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Abstract

Developing effective adaptation and mitigation strategies depends on climate predictions
capable of representing future conditions across multiple temporal scales. Decadal climate
predictions bridge seasonal forecasting and long-term climate projections, providing
near-term climate information for decision-making and adaptation planning at multi-year
timescales. This study assesses the predictive skill of CMIP6 decadal precipitation
forecasts from the Decadal Climate Prediction Project for three strategic catchments in
state of Ceard, in the Brazilian semi-arid region. Forecast skill was assessed using
deterministic and probabilistic metrics for three averaging horizons corresponding to
years 1, 1-5, and 1-10 after initialization. Systematic biases were assessed and corrected.
The results indicate that predictive skill varies across forecast systems, averaging
horizons, and catchments. While skill was generally lower for the 1-5-year averaging
horizon, several forecast systems showed positive skill relative to climatology for the 1-
year and the 1-10-year averaging horizons, especially for below-normal and above-
normal precipitation categories. Although bias correction reduced effectively systematic
errors, it did not consistently improve forecast skill. These findings suggest potentially
useful predictive skill at decadal timescales and highlight the potential of decadal climate
information to provide complementary information for near-term water resources
planning and drought preparedness in the Brazilian semi-arid region.
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The high variability of precipitation in semi-arid regions poses substantial challenges
for water resource management, particularly in developing countries, where climate-
related risks often translate into greater socioeconomic vulnerability [1]. Ongoing changes
in the climate system, reflected in shifts in precipitation and temperature patterns, are
associated with increases in the frequency and intensity of extreme events, further
increasing water scarcity [2-5]. In this context, climate information derived from
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strengthen response capacity, and guide mitigation and adaptation strategies, particularly
in regions characterized by high climatic variability [6-8].

Over the past decades, the ability to predict climate variables across different
timescales has been widely investigated using both statistical and process-based
approaches [9-15]. Seasonal forecasts, with lead times ranging from a few months to up
to one year, have proven useful for capturing the interannual variability of precipitation
in different regions, while long-term projections based on emission scenarios provide
information for time horizons spanning several decades to centuries [2,3,15-17]. Although
these approaches play distinct and complementary roles, representing climate variability
at intermediate timescales remains a challenge, particularly given the need to support
planning over short- and medium-term horizons.

To address this challenge, decadal forecasting has emerged as a framework for
investigating climate predictability at intermediate timescales. It incorporates information
about the initial state of the climate system and occupies the space between seasonal
climate predictions and long-term climate projections, thereby helping to bridge these two
forecasting horizons [18-20]. In the context of the Coupled Model Intercomparison Project
Phase 6 (CMIP6), the Decadal Climate Prediction Project (DCPP) has broadened the
framework for evaluating climate predictability on decadal timescales [18-21].
Consequently, the number of studies examining the predictive skill of these systems has
increased steadily over the past decade.

Several studies have examined different aspects of Coupled Model Intercomparison
Project Phase 6 decadal predictions, including comparisons between initialized and non-
initialized simulations, as well as evaluations of the models’ ability to reproduce key
features of the climate system [18,21-26]. In general, these hindcasts perform better at
reproducing multi-year average variability, particularly for thermodynamic variables
such as temperature, while the predictability of precipitation remains more limited and
less consistent across models, depending heavily on the region analyzed and the forecast
horizon [21,27,28].

Recent regional assessments illustrate this heterogeneity: in the Sahel, CMIP6 models
show moderate ability to represent decadal precipitation variability, with improvements
over CMIP5, although the magnitude of variability and the robustness of the ability
remain sensitive to the period analyzed and the metric adopted [29]. Similarly, analyses
of winter precipitation in Northeast Asia indicate statistically significant ability only over
certain decadal timescales, along with strong spatial variability and differences among
members of the multimodel ensemble [26]. Other studies have also investigated decadal
skill for temperature extremes in regions such as India and the Middle East, showing that
the performance of DCPP systems varies across regions and seasons [30,31]. These results
indicate that, while there is evidence of decadal predictability in certain regions of the
globe, its expression remains uneven and is strongly influenced by regional climate
characteristics and the design of the forecasting systems.

In tropical semi-arid regions, such as the Brazilian semi-arid region (SAB), numerous
studies have demonstrated a strong relationship between sea surface temperature (SST)
anomalies and seasonal precipitation variability. However, systematic analyses of the
predictive ability of dynamic climate models for the region from a multi-year and decadal
perspective are still scarce [32-37].

The state of Ceard, where most municipalities are part of the SAB, exhibits high
interannual variability in precipitation, making water resource management a critical
factor for regional socioeconomic development [38—40]. The state is also located in one of
the areas of South America with the highest seasonal climate predictability, due to ocean—
atmosphere interactions that modulate precipitation variability [16,41-43]. While this may
suggest potential for predictability on multi-year and decadal scales, it remains largely
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unexplored whether decadal forecasting systems can capture this variability at the
regional scale and within hydrologically relevant subregions.

Given the importance of evaluating forecasts to determine the usability and practical
relevance of climate predictions, this study assesses the performance of decadal
precipitation forecasts (DPFs) from CMIP6 forecasting systems in three strategic basins in
the Brazilian state of Ceara. Both probabilistic and deterministic metrics are employed to
assess forecasts at three averaging horizons corresponding to years 1, 1-5, and 1-10 after
initialization, representing interannual, multi-year, and decadal variability timescales,
respectively.

This study investigates differences in the performance of models in reproducing
precipitation variability across various timescales. It also examines the presence of
systematic biases in decadal forecasts and their impact on predictive ability, as well as
evaluating how the performance of models varies among the selected catchments. By
addressing these issues, the study aims to improve the understanding of the decadal
precipitation predictability in semi-arid regions and to assess whether these predictions
are sufficiently reliable to support catchment-scale climate analyses relevant to water-
resource-dependent sectors.

2. Materials and Methods
2.1. Study Area

This study focuses on the three largest reservoirs in the state of Ceard, northeastern
Brazil: Banabuiti, Castanhao, and Ords, which play a critical role in regional water supply.
These reservoirs, with maximum storage capacities of 1.6, 6.7, and 1.9 billion cubic meters,
respectively, are in the south-central part of the state and together drain approximately
40% of Ceard'’s territory. They belong to the Jaguaribe River basin, the main hydrographic
system in the state [44,45]. Figure 1 shows the geographical location of the reservoirs and
their catchments, while Table 1 summarizes their main physical characteristics and the
statistical properties of observed precipitation at different temporal scales. The observed
precipitation time series at the annual, 5-year moving average, and 10-year moving
average scales for each catchment are presented in Supplementary Figure S1.

