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Abstract. Global monthly streamflow observations are fundamental for understanding changes in the water 

cycle, supporting large-sample hydrology, and informing water-resources assessments. However, currently 

available open station archives still suffer from substantial limitations in temporal continuity and spatial 

coverage. Here we present GSIM-PLUS, a gap-filled global monthly streamflow dataset for 1995-2015 

designed to improve the completeness and reusability of global runoff records. Using the GSIM monthly 15 

archive as the basis, we identified 7,323 high-completeness anchor stations and 8,731 target stations from 

30,959 gauges. Basin descriptors from five groups - climate, topography, soil, spatial location, and hydrology 

- were used to identify the most similar donor stations for each target site. Donor-Trend Recursive Regression 

(DTRR) was adopted as the default imputation method, with a guarded fallback to Model-Agnostic Meta-

Learning (MAML) for a limited subset of very-low-flow stations in order to improve production stability 20 

under long recursive gaps. Multi-scenario validation shows that DTRR achieved the best overall performance 

under random 30 % masking (NSE = 0.864; KGE = 0.920), remained robust for 12-month continuous gaps 

(NSE = 0.797), and retained positive but reduced skill for very long gaps exceeding 25 months (NSE = 0.511). 

Comparison with independent GRDC observations at 16 co-located stations across six regions provided an 

external reference check, indicating that temporal co-variation was generally reproduced more reliably than 25 

exact flow magnitude, although agreement varied among stations. Under the guarded DTRR production 

scheme, GSIM-PLUS fills 303,271 missing monthly records for 16,054 stations, increasing the median 

completeness of target stations from 66.3 % to 81.0 % and that of the full dataset from 86.9 % to 95.2 %. 

Each released record is accompanied by quality and context metadata, including reconstruction class, gap 
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length, fill method, and basin-context flags. GSIM-PLUS provides a more continuous and traceable global 30 

monthly streamflow resource for regional hydrological analysis, large-sample studies, model evaluation, and 

related monthly-scale applications. The GSIM-PLUS dataset is publicly available through Zenodo at 

https://doi.org/10.5281/zenodo.21425702. 

Keywords: monthly streamflow; gap filling; donor-based reconstruction; global hydrological dataset; quality 

flags 35 

1 Introduction 

Long-term, continuous river streamflow records underpin water-cycle research, hydrological model 

calibration, large-sample hydrology (LSH), and regional water-resources assessment (Gupta et al., 2014; 

Addor et al., 2017; Alvarez-Garreton et al., 2018). Yet global observational networks have been declining 

steadily owing to station closures and funding cuts, creating increasingly fragmented archives that limit cross-40 

catchment comparison and data-driven modelling (Vörösmarty et al., 2001; Hannah et al., 2011; Fekete et 

al., 2015; Karpatne et al.,2017). 

The Global Streamflow Indices and Metadata (GSIM) project has substantially advanced global data 

integration. GSIM Part 1 compiled 30,959 daily streamflow time series with catchment boundaries and 

metadata (Do et al., 2018), and Part 2 provided multi-scale streamflow indices and homogeneity assessments 45 

(Gudmundsson et al., 2018). Nevertheless, as a directly compiled archive, the GSIM monthly series still 

contain pervasive gaps that reduce their reuse value for trend attribution, extreme-event analysis, and long-

term modelling. 

Several approaches have been pursued to mitigate streamflow data gaps. Traditional temporal interpolation 

(e.g., ARMA) and spatial methods (e.g., IDW) are straightforward but ignore catchment similarity (Gyau-50 

Boakye and Schultz, 1994; Harvey et al., 2012). The Predictions in Ungauged Basins (PUB) community has 

demonstrated that physical similarity often outperforms spatial proximity when transferring hydrological 

information across basins (Oudin et al., 2008; Blöschl et al., 2013; Beck et al., 2016). Meanwhile, gridded 

products such as GRUN (Ghiggi et al., 2019) provide spatially continuous runoff fields but not station-scale 

records, and reanalysis outputs (e.g., ERA5-Land) still deviate considerably from observations in arid and 55 

small-catchment settings. The GRDC archive, though authoritative, does not perform systematic gap filling. 
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Consequently, a global product that fills gaps in archived monthly station records while preserving explicit 

quality flags and gap-context indicators remains unavailable. 

GSIM-PLUS is developed to fill this gap. Building on the GSIM monthly archive for 1995-2015, this study: 

(1) identifies 7,323 high-completeness anchor stations and 8,731 target stations from 30,959 gauges and 60 

selects donors using 17 basin attributes spanning climate, topography, soil, spatial location, and hydrology; 

(2) adopts Donor-Trend Recursive Regression (DTRR) as the default imputation strategy, with a guarded 

fallback for near-zero-flow stations, and validates performance under random, continuous, mixed, and very-

long-gap scenarios; and (3) releases a gap-filled monthly streamflow dataset equipped with a Q0-Q3 quality-

flag system and station-level gap-context fields, providing a more continuous and reusable global 65 

observational resource. 

GSIM-PLUS should be understood as an independent derivative data product based on the publicly available 

GSIM monthly archive, rather than as an official update of GSIM itself. Its purpose is to improve the temporal 

continuity and practical usability of monthly station records while preserving traceability to the underlying 

GSIM observations and metadata. 70 

2 Data 

GSIM-PLUS was constructed over a common analysis window of January 1995 to December 2015 (252 

months). This period was chosen because it offers the strongest overlap among national monitoring networks 

while still being long enough to capture interannual hydrological variability. 

