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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

e The closest large-scale co-variations of studied freshwater fluxes and storages in different
climates are between soil moisture and runoff

e Blue-water precipitation-runoff and green-water precipitation-evapotranspiration co-variations
are mostly weaker

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

studied reanalysis products and Earth System models
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Abstract

Large-scale co-variations of freshwater fluxes and storages on land can critically
regulate green (vegetation) and blue (hydrosphere) 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 catchments
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 (ESMSs). 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.
Keywords:

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

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

Different hydrological variables may be expected to co-vary (in similar or various ways) over
both small and large spatiotemporal scales on land, since the world’s freshwater fluxes and
storages, even though heterogeneous, are still coupled hydraulically by local continuity of
water pressure, momentum and mass, as well as hydrologically by overarching water balance
(large-scale continuity of mass) (Destouni et al., 2010, 2013). These multi-level linkages
imply connectivity across all local interfaces of soil water with groundwater and vegetation
water (Maxwell & Condon, 2016), and of subsurface with surface water (Bosson et al., 2012),
as well as between blue (hydrosphere) and green (vegetation) water (Falkenmark &
Rockstrom, 2006). Resulting large-scale co-variations of the latter regulate the balance of
green and blue water resource availability and security (Mastrotheodoros et al., 2020),
essential for both the green-water uses by terrestrial vegetation, forestry and agriculture
(Gudmundsson et al., 2014; Orth et al., 2020), and the various blue-water uses by freshwater
ecosystems (Albert et al., 2020) and human societies (for households, energy supply,
agricultural irrigation, and other sectors) (Medellin-Azuara et al., 2007; Koutsouris et al.,
2010; Madani & Lund, 2010; Naumann et al., 2015). These large-scale co-variations also
regulate land-atmosphere interactions (Maxwell & Kollet, 2008; Seneviratne et al., 2010) and
hydro-climatic hazards (Raymond et al.,, 2020), e.g., through co-occurrences of high
precipitation (P), soil moisture (SM) and runoff (R) anomalies for floods (Kalantari et al.,
2019), and low P, SM, R and actual evapotranspiration (ET) anomalies for droughts (Orth &
Destouni, 2018) and concurrent heat-drought events (Raymond et al., 2020). Figure 1
illustrates schematically main connections of P, ET and R fluxes, and contributions to these
from SM, groundwater and surface water storage variations, which may to some degree also

regulate resulting large-scale flux co-variation patterns on land.
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Figure 1. Simple schematic illustration of main freshwater fluxes and storage connections on land. Main
freshwater fluxes of precipitation (P), total actual evapotranspiration (ET), and total runoff (R) interact with soil
moisture (SM), surface water (SW), and groundwater (GW) storages and their respective flux contributions to

total ET and R.

Local mechanistic relationships and co-variations of water flux and storage variables have
been amply investigated in local hydrological studies. However, large-scale hydrological co-
variation patterns remain largely unknown in and across different parts and climates of the
world (Van Loon, 2015; Thorslund et al., 2017). This large-scale knowledge gap leads to
relatively poor hydrological and Earth System model links and performances in the changing
climate across the world (Khatami et al., 2019; Saft, M., M. C. Peel, A. W. Western, 2016;
Thirel et al., 2015; Vaze et al., 2010; Asokan et al., 2016; Bring et al., 2015, 2019; Torngvist
et al., 2014). One reason for such poor model performances and cross-model inconsistencies
may be that large-scale models have mostly focused on just near-surface interactions of main
water fluxes with SM (Clark et al., 2015; Brocca et al., 2010). However, Earth’s major
freshwater storage is subsurface, including both groundwater and SM all the way down to the
depth of the groundwater table; through the subsurface water pathways that continuously feed
into the surface water networks of whole catchments (Cvetkovic et al., 2012), these deeper
subsurface water systems may play important regulatory roles for resulting large-scale ET and
R fluxes (Moshir Panahi et al., 2020; Destouni & Verrot, 2014). Furthermore, the re-

circulating part of ET that feeds into total P in the same hydrological catchment (Figure 1)
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may also regulate emergent large-scale hydrological co-variation patterns, and differently so

in various parts and climates of the world.

