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of forecasted drought events that do not occur against the total
number of actual negative events (Equation 4):

FP

FPR = ——,
FP + TN

4)
ideally, HR exceeds FPR.

To relate the Hit Rate (HR) and False Positive Rate (FPR),
Receiver Operating Characteristic (ROC) curves are calculated.
The ROC curve expresses the trade-off between HR and FPR as a
function of the probability threshold, defined here by the fraction of
ensemble members forecasting the binary drought event (threshold
exceeded or not exceeded; Marzban, 2004). A forecast with no skill
relative to random chance yields identical HR and FPR values for
all thresholds and therefore lies along the diagonal of the ROC
space, corresponding to an Area Under the Curve (AUC) of 0.5
(Téth et al., 2003). Increasing forecast skill shifts the ROC curve
toward the upper-left corner of the diagram, resulting in larger AUC
values, with a theoretical maximum of 1 for a perfect forecast.

To account for both misses and false alarms, the Brier Skill
Score (BSS, Brier, 1950) is employed (Equation 5). The BSS is based
on the Brier Score (BS), defined as

1 N
BS = > (fi— o) (5)
t=1

where N is the number of observations, f; is the probabilistic
forecast at time ¢, and o is the corresponding binary outcome
derived from ERA5. The BSS is then calculated analogously to
the CRPSS, with 1 representing perfect forecasts (theoretical only
for ensembles Weigel et al., 2007), 0 as good as the reference, and
negative values worse than the reference. While the CRPSS can be
viewed as a continuous analog of the BSS (Hersbach, 2000), the
BSS provides sharper insights into the ability of forecasts to capture
specific extreme events, which are the main focus of this study.
Precipitation forecasts are prone to displacement errors: while
the total precipitation over a large region may be well represented,
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grid-cell-level comparisons like the preceding indicators can yield
poor scores due to spatial shifts of only a few kilometers, resulting
in so-called double-penalty effects (Mittermaier et al., 2011). To
account for such spatial pattern errors, the Fractions Skill Score
(FSS) is employed (Equation 6). This neighborhood verification
method, widely used for high-resolution short-term precipitation
forecasts (Necker et al., 2024), is also applicable to longer-term
predictions. Conceptually, the FSS is a variation of the Brier
Skill Score that compares fractional coverage of events within
neighborhoods of increasing size. Following Mittermaier et al.
(2011), it is defined as

FBS
FBSworst

FSS=1-

, (6)

where FBS denotes the Fractions Brier Score (Equation 7) and
FBSyorst its maximum possible value (all precipitation misplaced).
The FBS is composed as follows:

1 & 5
FBS:Ng(fi—oi), 7)

where N denotes the total number of grid cells, f; is the fraction
of neighboring grid cells around location i exceeding the threshold
in the forecast, and o; is the corresponding fraction in the
observations.

An ESS of 1 corresponds to a perfect forecast (unattainable for
ensemble systems), while values above 0.5 are typically considered
indicative of useful skill, provided that the domain is large
compared to the typical spatial error (Skok and Roberts, 2016),
which is the case for this analysis due to the continent-wide domain.

Beyond purely statistical verification metrics, we assessed the
practical usefulness of the forecasts using the Potential Economic
Value (PEV) (Equation 8), which quantifies the economic benefit
of a probabilistic forecast within the classical cost-loss decision
framework (Murphy, 1977; Richardson, 2000). PEV compares
the expected expense of decisions based on the forecast against
decisions based solely on climatology. For each drought threshold
(SPEI < —1, —1.5, and —2), binary drought occurrence was derived
from the observations, ensemble forecasts, and climatological
reference. The PEV was then evaluated for forecast probability
thresholds (py,) between 0.05 and 0.95 and cost-loss ratios (c/I)
(Equation 9) between 0.01 and 0.99. Following Richardson (2000),
the PEV is defined as

If ; < p, the Potential Economic Value is given by

€ p-Ca-pF+p(1-YH

PEV = , (8)
C1-p
whereas for% >p
—S1 —p)F 1-$H

pP(1-9)

Here, H denotes the Hit Rate, F the False Positive Rate, p
the climatological probability of the event, and C/L the assumed
cost-loss ratio. PEV values larger than zero indicate that using the
forecast is economically preferable to relying on climatology alone,
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FIGURE 3

Mean Continuous Ranked Probability Skill Score of the selected
droughts across continents and lead times. The size of the circles
indicate the drought severity.

whereas values below zero imply that climatological information
yields a lower expected cost. A value of one represents a perfect
forecast.

3 Results

3.1 Overall drought forecast performance

We first assess the overall forecast performance for the selected
extreme drought events across continents and accumulation
periods. The CRPSS overview (Figure 3) indicates positive skill
for all selected drought events. Among the indices, SPEI-1
attains slightly higher CRPSS values than SPEI-3 and SPEI-
6, consistent with the expected accumulation of forecast errors
(Lorenz et al., 2021; Weber et al., 2026b) at longer accumulation
periods. The difference between SPEI-3 and SPEI-6 is negligible.
Across continents, the African droughts exhibited the highest
median CRPSS (Table A2 in Appendix), with all six droughts
reaching CRPSS values above 0.38. Asia and North America exhibit
lower values, generally below those of Africa, while Australia and
South America maintain consistently high skill except for isolated
cases. Europe performs intermediately with values between 0.13
and 0.43. Overall, the selected tropical drought events tend to
exhibit higher forecast skill than those at higher latitudes, although
this pattern should be interpreted with caution given the limited
number of events. Regarding drought intensity, Figure 3 reveals a
clear systematic trend; a tendency for the most severe droughts
to exhibit higher CRPSS values compared to milder events. This
pattern is supported by a correlation analysis, which indicates a
statistically significant (p ~ 3.03 x 107°) negative relationship
between CRPSS and SPEI values. Given that SPEI is negative during
drought conditions, this implies that more extreme droughts are
forecasted more accurately than less severe droughts (still SPEI
< —1.5) within the relatively small sample of thirty-six events.

