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Abstract. Hot-dry compound extremes have recently gained increasing attention due to their potential impacts on environments
and societies. For these reasons, assessing climate predictions is essential to providing reliable information on such extremes.
However, despite several studies focusing on compound extremes in the past and climate projections, little is known on a
multi-annual timescale. AtIn this regard, decadal climate predictions have been produced to provide useful information for this
specific timescale. Thus, we evaluate the ability of the CMIP6 multi-model decadal climate hindcast in-predieting-to predict
hot-dry climate extremes, as well as their hot and dry univariate counterparts, for the forecast years 2-5. The multi-model
skillfully predicts hot-dry compound extremes and hot extremes over most land regions, while the skill is more limited for
dry extremes. However, we find only smal-minor and spatially limited improvements from the initialisation of the hindcasts,
especially for the hot-dry compound extremes, with most of the skill coming from external forcings, especially long-term
trends. Finally, we find that the decadal hindcast te-be-is able to reproduce the connections between the compound extremes
and their hot and dry univariate components. Evaluations of decadal hindcasts, such as thisef-decadal-hindeast, are an essential

tool te-establish-for establishing the potential and the-timits-limitations of these products;-. In turn, they represent a necessary
step to-providereliable-and-aseful-in providing reliable and valuable information regarding such impactful extremes.

1 Introduction

High-impact weather events, such as droughts, heatwaves, heavy precipitation and storms, often result from a combination of
different physical processes that can interact on various spatial and temporal scales. The aggregation or sequence of these ex-
treme events on the same or different temporal and spatial scales can be considered a compound extreme event(Bevacqua et al.,
2021). The combination of these hazards can amplify the impacts on climate-vulnerable sectors and society;-and-recognising
them-onty-, However, analyzing them solely from a univariate perspective may lead to a severe underestimation of the risk
(Leonard et al., 2014; Zscheischler and Fischer, 2020). In-additionFurthermore, the dependence among the univariate variables
of a compound extreme can increase the likelihood and-deerease-thereturnperiod-of such events, compared to situations where

the univariate variables show no dependence (Zscheischler and Seneviratne, 2017).
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Among these compound extremes, hot and dry compound extremes have gained increasing attention due to the potential of

for elevated environmental, economic, and societal losses;-of-which-the-compeund-extremes-during-. In July and August 2010

Russia experienced strong dry and hot conditions, resulting in massive wildfires and a loss of 20%-30% of the grain production
Grumm, 2011). Other examples from recent years include the European summers of 2003, 26+6;-2015, and 2018inEurepe

. all characterized

by record-breaking hot and dry conditions (Sutanto et al., 2020; Vogel et al., 2020; Zscheischler and Fischer, 2020). Overall

2

the beginning of the 21st century has witnessed a rise in the frequency of droughts and heatwaves, leading to the belief that
this trend will continue throughout the century (Ionita et al., 2017). Several studies have already focused on the variability of

these extreme events in the past and how they are projected to change in the future (Zscheischler et al., 2018; Ridder et al.,
2021; Bevacqua et al., 2022; De Luca and Donat, 2023). However, little is known about the predictability of the-eeeurrence-of
these events on multi-annual time scales. Trustworthy predictions are essentiat-crucial for developing strategic ptanning-to-help
mitigate-any-assoetated-plans to mitigate potential impacts. From this perspective, predictions that cover a multi-annual range
could be more useful for potential users than projections for the long-term future.

Decadal predictions bridge the gap between short-term seasonal predictions and long-term climate projections. Unlike cli-

mate projections, in—elimate—predietions——climate predictions prescribe the initial state of the climate system is-preseribed

to closely represent the observed climate state at the time of starting-the-prediction,—aprocedureknown-as-the prediction’s
initiation. This process is called model initialisation (Meehl et al., 2021). To account for the observational uncertainty in the

initial conditions, these climate predictions are initialised from a certain number of slightly perturbed states. Each of the out-
coming simulations is called an ensemble member. Decadal prediction systems initially contributed to the Coupled Model
Intercomparison Project Phase 5 (CMIPS5; Taylor et al. (2012)) and Phase 6 (CMIP6; Eyring et al. (2016)) and have been
shown to produce skilful predictions for several climate variables such as near-surface temperature and, to a lesser extent,

precipitation (Smith et al., 2019; Delgado-Torres et al., 2022). Multi-annual predictions, which focus on the first-initial pe-

redictions (2-5 years)
demonstrate the potential to provide helpful information for various socio-economic sectors. These foreeastsshow-a-signifieant
predietion—predictions demonstrate significant skill for the average of forecast years 2-5, which in some cases is comparable,

riod of the decadal

especially in the prediction of temperatures, to the skill shown for seasonal predictions in the average of the corresponding fore-

cast months Kushnir et al., 2019; O’Kane et al., 2023; Delgado-Torres et al., 2023

. Further studies have also tested-investigated the predictability of extreme events on a multi-annual scale, providing compara-
ble results: temperature-related extremes show stronger prediction skill compared to precipitation-related extremes (Solaraju-
Murali et al., 2019; Delgado-Torres et al., 2023). To the best of our knowledge, decadal predictions have only been assessed
for climate variables or univariate climate extremes. Here, we aim to assess the skill of hot-dry compound extreme-extremes in
multi-annual predictions ir-within a multi-model setup. We also investigate the improvement of the skill previded-due-to-medel
initialisation-due to the initialisation of the forecast. Finally, given the importance of the interconnections between compound
extremes and their univariate counterparts, we also analyse these correlations and compare the results between observations

and models.
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2 Data and Methods

