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Abstract: A new multiscale Standardized Precipitation Evapotranspiration Index (SPEI) dataset is
provided for a reference period (1960–1999) and two future time horizons (2040–2079) and (2060–2099).
The historical forcing is based on combined climate observations and reanalysis (WATer and global
CHange Forcing Dataset), and the future projections are fed by the Fast Track experiment of the
Inter-Sectoral Impact Model Intercomparison Project under representative concentration pathways
(RCPs) 4.5 and 8.5 and by an additional Earth system model (CMCC-CESM) forced by RCP 8.5.
To calculate the potential evapotranspiration (PET) input to the SPEI, the Hargreaves–Samani and
Thornthwaite equations were adopted. This ensemble considers uncertainty due to different climate
models, development pathways, and input formulations. The SPEI is provided for accumulation
periods of potential moisture deficit from 1 to 18 months starting in each month of the year, with a
focus on the within-period variability, excluding long-term warming effects on PET. In addition to
supporting drought analyses, this dataset is also useful for assessing wetter-than-normal conditions
spanning one or more months. The SPEI was calculated using the SPEIbase package.

Dataset: https://doi.org/10.25424/cmcc-mfd5-t060 (accessed on 3 February 2023).

Dataset License: The dataset is made available under license CC-BY.

Keywords: SPEI; drought; precipitation; climate; indices

1. Summary

The recent Sixth Assessment Report from Working Group I of the Intergovernmental
Panel on Climate Change (IPCC-AR6 [1]) defines drought as a period with below-average
moisture conditions, resulting in negative impacts on various components of both natural
systems and socioeconomic sectors.

Many authors, e.g., Wilhite and Glantz [2] and Mishra and Singh [3], have iden-
tified four macro categories of drought: meteorological (precipitation deficits), agricul-
tural/ecological (soil moisture deficits causing crop and plant stress), hydrological (water
shortages in surface or subsurface water bodies), and socioeconomic (water supply–demand
imbalance, also known as water scarcity). The distinction of drought types is neither easy
nor absolute, as droughts can propagate from one type to another; therefore, there is not a
universal definition of drought because, owing to their multifaceted aspects, droughts can
be measured or assessed based on a single variable or through a unique index [4,5]. Slette
et al. [6] analyzed 564 drought studies and found that in a surprising percentage of studies
(more than 30%) drought is considered a synonym for dry conditions without assessment
and/or contextualization how such dry conditions compare to normal conditions. Instead,
it is crucial to adopt standardized indices that quantify a drought and flag its severity
using threshold-based classifications according to the level of deviation from the norm.
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Not only drought severity matters, as drier-than-normal conditions are often characterized
by their spatial and temporal attributes, such as extent, frequency, duration, and timing
(i.e., drought onset and/or cessation period), creating specific and “novel” definitions
(e.g., mega droughts, flash droughts, and snow droughts) [7].

Many indices have been developed in recent decades for drought characterization. In
the case of agricultural and ecological drought assessment, the latest IPCC-AR6 selected two
such indices that represent combined air, soil, and vegetation processes: the Palmer Drought
Severity Index (PDSI [8]) and the Standardized Precipitation Evapotranspiration Index
(SPEI [9]). Both of these indices also consider evaporative losses—and thus temperature
data—which alter water availability. Using the SPEI and PDSI, Cook et al. [10] showed that
increased evaporative loss due to warming not only intensifies drying dynamics in areas
where there has already been a reduction in rainfall but also leads to drought in some areas
predicted to dry out slightly or even be wet if only precipitation trends were considered.
Moreover, considering SPEI- and PDSI-based studies, IPCC-AR6 [1] mentions a medium
confidence in the observed increase in agricultural and ecological droughts on all continents,
as well as both high confidence and likelihood that with global warming in the range of
+1.5 ◦C to +4 ◦C, the land areas affected by increasing drought frequency and severity will
expand due to decreasing precipitation and increasing atmospheric evaporative demand.
Whereas the PDSI lacks multiscale character and better suited for long droughts, the SPEI
is more often used to quantify deviations from normal potential soil moisture conditions
(deficit or surplus) by combining thermal and humidity regimes for different accumulation
periods (one or more months) and timing (onset/cessation). Although similar to the
well-known Standardized Precipitation Index (SPI) [11], a multiscale indicator suitable
for meteorological drought assessments, the SPEI merges monthly series of precipitation
(P, mm) and potential evapotranspiration (PET, mm) rather than using P alone; therefore,
it indirectly considers temperature, as well as other meteorological variables, depending
on how PET is calculated. In practice, the SPEI combines the characteristics of the SPI
(multiscale) and PDSI (sensitive to PET).

