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Abstract

Large-scale co-variations of freshwater fluxes and storages on land can critically regulate green (vegetation) and blue (hydro-

sphere) water balances, land-atmosphere interactions, and hydroclimatic hazards. Such essential co-variation patterns still

remain largely unknown over large scales and in different climates around the world. To contribute to bridging this large-scale

knowledge gap, we synthesize and decipher different data time series over the period 1980-2010 for 6405 hydrological catch-

ments around the world. From observation-based data, we identify dominant large-scale co-variation patterns between main

freshwater fluxes and soil moisture (SM) for different world parts and climates. These co-variation patterns are also compared

with those obtained from reanalysis products and Earth System Models (ESMs). The observation-based datasets robustly

show the strongest large-scale hydrological co-variation relationship to be that between SM and runoff (R), consistently across

the study catchments and their different climate characteristics. The predominantly strongest large-scale SM-R co-variation

relationship, however, is also the most misrepresented by ESMs and reanalysis products, followed by that between precipitation

and R. Comparison between corresponding observation-based and ESM results also shows that an ESM may perform well for

individual hydrological variables, but still fail in representing the patterns of large-scale co-variations between variables.
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Key points 11 

 The closest large-scale co-variations of studied freshwater fluxes and storages in different 12 

climates are between soil moisture and runoff 13 

 Blue-water precipitation-runoff and green-water precipitation-evapotranspiration co-variations 14 

are mostly weaker 15 

 Soil moisture-runoff and precipitation-runoff co-variations are the most misrepresented by 16 

studied reanalysis products and Earth System models  17 
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Abstract 18 

Large-scale co-variations of freshwater fluxes and storages on land can critically 19 

regulate green (vegetation) and blue (hydrosphere) water balances, land-atmosphere 20 

interactions, and hydroclimatic hazards. Such essential co-variation patterns still 21 

remain largely unknown over large scales and in different climates around the world. 22 

To contribute to bridging this large-scale knowledge gap, we synthesize and decipher 23 

different data time series over the period 1980-2010 for 6405 hydrological catchments 24 

around the world. From observation-based data, we identify dominant large-scale co-25 

variation patterns between main freshwater fluxes and soil moisture (SM) for different 26 

world parts and climates. These co-variation patterns are also compared with those 27 

obtained from reanalysis products and Earth System Models (ESMs). The observation-28 

based datasets robustly show the strongest large-scale hydrological co-variation 29 

relationship to be that between SM and runoff (R), consistently across the study 30 

catchments and their different climate characteristics. The predominantly strongest 31 

large-scale SM-R co-variation relationship, however, is also the most misrepresented by 32 

ESMs and reanalysis products, followed by that between precipitation and R. 33 

Comparison between corresponding observation-based and ESM results also shows that 34 

an ESM may perform well for individual hydrological variables, but still fail in 35 

representing the patterns of large-scale co-variations between variables. 36 

Keywords:  37 

Large-scale hydro-climate, Hydrological correlation patterns, Observational data, Earth 38 

System Models, Reanalysis products, Hydrological catchments, Multi-catchment study 39 
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1. Introduction 41 

Different hydrological variables may be expected to co-vary (in similar or various ways) over 42 

both small and large spatiotemporal scales on land, since the world’s freshwater fluxes and 43 

storages, even though heterogeneous, are still coupled hydraulically by local continuity of 44 

water pressure, momentum and mass, as well as hydrologically by overarching water balance 45 

(large-scale continuity of mass) (Destouni et al., 2010, 2013). These multi-level linkages 46 

imply connectivity across all local interfaces of soil water with groundwater and vegetation 47 

water (Maxwell & Condon, 2016), and of subsurface with surface water (Bosson et al., 2012), 48 

as well as between blue (hydrosphere) and green (vegetation) water (Falkenmark & 49 

Rockström, 2006). Resulting large-scale co-variations of the latter regulate the balance of 50 

green and blue water resource availability and security (Mastrotheodoros et al., 2020), 51 

essential for both the green-water uses by terrestrial vegetation, forestry and agriculture 52 

(Gudmundsson et al., 2014; Orth et al., 2020), and the various blue-water uses by freshwater 53 

ecosystems (Albert et al., 2020) and human societies (for households, energy supply, 54 

agricultural irrigation, and other sectors) (Medellín-Azuara et al., 2007; Koutsouris et al., 55 

2010; Madani & Lund, 2010; Naumann et al., 2015). These large-scale co-variations also 56 

regulate land-atmosphere interactions (Maxwell & Kollet, 2008; Seneviratne et al., 2010) and 57 

hydro-climatic hazards (Raymond et al., 2020), e.g., through co-occurrences of high 58 

precipitation (P), soil moisture (SM) and runoff (R) anomalies for floods (Kalantari et al., 59 