We analyse the prediction skill of hot-dry compound extremes for a multi-model ensemble from the Coupled Model Inter-
comparison Project Phase 6 (CMIP6) (Eyring et al., 2016). The list of the models, the number of ensemble members and the
corresponding horizontal resolutions are presented in Table A1l. For each model, we use two different sets of experiments. The

first set, hereafter referred to as DCPP MME, consists of 10-year initialised hindcasts from the Decadal Climate Prediction

Project (DCPP) (Boer et al., 2016). The DCPP, being a multi-system approach, does not specify standard data or methods

regarding the initialisation process. For this reason, for any further information, we refer to the references in Table A1. This set
of retrospective decadal predictions is produced every year from 1960 to 2009. For this study, we select and analyse frem-these

deeadal-foreeasts-the forecast years 2-5 from these decadal forecasts. Thus, in this setup-the-inttial-foreeast-year-specific setup,
the initial forecast-year 2 is 1962, while the last foreeast-year forecast-year 5 is 2014. We select this subset from the decadal

forecast because previous studies have shown that this timeframe benefits from the impact of initialization, thus providing.
added information compared to uninitialized simulations (Boer et al., 2016). The second set of experiments, hereafterreferred
to-referred to hereafter as Hist MME, consists of CMIP6 historical forcing simulations from 1962 to 2014. To estimate the
skill of the-DEPP-MMEand-Hist MME-experimentsDCPP MME, we use two observation-based reference datasets. The first
reference dataset, which will be hereafterreferred-to-referred to hereafter as GPCC-BEST, combines the Global Precipitation
Climatology Centre (GPCC, Schneider et al. (2016)) for monthly total precipitation and the Berkeley Earth Surface Temper-

atures (BEST, Rohde and Hausfather (2020)) for daily maximum and datty-minimum-temperature—Similarty,—the-minimum

temperatures. However, observational datasets are influenced by the presence of missing data. To overcome this problem, and
rovide a second benchmark for our analyses, we use a second reference dataset that combines daily total precipitation, daily

maximum and daily minimum temperature and is obtained from the European Centre for Medium-Range Weather Forecasts
(ECMWF) Reanalysis v5, and will be referred to as ERAS (Hersbach et al., 2020).

2.1 Univariate and compound extreme indicators

To identify hot-dry compound extreme days, we first define univariate hot and dry extremes. For temperature extremes, named
hereafter TX90p, we select the days above the 90th percentile of daily maximum temperature, measuring the frequency of
unusually warm days in each year, as per the definition of the Expert Team on Climate Change Detection and Indices (ETC-
CDI; Zhang et al. (2011)). The percentile is calculated for-with a distribution every day of the year, and with a 5-day running

windows-and-is-. The use of a 5-day window enables the avoidance of seasonal biases associated with more extended window

eriods (Brunner and Voigt, 2024). For DCPP MME, this process is lead-time dependent; thus, we select every lead-day of

the predictions (with its 5-day window) to build its corresponding distribution for that specific day. This method implicitl

accounts for the drift of the decadal predictions. The percentile distributions are based on the entire period of the study, which,
in the case of Hist MME, GPCC-BEST and ERAS5 is the timeframe 1962-2014, while for DCPP MME, it depends on the
forecast year, going from 1962-2011 for forecast year 2 to 1965-2014 for forecast year 5. In the case of the DCPP MME and

Hist MME, the percentile is calculated using data from all the ensemble members for each model individually to account for
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the models’ different variances.

For dry extremes, we use two different indicators: the Standardized Precipitation Index (SPI, McKee et al. (1993)) and the
Standardized Precipitation-Evapotranspiration Index (SPEI, Vicente-Serrano et al. (2010)). These two indicators are calcu-
lated threugh-using a two-step method;-an-aceumutation— an accumulation process and a standardization process. For the
standardization process, we use a gamma distribution for the SPI ;-and a log-logistic distribution for the SPEI, the latter
using-utilising unbiased probability-weighted moments (Begueria et al., 2014; Stagge et al., 2015). The result is a standard-
ized index for the-total precipitation (SPI) and one for the difference between precipitation and potential evapotranspira-

tion (SPEI), each computed during selected accumulated periods, with the-potential evapotranspiration (PET) eemputed-with

calculated using the Hargreaves method (Hargreaves, 1994). This specific method, which utilises precipitation, minimum and
maximum temperatures, provides a good representation of potential evapotranspiration using relatively easy-to-access variables
and minimal computational effort (De Luca and Donat, 2023). For computing these indices DCPP MME, we follow Solaraju-

Murali et al. (2019). This method treats the accumulation and the-standardization steps differently --due to the nature of decadal
predictions. First, the accumulation is done from the first to the last forecast month of every initialisation. In the second step,
the standardization is performed individually fer-each—forecast-monthby building a distribution for each lead-month, using
all initialisations together. As for TX9OP, the lead-time dependent standardization process accounts for the drift in decadal
predictions. From the resulting time series (one for each month), we form the distribution used to calculate SPI and SPEI. Con-
sequently, the start and end of the reference period will depend on the forecast month analysed. This process is done separately
for each ensemble member. In this study, we analyse-an-accumulationperiodof-3-monthsexamine a 3-month accumulation
period. Thus, we analyse SPI3 and SPEI3, which are indicators of meteorological (SPI) and hydrological (SPEI) wet (pos-
itive values) or dry (negative values) conditions. Finally, at a grid-point level, we define as months with drought conditions
all months with SPI or SPEI <= -1 and name these dry indices as SPI3dry and SPEI3dry, respectively, where 3 stands—fer
represents the accumulation period in months (De Luca and Donat, 2023).

