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Abstract: Long-term and continuous observations of terrestrial water storage (TWS) and runoff remain limited in the Pan-Arctic 

region, constraining our understanding of freshwater variability before the satellite era. Here, we developed two empirical models 10 

within a common framework for long-term TWS and runoff reconstruction. Monthly TWS is reconstructed from precipitation, air 

temperature, and snow information using an improved state-update empirical model, and runoff is subsequently estimated from 

TWS using a refined runoff–TWS relationship. The TWS model is constrained by observations from the Gravity Recovery and 

Climate Experiment (GRACE) mission, whereas the runoff model is calibrated against gauge observations. Using this framework, 

we reconstructed monthly TWS and runoff for 12 major Pan-Arctic basins from 1952 to 2025. The improved TWS model closely 15 

reproduces the mean seasonal cycle observed by GRACE and GRACE Follow-On (GRACE-FO), with a median Nash–Sutcliffe 

efficiency of 0.97. It also captures the major non-seasonal variations in most basins, with a median correlation coefficient of 0.74. 

Evaluation using GRACE (-FO) TWS shows that the refined runoff–TWS relationship improves monthly runoff reconstruction 

relative to the previous formulation, increasing the median Kling–Gupta efficiency (KGE) from 0.82 to 0.90 and reducing 

systematic seasonal biases. When applied to reconstructed TWS, the relationship maintains similar performance beyond the 20 

parameter-estimation periods, with median monthly KGE values of 0.92 during the 8-year parameter-estimation periods and 0.93 

over the remaining available observations. Reconstructed annual runoff also captures the major interannual variations in observed 

runoff, with a median annual KGE of 0.65 across the 12 stations. This agreement with long-term gauge observations provides a 

complementary indirect assessment of the historical TWS reconstruction. Comparisons with existing GRACE-like TWS products 

and a gridded runoff reconstruction further support the long-term consistency of the framework, while sensitivity experiments 25 

show limited dependence on the parameter-estimation period. The proposed approach provides a simple means of extending Pan-

Arctic TWS records into the pre-GRACE era and producing continuous runoff reconstructions over the full study period, thereby 

supporting investigations of long-term Pan-Arctic freshwater variability. 

1 Introduction 

The Arctic is warming at nearly three times the global mean rate (Zhou et al., 2024) and is experiencing sustained increases in 30 

precipitation (Bintanja and Andry, 2017; Box et al., 2019). These changes are reshaping the Arctic freshwater cycle, as reflected 

by increasing river discharge (Feng et al., 2021; Gudmundsson et al., 2025; Makarieva et al., 2019; Peterson et al., 2002), declining 

snow cover duration (Callaghan et al., 2011; Derksen and Brown, 2012; Qing et al., 2025), permafrost degradation (Biskaborn et 

al., 2019; Hamm et al., 2023; Nitzbon et al., 2024; Smith et al., 2022), and widespread loss of lowland lakes (Chen et al., 2023; 
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Jones et al., 2022; Webb et al., 2022; Webb and Liljedahl, 2023). These hydrological changes can further affect Arctic ecosystems 35 

and biogeochemical processes (Bring et al., 2016; Chin et al., 2016; Miner et al., 2022). 

Terrestrial water storage (TWS) and runoff are key indicators of freshwater availability and hydrological change. However, long-

term and continuous observations remain limited in the Pan-Arctic region. In situ hydrological observations are sparse and 

unevenly distributed, and many records are short or discontinuous because of environmental, economic, and political constraints 

(Feng et al., 2021). Hydrological models can provide spatially and temporally continuous simulations, but their performance 40 

depends strongly on climate forcing, model structure, and parameterization (Lin et al., 2019). Models still differ substantially 

(Mudryk et al., 2025; Yi et al., 2023), and some may overestimate historical snow storage and increases in runoff (Chai et al., 2025; 

Zhang et al., 2026).  

Satellite observations have substantially expanded hydrological monitoring capabilities (Andreadis et al., 2025; Landerer et al., 

2010; Leopardi et al., 2026; Webb et al., 2022). In particular, the Gravity Recovery and Climate Experiment (GRACE) and GRACE 45 

Follow-On (GRACE-FO) missions have provided large-scale observations of TWS variability since 2002 (Rodell et al., 2018; 

Rodell and Reager, 2023; Tapley et al., 2019). Nevertheless, satellite records remain too short to fully characterize multidecadal 

variability and long-term hydrological change. 

Recent studies have therefore used empirical models and machine learning methods to extend historical TWS records (Gentner et 

al., 2026; Hacker et al., 2026; Humphrey et al., 2017; Humphrey and Gudmundsson, 2019; Li et al., 2020, 2021; Liu et al., 2021, 50 

2022; Xie and Yi, 2026; Yin et al., 2023) and reconstruct runoff (Ghiggi et al., 2019; Gudmundsson and Seneviratne, 2016). 

However, important limitations remain. Machine learning methods can capture complex relationships between hydrological 

variables and climate forcing, but their physical interpretability is generally limited and their performance may vary considerably 

among regions (Sun et al., 2020). Empirical models generally have simpler structures, but existing formulations are often developed 

for specific climatic or hydrological conditions. Some models perform poorly in high-latitude basins (Liu et al., 2021) where snow 55 

accumulation and melt strongly regulate seasonal water storage, whereas others do not adequately reproduce the seasonal 

variability of TWS (Humphrey and Gudmundsson, 2019; Xie and Yi, 2026). More generally, a unified basin-scale framework for 

long-term reconstruction of both TWS and runoff that can accommodate high-latitude snow processes remains limited. 

In this study, we developed two empirical models within a common basin-scale framework for reconstructing monthly TWS and 

runoff in 12 major Pan-Arctic basins from 1952 to 2025. Monthly TWS is reconstructed from precipitation, air temperature, and 60 

snow information using an improved state-update empirical model, whereas runoff is estimated from TWS using a refined runoff–

TWS relationship. The TWS model is constrained by GRACE TWS observations, and the runoff relationship is calibrated against 

gauge observations. We first evaluated the TWS reconstruction against GRACE (-FO) observations and assessed the refined 

runoff–TWS relationship using GRACE (-FO) TWS as input. The refined relationship was then applied to reconstructed TWS to 

evaluate long-term runoff and provide a complementary indirect assessment of the historical TWS reconstruction. We further 65 

examined model sensitivity to the parameter-estimation period the effects of model simplification, comparisons with existing 

reconstruction products, and the influence of human regulation on runoff evaluation. The proposed framework provides an 

alternative means of extending Pan-Arctic TWS into the pre-GRACE period and producing continuous long-term runoff 

reconstructions, thereby supporting investigations of long-term freshwater variability. 
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2 Data 70 

2.1 Reference Data 

Monthly gauge observations were used as reference data for the runoff reconstruction. To obtain long and reliable in situ records, 

we compiled observations from three archives, including the Arctic Great Rivers Observatory (ArcticGRO), the Global Runoff 

Data Centre (GRDC), and R-ArcticNet. We selected 12 gauging stations located near the outlets of major Pan-Arctic rivers with 

relatively complete observational records. TWS reconstruction and evaluation were conducted over the corresponding catchments 75 

(Figure 1). 

Three GRACE (-FO) mascon products from the Center for Space Research (CSR; Save et al., 2016), the Goddard Space Flight 

Center (GSFC; Loomis et al., 2019; Luthcke et al., 2013), and the Jet Propulsion Laboratory (JPL; Watkins et al., 2015; Wiese et 

al., 2016) were used as reference data for TWS reconstruction. The CSR product is provided on a 0.25° grid, whereas the GSFC 

and JPL products are provided on 0.5° grids. For consistency, the CSR product was resampled to 0.5° before calculating catchment-80 

scale TWS anomaly time series. 

Glacier mass changes are not explicitly represented in our TWS reconstruction model. To reduce their influence, 0.5° grid cells 

containing glaciers were excluded from the calculation of basin-scale TWS anomalies based on glacier distributions from the 

Randolph Glacier Inventory 7.0 (RGI Consortium, 2023). However, because of the effective spatial resolution of GRACE (-FO) 

and associated signal leakage, spatial masking cannot fully remove contributions from nearby glaciers. This issue is particularly 85 

relevant to the JPL product (Figure S1), which is based on mascon elements with a characteristic scale of approximately 3°, 

although the product is distributed on a 0.5° grid. We therefore further removed the linear trend from the GRACE (-FO) TWS time 

series before TWS-model parameter estimation to reduce the influence of residual glacier mass changes on the reference TWS. 