Recent community identification of key hydrological knowledge gaps has emphasized needs
for hydrological research to go beyond fragmented local understanding (Bloschl et al., 2019)
to multi-catchment studies that can identify large-scale hydrological patterns (Ghajarnia et al.,
2020; Orth et al., 2020; Berghuijs et al., 2019; Orth & Destouni, 2018; Destouni et al., 2013;
Bloschl, 2006). In their recent multi-catchment study over Europe, Ghajarnia et al. (2020)
found that, among the main flux and storage variables depicted in Figure 1, sufficiently long-
term time-series for consistent data-driven determination of large-scale co-variations based on
different data sources are primarily available for P, R, ET, and SM. In the present study, we
investigate emergent co-variation patterns of these key hydro-climatic variables worldwide
based on multi-catchment data from 6405 hydrological catchments of different scales and
climates around the world (Figure 2a). These study catchments are selected based on
consistent data availability from different comparative sources, with the aim to answer the
following main research questions: (1) What large-scale hydrological co-variation patterns
emerge from different observation-based datasets for P, ET, R, and SM in different parts and
climates of the world? (2) How well do reanalysis products and Earth System model (ESM)

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

To this end, we considered root-zone (and not just near-surface) SM along with P, R, and ET
over each of the 6405 catchments, comparatively based on consistent monthly data over the
time period 1980-2010 from observations, reanalysis products, and ESM results.
Observational gauge-based and gridded data were then available for quantification of
catchment-scale P and R (and surface temperature (T), also included in the study for climate
consideration), while only reanalysis data were available to complement these with, in

different comparative combinations, for corresponding catchment-scale ET and SM.
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Figure 2. Map of the 6405 catchments included in this study and their corresponding area coverage. Panel
(a) shows the location of catchments, classified into four categories of very energy-limited (VEL), energy-
limited (EL), water-limited (WL), and very water-limited (VWL) conditions, based on their aridity index
(PET/P, where PET is potential evapotranspiration estimated based on ref. (Langbein, 1949) and P is
precipitation). Panels (b-d) show the relative numbers and areas of catchments in the different categories;
area values include both overlapping (OL) and non-overlapping (NOL) catchment area over the: (b) whole
world, (c) Northern hemisphere, and (d) Southern hemisphere. Absolute number and area values are shown
above each bar and in total inside the (b-d) panels. Relative values are obtained by dividing the absolute
values (numbers above each bar) with the corresponding total values (numbers given top-right in each

panel)

2. Materials and Methods

2.1 Datasets

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

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

either ERAS or GLDAS; and outputs from five ESMs in the Coupled Model Intercomparison

6
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Project Phase 6 (CMIP6; Eyring et al., 2016). The purely observational data for R, P, and T in
the three semi-observational datasets are retrieved from station-based GSIM (Global
Streamflow Indices and Metadata (Do et al., 2018; Gudmundsson et al., 2018)), and gridded
GPCC-V7 (Global Precipitation Climatology Centre-Version7 (Schneider et al., 2016)) and
GHCN-CAMS (Global Historical Climatology Network-Climate Anomaly Monitoring
System (Fan & van den Dool, 2008)), respectively. With no globally consistent observational
database available for SM or ET, we used in the semi-observational datasets alternative data
for these variables from different reanalysis products, which many researchers regard as the

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

The Semi-Obs datasets include SM and ET data from different (or independent) reanalysis
products (Table 1) in order to facilitate checking of the possible dependence of associated
observation-based co-variation results on specific relationships built into different reanalysis
products. The three independent Semi-Obs datasets thus include observational data for P, R
and T in different combinations with SM and ET data from the reanalysis products ERA5
(European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 5th
Generation (Copernicicus Climate Change Service (C3S), 2017)), GLDAS (Global Land Data
Assimilation System; NOAH025 M2.0 (Beaudoing, H. and M. Rodell, 2019; Rodell et al.,
2004)), and GLEAM-3.3a (Global Land Evaporation Amsterdam Model (Martens et al.,
2017; Miralles et al., 2011)). The three Semi-Obs datasets are independent by including data
for SM and ET from these different reanalysis products. This comparative approach was used
to test the robustness of and quantify the uncertainty in resulting co-variation patterns from

the different Semi-Obs datasets.