2019), and low P, SM, R and actual evapotranspiration (ET) anomalies for droughts (Orth & 60 

Destouni, 2018) and concurrent heat-drought events (Raymond et al., 2020). Figure 1 61 

illustrates schematically main connections of P, ET and R fluxes, and contributions to these 62 

from SM, groundwater and surface water storage variations, which may to some degree also 63 

regulate resulting large-scale flux co-variation patterns on land. 64 
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 65 

Figure 1. Simple schematic illustration of main freshwater fluxes and storage connections on land. Main 66 

freshwater fluxes of precipitation (P), total actual evapotranspiration (ET), and total runoff (R) interact with soil 67 

moisture (SM), surface water (SW), and groundwater (GW) storages and their respective flux contributions to 68 

total ET and R. 69 

Local mechanistic relationships and co-variations of water flux and storage variables have 70 

been amply investigated in local hydrological studies. However, large-scale hydrological co-71 

variation patterns remain largely unknown in and across different parts and climates of the 72 

world (Van Loon, 2015; Thorslund et al., 2017). This large-scale knowledge gap leads to 73 

relatively poor hydrological and Earth System model links and performances in the changing 74 

climate across the world (Khatami et al., 2019; Saft, M., M. C. Peel, A. W. Western, 2016; 75 

Thirel et al., 2015; Vaze et al., 2010; Asokan et al., 2016; Bring et al., 2015, 2019; Törnqvist 76 

et al., 2014). One reason for such poor model performances and cross-model inconsistencies 77 

may be that large-scale models have mostly focused on just near-surface interactions of main 78 

water fluxes with SM (Clark et al., 2015; Brocca et al., 2010). However, Earth’s major 79 

freshwater storage is subsurface, including both groundwater and SM all the way down to the 80 

depth of the groundwater table; through the subsurface water pathways that continuously feed 81 

into the surface water networks of whole catchments (Cvetkovic et al., 2012), these deeper 82 

subsurface water systems may play important regulatory roles for resulting large-scale ET and 83 

R fluxes  (Moshir Panahi et al., 2020; Destouni & Verrot, 2014). Furthermore, the re-84 

circulating part of ET that feeds into total P in the same hydrological catchment (Figure 1) 85 



5 
 

may also regulate emergent large-scale hydrological co-variation patterns, and differently so 86 

in various parts and climates of the world.  87 

Recent community identification of key hydrological knowledge gaps has emphasized needs 88 

for hydrological research to go beyond fragmented local understanding (Blöschl et al., 2019) 89 

to multi-catchment studies that can identify large-scale hydrological patterns (Ghajarnia et al., 90 

2020; Orth et al., 2020; Berghuijs et al., 2019; Orth & Destouni, 2018; Destouni et al., 2013; 91 

Blöschl, 2006). In their recent multi-catchment study over Europe, Ghajarnia et al. (2020) 92 

found that, among the main flux and storage variables depicted in Figure 1, sufficiently long-93 

term time-series for consistent data-driven determination of large-scale co-variations based on 94 

different data sources are primarily available for P, R, ET, and SM. In the present study, we 95 

investigate emergent co-variation patterns of these key hydro-climatic variables worldwide 96 

based on multi-catchment data from 6405 hydrological catchments of different scales and 97 

climates around the world (Figure 2a). These study catchments are selected based on 98 

consistent data availability from different comparative sources, with the aim to answer the 99 

following main research questions: (1) What large-scale hydrological co-variation patterns 100 

emerge from different observation-based datasets for P, ET, R, and SM in different parts and 101 

climates of the world? (2) How well do reanalysis products and Earth System model (ESM) 102 

results represent the observation-based emergent hydrological co-variation patterns? 103 

To this end, we considered root-zone (and not just near-surface) SM along with P, R, and ET 104 

over each of the 6405 catchments, comparatively based on consistent monthly data over the 105 

time period 1980-2010 from observations, reanalysis products, and ESM results. 106 

Observational gauge-based and gridded data were then available for quantification of 107 

catchment-scale P and R (and surface temperature (T), also included in the study for climate 108 

consideration), while only reanalysis data were available to complement these with, in 109 

different comparative combinations, for corresponding catchment-scale ET and SM.   110 
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 111 

Figure 2. Map of the 6405 catchments included in this study and their corresponding area coverage. Panel 112 

(a) shows the location of catchments, classified into four categories of very energy-limited (VEL), energy-113 

limited (EL), water-limited (WL), and very water-limited (VWL) conditions, based on their aridity index 114 

