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Supplementary Sections 
Section S1: Previous assessments of ERA5-Land 

The evaluation of reanalysis datasets, including ERA5-Land, has largely focused on variables 

such as precipitation, snow cover, temperature, and wind speed. ERA5-Land precipitation has been 

shown to reasonably capture the spatial patterns and seasonal dynamics across large regions, including 

China (Xie et al., 2022), the contiguous United States (Smith et al., 2025), and European countries 

(Gomis-Cebolla et al., 2023). Nonetheless, biases have been reported, particularly in the simulation of 

light (Li et al., 2025) and extreme (Clelland et al., 2024) precipitation events, although performance in 

capturing heavy rainfall has been found adequate is some regions (Tan et al., 2023). 

With respect to runoff, ERA5-Land has demonstrated adequate performance globally, especially 

in regions such as Central Europe, India, the southern United States, and the Amazon (Chaudhari and 

Pokhrel, 2022; Dutta and Markonis, 2024). However, limitations remain in arid and semi-arid regions, 

where accuracy is notably reduced (Dutta and Markonis, 2024). In addition, in the Tibetan permafrost 

region, ERA5-Land runoff was able to capture interannual variability but systematically underestimated 

the runoff recession rate (Liu et al., 2024), possibly due to deficiencies in simulated precipitation amount 

and frequency, also highlighted for some high mountains in Asia (Sun et al., 2021; Wu et al., 2023) and 

in the Mekong region (Dang and Pokhrel, 2024). Despite these regional discrepancies, ERA5-Land 

remains the reference benchmark for runoff data in global hydrological applications, reflecting its 

overall reliability and broad applicability (Hamitouche et al., 2025). 

 

 

Section S2: Sensitivity of trend correlations to influential regions 
To assess whether cross-regional correlations between simulated and observed streamflow trends 

were disproportionately influenced by a small number of regions with strong signals, we performed a 

leave-one-out analysis in which correlations were recalculated after sequentially excluding each SREX 

region (Table S2).  



Supplementary Tables 
Table S1: Overview of the global hydrological models included in the ISIMIP3a ensemble, 

including model names, key references, and schematic representations of soil water balance 

processes. Equations and processes’ names adapted from Telteu et al., (2021). Additional model 

specific information is available here: https://www.isimip.org/impactmodels/. 

GHM model Soil storage Key reference(s) 

CLASSIC 
𝛿𝑆𝑠𝑜

𝛿𝑡
= {

𝑀 + 𝑃𝑡ℎ + 𝑅𝑖𝑛,𝑖 − 𝐸𝑠𝑜,𝑖 − 𝑅𝑔𝑤𝑟,𝑖 − 𝑅𝑠𝑢    𝑖 = 0

𝑅𝑔𝑤𝑟,𝑖−1 − 𝑅𝑔𝑤𝑟,𝑖 − 𝑅𝑖𝑓                                𝑖 > 0
 Melton et al., (2020) 

CWatM 
𝛿𝑆𝑠𝑜

𝛿𝑡
= 𝑅𝑐𝑟 + 𝑅𝑖𝑛 − 𝑅𝑔𝑤𝑟 − 𝑅𝑖𝑓 − 𝐸𝑠𝑜 − 𝑇 Burek et al., (2020) 

H08 
𝛿𝑆𝑠𝑜,𝑖

𝛿𝑡
= 𝑀 + 𝑃𝑡ℎ − 𝐸𝑠𝑜 − 𝑅𝑖𝑛 

Hanasaki et al., (2018); 

Yoshida et al., (2022) 

HydroPy 
𝛿𝑆𝑠𝑜

𝛿𝑡
= 𝑅𝑖𝑛 − 𝑅𝑝𝑒 − 𝐸𝑠𝑜 − 𝑇 Stake and Hagemann (2021) 

JULES-W2 
𝛿𝑆𝑠𝑜

𝛿𝑡
= 𝑀 + 𝑃𝑡ℎ − 𝐸𝑠𝑜 − 𝑅𝑖𝑓 − 𝑅𝑖𝑛 

Best et al., (2011); 

Tsilimigkras et al., (2025) 

MIROC-

INTEG-LAND 

𝛿𝑆𝑠𝑜

𝛿𝑡
= ∑ [(𝑆𝑠𝑜,𝐹𝑖 + 𝑆𝑆𝑂,𝑢𝐹𝑖) × 𝑑𝑠𝑜]

𝑛=1,13

 Yokohata et al., (2020) 

ORCHIDEE-

MICT 

𝛿𝑆𝑠𝑜

𝛿𝑡
= 𝑅𝑖𝑛 − 𝑅𝑖𝑛,𝑟 − 𝑅𝑠𝑢 − 𝐸𝑠𝑜 Guimberteau et al., (2018) 

WaterGAP2-2e 
𝛿𝑆𝑠𝑜

𝛿𝑡
= 𝑅𝑖𝑛 − 𝑅𝑡𝑜𝑡 − 𝐸𝑠𝑜 

Müller Schmied et al., 

(2021, 2024) 