Because CRPSS evaluates the entire forecast distribution,
forecast errors associated with normal and wet conditions also
contribute to the score. To isolate forecast performance for drought
events, we therefore additionally employ the Brier Skill Score
(BSS), which is calculated specifically for drought occurrence.
To distinguish the performance of different drought categories,
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Radar plot of Brier Skill Score (BSS) across drought severity and
accumulation periods for each continent. Each axis corresponds to a
specific combination of severity and accumulation period. The black
circle represents a BSS of 0 (no skill). Values farther from the center
indicate higher skill. Lines closer to the outer edge of the plot
indicate better performance of the forecast relative to climatology.

thresholds are defined at SPEI < —1 (moderate droughts), <
—1.5 (severe droughts), and < —2 (extreme droughts) on grid-cell
level, following Vicente-Serrano et al. (2010). This provides a more
complete picture of forecast performance, especially for the most
extreme areas.

The radar plot (Figure 4) summarizes the BSS across drought
categories, lead times, and continents. Ideally, lines should extend
far from the center, with the black ring marking climatology. For
SPEI-1, all continents achieve positive skill, North America is the
closest to zero. Moderate drought areas are detected most reliably,
while severe and extreme areas show weaker skill, consistent with
the correlation analysis shown in Figure 3. This effect is minor at
the short lead time of 1 month but becomes most pronounced at
6 months. At a lead time of 3 months (SPEI-3), skill decreases
further; both North American forecasts fall below climatology,
resulting in negative BSS. SPEI-6 produces a similar picture, with
progressively lower skill as drought severity increases. Overall, two
robust patterns emerge: (i) forecast skill declines with increasing
drought severity category, and (ii) longer lead times reduce skill.
Among continents, African droughts are consistently best predicted
(always above 0.32 BSS), while North American droughts are the
most difficult.

In addition to climatology, the drought detection performance
of SEAS5-BCSD was evaluated against two additional baseline
forecast approaches: a persistence forecast based on the observed
SPEI value of the preceding month, and a linear regression
model using the Nino3.4 index (NOAA, 2026). The median
Brier Skill Score (BSS) values are predominantly positive across
the evaluated drought thresholds, indicating that SEAS5-BCSD
generally outperforms both benchmark approaches (Table 1). The
highest skill is found for mild drought conditions, whereas for
more severe drought thresholds the linear regression occasionally
exhibits slightly higher skill. Forecast performance is highest for
short-duration droughts (SPEI-1), while forecasts for long-duration
droughts (SPEI-6) generally outperform those for intermediate
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durations (SPEI-3). Overall, both benchmark approaches provide
meaningful reference forecasts, while SEAS5-BCSD generally
demonstrates added value beyond these simple baseline methods.

Since the SPEI is standardized, the climatological frequency
of drought categories (e.g., SPEI < —2) is fixed, preventing an
artificial inflation of extreme drought forecast frequencies. To
assess whether the extreme cores of the 36 extreme droughts were
at the correct spatial position, the Hit Rate (HR) and False Positive
Rate (FPR) were calculated. For the short-term droughts (SPEI-1),
HR is substantially larger than FPR in the mean, 0.630 to 0.279 for
moderate, 0.565 to 0.226 for strong and 0.497 to 0.182 for extreme
drought areas. For SPEI-3 and SPEI-6, both the Hit Rate and False
Positive Rate decrease compared to SPEI-1, but the separation
between the two remains similar. Mean Hit Rates range from 0.48
to 0.32 compared with False Positive Rates between 0.30 and 0.15,
indicating that the forecasts continue to detect substantially more
drought pixels than they falsely predict. Under a climatological
forecast, hit rates and false positive rates are equal and correspond
to the climatological frequency of drought events (&~ 16%, 7%,
and 2% for SPEI < -1, -1.5, and -2, respectively). The substantially
higher hit rates obtained here, combined with consistently larger
HR than FPR, therefore indicate clear discriminatory skill relative
to climatology. The relatively high number of false positives
compared to climatology is primarily due to spatial displacement of
forecast drought patterns. The more severe the drought category,
the higher the HR/FPR ratio, indicating fewer false positives per
correctly detected event. Of the 36 analyzed droughts, only one
event (Aus 09/2013) exhibits a higher False Positive Rate than Hit
Rate. This isolated case contrasts with the overall behavior of the
dataset and is therefore interpreted as an event-specific exception
rather than evidence of a systematic forecast characteristic.

To provide a clearer overview of the HRFPR relationship,
Figure 5 shows the ROC curves for extreme drought events (SPEI
< —2). All analyzed droughts exhibit AUC values greater than
0.5, indicating positive skill relative to a random forecast. In panel
(a), short-duration drought forecasts (SPEI-1) show particularly
high predictability, with all AUC values exceeding 0.8. For longer
accumulation periods (SPEI-3 and SPEI-6; panels (b) and (c)),
forecast skill remains positive for all events, although AUC values
are slightly reduced compared to SPEI-1. Reduced skill is evident
for Australia 09/2013 and North America 02/2017. No consistent
continent-wide pattern emerges across the analyzed events.