2.1 GSIM monthly streamflow records 75 

Monthly mean streamflow records (m³ s⁻¹) from the GSIM database (Do et al., 2018; Gudmundsson et al., 

2018) serve as the base observational source. Of the 30,959 stations in GSIM, those with records falling 

within the common window were extracted and placed on a fixed monthly timeline. Basic quality checks 

were applied before product generation, including removal of negative values, time-axis continuity 

verification, and flagging of abrupt anomalies. Original observations, missing-value states, and station 80 

metadata were retained together as the consistent basis for all subsequent processing steps. 
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2.2 Basin attributes used for donor matching 

To identify hydrologically comparable donor stations, 17 basin attributes were compiled from multiple global 

datasets and organized into five groups (Tab.1). These attributes characterize the background hydrological 

similarity among stations and are used exclusively for donor selection, not as direct inputs to the imputation 85 

model. 

Table 1. Basin attributes and data sources used in GSIM-PLUS. 

Group Variables Source Reference Data access information 

Climate (7) 

Tp_mean, Tp_std, 

Tp_cv, t2m_mean, 

t2m_std, E_mean, E_std 

ERA5-Land 

Muñoz-Sabater et al. 

(2021) 
cds.climate.copernicus.eu/datasets/reanalysis-

era5-single-levels 

Topography 

(2) 
Altitude; Slope 

SRTM; 

HydroSHEDS 

Farr et al. (2007) earthdata.nasa.gov/data/instruments/srtm 

hydrosheds.org/products/hydrorivers; 

hydrosheds.org/products/hydrobasins 

Soil (3) 
Sand, Silt and Clay 

fractions 

GSIM catchment 

characteristics 

Do et al. 

 (2018,data set) 
doi.pangaea.de/10.1594/PANGAEA.887477 

Spatial (2) Latitude; Longitude 
Station 

coordinates 

Do et al.  

(2018,data set) 
doi.pangaea.de/10.1594/PANGAEA.887477 

Hydrology 

(3) 

Mean flow; Upstream 

area; Local area 
HydroSHEDS 

Lehner and Grill 

(2013) 

hydrosheds.org/products/hydrorivers; 

hydrosheds.org/products/hydrobasins 

Catchment boundaries from HydroSHEDS were used to aggregate gridded climate, topographic, and soil 

fields to the station scale. The Köppen–Geiger climate classification was adopted for regional performance 

stratification in subsequent analyses. All inputs were harmonized in terms of naming conventions, units, and 90 

missing-value encoding before entering the production workflow. 

2.3 Independent GRDC reference data 

Monthly observations from the Global Runoff Data Centre (GRDC; portal.grdc.bafg.de) were matched to 16 

co-located GSIM stations spanning six regions and used as an independent reference (Sect. 4.4). The GRDC 

values were not used in donor selection, model fitting, or reconstruction. Because the corresponding GSIM 95 

stations remained part of the released station set, this analysis is an independent-observation comparison 

rather than a station-wise holdout experiment. 
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3 Reconstruction framework 

3.1 Station screening and reconstruction design 

The GSIM-PLUS production workflow was developed for monthly streamflow records over 1995-2015. We 100 

began with 30,959 GSIM stations and classified them into anchor, target, and excluded groups according to 

record completeness within the study period. Stations with at least 90 % monthly availability were treated as 

anchor stations and used as donor candidates in the reconstruction workflow. Stations with completeness 

between 30 % and 90 % were treated as target stations and submitted to gap filling. Stations below the lower 

threshold, or otherwise not suitable for reconstruction, were excluded from product generation. Under these 105 

rules, the final station inventory consists of 7,323 anchor stations, 8,731 target stations, and 14,905 excluded 

stations. 

Because method evaluation requires a sufficient number of observed months after masking, a stricter 

evaluable subset was further defined within the target group. Specifically, target stations with at least 120 

observed months during 1995-2015 were retained for validation experiments, yielding 6,978 evaluable target 110 

stations. This distinction is important throughout the manuscript: the full target set is used for product 

generation, whereas the evaluable target subset is used to assess reconstruction skill under controlled missing-

data experiments. In this way, the validation design remains tied to the released product while avoiding 

performance estimates based on stations with too little remaining information. 

The overall design therefore separates the workflow into three layers: station screening, donor matching and 115 

reconstruction, and product-level quality annotation. This structure keeps the production logic transparent 

and ensures that each reconstructed value can be traced back to both its donor context and its gap 

characteristics. 

3.2 Donor matching and production reconstruction workflow 

For each target station, donor selection was based on 17 basin attributes grouped into hydrology, climate, 120 

topography, spatial location, and soil properties. To define the similarity metric, we evaluated several 

plausible weighting configurations for both the five feature groups and the relative importance of variables 

within each group. Because downstream validation results were highly stable across these alternative 

configurations, we adopted a fixed-prior weighting scheme derived from an analytic hierarchy process (AHP) 

informed by hydrological domain knowledge. The released data package includes the final feature-weight 125 
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tables, donor-matching metadata, and the parameter-sensitivity outputs used to document the robustness of 

the weighting design (see Data availability). In the final scheme, group-level weights of 0.40, 0.25, 0.15, 0.10, 

and 0.10 were assigned to hydrology, climate, topography, spatial location, and soil properties, respectively. 

Within each group, fixed prior weights were further assigned to individual variables to reflect their relative 

hydrological importance. Specifically, the hydrology group used prior weights of 0.50, 0.35, and 0.15 for 130 

mean flow, upstream area, and local basin area; the climate group assigned larger prior weights to 

precipitation statistics than to evaporation variability; the topography group slightly favored slope over 

elevation; the spatial group treated latitude and longitude equally; and the soil group assigned nearly equal 

weights to sand, silt, and clay fractions. No data-driven fitting or post hoc weight tuning was applied. A 

lightweight sensitivity analysis using the baseline and four alternative weighting configurations showed only 135 

marginal changes in downstream DTRR skill across reasonable perturbations of the prior weights; the 

complete scheme definitions and results are included in the released package. 