This treatment may also reduce the influence of long-term TWS changes associated with permafrost degradation (Yi et al., 2023), 

which is also not explicitly represented in our model. 90 

 

Figure 1. Spatial distribution of the 12 river gauging stations and their corresponding catchments used in this study. Yellow circles 

indicate gauging stations, black outlines delineate the corresponding catchments, and blue shading indicates permafrost distribution. 

White symbols indicate glacier locations identified from the Randolph Glacier Inventory 7.0 (RGI Consortium, 2023). They are used only 
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to show the spatial distribution of glaciers and are not proportional to the actual glacier area. The 0.5° grid cells containing glaciers were 95 
excluded from the catchment-scale TWS calculation. 

2.2 Forcing and auxiliary data 

Monthly runoff reconstruction uses TWS as the primary input, together with information on snow storage and snow cover fraction. 

Snow storage is estimated from snow water equivalent (SWE) products. Although TWS can be obtained from GRACE (-FO) 

observations, their temporal coverage is insufficient for long-term historical runoff reconstruction, particularly for extending the 100 

record into the twentieth century. Reliable historical TWS reconstruction is therefore required before reconstructing long-term 

runoff. 

In this study, TWS reconstruction is primarily driven by precipitation and air temperature, with snow information used as auxiliary 

data. We selected five combinations of precipitation and air temperature datasets (Table 1), five SWE products (Table 2), and two 

snow cover fraction products (Table 3) for the TWS and runoff reconstructions. The TWS model also requires separating total 105 

precipitation into liquid and solid components. JRA-3Q and ERA5 provide explicit rainfall and snowfall fields. For the remaining 

datasets, precipitation was partitioned using a gridded 50% rain–snow air temperature threshold for the Northern Hemisphere 

following Jennings et al. (2018). Further details on the forcing and auxiliary datasets are provided in Supplementary Information 

Text S1. 

Table 1. Gridded precipitation and temperature combinations used in this study. P represents precipitation, and T represents air 110 
temperature. 

Combination Production Version Type 
Spatial 

resolution 
Resample 

Time 

resolution 

Time 

coverage 
Reference 

CRU CRU ts 4.09 P & T 0.50° / Monthly 1901‒2024 Harris et al. (2020) 

GPCC 

GPCC v2025 P 0.50° / Monthly 1891-2024 
Schirmeister et al. 

(2025) 

BEST / T 1.00° 0.50° Monthly 1850-2024 
Rohde & 

Hausfather, (2020) 

U. Delaware U. Delaware 5.01 P & T 0.50° / Monthly 1900‒2017 
Willmott & 

Matsuura, (1995) 

JRA -3Q JRA-3Q  P & T 0.25° 0.50° Monthly 1947-2025 Kosaka et al. (2024) 

ERA5 single ERA5 single / P & T 0.25° 0.50° Monthly 1940‒2025 
Hersbach et al. 

(2020) 

Table 2. Gridded Snow Water Equivalent (SWE) datasets used in this study. 

Name Version Spatial resolution Resample Time resolution Time coverage Reference 

ERA5-land  0.10° 0.50° Monthly 1950‒2025 Muñoz-Sabater et al. (2021) 

Crocus-ERA5  0.25° 0.50° Monthly 1950‒2023 Ramos Buarque et al. (2025) 

WaterGAP 

20crv3-w5e5 
2.2e 0.50° / Monthly 1901‒2019 Müller Schmied et al. (2024) 

GLDAS NOAH 020 0.25° 0.50° Monthly 1948‒2014 Rodell et al. (2004) 

JRA -3Q  0.25° 0.50° Monthly 1947-2025 Kosaka et al. (2024) 

Table 3. Gridded snow cover datasets used in this study. 

Name 
Spatial 

resolution 
Resample Time resolution Time coverage Reference 

ERA5-land 0.10° 0.50° Monthly 1950‒2025 Muñoz-Sabater et al. (2021) 
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Crocus-ERA5 0.25° 0.50° Monthly 1950‒2023 Ramos Buarque et al. (2025) 

3 Method 

3.1 Improved state-update empirical model for TWS reconstruction 115 

3.1.1 Previous model and its limitations 

Liu et al. (2021) proposed a state-update empirical model that updates monthly TWS using antecedent TWS, precipitation, and air 

temperature. The model is expressed as: 

𝑇𝑊𝑆𝑡𝑖+1
+ 𝑑𝑤 = (𝑇𝑊𝑆𝑡𝑖

+ 𝑑𝑤) ∙ 𝑒𝜏𝑡𝑖+1 + 𝑃𝑡𝑖+1
  (1) 

 

𝜏𝑡𝑖
= 𝑎 + 𝑏 ∙ 𝑇𝑡𝑖

melt′
+ 𝑐 ∙ 𝑃𝑡𝑖

′   (2) 

 120 

where 𝑇𝑊𝑆𝑡𝑖
 represents the TWS anomaly at time 𝑡𝑖 . 𝑇melt  and 𝑃  represent air temperature above 0 ℃ and precipitation, 

respectively; ∗′ represents the normalized values of these variabilities. The residual function 𝜏, which depends on precipitation and 

air temperature and is constrained to remain below zero, controls the TWS decay factor 𝑒𝜏 . 𝑑𝑤  is a storage-offset parameter 

because GRACE (-FO) provide TWS anomalies rather than absolute water storage. 

The model is based on three main assumptions. First, precipitation represents the primary water input to the basin. Second, 125 

antecedent TWS controls the capacity of the basin to store additional water. Third, precipitation and air temperature jointly regulate 

the release of stored water. This formulation describes the relationship between climate forcing and TWS variability using 

relatively few parameters. 

However, two limitations are particularly important for Pan-Arctic applications. First, the model does not distinguish rainfall from 

snowfall and therefore does not explicitly represent snowfall accumulation in solid TWS. Second, it does not explicitly represent 130 

meltwater generation. Although temperature is included, the temperature-dependent decay term acts on total TWS, whereas 

meltwater generation depends on both temperature and the available solid TWS. 

3.1.2 Improved model formulation 

To address these limitations, we modified the previous model in three main aspects. 

First, we restructured the model to explicitly separate solid (𝑇𝑊𝑆solid ) and liquid TWS (𝑇𝑊𝑆liquid ). Because the previous 135 

framework is better suited to representing liquid TWS dynamics, solid TWS is subtracted from total TWS, and the state variable 

is reformulated as liquid TWS. Accordingly, liquid precipitation (𝑃liquid) and meltwater (𝑀𝑊) are retained as the main water 

inputs to liquid TWS. We further introduce an empirical scaling parameter 𝛼𝑤 , with 0< 𝛼𝑤  <1,  to represent the effective 

contribution of solid precipitation (𝑃solid) to changes in liquid TWS. This parameter may also partly account for uncertainty 

associated with the partitioning of precipitation into liquid and solid phases. The resulting formulation is given in Eq. (3). Solid 140 

TWS may include snow, ground ice, and glacier ice. In this study, after excluding grid cells containing glaciers, we approximate 

solid TWS by snow storage. Snow storage is more readily available than other solid-water components at large spatial scales and 

over long continuous periods. Moreover, seasonal snow represents the dominant active solid-water component in non-glaciated 

northern high-latitude basins and contributes strongly to seasonal TWS variability (Trautmann et al., 2018). It should be noted that 

meltwater 𝑀𝑊 in Eq. (5) is an approximation because a month-to-month decrease in solid TWS may reflect sublimation losses in 145 

addition to melting. Therefore, 𝑀𝑊 should be interpreted as a meltwater proxy rather than a direct estimate of actual meltwater 

production. 
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𝑇𝑊𝑆𝑡𝑖+1

liquid
+ 𝑑𝑤 = (𝑇𝑊𝑆𝑡𝑖

liquid
+ 𝑑𝑤) ∙ 𝑒

𝜏𝑡𝑖+1
∗

+ 𝑃𝑡𝑖+1

liquid
+ 𝛼𝑤𝑃𝑡𝑖+1

solid + 𝑀𝑊𝑡𝑖+1
  (3) 

 

𝑇𝑊𝑆𝑡𝑖

liquid
= 𝑇𝑊𝑆𝑡𝑖

− 𝑇𝑊𝑆𝑡𝑖

solid  (4) 

 

𝑀𝑊𝑡𝑖+1
≈ max(𝑇𝑊𝑆𝑡𝑖

solid −  𝑇𝑊𝑆𝑡𝑖+1

solid , 0)  (5) 

 150 

Second, we reformulated the residual function 𝜏∗. To reduce potential multicollinearity between precipitation and air temperature, 

the precipitation term was removed from the residual function, while temperature was retained. Temperature is further separated 

into above-zero (𝑇melt) and below-zero (𝑇freeze) components to represent liquid TWS losses under different thermal conditions. 

