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ABSTRACT

Global water models allow us to explore the terrestrial water cycle in earth-sized digital laboratories to support science and guide
policy. However, these models are still subject to considerable but also reducible uncertainties that can be attributed to mainly
three sources: (1) imbalances in data quality and availability across geographical regions and between hydrologic variables,
(2) poorly quantified human influence on the water cycle, and (3) difficulties in tailoring process representations to regionally
diverse hydrologic systems. New, more accurate, and larger datasets, as well as better accumulated and even enhanced process
knowledge, will help to reduce these uncertainties and thus improve model consistency with our perceptions and accuracy given
existing observations. This review examines the sources of uncertainty crucial for global water models and proposes actions to
mitigate them, thereby providing a roadmap for model advancement. Following this path will yield more consistent and accurate
models that are urgently needed to tackle key scientific and societal challenges.

1 | Introduction vulnerability and interconnectedness through the water cycle

(Eagleson 1991). It suggested that we require an understanding
In 1972, the Blue Marble picture showed us, for the first of the past, present, and future of Earth's freshwater resources
time, a color image of Earth from space, laying bare its to safeguard the blue planet for future generations. Global
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FIGURE1 | Global water models inform a wide range of applications, but their potential has not been extensively explored in all possible areas.

References to a subjective selection of examples and further explanations of potential applications can be found in Table S1.

water models (GWMs) are a central tool to foster this under-
standing by simulating the global terrestrial water cycle with
the help of computer programs. Starting with the first coarse-
resolution models using simple process representation in the
1990s, these models have evolved tremendously due to remote
sensing (Chahine 1992; Wulder et al. 2022) and an increased
process understanding from regional hydrologic research
(Shuttleworth 1994). See Figure S1 for a history of GWM evo-
lution. They can now be run at high temporal (hourly-daily)
and spatial (up to 1km) resolutions and include an increasing
range of hydrologic processes and anthropogenic influences
(Sellers et al. 1997; Pokhrel et al. 2016; Arheimer et al. 2020;
Miiller Schmied et al. 2021; Hoch et al. 2023). Until recently,
these models have been solely based on (sometimes very sim-
plified) representations of hydrological processes, but ma-
chine learning and hybrid approaches are starting to emerge
(Feng et al. 2023). Here, we discuss multiple classes of models
that we collectively categorize as GWMs: global hydrological
models, land surface models, Earth system models (ESMs),
and dynamic vegetation models (Bierkens 2015). While all
model classes were initially built for different purposes, they
all simulate the global terrestrial water cycle (though at vari-
ous levels of detail) and are used to answer questions related to
global hydrology (e.g., Haddeland et al. 2011; Gudmundsson,
Wagener, et al. 2012; Schewe et al. 2019; Pokhrel et al. 2021;
Seo et al. 2025). We chose to jointly discuss them as GWMs as
all model classes benefit from a more accurate representation
of the terrestrial water cycle, and they all suffer from uncer-
tainties specific to modeling these processes on a global scale.

Because water connects all spheres of the Earth, GWMs have
a wide range of applications and offer opportunities for future
use in many fields (Figure 1). In contrast to models of spe-
cific places or regions (e.g., catchments or river basins), the ca-
pacity of GWMs to generate continuous and consistent global
hydrological time series for variables such as streamflow,
soil moisture, evapotranspiration, or snow water equivalent
makes them a valuable resource. Their global coverage allows
usage in regions with limited or no observations; they help to
understand spatiotemporal patterns of hydrological extremes
(Ward et al. 2014; Emerton et al. 2017; Arheimer et al. 2020)
in support of global early warning systems and risk maps
(Emerton et al. 2016; He et al. 2020), and they help to assess
future risks such as water scarcity and explore possible adap-
tation measures (Veldkamp et al. 2016; van Vliet et al. 2021).
Other research fields have used GWMSs to assess issues related
to the Water-Energy-Food nexus (Lodge et al. 2023) or the im-
pacts of climate change on freshwater ecosystems (D61l and
Zhang 2010; Bartosova et al. 2021). Furthermore, GWMs have
improved the representation of the Earth system in climate
and weather models because one of the primary outputs of
water models, streamflow, naturally integrates various terres-
trial hydrological processes and can thus be used to evaluate
mass balances of other models (Zsoter et al. 2019; Boussetta
et al. 2021).

While GWMs provide global coverage of multiple water cycle
components, current uncertainties, and their poor quanti-
fication may limit their value (e.g., for global change impact
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analysis) as the reliability of model estimates remains unclear
(Wagener et al. 2022). For example, the sixth IPCC assess-
ment report concluded that our knowledge of climate change
impacts on groundwater is still poor, partly because ground-
water remains inadequately represented in many models
(IPCC 2023). Even if implemented, the uncertainty of ground-
water levels remains high (Reinecke et al. 2024). Complex pro-
cess interrelationships such as atmospheric CO, fertilization
and its long-term impact on global water availability are poorly
known (Milly and Dunne 2016), while current representations
of anthropogenic impacts such as irrigation, groundwater ab-
stractions (Arheimer et al. 2020; Puy et al. 2021; McDermid
et al. 2023), and river regulation (Arheimer et al. 2017) are still
in their infancy. This has direct consequences for other impact
assessments, such as assessing the economic impacts of floods
(Willner et al. 2018) or vulnerability to food insecurity (Betts
et al. 2018).

Much has been said about the topic of uncertainty in
the context of local and regional models (Wagener and
Montanari 2011; Beven 2016; Nearing et al. 2016), but what
are the problems and solutions specific to global water mod-
els? Here, we focus on so-called epistemic uncertainty, defined
by Walker et al. (2003) as “uncertainty due to the imperfection
of our knowledge, which may be reduced by more research
and empirical efforts.” If we can identify those uncertainties
that can be reduced, they can guide advancements of GWMs
and our scientific hydrological understanding in general.
By advancements, we mean both improved consistency (i.e.,
more realistic simulation and inclusion of dominant hydro-
logical processes given our perception of real-world processes
(Wagener et al. 2022); also referred to as fidelity (Clark, Fan,
et al. 2015)) and improved accuracy (i.e., smaller differ-
ences between model outputs and observations; Clark, Fan,
et al. 2015; Wagener et al. 2022). To a lesser extent, we also
mean more flexible models (i.e., a model structure that can be
tailored to different conditions) and sustainable and reproduc-
ible modeling software (Nyenah et al. 2024).

In this review, we outline that the advancement of GWMs
can take different paths, by gathering new, more accurate,
and larger datasets, improving process knowledge, and ulti-
mately building more consistent and accurate models. Based
on a critical review of the current literature, we identify three
key sources of uncertainty specific to modeling the terrestrial
water cycle on a global scale. We then outline how these un-
certainties affect our understanding of past, present, and fu-
ture water cycles, and suggest ways to reduce them. Reducing
uncertainties that dominate model outputs should yield mod-
els that provide improved predictions and align better with
our scientific understanding and, as a result, provide more
reliable information to policymakers.

Our review is structured as follows: In Section 2, we review how
uncertainties originate in the modeling process, namely in the
building, forcing, and evaluation of GWMs. In Section 3, we
describe the resulting uncertainties that arise in simulating the
past, future, and near-future water cycle. In Section 4, we sum-
marize our findings and outline how the identified uncertain-
ties can guide the advancement of GWMs in the future. Finally,

we conclude our review in Section 5 by discussing the future
of GWMs.

2 | Uncertainties in Building, Forcing, and
Evaluating Global Water Models

In this section, we discuss the main sources of epistemic un-
certainty in GWMs and explore where they originate during
the building, forcing, and evaluation stages of the model-
ing process. All models are subject to uncertainties, as they
are, by definition, an approximation and, thus, an imperfect
representation of reality. Knowing when, where, and why
models are uncertain is a starting point for refinement and im-
proved scientific understanding (Eyring et al. 2019; Gleeson
et al. 2021). Importantly, uncertainties can affect the robust-
ness of and confidence in impact assessments, policies, and
decisions derived from model results (Haddeland et al. 2011;
Puy et al. 2022). Insufficient and inaccurate quantification
and communication of existing uncertainties may lead to
overconfident decisions and potentially to a loss of trust in
models (Beven 2018).

We focus our discussion on uncertainties that relate to develop-
ing and implementing GWMs, though additional uncertainties
originate from the natural variability of human and environ-
mental systems. Such aleatory uncertainties represent variabil-
ity, imprecision, and randomness, or factors that can generally
be modeled as probabilities in statistical frameworks (Beven
et al. 2018). In addition, uncertainties might arise when testing
specific intervention strategies to guide policymaking, such as
land use change or water use scenarios, which cannot be as-
sessed against observations. What is important for our discus-
sion here is that many of the uncertainties currently impacting
GWMs originate from a lack of knowledge, that is, they are epis-
temic and can be reduced (in principle) through new or better-
utilized observations (e.g., through new algorithms or different
models) or through new knowledge (Beven et al. 2018). They
exist because we lack system understanding; we cannot mea-
sure certain variables in all places, at all times, at the right
scale—or sometimes at all—and measurements themselves
carry uncertainties (Sivapalan 2018; Condon et al. 2021). In ad-
dition, we are often interested in future system states that are
possibly very different from the past and thus may lack histori-
cal analogs (e.g., due to climate or land use change).

