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1 Extended thesis abstract

1.1 Introduction

Water related problems (scarcity, availability and hazards) together form one of the three major
crises (the two other are food and energy) for today and the future across the globe (World
Economic Forum, 2016, Schewe et al., 2014a, Hanasaki et al., 2013, Rockstrom et al., 2009). Water
crises are widespread and heterogeneous around the world and climate change and
socioeconomic drivers are expected to accelerate these problems (Veldkamp, 2017). To deal with
the above concerns, mitigation and adaptation strategies are developed at different scales (global,
regional and local). Developing these strategies, as well as selecting the most appropriate one to
the problem of interest, should ideally benefit from the highest possible accuracy in estimates of
the hydrological cycle and water resources. More reliable decisions can in turn be made by
applying tools and techniques that enhance decision makers’ perception of the hydrological cycle,
particularly extreme events i.e. droughts and floods. These tools should also facilitate insights into
the cycle: ideally by reference to hydrological indicators, spatially (globally and locally) and
temporally (present day and future). Global and catchment scale hydrological models (GHMs and
CHMs) have been used as such tools that along with advances in data acquisition, analytical
techniques and computation power offer powerful tools for modelling natural processes and
provide useful insights into the hydrological cycle.

GHMs have a shorter history of emergence and application than CHMs. GHMs have been
developed and applied from 1986 in recognition of the fact that hydrological processes and
water resources are global phenomena and should be treated at global scale (Bierkens, 2015).
A GHM is a pragmatic trade-off between a faithful representation of the diversity of hydrological
processes found across the world’s catchments, and a generalised and simplified representation
of hydrological processes that can support multi-decadal, generalised hydrological simulations
at global scales. Compared to hydrological models designed for catchment-scale simulations
(Arnold et al., 1993; Krysanova et al., 1998; Lindstrom et al., 2010), GHMs employ coarser spatial

discretisation and model the global land surface in a single instantiation.

The global scope of GHMs, limited availability and quality of observed discharge data across the
global domain and their use of spatially generalised parameters make them more difficult to
calibrate than catchment hydrological models. Whilst examples of calibrated GHMs do exist
(Miller Schmied et al., 2016), the majority of GHMs are uncalibrated (Gosling et al., 2016;
Hattermann et al., 2017). This lack of calibration, coupled with the diversity of simplifications
employed in the hydrological process representations, means that there can be large

inconsistency in the skill, bias and uncertainty of an individual GHM at different locations, as



well as large inconsistencies between different GHMs at any given location (van Huijgevoort et
al.,, 2013). This spatial inconsistency means that GHMs risk becoming a “jungle of models”
(Kundzewicz, 1986) in which it can be difficult to determine where a particular GHM output is
likely to be capable of delivering optimal hydrological simulations. It also makes it dangerous to
assume that any individual GHM will be an adequate basis for making projections at any given
location, even if the model’s ability to replicate observed data in particular catchments is
enhanced through the acquisition of higher quality input data or efforts to improve process
representations (Liu et al., 2007). To an extent, these arguments are also applicable to CHMs
because whilst they have been shown to generally perform better than GHMs in model
evaluation studies, ensembles of such models still result in an uncertainty range when the

models are run with identical inputs (Hattermann et al., 2017; Hattermann et al., 2018).

To minimise the challenge of varying outputs from different models, several model inter-
comparison projects (MIPs) have been undertaken around the world (Henderson-Sellers et al.,
1995, Entin et al., 1999, Guo and Dirmeyer, 2006, Koster et al., 2006, Harding et al., 2011). These
projects usually use standard modelling baselines to deal with discrepancies between model
outputs. This results in higher consistency in the climate forcings input to the models (where
applicable), their process representations (e.g. the simulation of human impacts such as water
abstractions), and the temporal and spatial resolutions of their simulations. This way, model
outputs are directly comparable to each other, which supports diagnostic inter-comparisons
between them (Bierkens, 2015). One of the largest, ongoing MIPs (whose data are used in this
thesis) is the Inter-Sectoral Impact Model Inter-comparison Project (ISIMIP) (Schellnhuber et al.,
2014, Warszawski et al., 2014). ISIMIP is a community-driven effort by more than 130 modelling
groups, that covers different sectors including water (both global and catchment hydrological
modelling communities). Outputs from ISIMIP are widely used in different projects, such as

reports of the International Panel on Climate Change (IPCC) (http://www.ipcc.ch/).