The revised function also includes a lag coefficient 𝜔, with 0< 𝜔 <1, to account for potential delayed hydrological responses, 

which may arise from processes such as slow drainage in low-lying areas and gradual active-layer thaw. In addition, normalized 155 

meltwater (𝑀𝑊′), referred to here as meltwater intensity, is included to represent the influence of meltwater input on the residual 

function. 

𝜏𝑡𝑖+1
∗ = 𝑎 + 𝑏1 ∙ (𝑇𝑡𝑖+1

freeze − min(𝑇𝑡𝑖+1

freeze))
′

+ 𝑏2 ∙ 𝜔 ∙ 𝑇𝑡𝑖

melt′
+ 𝑏2 ∙ (1 − 𝜔) ∙ 𝑇𝑡𝑖+1

melt′
+ 𝑐 ∙ 𝑀𝑊𝑡𝑖+1

′   (6) 

 

𝑇melt = max(𝑇, 0), 𝑇freeze = min(𝑇, 0)  (7) 

 

Finally, we revised the normalization scheme by adopting the Tanh estimator to reduce the influence of temperature outliers on 160 

parameter estimation. Here, mean(𝑇) and std(𝑇) are calculated over the full forcing period and are used only for normalization 

of the temperature forcing. 

𝑇𝑡𝑖
′ =

1

2
∙ (tanh (

𝑇𝑡𝑖
−mean(𝑇)

std(𝑇)
) + 1)  (8) 

 

The improved model contains seven parameters, (𝑎, 𝑏1, 𝑏2, 𝑐, 𝑑𝑤 , 𝛼𝑤 , and 𝜔), whose estimation is described in Section 3.3. When 

solid precipitation and solid TWS are negligible, the additional solid-water terms in Eq. (3) vanish, and the model retains the same 165 

basic state-update structure as the previous formulation. The new model therefore preserves the core structure of the previous 

model while introducing additional terms to represent snow-related processes in high-latitude basins. 

3.2 Refined runoff-TWS relationship 

3.2.1 Previous runoff–TWS relationship 

Monthly runoff (𝑅) can be estimated from liquid TWS using an empirical relationship previously validated for Pan-Arctic basins 170 

(Yi et al., 2023). 

 

𝑅𝑡𝑖+1
= 𝛼1 ∙ (1 − 𝛽 ∙ 𝑆𝐶𝑡𝑖

) ∙ (𝑇𝑊𝑆𝑡𝑖

liquid
+ 𝑑𝑟) + 𝛼2 ∙ (1 − 𝛽 ∙ 𝑆𝐶𝑡𝑖+1

) ∙ (𝑇𝑊𝑆𝑡𝑖+1

liquid
+ 𝑑𝑟)  (9) 

 

Where 𝛼1 and 𝛼2 conversion coefficients linking previous- and current-month liquid TWS, respectively, to runoff. 𝑆𝐶  denotes 

snow cover fraction, and 𝛽  is a dimensionless scaling coefficient ranging from 0 to 1. The term (1 − 𝛽 ∙ 𝑆𝐶) modulates the 175 

contribution of liquid TWS to runoff under different snow-cover conditions. 𝑑𝑟 is a storage-offset parameter analogous to that 𝑑𝑤 

in Eqs. (1) and (3), accounting for the fact that liquid TWS is expressed as an anomaly rather than absolute storage. 

The relationship contains four parameters to be estimated, namely 𝛼1, 𝛼2, 𝛽, and 𝑑𝑟. Their estimation is described in Section 3.3. 
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3.2.2 Refined relationship 

In Pan-Arctic basins, the runoff response to liquid TWS may differ between snowmelt and non-snowmelt periods. However, Yi et 180 

al. (2023) used two time-invariant conversion coefficients, 𝛼1 and 𝛼2 , so that the estimated coefficients represent an average 

response over different hydrological conditions. Such averaging may smooth seasonal differences in the liquid TWS–runoff 

relationship. 

To account for this difference, we refined the relationship by introducing two meltwater-dependent perturbation coefficients, 𝜇1 

and 𝜇2, into 𝛼1 and 𝛼2, respectively. This allows the runoff response to liquid TWS to vary with meltwater conditions. 185 

 

𝑅𝑡𝑖+1
= (𝛼1 + 𝜇1 ∙ 𝑀𝑊𝑡𝑖

′ ) ∙ (1 − 𝛽 ∙ 𝑆𝐶𝑡𝑖
) ∙ (𝑇𝑊𝑆𝑡𝑖

liquid
+ 𝑑𝑟) + (𝛼2 + 𝜇2 ∙ 𝑀𝑊𝑡𝑖+1

′ ) ∙ (1 − 𝛽 ∙ 𝑆𝐶𝑡𝑖+1
) ∙ (𝑇𝑊𝑆𝑡𝑖+1

liquid
+ 𝑑𝑟)  (10) 

 

Although the snow-cover modulation term (1 − 𝛽 ∙ 𝑆𝐶) and the meltwater-dependent adjustment 𝜇 ∙ 𝑀𝑊′ may be active during 

partly overlapping periods, they represent different hydrological effects. The former represents changes in runoff release associated 

with snow-cover conditions, whereas the latter adjusts the sensitivity of runoff to liquid TWS according to meltwater intensity. 190 

Yi et al. (2023) detrended GRACE TWS before runoff estimation to reduce long-term non-hydrological or unmodeled signals, 

including residual glacial isostatic adjustment (GIA) effects and leakage from glacier mass loss. These non-target signals are 

expected to have a smaller influence on the reconstructed TWS used in this study because the reconstruction is driven by climate 

forcing and snow information. We therefore did not apply additional detrending before runoff reconstruction, thereby preserving 

the long-term variability generated by the climate and snow forcing. 195 

3.3 Ensemble reconstruction, parameter estimation, and uncertainty 

Both TWS and runoff were reconstructed using an ensemble method. For TWS reconstruction, three GRACE mascon products 

were used as reference data in combination with five precipitation–air temperature dataset combinations and five SWE products. 

Each data combination was calibrated independently, yielding 3×5×5=75 reconstruction members for each catchment. Their 

ensemble mean was used as the final TWS estimate. For runoff reconstruction, the ensemble-mean reconstructed TWS was 200 

combined with five SWE products and two snow cover fraction products. Each combination was independently calibrated, yielding 

5×2=10 runoff reconstruction members for each gauging station, whose ensemble mean was used as the final runoff estimate. 

Model parameters were estimated using the Markov chain Monte Carlo (MCMC) algorithm (Haario et al., 2006), with parameter 

bounds defined based on model characteristics and physical constraints. Initial parameter values were obtained using a constrained 

least-squares optimization within the prescribed bounds by minimizing the unweighted sum of squared residuals between monthly 205 

GRACE TWS observations and reconstructed TWS over the parameter-estimation period. Starting from these initial values, the 

MCMC analysis was performed until 20,000 accepted parameter samples were obtained. For each reconstruction member, the final 

parameter estimates were taken as the mean of the 20,000 accepted samples. 

