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Abstract. Compound heat and drought events have severe socio-economic impacts on human health, agriculture and electricity
supply. While these compound extremes are projected to intensify under climate change, our understanding of their subseasonal
predictability remains limited compared to that of individual heat or drought events. In this study, we evaluate the predictabil-
ity of compound heat and drought events over Europe using the subseasonal prediction system of the European Centre for
Medium-Range Weather Forecasts (ECMWF). We find that the physical coupling between heat and drought contributes up to
10% towards an increase in forecast skill when heat and drought co-occur, relative to a baseline that assumes independence
between extremes. However, in regions where the physical coupling between heat and drought via land-surface interaction is
misrepresented, compound skill can be lower than when drought are predicted in isolation. These findings highlight the critical
role of accurately simulating land-surface feedbacks to improve the reliability of the subseasonal prediction for compound

extremes.

1 Introduction

Compound heat and drought events have wide-ranging socio-economic impacts, spanning human health (Campbell et al.,
2018; Ebi et al., 2021), agriculture (Hatfield and Prueger, 2015; Bras et al., 2021), and electricity supply (Hawker et al., 2024;
Li et al., 2025). Socio-economic impacts of compound extreme events can be mitigated by implementing early preventive
measures based on skillful forecasts (Vitart and Robertson, 2018; Pegion et al., 2019; Lala et al., 2022; Dunn-Sigouin et al.,
2025). As compound events are projected to become more frequent in the future under climate change (Seneviratne et al., 2021;
AghaKouchak et al., 2020; Bohnisch et al., 2025), accurately predicting such extremes has become even more crucial.

The co-occurrence of extremes can be coincidental. However, shared physical drivers and feedbacks can enhance the corre-
lation and the likelihood of compound extremes (Seneviratne et al., 2012). A primary driver of heat and drought events is an

anomalous atmospheric circulation. For instance in the extratropics, quasi-stationary high-pressure systems, i.e. atmospheric
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blocking, can contribute to surface heat (e.g. Barriopedro et al., 2011), typically through a mix of warm air advection (Cassou
et al., 2005), adiabatic heating due to subsidence (Kautz et al., 2022; Sousa et al., 2018), and diabatic heating due to enhanced
surface sensible heat fluxes driven by increased incoming solar radiation (Réthlisberger and Papritz, 2023). Apart from caus-
ing heat, atmospheric blocking systems additionally result in a precipitation deficit due to the deflection of synoptic cyclonic
systems around them, which can lead to meteorological drought (Hao et al., 2018; Dai, 2011).

The correlation between surface temperature and precipitation can be further modulated by land-atmosphere feedbacks
(Miralles et al., 2014; Seneviratne et al., 2010). High surface temperatures can accelerate soil moisture depletion in regions
where evapotranspiration is soil-moisture limited, thereby amplifying drought conditions (Teuling et al., 2013). Conversely,
soil-moisture depletion can trigger additional surface heating by enhancing sensible heat flux and reducing latent cooling,
creating a positive feedback loop that intensifies surface temperature (Fischer et al., 2007b; Miralles et al., 2014, 2019; Benson
and Dirmeyer, 2021). In contrast, in energy-limited regions where soil-moisture is more abundant, land-atmosphere coupling
can exert a negative feedback on surface temperature, such that the evaporation of soil moisture due to radiation can dampen
surface warming through the release of latent heat (Schwingshackl et al., 2017; Seneviratne et al., 2010). Depending on the
type of soil-moisture and evapotranspiration regimes, land-atmosphere coupling can reinforce or dampen surface temperature
(Seneviratne et al., 2006; Whan et al., 2015) and subsequently lead to more or fewer co-occurring heat and drought extremes.

Subseasonal and seasonal models demonstrate promising skill in forecasting summer temperatures (Prodhomme et al., 2022;
Domeisen et al., 2023; Pyrina and Domeisen, 2023; Biieler et al., 2026). Skill for temperature has been shown to be even higher
for hot extremes than for average events (Wulff and Domeisen, 2019), as demonstrated by successful predictions of individual
heat waves (Luo and Zhang, 2012; Domeisen et al., 2022). In contrast, precipitation is considered one of the least predictable
variables in subseasonal models (Li and Robertson, 2015; Prein et al., 2022). However, it has been argued that this apparent
lack of skill may partially result from a ’double penalty’ effect, as precipitation fields have sharp spatial and temporal gradients,
unlike smoother fields such as temperature (Roberts and Lean, 2008; Lled¢ et al., 2023). As such, precipitation verification may
be more representative when data is aggregated temporally or spatially by considering neighbouring grid points (Mittermaier
and Roberts, 2010; Skok and Roberts, 2016).