MIPs including ISIMIP provide a unique opportunity to access data from different models and to
assess their relative performance. It also facilitates continuous model improvement via the
inclusion of new schemes (e.g. human impacts such as dams, reservoirs and water abstractions)
accompanied by dozens of models, as well as communication between modelling groups
working in the same or different sectors. Nonetheless, they do not fully address the challenge
of spatial inconsistencies between models, as well as the question of what ensemble
representative to select for use when trying to improve the reliability of decision-making. There
remain other shortcomings or unexplored aspects within MIPs (particularly ISIMIP as this
research’s focus MIP), hence areas of further research and potential improvement in model

evaluation and application which will be addressed later in this introduction.


http://www.ipcc.ch/

The question of how to address the challenges of spatial inconsistency in hydrological models
has been a feature of catchment-scale model research for several decades. In answering it,
catchment modellers have recognised that reliance on a single, inconsistent model is inherently
risky and should be avoided (Marshall et al., 2006; Shamseldin et al., 1997). Instead, they have
developed ways to take advantage of the diversity of outputs (Clemen, 1989) generated by
different models by using optimised mathematical combination methods to deliver a combined
output that performs better than the individual models from which it was created (Hagedorn et
al., 2005). This general approach—known as multi-model combination (MMC)—has been an
important focus of catchment hydrological modelling studies, especially over the last two
decades (Abrahart and See, 2002; Ajami et al., 2006; Arsenault et al., 2015; Azmi et al., 2010; de
Menezes et al., 2000; Fernando et al., 2012; Jeong and Kim, 2009; Marshall et al., 2007; Marshall
et al., 2006; Moges et al., 2016; Nasseri et al., 2014; Sanderson and Knutti, 2012; Shamseldin et
al., 1997). Given its demonstrable potential in catchment studies, it is perhaps surprising that

the potential of applying MMC to GHMs has yet to be explored.

A wide range of techniques can be used to generate an MMC solution. The simplest example is
the calculation of the arithmetic mean of the input models (commonly referred to as an
Ensemble Mean (EM)). More sophisticated techniques employ weighted schemes (Arsenault et
al., 2015), with the differential weightings applied to each input model reflecting their relative
strengths or weaknesses. The mathematical approach taken to determining the weights
depends on the objective of the MMC. Where the primary objective is to minimise the difference
between the MMC solution and observed data (i.e. maximise the predictive performance),
without explicitly accounting for model or parameter uncertainty, the use of multiple linear
regression (Doblas-Reyes et al., 2005) or machine learning algorithms to ‘learn’ the optimal set
weights to apply to each MMC input model is a popular approach (Marshall et al., 2007). The
use of algorithms such as artificial neural networks (ANNs) (Shamseldin et al., 1997; Xiong et al.,
2001) or gene expression programming (GEP) (Barbulescu and Bautu, 2010; Barbulescu and
Bautu, 2009; Fernando et al., 2012) to define non-linear weighting schemes have proven to be
particularly effective. This is down to their ability to generate optimised, non-linear schemes

rapidly, without the need for any prior knowledge of the model parameters.

Where there is a desire to account for and minimise model and parameter uncertainty in the
weighting scheme, Bayesian averaging methods are required (Ajami et al., 2007; Hoeting et al.,
1999). These optimise the weights according to the posterior performance of the MMC solution
under the prior probabilities of model parameter values (Duan et al., 2007; Vrugt and Robinson,
2007; Ye et al., 2004). However, these methods require knowledge of the probability density

functions (PDFs) for each of the MMC’s input model parameters (or at least their maximum



likelihood estimates (Ye et al., 2004)). This makes their use in the MMC of GHMs problematic
because the number of parameters used in GHMs is particularly high, the parameters vary
considerably between models, and the PDFs of the parameters in a GHM can be extremely
difficult to specify over a global domain. Consequently, the PDFs for GHM parameters are

seldom specified and, in many cases, remain unknown.

On this basis, this research applies the first MMC approach to tackle the challenge of
inconsistency between multitude of models and using them optimally. To this end, itexplores
the potential of MMC for addressing the challenge of spatial inconsistency in simulations from
several GHMs (for the first time) and CHMs, by combining outputs from diverse sets of GHMs
and CHMs using the machine learning tool GEP (Ferreira, 2001; Ferreira, 2006) across up to forty
major catchments (Papers Il and IV of the thesis). In each catchment, the MMC’s ability to
replicate the observed monthly runoff is compared against that of the EM, each of the individual
models from which the MMC is derived, and the best-performing individual model from the

ensemble.