(PET/P, where PET is potential evapotranspiration estimated based on ref. (Langbein, 1949) and P is 115 

precipitation). Panels (b-d) show the relative numbers and areas of catchments in the different categories; 116 

area values include both overlapping (OL) and non-overlapping (NOL) catchment area over the: (b) whole 117 

world, (c) Northern hemisphere, and (d) Southern hemisphere. Absolute number and area values are shown 118 

above each bar and in total inside the (b-d) panels. Relative values are obtained by dividing the absolute 119 

values (numbers above each bar) with the corresponding total values (numbers given top-right in each 120 

panel) 121 

2. Materials and Methods 122 

2.1 Datasets 123 

Table 1 lists the different sources of data used for each variable and synthesized in 10 124 

different datasets: three semi-observational (Semi-Obs1-3); two pure reanalysis datasets from 125 

either ERA5 or GLDAS; and outputs from five ESMs in the Coupled Model Intercomparison 126 
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Project Phase 6 (CMIP6; Eyring et al., 2016). The purely observational data for R, P, and T in 127 

the three semi-observational datasets are retrieved from station-based GSIM (Global 128 

Streamflow Indices and Metadata (Do et al., 2018; Gudmundsson et al., 2018)), and gridded 129 

GPCC-V7 (Global Precipitation Climatology Centre-Version7 (Schneider et al., 2016)) and 130 

GHCN-CAMS (Global Historical Climatology Network-Climate Anomaly Monitoring 131 

System (Fan & van den Dool, 2008)), respectively. With no globally consistent observational 132 

database available for SM or ET, we used in the semi-observational datasets alternative data 133 

for these variables from different reanalysis products, which many researchers regard as the 134 

closest available alternative to direct observations (Dee et al., 2011).  135 

The Semi-Obs datasets include SM and ET data from different (or independent) reanalysis 136 

products (Table 1) in order to facilitate checking of the possible dependence of associated 137 

observation-based co-variation results on specific relationships built into different reanalysis 138 

products. The three independent Semi-Obs datasets thus include observational data for P, R 139 

and T in different combinations with SM and ET data from the reanalysis products ERA5 140 

(European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 5th 141 

Generation (Copernicicus Climate Change Service (C3S), 2017)), GLDAS (Global Land Data 142 

Assimilation System; NOAH025 M2.0 (Beaudoing, H. and M. Rodell, 2019; Rodell et al., 143 

2004)), and GLEAM-3.3a (Global Land Evaporation Amsterdam Model (Martens et al., 144 

2017; Miralles et al., 2011)). The three Semi-Obs datasets are independent by including data 145 

for SM and ET from these different reanalysis products. This comparative approach was used 146 

to test the robustness of and quantify the uncertainty in resulting co-variation patterns from 147 

the different Semi-Obs datasets. 148 

 149 

 150 

 151 
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Table 1. Data used in 10 different combinations of datasets 152 

Variable 
Semi-observational Reanalysis Earth System Models (ESMs) 

1 2 3 1 2 1 2 3 4 5 

Precipitation 
GPCC-

V7a 
GPCC-

V7a 

GPCC-

V7a 
ERA5d 

GLDAS  

NOAH025 

M2.0b 

BCC-

CSM2

-MRg 

CanESM5h 
EC-Earth3-

Vegi 
MIROC6j 

MPI-

ESMk 

Soil moisture 

GLDAS  

NOAH0

25 M2.0b 

ERA5d 
GLEAM 

v3.3af 
ERA5d 

GLDAS  

NOAH025 

M2.0b 

BCC-

CSM2

-MRg 

CanESM5h 
EC-Earth3-

Vegi 
MIROC6j 

MPI-

ESMk 

Runoff GSIMc GSIMc GSIMc ERA5d 

GLDAS  

NOAH025 

M2.0b 

BCC-

CSM2

-MRg 

CanESM5h 
EC-Earth3-

Vegi 
MIROC6j 

MPI-

ESMk 

Actual 

Evapo-

transpiration 

ERA5d 
GLEAM 

v3.3af 

GLDAS  

NOAH0

25 M2.0b 

ERA5d 

GLDAS  

NOAH025 

M2.0b 

BCC-

CSM2

-MRg 

CanESM5h 
EC-Earth3-

Vegi 
MIROC6j 

MPI-

ESMk 

Temperature 
GHCN-

CAMSe 

GHCN-

CAMSe 

GHCN-

CAMSe 
ERA5d 

GLDAS  

NOAH025 

M2.0b 

BCC-

CSM2

-MRg 

CanESM5h 
EC-Earth3-

Vegi 
MIROC6j 

MPI-

ESMk 

a Global Precipitation Climatology Centre-Version7 (Schneider et al., 2016) 153 
b Global Land Data Assimilation System (GLDAS) NOAH025 M2.0 (Beaudoing and Rodell, 2019; Rodell et al., 2004) 154 
c Global Streamflow Indices and Metadata (Do et al., 2018; Gudmundsson et al., 2018) 155 
d European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 5th Generation (ERA5) (Copernicicus 156 