Located in the semi-arid region of northeastern Brazil, these basins exhibit high
spatial and temporal variability in precipitation and are frequently affected by drought
events [3,33,40,46,47]. The regional precipitation patterns are marked by distinct seasonal
variations, primarily driven by the position of the Intertropical Convergence Zone (ITCZ),
with higher rainfall occurring mainly during the first half of the year, particularly from
February to May [38,48]. In addition to this pronounced seasonal cycle, precipitation also
exhibits substantial interannual variability, largely modulated by large-scale ocean—
atmosphere interactions. For instance, the El Nifo-Southern Oscillation (ENSO)
influences rainfall variability, with its positive/negative phase (El Nifio/La Nifia) generally
associated with negative/positive precipitation anomalies in the region. Furthermore, a
positive interhemispheric sea surface temperature (SST) gradient in the Tropical Atlantic
(warmer North relative to the South: +Dipole) displaces the ITCZ northward, which is
unfavorable for rainfall in northern Northeast Brazil, while a negative gradient (warmer
South relative to the North: -Dipole) favors precipitation in the region by shifting the ITCZ
southward [32,34,49-51].

On longer timescales, the multi-year and decadal climate regimes of these basins are
also influenced by lower frequency climate variability modes. The Atlantic Multidecadal
Oscillation (AMO) is associated with variations in the average position of the ITCZ, while
the Pacific Decadal Oscillation (PDO) modulates the behavior of the ENSO, influencing
its frequency, duration, and intensity [36,37,52-54].

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144 4 of 25

41.0°W 40.0°W 39.0°W 38.0°W 37.0°W

A

— —0 25 50 75km-
Uy N

C7
N
(‘/C

So0'E

Ce
(3]
%

S0t

S.0'S

S.0'9

Legend

—£Z Rivers

@® Monitored Revervoirs
[ Banabuid basin

[ Castanh3o basin

[ Orés basin

[ State of Ceard

[ Brazilian Semiarid

So0'L

®
2
@

Figure 1. Geographical location of the Banabuiti, Ords, and Castanhdo catchment in the state of
Ceara, Northeast Brazil. The outlines indicate the boundaries of the river catchments associated with

the reservoirs analyzed in this study.

Table 1. Main characteristics of the Banabuit, Oroés, and Castanhdo catchments and summary

statistics of mean precipitation for each basin at different timescales.

Catchment Banabuia Castanhdo Oros
Construction year 1966 2002 1962

Total basin area (km?) 14,244.22 44,806.33 24,960.92
Storage capacity (hm?) 1534 6700 1940
Annual precipitation Mean (mm/month) 60.1 72.7 61.9
Coefficient of variation (CV) 0.38 0.28 0.31
5-year precipitation Mean (mm/month) 59.3 72.2 61.3
Coefficient of variation (CV) 0.24 0.14 0.18
10-year precipitation Mean (mm/month) 58.5 71.8 60.7
Coefficient of variation (CV) 0.19 0.08 0.13

2.2. Decadal Climate Predictions

The decadal forecasts (DF) used in this study were obtained from seven climate
models participating in the Decadal Climate Prediction Project (DCPP), a component of the
Coupled Model Intercomparison Project Phase 6 (CMIP6) [18,55]. DCPP systems are
coupled ocean—-atmosphere global climate models that produce retrospective forecasts
(hindcasts) with lead times of up to 10 years, initialized annually with observed climate
system conditions since 1960. The models differ in ensemble size, spatial resolution, and
initialization month, reflecting the specific configurations adopted by each modeling center.
The main characteristics of the systems used in this study, including the development
center, horizontal resolution, and number of ensemble members, are summarized in Table
2.

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144

5 of 25

Table 2. CMIP6 decadal prediction models and their specifications (simulations available at the time

of this study). The spatial resolution is shown for the atmospheric grid in degrees of latitude and

longitude.

Model Institution i;l:;mbzi: Spatial Resolution Imt;ﬂ:j:;mn References
CMCC-CM2-SR5 CMC(C/Italy 40 0.9° x 1.25° NOV [56]
CanESMb5 CCCma/Canada 40 2.8°x2.8° JAN [57]
EC-Earth3 BSC/Europe 10 0.7°x0.7° NOV [58]
FGOALS-3-L CAS/China 9 1°x1° NOV [59]
HadGEM3-GC31-MM MOHC/UK 10 0.55° x 0.83° NOV [60]
MIROC6 MIROC/Japan 10 1.4°x14° NOV [61]
MPI-ESM1-2-LR DWD/Germany 16 1.9°x1.9° NOV [62]

Forecast Processing

This study was motivated primarily by the need to extend the forecasting horizon
available to the water resources sector in Ceara, enabling better long-term planning. Water
allocation decisions are made at the beginning of July each year, while seasonal forecasts
for the coming rainy season only show significant skill from January onward. Thus,
decadal precipitation forecasts (DFs) can provide valuable complementary information
for strategic decision-making by extending climate information to multi-year and decadal
timescales.

The analyses were conducted for the period 1961-2023, corresponding to the
common time span between the available decadal forecasts and the observational dataset.
Decadal predictions encompass annual, multi-year, and decadal timescales [18].
Therefore, the predictive skill of the DF was evaluated for the annual mean precipitation
at three forecast temporal horizons: the annual mean of forecast year 1, the mean
precipitation averaged over forecast years 1-5, and the mean precipitation averaged over
forecast years 1-10 after initialization.

As the decadal prediction systems are initialized in different months of the calendar
year, the initial months after initialization were discarded to ensure that the analysis was
restricted to complete calendar years (January—-December), as illustrated in Figure 2.
Consequently, forecast months 1-12 correspond to the first complete calendar year after
initialization. This procedure was applied consistently to all initializations, resulting in a
homogeneous time series composed of ten complete forecast years, totaling 120 forecast
months per experiment.