We find that uncertainties can largely be attributed to three
sources (Figure 2): (1) imbalances in data quality/availability
across geographical regions and between hydrologic variables,
(2) poorly quantified human alterations of the water cycle, and
(3) difficulties in tailoring models to regionally diverse hydro-
logic systems. Imbalances in existing datasets create consid-
erable problems in our ability to assess how consistent models
and real-world dynamics are. For example, (in situ) data avail-
ability in temperate regions such as Europe and North America
tends to be high, and we generally have more data in regions
with higher population densities (Krabbenhoft et al. 2022;
Figure 2a). If observations are available, they frequently suf-
fer from inconsistencies due to differences in data collection
between administrative boundaries (Figure 2b), which are
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FIGURE2 | Sources of uncertainty for global water models. Uncertainties mainly originate from three sources: (a) Imbalances in data availabil-

ity, exemplified by showing the number of available data points in a global dataset of groundwater recharge (Moeck et al. 2020), and (b) consistency

across geographical regions illustrated by a zoom-in showing that hydraulic conductivity in a widely used global dataset (Gleeson et al. 2014) chang-

es abruptly at the border between Canada and the USA, (c) poorly quantified human influence on the water cycle demonstrated with available data
on groundwater withdrawal on a country level in the AQUASTAT and IGRAC database, and (d) difficulties in tailoring process representations to

regionally diverse hydrologic systems.

challenging to eradicate and can significantly impact model
results. In addition, observations are often available in places
where anthropogenic influences are considerable but un-
quantified (often because the data is not publicly available;
Figure 2c). For example, while global datasets on reservoirs
and dams are available (Mulligan et al. 2020), their operation
schemes are largely unknown (Hanasaki et al. 2006). The
uncertainty due to availability and consistency spans all vari-
ables, including hydrological, meteorological, geological, and
hydrogeological variables.

Furthermore, it is difficult to tailor GWMs to reflect diverse re-
gional hydrological systems (Figure 2d) due to incomplete pro-
cess understanding, the coarse spatial model resolution of most
current models, and the lack of data at the scale of model resolu-
tion or generally for specific regions. (1) Regional process knowl-
edge is either not (easily) available or biased (i.e., our perceptual
understanding is limited; Stein et al. 2024) or we lack the flexi-
bility to implement that knowledge in the current generation of

models. (2) Similarly, there are some processes that are highly
heterogeneous and difficult to model accurately at a coarse spa-
tial resolution of often 0.5°, even though models approach km-
scale resolutions. Examples of these processes include snowmelt
across altitudes and soil wetting across different soil types. (3) In
addition, observations rarely represent the scale of model units
(Weber et al. 2023). In situ, observations of individual variables
(e.g., soil moisture) are often only representative of areas much
smaller than the scale of the modeling unit (e.g., a raster cell;
this is also true for regional models, but the scale difference is
likely more severe for GWMs). In contrast, observations mea-
sured at larger spatial scales (i.e., satellite measurements) often
integrate over multiple state variables and/or larger areas than
the modeling unit. Streamflow observations are a special case as
they integrate various processes within a catchment. However,
(especially) for large catchments, the influence of diverse spa-
tially distributed and heterogeneous runoff generation processes
cannot be identified easily (if at all) from the signal that arrives
at the catchment outlet (van Werkhoven et al. 2008).
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2.1 | Building Global Water Models

Any process-based water model, independent of its application
scale, is generally built through a modeling process that estab-
lishes a perceptual (or conceptual) model of the system under
study and ends with a computational model that can be exe-
cuted (Beven 2018). For regional models, much discussion has
been placed on how these stages are implemented (Beven 2012).
Current GWMs are generally built along the following steps: (1)
Outlining the different hydrological landscapes that should be
modeled explicitly, which provides the conceptual foundation
for the model structure, model equations, as well as strategies to
estimate or set model parameters. Given the size of the domain,
one or a few representative perceptual models are typically used
(e.g., separating landscapes into mountains and sedimentary ba-
sins; Hartmann et al. 2017; Wagener et al. 2021). (2) The percep-
tual model(s) are then translated into model structures applied
at the modeling unit (typically a raster cell or a catchment), and
routing functions are added to connect the individual modeling
units. (3) Each model unit is then tailored to regional conditions
(e.g., hydro-climatic) via the model parameters, mostly through a
priori estimates directly derived from globally available soil, geol-
ogy, vegetation, and other datasets. (4) Models may consider dif-
ferent aspects of human interventions, such as water abstractions
or reservoirs. (5) The model is then driven by forcing inputs such
as precipitation, temperature, and radiation, either using obser-
vational records, reanalysis products, or projections from Global
Climate Models (GCMs). Sometimes, GWMs are directly cou-
pled to a GCM together with other additional physical, chemical,
and biological processes, then referred to as an ESM (Clark, Fan,
et al. 2015), but definitions may vary—we here also include ESMs
as part of the umbrella term GWMs when they simulate the terres-
trial water cycle. (6) GWMs can be evaluated based on their main
outputs, such as streamflow, soil moisture, or evapotranspiration,
though whether and how this is done might vary by model and
study focus. Calibration of global models to streamflow or other
observations is not standard yet (Kupzig et al. 2023) but can be
achieved in principle (D6l et al. 2003; Arheimer et al. 2020). All
these modeling steps offer options and choices that introduce un-
certainty, and they result in a diverse range of models. However,
the current model diversity does not necessarily reflect the diver-
sity of hydrologic processes found across the global land surface.
It is rather a consequence of different modeling groups selecting
a specific underlying model structure to build their GWM with
(Addor and Melsen 2019; Melsen 2022), which often reflects the
specific environments these modeling groups work in (e.g., Kiraz
et al. 2023). For example, TOPMODEL (Beven et al. 2021) was de-
veloped to reflect the topographic control on soil moisture found in
the UK, while HBV (Seibert and Bergstrom 2022) was developed
to reflect the snow processes found in Sweden. It is the uncritical
transfer to other regions that can be problematic. The model di-
versity, though not necessarily reflecting process uncertainty, can
be captured by model ensembles, which often offer more robust
predictions and help reveal knowledge gaps regarding the appro-
priate representation of the terrestrial water cycle (e.g., Reinecke
et al. 2021; Gnann et al. 2023). We note, though, that the ensemble
is usually an ensemble of opportunity and does not necessarily re-
flect model structural uncertainty in a coherent manner.

Data availability is a key problem for all steps of the model-
building process for GWMs. It starts during perceptual model

development, where the availability of observational data limits
how detailed our system perception can be. Given that modelers
are also limited in their knowledge of global hydrologic diver-
sity, this limitation influences what structural representations
we might even consider. While local experts may possess a
thorough understanding of a specific hydrologic system, inte-
grating and synthesizing that local knowledge into a compre-
hensive global database has yet to be achieved. Even though
some first steps have been made to systemize perceptual un-
derstanding of different hydrological landscapes (Pechlivanidis
and Arheimer 2015; Andersson et al. 2017; McMillan et al. 2023;
McMillan et al. 2025), the transferability of system under-
standing, especially across scales, remains difficult (Wagener
et al. 2010). Ultimately, the lack of trustworthy (not uncertainty-
free) perceptual models limits our capability of tailoring global
models to the diversity of hydrologic systems that we find
on Earth.

Once a (or several competing) perceptual model(s) has (have)
been chosen, it is translated into a model structure and tai-
lored to different hydrologic systems, mainly through global
datasets (Table S2). The datasets are used to estimate a priori
model parameters, and in many cases, these data may have
already influenced the equations that were used to build the
model structurein the first place. For example, the Harmonized
World Soil Database (HWSD; Nachtergaele et al. 2010) is uti-
lized as a soil map in eight GWMs in the global water sector
of the Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP; Frieler et al. 2017), and is playing a crucial role in
estimating soil-related parameters. Without alternative data-
sets, quantifying the uncertainty that this choice introduces
remains a challenge. Some processes, such as groundwater
recharge, for which there is a lack of direct measurements of
the relevant system properties are parameterized by combin-
ing geology, soil, topography, and permafrost datasets, as well
as expert knowledge (D61l and Fiedler 2008). However, such a
complex combination of different sources of information may
lead to the inability to explain model differences (Reinecke
et al. 2021).

Our ability to represent the processes we assume to be present
is related to finding an adequate model structure, especially
for scales far finer than the spatial or temporal resolution of
GWDMs. Adequate here means that the model can be used for
its intended purpose (see also Figure 1). The representation of
sub-grid scale processes and their variability is a challenge to
GWMs, with long-lasting debates around the issues of model
and parameter adequacy as well as data limitation and un-
certainty (Beven and Cloke 2012; Clark et al. 2017). Reasons
for this ongoing dispute are questions regarding the validity
of theories when applied beyond their scale of derivation, the
representation of interactions and feedback among processes,
strategies to describe the effects of sub-grid scale heterogene-
ity, and the availability of data to parameterize and test model
formulations. A prominent and illustrative example is the
structural representation of the land surface, particularly the
representation of soil processes (Fatichi et al. 2020; Or 2020;
Weber et al. 2023), whose description is generally rooted in
theories and limited observations (Vereecken et al. 2016). As
mentioned, most models use maps of soil types [e.g., HWSD
(Nachtergaele et al. 2010) or SoilGrids (Poggio et al. 2021)]
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and correlate them with the model parameters of interest
via pedotransfer functions (PTFs). However, current param-
eterizations of soil hydraulic properties based on PTFs rely
on geographically limited data, generally derived from small
samples taken from agricultural fields, thus not accounting
for soil structure effects and spatial heterogeneities (Or 2020;
Gleeson et al. 2021). Such effects may significantly alter infil-
tration-runoff and other exchange processes at larger scales
(Fatichi et al. 2020; Bonetti et al. 2021). Recent research
showed that it is possible to incorporate soil structure correc-
tions into pedotransfer functions based on remotely sensed
vegetation metrics and local soil texture (Bonetti et al. 2021).
The uncertainties in soil process representation influence
multiple other processes within GWMs. Besides infiltration
and runoff, different soil and land use representations can
also influence model translation from radiation forcing into
evapotranspiration, thus significantly altering the water bal-
ance representation of the model (Gnann et al. 2023).