While drought assessment for the historical period is mainly a function of observed
climate data and selected indicators [12], projections of future droughts strongly depend
on the greenhouse gas concentration scenario, the time horizon, and the set of analyzed
climate simulations [13].

To complement the multiscale datasets developed at global and regional scales for
historical and future periods [14–19], a new SPEI dataset for accumulation periods from
1 to 18 months ending in each month of the year was first generated for a reference his-
torical period (1960–1999) based on a combination of observed climate and reanalysis
data (WATer and global CHange Forcing Dataset, (WFD)). Then, future SPEI was calcu-
lated according to an ensemble of bias-corrected projections from multiple models and
two representative concentration pathways (RCP 4.5 and RCP 8.5) for two time horizons
(2040–2079 and 2060–2099) produced by the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP [20]) and its Fast Track (FT) experiment. Moreover, an additional Earth
system model (CMCC-CESM) similar to those involved in ISIMIP-FT was considered to
rely on bias-corrected data under the RCP 8.5. Whereas using the ensemble allows for
consideration of the variability across simulations due to the physics of different models
and the uncertain future development pathways [21], this new dataset is associated with
three other peculiarities: two PET equations (Hargreaves–Samani vs. Thornthwaite) were
adopted to consider the advantages, drawbacks, and uncertainty of simplified empirical
formulations based on temperature supported by a wide array of literature in terms of
validation and bias-correction procedures [22,23]; the multiscale aspect spanning very short
(1 month) to very long (18 months) droughts; and finally, the focus on the variability within
each climatological period, excluding long-term warming effects on PET. Although the
presented dataset presented herein was conceived for drought analysis, the SPEI is also
useful to assess wetter-than-normal conditions spanning one or more months. Table 1
shows a comparison of the characteristics of existing SPEI datasets with different spatial
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and temporal coverage, confirming that the dataset presented herein is valuable for the
provision of high-spatial-resolution maps over medium- to long-term future horizons (in
line with other global gridded datasets), in particular because it provides an ensemble com-
prising various components—multiple driving bias-corrected climate simulations, RCPs,
and PET formulations—in addition to covering the highest number of SPEI scales among
datasets covering historical-to-future time horizons.

As an example of the provided information, Figure 1 shows maps of the long-term
SPEI (over 12 months) according to the two PET equations for periods characterized by very
strong El Niño (November 1997–October 1998) and strong La Niña (January 1999–December
1999), highlighting the differing distribution of wetter-than-normal and drier-than-normal
regions across the globe for the two opposite events. Whereas the Hargreaves–Samani
formulation seems to reveal wider drier-than-normal zones under both La Niña and El
Niño, the two equations agree in depicting drier conditions over the south-eastern side of
sub-Saharan Africa and South America, across the south of the United States, and along
Europe–Asia borders during La Niña and over central Africa, central Asia, the Amazon,
and across southeast Asia during El Niño.
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Figure 1. Example of the dataset for the 12-month SPEI (SPEI-12) from January 1999 to December
1999 (top panels, corresponding to a strong La Niña event) and from November 1997 to Octo-
ber 1998 (bottom panels, corresponding to a very strong El Niño event) under PET calculated by
Hargreaves–Samani (left panels) and Thornthwaite (right panels) equations.

As an additional example, Figure 2 represents the change in the frequency (number
of occurrences) of moderate-to-extreme abnormal moisture conditions (see Section 2.2)
with a length of three months (SPEI-03) as the median between PET formulations for
the historical period and among PET formulations, RCPs, and GCMs/ESMs for the two
future periods.
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Figure 2. Example of possible dataset elaboration to derive anomalies in the frequency (number of
occurrences) of moderate-to-extreme droughts (SPEI ≤ −1; see Section 2.2) according to 3-month
SPEI (SPEI-03) for the mid-term (2040–2079, (left)) and long-term (2060–2099, (right)) periods with
respect to the historical period (1960–1999).