Hot-dry compound extremes are then identified following De Luca and Donat (2023), which retain all those TX90p days which
fall into SPI3dry or SPEI3dry months. With this method, we obtain two types of hot-dry compound extremes: one based on
SPI (HDSPI3, Hot-Dry selected by SPI3dry) and one on SPEI (HDSPEI3, Hot-Dry selected by SPEI3dry).

To assess the robustness of the extremes’ thresholds selected in this study. we perform the same analysis of this study for hot
extremes over the 95th percentile, SPT and SPEI with dry conditions below -1.5, and hot-dry compound extremes computed
over these two previous conditions. In addition, considering the importance of the accumulation period over which SPI and
SPEL are calculated, we also perform a sensitivity test for dry and hot-dry compound extremes for accumulation periods of 6

and 12 months.
2.2 Forecast quality assessment

We use the Spearman’s rank correlation coefficient to assess the skill of the DCPP MME mean at-foreeasting-in predicting the
annual TX90p, HDSPI3 and HDSPEI3, and-as well as the SPI3dry and SPEI3dry for the average of the forecast years 2-5.

To compare the reference datasets to the forecast average, we perform a running mean equal to the forecast years taken into
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account. This correlation coefficient measures the relationship between the forecasted and observed time series, respectively
ranked from their lowest to their highest value (Wilks, 2011).

We also use the residual correlation to quantify the skill improvement due to initialisation over the skill that comes from the
model responses to external forcing (Smith et al., 2019). This method eensists-ef-involves linearly regressing out the ensemble
mean of the Hist MME from the observations and the ensemble mean of the DCPP MME, obtaining the residual values. Finally,
we calculate the correlation between the two residual time series, thus-thereby measuring how much of the observed variability
is captured by the DCPP MME forecast that is not already captured by the Hist MME forecast. To try—to—keep-maintain
consistency in the comparison between the DCPP MME and the Hist MME foreeasts-as-consistent-as-possiblesimulations, for
the test-between-the-residualsresidual correlation analyses, we only use those models in the DCPP MME ensemble with-that
have at least one member also in the Hist MME ensemble (see Table Al). For all the correlations shown here, we consider

only values statistically significant at the 95% confidence level (p-value < 0.05) using a one-tailed test for the prediction skill

sand a two-tailed test for the residual skill derivingfrom-initialisationderived from initialisation, as well as the analysis on the
correlations between univariate and hot-dry compound extremes.

3 Results
3.1 Multi-annual prediction skill of hot, dry and hot-dry compound extremes

In this section, we present the forecast quality assessment of multi-annual averages for the DCPP MME’s forecast years 2-
5. The correlation analysis is performed on the HDSPI3 and HDSPEI3 indicators and their univariate counterparts (TX90p,
SPI3dry and SPEI3dry) between the DCPP MME mean and GPCC-BEST (Figure 1), as well as between DCPP MME mean
and ERAS as an alternative reference dataset (Appendix Figure S1).

For HDSPI3 (Figure 1a), we see-observe significantly positive skill in the Mediterranean region, the Balkans, the Arabian
peninsula-and-Peninsula, southern and eastern Asia, the western coast of North America, Central America, most of South
America, equatorial Africa, and southern Australia. On the other hand, HDSPEI3 shows significantly positive skill over most
of the globe, with only the Arctic and sub-Arctic regions, the western Sahara, parts of South America and portions of equatorial
Africa showing non-significant correlations (Figure 1b).

When we analyse the skill of the univariate extremes that contribute to these compound extremes, we find that TX90p (Figure
Ic) shows statistically significant positive skill across the globe, with only a few regions, such as the lower latitudes of South
America, Western Sahara and some areas of the sub-Arctic regions, showing non-significant values. These results are in accor-
dance with Delgado-Torres et al. (2023).

On the other hand, SPI3dry and SPEI3dry show limited regions with significantly positive skill (Figure 1d,e). For SPI3dry, most
of the positive skill is found in northern and equatorial Africa, Scandinavia, certain areas of eastern Europe, and some northern
and central Asian regions. Positive skill is also found in some parts of South America and Australia. Similarly, SPEI3dry shews
exhibits positive and significant correlations over the Mediterranean region, large areas of Africa, the Arabian Peninsula, cen-

Central America

tral and eastern Asia, Central America,
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Figure 1. Spearman’s rank correlation for HDSPI3 (a), HDSPEI3 (b), TX90p (c), SPI3dry (d) and SPEI3dry (e) for the average forecast
years 2-5 (1962-2014). i ~Dots indicate regions where
the correlation is not statistically significant at the 95% confidence level{p-valte<-0-05)rusing-a-one-tailed-test. Grey areas indicate missing
data.

South America, and the southern regions of Australia. In general, it appears that SPEI3dry shows higher skill than SPI3dry,
especially over the mid-latitudes. If we compare the skill of hot-dry compound extremes to their univariate counterparts, in
general, we see an enhanced skill compared to the univariate dry extremes, but not as high as shown by the hot ones. In ad-
dition, dry and especially hot-dry compound extremes computed from SPEI show increased skill compared to the-enes-those
calculated with SPI. This characteristic could be partly explained by the contribution of Potential Evapotranspiration, which,
relying on temperature, positively contributes to the general skill. This explanation appears to be supported by the fact that the
more weight temperature has in the definition of the hot-dry compound extremes (for example, HDSPEI3), the lower skill in
dry condition (in this case SPEI3dry) seems to be a limiting factor in the overall skill.