Another critical aspect of process representation and param-
eter estimation is anthropogenic alterations of the terrestrial
water cycle through land and water management. Humans
have profoundly impacted freshwater systems by changing
land use patterns, expanding irrigation, building dams, trans-
porting water across catchment boundaries, and pumping
groundwater (Abbott et al. 2019). It is challenging to represent
these human water cycle alterations in GWMs, making it very
difficult to distinguish natural and anthropogenic components
in hydrological signals as a consequence (Salwey et al. 2023).
Many GWMs now represent water management processes
(e.g., irrigation, domestic water use, reservoir operation, and
groundwater pumping), but with great difficulty, especially
when trying to capture complex human decision-making
processes and field-scale management practices (McDermid
et al. 2023). The representation of water management is often
challenging because of data paucity, especially at the global
scale [e.g., water used for irrigation, manufacturing, domes-
tic use, and cooling processes, as well as reservoir operation
rules (Pokhrel et al. 2016; Wada et al. 2017)]. Future projec-
tions considering human activities are even more problematic
because scenarios of future water use and management prac-
tices are almost nonexistent due to limited data from the past
and a lack of approaches to model the future. This applies not
only to irrigation water use but also to water use in growing
urban areas and especially in megacities that rely on remote
water transfers (He et al. 2021). On the positive side, there is
a growing body of literature on attributing observed changes
to natural versus human drivers (Felfelani et al. 2017), even
though a comprehensive quantification is often challenging.

Despite all these challenges, there are multiple possibilities for
improving GWM building. Regional information can be col-
lected through community data portals (Crochemore et al. 2020;
Zipper et al. 2023), increasingly high-resolution satellite prod-
ucts are available, and some studies have shown that structural
improvements can be derived from more informed and diverse
perceptual models, for example, the inclusion of preferential re-
charge in karst regions, an important yet often omitted process
(Hartmann et al. 2017).

2.2 | Forcing Global Models

Once a model is established and a priori parameter values
have been defined based on available data, GWMs are driven
by time-varying inputs of meteorological variables such
as precipitation, temperature, and radiation. These inputs
may be based on historical observations, as in gauge-based,
satellite-based, or reanalysis products that combine obser-
vations with simulations (Beck, Vergopolan, et al. 2017; Sun
et al. 2018), or climate projections of future conditions, pos-
sibly with additional downscaling and bias correction steps
(Maraun et al. 2017) (see also Section 3). A less common forc-
ing for GWMs (so far) is a reconstruction of the deeper past
with paleo-hydro-climatic conditions (Gladstone et al. 2007)
to understand how the hydrologic cycle has evolved over long
time scales.

Observation-driven products depend strongly on observa-
tional data, which means that any uncertainties will propa-
gate into the final forcing product. This is due to uncertainties
in the measurements themselves (e.g., satellite or station data)
and in interpolation and modeling techniques to derive spatial
data fields, for example, for precipitation (Viviroli et al. 2011).
For example, precipitation stations cover only a small area of
the world (likely <1% of the Earth's surface is represented;
Kidd et al. 2017), and generally, fewer and more uncertain
observations are available in mountainous or economically
poorer regions, leading to unbalanced datasets (Viviroli
et al. 2011). Reanalysis products do not assimilate precipita-
tion data (e.g., from precipitation gauges), so they are more
uncertain and need biased adjustment against observations
when used for historical simulations or forecasting by GWMs
(Berg et al. 2021). The data availability issue also affects sim-
ulations of the future, for example, for climate impact studies
because uncertainty in historical observations still matters as
we require them as reference data (Tarek et al. 2021).

Uncertainty in GWMs forcing for projections of future climates
is caused by three primary factors: GCM/ESM or structural un-
certainty (e.g., different models giving different outcomes for the
same data or initializations; Wu et al. 2024), scenario-related
uncertainty (e.g., differences in outcomes due to varying scenar-
ios/input specified, e.g., atmospheric composition), and uncer-
tainty caused by internal variability (i.e., arising from natural
processes such as multi-decadal oscillations; Deser et al. 2020;
Lehner et al. 2020). The specific contribution of these three
components to the total uncertainty generally depends on the
time horizon considered (the more distant the time window is
from the present states, the higher the uncertainty), the variable
of interest (e.g., uncertainty in precipitation is generally higher
than for temperature), the GCM/ESM used, and the geographic
region (Schwarzwald and Lenssen 2022). While structural and
scenario uncertainties are important, uncertainties from inter-
nal variability can account for over 50% of the total uncertainty
in climate projections (Xie et al. 2015; Kumar and Ganguly 2018;
Deser et al. 2020; Schwarzwald and Lenssen 2022). This implies
that the uncertainty in climate forcing should be a key consider-
ation in future projections by GWMs, for example, by utilizing
model ensembles.
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2.3 | Evaluation of Global Models

Evaluation is a key step to assess a model's ability to perform a
specific task, or to adjust its parameters as part of an iterative
calibration process (sometimes referred to as tuning). Ideally,
model evaluation should be diagnostic (Gupta et al. 2008) and
help to identify model deficiencies in, for example, capturing
water fluxes and storage dynamics. Evaluating process realism
(i.e., consistency or model fidelity) is an important step towards
enhancing the credibility of GWMSs' multiple uses (Figure 1), for
example, for climate change impact assessments (Krysanova
et al. 2020).

GWDMs are mostly evaluated by comparing simulated and ob-
served streamflow time series (Arheimer et al. 2020), given that
streamflow is relatively widely available and provides informa-
tion for model performance across a larger region—the upstream
catchment. Other fluxes and state variables, such as evapotrans-
piration, snow, terrestrial water storage, and soil moisture, are
less commonly used (Pimentel, Arheimer, et al. 2023), but are
gaining more traction with new evaluation protocols (Collier
et al. 2018; Tiwari et al. 2025). Globally, datasets of streamflow
are biased towards large rivers (Downing 2012) with exten-
sive anthropogenic influences (Wagener and Montanari 2011;
Krabbenhoft et al. 2022), while other variables like groundwater
recharge are often only available as long-term averages and cer-
tain climatic regions (dry regions; Moeck et al. 2020). Some vari-
ables are not measured at all (e.g., lateral groundwater fluxes,
macropore flow), and others are measured at scales that are very
different from the current model scales [e.g., evapotranspiration
(Wartenburger et al. 2018), soil moisture (Crow et al. 2012), or
groundwater table depth (Reinecke et al. 2020) and groundwater
recharge (Moeck et al. 2020)]. Due to the insufficient length and
homogeneity of observational records, long-term variations and
trends in components of the water cycle can only be quantified
with large uncertainty (Dorigo et al. 2021). The uncertainties
of observational data themselves are also rarely accounted for
(even if they can be substantial; Westerberg and McMillan 2015)
during GWM evaluation (or calibration; Moges et al. 2021), and
little is known about how this in turn affects the predictive un-
certainty of GWMs.

Choices of error metrics in model evaluation can be a substan-
tial source of uncertainty as well. Different metrics emphasize
different aspects of model performance, for example, bias, vari-
ability, and timing (Gupta et al. 2009). While an array of metrics
exists, most studies have focused on the Nash-Sutcliffe effi-
ciency (NSE) and similar statistical metrics (Melsen et al. 2025)
and thus on evaluating the long-term water balance rather than
extremes (Zaherpour et al. 2018). This has been criticized be-
cause these metrics do not provide diagnostic insight into model
behavior (Gupta et al. 2008), are not tailored to the specific
research question (e.g., flood prediction), and because of lim-
itations in interpreting and comparing the error metrics them-
selves. For instance, the choice of an acceptable threshold for
goodness of fit metrics is subjective and differs between error
metrics (Knoben et al. 2019) and between hydrological systems
(Schaefli and Gupta 2007), calling for more nuanced approaches
in the future. First, a standard set of performance metrics and
reasonable benchmarks (Seibert et al. 2018; Knoben 2024)
would facilitate an impartial comparison between models and

allow tracing of model improvement over time. Second, a move
away from statistical metrics towards hydrological signatures
(Donnelly et al. 2016; McMillan 2020) that focus on hydrolog-
ically relevant aspects of model outputs (e.g., low flows or high
flows) would provide an evaluation strategy that is more fit for
purpose (e.g., if we are interested in extremes such as droughts
or floods; Gupta et al. 2008). There is a wide range of signa-
tures and extensive experience from catchment modeling that
can be utilized to this end (Kuentz et al. 2017; McMillan 2020;
McMillan 2021). Note, though, that GWMs are typically uncali-
brated, have a less tailored model structure, and are forced with
climate data that are often subject to high biases, so a lower per-
formance is to be expected when comparing global models with
local or regional models for a specific region.

Evaluating the accuracy of hydrological extremes (floods and
droughts) is of critical importance since GWM outputs are often
used to inform both early warnings in data-scarce regions (e.g.,
Harrigan et al. 2020) as well as long-term policy recommenda-
tions to adapt to these extremes (e.g., Dottori et al. 2018), which
is heavily featured in the IPCC impact report. For example,
the Hydrology Tiled ECMWF Scheme for Surface Exchanges
over Land (HTESSEL) land surface model is used in combina-
tion with a routing and inundation model to create the input
for the Global Flood Awareness System (GLOFAS; Harrigan
et al. 2020), which provides flood warnings for the world, in-
cluding data-scarce regions. For predictions of local inundation
areas, an additional high-resolution routing and/or inundation
model (e.g., LISFLOOD; Harrigan et al. 2020) is necessary. This
adds further uncertainty in the modeling chain and the need for
additional evaluation.