152 Table 1. Data used in 10 different combinations of datasets
Variable Semi-observational Reanalysis Earth System Models (ESMs)
1 2 3 1 2 1 2 3 4 5
GLDAS | BCC-
precipitation | o | CP°FT | STSC | Eras? | NOAHO25 | csM2 | canesms' | ECERTS | mirocel | MPL
b g eg ESM
M2.0 -MR
GLDAS GLDAS | BCC-
Soil moisture | NOAHO | ERA5" G\'/‘3E$'fv' ERA5Y | NOAH025 | CSM2 | CanESMS5" EC'\'/ES'W' MIROCS6' 2"8',3\/"1
25 M2.0° : M2.0° | -MR? g
GLDAS | BCC-
Runoff GSIM® | GSIM® | GSIM® | ERAS’ | NOAH025 | CsM2 | Canesms” | ECE2M | miroce! | MPH
M2.0° | -MR? &0
Actual GLDAS GLDAS | BCC-
Evapo- ERAS5? G\'/fg'fv' NOAHO | ERA5® | NOAH025 | CSM2 | CanESM5" EC'\'/ES'JEM' MIROCS6' 2"8',3\;".(
transpiration ' 25 M2.0° M2.0° -MR? 9
GLDAS | BCC-
GHCN- | GHCN- | GHCN- d h | EC-Earth3- i | MPI-
Temperature CAMS® CAMS® CAMS® ERA5 N?AAZHOCt)JZS CI\SAI\SQZ CanESM5 Veg' MIROC6 ESMK
153 2Global Precipitation Climatology Centre-Version7 (Schneider et al., 2016)
154 " Global Land Data Assimilation System (GLDAS) NOAH025 M2.0 (Beaudoing and Rodell, 2019; Rodell et al., 2004)
155 ¢ Global Streamflow Indices and Metadata (Do et al., 2018; Gudmundsson et al., 2018)
156 9 European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 5th Generation (ERA5) (Copernicicus
157 Climate Change Service (C3S), 2017)
158 ¢ Global Historical Climatology Network-Climate Anomaly Monitoring System (Fan & van den Dool, 2008)
159 f Global Land Evaporation Amsterdam Model (Martens et al., 2017; Miralles et al., 2011)
160 9 Beijing Climate Center Climate System Model (Wu et al., 2018)
161 " cCanadian Earth System Model version 5 (Swart et al., 2019)
162 ' European Community Earth-Vegetation model version 3 (EC-Earth Consortium, 2019)
163 ) Model for Interdisciplinary Research on Climate (Tatebe & Watanabe, 2018)
164  ¥Max Planck Institute for Meteorology-Earth System Model (Neubauer et al., 2019)
165  After analyzing and obtaining large-scale hydrological co-variation patterns from the Semi-
166  Obs datasets, we further compared these with corresponding co-variation patterns obtained
167  from the pure reanalysis datasets (ERAS5 and GLDAS), or from the CMIPG6 results of each of
168  the following ESMs: BCC-CSM2-MR (Beijing Climate Center Climate System Model (Wu et
169 al., 2018)), CanESM5 (Canadian Earth System Model version 5 (Swart et al., 2019)), EC-
170  Earth3-Veg (European Community Earth-Vegetation model version 3 (EC-Earth Consortium,
171 2019)), MIROC6 (Model for Interdisciplinary Research on Climate (Tatebe & Watanabe,
172 2018)), and MPI-ESM (Max Planck Institute for Meteorology-Earth System Model
173 (Neubauer et al., 2019)). The selection of ERA5 and GLDAS for this comparison was based
174  on these being the most widely used reanalysis products (Koohi et al., 2019). The five
175  comparative ESMs were chosen because they were found to be relatively well performing in
176  previous catchment-based hydrological ESM evaluations (Bring et al., 2019; Bring et al.,
177  2015). For further exploration of results on large-scale hydrological co-variation patterns
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obtained with the root-zone SM mainly used in this study, we also compared these with
corresponding results obtained by instead using in the Semi-Obs 2 dataset remotely-sensed
surface-layer SM data from the ESA-CCI SM-v04.5 combined product (European Space
Agency-Climate Change Initiative soil moisture product version 4.5 (Dorigo et al., 2017

Gruber et al., 2017, 2019)).