By performing the analysis with ERAS as the reference dataset (Appendix Figure A1), we obtain some differences among the
analysed indices. In the compound extremes (HDSPI3 and HDSPEI3), we find similar areas that show significant skill com-
pared to GPCC-BEST. In addition, as in the previous results for GPCC-BEST, HDSPEI3 shows an enhanced skill compared
to HDSPI3. Regarding the univariate extremes, TX90p still shows-exhibits the strongest skill, and SPEI3dry shows stronger
skill than SPI3dry, especially in the Northern Hemisphere. In general, compared to GPCC-BEST, the skill using ERAS as a

reference dataset shows a slight diminishment in the area where significant positive correlations are found. This is-espeeially
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true-for-diminishment is especially evident in the dry extremes (SPI3dry and SPEI3dry), where large areas, speeifically-at-the
particularly at high latitudes and in equatorial Africa, show strong negative correlations.

Einally, in the sensitivity test, we find that changing the thresholds of the univariate and compound extremes does not change
the overall results (Figure S7). In fact, we find significant correlations in the same areas, with a slight difference between
the strength of the correlations, especially in dry and compound extremes. On the other hand, a change in the accumulation
period for the dry and compound extremes appears to bring significant differences (Figures S8 and S9). Compared to extremes
calculated with a 3-month accumulation, accumulating over 6 and 12 months generally shows a decrease in significant skill,

the longer the accumulation period. However, this is not the case with Northeast Asia, where longer accumulations show higher
correlations.

3.2 Residual correlations and trends

The skill of the decadal forecast shown above (Figure 1 and Appendix Figure A1) can be essentially divided into two compo-
nents: the skill resulting from external forcings and the skill resulting from initialisation. In particular, the skill coming from
section, we analyse to what extent the two elements contribute to the overall skill.

To quantify the added skill contributed by the models’ initialisation in decadal predictions, we perform the correlation between
the residuals of GPCC-BEST and the DCPP MME ensemble mean (Figure 2). The results for HDSPI3 shows-small-areas-of

added-ski ound-the -elobe-In-addition. these are quite umseribed-and-globally show small amounts. Furthermore, these
areas are scattered and spatially isolated, not showing a larger region where a clear added skill can be found (Figure 2a). For

HDSPEI3, on the other hand, despite showing a similar spatial pattern, areas of consistent added skill can be feund-identified in
central Asia and southern Australia, and-as well as in some regions of the high latitudes of North America (Figure 2b).Between

On the other hand, between the univariate extremes, TX90p (Figure 2d2c) appears to show the most benefit from the initial-
isation, with added skill located in central and eastern Asia, Greenland and southern Australia. ta-additionAdditionally, we
also find some added value ever-in small parts of North and-America, South America and Africa. For dry extremes, the areas
of added skill are more limited. SPI3dry shews-demonstrates added skill in some small areas of South America, Asia and
Scandinavia (Figure 2d). Moreover, northern Africa also shows a homogeneous area of added skill, which, at least in part,
corresponds to the significant skill observed for SPI3dry (Figure 1d). On the other hand, SPEI3dry shows slightly fewer areas
of added skill, limited to southern Australia and central Asia (Figure 2e), the latter being similar to the region where we find
added skill for TX90p.

The residual correlation obtained with ERAS as a reference dataset ;leads—to-yields similar results, both in terms of gen-
eral patterns and number-of-gridpointsregions showing significant residual correlations (Appendix Figure A2). However, for
HDSPI3 and HDSPEI3and-, as well as in SPI3dry and SPEI3dry, an increase in added skill ean-be-noticed-is noticeable in the
tropical regionregions of South America ;-as-welt-as-in-and eastern Asia.
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Figure 2. Spearman’s rank residual correlation for HDSPI3 (a), HDSPEI3 (b), TX90p (c), SPI3dry (d) and SPEI3dry (e) for the average

forecast years 2-5. Cerrelations-are-performed-between-therestduals-of-the PECPP-MME-mean-and-GP —Dots indicate areas where

the residual correlation is not statistically significant at the 95% confidence level(p-value<-0-05)using-a-two-tatled-test. Grey areas indicate

missing data.

For different thresholds and accumulation, the residual skill yields results similar to those previously shown for the overall
skill, Different thresholds lead to identical areas where we observe a significant contribution from initialization, with a slight
reduction in size and strength of the correlation (Figure S10). A change in the accumulation period instead leads to more
substantial differences between the 3-month accumulation and the 6- and 12-month accumulations, respectively (Figures S11

and S12). These differences, similar to those in the previous section, appear to intensify as the accumulation period is extended.

In general, the results in Figures 2 and A2 show that, for the univariate hot and dry extremes, we have certain limited areas
where the initialisation significantly adds skill to the forecast (Figure 1, Figure Al). However, it-appears-that-the added skill
detected in certain areas for the univariate extremes is mostly lost when analysing the compound ones. Indeed, the results
suggest that the skill relies strongly on the models’ response to external forcings, such as the strong warming trend in temper-
atures, especially in the case of lower latitudes for HDSPEI3, where we find strong overall skill (in terms of correlation with

observations) but little residual correlation.