The TWS reconstruction model contains seven parameters, 𝑎, 𝑏1, 𝑏2, 𝑐, 𝑑𝑤 , 𝛼𝑤, and 𝜔. The ranges of 𝑎, 𝑏1, 𝑏2, and 𝑐 were set to 

[−5,0], while the range of 𝑑𝑤 was set to [|min(𝑇𝑊𝑆GRACE
liquid

)|, |min(𝑇𝑊𝑆GRACE
liquid

)|+10,000] km3. Based on their physical definitions, 210 

both 𝛼𝑤 and 𝜔 were constrained to [0,1]. GRACE TWS observations from 2003 to 2010 were used as the reference period for 

parameter estimation. The distributions of parameter estimates obtained from the 75 ensemble members are shown in Figure 2. 

Estimated parameters vary across catchments and input-data combinations. Parameter 𝑏1  is close to zero in most catchments, 

whereas 𝑏2 and 𝑐 generally show larger absolute values. This suggests that below-zero temperature variations generally exert a 

weaker influence on monthly liquid TWS changes than above-zero temperature variations and meltwater processes. The 215 

distribution of 𝛼𝑤  is relatively concentrated in some catchments but spans much of its allowable range in others, suggesting 
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sensitivity to the choice of input datasets or relatively weak parameter identifiability. In contrast, 𝜔 is mainly distributed between 

approximately 0.25 and 0.55 in most catchments, suggesting a generally delayed response of liquid TWS to temperature variations 

during melt periods. The necessity of these parameters and their effects on model performance are further discussed in Section 5.1. 

 220 

Figure 2. Distributions of parameter estimates for the TWS reconstruction model obtained from the 75 ensemble members in each 

catchment. GRACE TWS observations from 2003 to 2010 were used for parameter estimation. For each ensemble member, the 

parameter estimate shown is the mean of the 20,000 accepted MCMC samples. Parameter 𝒅𝒘 is expressed as equivalent water height 

(unit: cm) to facilitate comparison among catchments. 

The refined runoff–TWS relationship contains six parameters, 𝛼1, 𝛽, 𝑑𝑟 , 𝛼2, 𝜇1 and 𝜇2. The ranges of 𝛼1, 𝛼2, 𝜇1, and 𝜇2 were set 225 

to [0,4], while 𝑑𝑟 was constrained to [|min(𝑇𝑊𝑆liquid)|, |min(𝑇𝑊𝑆liquid)|+10,000] km3. Based on its physical definition, 𝛽 was 

constrained to [0,1]. When the TWS reconstructed in this study was used for runoff reconstruction, an 8-year period of gauge-

derived runoff was used for parameter estimation at each gauging station, with the specific periods shown in Figure 7a. The 

corresponding parameter distributions obtained from the 10 runoff ensemble members are shown in Figure 3. 

Estimated 𝛽 values are relatively high at most stations, generally ranging from 0.7 to 1.0, suggesting a strong modulation of 230 

catchment drainage connectivity by snow cover. The current-month conversion coefficient 𝛼2 is generally larger than the previous-

month coefficient 𝛼1, indicating a stronger runoff response to current-month liquid TWS. A similar difference is found for the 
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meltwater-related perturbation coefficients, 𝜇1 and 𝜇2. At several stations, the coefficient 𝜇1  approaches zero, suggesting that the 

enhanced conversion of liquid TWS to runoff associated with meltwater occurs mainly within the current month. 

 235 

Figure 3. Distributions of parameter estimates for the refined runoff–TWS relationship obtained from the 10 runoff ensemble members 

at each gauging station. The runoff reconstructions used the TWS reconstructed in this study as input. An 8-year period was used for 

parameter estimation at each station, with the specific periods shown in Figure 7a. For each ensemble member, the parameter estimate 

shown is the mean of the 20,000 accepted MCMC samples. Parameter 𝒅𝒓 is expressed as equivalent water height (unit: cm) to facilitate 

comparison among stations. 240 

The uncertainty of the ensemble-mean reconstruction was quantified from parameter uncertainty and data-source uncertainty. For 

each ensemble member, 20,000 accepted parameter samples from the MCMC analysis were propagated through the reconstruction 

model. The parameter uncertainty of ensemble member s, 𝜎𝑝,𝑠 , was defined as the standard deviation of the resulting 

reconstructions at each time step. Assuming negligible covariance in parameter uncertainty among ensemble members, their 

contribution to the uncertainty of the ensemble mean was calculated as 
∑ 𝜎𝑝,𝑠

2𝑁
𝑠=1

𝑁2
⁄ . Data-source uncertainty, 𝜎𝑑 , w was 245 

represented by the ensemble spread, calculated as the standard deviation among ensemble reconstructions at each time step. This 

term reflects differences arising from the forcing, auxiliary, and reference datasets. The total reconstruction uncertainty was then 

calculated as 

𝜎Recon = √(
∑ 𝜎𝑝,𝑠

2𝑁
𝑠=1

𝑁2
⁄ ) + 𝜎𝑑

2  (11) 

 
Here, 𝑁 denotes the number of ensemble members, with 𝑁=75 for TWS reconstruction and 𝑁=10 for runoff reconstruction. 250 
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3.4 Evaluation metrics 

Reconstruction performance was evaluated using the correlation coefficient (r), Nash–Sutcliffe efficiency (NSE), Kling–Gupta 

efficiency (KGE; Gupta et al., 2009), and root mean square error (RMSE). The correlation coefficient measures the consistency of 

temporal variations between reconstructed and reference time series, whereas RMSE measures the absolute magnitude of 

reconstruction errors. Both were used as complementary metrics for TWS and runoff evaluation. 255 

NSE evaluates reconstruction errors relative to the variance of the reference data and was used as the primary metric for TWS 

anomalies. KGE combines correlation, relative variability, and mean bias. Because its bias component depends on the ratio of 

reconstructed to reference means, KGE can become unstable when the reference mean approaches zero, as is typical for TWS 

anomalies defined relative to a reference baseline. KGE was therefore not used as the primary metric for TWS evaluation. In 

contrast, runoff has a well-defined positive mean, allowing the KGE components to be interpreted more reliably. KGE was 260 

therefore used as the primary metric for runoff evaluation. 

4 Results 

4.1 Evaluation of the improved TWS reconstruction model 

To evaluate the reliability of the improved TWS reconstruction model, we first conducted training and testing experiments. The 

training experiment assessed the model's ability to reproduce TWS during the parameter-estimation period, whereas the testing 265 

experiment assessed its temporal extrapolation beyond this period. The training period corresponded to the parameter-estimation 

period from January 2003 to December 2010. The testing period covered the remaining available GRACE (-FO) observations from 

January 2011 to December 2025, excluding the data gap between the two missions. The mean TWS time series from the CSR, JPL, 

and GSFC mascon products was used as the reference for calculating the evaluation metrics. 

Figure 4a shows the monthly NSE values during the training and testing periods for the 12 study catchments. For the 10 Eurasian 270 

catchments (IDs: 01–10), the reconstructed TWS showed consistently good agreement with GRACE (-FO) observations during 

both periods, with most catchments lying close to the y=x line. For the aggregated Eurasian region (sum of 01–10), NSE reached 

0.94 during training and 0.92 during testing (Figure 4b). Lower testing performance was mainly found in the northern lowland 

catchments of Yana (ID: 08), Indigirka (ID: 09), and Kolyma (ID: 10), where the disagreement was primarily associated with 

weaker reconstructed long-term trends (Figure S2). This mismatch may partly reflect long-term TWS changes associated with 275 

permafrost degradation, which are not explicitly represented in the reconstruction model. 