Although the combination of heat and drought events is one of the most commonly studied compound event (Ridder et al.,
2020; Brett et al., 2025), less is known about the predictability of this type of compound extreme. On some occasions, the
skill in the prediction of low precipitation extremes has been found to be related to the skill in predicting heat extremes (Slater
et al., 2019). This correlation of skill can arise from erroneous coupling in the models, for instance, because models produce
a stronger coupling of drought to sea surface temperatures than observations suggest (Kam et al., 2014). However, there are
also occasions where the coupling of skill originates from physical processes, such as land-atmosphere coupling (Fischer
et al., 2007a). Soil-moisture-atmosphere interactions have been suggested to be an important driver of the 2003 European heat
wave (Garcia-Herrera et al., 2010; Fischer et al., 2007b). Improved representation of precipitation anomalies and soil-moisture
conditions has been shown to enhance the prediction of heat waves, both through a better representation of dry conditions and
through improved maintenance of quasi-stationary atmospheric circulation anomalies (DeAngelis et al., 2020), as demonstrated

for the predictions of the 2003 European heat wave (Weisheimer et al., 2011) and the 2010 Russian heat wave (Seo et al., 2019).
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In this study, we systematically evaluate the subseasonal predictability of compound heat and drought events across Europe.
First, we identify the regions with concurrent heat and drought conditions. We then assess the predicability of these compound
extremes using the subseasonal hindcasts from the European Center for Medium Range Weather Forecast (ECMWF). Finally,

we explore model biases in land—atmosphere coupling as a potential physical explanation for the observed predictive skill.

2 Data and methods
2.1 Subseasonal hindcasts

ECMWF’s subseasonal-range hindcasts (Vitart et al., 2017) cycle CY47R3 for the boreal summer (JJA) over the period 2002-
2021 are analyzed in this study. The hindcasts, originally downloaded as daily means, are aggregated into monthly means by
averaging the first four weeks following initialization (weeks 1-4). The hindcast climatology is computed for each initialization
date using a centered 30-day approach, which takes the average of the hindcasts initialized within 15 calendar days before and
after a given initialization date across the 20-year hindcast period. These climatologies are then subtracted from the aggregated
values to obtain anomalies.

The choice of 1-month aggregation is motivated by the increased skill and practical utility of subseasonal forecasts at lead
times beyond two weeks. Specifically, monthly aggregated anomalies have been demonstrated to be more skillfully predicted
for European surface temperature than non-aggregated anomalies (Baker et al., 2023; Biieler et al., 2026). Furthermore, given
that precipitation exhibits sharp temporal gradients (Lled6 et al., 2023), temporal averaging enhances the utility of the fore-
casts. Such monthly aggregated quantities are used in operational monitoring platforms, such as, the Swiss national drought
monitoring and early warning system at www.drought.admin.ch.

Since this model version is initialized twice per week, there are 26 initialization dates during each JJA season. Temporal
aggregation is performed for each initialization date individually. Thus, these 1-month aggregation windows do not align
with calendar months and exhibit substantial temporal overlaps between these windows. Given the temporal overlap, these 26
aggregated windows essentially function as a moving-window approach to identify periods of extreme conditions throughout
the season. For further technical details regarding the computation of these aggregated anomalies and their corresponding

climatologies, please refer to Biieler et al. (2026).
2.2 Observational datasets

The hindcasts are verified against ERAS reanalysis (Hersbach et al., 2020), with ERA5 anomalies aggregated using the same
temporal window as the hindcasts (as described in Section 2.1). These 1-month aggregated windows are computed relative to
the hindcast start dates.

To evaluate soil-moisture-atmosphere coupling (Section 3.3), we follow the approach of Day et al. (2025) by using multiple
observational datasets to evaluate land-atmosphere coupling. ERAS exhibits known discontinuities in root-zone soil moisture

(Muiioz-Sabater et al., 2021) and demonstrates lower performance in soil moisture compared to other satellite-derived or
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model-based products (Beck et al., 2021). Thus, we use the Global Land Evaporation Amsterdam Model (GLEAM) version
3.7 (Miralles et al., 2011; Martens et al., 2017) for root-zone soil moisture (S M) and evapotranspiration (E7T"). For precipitation
(P), we use the Global Precipitation Climatology Project (GPCP) version 2.3 (Adler et al., 2018), while for 2-m temperature

(T5,,), ERAS remains as the verification reference.
2.3 Heat, drought, and corresponding compound event definitions

Extreme events are identified at each grid point (i, j) for each 1-month aggregated window (n) using percentile-based thresh-
olds. A heat event occurs when the 2-m temperature (7%,,) anomaly exceeds the 90th percentile of 75,, anomalies, while
a drought event is defined as when total precipitation (P) anomaly falls below the 10th percentile of P anomalies. These
percentiles are computed separately for the hindcasts and ERAS.