2.2 Selection of the hydrological catchments

Observation-based R data time series were needed and used for overall water-balance closure
in each hydrological study catchment. The GSIM database with independent outlet discharge
data for 30 958 hydrological catchments around the world was used for this purpose.
However, in terms of R data (discharge divided by contributing catchment area), the GSIM
database only included 8217 catchments that met the condition of having at least 300 non-
missing monthly R values (corresponding to 25 years) within the study period 1980-2010.
Furthermore, based on quality controls of the R data, 6405 catchments were finally included
in the analysis. The quality controls included comparisons of reported catchment area and
area of the corresponding catchment polygon in the GSIM database. Based on these,
catchments with wrongly delineated catchment polygons (e.g. triangle polygons introduced as
the catchment), and catchments with clear outlier discharge values (too high or too low in the
outlier range) were removed from further analysis.

The final set of 6405 catchments in different parts of the world, with various climatic,
geographic, and hydrological conditions, was further classified into four categories (see
Figure 2a) based on their aridity index (calculated as PET/P ratio, where PET is potential
evapotranspiration estimated by Langbein (1949) and P is precipitation). Hydrological co-
variations in many of the included study catchments may also be influenced by various
anthropogenic activities, such as agriculture and its irrigation, dams and associated artificial

reservoirs, and enhanced ET by these (Destouni et al., 2013). However, we did not in this
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study seek to investigate and resolve all drivers and catchment-internal processes that can
influence hydrological co-variations. The study aim was instead to identify if and what
dominant large-scale patterns may emerge for such co-variations across a global set of
catchments with widely varying drivers and internal processes, and further evaluate the

performance of reanalysis and ESMs in capturing these large-scale patterns.
2.3 Spatial aggregations

To capture different large-scale co-variation patterns that may emerge under widely different
hydroclimatic conditions, the studied catchments are divided into four main such classes
(Figure 2a): very energy-limited (VEL; dark green), energy-limited (EL; light green), water-
limited (WL; orange), and very water-limited (VWL,; red). This classification is based on
catchment-average aridity index (PET/P), where PET is potential evapotranspiration
estimated by Langbein (1949). The R data is station-based and directly representative of
integrating discharge from each catchment, while the data for each gridded study variable (P,
ET, SM, T) is aggregated through area-weighted averaging over each catchment to get
corresponding catchment-wise variable time series. In this area-weighted averaging over each
catchment, overlying areas of each grid with the catchment polygons are used as the
averaging weights. Moreover, all catchment-wise data are further aggregated over all
catchments in each climate category to get large-scale variable time series representative of
each climate category. In this cross-catchment aggregation, the total surface area of each
catchment is the weight in the area-weighted averaging. This procedure was followed for all
observational, reanalysis and ESM data, to get catchment-wise and climate-category

aggregated monthly time series for all variables.

Since some of the study catchments are overlapping, we have also calculated and compared
the total overlapping (OL) and non-overlapping (NOL) areas of each climate category

globally (Figure 2b), and over the Northern (Figure 2c) and Southern (Figure 2d)

10
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hemispheres. This shows that the OL and NOL catchment areas sample similar relative area
shares of the different climate categories (relative OL and NOL area values are similar for and
across the categories). As such, the OL catchment statistics can be used as a relatively
unbiased sample representation of the NOL global or hemispheric catchment area conditions
and statistics. By considering non-weighted OL catchment statistics we get a larger sample of
catchments from which we can also assess how individual catchments of any scale behave
and compare statistically with the large-scale area-weighted behavior and statistics obtained

for each climate-zone aggregation of catchments.
2.3 Statistical co-variation and model error quantifications