Climate Change Service (C3S), 2017) 157 
e Global Historical Climatology Network-Climate Anomaly Monitoring System (Fan & van den Dool, 2008) 158 
f Global Land Evaporation Amsterdam Model (Martens et al., 2017; Miralles et al., 2011) 159 
g Beijing Climate Center Climate System Model (Wu et al., 2018) 160 
h Canadian Earth System Model version 5 (Swart et al., 2019) 161 
i European Community Earth-Vegetation model version 3 (EC-Earth Consortium, 2019) 162 
j Model for Interdisciplinary Research on Climate (Tatebe & Watanabe, 2018) 163 
k Max Planck Institute for Meteorology-Earth System Model (Neubauer et al., 2019) 164 

After analyzing and obtaining large-scale hydrological co-variation patterns from the Semi-165 

Obs datasets, we further compared these with corresponding co-variation patterns obtained 166 

from the pure reanalysis datasets (ERA5 and GLDAS), or from the CMIP6 results of each of 167 

the following ESMs: BCC-CSM2-MR (Beijing Climate Center Climate System Model (Wu et 168 

al., 2018)), CanESM5 (Canadian Earth System Model version 5 (Swart et al., 2019)), EC-169 

Earth3-Veg (European Community Earth-Vegetation model version 3 (EC-Earth Consortium, 170 

2019)), MIROC6 (Model for Interdisciplinary Research on Climate (Tatebe & Watanabe, 171 

2018)), and MPI-ESM (Max Planck Institute for Meteorology-Earth System Model 172 

(Neubauer et al., 2019)). The selection of ERA5 and GLDAS for this comparison was based 173 

on these being the most widely used reanalysis products (Koohi et al., 2019). The five 174 

comparative ESMs were chosen because they were found to be relatively well performing in 175 

previous catchment-based hydrological ESM evaluations (Bring et al., 2019; Bring et al., 176 

2015). For further exploration of results on large-scale hydrological co-variation patterns 177 
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obtained with the root-zone SM mainly used in this study, we also compared these with 178 

corresponding results obtained by instead using in the Semi-Obs 2 dataset remotely-sensed 179 

surface-layer SM data from the ESA-CCI SM-v04.5 combined product (European Space 180 

Agency-Climate Change Initiative soil moisture product version 4.5 (Dorigo et al., 2017; 181 

Gruber et al., 2017, 2019)). 182 

2.2 Selection of the hydrological catchments 183 

Observation-based R data time series were needed and used for overall water-balance closure 184 

in each hydrological study catchment. The GSIM database with independent outlet discharge 185 

data for 30 958 hydrological catchments around the world was used for this purpose. 186 

However, in terms of R data (discharge divided by contributing catchment area), the GSIM 187 

database only included 8217 catchments that met the condition of having at least 300 non-188 

missing monthly R values (corresponding to 25 years) within the study period 1980-2010.  189 

Furthermore, based on quality controls of the R data, 6405 catchments were finally included 190 

in the analysis. The quality controls included comparisons of reported catchment area and 191 

area of the corresponding catchment polygon in the GSIM database. Based on these, 192 

catchments with wrongly delineated catchment polygons (e.g. triangle polygons introduced as 193 

the catchment), and catchments with clear outlier discharge values (too high or too low in the 194 

outlier range) were removed from further analysis.  195 

The final set of 6405 catchments in different parts of the world, with various climatic, 196 

geographic, and hydrological conditions, was further classified into four categories (see 197 

Figure 2a) based on their aridity index (calculated as PET/P ratio, where PET is potential 198 

evapotranspiration estimated by Langbein (1949) and P is precipitation). Hydrological co-199 

variations in many of the included study catchments may also be influenced by various 200 

anthropogenic activities, such as agriculture and its irrigation, dams and associated artificial 201 

reservoirs, and enhanced ET by these (Destouni et al., 2013). However, we did not in this 202 
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study seek to investigate and resolve all drivers and catchment-internal processes that can 203 

influence hydrological co-variations. The study aim was instead to identify if and what 204 

dominant large-scale patterns may emerge for such co-variations across a global set of 205 

catchments with widely varying drivers and internal processes, and further evaluate the 206 

performance of reanalysis and ESMs in capturing these large-scale patterns. 207 

2.3 Spatial aggregations 208 

To capture different large-scale co-variation patterns that may emerge under widely different 209 

hydroclimatic conditions, the studied catchments are divided into four main such classes 210 

(Figure 2a): very energy-limited (VEL; dark green), energy-limited (EL; light green), water-211 

limited (WL; orange), and very water-limited (VWL; red). This classification is based on 212 

catchment-average aridity index (PET/P), where PET is potential evapotranspiration 213 

estimated by Langbein (1949). The R data is station-based and directly representative of 214 

integrating discharge from each catchment, while the data for each gridded study variable (P, 215 