Both the forecasts and observations were averaged over the corresponding forecast
intervals and indexed by the first year after initialization. For a given initialization year,
the annual horizon corresponds to the mean precipitation in forecast year 1, whereas the
multi-year and decadal horizons correspond to the mean precipitation averaged over
forecast years 1-5 and 1-10, respectively. For example, for the 1960 initialization, the
annual horizon (1961) refers to the precipitation in the 1961 calendar year, whereas the
multi-year and decadal horizons (1961) correspond to the average precipitation over
1961-1965 and 1961-1970, respectively.

As the analysis is based on moving averages, only complete periods were considered
in comparison between forecasts and observations. For the annual horizon (forecast year
1), initializations from 1960 to 2018 were used, resulting in 59 evaluated years for the
period 1961-2019. For the multi-year horizon (forecast years 1-5), the same initialization
period (1960-2018) was adopted, also yielding 59 evaluated values. For the decadal
horizon (forecast years 1-10), only initializations from 1960 to 2013 were considered to
ensure that the averaging period did not extend beyond 2023, resulting in 54 evaluated
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values for the period 1961-2014. For clarity, Table 3 summarizes the forecast horizons and
averaging periods adopted in the evaluation.

Calendar Year 1 Year 2 vee Year 10
eRth Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec (Jan - Dec) (Jan - Dec) (Jan - Dec)
Initialization
month
Nov tee ————
Initialization ® ©
Jan ey —mMm8M
Initialization L 4
May ® (©) e m————
Initialization
Sep
Initialization o S, eee
J \ )
Y Y
Discarded months Forecast months 1-12 = first complete calendar year after initialization

Complete calendar year (Jan — Dec) used in the analysis

@ Initialization (diferente months) N> Decadal prediction initialized every year
-~ - Discarded months % Total analyzed period per experiment

O Start of analysis (January of the following year) ] 10 complete Years = 120 forecast months
—— Analyzed period (complete caledar yeas) ||III||IIIII (January of Year 1to december of Year 10)

Figure 2. Schematic representation of the temporal framework adopted for the decadal prediction

analysis.

Table 3. Definition of the forecast horizons and corresponding evaluation periods used in this study.

. . Number of

Horizon Forecast Interval Aggregation Predicitons
Annual Forecast year 1 Annual mean precipitation 59
Multi-year  Forecast years 1-5 Mean precipitation over years 1-5 59
Decadal  Forecast years 1-10 ~ Mean precipitation over years 1-10 54

To reduce the systematic drift of the models, bias correction was applied using the
Empirical Quantile Mapping (EQM) method on the monthly precipitation series [63]. The
procedure was performed separately for each model, ensemble member, and lead month,
considering all 120 forecast months associated with each initialization [18,64]. EQM adjusts
the simulated cumulative distribution function to match the corresponding observed
distribution, allowing corrections in the mean, variance, and distributional shape. The bias
correction was implemented using a leave-one-out cross-validation scheme, in which the
year being evaluated was excluded from the dataset used to estimate the mapping
functions.

Although there are various bias-correction techniques and more sophisticated post-
processing approaches [65-69], previous studies have shown that Empirical Quantile
Mapping has potential for improving decadal forecast skill [30,70,71]. Additionally, EQM
remains widely used in climate prediction studies due to its simplicity, computational
efficiency, and ability to correct biases in precipitation forecasts [30,63,70,72].

2.3. Precipitation Data

The observed precipitation data used as reference for the evaluation of the model
predictions were obtained from conventional rain gauge stations of the monitoring

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144

7 of 25

network operated by the Fundacdo Cearense de Meteorologia e Recursos Hidricos
(FUNCEME). This network consists of approximately 550 conventional Ville de Paris-
type rain gauges distributed across the state of Ceard. The historical dataset considered in
this study covers the period from 1961 to 2023. The dataset can be accessed from
http://www.funceme.br/?page_id=2694 (accessed on 17 January 2025).

2.4. Forecast Verification

The predictive performance of the models was evaluated at the catchment scale. To
ensure spatial consistency, both the observed precipitation data and the model outputs
were aggregated over each basin using the Thiessen polygon method [73]. This procedure
allows point-based rain gauge observations and gridded model data to be represented as
basin-average precipitation.

Using a combination of deterministic metrics and probabilistic skill scores provides a
more robust and comprehensive assessment of model performance. In this study, the
models skill were evaluated for each catchment using deterministic metrics, including the
Anomaly Correlation Coefficient (ACC), Root Mean Square Error (RMSE), and bias, as well
as probabilistic skill scores, including the Continuous Ranked Probability Skill Score
(CRPSS) and the Brier Skill Score (BSS), considering forecasts before and after bias
correction.

The Anomaly Correlation Coefficient (ACC) was used to evaluate the linear
relationship between forecast and observed precipitation anomalies [74]. Forecast
anomalies were computed relative to the climatology specific to each model and forecast
horizon (forecast year 1, forecast years 1-5, and forecast years 1-10), using the 1981-2010
period as the reference. The ACC ranges from -1 to +1, with values closer to +1 indicating
stronger agreement between forecast and observed variability, while values approaching
-1 indicate strong anticorrelation (opposite variability patterns).

The statistical significance of the ACC was assessed using a two-tailed Student’s -
test at the 95% confidence level. This significance test was applied using the available
sample size for each forecast horizon. Because the multi-year averaging horizons (forecast
years 1-5 and 1-10) are characterized by increased temporal autocorrelation, the reported
significance levels should be interpreted with appropriate caution, as the effective number
of independent samples may be lower than the nominal sample size.

The probabilistic predictive skill of the models was evaluated using the Continuous
Ranked Probability Score (CRPS), a widely used metric in meteorological and
hydrological forecasting [75]. The CRPS measures the discrepancy between the cumulative
distribution function (CDF) of the ensemble forecasts and the observed value [76]. It
provides an overall measure of probabilistic forecast accuracy and can be interpreted as a
generalization of the mean absolute error for probabilistic forecasts [77]. The CRPS is
calculated as:

CRPS = foo [F(x) — F,(x)]?dx,

where F(x) is the cumulative distribution function (CDF) of the decadal forecasts, and
F,(x) is the empirical CDF of the observation, defined as a step function:
F = {0, ifx<y
° \lifx =y
Here, x represents the forecasted precipitation values, and y is the observed
precipitation. The CRPS corresponds to the squared area between the forecast and

observed cumulative distribution functions, simultaneously penalizing errors in
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reliability, sharpness, and bias. Lower CRPS values indicate better probabilistic forecast
performance.