However, a known limitation of the Brier Skill Score (BSS)
and hit/false positive rates is their double penalization of spatially
2011). To
account for such displacement errors, the Fractions Skill Score

displaced precipitation patterns (Mittermaier et al.,

(FSS) is calculated, which evaluates spatial agreement within
increasing neighborhood sizes. The window size is defined in grid
cells; thus, a window size of one allows for a tolerance of one grid
50 km,
and so forth. The FSS results indicate that most strong drought

cell (& 25 km) in any direction, two corresponds to ~

forecasts (SPEI < —1.5) exceed the 0.5 benchmark commonly
interpreted as useful skill (Figure 6, Skok and Roberts, 2016). SPEI-
1 (left panel) achieves the highest overall performance, with a
mean FSS of 0.742 across window sizes and a mean maximum
of 0.804 across events. Only one case (North America 03/2012)
remains below 0.5 for window sizes < 75 km, suggesting that
lower BSS values in these cases primarily stem from small-scale
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TABLE 1 Median Brier Skill Score (BSS) of SEAS5-BCSD relative to three benchmark forecasts across all lead months for mild, strong and extreme drought thresholds. Values in parentheses
indicate the minimum and maximum BSS across the evaluated lead months. Positive BSS values indicate that SEAS5-BCSD outperforms the respective benchmark forecast.

Threshold Persistence Linear Niflo3.4 regression Climatology
SPEI-1 < —1 0.55 (0.39-0.79) 0.63 (0.13-0.87) 0.51 (0.04-0.82)
SPEI-3 < —1 0.50 (0.18-0.73) 0.47 (-0.01-0.81) 0.30 (-0.08-0.73)
SPEI-6 < —1 0.55 (0.07-0.76) 0.59 (0.12-0.67) 0.44 (-0.05-0.67)
SPEI-1 < —1.5 0.49 (0.37-0.75) 0.56 (-0.04-0.78) 0.49 (-0.09-0.75)
SPEI-3 < —1.5 0.43 (0.22-0.71) 0.35 (-0.34-0.74) 0.25 (-0.32-0.70)
SPEI-6 < —1.5 0.49 (0.27-0.72) 0.42 (0.03-0.65) 0.33 (-0.06-0.62)
SPEI-1 < —2 0.41 (0.04-0.68) 0.43 (-0.16-0.67) 0.41 (-0.16-0.66)
SPEI-3 < —2 0.39 (0.05-0.71) 0.22 (-0.78-0.62) 0.17 (-0.74-0.61)
SPEI-6 < —2 0.37 (-0.02-0.70) 0.27 (-0.06-0.52) 0.24 (-0.09-0.50)
1.Ora) SPEI-1 < -2 b) SPEI-3 < -2 c) SPEI-6 < -2
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spatial displacement rather than a complete failure to capture the
event. The continental differences identified in the CRPSS and
BSS are also reflected in the FSS, with tropical regions generally
exhibiting higher spatial coherence. SPEI-3 (middle panel) displays
the largest spread in performance, ranging from the best overall
forecast (Africa 07/2024) to the weakest (Australia 09/2013),
yet 10 of 12 cases exceed the 0.5 skill threshold. SPEI-6 (right
panel), by contrast, performs consistently well for SPEI -1.5,
with all but one event (North America 02/2017) exceeding a
FSS value of 0.5. Furthermore, nine drought events surpass the
benchmark already at window sizes < 75 km, indicating high
spatial agreement on small-scale deviations. The increase of FSS
with larger neighborhood sizes suggests that the spatial pattern of
droughts is captured reasonably well, even if the precise location
deviates by several grid cells. This indicates a scale-dependent
predictability that improves when forecasts are interpreted over
regional rather than local domains.

For the selected events, areas of extreme drought generally
exhibited lower spatial skill than severe drought areas. For SPEI-
1, the median maximum FSS was 0.745 (95% bootstrap CI:
0.660-0.888), compared to 0.813 (0.738-0.905) for severe drought
areas (Figure Al in Appendix). At longer lead times, the median
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maximum FSS decreased further, reaching 0.621 (0.534-0.793)
for SPEI-3 and 0.685 (0.545-0.793) for SPEI-6. Although the
confidence intervals overlap substantially, these results suggest that
the detection of the most intense drought cores is more challenging
than that of larger severe drought areas. The comparatively lower
FSS for extreme droughts likely reflects both the limited sample
size and the inherent difficulty of reproducing the spatial coherence
of rare, high-intensity anomalies. In particular, the spread of
the precipitation ensemble can lead to under- or overestimation
of the spatial extent and intensity of the most severe drought
conditions. Nevertheless, a substantial proportion of drought
events still exceeded the commonly used FSS benchmark of
0.5 at the native grid resolution (30 of 36 SPEI-1 events, 17
of 36 SPEI-3 events, and 25 of 36 SPEI-6 events), indicating
useful spatial forecast skill even before neighborhood smoothing
is applied.

To complement the conventional verification metrics, the
Potential Economic Value (PEV) was evaluated for all selected
drought events (Figure7). Across all drought severities and
aggregation periods, the forecasts exhibited positive maximum
PEV values, indicating economic benefit relative to climatological
decision making. Bootstrap confidence intervals likewise remained

frontiersin.org


https://doi.org/10.3389/frwa.2026.1911791
https://www.frontiersin.org/journals/water
https://www.frontiersin.org

Weber et al. 10.3389/frwa.2026.1911791
10 v o o o v o
" SPEI-1 <-1.5 £ 2o SPEI-3 <-1.5 SPEI-6 < -1.5 g2
Y 2 v s 0
0916 - o g Eljoe S5
=8 5 = n = 0
38 © 2 s 2 5| =
“l%e® & 2 & 2| o . & 2
%) © ® © ©
L o7 8 B ® %. ®
S 00®
£ 06 © ° )
< ¥ . 5}
(]
= L i - S N 1 e ®___
041 @ Africa @ Europe °
@ Asia @ North America
031 @ Australia @ South America o) [C]
50 100150200250 300 350400450500 50 100150 200250 300 350400450500 50 100150200250 300350400450 500
Window where FSS crosses 0.5 [km]
FIGURE 6

or only reach it at spatial window sizes greater than 20 grid cells.