WEB DHM-SG 
𝛿𝑆𝑠𝑜

𝛿𝑡
= {

𝑅𝑖𝑛,𝑖 − 𝐸𝑠𝑜,𝑖 − 𝑅𝑔𝑤𝑟,𝑖    𝑖 = 0

𝑅𝑔𝑤𝑟,𝑖−1 − 𝑅𝑔𝑤𝑟,𝑖 − 𝑇𝑖       𝑖 > 0
 Qi et al., (2022) 

where: So (L
3L-2) is the soil water storage compartment; So,i (L

3L-2) is the soil water storage in layer i; M 

(L3L-2T-1) is the amount of snowmelt; Pth (L
3L-2T-1) is throughfall or total precipitation that falls to the 

ground through canopy spaces; Eso (L
3L-2T-1) is soil evaporation; T (L3L-2T-1) is transpiration; Rcr (L

3L-

2T-1) is capillary rise; Rin (L
3L-2T-1) is water infiltration; Rin,r (L

3L-2T-1) is water re-infiltration; Rif (L
3L-2T-

1) is interflow or subsurface flow; Rsu (L
3L-2T-1) is surface runoff or overland flow; Rgwr (L

3L-2T-1) is 

groundwater recharge; Rtot (L
3L-2T-1) is total runoff from land (includes surface runoff, subsurface runoff, 

and groundwater recharge); Sso,Fi (L
3L-2) is the frozen soil water moisture at layer index i; Sso,uFi (L

3L-2) is 

the unfrozen soil moisture at layer index i; dso (L) is the total soil depth. 

 

Table S2: Range of leave-one-out cross-regional Pearson correlation coefficients between 

observed and simulated regional streamflow trends after sequential exclusion of each SREX 

region. 

Dataset  Low Mean High 

ERA5-Land  0.794–0.895 0.779–0.899 0.871–0.914 

ISIMIP3a  0.731–0.903 0.733–0.842 0.746–0.861 

Best performing models  0.582–0.763 0.647–0.810 0.629–0.809 
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Supplementary Figures 
Fig. S1: Spatial distribution of Global Runoff Data Centre (GRDC) streamflow stations (black 

dots) and number of stations aggregated within each IPCC SREX region. Shading indicates the 

total number of stations per region, shown only for regions with at least 80 stations. Region boundaries 

follow the IPCC SREX definition. 

 
 

Fig. S2: Spatial distribution of median Kling–Gupta Efficiency (KGE) for individual ISIMIP3a 

hydrological models across IPCC SREX regions. 

 
 

 

 

 

  



Fig. S3: Spatial distribution of the best-performing ISIMIP3a hydrological model across IPCC 

SREX regions. The best model is defined for each region based on its performance in reproducing 

observed daily streamflow using the KGE metric. 

 
 

Fig. S4: Comparison of Kling–Gupta Efficiency (KGE) scores at the station level between 

simulations forced with original ERA5-Land data and ERA5-Land data upscaled to 0.5° 

resolution. Each point represents an individual gauging station. The dashed line indicates the 1:1 

relationship. 

 
  



Fig. S5: Comparison of Kling–Gupta Efficiency (KGE) components between the ERA5-Land 

simulation and the upscaled ERA5-Land forcing across all stations. Each panel shows a different 

component (correlation, variability ratio, and bias), with points representing individual stations. The 

dashed line indicates the 1:1 relationship. Reported Pearson correlation coefficients (R) and associated p-

values are shown for each component. For clarity, extreme bias values were excluded from the 

visualization.

 
 

 

 

  



Fig. S6: Spatial distribution of the median bias component (β) of the Kling–Gupta Efficiency 

(KGE) for ISIMIP3a hydrological models across IPCC SREX regions. A value of β = 1 indicates 

unbiased simulations, while values below (above) 1 indicate systematic underestimation 

(overestimation) of streamflow. 

 
 

  



Fig. S7: Spatial distribution of the median variability component (α) of the Kling–Gupta 

Efficiency (KGE) for ISIMIP3a hydrological models across IPCC SREX regions. A value of α = 1 

indicates correct representation of streamflow variability, while values below (above) 1 indicate 

systematic underestimation (overestimation) of variability. 

 
 

  



Fig. S8: Spatial distribution of the median correlation component (r) of the Kling–Gupta 

Efficiency (KGE) for ISIMIP3a hydrological models across IPCC SREX regions. The correlation 

coefficient (r) reflects the temporal agreement between simulated and observed streamflow, with higher 

values indicating better reproduction of flow dynamics. 

 
 

 

  



Fig. S9: Comparison of the trends in streamflow between the ERA5-Land simulation and the 

upscaled ERA5-Land forcing across all stations. Each panel shows a different streamflow regime 

(low, mean, and high), with points representing individual stations. The dashed line indicates the 1:1 

relationship. Reported Pearson correlation coefficients (R) and associated p-values are shown for each 

component. 
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