Co-variation patterns were quantified and compared in terms of resulting coefficients of
determination (r?) for linear regression between pairs of variable anomalies in each
catchment, and various r? statistics across the catchments in each climate category, for all
comparative datasets (Table 1). The absolute monthly value in the time series of each variable

were transformed to normalized monthly anomalies as:

Xmy — Xm O

O-Xm

NorXy,, =

where NorX,, ,, is normalized anomaly of variable X, ,, for month m of each year y, and X
and oy, are the long-term average value and standard deviation of monthly X, respectively,

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

To quantify large-scale co-variation patterns from the r? results for each variable pair in and
across all catchments of each climate category, globally and in each hemisphere, area-
weighted average r* values were calculated over the entire variable pair time series, as well as
for each specific month across all years in the series. A corresponding area-weighted standard

deviation (¢*) among catchment results was also calculated as (Hawley et al., 1988):

11
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where A4; is the area of catchment j and N is the number of catchments. In this way, larger
catchments have greater influence than smaller ones on resulting area-weighted co-variation
statistics. In addition, non-weighted r statistics were also calculated to represent hydrological
co-variation behaviors and statistics irrespective of catchment scale, for comparison with the

above-described area-weighted result statistics.

Moreover, to evaluate and rank ESM and reanalysis product performance, statistical error
measures were calculated for individual hydroclimatic variables in terms of mean absolute
error (MAE), standard deviation (SD), correlation coefficient (CC), and root mean squared
difference (RMSD). These error measures were calculated for absolute variable values in each
catchment and further averaged across the catchments. In these calculations for individual
hydrological variable performance, ESM and reanalysis product results were compared with
purely observational data from GPCC for P, GSIM for R, GHCN-CAMS for T, and reanalysis
data from GLEAM3.3-a for SM and ET. The GLEAM3.3-a dataset was chosen for the latter
so that ERAS5 and GLDAS result performance could also be assessed against some alternative

way to obtain the SM and ET variables.

For error measure and ranking based on co-variation results for different pairs of variables,
the r? results from the ESM and reanalysis products were compared with corresponding
reference results from the Semi-Obs1 dataset. The MAE for r® values obtained from the
former was then calculated by comparison with the reference r* values obtained from the
Semi-Obs1 dataset, and further divided by the SD of the r? time series in the Semi-Obs1

dataset.

12
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3. Results and Discussion

Figure 3 shows resulting co-variation patterns between different variable pairs for the
catchments in each climate category and for all studied datasets (Table 1). The results show
consistent, robust large-scale co-variation patterns obtained from the three Semi-Obs datasets
(Figure 3a-c), but considerable differences from these in results obtained from pure reanalysis

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

The Semi-Obs dataset results (Figure 3a-c) are consistent with those from reanalysis (Figure
3d-e) in showing the overall strongest co-variation relationship (highest average r?) between
SM and R (even stronger from reanalysis than the Semi-Obs datasets). The Semi-Obs datasets
further consistently - and compared with the other results apparently surprisingly - exhibit the
weakest co-variation relationship (lowest average r’) between P and R. The reanalysis and
most ESM results exhibit considerably stronger P-R relationships, but with different changes
towards either stronger or weaker average r? for drier, more water-limited climate conditions.
In contrast, the Semi-Obs datasets show consistently stable and small r? between P and R

across all hydroclimatic conditions.

Results are overall consistent across all studied datasets in showing stronger (higher average
r? for the) P-ET and SM-ET relationships in drier and more water-limited climate. However,
the ESM results exhibit widely varying r? values for these relationships and mostly too high r?
for the P-ET relationship in the driest conditions, compared with both the Semi-Obs and the
reanalysis results. The P-SM co-variation strength is that differing the most between the
different Semi-Obs datasets, but these differences are similar to those exhibited by the
reanalysis and ESM results, as are also the average, relatively small r* levels resulting from

the different datasets.