Fractions Skill Score (FSS) of strong drought occurrence (SPEI < —1.5) for SPEI-1 (left), SPEI-3 (center), and SPEI-6 (right). Colors indicate the different
continents. The dashed horizontal line marks the 0.5 skill benchmark. Points located within the shaded areas either do not exceed the 0.5 threshold
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Potential Economic Value (PEV) as a function of the forecast probability threshold py, for mild (left), severe (middle), and extreme (right) droughts.
Curves show the maximum PEV over all tested cost-loss ratios for SPEI-1,
corresponding to the maximum PEV. Shading denotes the 95% bootstrap confidence interval (1,000 resamples). Grey areas indicate forecast
probability thresholds for which at least 75% of drought events achieved hit rates exceeding 50%.
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SPEI-3, and SPEI-6. Markers indicate the probability threshold

above zero, suggesting that this result is robust with respect to event
sampling. As expected from the low climatological frequency of
severe droughts, the optimal cost-loss ratios were generally small,
with maximum PEV typically obtained for cost-loss ratios around
0.05 (not shown). For SPEI < —1.5, positive PEV values persisted
up to cost-loss ratios of approximately 0.3, while for SPEI < —1
they remained positive up to roughly 0.5. Mild droughts (SPEI <
—1) yielded the highest economic value, although even forecasts for
extreme droughts (SPEI < —2) reached PEV values exceeding 0.7.
Consistent with the CRPSS and Brier Skill Score analyses, forecasts
initialized 1 month in advance generally achieved the highest
PEV. Six-month aggregation periods tended to outperform the 3-
month aggregation, although the differences were not statistically
significant. Hatched regions indicate forecast probability thresholds
for which at least 75% of drought events achieved hit rates
exceeding 50%, highlighting a broad range of probability thresholds
with consistently high event detection.
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3.2 Case studies of individual drought
events

To present the forecast performance in greater detail, we focus
on three representative droughts rather than discussing every case
individually. Based on the CRPSS, we select one well-predicted
event for SPEI-1, one rather poorly predicted event for SPEI-3,
and another well-predicted event for SPEI-6. Specifically, these are
Africa 05/2024, North America 10/2023, and Australia 03/2020 (see
Table Al in Appendix).

Africa 05/2024 represents the drought with the largest impact
area in Africa among those analyzed (see Table Al in Appendix).
Negative SPEI values covered most of Africa (Figure 8), with
extensive regions falling below an SPEI of -2. The most severely
affected areas include Chad and the Central African Republic,
where values below —4 are detected, as well as large parts of the
Democratic Republic of the Congo. The northern Sahel zone is
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FIGURE 8

(a—g) SEAS5-BCSD forecasts of SPEI-1 valid for May 2024 from different issue months (lead month abbreviated as LM). (h) Reference SPEI-1 from
ERAS for May 2024. Extreme arid regions in the target month are masked. (i) Fractions Skill Score (FSS) of the SEAS5 SPEI-1 forecast (issue month
11/2023) for strong drought conditions (SPEl < —1.5), computed using a 100 km window. (j) FSS of SEAS5 SPEI-1 (issue month 05/2024).

found as a hotspot of drought. These ERA5-based findings are
consistent with NOAA (2024). Figures 8a-g displays the SPEI-
1 forecasts for this month from all seven available lead times.
The dominance of red shading, indicating low SPEI values, across
all forecast issue months suggests that SEAS5-BCSD successfully
captured the drought tendency up to 7 months in advance. The
corrected forecasts exhibit a spatially consistent dry signal from
lead months six to one, with positive SPEI anomalies confined
mainly to around Uganda, while the northern Sahel and the
Zambezi River Basin show the strongest dryness. The mean SPEI
across Africa fluctuates between -1.32 and -1.43 during this
period, indicating severe drought conditions over large parts of
the continent. At lead month 0, the average SPEI drops sharply
to -2.74, with intensified dryness particularly over the Central
African Republic, the Congo River Basin and southern Namibia.
In contrast, localized wetter conditions intensify over the Horn
of Africa and eastern Madagascar. Comparison with ERA5 data
reveals a high degree of spatial agreement, with minor deviations
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in the western Sahel, where the forecasts indicate record-dry
conditions, while observations show a still strong but less extreme
drought. To quantify these qualitative findings, Figure 8] displays
the FSS for Lead Month 0, using the strong drought threshold
and a window size of 100 km. FSS values are shown only for grid
cells where SPEI < —1.5 occurred in ERA5. At Lead Month 0,
the majority of affected areas exhibit FSS values well above the
commonly used 0.5 threshold. Especially the drought hot spots
in South Africa and the Congo basin are captured with values
ranging consistently above 0.9. The non-drought areas of eastern
Africa show 0. As an example of longer lead times, the forecast
issued in November 2023 is shown in Figure 8i. Here, 83.0% of
all grid cells exceed the 0.5 threshold, compared to 92.4% at
Lead Month 0. The lowest values occur in eastern Africa, where
a wet anomaly was correctly predicted but displaced by more
than the prescribed window size. The highest FSS values are
found in the northern Sahel, where values of 0.9 are consistently
reached.

frontiersin.org


https://doi.org/10.3389/frwa.2026.1911791
https://www.frontiersin.org/journals/water
https://www.frontiersin.org

Weber et al.

10.3389/frwa.2026.1911791

Driest ensembl

ERA5 SPEI-3, 10/2023

S Reries

e member

FSS driest ens. member
: :

0.8

0.6

AL

Wettest ensemble member

0.4

0.2

0.0

FIGURE 9

100 km neighborhood window.