Similarly, this score can also be computed for the climatology, in which case it is
referred to as CRPS;;,. If the DPFs were perfect, meaning that all ensemble members
exactly matched the observations, the CRPS would be equal to zero. Conversely, higher
CRPS values indicate lower forecast skill.

Based on the CRPS, the Continuous Ranked Probability Skill Score (CRPSS) can be
derived. The CRPSS expresses forecast skill relative to a reference forecast, typically
climatology (CRPS;,). In this study, the climatological forecast was used as the reference,
considering monthly precipitation records from 1981 to 2010, which resulted in a 30-
member ensemble for each basin, forecast system, and forecast horizon. The CRPSS is
defined as one minus the ratio between the forecast CRPS (CRPSy.,;) and the reference
CRPS (CRPSim):

CRPSfcqt
CRPS;im

The CPRSS ranges from —e to 1. Values between 0 and 1 indicate that the forecast

CRPSS =1—

system outperforms the reference forecast, whereas negative values indicate poorer
performance relative to the reference. One advantage of this metric is that it considers the
full range of precipitation variability, does not rely on predefined classes or thresholds,
and is straightforward to interpret.

Another probabilistic evaluation metric used in this study was the Brier Skill Score
(BSS), which is derived from the Brier Score (BS). The BS is a scalar metric designed to
assess the accuracy of probabilistic forecasts for predefined binary events. It can be
decomposed into three components: reliability, resolution, and uncertainty [74].

Reliability measures the agreement between the forecast probabilities and the
observed relative frequencies of the event. Resolution evaluates the forecast’s ability to
discriminate between situations with observed frequencies that differ from the
climatological average. Finally, uncertainty represents the intrinsic variability of
observations and is lowest when the event occurs either very rarely or very frequently.
The Brier Score is defined as follows:

N
BS = %Z(ﬁ- —0)?

where N is the number of forecast-event pairs, f; is the forecast probability, and o; is
the observed outcome of the event (0 or 1). The BS ranges from 0 to 1.

Based on the BS, the Brier Skill Score (BSS) can be calculated, relating the forecast BS
(BSfcst) and the BS of a reference forecast (BS¢;i,), which in this study corresponds to the
climatology:

BSfcst

BSS=1-—
BSclim

The BSS ranges from —e < BSS < 1. Positive values indicate that the forecast performs
better than the reference forecast, whereas values equal to or below zero indicate no
predictive skill relative to the reference. In this study, the BSS was computed considering
three forecast categories (lower, middle, and upper terciles). The climatological forecast
was adopted as the reference, defined as an equiprobable distribution that assigns equal
probabilities to each tercile category.

Unlike the CRPSS, which evaluates the probability distribution, the BSS focuses on
predictive skill for specific categories. This characteristic is particularly relevant for
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decision-makers who rely on multicategorical probabilistic forecasts in applications based
on the likelihood of occurrence of events of interest.

Forecast bias was quantified using the Mean Error (ME) and the Root Mean Square
Error (RMSE), which were used to evaluate the performance of the bias correction
methods applied to the climate models. The Mean Error (ME) was used to identify the
systematic bias of the forecasts, indicating whether the models tend, on average, to
overestimate or underestimate the observed values. ME is defined as:

ME = %Z(f ~0)

where f; represents the value predicted by the model, o; the observed value, and n is
the total number of samples.

The Root Mean Square Error (RMSE) was used to quantify the average magnitude of
the errors between forecasts and observations. Unlike ME, RMSE assigns greater weight
to larger errors because it squares the differences, making it particularly useful for
identifying more pronounced deviations in forecasts. RMSE is defined as:

n
1
RMSE = aZ(fi —0)?
i=1

Thus, while ME provides information about the presence and direction of systematic
bias, RMSE allows the evaluation of the average magnitude of errors, being more sensitive
to large discrepancies between predicted and observed values, thereby enabling the
assessment of the effectiveness of the bias correction applied to the models.

3. Results
3.1. Does Bias Correction Reduce Systematic Errors and Improve Predictive Ability?

The bias in average precipitation was calculated as the difference between simulated
and observed values to quantify systematic errors. This analysis was performed for the
Banabuit,, Castanhdo, and Orods catchments at the annual, multi-year, and decadal
horizons.

In general, the forecast models tend to overestimate average precipitation in the
analyzed catchments. Figure 3 presents the forecast bias for each catchment for forecast
year 1 (Figure 3a) and for the averages over forecast years 1-5 (Figure 3b) and 1-10 (Figure
3c). In nearly all evaluated cases, the models display a positive bias, indicating an
overestimation of observed precipitation. The only exception is the FGOALS-f3-L. model
in the Castanhdo basin, where a slightly negative bias indicates an underestimation of
precipitation, although this value is not statistically significant.

Among the models examined, CMCC-CM2-SR5 stands out for consistently
exhibiting the largest bias values across basins and forecast horizons, with magnitudes
that, in some cases, exceed twice the average precipitation. In contrast, FGOALS-f3-L
shows the smallest biases among the evaluated models. Spatially, the largest biases are
observed in the Ords basin, while the Castanhdo basin shows the smallest biases.

All skill metrics presented hereafter were computed for both the raw and bias-
corrected forecasts. Systematic biases in the raw outputs were first removed using the
Empirical Quantile Mapping (EQM) method. This correction reduced the mean biases to
less than 2 mm/month across all lead times and basins, corresponding to bias reductions
of 96-99%
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Figure 3. Percentage bias in mean precipitation (%), calculated as (simulation — observation)/
observation x 100, for the Banabuit, Castanhao, and Oros catchments: (a) forecast year 1 (annual

average), (b) forecast years 1-5 (5-year average), and (c) forecast years 1-10 (10-year average).