13
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Overall, the hydrological co-variation patterns emerging from the Semi-Obs datasets (Figure
a-c) are more consistent with those obtained from reanalysis products (Figure 3d-e) than the
ESM results (Figure 3f-j). The latter show diverse biases and inconsistencies among the
different ESMs, as well as between these and the Semi-Obs and reanalysis results, for all
studied variable co-variations. Furthermore, even though the reanalysis data capture the
overall strongest SM-R co-variation, they tend to overestimate this as well as the P-R co-
variation strength. Most importantly, the ERA5 (Figure 3d) and GLDAS (Figure 3e) results
diverge in how the SM-R and P-R co-variation strengths change with drier and more water-
limited climate. For the weaker P-ET, P-SM, and SM-ET co-variations, the reanalysis results

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

The ESM results are particularly inconsistent with other datasets for BCC-CSM2-MR (Figure
3f), which totally misrepresents the SM-R, P-R and P-ET co-variations, and greatly
underestimates the strongest first two. CanESM5 (Figure 3g) overestimates co-variations of
P-SM, SM-ET, P-R (in the VEL and EL categories), and P-ET (in the VWL category), while
MPI-ESM (Figure 3h) and EC-Earth3-Veg (Figure 3i) overestimate the P-R co-variations and
also imply unrealistic increases in these for drier conditions, and MIROCG6 (Figure 2j)

underestimates SM-R and overestimates P-R co-variation.
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Figure 3 — Area-weighted average coefficient of determination (r?) values for linear regression of co-

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

moisture (P-SM), soil moisture-runoff (SM-R), and soil moisture-evapotranspiration (SM-ET). Results are
shown for data from the (a-c) semi-observational datasets, (d, €) reanalysis datasets, and (f-j) Earth System
Model (ESM) outputs. Catchments are classified as in Figure 2 into four categories of very energy-limited
(VEL), energy-limited (EL), water-limited (WL), very water-limited (VWL) conditions. Area-weighted
standard deviation of the r* values among catchments (calculated according to Eq. (2)) is also shown by
error bars. See Table 1 for reanalysis product and ESM acronyms and source references.
Supporting Figure S1 shows r? box plots for each variable pair with non-weighted statistics,
corresponding to the area-weighted statistics in Figure 3. Result comparison shows much
greater variability of r* values among catchments for non-weighted than area-weighted
statistics. This may be due to smaller catchments varying more between them than larger one,

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

Furthermore, catchment scale weighting (or not) affects more the P-R than other co-variation
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results, which show smaller differences between corresponding area-weighted and non-
weighted results. The average level of r* for the P-R relationship is greater for non-weighted
than area-weighted statistics, with the latter being more influenced by large-catchment
behavior and the difference being most notable for wet, energy limited catchments (VEL and
EL categories). This may be due to that larger catchments encompass greater spatial
heterogeneity within them (rather than between them), e.g., in human activities, groundwater
flows into stream networks, prevalence of lakes, wetlands and other land-covers. In
combination, such greater within-catchment heterogeneity may dampen direct P-R
relationships in the larger catchments. In contrast to the Semi-Obs datasets, however, the pure
reanalysis and ESM datasets do not capture this difference between larger- and smaller-scale

catchments (Supporting Figure S1).

Overall, the comparison between Figure 3 and Supporting Figure S1 shows that the SM-R co-
variation is still strong, also when considering non-weighted statistics with greater influence
of small catchments. This may be due to the relatively close hydraulic connection of the
whole root-zone SM (considered here) with the groundwater table and its variations, which in
turn determine variations in hydraulic gradient and groundwater flow to streams and total R.
Groundwater flow distance to nearest downgradient stream depends on stream density within
each catchment, which may not differ much between smaller and larger catchments in the