SPEI-3 for October 2023 over North America. The left column shows ERA5 reanalysis (Top) and the SEAS5-BCSD ensemble mean aggregated over
lead months 0-2 (Bottom). The middle column displays SPEI-3 for the driest and wettest ensemble members. Contours indicate the moderate
drought threshold (SPEI = —1). The right column presents the Fractions Skill Score (FSS) for the respective ensemble member, calculated using a

Overall, the seasonal forecasts perform very well, capturing the
extent of the event several months in advance, although the drought
intensity was slightly underestimated prior to lead month 0, which
in turn over-corrected this bias. The spatial location of the drought
is reproduced accurately, even up to 7 months ahead.

To further investigate the limits of drought forecasting skill,
a comparatively weak-performing event is examined (Figure9).
The 10/2023 North American drought, responsible for a very
strong forest fire season in Canada (Couillard et al., 2026), exhibits
the lowest CRPSS among the analyzed SPEI-3 droughts and the
second lowest performance overall, albeit still featuring positive
CRPSS values and thus outperforming climatology (Figure 3). A
direct comparison of the ensemble mean forecast (upper right
panel Figure 9) with the ERAS5 reference SPEI-3 field (upper left
panel Figure 9) reveals a bipolar drought structure, characterized
by two concurrent drought centers. In the reference data, a
major drought affects large parts of Mexico and the adjacent
southern United States, while a second drought extends across
central Canada. The forecast reproduces the southern drought with
high fidelity, capturing its intensity, spatial extent, and location
well, with the exception of Baja California. Over Canada, SEAS5-
BCSD also indicates drought conditions but underestimates their
intensity and shifts the affected region too far north. This highlights
a key limitation of seasonal forecasting systems, where spatial
displacement of large-scale atmospheric patterns can result in
substantial regional errors in precipitation anomalies.

To assess ensemble spread, the driest and wettest ensemble
members (based on domain-averaged SPEI) are shown in the
lower panels of Figure9. For the Mexican drought, even the
wettest ensemble member consistently indicates extreme drought
conditions, demonstrating a robust signal across the ensemble for
this particular case. The spatial structure of the southern drought is
well-preserved in both extreme members, with the wettest member
even capturing abnormally dry conditions along the southeastern
U.S. coast more clearly than the driest member. The driest member
identifies drought conditions across North America but exhibits a
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slight southward shift and introduces an additional drought signal
over northern Canada and southern Greenland that is absent in
ERA5. Conversely, the wettest member shows better agreement
over Greenland but displaces the Canadian drought northward.

To quantify this qualitative assessment, the Fractions Skill Score
(FSS) is analyzed for this event (Figure 9, right column). For both
the driest and wettest ensemble members, nearly all regions south
of the Canadian border exhibit positive skill, with local FSS values
exceeding 0.9 in many areas. In northern Quebec and parts of the
Northwest Territories, both ensemble extremes suggest that the
drought pattern is slightly displaced. The displacement is smaller
for the driest ensemble member (top right) than for the wettest.
The shift results in lower FSS values along the southern edge
of the impact area. As the neighborhood window size increases
(not shown), FSS values rise, reflecting the close proximity of the
forecasted drought signal despite its spatial offset. Overall, the driest
ensemble member achieves a mean FSS of 0.649, while the wettest
member attains a slightly lower but still positive mean of 0.569.
For the stronger drought threshold (SPEI < —1.5), the 0.5 FSS
benchmark is exceeded at a neighborhood scale of approximately
475 km (see Figure 6). A maximum FSS value of 0.632 (0.617 for
extreme droughts, Figure Al in Appendix) is reached, indicating
useful spatial skill at larger scales. These results support the earlier
interpretation that reduced BSS values primarily stem from large-
scale spatial displacement rather than a failure to capture the overall
drought signal.

Overall, this spatial analysis demonstrates that although the
aggregate skill for this event is limited, the ensemble contains
valuable predictive information. The consistent detection of
drought signals, despite spatial displacement and intensity errors,
suggests that ensemble-based interpretation can still provide
meaningful guidance for large-scale drought monitoring.

As a final case, we analyze a SPEI-6 drought event. The
Australia 03/2020 drought, spanning from October 2019 to March
2020, was selected because the 2019-20 season was the second
hottest on record (1940-2024) and fell into approximately the
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event is displayed on the (Left).

Ensemble fractions for each SPEI-1 category during the 2019/20 Australian drought for ERAS climatology (Middle) and SEAS5-BCSD (Right).
Observed SPEI-1 values are shown as black stars and the ensemble mean as green stars. The rightmost column in both panels shows the ensemble
fraction for SPEI-6 over the full period. The Continuous Ranked Probability Skill Score (CRPSS) relative to climatology for the corresponding SPEI-6
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15th precipitation percentile for that time of year. These 6
months correspond to the climatologically wettest season averaged
over Australia, meaning that the concurrence of exceptional heat
and strong rainfall deficits produced a pronounced drought.
The preceding year (2018-19) featured weak El Niflo conditions
(Rayner et al., 2003), which typically increase predictability of the
Australian rainy season (Johnson et al., 2019; Ma et al., 2023). By
contrast, 2019-20 exhibited neutral to weak El Nifio conditions,
limiting the extent to which SEAS5-BCSD could rely on
teleconnection signals to anticipate dry anomalies. Therefore, skill
arising independently of ENSO forcing should be apparent.

Figure 10 displays the CRPSS for this event in the left panel.
Predominantly dark blue shading indicates strong positive skill of
the bias-corrected forecast relative to climatology. The main impact
region of the drought, located in central Australia near the Gibson
Desert, is captured very well. Compared to the preceding North
American drought case, the spatial extent is represented more
accurately, with no major displacement errors. The continental
mean SPEI-6 is also reproduced well, with a forecast value of -1.21
compared to -1.13 in the reanalysis (see rightmost column of the
right panel).