To better establish the role of external forcings and trends in the-predietion-skill;we-thus-predicting these extremes, we explore
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Figure 3. Statistically significant SpearmanRank-eorrelations-’s ank correlation against the trend sign for HDSPI3 (a), HDSPEI3 (b), TX90p
(c), SPI3dry (d) and SPEI3dry (e) for the average forecast years 2-5 (as in Figure 1). Cerrelations-and-trend’s-sign-comparison-are-performed
—Pink (magenta) dots indicate areas where the correlation is positive and statis-
tically significantatthe-95%-confidenceteve(p-value<0-65)-, and where the trend-trends of GPCC-BEST and DCPP MME show the same
(opposite) sign. Light blue (Dark blue) dots indicate areas where the correlation is negative and statistically significantat-the-95%confidenee
feveH(p-vatue<0-65), and where the trend-trends of GPCC-BEST and DCPP MME show the same (opposite) sign. Grey areas indicate grid

points where the correlation is non-significant.

the connection between significant correlations and the signs of the trends (Figure 3). In this analysis, we select the regions

of DCPP MME which show significant positive or negative skill. For these specific regions, we then compare the trend signs
for DCPP MME and GPCC-BEST, specifically examining whether the trend signs of the two datasets are in agreement. We

can then classify regions into four categories: significant positive with a trend in agreement (or disagreement), and significant

negative with a trend in agreement (or disagreement). From these results, i-appears—that-a positive significant skill in most
regions is tied to an agreement in trend sign between DCPP MME and GPCC-BEST. In addition, in most areas where the

correlation is significantly negative, we find that the trends between the two datasets are discordant. An exception can be seen
observed for SPI3dry, where, especially in Eastern Europe, the Western Sahel and regions of mid-latitude South America, the
correlations are significantly positive, but the sign of the trend is discordant (Figure 3d). Two factors could help explain this.
The first is the weak trend in precipitation in those areas for both datasets (Appendix Figure A4), which also explains the

opposite scenario, a significantly negative correlation but coinciding trend signs, visiblefor-example-, for example, in South
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Africa and tropical South America. The second factor is the added skill from initialisation for those grid points, which, despite
the discordant trend, leads to a significant positive skill (Figure 2d).

On the contrary, all the extreme indices that include temperature show a strong agreement between positive (negative) sig-
nificant correlations and agreeing (discordant) trend signs, specifically evident in HDSPEI3 and SPEI3dry (Figure-Figures 3b
and 3e);results-whieh-, These results are in line with the findings of Donat et al. (2023). The same conclusions can be drawn
concerning the results when using ERAS as a reference dataset (Appendix Figure A3). Here, the areas with opposite trends and
significantly negative correlations are evident in tropical Africa for SPI3dry and SPEI3dry and in the high boreal latitudes for
HDSPI3 and HDSPEI3. When looking-at-examining the trends, we see-observe that these areas show;-for-the-aforementioned
extreme-indices;-exhibit opposite trends in DCPP MME and ERAS for the aforementioned extreme indices. However, in these
regions, we can also see-observe areas with significant negative correlations and agreeing trend signs (Appendix Figure A3d
and A3e). These results could be explained by the weak trends in the region (Appendix Figure AS), making it a non-significant
factor in determining significant skill. For SPI3dry, we ean-see-observe the same situation ebserved-as for GPCC-BEST in
tropical South America (Appendix Figure A3d). Here-we-have-In this region, in fact, we observe discordant trends between
DCPP MME and ERAS5but, yet significant positive correlations. We can also see, between DCPP MME and ERAS5, that in that
area, the precipitation trends are not strong (Appendix Figure A5) and that the forecast shows a large region of added skill for
ERAS (Appendix Figure A2d).

In summary, from-the results discussed above we-see-indicate that decadal predictions show-seme-exhibit little added skill
compared to Hist MME, especially for dry and hot-dry compound extremes. However, most of the skill seen in Section 3.1 is
still tied to the signal associated with external forcings. In particular, we see-observe that the presence of the skill, in the ab-
sence of added skill from the initialisation, is tied to the trends of the models and the reference datasets, and whether these two
trends are-agreeing-agree in their signser-not, especially if the selected variable is affected by strong temperature trends. The
results presented in this section highlight the current limitations of multi-annual predictions. particularly in terms of providing

information on the upcoming variability of such extreme events. In this regard, the question now lies to-which-extent-in the
extent to which the different univariate extremes influence the detection and the variability of the compound extremes in the

model and the reference datasets.
3.3 Correlations between univariate and compound extremes

With-the-The method used in this study, relying-which relies on the co-occurrence of hot and dry conditions at the same lo-
cation, suggests that one of the two univariate extremes may play a more important role in the overall detection of the events.
In addition, this co-occurrence may vary between-across different datasets, for example, between the DCPP MME and the
observation-based datasets, leading-to-a-different-countresulting in different counts of compound extremes and, consequently,
different interannual variations. Thus, we perform a correlation analysis between the annual sum of univariate and compound
extremes to assess the representation of the underlying interconnections. Since the HDSPI3 and HDSPEI3 were estimated for
every ensemble member, we calculated the correlations between the univariate and compound for-every-ensemble-memberand

pieked-values for each ensemble member. We then selected the median correlation across DCPP MME. Finally, we consider a

10
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significant correlation in those areas where at least 50% of the ensemble members show significant positive or negative corre-
lations.