By using precipitation rather than soil moisture to define drought, we focus only on meteorological drought in this study. This
approach ensures a clearer separation between the heat and drought definitions. Specifically, 2m-temperature and soil moisture
are physically coupled through the land-surface energy balance, therefore defining drought via soil moisture would introduce a
pre-existing dependency. In contrast, precipitation is an atmospheric variable. The use of precipitation to define meteorological
drought keeps the heat and drought definitions more independent, which also allows for a more rigorous assessment of the
hindcast’s ability to predict compound events.

We define the frequency of heat ( fz7), drought (fp), and compound heat-drought (fc g p) events as the fraction of initializa-

tion windows (/N = 26) experiencing the extreme during each JJA season:

20
Yne Lisjin 1
fi7j = T’ F’L,j = %yz::lfl’]’y (1)

where I; ;,, is a binary indicator (1 for event occurrence, O otherwise). A compound event is defined when both heat and
drought thresholds are met in the same 1-month aggregated window, with no lags considered. Finally, the annual frequencies
are averaged over the 20-year study period to derive the climatological event frequency (F; ;). The number of events defined
per JJA are shown in Fig. C1-C3. The total number of events identified at each grid point across all 1-month windows (26
windows per JJA x 20 years = 520 windows) is shown in Fig. B1.

The 10th percentile threshold is roughly equivalent to a Standardized Precipitation Index (SPI) value of less than -1, a
standard threshold that is commonly used in drought monitoring to identify events ranging from moderate to extreme drought
(McKee et al., 1993). While a 10th percentile threshold is appropriate for identifying drought in predominantly non-arid regions
of Europe, it is less suitable for semi-arid climates such as those in parts of the Iberian Peninsula (Morin et al., 2020; Middleton
and Thomas, 1997). In these areas, the summer precipitation is climatologically so low that a 10th percentile threshold fails
to distinguish extreme drought from typical dry conditions. Consequently, we restrict our analysis to grid points where the
JJA precipitation (P) climatology exceeds 30 mm/month. This criterion effectively masks out large portions of the Iberian

Peninsula (hatched in Fig. A1), regions typically classified as semi-arid (Morin et al., 2020).
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2.4 Co-occurrence ratio (COR)

To quantify the degree to which compound events exceed their expected frequency under the assumption of independence, we

employ the co-occurrence ratio (COR), following Messori et al. (2025). The COR is defined as:

COR:1+1n<FCHD> 2)
Ecup

Here, Ec g p represents the expected climatological frequency of compound events, given by the product of the individual
climatological occurrence of heat (F') and drought events (Fp). Given the 90th and 10th percentile thresholds used for
heat and drought events, the expected occurrence of compound events is thus 1%. COR > 1 indicates that compound event
occurrence is greater than expected by chance. COR = 1 indicates that the events are independent. COR < 1 indicates that

events co-occur less frequently than expected under the assumption of independence.
2.5 Verification metrics

To evaluate the performance of the ensemble hindcasts, the fair Brier score (BS) by Ferro et al. (2008) is computed for each

grid point by pooling all 1-month aggregated windows across the 20 years period:

1 & mpg(m —mpy)
BS= ?; ((pk —op)? — M) 3)

m?(m—1)

where K = 520 is the total number of ensemble forecasts (26 forecasts per JJA x 20 years). Here, py is the forecasted
probability, defined as the fraction of ensemble members (m=11) predicting an event, and oy, is the binary observation of event
occurrence for the k-th window.