Given the long lead time of more than 150 days, reduced
forecast skill is expected compared to the SPEI-1 case (see
Figures 3-6). To examine the drought evolution in more detail,
the SPEI-6 was decomposed into six consecutive SPEI-1 values.
Although this changes the effective weighting of individual months
compared to a combined SPEI-6 calculation, the trade-off is
justified: the decomposition allows a clearer assessment of the
ensemble spread and month-to-month signal accumulation. Note
that January and February contribute the largest fraction of annual
precipitation in Australia, and therefore exert the greatest influence
on the resulting SPEI-6 values on the right.

For climatology, the ensemble fraction reproduces the last
3 months reasonably well, as these months show only slightly
dry conditions and the climatology exhibits a broadly centered
distribution (middle panel of Figure 10). In contrast, during
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months with very low observed SPEI-1 values, climatology fails to
capture the severity of the drought, particularly in December, when
record-low values occurred.

SEAS5-BCSD, on the other hand, exhibits a pronounced dry
tendency in the first two lead months, producing an ensemble
mean close to the observed value together with a reduced ensemble
spread (right panel of Figure 10). Although the extreme December
drought is underestimated, several ensemble members reach values
near -4, suggesting that the system (given sufficient perturbation)
can in principle reproduce events of such magnitude. The last
three, more moderate, months are predicted to be near-normal but
slightly dry, again with a noticeably narrower ensemble spread than
climatology, resulting in a more precise forecast.

Across all six lead months, only very few SEAS5-BCSD
ensemble members produce positive SPEI values. These occur
mainly in Lead Months 3 and 5. Since the observed conditions
0), the
limited presence of wet outliers indicates generally appropriate

~
=~

during these months were close to neutral (SPEI
model behavior. When focusing on SPEI-6, shown as the rightmost
column in the right panel, no ensemble member exhibits values
above zero, consistent with the reanalysis data. By contrast, the
ERAS5 climatology is centered around zero and therefore remains
far from the observed conditions. Consequently, SEAS5 clearly
outperforms the climatological reference.

4 Discussion

4.1 Signal versus skill: misplacement,
damping, and lead-time dependence

The discrepancy between the consistently positive CRPSS and
the BSS occasionally falling below climatology arises primarily from
differences in what these scores emphasize. The CRPSS accounts
for both dry and wet anomalies, whereas the BSS focuses solely
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on drought events, making it more sensitive to errors in intensity
and spatial placement. Consequently, reduced BSS values do not
necessarily indicate an absence of predictive signal, but rather
diminished reliability in the representation of drought magnitude
and spatial coherence. At longer lead times, decreases in CRPSS
or even negative BSS values should therefore not be interpreted
as a complete loss of predictability. For several drought events,
the Fraction Skill Score (FSS) still exceeds the 0.5 threshold
when evaluated at larger spatial windows (see Figure 9), indicating
that the signal persists but is spatially displaced. Similarly, the
Hit Rate consistently exceeding the False Positive Rate (with
only one exception), and both being substantially higher than
climatological values, further supports the presence of a genuine
drought signal that is affected by displacement, intensity damping,
or temporal smoothing rather than being entirely absent. Finally,
the ability of ensemble tails to capture extreme conditions even
when the ensemble mean remains moderate highlights that valuable
predictive information can persist beyond what is reflected in
mean-based or event-based skill scores. Taken together, these
results suggest that the reduction of probabilistic skill at longer
lead times is primarily driven by growing uncertainty in spatial
positioning and intensity, rather than by a lack of drought
predictability.

4.2 Continental differences in drought
predictability

When comparing continental-scale performance, the evaluated
African drought events generally exhibit the highest forecast
skill, whereas the North American events tend to show lower
skill (Figures3, 4 and Table A2 in Appendix). However, the
bootstrap confidence intervals indicate that continental differences
should be interpreted with caution given the limited sample size.
The predictability of extreme droughts is strongly controlled by
the dominant drivers of hydroclimatic variability (Williams et al.,
2023). In regions where large-scale modes such as sea surface
temperature (SST) anomalies and teleconnections exert a strong
influence (Dai and Wigley, 2000), seasonal drought predictability
tends to be enhanced. The selected African drought events provide
an example of this behavior: the strong coupling between tropical
climate variability, SSTs, and precipitation (Nicholson, 2017),
combined with comparatively lower synoptic-scale variability
relative to mid-latitudes (Trenberth and Stepaniak, 2003), results
in robust and spatially coherent forecast skill (Tanessong et al.,
2024; Tchinda et al., 2026). While predictability varies within Africa
(Deman et al., 2022), the dominance of large-scale tropical forcing
across much of the continent enhances average skill at continental
scale. Similarly, South America, which is strongly influenced by
SST anomalies as well, exhibits relatively high skill, particularly at
longer lead times (Figure 6, right panel). Europe, by comparison, is
less directly influenced by SSTs and primarily affected by the North
Atlantic Oscillation (NAO; Pozo.Vazquez et al., 2001), resulting
in generally lower seasonal forecast skill. In contrast, North
America is characterized by more dynamic atmospheric variability
and a weaker dominance of large-scale teleconnection forcing
(Alexander et al., 2002), which limits seasonal predictability. An
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additional challenge arises from the large fraction of North
American land area located at high latitudes, where forecast skill
is generally reduced (Weber etal.,, 2026b). This reduction may
partly reflect observational limitations in polar regions, where the
sparse in situ observing network hampers both reanalysis quality
and forecast initialization (Smith et al., 2019). Consistent with the
signal-versus-skill distinction discussed above, reduced scores over
North America largely reflect spatial displacement and damped
intensity rather than a complete loss of predictability at longer lead
times (Figure 9). This interpretation is supported by Fraction Skill
Scores exceeding 0.5 at larger spatial windows (Figure 6), indicating
that forecasts capture the correct large-scale drought patterns
despite local mismatches. Finally, continental-scale conclusions are
based on only six extreme drought events per continent. Although
bootstrap confidence intervals indicate that the reported median
skill estimates are reasonably robust for the selected event set, the
limited sample size and event-focused selection warrant caution
when generalizing these findings to continental-scale drought
predictability.