Finally, Table 2 offers a view of changes in the global mean of SPEI-03 averaged
along all possible timings, under the different PET formulations and as ESMs/GCMs
ensemble mean under the different RCPs and time horizons. In all future scenarios,
SPEI-03 is expected to be lower than the historical periods (especially under RCP8.5 and
in the long term) for up to 28% and 36% under Hargreaves–Samani and Thornthwaite
formulations, respectively.

2. Methods and Data Description
2.1. Input Data

For the present work, daily time series of temperature and precipitation available
from the Water and Global Change (WATCH) forcing dataset (WFD) [24,25] (https://rda.
ucar.edu/datasets/ds314.1/ (accessed on 3 February 2023)) were exploited. The WFD is a
twentieth-century meteorological dataset based on the European Centre for Medium-Range
Weather Forecasts (ECMWF) reanalysis (ERA-40 [26]) interpolated to a 0.5◦ by 0.5◦ grid
with successive elevation-based correction of surface meteorological variables plus monthly
bias correction mostly based on the monthly gridded observations of the Climatic Research
Unit (CRU) (corrected temperature, diurnal temperature range, cloud cover, number of wet
days) and the Global Precipitation Climatology Center (precipitation) [24,27]. In accordance
with this dataset, the years from 1960 to 1999 were considered as a reference period.

For the future time frame, daily time series of precipitation and temperature are
available thanks to the coordinated climate model simulation experiments in the frame
of the Coupled Model Intercomparison Project phase 5 (CMIP5) [28]. These simulations
are forced by multiple representative concentration pathways (RCPs [29]) formulated to
support the IPCC AR5. However, raw climate model simulations are affected by biases that
need to be reduced for the purposes of impact studies [30]. To achieve this, the ISIMIP Fast
Track (FT) initiative (https://www.isimip.org/about/#simulation-rounds (accessed on
3 February 2023)) provides bias-corrected daily time series of temperature and precipitation
up to 2100 that are globally downscaled (through bilinear interpolation) at a 0.5◦ grid
resolution for five general circulation models (GCMs) and Earth system models (ESMs)
participating in CMIP5: GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-
CHEM, and NorESM1-M. Bias correction is based on a trend-preserving method [31]
developed to adjust the probability distribution over the reference period of 1960–1999
while maintaining the climate sensitivities of the GCMs/ESMs and representing their trend
and the long-term mean.

https://rda.ucar.edu/datasets/ds314.1/
https://rda.ucar.edu/datasets/ds314.1/
https://www.isimip.org/about/#simulation-rounds
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For the purpose of this work, this method was applied also to the Earth system model
(ESM) developed and used by the Foundation Euro-Mediterranean Center on Climate
Change (CMCC-CESM [32,33]), the raw data of which are available in the CMIP5 data
archive (https://esgf-node.llnl.gov/search/cmip5/ (accessed on 3 February 2023)). For the
five different ESMs already bias-corrected within the ISIMIP-FT initiative, the RCP4.5 [34]
and the RCP8.5 [35] were selected, whereas projections under the RCP8.5 are available
from CMCC-CESM runs. Details of the six GCMs/ESMs are shown in Table 3.

2.2. Drought Indicator

The climate variability in terms of combined thermal and moisture conditions was
computed through a well-known drought indicator, the Standardized Precipitation Evapo-
transpiration Index (SPEI [9]), which represents interacting air, soil, and vegetation pro-
cesses and thus four different attributes of agricultural and ecological droughts. The first
attribute is the duration, which is defined as the balance precipitation minus potential
evapotranspiration (P-PET), serving as the basis of the SPEI and representative of the
potential soil moisture; it can be calculated for one or several consecutive months, namely
“accumulation periods”. The second attribute is the magnitude; given a climatological
reference period, the SPEI quantifies how much the potential soil moisture deviates from
the norm for each month or consecutive months in the period, standardizing the values for
each month and location using log–logistic distributions and classifying them as normally,
moderately, severely, or extremely dry/wet (Table 4). The third attribute is the timing; the
duration can be assumed to start (or end) in any month of the year, representing drought
onset (or cessation). The final attribute is the frequency; over the climatological period, the
number of occurrences of each magnitude class can be calculated for a considered duration
and for any onset (or cessation) month. Finally, the intensity can be estimated by dividing
the magnitude by duration.