The Yukon (ID: 11) and Mackenzie (ID: 12) catchments in North America also show clear differences in long-term trends between 

reconstructed and GRACE (-FO) TWS (Figure 4c and S2), resulting in substantially lower testing NSE values. The approximately 

parallel distribution of points relative to the y=x line in Figure 4e further suggests that much of the disagreement is associated with 

low-frequency differences rather than monthly variability. For Yukon, the coarse effective spatial resolution of the JPL mascon 280 

product may allow leakage from glacier mass loss in the Gulf of Alaska into the study catchment, resulting in a stronger negative 

TWS trend. In contrast, the reconstructed TWS shows closer agreement with the CSR and GSFC products (Figure S1). For 

Mackenzie, uncertainty in GIA corrections may also contribute to the trend discrepancy, as GRACE (-FO) TWS estimates vary 

substantially among different GIA corrections (Figure S3). In addition, the limited representation of storage changes in large lakes 

may contribute to the weaker recent TWS decline in the reconstruction, as discussed further in Section 5.6. After removing the 285 

linear trends, NSE increased for both Yukon and Mackenzie (Figure S4), indicating that differences in long-term trends account 

for much of their lower testing performance. 
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Figure 4. Training and testing evaluation of the improved TWS reconstruction model. The mean TWS time series from the CSR, JPL, 

and GSFC GRACE (-FO) mascon products was used as the reference for calculating the evaluation metrics. (a) Monthly NSE during 290 
the training and testing periods for the 12 study catchments. The dashed line indicates the y=x relationship. (b, c) Comparison of 

reconstructed and GRACE (-FO) TWS anomalies for the aggregated Eurasian catchments (IDs 01–10) and North American catchments 

(IDs 11–12), respectively. Filled and open blue circles indicate reconstructed TWS during the training and testing periods, respectively. 

(d, e) Corresponding scatterplots between reconstructed and GRACE (-FO) TWS anomalies for Eurasia and North America. 

We further decomposed the monthly TWS time series into the mean seasonal cycle and the non-seasonal component. The 295 

reconstructed mean seasonal cycles agree closely with GRACE (-FO) observations in all 12 catchments (Figure 5a and b), with a 

median NSE of 0.97, indicating that the improved model effectively reproduces seasonal TWS variability in the Pan-Arctic region. 

For the non-seasonal component, the reconstructed TWS also captures the major interannual variations observed by GRACE (-FO) 

in most regions (Figure 5a and c), with a median correlation coefficient of 0.74. Lower correlations remain concentrated in the 

northern Eurasian lowland and the two North American catchments and are largely associated with differences in linear trends 300 

(Figure S5). Correlations between reconstructed and observed non-seasonal components further increase after linear detrending 

(Figure S6). 

These results show that the improved model effectively captures both the seasonal cycle and major non-seasonal TWS variability 

during the GRACE (-FO) period. However, this evaluation is limited to the GRACE (-FO) era and cannot directly assess the 

reliability of the reconstructed TWS for 1952–2002. In the following section, we evaluate the historical TWS reconstruction 305 

indirectly by using reconstructed TWS as input to runoff reconstruction and comparing the resulting runoff with long-term gauge 

observations. 
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Figure 5. Evaluation of the mean seasonal cycle and non-seasonal component of reconstructed TWS. (a) Correlation coefficient (r) and 

NSE for the mean seasonal cycle and the non-seasonal component in the 12 catchments, with a 1-year sliding window applied to the non-310 
seasonal component. The black dots and error bars indicate the median and standard deviation of the evaluation metrics, respectively. 

(b) Comparison of reconstructed and GRACE and GRACE-FO mean seasonal cycles for the aggregated Eurasian catchments (IDs: 01–

10) and North American catchments (IDs: 11–12). (c) Corresponding comparison of the non-seasonal components. 

4.2 Evaluation of the refined runoff–TWS relationship 

4.2.1 Evaluation using GRACE (-FO) TWS 315 

T o evaluate the refined runoff–TWS relationship independently of errors in reconstructed TWS, we used GRACE (-FO) TWS 

directly as input for runoff reconstruction. This allows the refined relationship to be compared more directly with the previous 

relationship of Yi et al. (2023). For a consistent comparison, parameters for both relationships were estimated using data from 

January 2003 to December 2010. 

Figure 6a shows that the refined runoff–TWS relationship achieved higher monthly KGE values at nearly all gauging stations, with 320 

the median increasing from 0.82 to 0.90, indicating a widespread improvement rather than one limited to a few specific catchments. 
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The mean seasonal runoff residuals across the 12 gauging stations further illustrate the differences between the two relationships 

(Figure 6b). Runoff residuals were calculated as observed runoff minus reconstructed runoff. The previous relationship uses time-

invariant conversion coefficients 𝛼1 and 𝛼2, which represent an average runoff response to liquid TWS over different hydrological 

conditions. Consequently, reconstructed runoff tends to be underestimated during snowmelt periods, particularly in June, and 325 

overestimated in late summer, particularly in August and September. In contrast, the refined relationship introduces the meltwater-

intensity-dependent perturbation coefficients 𝜇1  and 𝜇2 , allowing runoff sensitivity to liquid TWS to vary with meltwater 

conditions. The resulting mean seasonal residuals are generally closer to zero, indicating improved agreement with observed runoff. 

The time series and residual distributions further illustrate these differences (Figure 6 c and d). For the Eurasian aggregate, the 

refined relationship more closely follows the observed runoff peaks and subsequent rapid recession, increasing KGE from 0.85 to 330 

0.96 and reducing the residual standard deviation from 50.77 to 32.91 km3 month-1. For the North American aggregate, the two 

relationships show similar overall performance, with a KGE of 0.94 for both, although the refined relationship slightly reduces the 

residual standard deviation from 6.50 to 5.57 km3 momth-1. 

 

Figure 6. Evaluation of monthly runoff reconstructed from GRACE (-FO) TWS using the refined runoff–TWS relationship and the 335 
previous relationship of Yi et al. (2023). (a) Comparison of monthly KGE values at the 12 gauging stations. (b) Monthly distributions of 
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mean seasonal runoff residuals across the 12 stations. Residuals were calculated as observed runoff minus reconstructed runoff, with 

positive and negative values indicating underestimation and overestimation, respectively. (c, d) Aggregated monthly runoff time series 

and corresponding residual distributions for selected Eurasian catchments (IDs: 01, 02, 03, 06, 07, and 10) and the two North American 

catchments (IDs: 11–12), respectively. 340 

4.2.2 Evaluation using reconstructed TWS 

The previous section demonstrated the performance of the refined runoff–TWS relationship when GRACE (-FO) TWS is used as 

input. We then applied the relationship to the TWS reconstructed in this study to estimate long-term runoff. Comparison with 

gauge observations also provides a complementary indirect assessment of the historical TWS reconstruction. 

Because the 12 gauging stations have different periods of available observations (Figure 7a), a common parameter-estimation 345 

period could not be used. Instead, an 8-year period was selected separately for each station and placed as early as possible within 

the available record to retain a longer testing period. The 8-year parameter-estimation period was defined as the training period, 

while the remaining available observations were used for testing. 

The reconstructed monthly runoff shows stable performance between the training and testing periods (Figure 7b). The median 

monthly KGE values are 0.92 and 0.93 for the training and testing periods, respectively. Most stations lie close to the y=x line, 350 

indicating that the model maintains good temporal extrapolation ability over several decades. 

For the mean seasonal cycle, reconstructed runoff agrees closely with observations at the 12 stations, with a median KGE of 0.94 

and relatively small variability among stations (Figure 7c). The examples in the left column of Figure 7d further show that the 

reconstruction captures the rapid rise, peak, and subsequent recession of seasonal runoff in different Pan-Arctic catchments. 

To evaluate interannual runoff variability, we used annual runoff rather than the monthly non-seasonal component, because the 355 

latter has a mean close to zero after removal of the seasonal cycle and is therefore less suitable for KGE-based evaluation. 

Reconstructed runoff captures the major interannual variations in observed runoff, with a median annual KGE of 0.65 across the 

12 stations (Figure 7c). Agreement is weaker at several stations, particularly Igarka (ID: 06) in the Yenisei basin, Pilot Station (ID: 

11) in the Yukon basin, and Arctic Red River (ID: 12) in the Mackenzie basin (Figure 7d). The discrepancies may partly reflect 

processes not represented in the reconstruction framework, including reservoir regulation in the Yenisei basin (Yang et al., 2004) , 360 

glacier meltwater (The GlaMBIE Team et al., 2025) contributions in the Yukon basin, and large-lake storage dynamics in the 

Mackenzie basin. These effects are discussed further in Section 5.5 and 5.6. 

