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Sect. S1: Selection of case-study catchments 
The case-study catchments are selected according to criteria that account for reanalysis 

performance, observational data availability and hydroclimatic diversity. Specifically, candidate 
catchments are required to have Nash–Sutcliffe efficiency (NSE) greater than 0.5 for the GloFAS-ERA5 
streamflow reanalysis relative to observations (Michailovsky et al., 2023; Hwang and Devineni, 2022; 
Li et al., 2025). This criterion ensures that the reanalysis captures streamflow dynamics with reasonable 
skill, thereby reducing the likelihood that the diagnosed responses are driven primarily by poor 
streamflow simulation (Jiang et al., 2022; Mai et al., 2022). To further limit the influence of data gaps on 
the estimation of annual reanalysis errors and regression coefficients, only catchments with less than 5% 
missing streamflow observations are retained. 

Among catchments satisfying these general criteria, the rain-dominated case study is selected 
from those with the snow fraction below 0.1 and statistically significant regression coefficient for 
precipitation reanalysis error (p<0.05). These criteria are used to identify catchments in which variations 
in streamflow reanalysis error are primarily associated with precipitation errors, with minimal influence 
from snow-related processes. By contrast, the snow-dominated case study is selected from catchments 
with the snow fraction greater than 0.3 and statistically significant regression coefficients for both 
precipitation and temperature reanalysis errors (p<0.05). These criteria are used to identify catchments 
in which variations in streamflow reanalysis error reflect the combined influence of precipitation errors 
and snow processes related to temperature. The two selected catchments therefore provide contrasting 
examples for presenting the divergent responses under rain-dominated and snow-dominated hydrological 
regimes. 
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Sect. S2: Sensitivity analysis using normalized errors 
To examine whether the positive relationships between streamflow and precipitation reanalysis 

errors persist after reducing the influence of hydroclimatic magnitude, the sensitivity analysis is 
performed using normalized root-mean-square errors (NRMSEs) (Li et al., 2026; Meng and Zhao, 2025; 
Ambika et al., 2025). For each catchment and hydrological year, the streamflow and precipitation RMSEs 
are normalized by the corresponding annual mean of observations. The NRMSEs of streamflow (𝑛𝑒𝑄!,#) 
and precipitation (𝑛𝑒𝑃!,#) are calculated as: 
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where 𝑄/!,#,$ and 𝑃/!,#,$ respectively denote the streamflow and precipitation reanalysis for catchment 𝑖 
on day 𝑑  of hydrological year 𝑡 ; 𝑄!,#,$  and 𝑃!,#,$  represent the corresponding observations, 
respectively; 𝑛!,# is the number of data pairs in hydrological year 𝑡 for catchment 𝑖. Both 𝑛𝑒𝑄!,# and 
𝑛𝑒𝑃!,#  are dimensionless and represent the reanalysis errors relative to the corresponding observed 
hydroclimatic magnitude. For some arid catchments, the annual mean observed streamflow can be zero 
because of prolonged zero-flow conditions, making the corresponding ratio in Eq. (S1) undefined. In 
such cases, the zero annual mean is replaced by the average of the annual mean observed streamflow 
over all available hydrological years. 

For the sensitivity analysis, 𝑛𝑒𝑄!,# and 𝑛𝑒𝑃!,# are substituted for the streamflow RMSE (𝑒𝑄!,#) 
and precipitation RMSE (𝑒𝑃!,# ), respectively, in the catchment-specific linear regression and panel 
regression models described in Eqs. (3) to (9). The temperature-error term is retained in its original form. 
The results of the sensitivity analysis are shown in Figs. S3 and S4. The normalization is used here only 
for sensitivity analysis rather than as a replacement for the analysis of RMSE. First, annual mean 
streamflow can approach zero in arid and intermittent catchments, causing normalized streamflow errors 
to become very large and numerically unstable in low-flow years. Second, the physical interpretation of 
NRMSE depends on the selected normalization scale and is less direct than that of RMSE. In the main 
analysis, RMSE retains the physical magnitude and units of the reanalysis error, allowing the regression 
coefficients to be interpreted directly in terms of changes in precipitation and streamflow errors. 
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Figure S1. Spatial distribution of (a) aridity index for Daymet, (b) mean soil wetness index (SWI) from the GloFAS-

ERA5 dataset and (c-d) Pearson’s correlation coefficients of streamflow reanalysis error to SWI and to snow depth 

water equivalent (SWE) error. The eSWE represents the RMSE of SWE from the GloFAS-ERA5 dataset by 

hydrological year using the SWE from the Daymet dataset as reference data. 
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Figure S2. Pearson’s correlation coefficients (r) between precipitation reanalysis errors and temperature reanalysis 

errors on cold days (Daymet temperature ≤ 0℃) by hydrological year. 
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Figure S3. As for Fig. 3, but for normalized root-mean-square error (NRMSE). 
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Figure S4. As for Fig. 4, but for normalized root-mean-square error (NRMSE). 

  



 7 

References 
Ambika, A. K., Tayal, K., Mishra, V., and Lu, D.: Novel Deep Learning Transformer 

Model for Short to Sub‐Seasonal Streamflow Forecast, Geophys. Res. Lett., 52, 
e2025GL116707, https://doi.org/10.1029/2025GL116707, 2025. 

Hwang, J. and Devineni, N.: An Improved Zhang’s Dynamic Water Balance Model 
Using Budyko-Based Snow Representation for Better Streamflow Predictions, 
WATER RESOUR RES, 58, e2021WR030203, 
https://doi.org/10.1029/2021WR030203, 2022. 

Jiang, S., Zheng, Y., Wang, C., and Babovic, V.: Uncovering flooding mechanisms 
across the contiguous United States through interpretive deep learning on 
representative catchments, Water Resour. Res., 58, 
https://doi.org/10.1029/2021WR030185, 2022. 

Li, D., Chen, Z., Huang, G., and Xu, J.: Global and regional performance of the aurora 
foundation model for surface PM2.5 prediction, ENVIRON RES LETT, 21, 
154018, https://doi.org/10.1088/1748-9326/ae90c2, 2026. 

Li, S., Wei, W., Chen, Y., Duan, W., and Fang, G.: TSWS: An observation-based 
streamflow dataset of Tianshan Mountains watersheds (1901–2019), SCI DATA, 
12, 708, https://doi.org/10.1038/s41597-025-05046-0, 2025. 

Mai, J., Craig, J. R., Tolson, B. A., and Arsenault, R.: The sensitivity of simulated 
streamflow to individual hydrologic processes across North America, NAT 
COMMUN, 13, 455, https://doi.org/10.1038/s41467-022-28010-7, 2022. 

Meng, H. and Zhao, T.: Evaluation of the hydrological utility of the GPM IMERG 
satellite precipitation products, Atmos. Res., 322, 108139, 
https://doi.org/10.1016/j.atmosres.2025.108139, 2025. 

Michailovsky, C. I., Coerver, B., Mul, M., and Jewitt, G.: Investigating sources of 
variability in closing the terrestrial water balance with remote sensing, HYDROL 
EARTH SYST SC, 27, 4335–4354, https://doi.org/10.5194/hess-27-4335-2023, 
2023. 

 