The PET input to the SPEI was computed by exploiting the Hargreaves–Samani [36]
and Thornthwaite [37] formulation (see Supplementary Materials) to balance the drawbacks
of each in different global regions [38,39] while maintaining the simplicity of the number of
input data required and reinforced by the fact that bias-correction procedures have a large
supporting literature for temperature and precipitation. To disentangle the global warming
effect on evapotranspiration and concentrate on interannual variability, detrending was
applied directly to the monthly P minus PET time series, as in [39–47], rather than to the
single P and PET time series in order to avoid losing physical consistency between the
two variables.

The SPEI was calculated for each land cell of the WFD grid with values available for
all regions (except Antarctica). All the possible ending months (m) within a year (1 to 12,
hereafter referred to as “timing”) were considered. The SPEI was calculated for lengths
from 1 to 18 consecutive months along the 40 years from 1960 to 1999 for the historical
period, as well as from 2040 to 2079 and from 2060 to 2099 for the near- and far-future time
frames, respectively.

2.3. Data Description

For each source dataset (WFD for the historical period and GCMs/ESMs for two future
periods), each RCP (except RCP4.5 for CMCC-CESM), each period (1960–1999, 2040–2079,
and 2060–2099), and each PET formulation, 18 maps were generated, representing the
durations (i.e., from 1 to 18 consecutive months) considered in calculating the SPEI, i.e., the
deviation from the average moisture conditions for the same timing and duration within
the respective climatological period. In total, 828 files were generated, providing maps
in the multidimensional NetCDF file format. Each file represents a regular spatial grid of
720 columns and 360 rows at 0.5◦ × 0.5◦ horizontal resolution and with 480 monthly time
steps (12 months for 40 years) for each period. The time steps represent the ending month
of the calculated SPEI, (e.g., the 3-month SPEI (SPEI-03) covering months from January to
March is flagged as “March”).

https://esgf-node.llnl.gov/search/cmip5/
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2.4. Validation

Considering the nature of the presented dataset, the technical validation has to be
interpreted as a comparison based on the variables underlying the SPEI calculation (i.e., tem-
perature (T) and precipitation (P)) between the WFD and the most recent releases of well-
consolidated climate datasets that are supposed to be improved at least in terms of the
number of embedded observational data at the basis of the given spatialization approach.

Monthly time series of T and P from January 1960 to December 1999 from WFD
were evaluated against paired time series of four datasets—GPCCv2018, GHCN-CAMS,
CRU4.05, and ERA5—as described in Table 5, together with some comments about the level
of independence to be considered in the evaluation. In the case of ERA5, the two datasets
available at the time of writing, i.e., 1950–1978 and 1979–present, were merged.

The comparison among datasets for inputs P and T was preferred to directly for the
SPEI in order to avoid obtaining good results for the wrong reasons (i.e., simultaneous
under- or overestimation of P and T, leading to erroneously comparable P-PET time series
between datasets) and to avoid depending on different (and thus not physically consistent)
sources to ensure a comparison based on fully independent datasets for both P and T (see
Table 5).

Nine performance indices were calculated according to the work of Santini and Capo-
raso [48]. In particular, like the work of Gudmundsson et al. [49], the correlation coefficient
(R), the mean absolute bias (|Bias|), and the root mean square error (RMSE) were computed,
with the |Bias| preferred to signed bias in order to avoid compensation of errors across
months. The RMSE was also centered (CentRMSE) to make it independent of |Bias| [50].
The employed relative performance indices are the relative root square mean error (rRSME,
%), as also applied by Nohara et al. [51]; the percentage absolute bias (P|Bias|) [50]; the
ratio of RMSE to the standard deviation of observations (RSR [50]); and the model efficiency
index (EF), also known as the Nash–Sutcliffe index [52]. Finally, the t-stat index, as adopted
by Despotovic et al. [53], combines the squares of RMSE and of signed bias. All the indices
are described in Table S1 in the Supplementary Materials.