The BS is compared against the climatological Brier score (BS¢;;:,,) to evaluate the skilfulness of the forecasts. BS iy, is

given by:

K
1
BSaiim = 7 ;(Fm —op)? 4)

where F; ; is the climatological event occurrence as defined in Section 2.3. Finally, the Brier skill score (BSS) is defined as:

BS
BSclim

BSS=1- &)

A BSS of 1 denotes a perfect forecast, while BSS = 0 indicates that the hindcast performance is equivalent to a climatological
forecast. BSS > 0 indicates that the hindcast is more skilful than the climatology, whereas BSS < 0 indicates poorer skill.
To determine how much of the compound event skill stems from the model’s ability to represent the physical coupling

between heat and drought, we re-evaluate BSSc g p under the assumption that these events are independent (BSScyp ind)-
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In the standard BS'Scmp, the reference baseline is given by the climatological frequency of compound events (BSc D _ciim,)-
In the modified BSScp inds BScHD_clim 18 replaced with a synthetic reference score (BScyp_ind)- BScHD_ind 18 derived
by assuming heat and drought occur independently. The expected frequency is calculated as the product of their individual
climatological frequencies (Fy X Fp), resulting in an expected occurrence of 1%.

By comparing BSScpp and BSScrp ind, We can isolate the gain in skill attributed to the observed physical dependence
between heat and drought. If BSScup ing is larger than BSScpp, it indicates that BScyp ing 1S an easier reference
to outperform than BScyp ciim. This suggests that the standard climatological reference (BScup ciim), Which inherently
includes information regarding the physical coupling of heat and drought, in turn contributes to the overall predictive skill for
compound events.

To aid the interpretation of the BSS, which evaluates probabilistic skill, we also calculate the False Alarm Ratio (FAR) and
Hit Rate (HR), which measure the accuracy for binary categorical predictions. To transform the probabilistic ensemble into a
categorical forecast, we classify an event as a "hit’ ("false’) if at least 50% of the ensemble members (i.e. 6 out of 11 members)
predicted an event that occurred (did not occur).

The FAR measures the proportion of forecasted events that did not occur (false positives) and is defined as:

FP

FAR=—
R=Tp17p

(6)

where TP represents true positives and FP represents false positives. The Hit Rate (HR) quantifies the fraction of observed

events that were correctly predicted (true positives) and is given by:

TP

HR= ——
R=Tpmn

)

where FN denotes false negatives. Both the FAR and the HR range from 0 to 1. Perfect predictive skill is characterized
by FAR = 0 (no false alarms) and HR =1 (all observed events successfully captured). As with the BSS, both metrics are
calculated by pooling all one-month aggregated windows (K = 520).

2.6 Soil moisture-atmosphere coupling metrics

Following Dirmeyer (2011), Dirmeyer et al. (2014) and Day et al. (2025), we assess soil moisture-atmosphere coupling in the
hindcasts by computing both the terrestrial and the atmospheric legs of coupling. The terrestrial leg measures the potential for
soil moisture to influence the atmosphere via surface fluxes, while the atmospheric leg measures the influence of surface fluxes
on the atmosphere state. A full land-atmosphere feedback exists only when both legs are active.

The strength of the terrestrial leg is defined as:

Ism-eT = 0(ET)p(SM,ET) ®)
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where p(SM, ET) is the correlation between soil moisture (S M) and evapotranspiration (ET), scaled by the standard de-
viation of ET (o (ET)). Following the discussions in Seneviratne et al. (2010), a positive Isa;— g denotes that soil-moisture
constrains evapotranspiration (soil-moisture limited regime). And a near zero or negative s,/ g denotes that evapotranspi-
ration is not limited by soil moisture but the available energy (energy limited regime).

The atmospheric leg is given by:

where X represents the atmospheric state, specifically T5,,, or P in this study and o(X) is the standard deviation of X. An
active land-atmosphere feedback is indicated by large magnitudes of Isys— x, which result from high variance of X and strong

correlations across both the terrestrial and atmospheric segments.

3 Results
3.1 Climatology and hotspots of compound heat and drought events over Europe

We first compute the frequency of occurrence of compound heat and drought events (Forp) in ERAS reanalysis and subsea-
sonal hindcasts (Fig. 1a-b). Across most of Europe, Fio i p exceeds 1%, which is the frequency expected under the assumption
that heat (90th percentile) and drought (10th percentile) events are fully independent. The identified hotspots are qualitatively
similar to those identified in Fig. 1b of Ridder et al. (2020). Compared to ERAS, the hindcasts underestimate F- g p in regions
where observed frequencies are relatively high, such as the British Isles and Central Europe, while overestimating frequencies
across Eastern Europe (Fig. 1c).