ET, SM, T) is aggregated through area-weighted averaging over each catchment to get 216 

corresponding catchment-wise variable time series. In this area-weighted averaging over each 217 

catchment, overlying areas of each grid with the catchment polygons are used as the 218 

averaging weights.  Moreover, all catchment-wise data are further aggregated over all 219 

catchments in each climate category to get large-scale variable time series representative of 220 

each climate category. In this cross-catchment aggregation, the total surface area of each 221 

catchment is the weight in the area-weighted averaging. This procedure was followed for all 222 

observational, reanalysis and ESM data, to get catchment–wise and climate-category 223 

aggregated monthly time series for all variables.  224 

Since some of the study catchments are overlapping, we have also calculated and compared 225 

the total overlapping (OL) and non-overlapping (NOL) areas of each climate category 226 

globally (Figure 2b), and over the Northern (Figure 2c) and Southern (Figure 2d) 227 
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hemispheres. This shows that the OL and NOL catchment areas sample similar relative area 228 

shares of the different climate categories (relative OL and NOL area values are similar for and 229 

across the categories).  As such, the OL catchment statistics can be used as a relatively 230 

unbiased sample representation of the NOL global or hemispheric catchment area conditions 231 

and statistics. By considering non-weighted OL catchment statistics we get a larger sample of 232 

catchments from which we can also assess how individual catchments of any scale behave 233 

and compare statistically with the large-scale area-weighted behavior and statistics obtained 234 

for each climate-zone aggregation of catchments.  235 

2.3 Statistical co-variation and model error quantifications 236 

Co-variation patterns were quantified and compared in terms of resulting coefficients of 237 

determination (r
2
) for linear regression between pairs of variable anomalies in each 238 

catchment, and various r
2
 statistics across the catchments in each climate category, for all 239 

comparative datasets (Table 1). The absolute monthly value in the time series of each variable 240 

were transformed to normalized monthly anomalies as: 241 

𝑁𝑜𝑟𝑋𝑚,𝑦 =
𝑋𝑚,𝑦 − 𝑋𝑚̅̅ ̅̅

𝜎𝑋𝑚
 (1) 

where 𝑁𝑜𝑟𝑋𝑚,𝑦 is normalized anomaly of variable 𝑋𝑚,𝑦 for month 𝑚 of each year 𝑦, and  𝑋𝑚̅̅ ̅̅  242 

and 𝜎𝑋𝑚 are the long-term average value and standard deviation of monthly X, respectively, 243 

for each month 𝑚 over all years in the study period 1980-2010.  244 

To quantify large-scale co-variation patterns from the r
2
 results for each variable pair in and 245 

across all catchments of each climate category, globally and in each hemisphere, area-246 

weighted average r
2 

values were calculated over the entire variable pair time series, as well as 247 

for each specific month across all years in the series. A corresponding area-weighted standard 248 

deviation (𝜎∗) among catchment results was also calculated as (Hawley et al., 1988):  249 
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𝜎∗ = √𝑣𝑎𝑟(𝑟2)∑(
𝐴𝑗

∑ 𝐴𝑗
𝑁
𝑗=1

)

2𝑁

𝑗=1

 (2) 

where 𝐴𝑗 is the area of catchment j and N is the number of catchments. In this way, larger 250 

catchments have greater influence than smaller ones on resulting area-weighted co-variation 251 

statistics. In addition, non-weighted r
2
 statistics were also calculated to represent hydrological 252 

co-variation behaviors and statistics irrespective of catchment scale, for comparison with the 253 

above-described area-weighted result statistics.  254 

Moreover, to evaluate and rank ESM and reanalysis product performance, statistical error 255 

measures were calculated for individual hydroclimatic variables in terms of mean absolute 256 

error (MAE), standard deviation (SD), correlation coefficient (CC), and root mean squared 257 

difference (RMSD). These error measures were calculated for absolute variable values in each 258 

catchment and further averaged across the catchments. In these calculations for individual 259 

hydrological variable performance, ESM and reanalysis product results were compared with 260 

purely observational data from GPCC for P, GSIM for R, GHCN-CAMS for T, and reanalysis 261 

data from GLEAM3.3-a for SM and ET. The GLEAM3.3-a dataset was chosen for the latter 262 

so that ERA5 and GLDAS result performance could also be assessed against some alternative 263 

way to obtain the SM and ET variables.  264 

For error measure and ranking based on co-variation results for different pairs of variables, 265 

the r
2
 results from the ESM and reanalysis products were compared with corresponding 266 

reference results from the Semi-Obs1 dataset. The MAE for r
2
 values obtained from the 267 

former was then calculated by comparison with the reference r
2
 values obtained from the 268 

Semi-Obs1 dataset, and further divided by the SD of the r
2
 time series in the Semi-Obs1 269 

dataset.  270 

 271 
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3. Results and Discussion 272 