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

Supporting Figure S2 further shows co-variation results for just near-surface SM data from
ESA-CCI SM-v04.5 (European Space Agency-Climate Change Initiative soil moisture
product version 4.5 (Dorigo et al., 2017; Gruber et al., 2017, 2019) while keeping all other
data as in the Semi-Obs2 dataset. ESA-CCI is a global remotely-sensed product that measures
SM only in the top soil layer at the surface, whereas the other reanalysis products capture SM

over the root zone. Result comparison shows considerably closer P-SM co-variations when
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considering just the surface SM (Supporting Figure S2a) instead of the whole root-zone SM
(Figure 3.b) and the opposite for SM-R co-variations. These comparative results are as
expected from the surface SM having more (less) direct hydraulic connection to P at the
surface (the underlying groundwater table) than the whole root-zone SM. Thereby the surface
SM is more (less) directly related than the root-zone SM to variations/anomalies of P and
associated infiltration to SM at the surface (of groundwater table depth and associated

groundwater flow contributions to total R).

Furthermore, for monthly co-variations, Figure 4 and Figure 5 show average monthly r?
values for the northern and the southern hemisphere, with different seasonal characteristics,
respectively, for one semi-observational dataset (Semi-Obsl), one reanalysis product
(GLDAS), and one ESM (MPI-ESM); complete results for all datasets are shown in
Supporting Figures S3-8. Results for Semi-Obsl (Figure 4-5a) show consistently stronger
monthly co-variation for SM-R than for P-R and the other variable pairs in the northern
hemisphere, except for the dry VWL catchments in the southern hemisphere, where the co-
variation of SM-R is smaller than that of SM-ET. The GLDAS reanalysis results (Figure 4b)
are also largely consistent with those of Semi-Obs1, but with closer SM-R and P-R co-
variations in the southern hemisphere (Figure 5b). The MPI-ESM, however, only weakly
captures the data-given monthly co-variation patterns, and particularly overestimates the P-R
co-variation (Figure 4-5c). Overall, the reanalysis and ESMs capture the stronger SM-ET co-
variations in drier (more water limited) catchments, especially in the northern hemisphere
(Figure 4 and Supporting Figures S5-8). In the southern hemisphere, monthly r? values differ
considerably from those in the Semi-Obs datasets for both the reanalysis and the ESMs,
which may be partly due to the relative lack of data for this hemisphere both for our

comparison and for general reanalysis and ESM development and testing.
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Figure 4. — Monthly r® values from linear regression of normalized anomalies (NorX,,, Eq. (1)) of
variable pairs: precipitation-runoff (P-R) (blue), precipitation-evapotranspiration (P-ET) (grey),
precipitation-soil moisture (P-SM) (yellow), soil moisture-runoff (SM-R) (red), and soil moisture-
evapotranspiration (SM-ET) (green) in (a) semi-observational dataset 1 (Semi-Obs 1), (b) GLDAS
reanalysis product, and (c) MPI-ESM Earth System Model (ESM). Results shown are for very energy-
limited, energy-limited, water-limited, and very water-limited catchment classes in the northern

hemisphere. See Table 1 for reanalysis product and ESM acronyms and source references.
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precipitation-soil moisture (P-SM) (yellow), soil moisture-runoff (SM-R) (red), and soil moisture-
evapotranspiration (SM-ET) (green) in (a) semi-observational dataset 1 (Semi-Obs 1), (b) GLDAS
reanalysis product, and (c) MPI-ESM Earth System Model (ESM). Results shown are for very energy-
limited, energy-limited, water-limited, and very water-limited catchment classes in the southern
hemisphere. See Table 1 for reanalysis product and ESM acronyms and source references.
Figure 6 finally shows reanalysis and ESM performance relative to the semi-observational
datasets for both individual hydroclimatic variables (Figure 6a) and their pair-wise co-
variations (Figure 6b) across all 6405 study catchments. The reanalysis products exhibit
overall lower relative error (MAE/SD) than the ESMs and, among the latter, EC-Earth and
MIROC have the lowest MAE/SD for individual variables. ESM errors are greatest for SM