Overall, runoff derived from the reconstructed TWS agrees well with observations at most stations. These results support the long-

term applicability of the combined TWS–runoff reconstruction framework and provide an indirect assessment of the historical 

TWS reconstruction. However, this assessment should be regarded as complementary rather than independent, because calibration 365 

of the runoff–TWS relationship may partly compensate for errors in the reconstructed TWS. 
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Figure 7. Evaluation of runoff reconstructed using the TWS developed in this study and the refined runoff–TWS relationship. (a) Periods 

of available observed runoff at the 12 gauging stations (black lines) and the 8-year periods used for parameter estimation (gray shading). 

(b) Comparison of monthly KGE values between the training and testing periods. The training period corresponds to the parameter-370 
estimation period, whereas the testing period covers the remaining available observations. (c) Distributions of KGE values for the mean 

seasonal cycle and annual runoff at the 12 stations. Annual runoff was calculated for the hydrological year from September to August. 

(d) Comparison of reconstructed and observed mean seasonal cycles (left) and annual runoff time series (right) at selected stations. Blue 

error bars and shading indicate reconstruction uncertainty. Complete station-level time series comparisons are shown in Figure S7. 
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5 Discussion 375 

5.1 Sensitivity to the parameter-estimation period 

The improved TWS reconstruction model and the refined runoff–TWS relationship contain seven and six parameters to be 

estimated, respectively. This raises the question of whether their performance depends strongly on the period used for parameter 

estimation. We therefore conducted additional sensitivity experiments using different parameter-estimation periods. 

For the improved TWS reconstruction model, parameter-estimation windows of 5, 10, and 15 years were considered and shifted 380 

through the available GRACE (-FO) period at 1-year intervals. Each parameter set was used to reconstruct monthly TWS from 

1952 to 2025, and the resulting time series were first evaluated against GRACE (-FO) TWS. Because the satellite record covers 

only a limited part of the full reconstruction period, we also conducted a complementary indirect assessment using runoff. TWS 

reconstructed from each parameter set was used as input to the refined runoff–TWS relationship, and the resulting runoff was 

compared with observations. 385 

For the refined runoff–TWS relationship, parameter-estimation windows of 5, 15, 25, 35, 45, 55, and 65 years were used and 

shifted at 5-year intervals. If monthly runoff observations had been continuously available from 1952 to 2025, these settings would 

have yielded approximately 56 possible parameter-estimation periods. In practice, the number differs among stations because of 

differences in observational coverage (Figure 7a). 

The sensitivity experiments show that dependence on the parameter-estimation period is generally limited for the mean seasonal 390 

cycle (Figure 8a, c and 9a). For most catchments and stations, TWS and runoff reconstructed using different parameter-estimation 

periods retain high NSE or KGE values and show relatively small variations in RMSE. This indicates that the timing and amplitude 

of the reconstructed seasonal cycle are not strongly controlled by the choice of parameter-estimation period. 

Sensitivity is somewhat greater for interannual variations (Figure 8b, d and 9b), especially for annual runoff (Figure 9b), with 

larger variations in the evaluation metrics at several basins and stations. This difference is expected because the seasonal cycle is 395 

repeatedly sampled within each parameter-estimation window and can therefore be constrained relatively consistently. In contrast, 

interannual and lower-frequency variability depends more strongly on whether the selected period includes representative wet, dry, 

and extreme hydrological conditions, particularly when short windows (Figures S8 and S9) such as 5 years are used. The resulting 

sensitivity is therefore concentrated mainly in non-seasonal and interannual variability and differs among basins, rather than 

indicating systematic instability of the models. Overall, both models show relatively low sensitivity to reasonable changes in the 400 

parameter-estimation period at the seasonal scale, whereas greater caution is warranted when interpreting interannual and lower-

frequency variability. 
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Figure 8. Sensitivity of the TWS reconstruction to the parameter-estimation period. Parameter-estimation windows of 5, 10, and 15 years 

were shifted through the available GRACE (-FO) record at 1-year intervals, and each parameter set was used to reconstruct monthly 405 
TWS from 1952 to 2025. (a, b) NSE and RMSE of the reconstructed mean seasonal cycle and non-seasonal component evaluated against 

GRACE (-FO) TWS. (c, d) KGE and RMSE of mean seasonal and annual runoff reconstructed from the corresponding TWS and 

evaluated against observed runoff. Each circle represents one parameter-estimation period. Dots indicate different parameter-estimation 

periods, and stars indicate the performance obtained using the 8-year parameter-estimation periods adopted in this study. 
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 410 

Figure 9. Sensitivity of the refined runoff–TWS relationship to the parameter-estimation period. Parameter-estimation windows of 5, 15, 

25, 35, 45, 55, and 65 years were shifted through the available runoff records at 5-year intervals. (a) KGE and RMSE for the mean 

seasonal runoff cycle. (b) KGE and RMSE for annual runoff. Each circle represents one available parameter-estimation period, and 

stars indicate the periods adopted in this study (Figure 7a). Dots indicate different parameter-estimation periods, and stars indicate the 

performance obtained using the 8-year parameter-estimation periods adopted in this study. 415 

5.2 Role of model parameters and model simplification 

The improved TWS reconstruction model contains seven parameters, raising the question of whether all parameters make a 

meaningful contribution to reconstruction performance. We therefore tested a series of simplified model configurations by 

progressively removing selected parameters. The parameter settings for each configuration are listed in Table 4, with Scenario 1 

representing the full model used in this study. 420 

We examined model performance using both direct and complementary indirect approaches. In the direct assessment, TWS 

reconstructed using each scenario was compared with GRACE (-FO) TWS. In the complementary indirect assessment, each 

reconstructed TWS series was used for runoff reconstruction, and the resulting runoff was compared with observations. This 

extends the evaluation beyond the GRACE (-FO) period. 

The mean seasonal cycle of TWS is more sensitive to model simplification than the non-seasonal component (Figure 10a, b). 425 

Removing 𝑏1  in Scenario 2 has little effect on reconstruction performance, consistent with its near-zero estimates in most 

catchments (Figure 2b). This suggests that 𝑏1 provides only a limited additional contribution to the current model formulation in 

most catchments. This is also consistent with a relatively weak influence of below-zero temperature variations on monthly liquid 

TWS changes. In contrast, removing the lag parameter 𝜔 in Scenario 4 clearly reduces performance for the mean seasonal cycle. 

This indicates that including a lagged temperature response improves the representation of the mean seasonal TWS cycle. 430 
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Parameters 𝑐 and 𝛼𝑤 show a relatively strong interaction. Removing 𝑐 alone in Scenario 5 substantially reduces performance for 

the mean seasonal cycle, whereas removing both 𝑐 and 𝛼𝑤 in Scenario 6 restores much of the lost performance. The two parameters 

may therefore partly compensate for each other. The broad distribution of estimated 𝛼𝑤 values in several catchments (Figure 2f) 

further suggests sensitivity to the choice of input datasets and possible weak identifiability in some catchments. 

Notably, Scenario 8, which retains only 𝑎, 𝑏2, 𝑑𝑤 , and 𝜔, achieves performance close to that of the full model in the direct TWS 435 

evaluation. This indicates that a reduced four-parameter formulation can reproduce much of the full model performance during the 

satellite period. However, when the reconstructed TWS is subsequently used for runoff reconstruction, Scenario 8 performs worse 

than Scenario 1 at several stations (Figure 10c, d). Thus, a simplified formulation that performs well during the GRACE (-FO) 

period does not necessarily preserve performance over longer periods or in downstream runoff reconstruction. 

These experiments do not indicate that all seven parameters are equally important or individually necessary in every catchment. 440 

Rather, they show that no single simplified configuration consistently reproduces the performance of the full model across 

catchments and evaluation scales. We therefore retain Scenario 1 as a common formulation for Pan-Arctic TWS reconstruction. 

Together with the sensitivity analysis in Section 5.1, these results support the use of the full formulation for Pan-Arctic applications, 

whereas basin-specific studies may consider further simplification after evaluating parameter sensitivity and identifiability. 