To quantify the extent to which compound heat and drought events occur with a likelihood greater than expected under
the assumption of independence, we compute the co-occurrence ratio (COR) for both ERAS and the hindcasts (Fig. 1d, e).
Consistent with Fig. 1a, b showing that Foirp is greater than 1% in most regions, the COR exceeds 1 over most regions in
Europe (Fig. 1d, ). The high COR across large parts of Europe reflects the fact that the co-occurrence of heat and drought
is driven by common physical drivers, such as through large-scale atmospheric circulation (Dai, 2011; Hao et al., 2018) and
land-atmosphere coupling (Seneviratne et al., 2010).

Spatially, the highest COR values are concentrated in Central and Southeastern Europe, and Russia, where compound events
occur two to three times more often than expected under the assumption of independence. Regions where COR is relatively
lower are parts of Western Europe (e.g. France) and Eastern Europe. While the hindcasts generally capture the spatial distri-
bution of COR observed in ERAS5, a notable difference is over Eastern Europe (Fig. 1f), where the hindcasts overestimate the

frequency of compound events (Fig. 1c).
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Figure 1. (a-c) Frequency of occurrence of compound heat and drought (CHD) events (Fcup), expressed as the percentage of 1-month
aggregated windows during JJA (26 windows per season) for (a) ERAS, (b) hindcasts (hc), and (c) the difference (hc - ERAS). (d-f) Co-
occurrence ratio (COR) for ERAS, hc, and the difference (hc - ERAS). A COR > 1 indicates that the frequency of compound events exceeds
what would be expected under the assumption of independence between hot and dry events. Only grid points where the JJA climatological

mean monthly precipitation is greater than 30 mm/month are plotted.

3.2 Subseasonal predictability of heat, drought and corresponding compound events

We now investigate how well heat, drought, and compound heat and drought events are predicted in the subseasonal hindcasts
(Fig. 2). Consistent with the known skilfulness of subseasonal hindcasts for temperature extremes (Domeisen et al., 2023;
Prodhomme et al., 2022), the hindcasts exhibit highest BSS for heat events, compared to drought and compound events, with
positive and statistically significant BSS across most parts of Europe (Fig. 2a).

Interestingly, the predictive skill for compound events (Fig. 2c) does not strictly follow the skill observed for drought alone
(Fig. 2b). In regions such as Central Europe, Southeastern Europe, and the British Isles, the BSS for compound events is higher
than for drought. This suggests that the higher predictability of heat extremes may enhance the overall skill of compound events

in these regions. Conversely, compound event skill is lower than the skill of drought across large parts of of Scandinavia and
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Eastern Europe (Fig. 2b,c). In Eastern Europe, this reduction in skill might stem from the overestimation of compound event
occurrence and COR over this same region (Fig. 1c,f), suggesting that model biases in representing the joint occurrence of heat
and drought can also degrade the predictive skill.

To isolate the gain in predictive skill derived from the physical coupling of heat and drought, we compare the standard
BSScrp with a modified skill score BSScmp ing (Fig. 3). For BSSc b _ind, the reference Brier Score is calculated under
the assumption of independence between heat and drought occurrences (See Section 2.5). Across most of Europe, BSScyp is
lower than BSSc i p _ind, With the most pronounced differences (approximately -0.02 to -0.03) occurring over the compound
event hotspots, such as Central and Southeastern Europe (Fig. 3c). The discrepancy between BSScmp inda and BSScup
quantifies the skill contribution of the climatological coupling of heat and drought. Specifically, the lower BSScyp values
indicate that the physical coupling present in the observed climatology provides a stricter and harder-to-beat baseline. The
0.03 reduction in skill when move from an independent to a physical coupled baseline suggests that approximately 10% of
the apparent forecast skill in like Central Europe is inherently tied to the model’s ability to represent this observed heat and
drought coupling.

To further understand the regional differences in skill, we evaluate the Hit Rate (HR) and False Alarm Ratio (FAR) (Fig. 4).
For heat events, the HR is the highest over Central Europe and Southwestern Scandinavia, while the lowest values are found
over Eastern Europe and most of Northern Scandinavia (Fig. 4a). Dry events exhibit higher HR over Central Europe and
Southeastern Europe (Fig. 4b). For compound events, HR is higher around Central and Eastern Europe (Fig. 4c).