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

reached based on Taylor diagrams (Supporting Figure S9), and these individual variable
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findings are also consistent with those in other studies showing generally better agreement
between ESMs and observation data for T than for hydrological variables (Asokan et al.,
2016; Arvid Bring et al., 2015; Flato, G., Marotzke, J., Abiodun, B., Braconnot, P., Chou,
S.C., Collins, W., 2013; Woldemeskel et al., 2012). For the co-variations of variables, Figure
6b shows highest reanalysis and ESM errors relative to data for the SM-R relationship,
followed by the P-ET or P-R relationships, while the SM-ET relationship is associated with
the smallest co-variation errors. Comparison between Figure 6a and Figure 6b shows that
relatively good performance (small error) for individual hydroclimatic variables does not
necessarily lead to good performance also in the variable co-variation patterns. This means
that models may rank differently based on individual variable performance than on co-
variation performance. For instance, ERA5 is ranked 1* for R and SM individually (based on
Figure 6a), while it shows the third worst performance and MPI-ESM is the 1 ranked model

for the SM-R covariation relationship (Figure 6-b ).
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Figure 6. — Performance assessment of reanalysis products and Earth System models (ESMs) in terms of
mean absolute error (MAE) relative to values in the reference dataset Semi-Obs 1 (Table 1) divided by the
Semi-Obs 1 standard deviation (SD). Results are shown for (a) individual variable values, and (b) co-
variations between variable pairs, as quantified by the coefficient of determination (r?) in linear regression
for each pair. The wvariables considered are precipitation (P), runoff (R), temperature (T),
evapotranspiration (ET) and soil moisture (SM). See Table 1 for reanalysis product and ESM acronyms

and source references.
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Conclusion

A main answer to the first research question of this study is that the observation-based
datasets robustly show the closest large-scale hydrological co-variations to be those between
root-zone SM and the blue freshwater runoff flux R. This strong co-variation pattern emerges
predominantly and consistently across the multiple study catchments in different world parts
and climates. Co-variations are overall weaker than those of the SM-R relationship for both
the blue P-R and the green P-ET flux connections. The blue P-R relationship is stronger than
the green P-ET relationship for relatively wet, energy-limited climate conditions, while the
latter is stronger only for very dry and very water limited conditions. The role of SM as
possible main regulator of green ET flux variations also increases for drier and more water-
limited conditions, while the role of P for SM variations increases, and that of SM for R

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

For the second research question of this study, reanalysis products and ESMs are found to
exhibit their greatest errors relative to observation-based datasets for the dominant SM-R co-
variation relationship, and the separate SM and R variables. ESM performance assessment for
hydrology often focuses on individual variables, while our study shows that individual-
variable performance of an ESM may be good while its variable co-variation performance
may be poor. Overall, ESM results for large-scale SM-R and P-R co-variations exhibit
considerable biases and large differences among the models, which mostly perform better for
SM-ET and P-ET co-variations. The findings of this study can contribute to improve
modeling capabilities and advance fundamental understanding of essential large-scale
hydrological co-variation patterns for water resource security, and water-related hazards and

land-atmosphere interactions.
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Data availability
Soil moisture and ET data from the GLEAM-3.3a model are available at

https://www.gleam.eu/. GPCC-V7 precipitation data are available from the NOAA website

https://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html. Temperature data from

GHCN_CAMS are available at

https://www.esrl.noaa.gov/psd/data/gridded/data.ghcncams.html, and GSIM streamflow and

metadata at https://doi.pangaea.de/10.1594/PANGAEA.887470 and

https://doi.pangaea.de/10.1594/PANGAEA.887477. ERAS data are generated

using Copernicus Climate Change Service Information (2019) and available at

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5. GLDAS data are

generated by National Aeronautics and Space Administration Goddard Earth Science Data
Information and Services Center (GES DISC) and available at

https://disc.gsfc.nasa.gov/datasets/GLDAS NOAH025 M 2.0/summary?keywords=GLDAS.

All CMIP6 climate model data are generated as part of the internationally-coordinated
Coupled Model Intercomparison Project Phase 6 (CMIP6) and are available at

https://pcmdi.lInl.gov/CMIP6/. The ESA-CCI SM-v04.5 soil moisture data is generated by the

European Space Agency (ESA) and is available at http://www.esa-soilmoisture-

cci.org/node/145.
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