In addition, this thesis addresses four other areas of further research spotted within the
framework of the ISIMIP as follow with more detailed rationale behind performing each part of
the research and their contribution to knowledge presented in Section 1.3. It should, however,

be emphasised that these explorations are applicable to any MIPs and not limited to the ISIMIP.

First, despite the development of modelling protocols as common modelling baselines in
different phases of the ISIMIP, its framework lacks an evaluation protocol. This is important
towards model appraisal and, in turn, model application and improvement in a comparative
manner. This research tackles this problem by setting a more comprehensive evaluation
framework to an ensemble of GHMs and their ensemble mean (EM) that informs, via a multi-
dimensional assessment, which models are best, where, and according to which hydrological

indicator.

Second, as discussed above both global and catchment models provide valuable information for
decision-making and scientific understanding, but while GHMs provide output data for almost
all parts of the world (applicable for aggregated assessment of e.g. climate change impacts), the
applicability of outputs generated by a CHM is usually limited to the catchment for which the
model has been calibrated. Given the huge resources required for developing each model type,
it is of great importance to understand their relative performance and whether they can be used
interchangeably both for current and future climates. Nevertheless, knowledge of the relative
spreads in simulations/projections from GHM and CHM ensembles (within and outside ISIMIP)

is limited to cross-scale inter-comparison of small ensembles, precluding a robust ensemble



comparison. This research uses, for the first time, large multi-model ensembles of GHMs and
CHMs to explore whether there are systematic differences between projections of runoff
change from two ensembles comprising different types of hydrological model. It also
investigates the effect of different degrees of global-mean warming on runoff for each

catchment as indicated by each model type to the end of 21 century.

Third, while cross-scale inter-comparison of large GHM and CHM ensembles is more informative
than their small ensembles, application of more robust representatives of each model ensemble
(other than EM) was found an area of further study as the EM showed to not be necessarily the
best ensemble representative. Given the potential found in the intelligent MMC approach that
provided runoff simulations overall better than the EM, its capacity in filling the gap between
two large ensembles of GHMs and CHMs is sought. In addition, this study examines the
performance of MMC when a group of GHMs and a group of CHMs are pooled together as a
‘super-ensemble’. The performance of MMC from the super-ensemble is then compared with
the performance of the EM of the super-ensemble and MMCs from GHM and CHM ensembles

to unravel potential benefits of the approach.

Fourth and finally, GHM outputs available and applied at the time of this research were from
two different phases of ISIMIP i.e. Fast Track and ISIMIP2a of which in the latter GHMs were run
under two different conditions of with and without the inclusion of anthropogenic impacts in
the GHMSs' parametrisation. Human impact parameterisations (HIP) has been an important step
forwards to make modelling conditions as close as possible to the real world. Nonetheless, no
comprehensive evaluation and comparison of GHMs under the two abovementioned conditions
had been carried out, precluding test of models’ capacity to represent human activities and their
impacts on assessment of freshwater resources and hydrological extremes. The final part of this
research (Paper V) explores change in the performance of five GHMs that participated in

ISIMIP2a and had human impacts in their parameterisation.

1.2 Research aim, objectives and rationale
This section discusses the aim and objectives of the research followed by the structure of the
thesis, more detailed rationale behind performing each part of the research and its contribution

to knowledge presented in Section 1.3.

Table 1.1 summarises the research aim, research questions (RQs) and objectives (Objs) and
references to the criterion (criteria) that each objective addresses towards fulfilling the degree

qualification. Those criteria are as follows:



C1. Creation and interpretation of new knowledge, through original research or other
advanced scholarship, of a quality to satisfy peer review, extend the forefront of the
discipline.

C2. Systematic acquisition and understanding of a substantial body of knowledge at the
forefront of an academic discipline or area of professional practice.

C3. Generation of new knowledge, applications or understanding at the forefront of the
discipline.

C4. Detailed understanding of applicable techniques for research and advanced academic

enquiry.