Table 1. Characteristics of the main SPEI-based datasets, including those with future projections,
those specific to particular regions, and those only based on observations or re-analysis. Concerning
PET formulations: H = Hargreaves–Samani; T = Thornthwaite; PM = Penman–Monteith.

Ref. Spatial
Coverage Temporal Coverage GCMs/ESMs Scenarios Duration

(Months) PET Formulation(s)

This
dataset Global (0.5◦) 1960–1999; 2040–2079;

2060–2099 6 2 RCPs 1 to 18 2 (H, T)

[14] Global (0.5◦) 1976–2005; 2030–2089 9 3 RCPs 12 1 (PM)

[17] Global (0.5◦) 1986–2005; 2016–2035,
2046–2065 5 3 RCPs 12 1 (PM)

[54] Global (1◦) 1961–2005; 2010–2054;
2055–2099 15 1 RCP 3, 6, 12 1 (T)

[55] Global (0.5◦) 1975–2100
1 RCM forced by

some
GCMs/ESMs

1 RCP 12 N.A.

[56] Global
(0.44◦)

1981–2100;
4 warming levels

between 1 ◦C to 4 ◦C

16 to 145
GCMs/ESMs-
RCMs chains
based on the

region

2 RCPs 12 1 (H)

[57] Global (0.5◦)

1961–2100;
8 warming levels

between < +1 ◦C and
+4 ◦C

23 Pattern scaling
approach 12 1 (PM)
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Table 1. Cont.

Ref. Spatial
Coverage Temporal Coverage GCMs/ESMs Scenarios Duration

(Months) PET Formulation(s)

https://climate-
scenarios.canada.
ca/?page=spei;

accessed on
3 February 2023

Canada (1◦) 1900–2100 30 3 RCPs 1, 3, 12 1 (modified H [58])

[15] East Africa
(0.5◦)

2011–2040; 2041–2070;
2071–2100 5 3 RCPs 1, 3, 6, 12 1 (PM)

[59] China
(0.0083◦) 1901–2100 27 3 RCPs 12 1 (H)

[60] Australia
(100 km) 1981–2100 9 4 RCPs 1 (H)

https://spei.csic.
es/database.html;

accessed on
3 February 2023

Global (0.5◦) 1901–2020 N.A.
(gridded observations) 1 to 48 1 (PM)

[61] Global (0.5◦) 1979–present N.A.
(gridded reanalysis)

0.5, 1, 3, 6, 9,
12, 24, 36, 48 1 (PM)

[16]

Africa
(5–50 km,

function of
the input
dataset)

1981–2016 N.A.
(gridded observations) 1 to 48 Function of the input

dataset method

[62] China (0.1◦) 1979–2018 N.A.
(gridded observations)

1, 3, 12
(daily scale) 1 (H)

[18] China 1961–2018 N.A.
Station-based 1, 3, 6, 12, 24 1 (H)

[19]

Central Asia
(5–25 km,

function of
the input
dataset)

1981–2018 N.A.
(gridded observations) 1 to 48 Function of the input

dataset method

Table 2. Global average of SPEI-03 values across all timings under different scenarios.
ENS = ensemble among ESMs/GCMs; see Data Availability Statement for scenario naming.

Scenario Average SPEI-03

WFD_1960_1999_H 0.006504
ENS_2040_2079_45_H 0.004764
ENS_2040_2079_85_H 0.004690
ENS_2060_2099_45_H 0.004682
ENS_2060_2099_85_H 0.004686

WFD_1960_1999_T 0.005663
ENS_2040_2079_45_T 0.004298
ENS_2040_2079_85_T 0.003633
ENS_2060_2099_45_T 0.004328
ENS_2060_2099_85_T 0.003721

Table 3. Description of ESMs/GCMs used in this study.