The results for the correlations between HDSPI3 and HDSPEI3 and the univariate extremes are shown in Figures 4 and 5, re-
spectively. If we look at the correlations between HDSPI3 and TX90p in GPCC-BEST and the DCPP MME (Figure 4a,b), we
can see that they both show significantly positive correlations across most of the globe. In addition, the DCPP MME can repro-
duce the large areas where the connections between HDSPI3 and TX90p are weaker, such as the high latitudes of the Northern
Hemisphere. However, it is less effective in areas such as Africa or central Asia, where correlations in DCPP MME are still
significant, unlike those in GPCC-BEST. On the other hand, when looking at the correlations between HDSPI3,SPI3dry and
SPEI3dry, we see similar patterns (Figures 4c, 4d and 4e s4f, respectively). Both GPCC-BEST and DCPP MME show strong
positive correlations between drought occurrence and hot-dry compound extremes in most regions globally, except mainly in
northern Africa. However, as seen in the correlations with TX90p (Figures 4a ;-and 4b)yBCPP-MME-partty-, DCPP MME

partially fails to reproduce the high spatial differences ef-the-connections-seen-in connections observed in GPCC-BEST, with

only larger areas, such Nerthern-as northern Africa, showing differences in the correlation values (Figures 4d s-and 4e).

For the correlations between HDSPEI3 and the univariate extremes (Figure 5), we see-patterns—very—simitarto-observe
patterns similar to those in Figure 4. In this case, the correlations between HDSPEI3 and TX90p appear stronger-more
substantial and more widely significant in GPCC-BEST and the DCPP MME, with the high latitudes showing the weakest
correlations (Figures 5a, 5b). The correlations between HDSPEI3 and SPEI3dry in GPCC-BEST have-exhibit strong positive
correlations globally, with DCPP MME being-able-to-reproduecereproducing them significantly well (Figures 5c, 5d). On the
other hand, the correlations between HDSPEI3 and SPI3dry in GPCC-BEST show high spatial differences, with large ar-
eas showing non-significant correlations. However, DCPP MME shows non-significant correlations uniquely across northern

Africa, the Arabian Peninsula and central Asia (Figures Se, 5f).

Analysing the correlations between compound and univariate extremes in ERASwe-can-observe-a—very-similarpattern-as
i, we observe a pattern similar to the results seen above for GPCC-BEST (Appendix Figure A6). In general, both reference

datasets (GPCC-BEST and ERAS) show stronger correlations for TX90p with HDSPEI3, especially in the equatorial and mid-
latitudes. Still, eorrelations-are-found-for-the-we find significant correlations between hot-dry compounds and dry extremes,
which appear to be an important-essential driving factor in the variability of both HDSPI3 and HDSPEI3, and more specifically
for the dry extreme with which the compound extreme is being calculated (i.e. SPI3dry for HDSPI3, SPEI3dry for HDSPEI3).
The DCPP MME is-abte-to-can reproduce these general patterns, particularly the weaker correlations in the high Nerth-Northern
Hemisphere latitudes for TX90p and in Nertheranorthern Africa for the dry extremes. However, it fails to represent the high
spatial differences in the correlation values, which instead can be seen in the reference datasets. This-These results can be
attributed to the smoothing that inevitably happens-while-occurs when calculating the ensemble mean, causing the variability
of the single-individual ensemble members to be lost.
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Figure 4. Spearman’s rank correlation between the annual sum of HDSPI3 and TX90p (a, b), SPEI3dry (c, d) and SPI3dry (e, ), respectively.
For a,c, and e: eorretations Correlations are calculated with GPCC-BEST, and dots indicate correlations not statistically significant at the 95%

confidence leveltp-vatue<-0-65)yusinga-two-taited-test. For b, d and f: the-eorretations-Correlations represent the median (ensemble-wise)

correlation for the DCPP MME ensemble, and dots indicate grid points where more than 50% of the ensemble members provide correlations

not statistically significant at the 95% confidence level{p-value<-0-05)using-a-two-tatled-test. Grey areas indicate missing data.

4 Summary and Conclusions

This study provides an overall assessment of hot, dry and hot-dry compound extremes in multi-annual predictions. The re-
sults show that the predictive capabilities of the decadal forecast systems are not only limited to the univariate extremes but

also show value for the compound extreme occurrences. Compared to the skill shown in the univariate extremes, compound
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Figure 5. Same as Figure 4, but for HDSPEI3.

extremes show higher or lower predictability: global compound skill is smaller compared to hot extremes, especially at high
latitudes; on the other hand, they show higher skill compared to their dry univariate counterparts. Fhis-is-These differences
are likely associated with the fact that temperature-related extremes have-been-seen-shown-to-be-are more predictable than
their precipitation-related counterparts, with the latter’s predictability still representing a bottleneck that could damp the signal
(Solaraju-Murali et al., 2019; Bellucci et al., 2015; Delgado-Torres et al., 2023; Smith et al., 2019; De Luca and Donat, 2023).
From this perspective, the compound extremes partly benefit from the higher predictability of hot extremes. An-analysis-of
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However, the results from the residual correlation suggest that most of the skill of the compound extremes comes from external
forcings, which cause long-term trends in some extreme indices. This is-conclusion is partially less true for dry extremes, where
we can find specific regions with a weak trend, and where the initialisation actively plays a role in providing significant skill.
In fact, we see-observe that in the variables where temperatures play a role in the-definition-of-defining the extreme indices
(i.e. TX90p, SPEI3dry, HDSPI3 and HDSPEI3), the tie with the trend is nearly ubiquitous (Donat et al., 2023). Thus, a skilful
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representation of the interannual variability still lacks in multi-annual predictions. This characteristic represents a limit to the

usability of these forecasts and the information they can provide.
In addition to these results, the analysis of the interconnections between compound and univariate extremes shows that the

decadal forecast systems are generally able to reproduce the connections between the compound extremes and their univari-
ate counterparts based on observations, attributing a leading role to the dry conditions, and specifically to the one on which
the compound extreme is calculated (e.g. drought defined based on SPI or SPEI). Thus, if we compare these results with the
prediction skill, we can identify where the main limiting factor in the prediction of hot-dry compound extremes may lie: dry
extremes show to be the leading factor determining the variability of hot-dry extremes, but on the other hand, it is the dry

extremes that show the least prediction skill on a multi-annual time range.