Direct comparisons with observations (e.g., with statistical
metrics as described above) are difficult in data-sparse regions
(an especially common problem for global models), in regions
with substantial anthropogenic impacts (D61l et al. 2014), and
generally not possible for the future. Thus, alternative evalua-
tion strategies have been proposed. To provide information for
evaluation, also in regions without measurements, we may use
regionalized streamflow signatures (Troy et al. 2008) or func-
tional relationships that capture the co-variability of forcing and
response variables in space (e.g., Randerson et al. 2009; Koster
and Mahanama 2012; Gnann et al. 2023). As a complementary
method to point-by-point comparisons with historical data, eval-
uation focusing on input-output relationships can help to reveal
additional insights into model functioning (e.g., Luo et al. 2012;
Mahnken et al. 2022). This is particularly relevant for climate
change impact studies, where response-based analysis methods
can provide insight into whether a model is fit for purpose, for
instance, by showing whether a model's sensitivity to changing
forcing is as expected (Wagener et al. 2022; Zhang et al. 2023).

If the evaluation shows discrepancies between observations
and model results, calibration is a potential strategy to reduce
them. Few global models so far have been calibrated against
observed variables to improve a priori parameter estimates
(Kupzig et al. 2023). In light of the equifinality of parameter
sets and the risk that the model is adjusted only for the variable
that is used for calibration, but not for other flux or state vari-
ables, multi-criteria calibration of GWMs with different observ-
ables and signatures has been recommended (D6l et al. 2016;
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Pimentel, Crochemore, et al. 2023). Model calibration beyond
streamflow with multiple remote-sensing-based observations,
such as evapotranspiration, snow cover, snow water equivalent,
soil moisture, terrestrial water storage, water level, surface tem-
perature, among others, has been realized for several river basin
studies (Meyer Oliveira et al. 2021). However, neither single- nor
multi-objective calibration has become the general practice for
GWMs (Telteu et al. 2021). Apart from a lack of observational
data for many regions, the observations themselves may carry
large uncertainties (Pimentel, Crochemore, et al. 2023) and cal-
ibration procedures can be computationally expensive. With
km-scale models and nested catchments, calibration can be very
time- and resource-consuming. Ultimately, calibration on his-
torical observations does not ensure that GWMs are also provid-
ing robust projections of future changes (Wagener et al. 2022),
for example, a particular parameter might not be adequate to
represent streamflow processes if conditions have changed sub-
stantially due to climate and land use change (Milly et al. 2008).
Recent studies also highlight that calibration might not be nec-
essary for warm and humid regions (Zhao et al. 2025), which is
in line with findings from catchment studies in similar regions
(van Werkhoven et al. 2009).

Evaluating or calibrating GWMs requires observations of (at
least some) simulated variables. Given that in situ observations
do not seamlessly cover all land areas, there is the prospect of
using satellite-based products with global coverage. Terrestrial
water storage (TWS) is a variable estimated using satellite gravi-
metry (GRACE, GRACE-FollowOn; Landerer et al. 2020; Rodell
and Reager 2023) and has become an important observation for
assessing GWM performance as TWS is an integrative hydro-
logic state variable (Lee et al. 2023). First efforts have been made
to assimilate GRACE data in GWMs (Tian et al. 2019). However,
TWS products for model evaluation also hold substantial uncer-
tainties due to the coarse spatial and temporal resolution (Scanlon
et al. 2018; Rodell and Reager 2023) and complex attribution to
specific water storage components (D6l et al. 2014). Other sat-
ellite missions like Landsat (e.g., extent of surface water bod-
ies, surface temperature, land use change), altimetry missions
for water level of inland water bodies, and SMAP (Soil Moisture
Active Passive) have also proven to be essential sources to eval-
uate and build GWMs (McCabe et al. 2017), although they may
also include considerable uncertainties (Pimentel, Crochemore,
et al. 2023). Among recent satellite missions, the Surface Water
and Ocean Topography (SWOT) mission is expected to be an im-
portant step for assessing surface water dynamics and storage
variations of inland water bodies (instead of water level only)
with unprecedented spatial resolutions and global coverage, pro-
viding insights into small and otherwise ungauged water bodies
at scales of about 100 m (Papa and Frappart 2021).

To facilitate a more structured comparison between models,
model intercomparison projects have gained importance by
providing modeling protocols that define standardized forcing
data, scenarios, and other modeling choices. These have been
carried out very successfully in the climate community with
the Climate Model Intercomparison Project (CMIP; Eyring
et al. 2019). The Earth System Modeling community has imple-
mented the ILAMB (International Land Model Benchmarking)
benchmark, which offers a structured comparison of models
to observations in a standardized software package (Collier

et al. 2018). The ISIMIP project, specifically the global water
sector (Frieler et al. 2017), has also developed standardized
protocols for joint simulations to evaluate models, which have
already yielded multiple insights. Models consistently perform
better concerning streamflow in wetter than in drier climates
(Zaherpour et al. 2018; Heinicke et al. 2024) and show large un-
certainties for specific variables, for example, groundwater re-
charge (Reinecke et al. 2021). Further, different models fail to
consistently reproduce both fluxes and storages with the same
efficacy, and model performance is relatively poor in regions
with high human impacts (Tiwari et al. 2025). Intercomparison
projects can further be used to explore the differences in model
structure, for example, in regards to the representation of human
water uses (Telteu et al. 2021) and explore model differences in
representing process relationships (Gnann et al. 2023).

To summarize, building GWMs remains challenging regard-
ing the identification of adequate model structures that reflect
current perceptions of heterogeneous hydrologic systems, esti-
mating parameters, simulating human activity, driving models
with uncertain inputs, and evaluating them with limited obser-
vations. All these issues require further study to understand and
quantify existing uncertainties and their origins and to under-
stand their implications for GWM applications. On the positive
side, new and growing datasets, alternative methods for model
evaluation, and increasing computational resources have the
potential to push forward the development of GWMs.

3 | Uncertainties in Simulating the Past, Future,
and Near Future Water Cycle

In this section, we discuss how GWM uncertainties influence
simulations of past, future, and near-future water cycles. We
focus on six essential hydrological variables: streamflow, evapo-
transpiration, groundwater recharge, soil moisture, terrestrial
water storage, and anthropogenic water use (Table S3).

3.1 | Simulating the (Recent) Past

Reconstructions of the terrestrial water cycle over the last
100years include different sources of uncertainty, such as model
conceptualization and parameterization, meteorological forc-
ing, and anthropogenic influences that will impact simulated
hydrological variables (Section 2). This period largely covers
our observational records (and thus enables the use of reanaly-
sis products) and includes the main upswing of global economic
growth after the Second World War. Multiple model compari-
son studies and global water balance studies that include GWM
outputs reveal substantial uncertainties, even for global average
fluxes.

For streamflow, studies estimate ranges from less than
40,000km?3/year to over 60,000km3/year globally [<300 to
>450mm/year] (Haddeland et al. 2011; Schellekens et al. 2017;
Abbott et al. 2019; Rockstrom et al. 2023) (Figure 3a for dif-
ferences in a GWM ensemble). Correspondingly, estimates of
evapotranspiration range from approximately 60,000 to over
80,000km3/year [450-600mm/year] (Haddeland et al. 2011;
Schellekens et al. 2017; Abbott et al. 2019) (see also Figures 3b
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FIGURE3 | Disagreements between key variables of global water models. (a-c) Differences between multiple global water models for streamflow,
evapotranspiration, and groundwater recharge (replotted from Table S4 in Gnann et al. (2023) with a factor of 132 for conversion to km?, which is

an estimate of average model cell size). Note that while all models are forced with the same input data, streamflow, and evapotranspiration may not

always add up to precipitation. (d) Irrigation: Estimated global irrigation water withdrawals show large disagreement between models, with global

water models tending to show larger values than reported by the United Nations Food and Agriculture Organization in Aquastat (replotted from

McDermid et al. 2023).

and 5d). The (relative) disagreement is similarly large for
fluxes such as groundwater recharge, ranging from approxi-
mately 12,000 to 25,000km?/year [90-190mm/year]| (Abbott
et al. 2019; Rockstrom et al. 2023) (see also Figure 3c), with a
recent data-based study suggesting that models generally under-
estimate diffuse groundwater recharge (water that percolates
down to groundwater rather evenly across the landscape, in
contrast to focused recharge that enters groundwater at certain
“focused” points, such as rivers and lakes) compared to obser-
vations [observation-based estimate: 218 mm/year| (Berghuijs
et al. 2022).

For terrestrial water storage, we can only assess relative differ-
ences between models and observations, often done by exam-
ining anomalies and trends. For example, Scanlon et al. (2018)
noted substantial uncertainties among different models, report-
ing that terrestrial water storage anomaly trends (summed over
all investigated basins) are “positive for GRACE (~71-82km3/
year) but negative for models (=450 to —12km3/year).” A re-
cent study that used multiple GHMs participating in the third
phase of ISIMIP demonstrated that while TWS simulations
have been improved in newer model versions, different models
do not consistently reproduce fluxes and storages with the same
efficacy across varied geographic and climatic regions (Tiwari
et al. 2025). The study also demonstrated that model perfor-
mance for river discharge deteriorates largely with increasing
human influence. Storages, such as groundwater, accumulate
errors (in contrast to fluxes) and may exhibit long-term memory.

This is often not captured by the current generation of models
that usually contain very simplified representations of ground-
water systems, for example, bucket models that may not be able
to represent long-term storage depletion (Fowler et al. 2020).