4.3 Limitations

A central limitation of this analysis is its dependence on
ERA5 as reference data. While ERA5 is known to exhibit
regional precipitation biases, for example in parts of East Africa
(Ahmed et al., 2024), it reliably captures large-scale spatial patterns
and rainfall distributions. Owing to its global coverage, internal
consistency, and seamless availability of all required variables
for drought indicator calculation (Hersbach etal., 2020), ERA5
represents a pragmatic and widely accepted reference for global-
scale drought forecast evaluation.

It should furthermore be noted that ERA5 is used both as
the reference dataset for the bias-correction procedure and for
forecast verification. Consequently, the evaluation quantifies the
ability of SEAS5-BCSD to reproduce the ERA5 representation of
historical droughts rather than independent in-situ observations,
as discussed in Weber etal. (2026b). Although the use of a
different observational or reanalysis dataset would inevitably alter
the absolute skill estimates, ERA5 provides a consistent reference
for both the post-processing and verification framework adopted
in this study. A different observational or reanalysis dataset for
verification would introduce an additional source of uncertainty
arising from differences between reference datasets, thereby
complicating the interpretation of forecast performance. Using
the same reference dataset for post-processing and verification
therefore provides methodological consistency, but does not
guarantee positive forecast skill or improvements relative to the
chosen benchmark forecasts, since the BCSD adjusted precipitation
and temperature distributions rather than optimizing forecast skill
metrics such as CRPSS, BSS, or ROC.

The reference climatology period (1981-2016) differs from the
WMO standard normal period (1991-2020; WMO, 2021). This
choice was necessitated by the increase in SEAS5 ensemble size
in 2017, for which no robust statistical harmonization approach
exists (Manzanas et al., 2022). While absolute climatological values
may differ, the internally consistent use of a single reference period
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ensures the comparability of all skill metrics within this study.
Extremely low SPEI values partly reflect the use of this fixed
reference climatology, so unprecedented recent droughts naturally
produce increasingly negative standardized anomalies. Such values
should therefore be interpreted as indicators of exceptionally rare
conditions relative to the reference period rather than precise
estimates of return period. Furthermore, uncertainties in ERA5
precipitation and evapotranspiration, particularly in data-sparse
regions, may influence the exact magnitude of these extreme values.
Additionally, the findings presented here are specific to SPEI-based
drought forecasts. Different drought indices, such as SPI or PDSI,
emphasize different physical processes and may therefore exhibit
different levels of predictability.

Another limitation concerns the attribution of drought forecast
skill to individual drivers. In particular, the relative contribution of
temperature versus precipitation to SPEI-based skill is not explicitly
quantified. Previous studies indicate that rising temperatures
increasingly amplify drought severity in SPEI relative to SPI under
global warming (Nwayor and Robeson, 2024). Given the high skill
of BCSD-corrected temperature forecasts (Weber et al., 2026b),
temperature likely plays a substantial role in the overall drought
predictability, but its exact contribution warrants targeted follow-
up analysis. For multi-month drought indices (SPEI-3 and SPEI-
6), the influence of Lead Month 0 and subseasonal predictability
in the first forecast weeks may affect overall skill. While
the Australian case study (Figure 10) suggests that meaningful
predictive information persists beyond the first month, a systematic
assessment across events remains an avenue for future research.
Compared to previous studies reporting higher skill for seasonal
SPEI forecasts (e.g., Dutra et al., 2014), the scores presented here
are lower. This difference arises from the strict restriction to purely
forecasted months, whereas seamless approaches incorporate
monitoring data into longer accumulation periods, inflating
skill by construction. Although more conservative, the present
approach provides an uncontaminated assessment of true forecast
performance, rendering positive skill particularly meaningful.

Finally, the analysis was not stratified by regional rainy and
dry seasons. At continental scale, such a separation is difficult
to define consistently due to (1) differences in rainy season type
(bimodal versus unimodal), (2) shift of season by teleconnections
like ENSO (Goswami and Xavier, 2005) and (3) regions (e.g.,
northern Europe) without a clearly defined rainy season. Moreover,
a stratification would substantially reduce sample size, limiting
statistical robustness. Additionally, the SPEI calculation already
accounts for the intra-seasonal differences between the year by
standardization by climatology on a monthly (aggregation) scale.

4.4 Seasonal drought forecasts in decision
support

Despite these limitations, the analysis demonstrates that under
strong dry conditions, SEAS5-BCSD forecasts contain useful
probabilistic drought signals several months in advance, even
when spatial placement or intensity remains uncertain. Figure 7
demonstrates the resulting possible economic implications using
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the Potential Economic Value (PEV). A key strength of the
system lies in its ensemble-based formulation, which provides
probabilistic information that is particularly valuable for assessing
the likelihood of extreme drought events. Deterministic skill scores
alone underestimate the practical value of ensemble forecasts
for early warning applications (Chevuturi et al., 2021). Unlocking
the full potential of ensemble predictions therefore requires a
comprehensive analysis of the ensemble distribution, rather than
reliance on simple ensemble-mean approaches (e.g., Palmer et al.,
2004). Even when the ensemble mean underestimates drought
severity, individual ensemble members can reproduce extreme
conditions, as illustrated for the Australian case (Figure 10).
Likewise, events with weak aggregate skill may still contain
useful information within the ensemble structure, particularly
in the behavior of extreme members (Figure 9). These examples
illustrate the potential value of examining the full ensemble
distribution, but they do not constitute a systematic assessment
of the operational value of ensemble-tail information or its
associated false-positive characteristics. Furthermore, stakeholders
should also monitor drought signals in regions adjacent to
their area of interest, as slight spatial displacement may occur,
particularly at longer lead times. Additional predictive insight can
be gained by examining the temporal consistency of forecasts
across successive issue months: drought signals that persist across
lead times tend to be more reliable (Figure 8), in agreement with
findings by Weber etal. (2026b). Another qualitative indicator
of forecast robustness is the coherence of the drought signal
across ensemble members, for example when only a few wet
outliers contrast an otherwise consistent dry pattern, or when
spatial drought structures are reproduced consistently across
members, as seen for the Mexican drought in Figure 9. Such
ensemble-based interpretation is consistent with WMO guidance
on climate forecast use (Graham et al., 2011) and with operational
drought outlook practices in regional climate outlook forums,
such as the Greater Horn of Africa Climate Outlook Forum
(GHACOF).