Lastly;-we-also-aseertain-that-the-use-of two-Additionally, we confirm that using different reference datasets (GPCC-BEST and
ERADY) leads-to-results-which-yields results that differ slightly, but not significantly;-and-can-eastly-be-attributed-to-observational
uneertainties-, The differences observed in the two reference datasets, especially for dry and hot-dry compound extremes, could
be attributable to the different uncertainties in the datasets, such as the wet bias in Central Africa or the dry bias in the Northern
Hemisphere continental areas for ERAS (Hassler and Lauer, 2021).

Regarding the sensitivity analysis, a change in the threshold of the extreme events does not result in significant differences.
The reason could be connected to the threshold of the hot (dry) extremes which generally belong to the higher (lower) end
of the distribution, and typically exhibit the same characteristics, especially in a normal distribution. On the other hand, we
observe that a change in the accumulation period has a stronger impact on the skill of predicting dry and hot-dry compound
extremes. In fact, selecting a longer accumulation period leads to including a time range which is otherwise not considered,
thus changing the nature of the variable in question. This interpretation could explain why the areas where we find the strongest
changes between accumulation periods are common to both the overall and residual skills, underscoring the influence of the
accumulation period on the internal variability of the dry condition. For this reason, the selection of the accumulation period
when calculating SPT and SPEI should be carefully considered, depending on the type of drought one wants to observe.

We conclude that CMIP6 decadal forecast systems can skillfully predict the compound hot and dry extremes over large parts

of the world at the multi-annual scale.

sHowever, this skill is strongly tied
to external forcings, and a significant gap remains for improvement in predicting interannual variability. Finally, the decadal

prediction systems can detect the underlying connections between compound and univariate extremes, even if at a large-scale
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level, showing the leading role of dry conditions. Similar forecast quality assessments should be conducted on a regional and
seasonal scale, as well as for other compound indicators, to provide even more insightful and specific information on such
extreme phenomena. These further steps could provide the information necessary to enable targeted climate information to

support mitigation and adaptation policies against potential damages caused by these events.

350 Code and data availability. Gridded ERAS data ranging from 1961 to 2014 was downloaded from https://cds.climate.copernicus.eu/. Grid-
ded GPCC data ranging from 1961 to 2014 were downloaded from https://opendata.dwd.de/climate_environment/GPCC/html/fulldata-monthly_
v2020_doi_download.html. Gridded BEST data ranging from 1961 to 2014 were downloaded from http://berkeleyearth.lbl.gov/. CMIP6
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Appendix

Table Al. List of models and number of ensemble members used for the DCPP MME and the Hist MME.

Forecast systems DCPP members  Historical members  Spatial resolution ~ Month initialisation Reference
CMCC-CM2-SR5 10 1 0.9°x1.25° November Nicoli et al. (2023)
CanESM5 20 20 2.8°x2.8° January Swart et al. (2019)
EC-Earth3-il 10 - 0.7°x0.7° November Doscher et al. (2021)
EC-Earth3-i2 5 - 0.7°x0.7° November Daoscher et al. (2021)
EC-Earth3-i4 10 9 0.7°x0.7° November Doscher et al. (2021)
HadGEM3-GC31-MM 10 - 0.55°x0.83° November Sellar et al. (2020)
IPSL-CM6A-LR 10 10 1.25%2.5° January Boucher et al. (2020)
MIROC6 10 10 1.4°x1.4° November Kataoka et al. (2020)
MPI-ESM1-2-HR 10 1 0.9°x0.9° November Miiller et al. (2018)
MRI-ESM2-0 10 10 1.125°x1.125° November Yukimoto et al. (2019)
NorCPM1-il 10 - 1.9°x2.5° October Bethke et al. (2021)
NorCPM1-i2 10 10 1.9°x2.5° October Bethke et al. (2021)
MME 125 80 2.8°x2.8°
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Figure A1. Spearman rank correlation for TX90p(a), SPI3dry and SPEI3dry (b,c) and HDSPI3 and HDSPEI3 (d,e) for the average forecast
years 2-5. Correlations are performed between the DCPP MME ensemble mean and the ERAS dataset. Hatchings indicate correlations not

statistically significant at the 95% confidence level (p-value < 0.05) using a one-tailed test.