Figure 3 shows resulting co-variation patterns between different variable pairs for the 273 

catchments in each climate category and for all studied datasets (Table 1). The results show 274 

consistent, robust large-scale co-variation patterns obtained from the three Semi-Obs datasets 275 

(Figure 3a-c), but considerable differences from these in results obtained from pure reanalysis 276 

data (Figure 3d,e) and ESM outputs (Figure 3f-j). 277 

The Semi-Obs dataset results (Figure 3a-c) are consistent with those from reanalysis (Figure 278 

3d-e) in showing the overall strongest co-variation relationship (highest average r
2
) between 279 

SM and R (even stronger from reanalysis than the Semi-Obs datasets). The Semi-Obs datasets 280 

further consistently - and compared with the other results apparently surprisingly - exhibit the 281 

weakest co-variation relationship (lowest average r
2
) between P and R. The reanalysis and 282 

most ESM results exhibit considerably stronger P-R relationships, but with different changes 283 

towards either stronger or weaker average r
2
 for drier, more water-limited climate conditions. 284 

In contrast, the Semi-Obs datasets show consistently stable and small r
2
 between P and R 285 

across all hydroclimatic conditions.  286 

Results are overall consistent across all studied datasets in showing stronger (higher average 287 

r
2
 for the) P-ET and SM-ET relationships in drier and more water-limited climate. However, 288 

the ESM results exhibit widely varying r
2
 values for these relationships and mostly too high r

2
 289 

for the P-ET relationship in the driest conditions, compared with both the Semi-Obs and the 290 

reanalysis results. The P-SM co-variation strength is that differing the most between the 291 

different Semi-Obs datasets, but these differences are similar to those exhibited by the 292 

reanalysis and ESM results, as are also the average, relatively small r
2
 levels resulting from 293 

the different datasets. 294 

 295 
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Overall, the hydrological co-variation patterns emerging from the Semi-Obs datasets (Figure 296 

a-c) are more consistent with those obtained from reanalysis products (Figure 3d-e) than the 297 

ESM results (Figure 3f-j). The latter show diverse biases and inconsistencies among the 298 

different ESMs, as well as between these and the Semi-Obs and reanalysis results, for all 299 

studied variable co-variations. Furthermore, even though the reanalysis data capture the 300 

overall strongest SM-R co-variation, they tend to overestimate this as well as the P-R co-301 

variation strength. Most importantly, the ERA5 (Figure 3d) and GLDAS (Figure 3e) results 302 

diverge in how the SM-R and P-R co-variation strengths change with drier and more water-303 

limited climate. For the weaker P-ET, P-SM, and SM-ET co-variations, the reanalysis results 304 

are more consistent with those for the Semi-Obs datasets.  305 

The ESM results are particularly inconsistent with other datasets for BCC-CSM2-MR (Figure 306 

3f), which totally misrepresents the SM-R, P-R and P-ET co-variations, and greatly 307 

underestimates the strongest first two. CanESM5 (Figure 3g) overestimates co-variations of 308 

P-SM, SM-ET, P-R (in the VEL and EL categories), and P-ET (in the VWL category), while 309 

MPI-ESM (Figure 3h) and EC-Earth3-Veg (Figure 3i) overestimate the P-R co-variations and 310 

also imply unrealistic increases in these for drier conditions, and MIROC6 (Figure 2j) 311 

underestimates SM-R and overestimates P-R co-variation.  312 
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 313 

Figure 3 – Area-weighted average coefficient of determination (r2) values for linear regression of co-314 

variations in precipitation-runoff (P-R), precipitation-evapotranspiration (P-ET), precipitation-soil 315 

moisture (P-SM), soil moisture-runoff (SM-R), and soil moisture-evapotranspiration (SM-ET). Results are 316 

shown for data from the (a-c) semi-observational datasets, (d, e) reanalysis datasets, and (f-j) Earth System 317 

Model (ESM) outputs. Catchments are classified as in Figure 2 into four categories of very energy-limited 318 

(VEL), energy-limited (EL), water-limited (WL), very water-limited (VWL) conditions. Area-weighted 319 

standard deviation of the r2 values among catchments (calculated according to Eq. (2)) is also shown by 320 

error bars. See Table 1 for reanalysis product and ESM acronyms and source references. 321 

Supporting Figure S1 shows r
2 

box plots for each variable pair with non-weighted statistics, 322 

corresponding to the area-weighted statistics in Figure 3. Result comparison shows much 323 

greater variability of r
2 

values among catchments for non-weighted than area-weighted 324 

statistics. This may be due to smaller catchments varying more between them than larger one, 325 

and the effects of small-catchment variability being dampened by area-weighting.  326 

Furthermore, catchment scale weighting (or not) affects more the P-R than other co-variation 327 
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results, which show smaller differences between corresponding area-weighted and non-328 

weighted results. The average level of r
2 

for the P-R relationship is greater for non-weighted 329 

than area-weighted statistics, with the latter being more influenced by large-catchment 330 

behavior and the difference being most notable for wet, energy limited catchments (VEL and 331 