Before similarity calculation, hydrological variables were transformed using log(1+x) to reduce scale 

imbalance. Missing feature values were filled using the median of the anchor-station feature distribution, and 

all attributes were standardized using anchor-based z-score scaling. Similarity between a target station and a 140 

candidate donor was then defined as a monotonic transformation of weighted Euclidean distance in the 

standardized feature space. To improve hydroclimatic consistency, donor search preferentially retained 

anchors from the same continent and Koppen-Geiger class as the target station. If fewer than five donors 

were available under this constraint, the search was progressively relaxed to anchors from the same continent 

and Koppen code prefix, then the same continent only, then the same Koppen major class, then the same 145 

Koppen code prefix, and finally the full anchor pool. The five most similar anchors were retained as the donor 

pool for each target station, yielding 43,655 donor-target pairs with a mean similarity of 0.909. 

Gap filling was then carried out using Donor-Trend Recursive Regression (DTRR) as the default production 

method. DTRR is implemented as a station-specific ridge-regression model fitted on the standardized 

observed record of each target station. For each missing month, the model combines seasonal terms, target 150 

persistence, and donor-based information derived from the three highest-similarity donors within the matched 

donor pool: 

 0
ˆ ,t tz = +β x


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where ˆ
tz is the standardized reconstructed flow at month t , and tx includes month-of-year harmonics, the 

lag-1 target flow, the current flow and month-to-month change of the top three donors, a similarity-weighted 155 

donor mean, a similarity-weighted donor change, and donor coverage at that time step. Each prediction is 

transformed back to the original flow scale and constrained to be nonnegative. The constrained value is then 

restandardized, written back to the target series, and used as the lag-1 input for the next missing month, 

making the reconstruction explicitly recursive. 

To prevent numerical divergence in very-low-flow settings, a guarded fallback was introduced in the 160 

production workflow. For stations with median flow below 0.02 m³ s⁻¹, the released product uses Model-

Agnostic Meta-Learning (MAML) instead of DTRR. MAML is a neural regression model with seasonal 

harmonics and lag-1 target flow as inputs. Its first-order meta-initialization is learned exclusively from anchor 

stations using balanced simulated random 30 %, 3-, 6-, 12-, and 25–48-month gaps. For each meta-training 

task, station-level standardization is estimated from support observations only, and hidden query months are 165 

predicted recursively. At each target station, the learned initialization is adapted using matched-anchor 

observations and the available target record before sequential gap reconstruction. All reconstructed flows are 

constrained to be nonnegative before recursive feedback. MAML therefore also uses recursive lag-1 feedback; 

its safeguard role is based on empirical numerical stability and its consistently highest NSE among the non-

DTRR methods across the validation scenarios in Sect. 4.3, rather than on removal of recursion. The 0.02 m³ 170 

s⁻¹ threshold remains a pragmatic production safeguard rather than a theoretically unique cutoff. 

3.3 Quality-control design and product metadata 

The GSIM-PLUS quality-control design follows a two-layer logic. The first layer records reconstruction 

provenance and gap context directly in the main time-series product. Each record includes 

“observed_streamflow”,“final_streamflow”, “ segment_length”,“fill_method”and“quality_flag”. 175 

Here, “quality_flag” distinguishes observed values from reconstructed values and links each reconstructed 

point to the length of the missing segment in which it occurs: “Q0” denotes original observations, “Q1” 

denotes reconstructed values within short gaps of up to 3 months, “Q2” denotes reconstructed values 

within intermediate gaps of 4-24 months, and “Q3” denotes reconstructed values within gaps longer than 

24 months. If no stable estimate can be produced, the framework reserves “Q4” for unresolved values. 180 
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The “fill_method” field records whether a value was preserved as `OBSERVED` or reconstructed using 

“DTRR”, “MAML”, or another designated method in comparison experiments. 

The second layer records contextual risk. In the current release, this layer is also written directly into the 

product tables through “kg_major”, “ kg_code ” , “ arid_flag ” , “ low_flow_flag ” , 

“context_risk_flag”, and “guard_applied”. These fields identify the hydroclimatic setting of each 185 

station, indicate whether the station belongs to the arid climate class, mark very-low-flow stations with 

median flow below 0.02 m3 s⁻¹ , summarize the combined contextual risk status, and record whether the low-

flow safeguard was activated in production. In this way, the released archive does not rely on a single scalar 

uncertainty value, but instead provides users with a compact set of provenance and context indicators that 

can be used together for downstream filtering and interpretation. 190 

This two-layer design is important because monthly reconstruction uncertainty is not controlled by one factor 

alone. Gap length is a first-order indicator of reconstruction difficulty, but it does not fully capture 

hydroclimatic regime or low-flow instability. In GSIM-PLUS, the “Q0-Q3” system therefore serves as the 

primary provenance tier, while the contextual fields provide a complementary risk tier for interpretation and 

screening. Users can first select records by reconstruction class and then refine their selection according to 195 

basin setting and low-flow context most relevant to their application. 