Figure 4 shows the Root Mean Square Error (RMSE) for both the raw and bias-
corrected forecasts. A consistent reduction in RMSE is observed after bias correction
across all models and forecast lead times. To illustrate the magnitude of these
improvements, Table 4 shows the percentage reduction in RMSE relative to the raw
forecasts. Overall, the reductions generally exceed 60%, with several cases reaching 80—
90%, indicating that the bias correction effectively reduced systematic errors in the
forecast precipitation.

a. FY 1 b. FY 1-5 c. FY 1-10

60 - | . 1
40 ] |
204 N{UlnlH Ik 1l . ” 1
i [ il

Orods BanabuiG  Castanh&o Ords Banabuild Castanhéao Oros Banabuil Castanhao

= =
o) o N
o o o
; ! A
. L L

RMSE (mm month-1)

EEHADGEM3 [CJCanESM5 [CJCMCC [CFGOALS CCMIROC6 [CJEC-Earth3 EEMPI-ESM1

Figure 4. RMSE (mm més™) for the raw and bias-corrected forecasts in all models and catchments:
(a) FY 1 (annual average), (b) FY 1-5 (5-year average), and (c) FY 1-10 (10-year average). Bars
without hatching indicate raw forecasts (before bias correction), while hatched bars indicate bias-

corrected forecasts (after bias correction).

The CMCC-CM2-SR5 model exhibited the highest RMSE values among the evaluated
models and showed the largest RMSE reductions after bias correction, reaching up to 95%.
In contrast, the FGOALS-f3-L model displayed more modest reductions across the
catchments, with a maximum decrease of 26% in the Castanhdo catchment and a slight
increase in RMSE (up to 1.2%) in some cases. These results indicate that the impact of bias

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144

11 of 25

correction on RMSE varied among forecast systems and, in a few cases, resulted in a slight
increase in error.

Additionally, RMSE reductions were generally larger for longer forecast horizons,
indicating a greater reduction in systematic errors after bias correction.

Table 4. RMSE values before (raw, BBC) and after bias correction (ABC), along with the percentage
improvement (Imp, %), for each decadal prediction model, and catchments (Banabuiti, Castanhao,

and Oros) for forecast year 1 and forecast years 1-5 and 1-10.

Banabuia Castanhao Oros
BBC ABC Imp.(%) BBC ABC Imp.(%) BBC ABC Imp. (%)
CMCC 92.18  19.30 79.06 67.37 16.94 74.86 92.3 16.55 82.06
CanESM5 30.20 19.31 36.05 19.69 17.16 12.83 3156  16.39 48.07
EC-Earth3 58.05  24.23 58.27 49.15 20.25 58.81 59.06  20.09 65.98
Forecast year 1 FGOALS 39.02  20.11 48.46 16.33 16.52 -1.18 20.64 16.70 19.10
HADGEM3  23.08 19.65 14.85 2055 16.71 18.69 2794 15.72 43.73
MIROC6 53.07 22.13 58.30 37.89 18.33 51.62 69.52  18.02 74.08
MPI-ESM1  67.57 27.69 59.02 4150 21.28 48.72 5751 22.19 61.42
CMCC 11411 13.17 88.46 88.45 9.31 89.47 114.84 10.92 90.49
CanESM5 34.84 1271 63.52 2437  8.49 65.17 38.16  10.28 73.06
EC-Earth3 59.43 1624 72.67 48.57 10.42 78.54 59.77  12.95 78.33
Forecast years 1-5  FGOALS 34.09 1329 61.01 10.26  9.57 6.69 14.76  10.61 28.14
HADGEM3 2121 13.02 38.62 19.45 9.17 52.84 31.64 1041 67.11
MIROC6 4492 1385 69.16 2842  9.37 67.04 61.39 10.62 82.71
MPI-ESM1 6194 21.07 65.99 38.54 15.39 60.06 53.94 17.16 68.19
CMCC 122.87 10.34 91.58 99.74  4.57 95.42 125.66  7.25 94.23
CanESM5 37.61 8.94 76.24 28.68  4.23 85.24 42.46 6.09 85.65
EC-Earth3 61.53  12.99 78.89 50.89 6.83 86.58 62.17  9.78 84.26
Forecast years 1-
10 FGOALS 33.25 9.25 72.17 6.12 452 26.15 12.39 5.96 51.88
HADGEM3  26.96 9.22 65.80 26.37 4.03 84.72 40.10 6.27 84.37
MIROC6 4555  10.25 77.49 28.39 4.64 83.64 62.07  6.58 89.4
MPI-ESM1  55.73  17.85 67.96 3349 1212 63.80 48.84 13.86 71.63

Note: BBC = Bias Before Correction; ABC = after bias correction; Imp. (%) = percentage reduction in
l4Bc| - |BBC| )

RMSE after the application of the bias correction method, calculated as ( BBCIX 100

Figure 5 illustrates the changes in forecast performance associated with the
application of bias correction, expressed in terms of AACC and CRPSS for different
models, basins, and forecast horizons. Overall, the impact of bias correction on these skill
metrics is relatively limited, suggesting that reductions in total error do not necessarily
translate into improvements in predictive skill.

Among the models, no significant gains were observed at the forecast year 1,
indicating that bias correction had a limited impact on predictive skill at this shorter
timescale. In contrast, CanESM5 stands out by showing consistent and statistically
significant improvements across all catchments, with increases reaching approximately
AACC = 0.5 and ACRPSS = 0.34. Similarly, the MIROC6 model also demonstrates
significant improvements, although these are limited to the forecast years 1-10, while
HadGEM3-GC31-MM showed more moderate improvements. The relatively large
improvements observed for CanESM5 differ from the overall behavior of the remaining
models and suggest that the response to bias correction is model-dependent. The
mechanisms underlying this behavior were not investigated in the present study.

In contrast, the remaining models, including CMCC-CM2-SR5, FGOALS-f3-L, and
MPI-ESM1-2-LR, show little or no significant improvement after bias correction. These
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results indicate that, for these models, bias correction had a limited impact on predictive
skill and, in some cases, was associated with slight reductions in forecast skill.

Overall, the results indicate that bias correction consistently reduced systematic
forecast errors, leading to improved agreement between forecast and observed
precipitation magnitude. In contrast, its impact on predictive skill metrics was more
heterogeneous and strongly model-dependent, suggesting that reducing systematic errors
does not necessarily translate into improved forecast skill. Furthermore, the magnitude of
these changes varied across forecast horizons, indicating that the response to bias
correction depends on both the forecast system and the averaging horizon considered.