In order to fulfil the main research aim of improving estimation and presentation of runoff
simulations from ensembles of GHMs and CHMs, the thesis centrally focuses on exploring the
potential of an intelligent multi-model combination (MMC) technique and establishing
opportunities it provides for improving the utility of runoff simulations from GHMs and CHMs in
supporting reliable decision-making in the contexts of current and future water resource
management. This technique combines outputs of several models into an output, which is
optimised in terms of both the selected input models, and weights applied to each input model.
For this purpose, a machine-learning (ML) based tool that applies intelligent algorithms (gene
expression programing (GEP)) has been employed. The technique is capable of both enhancing
the model ensemble simulations and providing diagnostic insights into the MMC models
performance given the application of symbolic regression (SR) which uses explicit equations.
This technique also provides opportunities for diagnostically improving models, which is
applicable for future modelling applications and climate change forecasting. Prior to this and for
an enhanced understanding from the GHMs performance, a comprehensive evaluation of six

GHMs is performed applying a multi-dimensional assessment approach.

In addition, the thesis investigates the potential of cross-scale model comparisons to explore
relative merits of estimations obtained from the two model scales both for historical hindcasting
and for future projections. Further, it investigates whether and to what extent incorporation of
anthropogenic impact parameterisations (e.g. dam operations and water withdrawals) in GHMs
improves their performance. Better spatial presentation and comparison of the results
worldwide is sought by the application of two integrated evaluation metric — ideal point error,
IPE (Dawson et al., 2012) and Kling-Gupta efficiency (KGE) (Gupta et al., 2009; Kling et al.,
2012)— and a recent hydro-climatic zoning system of hydrobelts (Meybeck et al., 2013), which
is based on more hydro-geographical factors than its previous counterparts such as Koppen

system.



Table 1.1 Research aim, research questions (RQs) and objectives (Obj) along with the related paper where they are addressed.

Thesis Main Aim:

Improving global and catchment estimates of runoff through computationally-intelligent ensemble approaches

Applications of intelligent multi-model combination, cross-scale model comparisons, ensemble analyses, and new parameterisations

. I . Criteria
Research Questions (RQs) Objectives Research sub-Questions (sRQs) Paper
addressed
1) How do GHMS perform in replicating time series of observed monthly runoff?
2) How well do GHMs do in simulating mean annual runoff (MAR) and extreme events (Q5,
Q95 and flows of different return periods)?
Obj1: Comprehensive 3) How do models perform in simulating seasonal cycle (both magnitude and timing)?
RQ1: What are the characteristic evaluation of meanand  |4) How does the performance of GHMs vary spatially, given the application of a standardised
strengths and limitations of the state— extreme runoff from ?'X integrated evaluation metric and a more hydro-geographically based climate zoning C1and C2
of-the-art’ global-scale, hydrological global-scale hydrological ,
modelling? models that account for system:
human-impacts 5) What insight does this study provide concerning the performance of the ensemble mean
(EM)?
6) What model improvement insights (in terms of structure, parametrisation, and
calibration) does this evaluation provide?
RQ2: Can optimised
L . 1) How do GHMs and EM perform, and what performance gain do MMC solutions deliver
combinations of multiple GHM Obi2: Optimising runoff
)& Op g over the individual GHMs and EM?
AR R simulations from an 2) Wh h | f the GHMs, EM and MMC sol f h
at is the spatial pattern of the s, an solutions performance across the
improved simulation outputs ensemble of global-scale ) P P P
hydrological models globe? 1] C3andC4

and provide a mechanism for
delivering heuristic insights into
the strengths and weaknesses

of different models?

through multi-model
combination and
weighting

3) What insights does the intelligent MMC technique offer into the success or failure of the

technique and combination mechanism based on the evaluation criteria set?




Table 1.1 (cont.). Research aim, research questions (RQs) and objectives (Obj) along with the related paper where they are addressed.