4 Validation of the production workflow 

4.1 Dataset overview 

The final GSIM-PLUS product contains 16,054 stations, including 7,323 anchor stations and 8,731 target 

stations, and spans all inhabited continents. Under the guarded DTRR production workflow, the dataset fills 200 

303,271 missing monthly records, of which 277,729 belong to target stations. Spatial density is highest in 

Europe and eastern North America and lowest in central Africa and central Asia (Fig. 1), reflecting the 

underlying distribution of the GSIM archive. Detailed completeness changes and quality-flag distributions 

are presented in Sect.5.2. 
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 205 

Figure 1. Global station distribution and station screening. (a) Global distribution of all GSIM stations. (b) Number of 

stations by missing-rate class for anchor, target, and insufficient-observation groups. (c) Cumulative proportion of stations as 

a function of missing rate for the three station groups. (d) Global distribution of the station classes defined in this study. 
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4.2 Data gaps and evaluation overview 

The validation framework was designed to reflect the main types of missingness observed in global monthly 210 

streamflow archives rather than to function as a generic method-comparison benchmark. In practice, GSIM 

target stations contain a mixture of isolated missing months, short continuous outages, medium-length 

interruptions, and occasional very long data gaps. These different gap structures imply different 

reconstruction risks and directly motivate the quality classes used in GSIM-PLUS. Accordingly, the 

production workflow was evaluated under four complementary validation settings: random masking, fixed-215 

length continuous gaps, mixed hybrid gaps, and super-long gaps. 

The random 30 % masking experiment represents scattered missingness under otherwise well-observed 

conditions. The continuous-gap experiments with 3, 6, and 12 missing months represent short outages, 

seasonal-scale interruptions, and year-scale breaks, respectively. The hybrid experiments combine multiple 

gap length and are intended to mimic the mixed missingness patterns commonly found in operational archives. 220 

The operating conditions are set as shown in Table 2. Finally, the super-long-gap experiment targets the most 

difficult reconstruction regime, with missing segments longer than 25 months. Together, these scenarios 

define the practical quality boundary of the product: they test not only whether DTRR performs well on 

average, but also under what kinds of missing-data structures reconstruction remains reliable enough for 

inclusion in the released dataset. 225 

Table 2. The operating conditions of hybrid experiments. 

Category 1 month 3 months 6 months 12 months 24 months 25+ months 

H1 (%) 35 30 20 10 5 0 

H2 (%) 20 20 20 15 15 10 

H3 (%) 10 10 15 20 20 25 

Eight candidate methods were evaluated in the internal validation experiments: two simple baselines 

(Seasonal Mean and IDW), four general machine-learning regressors (Random Forest, Linear Regression, 

KNN, and LSTM), a gap-aware neural meta-learning model (MAML), and the production method (DTRR). 

These comparisons are used to justify the production choice and identify the conditions under which 230 

reconstruction uncertainty begins to rise, rather than to rank methods as an end in itself. 

4.3 Overall validation summary 

Table 3 summarizes the main internal-validation results for the production workflow. Across all evaluated 

missing-data structures, DTRR provided the highest overall skill and the most stable behavior as gap 
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difficulty increased. Under random 30 % masking, DTRR achieved NSE = 0.864 and KGE = 0.920, 235 

exceeding the best non-DTRR alternative. In the continuous-gap experiments, DTRR remained the top 

method for all three scenarios, with NSE/KGE values of 0.879/0.865 for 3-month gaps, 0.930/0.931 for 6-

month gaps, and 0.797/0.869 for 12-month gaps. The 6-month scenario yielded the highest pooled skill, 

indicating that performance is not strictly monotonic with gap length under this validation design; because 

each scenario uses independently sampled gap blocks and pooled evaluation points, the reported statistics 240 

reflect scenario difficulty rather than a strict paired comparison. Even so, the 12-month experiment shows a 

clear decline relative to the shorter-gap scenarios and provides a useful reference for the upper end of 

moderate-confidence reconstruction. 

The hybrid scenarios provide a more realistic representation of archive-like missingness. In the short-gap-

dominant H1 scenario, DTRR achieved NSE = 0.774 and KGE = 0.861. In the balanced H2 scenario, after 245 

excluding one unstable near-zero-flow outlier station (AU_0002125), DTRR reached NSE = 0.809 and KGE 

= 0.881. In the long-gap-dominant H3 scenario, again excluding AU_0002125, DTRR retained useful skill 

with NSE = 0.729 and KGE = 0.824. These results indicate that DTRR is effective not only for scattered or 

short gaps, but also for the mixed gap structures that dominate real-world station archives. 

The super-long-gap experiment defines the most conservative quality boundary of the released product. After 250 

excluding three unstable outlier stations (AU_0002125, AU_0000492, and BR_0000375), DTRR achieved 

NSE = 0.511 and KGE = 0.715 over 391,519 common evaluation points. Although all methods degraded in 

this regime, DTRR retained the highest skill and MAML was the strongest non-DTRR alternative. The lower 

performance under these extreme conditions supports use of long-gap reconstruction in GSIM-PLUS while 

justifying stronger caution for the longest segments in downstream applications. 255 
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Table 3. Overall validation performance of DTRR and the strongest non-DTRR comparator. 

Validation 

setting 
DTRR NSE DTRR KGE 

Strongest non-DTRR 

method 
Interpretation for GSIM-PLUS 

Random 30 % 

masking 
0.864 0.920 MAML 

Supports DTRR as the default 

production method under 

general missingness 

Continuous 3 

months 
0.879 0.865 MAML 

High-confidence reconstruction 

for short gaps 

Continuous 6 

months 
0.930 0.931 MAML 

Very strong pooled skill; still 

within the high-confidence 

range 

Continuous 12 

months 
0.797 0.869 MAML 

Clear degradation begins, but 

performance remains strong 

Hybrid H1 0.774 0.861 MAML 

Robust under realistic mixed 

missingness dominated by 

short gaps 

Hybrid H2 0.809 0.881 MAML 

Strong performance for broadly 

representative archive 

conditions 

Hybrid H3 0.729 0.824 MAML 

Skill remains useful but 

uncertainty increases in long-

gap archives 

Super-long gaps 

(>25 months) 
0.511 0.715 MAML 

Defines the lower-confidence 

boundary of the released 

product 

Taken together, these experiments support two product-level conclusions. First, DTRR is the appropriate 

default production method for GSIM-PLUS because it remains consistently superior across the major 

missing-data structures considered here, while MAML provides a numerically stable safeguard for the 260 

predefined very-low-flow subset. Second, reconstruction uncertainty is governed primarily by gap structure, 

with a marked transition from high-confidence short and medium gaps to more uncertain very long gaps. 