FY 1 FY 1-5 FY 1-10
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Figure 5. Impact of bias correction (EQM) on the forecast skill of the different decadal prediction
models across the Banabuiti, Castanhdo, and Ords catchments. (a) Difference in the Anomaly
Correlation Coefficient (AACC) between bias-corrected and raw forecasts for FY 1, FY 1-5, and FY
1-10. (b) Difference in CRPSS (ACRPSS) between bias-corrected and raw forecasts. Positive values
indicate an increase in forecast skill. Colors represent the magnitude of the changes. Asterisks (*)
denote statistically significant improvements at the 5% significance level (a = 0.05), based on the
one-tailed Steiger test for ACC and the paired t-test for CRPSS.

3.2. Forecast Performance over Different Lead Times

This section presents the evaluation of decadal precipitation forecast performance in
the studied catchments using three complementary skill metrics: the Anomaly Correlation
Coefficient (ACC), the Continuous Ranked Probability Skill Score (CRPSS), and the Brier
Skill Score (BSS). These metrics assess deterministic forecast skill, probabilistic forecast
performance, and the ability to predict categorical precipitation events, respectively. The
complete performance assessment of the raw (uncorrected) forecasts for FY1, FY1-5, and
FY1-10 is provided in Supplementary Figures 52-54.

For forecast year 1 (Figure 6), the correlation values (Figure 6a) indicate that most
models exhibit positive and statistically significant correlations across all catchments.
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However, performance varies among catchments, suggesting that regional factors
influence model skill.

The CMCC-CM2-SR5, FGOALS-f3-L, HadGEM3-GC31-MM, and MIROC6 models
stand out with consistently positive correlations, demonstrating a good ability to
reproduce anomaly variability. In contrast, the EC-Earth3 and MPI-ESM1-2-LR models
show unsatisfactory performance, with negative correlations reaching values below -0.19.
These negative correlations indicate an inverse relationship between simulated and
observed anomalies, rather than merely a lack of predictive skill.

Figure 6b presents the CRPSS values for the individual models across the analyzed
catchments for forecast year 1. The CRPSS varies among models, with HadGEM3-GC31-
MM and CMCC-CM2-SR5 presenting the highest values (approximately 0.13 to 0.18). The
CanESM5 and FGOALS-{3-L models show intermediate performance (0.04 to 0.15), while
MIROCS6 presents the lowest positive values (approximately 0.03-0.05). In contrast, the
EC-Earth3 and MPI-ESM1-2-LR models yield negative CRPSS values, indicating
performance worse than that of climatology. These results are consistent with the ACC
patterns (see Figure 6a).

Figure 6¢ presents the Brier Skill Score (BSS) for the three precipitation categories:
below-normal, near-normal and above-normal conditions (first, second and third terciles,
respectively). Overall, the highest positive BSS values occur in the above-normal category.
The near-normal category shows values close to zero or negative, indicating limited or no
predictive skill. The CMCC-CM2-SR5 and FGOALS-f3-L. models stand out by presenting
positive BSS values for both above-normal and below-normal categories across all
catchments.

The results reveal an asymmetry in forecast skill across precipitation categories, with
better performance for above-normal conditions and limited skill for near-normal

conditions.
c. BSS
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Figure 6. Performance of the decadal prediction models for forecast year 1 across the analyzed
catchments. (a) Anomaly Correlation Coefficient (ACC), (b) Continuous Ranked Probability Skill
Score (CRPSS), and (c) Brier Skill Score (BSS) for the below-normal, near-normal, and above-normal
precipitation categories. Asterisks (*) indicate statistically significant results at the 5% significance

level.

For forecast years 1-5 (Figure 7), the correlation values are generally lower than those
for forecast year 1, indicating a reduction in predictive skill. This decline is also evident in
the CRPSS values (Figure 7b), which are predominantly negative. Only the HadGEM3-
GC31-MM and CanESM5 models show positive CRPSS values across all catchments,
although with reduced magnitude. This pattern is consistent with the ACC results (Figure
7a).
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The BSS values (Figure 7c) again indicate greater skill for the above-normal category,
while performance remains limited for the near-normal and below-normal categories,

following the same pattern observed for forecast year 1 but with an overall reduction in
skill.
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Figure 7. Performance of the decadal prediction models for forecast years 1-5 across the analyzed
catchments. (a) Anomaly Correlation Coefficient (ACC), (b) Continuous Ranked Probability Skill
Score (CRPSS), and (c) Brier Skill Score (BSS) for the below-normal, near-normal, and above-normal
precipitation categories. Asterisks (*) indicate statistically significant results at the 5% significance
level.

Compared with forecast years 1-5, an increase in correlation values is observed for
forecast years 1-10 (Figure 8), indicating a recovery in predictive ability over longer
timescales. In some cases, correlations reach approximately 0.72. This improvement is also
reflected in the CRPSS values (Figure 8b), which increase considerably to reach
approximately 0.35 with a higher frequency of positive values. However, the EC-Earth3
and MPI-ESM1-2-LR models continue to exhibit negative correlations (down to
approximately —0.90) and negative CRPSS values.

The Brier Skill Score values (Figure 8c) show improved skill for both above-normal
and below-normal categories compared to shorter averaging horizons, whereas the near-
normal category remains near-zero or negative. Overall, most models exhibit positive BSS
values for anomalous conditions (below- and above-normal) for forecast years 1-10,
highlighting greater ability to predict extreme precipitation events.
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Figure 8. Performance of the decadal prediction models for forecast years 1-10 across the analyzed
catchments. (a) Anomaly Correlation Coefficient (ACC), (b) Continuous Ranked Probability Skill
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Score (CRPSS), and (c) Brier Skill Score (BSS) for the below-normal, near-normal, and above-normal

precipitation categories.

4. Discussion

4.1. The Skill of Decadal Precipitation Forecasts over Reservoir Catchments in the Brazilian
Semi-Arid Region

This study provides a general assessment of the predictive capabilities of CMIP6
decadal precipitation forecasts at the catchment scale in the Brazilian semi-arid region.
The findings indicate useful predictive skill across the analyzed catchments, although
limitations inherent to this temporal scale remain. Among these, discrepancies in model
performance and the presence of systematic biases are particularly notable. The main
findings and conclusions of this research are summarized in Figure 9.