Model (Code) Atmospheric Resolution (◦lat × ◦lon) RCP

GFDL-ESM2M (GFDL) 2◦ × 2.5◦ 4.5, 8.5
HadGEM2-ES (MOHC) 1.25◦ × 1.875◦ 4.5, 8.5
IPSL-CM5A-LR (IPSL) 1.875◦ × 3.75◦ 4.5, 8.5

MIROC-ESM-CHEM (MIRO) 2.8◦ × 2.8◦ 4.5, 8.5
NorESM1-M (NESM) 1.89◦ × 2.5◦ 4.5, 8.5

CMCC-CESM (CMCC) 3.44◦ × 3.75◦ 8.5

https://climate-scenarios.canada.ca/?page=spei
https://climate-scenarios.canada.ca/?page=spei
https://climate-scenarios.canada.ca/?page=spei
https://spei.csic.es/database.html
https://spei.csic.es/database.html
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Table 4. SPEI classification of severity classes.

Value Classification Class Description

SPEI ≤ −2 Extremely dry
−2.0 < SPEI ≤ −1.5 Severely dry
−1.5 < SPEI ≤ −1.0 Moderately dry
−1.0 < SPEI ≤ 1.0 Normally dry to wet
1.0 < SPEI ≤ 1.5 Moderately wet
1.5 < SPEI ≤ 2.0 Severely wet

SPEI > 2.0 Extremely wet

Table 5. Description of the datasets used for validation of P and T.

Dataset Website Comments for Validation

GPCCv2018 https://psl.noaa.gov/data/gridded/data.gpcc.html
(accessed on 3 February 2023) [63]

Used to validate P;
older GPCCv4 as the basis of WFD for P

GHCN_CAMS https://psl.noaa.gov/data/gridded/data.ghcncams.html
(accessed on 3 February 2023) [64]

Used to validate T; fully independent
dataset for T

CRU4.05 https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.05/
(accessed on 3 February 2023) [65]

Used to validate P and T;
older CRU2.1 as the basis of WFD for T

but a fully independent dataset for P

ERA5

https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-land?tab=overview (accessed on
3 February 2023);
https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels-preliminary-back-extension?
tab=overview (accessed on 3 February 2023) [66]

Used to validate P and T;
older ERA-40 as the basis of WFD for T

and P

The box plots presented in Figure 3 show the statistical distribution of the nine per-
formance indices at the global level based on the evaluation of the WFD temperature (T)
against each of the three datasets reporting the same variable. Figure 4 is the same for
precipitation (P).

Results for temperature (precipitation) show that, as expected, due to the de-
pendence reported in Table 5, WFD is closer to the CRU (GPCC) dataset based on
the different indices; however, the comparison against the ERA5 and the fully in-
dependent GHCN-CAMS (CRU) is also acceptable, with the ERA5 presenting the
greatest differences from WFD in some cases, probably due to the large improvements
made out since the ERA-40 and the assimilation of many other data in the latest
generation reanalysis.

As an example of where deviations are concentrated, maps of the RMSE presenting
high and wide interquartile ranges relative to the fully independent datasets (GHCN for
T and CRU4 for P) are reported in the Supplementary Materials (Figure S1), revealing
slightly lower performances in the intratropical latitudes for P and across limited spots, in
particular over regions with the highest elevations for T.

https://psl.noaa.gov/data/gridded/data.gpcc.html
https://psl.noaa.gov/data/gridded/data.ghcncams.html
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.05/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-preliminary-back-extension?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-preliminary-back-extension?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-preliminary-back-extension?tab=overview
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3. User Notes

When using this SPEI dataset or part of it, please cite this manuscript. For any ques-
tions, suggestions, or requests for collaboration regarding this SPEI dataset, please contact
the corresponding author. For example, besides data sources for the dataset presented in
this manuscript, data from further climate simulations can be integrated, e.g., also consid-
ering RCPs 2.6 and 6.0 and/or additional models available from other ISIMIP rounds or
bias-correction efforts. Additionally, performance index maps related to technical validation
(see Section 2.4) are available from the authors upon request.

