
1. The P90 threshold shows little bias (at a coarse resolution) relative to ERA5-Land 
and is consistent across initialization months, suggesting that SEAS5 retains its 
ability to model extremes across lead times.

2. At early initialization months the global warming trend sustains skill in predicting 
JJA days above P90 Tx. Once this trend is removed, only the June initialization 
retains appreciable skill.

3. Compared to ERA5(-Land), CO₂ shows lower importance as a predictor, 
consistent with the weaker trend in heat extremes observed. The relationships 
between drivers and extremes closely agree between ERA5(-Land) and SEAS5.

4. Spatial SHAP values reveal distinct circulation patterns across locations. For 
example, Córdoba shows localised circulation features, whereas Belgrade 
shows a more spatially extensive pattern.
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In this study, we build on [1], which developed an explainable machine-learning 
framework to disentangle the influences of the atmospheric circulation, 
soil-moisture, and rising global CO₂ concentrations on boreal-summer 
temperature extremes. We extend this framework to compare driver 
contributions between SEAS5 and ERA5, aiming to detect deficiencies in 
seasonal prediction systems. We investigate six locations across Europe and 
North Africa with varying land–atmosphere coupling. SEAS5 shows little P90 
bias relative to ERA5-Land across lead times, though prediction skill relies 
heavily on the global warming trend. Driver–extreme relationships closely agree 
between ERA5(-land) and SEAS5, yet CO₂ importance shows strong biases. 
Spatial SHAP values reveal location-dependent circulation patterns.

We leverage ERA5(-Land) 
reanalysis and SEAS5 seasonal 
forecasts at six locations with 
different land–atmosphere
 coupling regimes. 

Soil moisture and sea-level 
pressure fields serve as local 
and large-scale predictors, 
respectively. CO2 concentration 
serves as proxy for the response 
trend in extreme temperatures.
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Daily std. anamolaies: μ and σ grouped by day-of-year over the 
reference period, LOESS-smoothed to remove noise [2]. ERA5 
pools across years, SEAS5 pools across years and ensemble 
members (not init months).

(x − μ_doy_loess) / σ_doy_loess

P90 threshold: 90th percentile computed from a 5-day rolling 
window grouped by day-of-year, LOESS-smoothed. SEAS5 
thresholds are computed separately per init month to account for 
lead-time-dependent biases.
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