Anthropogenic water use is particularly uncertain, especially
for irrigation, which accounts for ~70% of global water with-
drawals, with estimates collated by a recent study ranging from
1571 to 3800km?3/year (McDermid et al. 2023; i.e., differences by
afactor of 2; Figure 3d). Uncertainties of water use are, however,
not necessarily a direct consequence of GWM uncertainty but a
reporting issue since minor changes to definitions can change
reporting of water consumption of, for example, the US energy
system, substantially (Grubert et al. 2020). Another example is
the area equipped for irrigation data, which is used in multiple
global water models and datasets (Siebert et al. 2015). If a munic-
ipality or private entity reports an area as being equipped with
irrigation equipment, it includes planned-but-not-implemented
and existing-but-not-used equipment as well. While challenges
especially remain in correctly allocating withdrawals to their
sources (e.g., surface water or groundwater), determining the
withdrawals in the first place is highly uncertain as, for exam-
ple, uncertain information on where irrigation equipment exists
is fed into an uncertain irrigation model to determine irrigation
estimates (McDermid et al. 2023).

While global long-term averages already reveal large differ-
ences, these uncertainties are even larger in specific regions,

9 of 25

85U8017 SUOWILLOD 3A 81D 3cedl|dde ayy Aq pausenob ae ssoie O ‘8sh JO Ss|nl 10} ArIq1T 8UIUO 4B/ UO (SUOTHIPUOD-pUE-SWLBI WD A8 | 1M A1 11 |UO//SANY) SUORIPUOD PUe SWs | 8U188S *[5202/50/.2] U0 A%eiqiTaul|uo A8|IM ‘Z49 Wepsiod wniuez-z)oyw pH Aq 5200. Z1eM/Z00T 0T/I0p/Lod A 1m Alelq Ul uo'salimy/sdny woly pepeojumod ‘€ ‘SZ0Z ‘8r6T6r0Z



during specific time periods, and for extremes. Streamflow
is typically more uncertain, in relative terms, in dry regions
(Zaherpour et al. 2018; Heinicke et al. 2024), and in lake-
rich and snowy places (Giuntoli et al. 2015; Beck, van Dijk,
et al. 2017; Gddeke et al. 2020). Possible reasons are that in
these regions, precipitation is a weaker or less direct control
on streamflow, because other processes (e.g., related to filling
and spilling the storage) and their representation in GWMs
are more important. For example, seasonal dynamics are often
poorly captured and timing bias of the annual flow maximum
is regularly more than 1 month, in part because of poor repre-
sentation of snow, lake dynamics, and other storage processes
(Gudmundsson, Wagener, et al. 2012; Zaherpour et al. 2018).
Also, studies tend to find larger uncertainties for extremes such
as high and low flows (Gudmundsson, Tallaksen, et al. 2012;
Schewe et al. 2019), which are particularly important for flood
and drought impact analyses. For instance, assessing modeled
streamflow during the European heatwave in 2003, Schewe
et al. (2019) found that many models underestimate low flows
compared to observations, likely because these models poorly
represent groundwater flow to streams that become partic-
ularly important during dry conditions. Devitt et al. (2021)
tested four global models regarding their ability to simulate
historical floods in the USA and found that two models under-
estimated floods by more than 25% in roughly two-thirds of all
catchments, while the other two overestimated flows by the
same amount in a similar fraction of catchments. In a global
analysis, Heinicke et al. (2024) found GWMs tend to over-
estimate both high flows and low flows. For both extremes,
predictions in arid regions are less accurate than in humid
regions. Moreover, Kumar et al. (2022) showed that while
GWDMs were not able to capture observed hydrologic drought
events (quantified by runoff-deficits above the Q80), they
performed similarly to catchment scale models in estimating
runoff-based standardized drought index (Kumar et al. 2022).
Given that natural hazards such as floods and droughts pose a
severe threat to society and are projected to increase in many
regions around the globe (Tabari et al. 2021), it will be critical
to ensure that GWMs realistically simulate these extremes.

3.2 | Simulating the Near Future—Seasonal
Forecasts

Generation of near-future (seasonal to sub-seasonal) climate
and hydrological forecasts is crucial for integrated water re-
sources management as well as for generating early warnings
for hazards, such as floods and droughts, which can have long
transition periods. While seasonal climate predictions (see
Figure S2 for mapping meteorological to hydrological fore-
casts based on timescales) are common practice, their utiliza-
tion for global hydrological forecasts remains uncertain and is
largely under development and not yet operational, except for
flood forecasting (https://www.globalfloods.eu). The quality/
accuracy of global seasonal hydrological forecasts is driven by
three major factors: (a) initial hydrological conditions, which
consider various observed variables (both hydrological and
meteorological), (b) GWM uncertainties, and (c) seasonal cli-
mate forecasts accuracy, which depends on historical climate
data and climate forecasts (temperature and precipitation
being of utmost significance to hydrological models; Figure S3;

WMO 2021). However, the contribution of (a)-(c) to the uncer-
tainty of the seasonal hydrological forecast varies with hydro-
climatic zones (Shukla et al. 2013), size of the catchment (Paiva
et al. 2012), chosen reference year(s) (Shukla et al. 2013; Sinha
and Sankarasubramanian 2013), and prediction method (Wood
et al. 2016). An important component to counteract these uncer-
tainties is data assimilation (see also Section 4.1.) which is piv-
otal for state updates when simulating the near future (Zhang
et al. 2021).

3.3 | Simulating the Far Future—Climate Change
and Water Use Projections

The further we move away from the instrumental record of ob-
servations, into the past or future, the more we expect uncertain-
ties to grow due to the influence of scenarios and other choices
(e.g., quantification of human influences, land-cover changes;
Collins et al. 2012). Uncertainties related to the reconstruction
of the recent (50-100years) water cycle by GWMs are thus natu-
rally smaller than the uncertainties related to future projections.
This is because meteorological forcings are constrained by data
assimilation (reanalysis data instead of climate model projec-
tions), actual land use data are obtained from remote sensing
(at least in recent decades), and socio-economic forcings (GDP,
population, water demand) are constrained by regular country
reporting. In addition, GWMs may become more uncertain in
future regimes for which they were not developed or calibrated,
for example, because of changes in biophysical processes related
to CO, fertilization.

A question often posed is whether input uncertainty or model
structure uncertainty dominates the uncertainty in the model
output. Is the uncertainty in climate forcing originating from
GCMs or are the differences related to the GWMs? While this
hasbeen evaluated in multiple studies (Prudhomme et al. 2014;
Schewe et al. 2014; Giuntoli et al. 2015; Wartenburger
et al. 2018; Reinecke et al. 2021), the answer depends on which
models, variables, time periods, and geographic regions are
included in the analysis. Wartenburger et al. (2018) showed
that evapotranspiration differences between different model
choices largely explain overall variability but that the spatio-
temporal differences can mainly be explained by forcing un-
certainty. Schewe et al. (2014) (depicted in Figure 4) compared
sources of uncertainty for streamflow and found high spatial
variability in which sources dominated. In some warm arid
regions, GWMs dominate uncertainty more than GCMs,
while at least in some humid and some cold regions forcing
is the major contributor to output uncertainty. This is com-
parable to the results by Giuntoli et al. (2015), who evaluated
sources of uncertainty separately for low and high stream-
flow. In their analysis, GCMs generally dominate uncertainty
for both flow regimes with exceptions in snow-dominated and
arid regions. They conclude that GWMs dominate uncertainty
where flow processes are more relevant than precipitation
input. Somewhat similarly, if we investigate subsurface water
fluxes like groundwater recharge, GWM uncertainty becomes
more important because these hydrological processes are less
directly controlled by climatic input. For instance, Reinecke
et al. (2021) (depicted in Figure 4) found that in most regions
the variability in process representation for groundwater
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industrial temperatures). (a) Variance ratio for streamflow replotted from Schewe et al. (2014). (b) and (c) Variance ratio for groundwater recharge

replotted from Reinecke et al. (2021).

recharge modeling has a larger impact on output differences
than GCMs.

While these studies suggest that the ratio of GWM to GCM un-
certainty depends on climate characteristics and hydrological
processes, a comprehensive review of sources of uncertainty
across different variables is currently lacking. As already shortly
mentioned in Section 2, model ensembles are also often ensem-
bles of opportunity rather than ensembles that were carefully
selected to cover multiple uncertainty aspects (as, e.g., done by
using multiple plausible conceptual models as basis for modeling
a certain groundwater system; Enemark et al. 2019). It would be
worthwhile to study systematically for which variables, which
time periods, and which regions each of these uncertainties
dominate globally to show where future model improvement
would have the most leverage.

Uncertainty originating from the GWMs in the context of cli-
mate projections is at least partially related to the representa-
tions of various biophysical processes, such as those related to
vegetation and soils (Wartenburger et al. 2018), which influ-
ence how future atmospheric moisture and energy translate
into hydrologic impact variables (Samaniego et al. 2017). How,
for example, the function of the vegetation-soil sub-system will
evolve under different climate change trajectories is uncertain,
thus adding uncertainty to estimates of evapotranspiration or
percolation. One would expect that the overall uncertainty in-
creases with longer projection horizons, yet current literature is
inconclusive as to whether GCMs or GWMs dominate projec-
tion uncertainty. For example, Pokhrel et al. (2021) found that
for terrestrial water storage, GCM uncertainty is significantly
larger than GWM uncertainty for any given Representative

Concentration Pathway (RCP) scenario, with variations be-
tween regions (e.g., Figure 5a). However, GWM uncertainty
increases with time within a scenario, potentially surpassing
GCM uncertainty for the distant future (e.g., a century into the
future) (Pokhrel et al. 2021). While one might expect GCM un-
certainty to become increasingly dominant in the future, this
does not always seem to be the case. One reason might be that
variables like TWS accumulate errors from different compart-
ments in GWM, which can be linked to a not fully closed model
water balance and thus become increasingly uncertain. Another
reason might be that some water models reach thresholds at
which certain processes or their numerical representations
change unpredictably. Some models, for example, may encode a
specific fixed process behavior or factor for dryer and wetter re-
gions, respectively (e.g., Miiller Schmied et al. 2021). If a region
shifts from wet to dry in the future, this may lead to inconsis-
tent model behaviors, thus amplifying GWM uncertainty. The
uncertainty arising from socio-economic and water use scenar-
ios is challenging to quantify owing to the lack of data and thus
limited model accuracy (see also Section 2). The limited number
of studies that have quantified this uncertainty indicates that
future projections of water availability and use, especially for
irrigation, are greatly influenced by the scenarios considered
(Wada et al. 2013; Rosenzweig et al. 2014).