Thesis Main Aim:

Improving global and catchment estimates of runoff through computationally-intelligent ensemble approaches

Applications of intelligent multi-model combination, cross-scale model comparisons, ensemble analyses, and new parameterisations

. I . Criteria
Research Questions (RQs) Objectives Research sub-Questions (RQs) Paper
addressed
RQ2: Can optimised combinations of 1) Do solutions provided by MMCs of CHMs and GHMs, perform better than their respective
multiple GHM or CHM outputs EMs?
generate improved 2) Does MMC improve the performance of one type of ensemble (i.e. comprised of CHMs or
simulations and provide a mechanism Obj3: Cross-scale multi- GHMs) more than the other type?
for delivering heuristic insights into the hmcc)iigll:;':;tl)l:ﬂa:clic:;l’l:g 3) To what extent does the complexity of the MMC, i.e. the complexity of the weighting and v C3and C4
y i i
strengths and weaknesses of the combination of models, affect its performance?
models? X 4) Does an MMC developed from a “super-ensemble” of GHMs and CHMs outperform MMCs
I:II > derived from an ensemble of each model type respectively?
1) Are there systematic differences between projections of runoff change from the two
. . Obja: A comparison of ) ¥ icd W projecti Y € W
RQ3: What are the relative changes in river runoff ensembles in simulating indicators of mean and extreme events (MAR, Q5, Q95, and
performance gains for GHMs from multiple global and runoff with different return periods)?
and CHMs (both in ensemble catchmer}t scale 2) What is the effect of different amounts of global-mean warming (1°C, 2°C and 3°C m C1and C2
d MMC f 5 hydrological models . . . . o .
al orms)? under global warming above pre-industrial levels) on GHM and CHM predicted, spatially distributed runoff in
scenarios of 1°C, 2°C and different catchments?
3°C 3) Could any particular type of model ensemble be preferred over another?
Obj5: Assessing the
impact of inclusion of 1) How does the incorporation of human impact affect representation of monthly
RQ4: Does the inclusion of human human activities on GHM discharges and their hydrological extremes, especially drought events?
erformance: a
impact parameterisations (HIP) such as P . 2) How does the inclusion of human impact affect simulations of hydrological indicators
comparison of modelled
dams, reservoirs and water discharges under a in (near-)natural and managed catchments? Vv Cland C2

abstractions in GHMs improve models

ensemble simulations?

naturalised (NOSOC) and
a time-dependent human
impact (VARSOC)
simulation using five
GHMs.

3) What is the spatial pattern of the changes caused by inclusion of human impact
parameterisations?

4) What model improvement opportunities does this study offer?




1.3 Thesis structure and rationale

The thesis is organised into this, introductory chapter, which explains the rationale behind
carrying out the research, and seven other chapters. Chapter 2 comprises brief descriptions of
the MMC method and the model evaluation methods employed, as well as detailing the sources
and types of data used in the research. Chapter 3 presents a synthesis of the results and future
research directions. It also details the current status (i.e. at the time of thesis submission) of the
five papers that comprise the remaining chapters. The remaining chapters (4-8) are the

published/submitted papers that form the body of the doctoral thesis.

1.3.1 Rationale

This section provides a detailed explanation of the rationale for conducting each part of the
research. To this end, the problem addressed in each paper, is mapped into a four-step sequence
consisting of the: challenge, previous approaches (if any), research approach and contribution to

knowledge.

1.3.1.1 Paperl
Challenge. A comprehensive performance evaluation of the most state-of-the-art GHMs (i.e. those
with the inclusion of human impact parameterisations (HIP)) and their ensemble mean (EM) was
missing from the research domain. Evaluation of model performance, particularly when new
features such as human impacts are added to models, provides an important context for decision-
makers when assessing the level of confidence that can be placed in the outputs of different
models, and their application in different locations across the globe. For the modelling community,
such assessments are vital for indicating how and where future model research and development

might deliver the greatest potential benefits to reliable decision-making.

Previous approaches. In practice, and in the absence of a standard GHM evaluation protocol that
could formulate a multi-dimensional model assessment, the evaluation approaches taken in
previous global model evaluation studies (within or outwith the ISIMIP framework) are highly
varied. Variation in previous studies exists in the number of models evaluated (2-14, with a median
of 6), the number of catchments included (8-6,192), the size of catchments considered (10 km? -
4,758,000 km?), the evaluation metrics calculated, the hydrological indicators evaluated, and the

period of analyses (Oki et al., 1999, Milly et al., 2005, Decharme and Douville, 2006, Nohara et al.,



2006, Decharme and Douville, 2007, Materia et al., 2010, Haddeland et al., 2011, van Dijk et al.,
2013, Beck et al., 2016, Hattermann et al., 2017) (also see Table 1 in Paper |, Page 78).