In general, the decadal predictions from the models outperformed the climatological
reference forecast, as indicated by the positive CRPSS and BSS scores, particularly for the
lower and upper terciles of the climatological precipitation distribution. These results are
particularly relevant given the inherent challenges of climate prediction at the catchment
scale, where the relatively coarse spatial resolution of DCPP prediction systems limits
their ability to represent local physiographic features, precipitation gradients, and
mesoscale processes that influence rainfall variability. Previous DCPP assessments have
generally highlighted the limited predictability of precipitation at regional scales. The
direct skill of decadal prediction models at this scale has often been reported as insufficient
for operational applications, frequently requiring hybrid approaches [78,79].

However, no major differences in model performance were observed among the
analyzed catchments, likely due to their geographic proximity and similar climatic
conditions. Slightly lower skill in the Banabuiti catchment may be associated with the
combined influence of the ITCZ, SACZ, and local orographic effects, which increase
precipitation variability and hinder the representation of large-scale climate signals
[32,34,36-39,48,51,80,81].

Despite the predictive skill identified in the decadal forecasts, model performance
varies substantially across prediction horizons, as shown in Figure 8. Overall, the models
exhibit greater skill in predicting precipitation at forecast year 1 and forecast years 1-10.
In contrast, a marked decrease in performance is evident at the intermediate averaging
horizon (forecast years 1-5), as indicated by lower skill metrics and reduced consistency
among models.

Predictability at shorter timescales is often associated with the influence of the initial
conditions, particularly the persistence of oceanic anomalies, whose longer memory
favors predictive skill during the first forecast years. Initialization has been identified as a
primary source of skill in decadal predictions, especially at shorter lead times [18,20,21].

The higher skill observed at the decadal averaging horizon (forecast years 1-10) may
be associated with the influence of boundary conditions and the models’ ability to
simulate low-frequency variability patterns. Higher correlation values have been reported
for longer averaging periods (1-10 years mean) than for intermediate averaging periods
(1-5 years mean), which has been attributed to the improved representation of persistent
climate modes, such as the Atlantic Multidecadal Variability, as well as to the increasing
influence of long-term trends associated with global warming [25]. Similar findings have
also been reported in other studies, reinforcing the dominant role of these low-frequency
components in decadal predictability [56,58]. However, part of the apparent increase in
skill may also reflect the reduced variability associated with longer averaging periods and
corresponding changes in the climatological reference used for skill evaluation. Therefore,
the relative contribution of physical predictability and statistical effects associated with
temporal averaging cannot be distinguished within the scope of the present study.

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144

16 of 25

Likewise, the predictive skill of CMIP6 decadal prediction systems may be lower during
the initial forecast years and increase over longer averaging periods, although this
behavior depends on the forecast system, region, and averaging period [82].
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Figure 9. Summary of the key findings regarding the predictive skill of CMIP6 decadal models in

representing precipitation in the Banabuiti, Castanhao, and Ords catchments.

In contrast, the decline in predictive skill at the intermediate averaging horizon
(forecast years 1-5) can be interpreted as the result of a transitional phase between the
dominant influence of the ocean’s initial state and the strengthening of the signal
associated with external forcings [19,21]. During this period, oceanic memory tends to
weaken, while long-term trends are not yet strong enough to compensate for internal
variability [55,83,84]. However, as discussed above, part of the differences in skill among
averaging horizons may also reflect changes in the statistical characteristics of the
averaged series and in the corresponding climatological reference used for skill
evaluation. Consequently, the relative contributions of these physical and statistical
factors cannot be isolated within the scope of the present study.

With respect to individual model performance, the integrated analysis of
deterministic and probabilistic metrics indicates that five of the seven evaluated models
demonstrated predictive skill in the catchments of the three reservoirs, with HadGEM3-
GC31-MM, CanESMS5, and FGOALS-f3-L standing out for their consistent performance
across catchments and forecast horizons. Among all models, CanESM5 emerged as the
best-performing overall, while CMCC-CM2-SR5 and MIROC6 also exhibited positive
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predictive skill, although with greater spatial variability among the analyzed basins. In
contrast, EC-Earth3 and MPI-ESM1-2-LR showed limited or absent skill in most
evaluations, reinforcing the importance of individually assessing prediction systems prior
to their application.

Nevertheless, the differences in model performance identified in this study are
insufficient to determine the best-formulated models for the region. The prediction
systems differ in the number of ensemble members, which may influence CRPS-based
skill metrics and consequently contribute to differences in forecast skill among models.
Therefore, comparisons of CRPSS across prediction systems should be interpreted with
caution, as part of the differences may reflect ensemble size rather than forecast quality
alone. In addition, this study did not assess the ability of the models to represent major
climate variability modes or key meteorological processes. Finally, the analysis is also
limited by sample size, considering that the evaluation period comprises only 54 forecasts
for the forecast years 1-10 averaging horizon and 59 forecasts for forecast year 1.
Moreover, the statistical significance assessment was based on the nominal sample size
and did not explicitly account for the temporal autocorrelation inherent to the multi-year
averaged series. Consequently, the reported significance levels, particularly for the multi-
year averaging horizons, should be interpreted with appropriate caution.

The observed variation in model performance highlights the importance of
multimodel ensemble approaches based on better-performing systems, which may help
reduce uncertainties and improve forecast accuracy, as demonstrated in previous studies
[27,28,85-87]. Models with lower predictive skill, such as MPI-ESM1-2-LR and EC-Earth3,
may introduce unrealistic patterns and additional noise that compromise overall
ensemble performance, whereas selective ensembles composed of higher-performing
models tend to produce more robust and skillful forecasts, often outperforming both
individual GCMs and the simple average of large multimodel ensembles [82,88,89].

Furthermore, the dependence on the forecast averaging horizon found in this study
suggests that forecast-horizon-specific model selection or weighting strategies may
improve predictive skill. In this context, skill-based weighting approaches appear
particularly promising. Although beyond the scope of this study, these strategies
represent promising directions for developing more robust and reliable decadal forecasts.

Beyond the assessment of predictive skill, the analyses also revealed the presence of
systematic biases in the decadal precipitation forecasts, characterized by a general
tendency to overestimate precipitation across the analyzed catchments (Figure 3). Similar
precipitation overestimation has also been reported for non-initialized CMIP6 simulations
over Northeast Brazil [88,90,91].