One aspect of projection uncertainty is that different pro-
cesses may be active or inactive, or play a dominant or minor
role during changing conditions. For example, CO, levels can
increase leaf-level water use efficiency of plants, potentially
offsetting reductions in water availability due to higher tem-
peratures through reduced evapotranspiration (Rosenzweig
et al. 2014; Berg et al. 2016; Lemordant et al. 2018; Hatfield

11 of 25

85U8017 SUOWILLOD 3A 81D 3cedl|dde ayy Aq pausenob ae ssoie O ‘8sh JO Ss|nl 10} ArIq1T 8UIUO 4B/ UO (SUOTHIPUOD-pUE-SWLBI WD A8 | 1M A1 11 |UO//SANY) SUORIPUOD PUe SWs | 8U188S *[5202/50/.2] U0 A%eiqiTaul|uo A8|IM ‘Z49 Wepsiod wniuez-z)oyw pH Aq 5200. Z1eM/Z00T 0T/I0p/Lod A 1m Alelq Ul uo'salimy/sdny woly pepeojumod ‘€ ‘SZ0Z ‘8r6T6r0Z



a Total Water Storage b

Alaska - 0.3
Amazon - 0.2
Central America/Mexico - 0.2
Central Asia - 0.3 0.6
Central Europe - 0.2 g
Central North America - 0.3
East Africa - 0.2
East Asia - 0.3
East North America - 0.3 0.5 E‘
North Asia - 0.2 ‘®
North Australia - 0.2 5
North Europe - 0.3 2
North-East Brazil - 0.2 0.4 3
South Asia - 0.2 : E
South Australia/New Zealand - 0.3
South Europe/Mediterranean - 0.3
Southeast Asia - 0.2
Southeastern South America - -03
Southern Africa
West Africa -
West Asia
West North America -02
1976-2005 2030-2059 2070-2099
C Streamflow d

0 02 04 06 08 10
CoV (-)

Groundwater Recharge

T
PR S T O 1cortainty

-100 =50 -10 -1 O 1 10 50 100
Change in groundwater recharge (mm/yr) 3°C vs. 1°C

Evapotranspiration

IQR (mm/day) mmms -
0.0 05 1.0 1.5

FIGURE 5 | Uncertainty in projected total water storage (a) and groundwater recharge (b), replotted from Pokhrel et al. (2021) and Reinecke
et al. (2021) respectively. Uncertainty in streamflow (c) and uncertainty in evapotranspiration (d) were reproduced from Gnann et al. (2023) and
Wartenburger et al. (2018), respectively. In (b), only regions where model agreement is significantly large are plotted in solid colors; all other regions
are shown in an opaque color. In (c), the coefficient of variation (CoV) is calculated for an ensemble of eight GWMs over a 30-year period. In (d), the

interquartile range (IQR) is shown for an ensemble of 11 GWMs. The ensembles of all four studies may not use the same models.

and Dold 2019). However, recent work also suggests that the
change in water use efficiency is already exhausted due to an
increased vapor pressure deficit (Li et al. 2023). Water use ef-
ficiency has been suggested to strongly influence total terres-
trial runoff and evapotranspiration (Gedney et al. 2006; Piao
et al. 2007), and is not represented in some GWMs despite pre-
dictions of CO, fertilization effects being credited as a source
of uncertainties. This can lead to contradicting findings re-
garding the extent to which a climate-induced decline in water
availability and improved plant water use efficiency counter-
balance each other (Mankin et al. 2019; Adams et al. 2020;
Singh et al. 2020). Uncertainty from CO, fertilization effects
has also been linked to the uncertainty in future projections
of crop productivity, irrigation water use, and groundwater re-
charge (Figure 5b) (Elliott et al. 2014; Rosenzweig et al. 2014;
Reinecke et al. 2021). A second example is cold regions, many
of which will experience considerable change as rising tem-
peratures will affect frozen water storage in snow, glaciers,
and permafrost. Given that some models are already asso-
ciated with considerable uncertainty in cold and lake-rich
places (Giuntoli et al. 2015; Beck, van Dijk, et al. 2017; Gideke
et al. 2020), it is unclear how robust future projections are and
what role threshold behavior will play. For example, reduction
in snow cover and/or greening due to vegetation growth can
lead to albedo feedback, reducing streamflow due to increased
net radiation (Milly and Dunne 2020). A better representation

of glaciers increasing runoff in glacierized basins is already
included in some models (Caceres et al. 2020; Wiersma
et al. 2022). Other aspects related to human decisions, such
as land use change (Sterling et al. 2013) and water regulation
(Arheimer et al. 2017), may even mask climatic change but
are difficult to investigate due to a lack of historical data, as
discussed earlier.

4 | Uncertainties as a Guide for the Advancement
of Global Water Models

The use of global water models is unavoidably associated with
uncertainties that arise during model-building and execution.
These uncertainties influence simulations of past, near-future,
and future water cycles. Key sources of uncertainties in GWMs
are deficits and imbalances in data quality and availability across
geographical regions and between hydrologic variables, poorly
quantified human influences on the water cycle, and difficul-
ties in tailoring process representations to regionally diverse
hydrologic systems. Due to these GWM uncertainties, we have
a limited understanding of when and where our models provide
accurate results and behavior consistent with our system un-
derstanding. Specifically, it is unclear to what extent the models
realistically reflect regional hydrological behavior and a distinc-
tion between natural variability and human impacts remains
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challenging. The scientific community can use uncertainties
to guide future GWM development by gathering new, more ac-
curate, and larger datasets, improving process knowledge, and
ultimately building more consistent and accurate models. Here,
we outline concrete ideas to achieve that by creating more con-
sistent information (data and process knowledge) (Section 4.1),
building more consistent and accurate models (Section 4.2), and
using machine learning to gain new understanding and build
different models (Section 4.3).

4.1 | Towards More Consistent Information

Data is used in all stages of the model-building and execution
process. Hence, new and improved data will be critical for ad-
vancing GWMs, including data on local/regional hydrologic
knowledge, newly measured or collated datasets, and more in-
formation on data uncertainties. So, where is new information
likely to come from? Upcoming satellite missions will provide
information on variations in inland water bodies at unprece-
dented spatial resolutions, providing new insights into the hy-
drology of ungauged regions (Papa and Frappart 2021). Some
initiatives, like ESA-CCI (https://climate.esa.int), offer pos-
sibilities for better representation of, for example, land cover,
which would lead to a better representation of surface hetero-
geneity and many other essential climate variables to be used
for model forcing, parameterization, calibration, or evaluation
(even if they may also carry substantial uncertainties; Pimentel,
Crochemore, et al. 2023). Recent efforts have also shown that re-
mote sensing data can be used to monitor human alterations of
the water cycle, such as dam construction (Zhang and Gu 2023),
and can be used to extend in situ observations of streamflow
(Elmi et al. 2024).

Beyond satellites, there are ongoing efforts to collect high-
resolution data that are not yet fully utilized, such as the
upcoming updated catchment polygons of HydroBASINS
(Lehner and Grill 2013). For example, increasing the spatial
resolution of digital elevation data offers new possibilities for
high-resolution river routing (Yamazaki et al. 2019). However,
to profit from these advancements requires new methods to
utilize such high-resolution data in the current comparably
coarse-scale models. Advances in data availability also re-
quire advancements in how we merge data and models. Data
assimilation methods established in other communities can
be utilized to adjust GWMs and have already been adopted
(Gerdener et al. 2023). In addition, subsurface data that can-
not readily be acquired from satellite remote sensing, such
as hydraulic conductivity and thickness of soils or aquifers,
lag behind in their improvement. Importantly, satellite data,
and in fact any observations, carry uncertainty that should
be explicitly assessed in their effect on, for example, model
calibration (Hasan et al. 2025) and propagated through GWM
estimates. While propagating this uncertainty into model re-
sults is computationally expensive, advancements in compu-
tational resources and model code can contribute to feasible
solutions.

The spatial resolution of GWMs is increasing, with the hope of
improving model accuracies because parameter heterogeneities
and spatial variability can be better resolved (Wood et al. 2011;

Beven and Cloke 2012; Bierkens 2015). However, existing
problems in process representation and data availability will
not be eliminated through increased resolutions (Beven and
Cloke 2012). Hoch et al. (2023) showed that improvements may
be found for streamflow but not necessarily for other hydrolog-
ical variables, due to a lack of accurate high-resolution forcing
data, inaccurate scale transitions of model parameters, and chal-
lenges in realistically representing scale-dependent processes
(Beven and Cloke 2012). However, increasing resolutions might
enable more regional information to be used in GWMs, for ex-
ample, by assimilating regional system conceptualizations. In
addition, this could also lead to a certain convergence of global
models and (local or regional) catchment models. While we
would not expect global models to perform as well as tailored
catchment models, the more detailed regional models or data-
sets can serve as benchmarks and potentially help in identify-
ing the most important structural or parametric deficiencies in
global models (Arheimer et al. 2012) or shortcomings of global
datasets (Clerc-Schwarzenbach et al. 2024).