Table 4. Parameter configurations used to evaluate simplifications of the TWS reconstruction model. 445 

Scenario Estimated parameters Number of estimated parameters 

Scenario 1 𝑎, 𝑏1, 𝑏2, 𝑐, 𝑑𝑤 , 𝛼, and 𝜔 7 

Scenario 2 𝑎, 𝑏2, 𝑐, 𝑑𝑤, 𝛼, and 𝜔 6 

Scenario 3 𝑎, 𝑏1, 𝑏2, 𝑐, 𝑑𝑤 , and 𝜔 6 

Scenario 4 𝑎, 𝑏1, 𝑏2, 𝑐, 𝑑𝑤 , and 𝛼 6 

Scenario 5 𝑎, 𝑏1, 𝑏2, 𝑑𝑤 , 𝛼, and 𝜔 6 

Scenario 6 𝑎, 𝑏1, 𝑏2, 𝑑𝑤 , and 𝜔 5 

Scenario 7 𝑎, 𝑏1, 𝑏2, and 𝑑𝑤 4 

Scenario 8 𝑎, 𝑏2, 𝑑𝑤 , and 𝜔 4 

Scenario 9 𝑎, 𝑏2, and 𝑑𝑤 3 
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Figure 10. Effects of model simplification on TWS reconstruction performance relative to the full model (Scenario 1). Parameter 

configurations for each scenario are given in Table 4. (a, b) Direct evaluation against GRACE (-FO) TWS for the mean seasonal cycle 

and non-seasonal component, respectively. (c, d) Complementary indirect evaluation using runoff reconstructed from the corresponding 

TWS for the mean seasonal cycle and annual runoff, respectively. NSE and KGE differences are calculated as Scenario 1 minus Scenario 450 
X, whereas RMSE differences are calculated as Scenario X minus Scenario 1. Positive values therefore indicate better performance of 

Scenario 1. Each point represents one catchment or gauging station. Gray horizontal lines and error bars indicate the median and 

standard deviation, respectively. 
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5.3 Comparison with existing GRACE-like TWS reconstructions 

Several recent studies have reconstructed historical GRACE-like TWS from meteorological and hydrological data using statistical 455 

or machine learning methods. We therefore compared our reconstruction with five publicly available GRACE-like TWS products. 

Four were developed using machine learning methods (Gentner et al., 2026; Hacker et al., 2026; Li et al., 2021; Yin et al., 2023), 

and one was based on an empirical model (Humphrey and Gudmundsson, 2019). Although these products generally reproduce the 

GRACE (-FO) mean seasonal cycle well, their non-seasonal components diverge substantially in the pre-GRACE period (Figure 

11a). The reconstruction of Hacker et al. (2026), in particular, shows a clear long-term trend. This may partly reflect the additional 460 

low-resolution TWS constraint derived from satellite laser ranging used in that reconstruction, which may be more susceptible to 

spatial signal leakage, including contributions from glacier mass loss around the Gulf of Alaska. 

To extend the comparison beyond the GRACE and GRACE-FO period, we used each TWS reconstruction as input to the refined 

runoff–TWS relationship to reconstruct runoff (Figure 11b and c). For each TWS product, the parameters of the runoff–TWS 

relationship were re-estimated independently using the same station-specific parameter-estimation period. Most products 465 

reproduce the mean seasonal runoff reasonably well, consistent with their similar seasonal TWS cycles. In contrast, their 

performance differs much more at the annual scale (Figure 11b). Among the compared products, our reconstruction yields the 

highest median annual KGE and one of the lowest RMSE values. Its annual runoff residuals are centered close to zero, with a mean 

of −0.72 cm yr⁻¹ and a standard deviation of 2.58 cm yr⁻¹ (Figure 11c). The mean seasonal runoff residuals are also small, with a 

mean of −0.07 cm month⁻¹ and a standard deviation of 0.44 cm month⁻¹, although some products, such as Gentner et al. (2026), 470 

show comparable performance at this timescale. 

These comparisons indicate that good agreement with GRACE (-FO) during the satellite era alone is insufficient to establish the 

reliability of historical TWS reconstructions. Long-term runoff observations provide a complementary indirect assessment of 

historical TWS through the refined runoff–TWS relationship. 
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 475 

Figure 11. Comparison of the TWS reconstruction developed in this study with five existing GRACE-like TWS products. (a) Non-

seasonal TWS time series and mean seasonal cycles for the aggregated Eurasian basins (IDs: 01–10) and North American basins (IDs: 

11–12). Mean seasonal cycles were calculated over April 2002 to December 2025. (b) KGE and RMSE of mean seasonal and annual 

runoff reconstructed from the different TWS products using the refined runoff–TWS relationship. The evaluation was conducted over 

the common period 1985–2019. (c) Distributions of annual and mean seasonal runoff residuals. Residuals were calculated as observed 480 
runoff minus reconstructed runoff. 
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5.4 Comparison with an existing runoff reconstruction 

We further compared our reconstructed runoff with GRUN, a publicly available 0.5° gridded runoff reconstruction based on 

machine learning (Ghiggi et al., 2019). GRUN provides a useful external reference because its reconstruction is also primarily 

climate driven and does not explicitly represent human regulation or glacier melt. However, GRUN is a gridded runoff product, 485 

and catchment-aggregated runoff is not strictly equivalent to gauge-derived runoff at the basin outlet (Ghiggi et al., 2019) because 

routing and storage processes are not represented in the same way. To reduce the influence of these scale differences, we focused 

on runoff anomalies relative to a common reference period rather than absolute runoff. And, residuals were calculated as observed 

runoff anomalies minus reconstructed runoff anomalies. The purpose of this comparison is therefore not to rank the two 

reconstructions, but to examine whether they recover similar runoff variability. 490 

The mean seasonal runoff residuals from our reconstruction are more tightly centered around zero than those from GRUN (Figure 

12a), and seasonal RMSE values are generally lower at the representative stations shown in Figure 12c. This indicates closer 

agreement with the observed timing and amplitude of the seasonal runoff cycle. At the annual scale, the residual distributions are 

more similar, and the relative performance varies among stations (Figure 12b and c). Neither reconstruction shows a consistent 

advantage in representing interannual runoff variability. 495 

The similarity in annual-scale performance is nevertheless noteworthy because the two reconstructions follow different modeling 

pathways. GRUN reconstructs runoff directly from climate-related information, whereas our runoff is inferred indirectly from 

reconstructed TWS through the refined runoff–TWS relationship. Despite these differences, both capture broadly consistent 

interannual variations in observed runoff. This provides complementary support that the reconstructed historical TWS retains 

hydrologically meaningful interannual variability. 500 
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Figure 12. Comparison of runoff anomaly residuals from the reconstruction developed in this study and GRUN at the 12 Pan-Arctic 

gauging stations. Residuals were calculated as observed runoff anomalies minus reconstructed runoff anomalies. For each comparison, 

runoff anomalies were calculated relative to the common reference period shared by the observations and both reconstructions. (a) 

Distributions of mean seasonal runoff residuals. (b) Distributions of annual runoff residuals. (c) Mean seasonal runoff residuals (left) 505 
and annual runoff residuals (right) at selected gauging stations. 

https://doi.org/10.5194/egusphere-2026-5698
Preprint. Discussion started: 15 October 2026
c© Author(s) 2026. CC BY 4.0 License.



 

25 

 

5.5 Effects of human regulation on runoff evaluation 

Since the late 1950s, several large dams have been constructed for hydropower generation in the upper Yenisei basin (Davidson, 

2016) , substantially altering regional runoff regimes (Yang et al., 2004). To examine whether the discrepancy between 

reconstructed and observed runoff at Igarka (ID: 06) is associated with human regulation, we extended the analysis to 10 additional 510 

gauging stations in the Yenisei basin. The 11 stations were classified as regulated or unregulated according to the presence of 

major upstream dams (Figure 13a). To avoid incorporating regulation effects into the parameter estimates, only pre-regulation 

observations were used at regulated stations, with all parameter-estimation periods ending before 1960. 