However, in this study, the effects of bias correction on predictive skill were not
uniform across the analyzed models. Although consistent improvements following bias
correction have been reported for different prediction systems and forecast periods [30,70
,92], other studies have found more limited impacts, with only modest or no significant
improvements in predictive skill [65,93]. Consistent with these findings, bias correction in
the present study did not produce generalized improvements in predictive skill across the
evaluated models. Instead, the most pronounced improvements were observed for
CanESMS5, whereas the remaining models showed only limited or negligible changes. The
stronger response observed for CanESM5 therefore represents an exception among the
analyzed forecast systems. Although the present study was not designed to investigate
the mechanisms responsible for this behavior, model-specific differences in forecast error
characteristics, including the evolution of model drift or interactions with the leave-one-
out cross-validation procedure adopted during bias correction, may have contributed to
this response. Overall, the results indicate that bias correction primarily reduced
systematic forecast errors, whereas improvements in predictive skill were generally
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limited and varied substantially among forecast systems. This contrast reinforces that
there is no single bias-correction technique that is superior in all cases, making it necessary
to evaluate its application specifically for each prediction system, climate variable, and
study region, as previously noted in earlier studies [72,93,94].

Overall, the predictive skill identified in some of the analyzed forecast systems
suggests that decadal climate predictions may provide complementary climate
information for long-term hydroclimatic studies, particularly in regions strongly affected
by climate variability and water scarcity. Building upon these findings, the next section
explores future research opportunities for investigating the integration of decadal
precipitation forecasts into hydrological modeling and water resources management
studies.

4.2. Prospects of Multi-Temporal Forecasting in the Water Resources Sector

In semi-arid regions such as Northeast Brazil, reliable precipitation forecasts are
particularly important for water resources planning and drought preparedness. While
seasonal forecasts are already used operationally to construct scenarios for water
allocation in Ceard, decadal predictions can provide valuable complementary information
for medium- and long-term planning. This becomes particularly relevant under
prolonged drought conditions, such as the severe 2012-2018 drought event that affected
Northeast Brazil [1,33,35,46,47,95].

The main objective of this study was to evaluate the predictive skill of decadal
precipitation forecasts, without directly addressing how this information can be
translated into practical value for the water resources sector or incorporated as a climate
service to support medium- and long-term planning and decision-making [17,44,96,97].
This distinction is important because high-performing forecasts do not necessarily
translate into operational improvements, since their practical value depends on how this
information is incorporated into planning and decision-making processes [8,98-102].

Presently, seasonal forecasts implemented at FUNCEME have already been utilized
to support decision-making in the water resources sector in Ceara. These forecasts assist
in water allocation, reservoir operation, and emergency planning, thereby demonstrating
the practical value of climate information for integrated water resources management.

However, the usefulness of climate information depends on the forecast period. At
shorter timescales, its value may be limited by the strong influence of initial conditions,
particularly reservoir storage, which can exert greater control on short-term water
availability than the climate forecast itself. An evaluation of the use of climate and
hydrological information for water allocation in Ceara showed that reservoir initial
conditions can mask the effective contribution of climate information to decision-making
[8].

In this context, longer forecast horizons, such as muti-years to decadal predictions,
may help reduce this dependence on initial conditions and expand the use of climate
information in medium-term and long-term planning. Decadal predictability could
provide additional information for strategic water resources management in basins,
complementing seasonal forecasts, and help bridge the gap between interannual
variability and long-term planning. Recent studies have also emphasized the potential of
integrating climate forecasts, hydrological models, and water management systems to
improve drought preparedness and operational planning [93,103,104].

5. Conclusions

This study evaluated the predictive skill of decadal precipitation forecasts from
CMIP6 prediction models across three strategic catchments in Ceara state, associated with
the Ords, Banabuit, and Castanhao reservoirs. Forecast performance was assessed using

https://doi.org/10.3390/cli14070144



Climate 2026, 14, 144

19 of 25

deterministic and probabilistic metrics for the annual horizon (forecast year 1) and for the
multi-year averaging horizons corresponding to forecast years 1-5 and 1-10, representing
interannual, multiannual, and decadal climate variability.

Among the models analyzed, CanESM5, HadGEM3-GC31-MM, FGOALS-3-L,
CMCC-CM2-SR5, and MIROC6 demonstrated skill higher than the climatological
reference forecast across the three analyzed catchments. In contrast, EC-Earth3 and MPI-
ESM1-2-LR exhibited limited or no skill, with negative anomaly correlations as well as
negative CRPSS and BSS values. Spatially, differences among the catchments were
relatively small, although the Castanhao catchment generally showed slightly higher skill
scores than the Orés and Banabuit catchments.

In terms of averaging horizons, model performance was generally stronger for the
annual horizon (forecast year 1) and the decadal averaging horizon (forecast years 1-10),
whereas reduced skill was observed for the intermediate averaging horizon (forecast
years 1-5), suggesting greater difficulty in capturing climate variability at multiannual
timescales. Additionally, most models displayed a systematic tendency to overestimate
precipitation across the studied catchments. Bias correction reduced these systematic
errors and improved the representation of precipitation magnitude, although
improvements in predictive skill metrics were generally modest.

Overall, the results indicate that selected CMIP6 decadal prediction systems can
provide potentially useful precipitation information at the catchment scale in Brazil's
semi-arid region. Given the strong dependence of regional water resources and
agricultural systems on climate variability, these forecasts may provide complementary
climate information for near-term planning and climate risk assessment in regions
strongly influenced by climate variability. By extending climate information beyond
historical observations, these forecasts may support more informed decision-making in
climate-sensitive sectors.

Nevertheless, some limitations should be acknowledged. The analysis focused
exclusively on precipitation and on three strategic catchments in Ceara, which may limit
the broader applicability of the findings to other climatic variables or regions.
Furthermore, the relatively low predictive skill for the intermediate averaging horizon
(forecast years 1-5) underscores the need for further investigation into the mechanisms
governing multiannual climate variability and forecast uncertainty.

This study advances the understanding of CMIP6 decadal forecast performance in
the Brazilian semi-arid region by providing a comprehensive catchment-scale assessment.
Its findings provide a foundation for future research investigating the integration of
decadal climate predictions into hydrological modeling, water resources management,
and climate adaptation strategies.
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moving average timescales; Figure S2: Performance of the decadal prediction models for forecast
year 1 before bias correction across the different catchments; Figure S3: Performance of the decadal
prediction models for forecast years 1-5 before bias correction across the different catchments;
Figure S4: Performance of the decadal prediction models for forecast years 1-10 before bias

correction across the different catchments.
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