Besides collecting new data, the scientific community started
investing resources in collecting local knowledge to improve
model structures and tailor them to specific regions. For exam-
ple, community portals (Crochemore et al. 2020; Zipper et al.
2023) allow uploading existing local models (including data,
code, and documentation) or perceptual models (McMillan
et al. 2023) that encode the hydrological knowledge and human
influences of particular regions. Partnering with diverse disci-
plines could yield new data as well (Razavi et al. 2025). We can
extract and synthesize information from such databases to tailor
global models to specific hydro-climatic or socio-economic con-
ditions around the world. New research may also extract knowl-
edge from the enormous number of existing publications, which
could be automatically built into new global datasets of regional
knowledge (Stein et al. 2022; McMillan et al. 2025).

Existing data may also be found in nonscientific resources and
can be combined into valuable products of human influences
on the water cycle, such as freshwater demand for energy pro-
duction (Gerbens-Leenes et al. 2024). Local knowledge can be
combined with remote sensing into joint datasets. For example,
the Global Gravity-based Groundwater Product (G3P; Giintner
et al. 2024) combines different observational products into one
global product of groundwater storage variations (other exam-
ples of combined datasets exist, such as Moeck et al. 2020).
Available data can also be transferred to regions with a lack of
data, for example, to synthesize new irrigation water use data
(Kragh et al. 2025). Furthermore, datasets often lack uncer-
tainty quantification, which would be valuable to rigorously
test how uncertainties affect GWM output uncertainties (when
used to force or calibrate models) and allow for a more improved
model evaluation (Kiang et al. 2018; Beven et al. 2020; Pimentel,
Crochemore, et al. 2023). Model evaluation should also include
not just streamflow but other components of the water cycle,
such as evaporation (Pimentel, Arheimer, et al. 2023), groundwa-
ter recharge (Wan et al. 2024), soil moisture (Crow et al. 2012),
snow (Arheimer et al. 2017), or TWS (Doll et al. 2024). However,
this again requires datasets that are less biased towards specific
regions, quantified uncertainties of the measurements them-
selves, and methods to compare point measurements to coarse-
scale model estimates.
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4.2 | Towards More Consistent
and Accurate Models

Models always simplify reality, and many choices can be
made to build and evaluate them. A better representation of
the diversity of hydrologic systems, new model evaluation
strategies, more model intercomparison, and better modeling
software can yield GWM more consistent with our current
process knowledge and provide accurate results. Increasing
awareness of the problem of model structural uncertainty has
led to a range of modular modeling frameworks that maxi-
mize flexibility to allow users, in principle, to tailor models
to the specific perceptual model of a particular system (Clark
et al. 2008; Fenicia et al. 2011; McMillan et al. 2011; Dembélé
et al. 2020). It has also led to increasing efforts to highlight
and demonstrate the need to explicitly formulate perceptual
models to distinguish uncertainty in system perception from
uncertainty in model implementation (Wagener et al. 2021;
McMillan et al. 2023). GWMs have not yet fully explored the
possibility of modularity. This is due to the high diversity of
the subsystems (Figure 2d) and missing approaches to dis-
aggregate them sensibly and efficiently on the global scale.
Global models already separate between, for example, humid
and arid regions (Miiller Schmied et al. 2021) or mountains
and plains (Hoch et al. 2023), but do not account for the full hy-
drologic diversity that exists. To tailor GWM better to local hy-
drosystems, we need GWM software architectures that allow
for flexible parameterization of different subsystems with
diverse process equations. Secondly, we need strategies and
initiatives to collect, validate, organize, store, and share the
vast knowledge of diverse hydrologic systems in a structured
way that allows a robust, transparent, and computationally
efficient integration in GWMs. Finally, the diversity of global
hydrologic systems also underlines the need for methods to
analyze and evaluate the diverse outputs of GWMs. Likely, the
lack of structural tailoring and, thus, limited flexibility of cur-
rent global models entails significant structural uncertainty.

Collecting existing regional knowledge provides the opportu-
nity to tailor GWMs to particular regions. However, current
modeling frameworks (Clark et al. 2008; McMillan et al. 2011;
Clark, Nijssen, et al. 2015) that allow for a more modular ap-
proach to hydrologic modeling require information about the
model structure that best fits particular hydrologic settings,
something we rarely have. Modular catchment-scale modeling
mainly works through model structure comparison using per-
formance metrics, which do not allow for upscaling to largely
ungauged global settings and suffer from model structure
equifinality (Knoben et al. 2020). New approaches that ex-
press global hydrologic diversity in a model without the com-
putational and diagnostic drawbacks of existing frameworks
(i.e., sampling a multitude of model structures) are necessary.
One path might be better utilization of perceptual models to
guide a priori model component selection based on our hy-
drologic understanding (Kiraz et al. 2023). During the model-
building process, different assumptions may lead to different
models. Making the perceptual (or conceptual) model explicit
(e.g., through a graphical representation) can help to under-
stand assumptions about the underlying system and resulting
uncertainties (Wagener et al. 2021). Making the computer
code of these models openly available is equally important as

it enables the community to work towards open science goals
and make internal assumptions such as hard-coded empirical
factors more transparent (Hutton et al. 2016).

Tailoring GWMs can be based on utilizing existing knowledge
and offers the opportunity for collaboration between local-
scale modeling experts and the global modeling community.
Hydrologic systems with dynamics that significantly diverge
from the average require structural diversity in models, as their
behavior is unlikely to be captured by merely changing parame-
ter values. One such example is carbonate rock regions in which
the combination of uniform and strongly preferential recharge
fluxes creates dynamics that are difficult to capture with mod-
els that do not explicitly consider preferential flow (Rahman
and Rosolem 2017). Different strategies to include such pro-
cesses exist and have been tested in well-monitored catch-
ments (Rahman and Rosolem 2017) or smaller sites (Hartmann
et al. 2021). Hartmann et al. (2015) and Sarrazin et al. (2018)
demonstrate how both conceptual and process-based (mecha-
nistic) model structures that reflect large-scale recharge dynam-
ics in karst regions can be built and tested in ways that would
make them transferrable to large-scale modeling efforts. Both
strategies rely heavily on the utilization of generalized percep-
tual models for karst regions and thus expected dominant pro-
cess controls. However, transferring process details from local
studies to global frameworks can still be limited by the infor-
mation that can be found in global datasets. For example, West
et al. (2022) demonstrated that not all information used in local
perceptual models of recharge processes is available in global
datasets.

Another pathway to GWM improvement lies in evaluation
strategies that use the global process variability represented
already in these models as an advantage. Compared to single
catchment models, GWMs simulate a large diversity of regions
simultaneously. This enables us to search for similar patterns
of hydrologic behavior (Falkenmark and Chapman 1989;
Kuentz et al. 2017), for instance, functional relationships
between forcing and response variables, which can be used
for model diagnosis and improvement (Gnann et al. 2023).
Also, the wider application of diagnostic signatures (Gnann
et al. 2021; McMillan 2021) provides a pathway to improve
GWM evaluation. Methods for uncertainty attribution can
guide the necessary reduction in data and model uncer-
tainty (by focusing on main sources of uncertainty) and help
evaluate the models' sensitivity to future changes (Wagener
et al. 2022). Connected to those ideas is the development of
calibration in general and new calibration schemes adapted
for GWMs as mentioned in Section 2. Currently, most of the
existing methods have been developed in a catchment or re-
gional modeling context and lack the flexibility to account
for the hydrologic diversity of GWMs (Kupzig et al. 2023) and
would benefit from tailoring the model structure to different
regions (Beck, van Dijk, et al. 2017; Santos et al. 2022).

Model intercomparison projects have become widely used and
provide another avenue for improving global models. While
intercomparison projects such as CMIP, ISIMIP, and ILAMB
have resulted in important insights, a challenge is the devel-
opment of standardized evaluation metrics and thresholds
embedded in automated comparison frameworks to gain more
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diagnostic insights. The first steps have been made, for ex-
ample, through automated evaluation tools in CMIP (Eyring
et al. 2020) and ISIMIP (https://github.com/ISI-MIP/isimi
p-qc). These could be extended with frameworks for hydro-
logic signatures (Gnann et al. 2021), unified application of
performance metrics (e.g., as in Bloschl et al. 2013), and new
DataMIPs that specifically investigate uncertainties in forcing
and attribute data.

The GWM community increasingly couples their models with
those developed by other communities (climate models, flood
models, crop models, water quality models, groundwater mod-
els, socio-economic models, and many more) to obtain a more
integrated Earth system view. The hope is that these models
will be able to represent feedback loops that could otherwise
not be simulated, such as land-atmosphere feedback (Koster
et al. 2004; Zipper et al. 2019) or groundwater-surface water
interactions and the supply of groundwater to the atmosphere
through capillary rise (Reinecke et al. 2019). These coupled
systems can then be used to, for example, investigate the ni-
trogen cycle (Vilmin et al. 2020), the carbon cycle (Zhang
et al. 2020) or in the future possibly to better represent human
interaction, for example, by coupling socio-economic models
with GWMs. However, it is still unclear how model coupling
affects model uncertainty. Coupling requires additional as-
sumptions and thus likely increases uncertainty, yet exam-
ples of coupling land surface processes with atmospheric
processes have shown that coupling might help to constrain
model dynamics and possibly reduce uncertainty (Lewis and
Dadson 2021). While some efforts have already achieved on-
line coupling (allowing feedback to flow into both model do-
mains; Furusho-Percot et al. 2019), others are limited by the
computational burden of one model or the resulting coupling
feedbacks (e.g., flood modeling; Hoch and Trigg 2019). In ad-
dition, the challenge of multi-parameter calibration (e.g., for
energy and water fluxes) escalates for these coupled systems
(Sellar et al. 2019).