In regions where the HR for heat is high, the FAR is correspondingly low, and vice versa (Fig. 4a, d). Comparing FAR for
compound events (Fig. 4f) to drought (Fig. 4e), FAR for compound is lower than that for drought over Central Europe, British
Isles and the Balkans. These regions coincide with regions where the compound BSS exceeds the drought BSS (Fig. 3b,c).
Conversely, the compound FAR is substantially higher than the drought FAR over Eastern Europe (the Baltics, Belarus and
Ukraine) and large parts of Scandinavia, the same regions where compound BSS is lower than drought BSS (Fig. 3b,c).
The close agreement between the FAR and BSS patterns may suggest that the skill of compound events is constrained by
false alarms in the model. Specifically, the model might benefit from high predictability of heat to improve compound event
prediction over regions where temperature and drought coupling is correctly represented. However, in regions where both heat
and drought FAR are high, for instance, over Eastern Europe, a misrepresented coupling might introduce more false alarms,

further degrading the skill of compound events.
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Figure 2. Brier skill score (BSS) of (a) hot (BSSw), (b) drouught (BSSp), and (c) compound heat and drought (BSScmp) extremes.
The BSS is calculated using the ERAS event climatology as the reference forecast, which is 10% by definition for hot and dry extremes
respectively, and corresponds to values shown in Fig. 1a for compound extremes. Statistical significance is tested by bootstrapping with 1000

samples and regions that are non-statistically significant are indicated by stippling.
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Figure 3. (a) BSScup (re-plotted from Fig. 2¢ using a different color bar) and (b) the BSS for compound extremes calculated using the
expected frequency under the assumption that the occurrence of hot and dry extremes is independent of each other (BSScHp_ind), Which
is 1% by definition. (c) The difference between BSScrup and BSScwp_ind- A negative difference indicates the skill "gain" resulting from
the physical dependence between hot and dry extremes (i.e. the skill benefit when using the observed compound extremes climatology, rather
than the independent 1% baseline, as the reference for the BSS calculation. Statistical significance is tested by bootstrapping with 1000

samples and regions that are non-statistically significant are indicated by stippling.)
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Figure 4. Hit rate (HR) and false alarm ratio (FAR) of (a) heat (H), (b) drought (D), and (¢) compound heat and drought extremes (CHD).
A "hit" in the hindcast is defined by a threshold where at least 50% of the ensemble members predict the event. The black box indicated in

panel (f) defines the Eastern European study region (22°-35°E, 47°-56°N) that is used for the area-averaged scatter plot analysis in Fig. 6.

3.3 Role of land-atmosphere coupling biases in compound event false alarms

While anomalous atmospheric circulation is an important trigger for heat and drought events (e.g. Barriopedro et al., 2011;
Hao et al., 2018), local land-atmosphere feedback plays a critical role in the amplification of such anomalies (e.g. Seneviratne
et al., 2006). Day et al. (2025) identified biases in soil-moisture coupling within seasonal models which resulted in tempera-
ture forecast errors. Building on Day et al. (2025), we evaluate soil-moisture coupling biases in the sub-seasonal model and
investigate how these biases might influence the predictive skill of compound heat and drought events.

Following Day et al. (2025), we first quantify soil moisture-atmosphere coupling in both observations and hindcasts by
measuring the strength of the terrestrial and atmospheric legs (Fig. 5). The terrestrial leg, denoted by Isp;— g7, is positive
over southern Europe in the observations, indicating that evapotranspiration is soil-moisture limited (Fig. 5a). In the hindcasts,
Isar— g is stronger over Southeastern Europe, and these soil-moisture limited regions extend further into higher latitudes than
observed (Fig. 5b). This results in a widespread positive bias, suggesting the hindcasts are too soil-moisture limited (Fig. 5c¢).
These findings are consistent with the biases in seasonal forecasting systems identified by Day et al. (2025).

Regarding the atmospheric leg of land-atmosphere coupling, positive Igys_1,,, values are found over Eastern Europe, while

negative values occur over Southwestern Scandinavia and Southern Europe (Fig. 5d). In the hindcasts, Isyr— 7, is less positive
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over Eastern Europe and more negative and spatially extended over southern Europe (Fig. Se). Consequently, the biases in
Isni—T,,, are largely negative, except for Switzerland, Austria and Scandinavia, where positive biases emerge.

For the coupling with precipitation (Igps—p), observations show scattered positive values across southeastern Europe and
southwestern Scandinavia (Fig. 5g). In contrast, Ig,/— p is more positive across most regions in the hindcasts, with the excep-
tion of the UK, Scandinavia and northern Russia (Fig. 5h). Overall, the hindcasts exhibit a positive Igy;— p bias (Fig. 51).

Since hindcasts are more soil-moisture limited than observations (Fig. 5c), the negative Igys_1,,, bias and positive Isyr—p
bias indicate an overly negative correlation between soil moisture with temperature, and an overly positive correlation between
soil moisture with precipitation. Through these coupling pathways, these biases likely imply a misrepresented physical coupling
between temperature and precipitation in the hindcasts.