Data are in NetCDF4 format and can be viewed through Panoply developed in Java
(http://www.giss.nasa.gov/tools/panoply/; accessed on 3 February 2023) or using other
viewers such as ncBrowse, ncview, and nCDF_Browser. The easiest and fastest way to
operate the NetCDF format is via command-/script-based languages such as CDO (Climate
Data Operators) and NCO (NetCDF Operators) or through Python, MATLAB, or R. Some
commercial GIS packages allow for reading and elaboration of NetCDF data, such as
ArcGIS (from version 9.2 on) and IDRISI Taiga.

Other common interoperable formats (i.e., ESRI grid and GeoTIFF) can be requested
by contacting the authors for a subselection of the dataset, the size of which will be defined
based on the specific request from interested users and on the processing time needed.

Please consider that for SPEI durations of more than one month, the two starting
years of each period can have one or more time steps, with no data for the whole spatial
domain. This is due to the impossibility of calculating the SPEI; at the beginning of each
long-term period, a function of the months is included because the SPEI is dated with the
ending month of the consecutive months considered. Indeed, the first valid time step for
the SPEI-XX duration is the month (XX) of the time series. For example, in case of SPEI-06,
the first valid value is in June of the period’s start year; in the case of SPEI-18, the first valid
value is in June of the period’s start year +1.

When using data related to future periods, please consider that in climatological
studies, it is recommended to do not work with single dates (years or months) but rather to
focus on statistics of the considered variable or derived indicator over the long term (at
least 30 years, as recommended by the WMO guidelines (https://library.wmo.int/doc_
num.php?explnum_id=4166; accessed on 3 February 2023).

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/data8020036/s1, SupplementaryInformation.doc: PET formula-
tions, performance indices, spatial distribution of RMSE with respect to independent datasets, and
an example of CDO commands to use data. Table S1: Performance indices and related formula-
tions [67,68]. Figure S1: Example maps of RMSE spatial distribution.
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M.S. and S.N.; supervision, M.S. All authors have read and agreed to the published version of
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Data Delivery System (DDS; https://dds.cmcc.it/; accessed on 3 February 2023) and are available
under the Creative Commons License CC-BY. From the above URL, after login, the user can retrieve
the SPEI dataset (https://doi.org/10.25424/cmcc-mfd5-t060; accessed on 3 February 2023) through
the DDS Web Portal by selecting the product related to the historical period (historical) or the two
future periods (future_2040_2079 and future_2060_2099). For each product, different parameters
can be selected; pet indicates the PET formulation (H = Hargreaves–Samani, and T = Thornthwaite),
model indicates the source climate dataset (CMCC, GFDL, IPSL, MIRO, MOHC, or NESM; see
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Table 2), scenario indicates the forcing RCP (RCP 4.5 (45) or RCP 8.5 (85)), and duration indicates
the SPEI duration in months (ranging from 01 to 18). Finally, the user can select the months and
years within the selected period and the spatial coverage—global or for a subregion—and can submit
a request via the Web Portal or by using the DDS Python client (https://pypi.org/project/ddsapi;
accessed on 3 February 2023); the result corresponding to the request can be downloaded as a
NetCDF file. The “Request Download” option is activated only if the combination of selections
is valid, i.e., it appears as deactivated for the default selection of CMCC under RCP 4.5 when
accessing the dataset for future periods. The SPEI was calculated using the SPEIbase package
(https://github.com/sbegueria/SPEIbase; accessed on 3 February 2023); outputs can be processed
through CDO and NCO scripts. For example, the CDO commands used to derive Figure 2 (calculating
the differences between the ensemble median of each of the two future periods vs. the historical
period) are reported in the Supplementary Materials.

Acknowledgments: The authors are thankful for GPCC precipitation data provided by the NOAA/
OAR/ESRL PSL, Boulder, Colorado, USA, which are available from their website at https://psl.
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site at https://psl.noaa.gov/data/gridded/data.ghcncams.html (accessed on 29 March 2022). ERA5
reanalysis was accessed through the Copernicus Climate Change Service (C3S) Climate Data Store
(CDS) (https://cds.climate.copernicus.eu/#!/home; accessed on 29 March 2022).
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