Based on these findings, several practical recommendations for
the interpretation of seasonal drought forecasts can be derived:

e Consider not only the ensemble mean but also the ensemble
distribution when assessing forecast uncertainty.

e Inspect the full ensemble distribution, including the most
extreme members, as these may provide additional context
for low-probability, high-impact scenarios. But treat signals
in individual extreme ensemble members as complementary
information rather than stand-alone evidence for decision
making.

e Evaluate the magnitude of ensemble spread as an indicator of
forecast uncertainty and confidence.

e Assess drought signals in neighboring regions to account for
potential spatial displacement.

e Compare forecasts across multiple lead times, as temporally
consistent signals tend to be more reliable.

More reliable seasonal ensemble forecasts therefore enable

more nuanced and risk-aware drought responses when interpreted
appropriately. For example, Portele etal. (2021) demonstrate
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substantial economic benefits for water reservoir management
when seasonal forecasts are incorporated into decision-making.
Crucially, users should be sensitized not to focus solely on the most
likely outcome, but also to consider low-probability, high-impact
scenarios represented in the tails of the ensemble distribution,
which are inherently difficult to capture using deterministic metrics
alone (Grahametal, 2011). A key next step is the improved
integration of such ensemble-based information into existing
decision support frameworks and operational drought monitoring
systems (Bruno Soares et al., 2018; Suarez-Alminana et al., 2022).

5 Conclusion

This study demonstrates that, for the selected catalog of 36
large-scale historical drought events, global bias-corrected seasonal
forecasts from SEAS5 provide useful probabilistic information for
anticipating large-scale, extreme droughts across all continents
several months in advance. For nearly all analyzed events, forecast
skill exceeds climatology, often substantially, with the selected
African droughts generally noting the best forecast performance.
While short-lived droughts and forecasts issued close to onset
exhibit the highest skill, meaningful predictive information persists
even at lead times of up to 6 months.

Predictability is highest for the spatial extent of moderate
drought conditions, whereas the precise location and intensity
of the most extreme drought cores remain more challenging.
Importantly, reduced deterministic or event-based skill scores do
not imply an absence of predictive signal. Even in cases of lower
overall performance, the ensemble distribution may retain useful
predictive information that is not fully reflected by deterministic or
event-based skill scores. The presented case studies suggest that this
information can include low-probability, high-impact outcomes,
as well as indicators of spatial displacement and elevated hit
rates, although the operational value of ensemble-tail information
warrants further dedicated investigation. These findings further
suggest that analyses relying solely on the ensemble mean or a
limited subset of members risk discarding critical information
relevant for extreme event preparedness.

Across the selected events, the forecast system exhibited
useful skill on all continents, suggesting that SEAS5-BCSD
can provide valuable probabilistic information for large-scale
drought preparedness in a wide range of climatic settings.
The results highlight the value of probabilistic, ensemble-based
seasonal drought forecasts for early warning and risk-informed
decision-making. When interpreted appropriately alongside local
expertise and impact information, such forecasts can support well-
coordinated drought preparedness strategies that enable the timely
implementation of low-cost and no-regret measures months in
advance, scaled to both the severity and the likelihood of the
predicted event. The consistent performance across the analyzed
events demonstrates the broad applicability of the evaluation
framework across diverse climatic regions. Strengthening the
integration of ensemble drought forecasts into operational
planning frameworks therefore represents a key opportunity to
enhance proactive drought risk management.

As noted in the introduction, a comprehensive and up-to-date
global drought database is currently lacking. The identification of

Frontiersin Water

10.3389/frwa.2026.1911791

the 36 extreme drought events presented in this study therefore
represents a first step toward such a resource. To facilitate reuse and
further analysis, the event catalog is published alongside this study
(Table A1 in Appendix), complemented by spatial delineations of
the drought-affected areas (shape files; Weber (2026)). While the
primary focus of this work lies on the evaluation of seasonal forecast
skill, this additional dataset provides a consistent, observation-
based reference for future studies on large-scale drought events
and their predictability. This may support comparative studies,
model benchmarking, and the evaluation of drought impacts across
regions and time scales.

Based on the findings of this study, several directions for future
research emerge. One promising approach would be to analyze the
specific drought events investigated here using impact models, such
as hydrological or agricultural models, in order to quantify the
potential benefits of seasonal drought forecasts in retrospective case
studies. By comparing model simulations that incorporate SEAS5-
BCSD forecasts with simulations relying solely on climatological
information, it would be possible to estimate how early drought
warnings could have influenced management decisions and to
quantify potential gains, for example in terms of crop yield,
reservoir storage, hydropower production, or economic savings.
From a modeling perspective, further research could also focus on
identifying the large-scale drivers of the analyzed drought events.
These may include teleconnections or characteristic synoptic-
scale circulation patterns. Investigating whether SEAS5 successfully
predicts these large-scale precursors would provide valuable insight
into the sources of forecast skill. Such analyses could ultimately
support targeted improvements in seasonal forecasting systems and
help refine bias-correction approaches.
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