This pattern directly motivated the gap-length-based quality classes described in Sect. 3.3 and informs the 

usage recommendations presented in Sect. 5.2. 
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4.4 Independent-reference comparison against GRDC observations 265 

To independently evaluate the reconstructed records, GSIM-PLUS estimates were compared with GRDC 

monthly observations at 16 co-located stations across six continents. The analysis was restricted to months 

originally missing from GSIM but observed by GRDC. The GRDC values were used only for evaluation and 

were not involved in donor selection, model fitting, or reconstruction. 

Overall reconstruction accuracy was assessed primarily using NSE, while R was used as a complementary 270 

measure of temporal co-variation. 11 of the 16 stations had positive NSE values (Table 4; Fig. 2). Strong 

overall agreement was obtained at BR_0000276 (n = 24, NSE = 0.93, R = 0.97, p < 0.001) and US_0002812 

(n = 10, NSE = 0.79, R = 0.92, p < 0.001). FR_0001112 also produced high values (n = 6, NSE = 0.92, R = 

0.97, p = 0.0017), although its relatively small sample requires cautious interpretation. These examples show 

that GSIM-PLUS can reproduce both flow magnitude and temporal variation when suitable donor 275 

information and representative target observations are available. 

Twelve stations showed statistically significant positive correlations, but high R did not always coincide with 

high NSE. For example, US_0004183 had R = 0.98 but NSE = 0.50, while ZA_0000030 had R = 0.91 but 

NSE = 0.08. These results indicate that temporal variations were reproduced more accurately than flow levels, 

variances, or peak magnitudes at some stations, as also shown by the scatter plots and Taylor diagram (Figs. 280 

3-4). For US_0005774, however, the high correlation (R = 0.99) was based on only three paired observations 

and was not statistically significant (p = 0.0897); this station is therefore not used as evidence of strong 

agreement. Table 4 reports the sample size and two-sided p value associated with R for all 16 stations, and 

correlations based on very small samples should be interpreted cautiously. 

The most extreme negative NSE values occurred at AU_0000817 and ZA_0000051, for which the mean 285 

GRDC flows during the evaluated months were only 0.0034 and 0.0242 m³ s⁻¹, respectively. The low variance 

of these near-zero reference values increased the sensitivity of NSE to reconstruction errors, consistent with 

the low-flow reconstruction difficulty identified in Sect. 5.1.2. However, their GSIM source-record medians 

exceeded the station-level 0.02 m³ s⁻¹ safeguard threshold. These cases show that episodic near-zero-flow 

periods may occur at stations not classified as persistently low flow and that differences between the flow 290 

distributions represented by the available GSIM observations and the GRDC evaluation months can further 

affect magnitude agreement. Overall, the independent GRDC comparison supports the reconstruction 
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capability of GSIM-PLUS at many stations, while identifying small samples and episodic near-zero-flow 

conditions as important limitations. 

Table 4. Agreement between GSIM-PLUS reconstructions and independent GRDC observations at 16 co-located 295 
stations. 

Station Region 

Evaluated 

infilled 

months (n) 

Mean 

flow 
Fill NSE Fill R Fill RMSE Fill MAE P value 

AU_0000756 Australia 7 0.85 0.67 0.8864 0.25 0.20 0.0078 

AU_0000768 Australia 17 0.94 0.09 0.3878 1.49 0.60 0.1241 

AU_0000817 Australia 21 <0.01 -30.64 0.1713 0.09 0.06 0.4578 

BR_0000276 
South 

America 
24 6380.9 0.93 0.9739 1127.58 805.63 <0.001 

BR_0000649 
South 

America 
20 11.68 -0.35 0.1497 10.96 8.58 0.5288 

BR_0000662 
South 

America 
12 53.39 0.48 0.9477 72.51 30.69 <0.001 

FR_0001112 Europe 6 1.25 0.92 0.9666 0.44 0.39 0.0017 

IN_0000071 Asia 7 418.3 -0.05 0.9519 673.96 633.43 <0.001 

JP_0000268 Asia 60 316.0 0.54 0.7562 113.97 77.10 <0.001 

JP_0000805 Asia 36 107.9 0.10 0.4387 55.90 43.23 0.0074 

US_0002812 
North 

America 
10 85.50 0.79 0.9195 42.25 26.85 <0.001 

US_0004183 
North 

America 
14 45.04 0.50 0.9758 15.79 10.98 <0.001 

US_0005774 
North 

America 
3 1757.8 0.83 0.9901 727.64 594.52 0.0897 

ZA_0000030 Africa 24 40.75 0.08 0.9122 26.80 17.91 <0.001 

ZA_0000048 Africa 11 0.74 -0.57 0.8021 1.03 0.83 0.003 

ZA_0000051 Africa 115 0.02 -5243.36 0.2187 12.60 10.02 0.0189 

https://doi.org/10.5194/essd-2026-316
Preprint. Discussion started: 24 July 2026
c© Author(s) 2026. CC BY 4.0 License.



15 

 

Figure 2. Time-series comparison between GSIM-PLUS reconstructions and independent GRDC observations. 
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Figure 3. Scatter-plot comparison between GSIM-PLUS reconstructions and independent GRDC observations. 300 
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Figure 4. Taylor-diagram summary of agreement with independent GRDC observations. 