This model evaluation variation, in turn, means there remain several opportunities for improving
the way in which model evaluation studies are conducted. Those opportunities include but are not

limited to assessing or re-assessing:

the types of hydrological indicators studied, especially extreme events,

inclusion of anthropogenic parameterisations,

spatial representation of the models performance,

model ensemble representation, especially by the use of EM, and

guantitative model performance evaluation e.g. application of more robust metrics such as

integrated metrics.

Research approach (RQ1, Obj1). In this context, Paper | presents one of the most comprehensive
GHM evaluation studies to date. It uses six GHMs that incorporate human activities in their
parameterisations to address the above issues and opportunities. This is done using monthly
observed and simulated data for the period 1971-2010 for 40 major catchments across the globe,
covering all eight globally-defined, hydro-regions (Meybeck et al., 2013). To this end, different
hydrological indicators are analysed, including mean, and high and low flows for monthly and
annual runoff, as well as different aspects of the seasonal cycle. Using the hydro-climatic system
of hydrobelts and a standardised, integrated model evaluation metric (ideal point error, IPE)

(Dawson et al., 2012), results are presented in an improved, spatially-comparable manner.

Contribution to Knowledge. Performing the comprehensive model evaluation detailed above

delivers:

o The first GHM evaluation to date that uses models run with human influences, as
well as the most comprehensive evaluation of extreme runoff from six GHMs,
highlighting the importance of conducting a multi-dimensional GHMs assessment,
and the need for the development of a more general GHM evaluation protocol,
especially within the framework of ISIMIP.

o An informative framework that highlights the relative variability in the performance
of GHMs — with respect to both the hydrological evaluation criteria used and the
geospatial locations of the catchments modelled. In other words, it indicates where,

which model, and which indicator(s) are the best, globally.

10



o Opportunities for model improvement given the identification of relative
performance of the GHMs in different locations or across different indicators, so that
their process representations will improve simulations of extreme flows and the
representations of the magnitude and timing of the seasonal cycle, where GHMs
show opportunities for improvement.

o New insights into the performance of the EM that challenge the commonly held
perception that the EM delivers superior performance over that attainable using

individual models.

1.3.1.2 Paperll
Challenge. Global hydrological model ensembles are poorly represented by their EM and not

optimally combined.

In practice, model deficiencies are inevitable and this causes errors in their simulations of the real
world, and performance variability when comparing models with each other, as set out in Paper I.
These errors generate the need for continued improvement of hydrological models, which is
normally pursued by activities such as acquiring higher quality data and/or improving structural
mechanisms and parameterisations (Liu and Gupta, 2007). Model improvement through these
pathways is usually useful, but requires considerable resources. In addition, aleatory (random) and
epistemic (resulting from deficits of knowledge) uncertainties, as well as natural variability in the
hydrological cycle which remains unknowable mean that it is inappropriate to assume that a single
model can provide an adequate basis for a simulation. This leads to alternative approaches being
sought: ones that make better use of available data and which overcome the current
disadvantages associated with relying on a single model or dealing with outputs from multiple

models.

Previous approaches. One way overcoming the above problem has been combining outputs from
a multitude of diverse models — a process known as multi-model combination (MMC). This should
ideally go beyond simply mixing outputs of several models into a single one and it will benefit from
some optimisation and intelligence in the combination process. In current applications of GHMs,
as a straightforward solution, the arithmetic mean of outputs from ensembles of several models
(EM) is usually used to combine multiple model outputs into a single one (Nohara et al., 2006,
Haddeland et al., 2011, Beck et al., 2016, Hattermann et al., 2017). The EM is widely used in climate
change and impact studies, especially when making medium-term or long-term projections

(Phillips and Gleckler, 2006, Nohara et al., 2006, Dirmeyer et al., 2006, Tebaldi and Knutti, 2007,
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Cloke and Pappenberger, 2009, Gosling et al., 2010, Sanderson and Knutti, 2012). The EM and its
associated statistical parameters are then used to inform assessments of water availability, water
scarcity etc. This approach assumes each model output warrants equal influence in the ensemble
output, whereas, there is often little, if any, evidence that the EM is an optimal combination
strategy beyond the fact that it is often able to outperform individual models. An alternative
approach to the EM (that weights all input models equally) could be a mixed-approach that
combines the outputs of model ensembles into a single, integrated solution by weighting the input
models based on their performance. In catchment scale hydrology, various arbitrary or ‘informed’
approaches, such as variable weightings, have been explored to weight models (Giorgi and
Mearns, 2002, Fowler and Ekstrom, 2009, Chandler, 2013, Arsenault et al., 2015) (see the latter
for various weighting methods). However, the fundamental challenge remains that of finding
computational methods that can optimise both the weighting strategy and the specific weights

assigned, in a meaningful way.