To investigate how biases in soil-moisture coupling impact the forecast skill of compound events, we focus our analysis
on Eastern Europe (indicated by the black box in Fig. 4f and Fig. 5c.f,i). Eastern Europe is selected because it exhibits the
combination of negative Isys_7,, and positive Isys—p bias (Fig. 5f,i). Furthermore, this region is characterized by a high
FAR (Fig. 4f), overestimation of compound heat and drought event frequency (Fig. 1c), and poor compound predictive skill
(Fig. 2c¢).

As expected from the high gy, pr values in the hindcasts (Fig. 5b), a stronger correlation and more linear relation exists
between soil moisture (SM) and evapotranspiration (£7°) in the hindcasts compared to observations (Fig. 6d). Regarding
the atmospheric leg, significant disparities emerge between the hindcasts and observations (Fig. 6b,c). While observations
show a positive correlation between ET" and temperature (75,,,) (Fig. 6b), the hindcasts fail to show a significant relationship.
Conversely, the hindcasts exhibit a positive correlation between ET" and precipitation (P) that is absent in the observations
(Fig. 6¢).

Since Ispr—1,,, and Igp—p are defined as the product of the correlation between SM and ET (p(SM,ET)) and the
correlations between ET with T5,, and P respectively (p(ET,Ts,,) and p(ET, P)) (see 2.6 in Methods), we can isolate the
specific components of the coupling errors in the hindcasts. The weaker p(ET, T5,,) in the hindcasts (see R values in Fig. 6b)
results in a weaker Igp/_7,,, compared to observations (Fig. 5d,e), implying a weaker soil-moisture-temperature feedback
(Fig. 5f). Conversely, the stronger p(ET, P) (Fig. 6¢) and p(SM,ET) (Fig. 6d) in the hindcasts lead to a significantly more
positive Iy p in hindcast (Fig. 5g,h), implying a stronger soil-moisture-precipitation feedback (Fig. 5i1).

These biased soil-moisture feedbacks might thus have resulted in a more linear relationship between soil moisture with
both 75, and P in the hindcasts than in observations (Fig. 6e,f). By acting as a common driver, soil moisture induces a
higher covariation between temperature and precipitation in the hindcasts than observations, as evidenced by the strengthened
correlation between P and T5,,, in the hindcasts (Fig. 6a). This stronger coupling between P and 75, can explain the model’s
overestimation of compound events and the high false alarms over region (Fig. lc, 4f), and thus the poorer predictive skill
(Fig. 2c). When a drought is predicted, the hindcasts overconfidently expect a heat event to co-occur, and vice versa, due to the

bias in the coupled soil-moisture feedback.
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Figure 5. Land-atmosphere coupling metrics during JJA for observations, hindcasts and their differences. (a-c) The terrestrial leg (Isnar— 1),
the atmospheric legs: (d-f) soil moisture-temperature coupling (Isa/—72m), and (g-1) soil moisture-precipitation coupling (Isar—totp)-
Columns represent (left) ERAS observations, (center) hindcast ensemble means (hc), and (right) the model bias (hc — ERAS). To high-
light regions with physically meaningful coupling strength, only values exceeding a threshold of 0.2 are shown. The black box indicated in
panels (c), (f) and (i) defines the Eastern European study region (22°-35°E, 47°-56°N) that is used for the area-averaged scatter plot analysis
in Fig. 6.
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Figure 6. Relationships between land-atmosphere anomalies in observations (orange) and hindcast ensemble mean (bluegray). 1-month
aggregated anomalies are shown for total precipitation (P), 2m-temperature (7%,,), evapotranspiration (£7’), and top 1-meter soil moisture
content (SM). Scatter plots illustrate the coupling between: (a) P vs. Top,, (b) ET vs. Tom, (¢) ET vs. P, (d) SM vs. ET, (e) SM vs. Tom,
and (f) SM vs. P. All values represent the ensemble mean averaged over grid points within the Eastern European study region (22°-35°E,
47°-56°N, as indicated by the boxes in Fig. 5¢,f,i). Regression lines are shown in solid line for hindcasts and dashed orange for observations;

R denotes the Pearson correlation coefficient and stars indicate statistical significance (p < 0.05).

4 Conclusions

In this study, we investigate the predictability of monthly compound heat and drought events. Consistent with previous stud-
ies (e.g. Ridder et al., 2020), we identify Central, Southeastern and Northeastern Europe as regions with highest compound
occurrence frequency over .