5  GSIM-PLUS data records and product description 

5.1 Uncertainty and quality-boundary analysis 

The uncertainty structure of GSIM-PLUS is best interpreted in two linked layers. The first layer is 305 

reconstruction provenance, represented by the Q0-Q3 quality classes and associated gap metadata. The 

second layer is contextual basin risk, in which hydroclimatic regime and very low-flow behavior can further 

modify the reliability of reconstructed values within the same Q class. The analyses below therefore focus 

on the two clearest contextual uncertainty signals in the current product: hydroclimatic differences across 

climate zones and instability in very low-flow basins under long gaps. 310 
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5.1.1 Hydroclimatic uncertainty across climate zones 

Hydroclimatic differences provide the first major contextual uncertainty signal in GSIM-PLUS. The climate-

zone analysis shows that DTRR remains the best-performing method across all five major Koppen-Geiger 

classes, but the level and spread of reconstruction skill are not spatially uniform (Fig. 5(a)). For NSE, the 

median performance is highest in polar and tropical basins (0.718 and 0.653), remains moderate in continental 315 

and temperate basins (0.581 and 0.496), and is lowest in arid basins (0.307). This pattern indicates that 

reconstruction is generally more reliable in humid and cold environments than in water-limited basins, where 

donor mismatch and intermittent flow behavior are more difficult to constrain. 

The KGE results show a similar hydroclimatic gradient (Fig. 5(b)). Median KGE reaches 0.775 in polar 

basins and 0.733 in tropical basins, compared with 0.672 in continental basins, 0.607 in temperate basins, 320 

and only 0.418 in arid basins. Because KGE reflects correlation, variability, and bias jointly, this pattern 

suggests that DTRR preserves temporal structure and flow variability more consistently in humid, tropical, 

cold, and polar settings than in arid regions. 

Bias provides an additional perspective on uncertainty boundaries (Fig. 5(c)). Although median Bias remains 

relatively small compared with the full range of observed flows, the spread of Bias is much larger in arid and 325 

low-flow settings than in humid regions, indicating that systematic over- or underestimation is more likely 

in dry-climate basins. This larger dispersion is consistent with the stronger intermittency and donor limitation 

of arid rivers and suggests that these basins should be treated as the clearest hydroclimatic high-risk regime 

in the current release. 

Taken together, Fig. 5 should be interpreted not only as a climate-zone performance comparison but also as 330 

a product-level uncertainty map. The key implication is that GSIM-PLUS is broadly usable across all major 

climate zones, but Q2-Q3 values in arid basins should be used more cautiously than records of the same class 

in humid temperate, continental, tropical, or polar basins. 
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Figure 5. Performance across different climate zones. Reconstruction performance across five major Koppen-Geiger climate 335 
zones for eight gap-filling methods, shown for (a) NSE, (b) KGE, and (c) relative Bias. DTRR performs best overall, but 

uncertainty is climate-dependent: arid basins show the lowest reconstruction skill and the widest bias dispersion, whereas 

humid and cold basins are generally more stable. 
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5.1.2 Low-flow and long-gap instability boundary 

Low-flow and intermittent-flow basins represent a second major uncertainty boundary in GSIM-PLUS. To 340 

quantify this effect, we examined station-level DTRR performance in the 12-month continuous-gap 

experiment as a function of station median flow (Fig. 6). For stations with median flow < 0.005 m³ s⁻¹, median 

station-level NSE was -0.14 and 47.1 % of stations had NSE < 0. In the 0.005-0.01 and 0.01-0.02 m³ s⁻¹ 

ranges, median NSE remained below zero (-0.09 and -0.04), and the fractions with NSE < 0 were 52.6 % and 

50.0 %, respectively. By contrast, stations with median flow > 0.05 m³ s⁻¹ had median NSE = 0.49 and an 345 

NSE < 0 fraction of 24.1 %. These results identify a clear transition in reliability around 0.02 m³ s⁻¹. 

 

Figure 6. DTRR performance in the 12-month continuous-gap experiment as a function of station median flow 

These results indicate that the transition from relatively stable to systematically fragile reconstruction occurs 

at approximately 0.02 m3 s⁻¹. We therefore adopt median flow < 0.02 m3 s⁻¹  as a low-flow safeguard threshold 350 

in the production workflow. This threshold should be interpreted as an empirical production boundary rather 

than a universal hydrological threshold. Its role is to identify stations for which recursive donor-trend 
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prediction is especially vulnerable to instability under long-gap conditions and to mark these records with an 

additional low-flow context in the released product. 

The low-flow safeguard is complementary to, rather than redundant with, the Q0-Q3 quality classes. The Q 355 

classes encode reconstruction provenance and gap-length context, whereas the low-flow threshold identifies 

an additional basin-level instability mode that can occur even within the same Q class. In the current target-

station inventory, 690 stations (7.9 % of all target stations) fall below this threshold, and 676 stations trigger 

the guarded fallback during production. The low-flow flag therefore applies to a limited but non-negligible 

subset of the archive and provides a practical second-layer warning for users working in intermittent and 360 

water-limited basins. 

5.1.3 Layered interpretation of product uncertainty 

Taken together, these results suggest that GSIM-PLUS uncertainty should be interpreted in two linked layers. 

The first layer is defined by reconstruction provenance and gap length through the Q0-Q3 quality classes. 

The second layer is defined by basin context, with arid basins and very low-flow stations carrying additional 365 

risk even within the same Q class. This layered interpretation underlies the product metadata described in 

Sect. 3.3 and provides the basis for the practical usage recommendations discussed below. 

5.2 GSIM-PLUS product overview 

GSIM-PLUS provides a gap-filled global monthly streamflow archive for 1995-2015 covering 16,054 

stations, including 7,323 anchor stations and 8,731 target stations. Under the guarded DTRR production 370 

workflow, a total of 303,271 monthly missing values are reconstructed. The released archive remains strongly 

observation-dominated, but its continuity is substantially improved in a transparent and quality-traceable 

manner. 