Finally, an aspect that is often overlooked is the modeling
software itself. Several GWMs have been developed for al-
most 30years (e.g., WaterGAP since 1996 and VIC since 1994;
Liang et al. 1994) by many students and researchers with di-
verse programming experience (Reinecke et al. 2022). While
some have been published as open-source, most models remain
closed-source projects primarily used by one research group
(Melsen 2022). Openly available models rarely contain com-
prehensible documentation of the code itself, that is, internal
documentation, and of how to use and modify it, that is, exter-
nal documentation, and require experts to execute them. The
unavailability and complexity of the models and their code
mean that they usually do not comply with FAIR principles
(Findability, Accessibility, Interoperability, Reusability; Barker
et al. 2022; Nyenah et al. 2024), affecting the reproducibility of
research relying on GWMs. It is currently unclear to what ex-
tent the code complexity and lack of application of established
software engineering best practices affect model uncertainty
(Nyenah et al. 2024). Poorly documented code may lead to un-
intentional wrong use, missing rigorous automated tests may
lead to mistakes, and hidden physical constants and assump-
tions contribute to uncertainty (Mendoza et al. 2015; Cuntz
et al. 2016; Hutton et al. 2016). Still, efforts have been made to

make underlying assumptions and equations more transpar-
ent (Telteu et al. 2021). A likely source for this missing compli-
ance with FAIR principles is that current funding and hiring
practices undervalue model development efforts (Reinecke
et al. 2022; Nyenah et al. 2024). GWMs should strive to make
their code openly available, including comprehensive inter-
nal and external documentation. Open code will lead to fewer
hidden and implicit assumptions, reducing model uncertainty
and leading to faster progress. Modular software, for example,
offers the possibility to transfer implementations (e.g., human
water use, routing) between models. In addition, a more flexible
code would allow for a more flexible implementation of differ-
ent model structures, which in turn would be an essential step
towards achieving regional tailoring. Reproducible experiments
will provide a pathway to more in-depth knowledge of model
differences, and more modular and modern software code will
lead to experiments that can pinpoint uncertainties in process
understanding more accurately.

4.3 | Machine Learning as a Complementary
Modeling Approach

Machine learning (ML) methods are rapidly entering global hy-
drology and will likely help gather better information, fill knowl-
edge gaps regarding hydrologic processes, human dynamics,
and so forth, and build better models (Tsai et al. 2021). Purely
data-driven ML has already demonstrated high performance
in predicting hydrologic variables across the water cycle (Shen
et al. 2021), including streamflow (Feng et al. 2020), soil mois-
ture (Fang et al. 2017; O and Orth 2021), snow water equivalent
(Meyal et al. 2020), and groundwater levels (Wunsch et al. 2022).
One benefit of ML is that it absorbs information directly from
data. This produces models that are inherently consistent with
(observational) data, but which also inherit the imbalances and
uncertainties of these data. In addition, purely data-driven mod-
els may be hard to interpret (Zaherpour et al. 2019) or helpful
in making a specific scientific inquiry, as they do not directly
encode physical concepts. As an important mission of GWMs is
to create long-term projections under future climate, it remains
unclear (and difficult to evaluate) if pure ML models are suitable
for such long-term tasks. At the same time, ML models have al-
ready been shown to provide more accurate real-time flood fore-
casts than state-of-the-art global modeling systems, indicating
their potential (Nearing et al. 2024).

Other approaches have shown the capability of ML approaches
to emulate complex physical models, which could foster future
uncertainty quantification in continental to global scales water
models (Bennett et al. 2024). ML models can also be used to esti-
mate human water uses and thus reduce uncertainty in GWMs
(Shrestha et al. 2024). Hybrid models of classical GWMs and
ML (Kraft et al. 2022; Slater et al. 2023), such as differentiable
models (Shen et al. 2023), are developed to reap the benefits of
both worlds while circumventing their respective limitations.
Differentiable models mix process-based equations with neural
networks and offer the ability to learn unknown physical rela-
tionships. By finding new relationships that govern large-scale
processes of the water cycle, they could help to reduce GWM
uncertainty. While ML models potentially carry less uncertainty
as they can skip steps in the classical modeling chain (Nearing
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et al. 2021), they will ultimately also suffer from limited global
hydrological information and thus will equally benefit from
new, more accurate, and larger datasets (Beven 2020; Nearing
et al. 2024). In the future, machine learning and process-based
models are likely to be particularly powerful when used as com-
plementary approaches that can both efficiently learn from data
and be enriched with hydrological and other process knowledge
(Reichstein et al. 2019).

New ways to use machine learning in modeling will come from
using large language models (think ChatGPT) to support and
inform decision-making along the entire modeling process
(Eythorsson and Clark 2025). Large language models can help
to generate local perceptual models, choose appropriate model
structures, create reproducible code and documentation, and
manage the data. On the one hand, such a system might be the
way forward to a GWM that can quickly adapt to local infor-
mation. On the other hand, there is the risk that it will only re-
produce the same biases and uncertainties GWM already faces
today. Given the explosion in published studies, we will not be
able to avoid utilizing such help to synthesize what we know
about places and processes, though its success might still de-
pend on how well such information can be extracted from exist-
ing and future publications (Stein et al. 2022).

5 | The Future of Global Water Models

The water cycle is a central element in the Earth system, trans-
porting and storing water, energy, nutrients, sediments, pol-
lutants, and pathogens. Thus, the water cycle influences our
climate, societal development, and the evolution of ecosystems.
Global water models have evolved into widely used tools that
help us understand and predict the terrestrial water cycle under
past, current, and potential future conditions. Key water fluxes
such as streamflow, evapotranspiration, groundwater recharge,
and water storage in its various forms can now be simulated
across the whole global land surface. Outputs of these models
support critical global policy discussions and scientific analyses
around a central resource needed by all life on Earth and a dom-
inant source of disaster risk for society.

However, considerable uncertainties remain despite significant
advances in GWMs in recent years. Key reasons for these un-
certainties are that data quality and availability are highly im-
balanced, that human alterations in the water cycle are poorly
quantified, and that it is difficult to represent the diversity of
hydrological systems around the world. Yet, these uncertainties
are mostly epistemic in nature and can, in principle, be reduced
if knowledge gaps are closed. Understanding the relative impor-
tance of different sources of uncertainty thus serves as a guide
for prioritizing future research efforts to reduce these gaps. This
will likely happen through new observations, the synthesis of
existing regional hydrologic knowledge, diagnostic model evalu-
ation strategies tailored to the specific needs and characteristics
of GWMs, and through the development of improved and new
modeling approaches, including machine learning and hybrid
strategies. It is likely that, especially the synthesis of regional
perceptual models, will lead to improved tailoring of GWM so
that dominant process controls are more realistic compared

with globally consistent model structures that are only tailored
through adjustment of free parameters (Wagener et al. 2021;
McMillan et al. 2023). This modeling step offers a tremendous
opportunity for collaboration between catchment-scale and
global-scale modelers.

Multiple developments will enable the advancement of global
water models:

« In the future, new data sources, including those from up-
coming satellite missions and open collections of existing
observations, will provide considerably more information
that can be assimilated into GWMs to improve model struc-
tures, parameters, and model evaluation.

« Increasing the space-time resolution of existing models fur-
ther means that model parameters and state variables move
closer in scale to many of the variables we can observe.
Whether this will lead to improved model performances,
as seen in meteorology (Bauer et al. 2015), is questionable
(Beven and Cloke 2012). Examples show that increasing hy-
drologic model resolution does not necessarily lead to better
results (Hoch et al. 2023). Also, blind spots in our obser-
vations of properties and dynamics of hydrologic systems
remain despite advancements in observations (Tarasova
et al. 2024).

« Significant opportunities for advancement remain in the
context of GWM evaluation. Few strategies have so far
been developed that benefit from the nature of GWMs, for
example, by looking across large gradients in the model do-
main or by establishing contrasting expectations of model
form (structure and parameters) and behavior (e.g., Gnann
et al. 2023).

« Finally, new approaches, including those from machine
learning, enable us to interrogate large and diverse datasets
to estimate model parameters and structures (with more or
less stringent physical constraints).

Regardless of any uncertainty reduction discussed here, it re-
mains important to quantify and acknowledge dominant uncer-
tainties to provide as much information as possible to support
decision-making or scientific inquiry. In practice, this is often
done through the use of ensembles of model simulations com-
ing from combinations of model forcing/structure/parameters,
which can support robust decision-making under uncertainty
(e.g., Smith et al. 2018).

Keeping track of and utilizing advancements in machine learn-
ing, observational capabilities, computer science, and other rel-
evant fields will be increasingly difficult for individuals or even
for specific research groups. Integrating diverse knowledge and
skill sets will be critical to developing and maintaining a highly
dynamic research field. In addition, various other fields within
Earth Sciences also attempt to establish global modeling capa-
bilities, for example, vegetation modeling to understand carbon
fluxes. Cross-communication and exchange will likely be highly
beneficial for all areas where similar problems of building, test-
ing, and utilizing global models exist. Therefore, the reasoning
presented in this review extends beyond the topic of GWMs,
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providing a broader blueprint for how understanding epistemic
uncertainties can serve as a guiding light for knowledge discov-
ery and accumulation in global model improvement.
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