Using ECMWF subseasonal hindcasts, we evaluate the predictability of heat and drought events separately, and when they
co-occur as compound events. We find that the hindcasts are generally more skillful in predicting heat events than drought or
compound events. However, in several regions, namely Central Europe, Southeastern Europe and the British Isles, the skill for

compound events exceeds that of drought events alone. By introducing a reference score that assumes independence between
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temperature and precipitation, we quantify that the model’s ability to represent the physical coupling of heat and drought
contributes approximately 10% to the overall predictive skill of compound events in these regions.

Conversely, in some regions, the predictive skill for compound events is lower than for meteorological drought alone. We
demonstrate that one of the reasons contributing to the poorer skill can emerge from a misrepresentationof the physical cou-
pling between heat and drought. Specifically, we explore hindcast biases in land-atmosphere coupling as a potential source of
erroneous temperature and precipitation coupling. Using Eastern Europe as an example, we show that a misrepresented land-
atmosphere feedbacks, specifically a soil-moisture-tempereature feedback that is too weak and a soil-moisture-precipitation
feedback that is too strong, lead to erroneous covariance between temperature and precipitation. This misrepresented coupling
results in an overestimation of event frequency and false alarms, as the hindcasts predict the co-occurrence of heat and drought
more frequently than observed.

In summary, the ECMWEF subseasonal prediction system is skillful at capturing compound heat and drought events, particu-
larly where the model correctly represents the underlying coupling. In these regions, the predictability of drought is effectively
enhanced when it co-occurs with heat as compound events. Conversely, the reliability of heat and drought prediction is also
impacted when the relationship between temperature and precipitation is misrepresented. While the origin of this erroneous
coupling may lie in the model’s land-atmosphere feedback mechanisms, it may also be inherited from reanalysis data, such as
the known lower performance of soil moisture in ERAS (Beck et al., 2021). While we have here limited the analysis of model
biases to land-atmosphere coupling, other factors, such as the representation of quasi-stationary high pressure systems, remain
subjects for future investigation.

By identifying regions of skillful compound predictions and providing physical justifications for model performance, this
study enhances the confidence in forecasts, particularly in regions where the physical coupling is well-represented. As the co-
occurrence of compound heat and drought extremes is projected to increase in a warming climate, addressing the model biases
in these aforementioned physical mechanisms can improve the accuracy of subseasonal predictions, which may ultimately

contribute to more accurate forecasts for stakeholders and the public to implement effective precautionary measures.

Data availability. ECMWEF IFS hindcast data is available from the ECMWF public data archive (https://apps.ecmwf.int/archive- catalogue/).
ERAS data is available from the Copernicus Climate Data Store (https://cds.climate. copernicus.eu/datasets/reanalysis-eraS-single-levels).

The Python code used for analysis and visualization can be received from the authors upon request.
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Figure Al. JJA climatology of 1-month aggregated total precipitation (P) in ERAS. Values represent the mean JJA precipitation for the

mean JJA Precipitation [mm/month]

N

AN

period 2002-2021, corresponding to the period covered by the hindcasts. Grid points with a climatological mean below 30 mm/month are
indicated by hatching and are excluded from the analysis in this study. Qualitatively, the hatched regions correspond well to the semi-arid

regions as defined in, e.g., Morin et al. (2020).

Appendix A: Definition of semi-arid region
Appendix B: Total counts of identified heat, drought and compound events
Appendix C: Inter-annual counts of identified heat, drought and compound events

Appendix D: Representation of land-atmosphere coupling in hindcasts
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Figure C1. Inter-annual variability of hot extreme (H) counts in ERAS for the JJA period (2002-2021). The counts represent the total number

of windows identified as hot extremes each JJA, based on the 90th percentile threshold of 2m-temperature (¢2m).
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Figure C2. Inter-annual variability of dry extreme (D) counts in ERAS5 for the JJA period (2002-2021). The counts represent the total number
of windows identified as dry extremes each JJA, based on the 10th percentile threshold of total precipitation (totp).
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Figure C3. Inter-annual variability of compound hot-dry (CHD) counts in ERAS for the JJA period (2002-2021). The counts represent
the total number of windows identified as compound extremes each JJA, defined by the simultaneous occurrence of a hot extreme (> 90th

percentile of t2m) and a dry extreme (< 10th percentile of totp).
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Figure D1. Same as Fig. 6, but hindcast ensemble members are plotted.
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