The completeness statistics(Fig.7) illustrate the practical effect of the release. Across the full archive, the 

median completeness increases from 86.9 % before filling to 95.2 % after filling. For target stations alone, 375 

the median completeness increases from 66.3 % to 81.0 %. A total of 7,674 stations (47.8 % of the full 

archive) reach 100 % completeness after filling, including 1,590 target stations (18.2 % of the target subset). 

These gains substantially expand the number of monthly station records that can be used for climatological 

comparison, long-term hydrological assessment, and large-sample analysis. 
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380 
Figure 7. Comparison of record completeness before and after gap filling. Empirical cumulative distribution functions 

(CDFs) of station-level data completeness for (a) the full dataset (16,054 stations) and (b) the target-station subset (8,731 

stations), comparing conditions before and after gap-filling.  

The quality composition(Fig.8) of the released product clarifies where the added continuity comes from. 

Across the full archive, Q0 records account for 91.4 % of all monthly values, while Q1, Q2, and Q3 account 385 

for 1.3 %, 3.7 %, and 3.7 %, respectively. Within the target-station subset, reconstruction naturally occupies 

a larger share: Q0 = 83.7 %, Q1 = 2.0 %, Q2 = 6.7 %, and Q3 = 7.6 %. This shift is expected because the 

target stations are precisely those with more fragmented original records. Even so, the product remains 

dominated by original observations, with reconstructed values concentrated mainly in the medium- and long-

gap portions of the archive. 390 
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Figure 8. Global spatial distribution of GSIM-PLUS quality classes. 

To verify whether GSIM-PLUS can maintain the hydrological continuity of data under complex conditions, 

we randomly selected five stations (Fig. 9) that illustrate characteristic product behaviors: AU_0002448 395 

(temperate, short gaps with smooth connections to observations), BR_0001432 (tropical, seasonal recovery 

under medium mixed gaps), CA_0003714 (cold, restoration of winter gaps and snowmelt peaks), 

US_0009172 (complex mixed-gap structure), and AU_0002656 (arid, high variability and intermittent flow). 

No obvious discontinuities or unrealistic jumps appear between imputed and observed segments, indicating 

that GSIM-PLUS preserves seasonal signals and interannual variability with good hydrological realism. 400 
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Figure 9. Representative station-level product examples. 

5.3 Dataset composition and file organization 

The public GSIM-PLUS release is distributed as a structured package that supports both direct hydrological 405 

use and full product traceability. The uploaded archive contains the main target-station product, the anchor 

companion product, the donor-similarity metadata, the parameter-sensitivity outputs, the core reproducibility 

scripts, and the release-level documentation files. The overall organization of the uploaded package is 

summarized in Table 5. 
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The release is designed around the practical use of the package as distributed, rather than around the internal 410 

workspace layout used during development. The main product entry point is 

“01_main_target_product_dtrr_guarded/”, while “02_anchor_companion_product/” provides the 

companion archive for anchor stations. Supporting folders provide the donor-selection metadata, sensitivity-

analysis outputs, and the main scripts required to audit or reproduce the published workflow. This package 

structure therefore makes GSIM-PLUS available not only as a filled monthly streamflow archive, but also as 415 

a traceable release in which users can recover both reconstruction provenance and the basin-context metadata 

associated with each record. 

Table 5. Organisation of the GSIM-PLUS release package and the main function of each file group. 

Component Representative path Main contents 
Quantity or 

scope 
Primary purpose 

Main target-

station product 

GSIM_PLUS_release_package/ 

01_main_target_product_dtrr_guarded/ 

Full monthly series, infilled-only table, 

station-level filling summary, product 

summary JSON, and station-split target files 

8,731 target 

stations; 277,729 

infilled monthly 

records; 1995-

2015 

Canonical GSIM-

PLUS release for 

station-scale 

analysis, regional 

synthesis, and model 

evaluation 

Station-split 

target series 

GSIM_PLUS_release_package/ 

01_main_target_product_dtrr_guarded/ 

GSIM_fill/ 

One CSV per target station with station_id, 

date, year, month, observed_streamflow, 

final_streamflow, segment_length, 

fill_method, quality_flag, kg_major, 

kg_code, arid_flag, low_flow_flag, 

context_risk_flag, and guard_applied 

8,731 station 

files 

Inspection of 

individual records, 

station-level 

diagnostics, and 

quality/context-

based filtering 

Anchor 

companion 

product 

GSIM_PLUS_release_package/ 

02_anchor_companion_product/ 

Anchor full-series table, infilled-only table, 

station-level filling summary, product 

summary JSON, and station-split anchor files 

7,323 anchor 

stations; 25,542 

infilled monthly 

records; 1995-

2015 

Companion archive 

for anchor 

consistency checks, 

reference-station 

analysis, and donor-

network 

interpretation 

Similarity 

metadata 

GSIM_PLUS_release_package/ 

03_similarity_metadata/ 

Target-to-anchor and anchor-to-anchor 

feature weights, Top-5 donor tables, and 

similarity summary files 

Global matching 

metadata for both 

target and anchor 

workflows 

Interpretation of 

donor selection and 

audit of the 

similarity-matching 

process 

Parameter-

sensitivity 

outputs 

GSIM_PLUS_release_package/ 

04_parameter_sensitivity_analysis/ 

Weight-sensitivity result directory, summary 

tables, key-result tables, interpretation files, 

and run_weight_sensitivity_analysis.py 

Multiple 

weighting 

configurations 

and comparison 

outputs 

Documentation of 

robustness to donor-

weight perturbation 

Reproducibility 

scripts 

GSIM_PLUS_release_package/ 

05_reproducibility_scripts/ 

Core scripts for donor matching, validation 

dispatch, target-product building, and anchor-

product building 

Key scripts 

spanning the 

released 

processing chain 

Reproduction and 

audit of the 

published GSIM-

PLUS workflow 
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Component Representative path Main contents 
Quantity or 