EL categories). This may be due to that larger catchments encompass greater spatial 332 

heterogeneity within them (rather than between them), e.g., in human activities, groundwater 333 

flows into stream networks, prevalence of lakes, wetlands and other land-covers. In 334 

combination, such greater within-catchment heterogeneity may dampen direct P-R 335 

relationships in the larger catchments. In contrast to the Semi-Obs datasets, however, the pure 336 

reanalysis and ESM datasets do not capture this difference between larger- and smaller-scale 337 

catchments (Supporting Figure S1). 338 

Overall, the comparison between Figure 3 and Supporting Figure S1 shows that the SM-R co-339 

variation is still strong, also when considering non-weighted statistics with greater influence 340 

of small catchments. This may be due to the relatively close hydraulic connection of the 341 

whole root-zone SM (considered here) with the groundwater table and its variations, which in 342 

turn determine variations in hydraulic gradient and groundwater flow to streams and total R. 343 

Groundwater flow distance to nearest downgradient stream depends on stream density within 344 

each catchment, which may not differ much between smaller and larger catchments in the 345 

same hydro-climatic region (Darracq et al., 2010).  346 

Supporting Figure S2 further shows co-variation results for just near-surface SM data from 347 

ESA-CCI SM-v04.5 (European Space Agency-Climate Change Initiative soil moisture 348 

product version 4.5 (Dorigo et al., 2017; Gruber et al., 2017, 2019) while keeping all other 349 

data as in the Semi-Obs2 dataset. ESA-CCI is a global remotely-sensed product that measures 350 

SM only in the top soil layer at the surface, whereas the other reanalysis products capture SM 351 

over the root zone. Result comparison shows considerably closer P-SM co-variations when 352 
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considering just the surface SM (Supporting Figure S2a) instead of the whole root-zone SM 353 

(Figure 3.b) and the opposite for SM-R co-variations. These comparative results are as 354 

expected from the surface SM having more (less) direct hydraulic connection to P at the 355 

surface (the underlying groundwater table) than the whole root-zone SM. Thereby the surface 356 

SM is more (less) directly related than the root-zone SM to variations/anomalies of P and 357 

associated infiltration to SM at the surface (of groundwater table depth and associated 358 

groundwater flow contributions to total R).  359 

Furthermore, for monthly co-variations, Figure 4 and Figure 5 show average monthly r
2
 360 

values for the northern and the southern hemisphere, with different seasonal characteristics, 361 

respectively, for one semi-observational dataset (Semi-Obs1), one reanalysis product 362 

(GLDAS), and one ESM (MPI-ESM); complete results for all datasets are shown in 363 

Supporting Figures S3-8. Results for Semi-Obs1 (Figure 4-5a) show consistently stronger 364 

monthly co-variation for SM-R than for P-R and the other variable pairs in the northern 365 

hemisphere, except for the dry VWL catchments in the southern hemisphere, where the co-366 

variation of SM-R is smaller than that of SM-ET. The GLDAS reanalysis results (Figure 4b) 367 

are also largely consistent with those of Semi-Obs1, but with closer SM-R and P-R co-368 

variations in the southern hemisphere (Figure 5b). The MPI-ESM, however, only weakly 369 

captures the data-given monthly co-variation patterns, and particularly overestimates the P-R 370 

co-variation (Figure 4-5c). Overall, the reanalysis and ESMs capture the stronger SM-ET co-371 

variations in drier (more water limited) catchments, especially in the northern hemisphere 372 

(Figure 4 and Supporting Figures S5-8). In the southern hemisphere, monthly r
2
 values differ 373 

considerably from those in the Semi-Obs datasets for both the reanalysis and the ESMs, 374 

which may be partly due to the relative lack of data for this hemisphere both for our 375 

comparison and for general reanalysis and ESM development and testing. 376 
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 377 

Figure 4. – Monthly r2 values from linear regression of normalized anomalies (𝑁𝑜𝑟𝑋𝑚,𝑦, Eq. (1)) of 378 

variable pairs: precipitation-runoff (P-R) (blue), precipitation-evapotranspiration (P-ET) (grey), 379 

precipitation-soil moisture (P-SM) (yellow), soil moisture-runoff (SM-R) (red), and soil moisture-380 

evapotranspiration (SM-ET) (green) in (a) semi-observational dataset 1 (Semi-Obs 1), (b) GLDAS 381 

reanalysis product, and (c) MPI-ESM Earth System Model (ESM). Results shown are for very energy-382 

limited, energy-limited, water-limited, and very water-limited catchment classes in the northern 383 

hemisphere. See Table 1 for reanalysis product and ESM acronyms and source references. 384 
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 385 