20



HDSPEI3

(a) HDSPI3 (b)

(d) SPI13dry

o

-0.9 -0.6
Figure A2. Spearman rank residual correlation for TX90p(a), SPI3dry and SPEI3dry (b,c) and HDSPI3 and HDSPEI3 (d.e) for the av-

erage forecast years 2-5. Correlations are performed between the DCPP MME ensemble mean and the ERAS dataset. Hatchings indicate

correlations not statistically significant at the 95% confidence level (p-value < 0.05) using a two-tailed test.
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Figure A3. Statistically significant Spearman Rank correlations against the trend sign for HDSPI3 (a), HDSPEI3 (b), TX90p (d), SPI3dry
(c) and SPEI3dry (e) for the average forecast years 2-5 (as in Figure 1). Correlations and trend sign comparison are performed between the
DCPP MME ensemble mean and the ERAS dataset. Pink (magenta) dots indicate areas where the correlation is positive and statistically
significant at the 95% confidence level (p-value < 0.05) and where the trend of GPCC-BEST and DCPP MME show the same (opposite)
sign. Light blue (Dark blue) dots indicate areas where the correlation is negative statistically significant at the 95% confidence level (p-value
< 0.05) and where the trend of GPCC-BEST and DCPP MME show the same (opposite) sign. Grey areas indicate grid points where the

correlation is non-significant.
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Figure A4. First row: Spearman rank correlation between the GPCC-BEST dataset and the DCPP MME ensemble mean for HDSPI3,
HDSPEI3, TX90p, SPI3dry and SPEI3dry respectively. Hatchings indicate correlations not statistically significant at the 95% confidence
level (p-value < 0.05) using a one-tailed test. Second row: Normalized trends in the GPCC-BEST dataset for HDSPI3, HDSPEI3, TX90p,
SPI3dry and SPEI3dry respectively. Third row: Median normalized trends, calculated ensemble-wise, in the DCPP MME ensemble for
HDSPI3, HDSPEI3, TX90p, SPI3dry and SPEI3dry respectively. Grey areas indicate missing data.
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Figure AS. First row: Spearman rank correlation between the ERAS dataset and the DCPP MME ensemble mean for HDSPI3, HDSPEI3,
TX90p, SPI3dry and SPEI3dry respectively. Hatchings indicate correlations not statistically significant at the 95% confidence level (p-value
< 0.05) using a one-tailed test. Second row: Normalized trends in the ERAS5 dataset for HDSPI3, HDSPEI3, TX90p, SPI3dry and SPEI3dry
respectively. Third row: Median normalized trends, calculated ensemble-wise, in the DCPP MME ensemble for HDSPI3, HDSPEI3, TX90p,
SPI3dry and SPEI3dry respectively.
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Figure A6. Spearman rank correlation between the annual sum of HDSPI3 (a,c,e) and HDSPEI3 (b,d,f) and TX90p, SPEI3dry and SPI3dry

respectively, in the ERAS dataset. Hatchings indicate correlations not statistically significant at the 95% confidence level (p-value < 0.05)

using a two-tailed test.
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Hindcast: DcppA Reference:GPCCBEST
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Figure A7. First column: Spearman’s rank correlation for calculated for different extreme thresholds (First column). Correlations are

erformed between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column: Difference between the thresholds used

in the main study and the ones shown in this figure. Hatchings indicate correlations (or differences between correlations) not statisticall

significant at the 95% confidence level. The significance of the difference has been computed using a Steiger Z-test. Grey areas indicate

missing data.
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Hindcast: DcppA Reference:GPCCBEST
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Figure A8. First column: Spearman’s rank correlation for calculated for dry and hot-dry compounds with a 6-month accumulation.

Correlations are performed between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column: Difference between the

accumulation used in the main study and the one shown in this figure. Hatchings indicate correlations (or differences between correlations

ot statistically significant at the 95% confidence level. The significance of the difference has been computed using a Steiger Z-test. Gre

n

areas indicate missing data.
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Figure A9. First column: Spearman’s rank correlation calculated for dry and hot-dry compounds with a 12-month accumulation. Correlations

e performed between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column: Difference between the accumulation
statisticall

ar
used in the main study and the one shown in this figure. Hatchings indicate correlations (or differences between correlations) not

ignificant at the 95% confidence level. The significance of the difference has been computed using a Steiger Z-test. Grey areas indicate

S
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Figure A10. First column: Spearman’s rank residual correlation calculated for different extreme thresholds. Correlations are performed

between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column: Difference between the thresholds used in the main

study and the ones shown in this figure. Hatchings

indicate correlations (or differences between correlations) not statistically significant at

the 95% confidence level. The significance of the difference has been computed using a Steiger Z-test. Grey areas indicate missing data.

29



Hindcast: DcppA Reference:GPCCBEST
Diff. Accum3 - Accum6

Accumulation 6
[l
e}
o
1%}
ey
el
m
o
2]
o
(%]
ja)
I
m
o
(%]
ja)
I
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00 -0.6 -0.3 0.0 0.3 0.6

p

compounds with a 6-month accumulation.

Figure A11. First column: Spearman’s rank residual correlation calculated for dry and hot-di
Correlations are performed between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column: Difference between the

accumulation used in the main study and the one shown in this figure. Hatchings indicate correlations (or differences between correlations

ot statistically significant at the 95% confidence level. The significance of the difference has been computed using a Steiger Z-test. Gre

n

areas indicate missing data.
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First column: Spearman’s rank residual correlation calculated for dry and hot-dry compounds with a 6-month accumulation

Figure A12.
First column). Correlations are performed between the DCPP MME ensemble mean and the GPCC-BEST dataset. Second column:

difference between the accumulation used in the main study and the one shown in this figure. Hatchings indicate correlations (or differences

be

Steiger Z-test. Grey areas indicate missing data.

tween correlations) not statistically significant at the 95% confidence level. The significance of the difference has been computed using a
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