scope 
Primary purpose 

Release 

documentation 

GSIM_PLUS_release_package/ 

README_release.md and  

PACKAGE_MANIFEST.md 

Package overview, statistics, naming notes, 

source-path mapping, and release manifest 

Release-level 

documentation 

User guidance, 

package navigation, 

and mapping 

between release 

contents and 

workspace outputs 

5.4 Dataset limitations and recommended use 

Although GSIM-PLUS substantially improves the continuity of global monthly streamflow records, its 420 

applicability still has clear boundaries. First, uncertainty is higher for long continuous gaps than for short 

gaps. In particular, Q3 records are more suitable for regional comparison, long-term change detection, and 

exploratory analysis than for being treated as equivalent to original observations. Second, DTRR 

reconstruction at low-flow and intermittent-flow stations is more susceptible to instability under long-

recursive settings, which is why the guarded fallback rule is applied to stations with median_flow < 0.02 m3 425 

s⁻¹ during product generation. 

For high-accuracy studies, we recommend prioritizing Q0 + Q1 records. For long-term trend analysis and 

regional comparison, Q2 can also be included. If all quality levels are used, the quality-flag composition 

should be reported and sensitivity analyses should be conducted jointly with segment_length and 

completeness changes. Overall, the key strength of GSIM-PLUS is that it systematically improves the 430 

continuity of global monthly streamflow data while preserving traceability to original observations and 

providing quality flags for tiered use. 

It is worth noting that GSIM‑PLUS has a complementary rather than substitutive relationship with gridded 

runoff products (e.g., GRUN) and reanalysis runoff outputs (e.g., ERA5‑Land) in terms of application 

orientation. Gridded products provide spatially continuous runoff estimates, which are suitable for water 435 

resource assessments in ungauged regions. Reanalysis products deliver physically consistent long‑term 

simulation series. In contrast, the core value of GSIM‑PLUS lies in preserving the original characteristics of 

station observations — including the observed response characteristics at basin outlets and local hydrological 

signals — while improving temporal continuity through quality‑controlled gap filling. For applications 

requiring station‑scale in‑situ data as a benchmark, such as hydrological model validation, trend detection, 440 

and cross‑basin comparative analysis, GSIM‑PLUS provides one of the most comprehensive global archives 

of monthly runoff stations currently available. In the future, the combined use of GSIM‑PLUS station data 
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and gridded products is expected to further improve the accuracy and coverage of global hydrological 

assessments. 

Here we would also like to clarify that a large number of stations were excluded during the station screening 445 

process. The 14,905 excluded stations with low data completeness were not uniformly distributed; instead, 

they were mainly concentrated in regions where the observational network has a short history or has suffered 

severe maintenance disruptions. This reflects the imbalance in global hydrological monitoring infrastructure, 

rather than coverage blind spots in the GSIM‑PLUS framework. In these regions, the original GSIM archive 

itself lacks sufficient time series to support any statistical reconstruction method. In the future, as national 450 

observational networks are restored and satellite-retrieved runoff products become more mature, the coverage 

of GSIM‑PLUS can be further expanded within the same methodological framework. 

Data availability 

The GSIM-PLUS data product is publicly available from Zenodo at 

https://doi.org/10.5281/zenodo.21425702 (Chen, 2026). The Zenodo archive contains the released gap-filled 455 

monthly streamflow dataset, including the target-station product, the anchor companion product, quality flags, 

contextual metadata, and associated summary files. The published data package corresponds to the GSIM-

PLUS release described in this paper. 

Code availability 

The source code used to generate, validate, and document GSIM-PLUS is publicly available at 460 

https://github.com/skyhhu2024-create/GSIM-PLUS. The repository contains the scripts for station screening, 

feature construction, similarity-based donor selection, DTRR reconstruction, the MAML low-flow safeguard, 

validation experiments, product generation, and manuscript figure production. Large external input datasets 

are not redistributed through the repository and must be obtained from their original providers. 

6 Conclusions 465 

This study presents GSIM-PLUS, a gap-filled global monthly streamflow dataset for 1995–2015 derived 

from the GSIM monthly archive. By combining basin-similarity-based donor matching with station-level 
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recursive reconstruction, GSIM-PLUS fills 303,271 missing monthly records across 16,054 stations. This 

increases the median completeness of the target stations from 66.3 % to 81.0 % and that of the full station set 

from 86.9 % to 95.2 %, while preserving explicit information on reconstruction provenance and context. 470 

The production workflow uses DTRR as the default reconstruction method, with a guarded MAML fallback 

for a limited subset of very-low-flow stations. Multi-scenario validation identified DTRR as the strongest 

overall method across scattered, continuous, mixed, and very long gaps. Performance remained strong for 

gaps of up to 12 months and retained positive, although reduced, skill for gaps exceeding 25 months. 

Comparison with independent GRDC observations at 16 co-located stations provided an external reference 475 

check, indicating that temporal co-variation was generally reproduced more reliably than exact flow 

magnitude, although agreement varied among stations. 

The main contribution of GSIM-PLUS is therefore not simply the number of reconstructed values, but the 

provision of a more continuous global monthly streamflow archive in which reconstruction class, gap length, 

fill method, and major basin-context risks are explicitly documented. The product supports regional 480 

hydrological analysis, large-sample studies, model evaluation, and other monthly-scale applications requiring 

station records with improved temporal continuity. Reconstructed values should nevertheless be used more 

cautiously in arid basins, episodic or persistent very-low-flow conditions, and very long continuous gaps. 

Overall, GSIM-PLUS provides a practical and traceable foundation for broader reuse of global monthly 

streamflow observations. 485 
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