Figure 5. – Monthly r2 values from linear regression of normalized anomalies (𝑁𝑜𝑟𝑋𝑚,𝑦, Eq. (1)) of 386 

variable pairs: precipitation-runoff (P-R) (blue), precipitation-evapotranspiration (P-ET) (grey), 387 

precipitation-soil moisture (P-SM) (yellow), soil moisture-runoff (SM-R) (red), and soil moisture-388 

evapotranspiration (SM-ET) (green) in (a) semi-observational dataset 1 (Semi-Obs 1), (b) GLDAS 389 

reanalysis product, and (c) MPI-ESM Earth System Model (ESM). Results shown are for very energy-390 

limited, energy-limited, water-limited, and very water-limited catchment classes in the southern 391 

hemisphere. See Table 1 for reanalysis product and ESM acronyms and source references. 392 

Figure 6 finally shows reanalysis and ESM performance relative to the semi-observational 393 

datasets for both individual hydroclimatic variables (Figure 6a) and their pair-wise co-394 

variations (Figure 6b) across all 6405 study catchments. The reanalysis products exhibit 395 

overall lower relative error (MAE/SD) than the ESMs and, among the latter, EC-Earth and 396 

MIROC have the lowest MAE/SD for individual variables. ESM errors are greatest for SM 397 

followed by R, while the lowest errors are found for T and ET. Similar conclusions are 398 

reached based on Taylor diagrams (Supporting Figure S9), and these individual variable 399 
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findings are also consistent with those in other studies showing generally better agreement 400 

between ESMs and observation data for T than for hydrological variables (Asokan et al., 401 

2016; Arvid Bring et al., 2015; Flato, G., Marotzke, J., Abiodun, B., Braconnot, P., Chou, 402 

S.C., Collins, W., 2013; Woldemeskel et al., 2012). For the co-variations of variables, Figure 403 

6b shows highest reanalysis and ESM errors relative to data for the SM-R relationship, 404 

followed by the P-ET or P-R relationships, while the SM-ET relationship is associated with 405 

the smallest co-variation errors. Comparison between Figure 6a and Figure 6b shows that 406 

relatively good performance (small error) for individual hydroclimatic variables does not 407 

necessarily lead to good performance also in the variable co-variation patterns. This means 408 

that models may rank differently based on individual variable performance than on co-409 

variation performance. For instance, ERA5 is ranked 1
st
 for R and SM individually (based on 410 

Figure 6a), while it shows the third worst performance and MPI-ESM is the 1
st
 ranked model 411 

for the SM-R covariation relationship (Figure 6-b ). 412 

 413 

Figure 6. – Performance assessment of reanalysis products and Earth System models (ESMs) in terms of 414 

mean absolute error (MAE) relative to values in the reference dataset Semi-Obs 1 (Table 1) divided by the 415 

Semi-Obs 1 standard deviation (SD). Results are shown for (a) individual variable values, and (b) co-416 

variations between variable pairs, as quantified by the coefficient of determination (r2) in linear regression 417 

for each pair. The variables considered are precipitation (P), runoff (R), temperature (T), 418 

evapotranspiration (ET) and soil moisture (SM). See Table 1 for reanalysis product and ESM acronyms 419 

and source references. 420 

 421 
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Conclusion 422 

A main answer to the first research question of this study is that the observation-based 423 

datasets robustly show the closest large-scale hydrological co-variations to be those between 424 

root-zone SM and the blue freshwater runoff flux R. This strong co-variation pattern emerges 425 

predominantly and consistently across the multiple study catchments in different world parts 426 

and climates. Co-variations are overall weaker than those of the SM-R relationship for both 427 

the blue P-R and the green P-ET flux connections. The blue P-R relationship is stronger than 428 

the green P-ET relationship for relatively wet, energy-limited climate conditions, while the 429 

latter is stronger only for very dry and very water limited conditions. The role of SM as 430 

possible main regulator of green ET flux variations also increases for drier and more water-431 

limited conditions, while the role of P for SM variations increases, and that of SM for R 432 

variations decreases for SM measured at smaller depth, closer to the surface.   433 

For the second research question of this study, reanalysis products and ESMs are found to 434 

exhibit their greatest errors relative to observation-based datasets for the dominant SM-R co-435 

variation relationship, and the separate SM and R variables. ESM performance assessment for 436 

hydrology often focuses on individual variables, while our study shows that individual-437 

variable performance of an ESM may be good while its variable co-variation performance 438 

may be poor. Overall, ESM results for large-scale SM-R and P-R co-variations exhibit 439 

considerable biases and large differences among the models, which mostly perform better for 440 

SM-ET and P-ET co-variations. The findings of this study can contribute to improve 441 

modeling capabilities and advance fundamental understanding of essential large-scale 442 

hydrological co-variation patterns for water resource security, and water-related hazards and 443 

land-atmosphere interactions. 444 
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