At the unregulated stations, reconstructed monthly runoff agrees well with observations during both the training and testing periods 

(Figure 13b). In contrast, the regulated stations generally show high KGE values during the pre-regulation training period but 515 

substantially lower values during the testing period, which includes reservoir operation. This contrast is also evident in the mean 

seasonal cycle (Figure 13c and d). Observed runoff at regulated stations shows clear seasonal redistribution, consistent with 

reservoir operation that stores water during high-flow summer months and increases releases during low-flow winter months for 

hydropower generation (Yang et al., 2004). Agreement at the annual scale is also weaker at some regulated stations (Figure 13c 

and d), suggesting that reservoir operation and multiyear changes in reservoir storage may also affect interannual runoff variability. 520 

By comparison, reconstructed and observed runoff remain in close agreement at the unregulated stations (Figure 13c and e), 

supporting the ability of the model to recover seasonal and interannual runoff variations primarily driven by climate conditions. 

These results also highlight the importance of the parameter-estimation period at regulated stations. Using post-regulation runoff 

for parameter estimation may cause regulation-induced changes to be incorrectly attributed to TWS, snow cover, or snow storage, 

because these predictors do not explicitly encode reservoir operation in the current framework. We therefore restricted parameter 525 

estimation at regulated stations to the period before major reservoir operation. The resulting reconstructions can therefore be 

interpreted as an approximation of the runoff expected under climate-driven hydrological conditions, whereas subsequent 

differences from observed runoff may reflect reservoir regulation and other processes not represented in the model. This 

comparison should therefore be interpreted as evidence consistent with the influence of reservoir regulation rather than as a 

quantitative attribution of anthropogenic effects. 530 
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Figure 13. Effects of human regulation on runoff evaluation in the Yenisei basin. (a) Locations of the 11 gauging stations and major dams 

(Lehner et al., 2024) used in the analysis. Stations were classified into four unregulated and seven regulated stations according to the 

presence of major upstream dams. Dam symbol size represents storage capacity. (b) Comparison of monthly KGE values between the 

training and testing periods. For regulated stations, parameter estimation was restricted to the pre-regulation period before 1960. (c) 535 
Distributions of KGE values for the mean seasonal cycle and annual runoff at regulated and unregulated stations. (d, e) Comparisons of 

reconstructed and observed mean seasonal cycles and annual runoff at selected regulated and unregulated stations, respectively. 
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5.6 Limitations of the reconstruction framework 

Although the evaluations above show generally good performance of the improved TWS reconstruction model and the refined 

runoff–TWS relationship, several limitations remain. First, similar to the previous model of Liu et al. (2021), the current TWS 540 

reconstruction framework does not explicitly represent the storage and release dynamics of large lakes. In the Mackenzie basin, 

satellite altimetry and in situ observations show clear fluctuations in large-lake storage during the later part of the study period 

(Figure 14b). However, the reconstructed TWS for catchments containing these lakes (Figure 14d) does not fully capture the 

corresponding storage variations (Figure 14a), and the runoff derived from reconstructed TWS also fails to reproduce some of the 

observed fluctuations during these periods (Figure 14c). Large-lake storage dynamics may therefore contribute to reconstruction 545 

errors in some basins. 

Second, the improved TWS reconstruction model does not explicitly represent ground-ice changes or the hydrological responses 

associated with permafrost degradation. Permafrost degradation can alter groundwater flow pathways and hydrological 

connectivity, thereby changing basin-scale water-storage components (Bring et al., 2016). However, these effects remain difficult 

to quantify because long-term observations are sparse and discontinuous. Recent studies have reported widespread decreases in 550 

thermokarst lake area in northern lowland permafrost regions during the past two decades (Chen et al., 2023; Jones et al., 2022; 

Webb et al., 2022; Webb and Liljedahl, 2023), which have been linked to permafrost degradation (Webb and Liljedahl, 2023). 

These changes are broadly consistent with the persistent TWS losses observed by GRACE (-FO) in the Yana, Indigirka, and 

Kolyma basins, whereas our reconstruction does not fully capture these long-term declines (Figure S5). The absence of explicit 

permafrost-related processes may therefore limit the ability of the model to reproduce long-term TWS changes in some northern 555 

lowland basins. 

Finally, because the TWS reconstruction model is driven by precipitation, air temperature, and snow-related inputs, direct human 

influences are not included as independent drivers. The reconstructed TWS should therefore be interpreted primarily as TWS 

variability driven by the climate-related inputs represented in the model. GRACE (-FO) observations, however, contain signals 

from both climate variability and human activities. Removing the linear trend before parameter estimation reduces the influence 560 

of persistent anthropogenic signals, such as long-term groundwater depletion (Rodell et al., 2018), but does not eliminate shorter-

term or interannual effects associated with human regulation. For example, reservoir impoundment and operation may introduce 

interannual storage variations (Xie et al., 2022) that are not fully removed by detrending and may contribute to uncertainty in 

parameter estimation. Such effects are particularly relevant in strongly regulated basins, such as the Yenisei. Region-specific 

applications should therefore evaluate potential anthropogenic signals in the reference TWS and, where possible, account for them 565 

before parameter estimation. A detailed attribution and correction of anthropogenic effects is beyond the scope of this paper and 

warrants further study. 

These limitations are most relevant in basins strongly affected by large-lake storage, permafrost change, glacier-related signals, or 

human regulation and should be considered when interpreting long-term TWS and runoff variability. Future improvements could 

incorporate additional information on lake storage, permafrost dynamics, glacier contributions, and human water management to 570 

better represent these processes. 
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Figure 14. Comparison of large-lake storage variations with TWS and runoff reconstruction in the Mackenzie basin. (a) Comparison of 

annual reconstructed and GRACE (-FO) TWS anomalies for selected gauging-station basins. Linear trends were removed from both 

time series to highlight differences during periods of lake-storage variability. (b) Annual storage anomalies of the three major lakes in 575 
the Mackenzie basin derived from satellite altimetry and in situ observations. Combined series represent the summed storage anomalies 

of the indicated lakes. (c) Comparison of annual runoff derived from reconstructed TWS with observed runoff at the corresponding 

gauging stations. (d) Locations of the gauging stations and their upstream drainage basins. Gray shading indicates periods of large-lake 

storage variability, during which the reconstructed TWS and runoff show larger differences from observations. 

6 Conclusion 580 

In this study, we developed two empirical models within a common framework to reconstruct long-term TWS and runoff in the 

Pan-Arctic region. Monthly TWS was reconstructed from precipitation, air temperature, and snow information using an improved 

state-update empirical model, with GRACE TWS observations used for parameter estimation. Runoff was subsequently estimated 
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from TWS using a refined runoff–TWS relationship calibrated against gauge observations. Using this framework, we reconstructed 

monthly TWS and runoff for 12 major Pan-Arctic basins from 1952 to 2025. 585 

Multiple evaluations support the reliability of the proposed framework. The improved TWS model captures both the mean seasonal 

cycle observed by GRACE (-FO) and the major non-seasonal variations in most basins, with median NSE and correlation 

coefficient values of 0.97 and 0.74, respectively. Evaluation using GRACE (-FO) TWS shows that the refined runoff–TWS 

relationship improves monthly runoff reconstruction relative to the previous formulation, increasing the median KGE from 0.82 

to 0.90 and reducing systematic seasonal biases. When applied to reconstructed TWS, the relationship maintains similar 590 

performance beyond the parameter-estimation periods, with median monthly KGE values of 0.92 during the 8-year parameter-

estimation periods and 0.93 over the remaining available observations. Reconstructed annual runoff also captures the major 

interannual variations in observed runoff, with a median annual KGE of 0.65. This agreement with long-term gauge observations 

provides a complementary indirect assessment of the historical TWS reconstruction. 

Comparisons with existing GRACE-like TWS products and a gridded runoff reconstruction provide further support for the long-595 

term consistency of the reconstructed TWS and runoff. Sensitivity tests show that the reconstructions are not strongly dependent 

on the choice of parameter-estimation period, particularly for seasonal variability. Model simplification experiments further show 

that although individual parameters have different importance among basins, no single simplified configuration consistently 

reproduces the performance of the full model across catchments and evaluation scales. 

Important limitations remain because large-lake storage dynamics, permafrost-related hydrological changes, glacier processes, and 600 

human regulation are not explicitly represented and may affect reconstruction performance in some basins. Overall, the proposed 

framework provides a simple empirical approach for extending Pan-Arctic TWS records into the pre-GRACE era and producing 

continuous runoff reconstructions over the full study period, thereby supporting investigations of long-term Pan-Arctic freshwater 

variability. 
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