Research approach (RQ2, Obj2). To these ends, machine-learning algorithms (MLAs) offer
enormous potential as agents for optimising both the weighting strategies and the weights
themselves. MLAs are capable of formulating computational solutions for mapping multiple inputs
to one or more outputs that are optimised both in terms of their numerical structure and
parameter values (see Solomatine et al., (2008) for an overview of the application of MLAs in
hydrology). Paper Il explores, for the first time, applications of an ‘intelligent’ MMC method that
employs gene expression programming (GEP) (Ferreira, 2001, Ferreira, 2006), which is a type of
evolutionary algorithm (EA), and symbolic regression (SR) (Zelinka et al., 2005), to optimise
outputs from a GHM ensemble. Using this method, the best aspects of the best models are
emphasised, and the worst aspects of the worst-performing models are de-emphasised. This novel
approach provides the potential to both enhance model outputs and gain valuable heuristic
insights into the relative capabilities of different models, under different contextual demands.
This, unlike black box and implicit methods e.g. artificial neural networks (ANN) (Shamseldin et al.,
1997, Shamseldin et al., 2007, Freitas and Rodrigues, 2006), delivers explicit equations enabling
the rationality of solutions to be assessed and the numerical mechanisms used in solutions for
different climatic and/or physiographic settings to be examined and compared. In addition, Paper
Il explores whether one, or a group of GHMs, might be better suited than another to application
in different regions of the world, given the multiplicity and diversity of different GHMs. Adoption
of the MMC approach in GHM studies could provide both improved simulations and heuristic
insights. This would be particularly valuable for climate change impact assessment applications

that project the impacts of climate change on global hydrology. Paper Il exemplifies the approach
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through the development of MMC solutions for simulated runoff from five, individual GHMs
participating in ISIMIP2a, across 40 major catchments and over the period 1971 to 2010. The
catchments are distributed across all of the world’s hydrobelt types and application of the

standardised integrated metric IPE promotes robust spatial analysis.

Contribution to Knowledge. Performing, for the first time, intelligent multi-model combination of

several GHMs that delivers:

o A novel, intelligent MMC technique that optimises runoff simulations from an
ensemble of GHMs by applying MLAs and SR to provide explicit equations that have
both their numerical structure and parameter values optimised.

o New insights into the weak performance of EM as a widely applied representative of
model ensemble.

o Fresh insights into the potential reasons for MMC failure based on re-examining the
explicit SR equations that define the MMC solutions and recognising that failure
could arise from MMC solutions’ higher level of structural complexity relative to the
complexity of combinatorial problems, or re-analysing the residual structure of the
GHM outputs.

o Opportunities for meaningful interpretation of GEP-based MMC solutions, given
their explicit nature. This includes, but is not limited to: the GHM’s contribution to
the optimal solution, which reveals the suitability of different models in each
catchment or hydrobelt; MMC equation size, which may help to reveal the
complexity of the challenge of improving GHM simulations in different
catchments/regions, and; equation component examination that may help
researchers gain qualitative insights into the numerical mechanisms by which MMC
optimisation is achieved.

o Diagnostic insights into the relative merits of GHMs based on the extent of their
inclusion/exclusion from the selected MMC solutions. This offers an important
means by which limitations in process representation may be better identified and
understood, which could, in turn, highlight areas of model improvement specific to
each geographical location.

o Exemplary analysis and characterisation of the correction mechanisms used by the
SR equation components that support improved qualitative understanding of model

deficiencies and correction mechanisms.
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1.3.1.3 Paperlli
Challenge. Knowledge of the relative spreads in simulations/projections from global and
catchment hydrological model (GHM and CHM) ensembles is limited to cross-scale inter-

comparions of small ensembles, precluding a robust ensemble comparison.

Previous approaches. While GHMs provide output data for almost all parts of the world, the
applicability of outputs generated by a CHM is usually limited to the catchment for which the
model has been calibrated. Despite this, both global and catchment models provide valuable
information for decision-making and scientific understanding. A global perspective on the
hydrological cycle, particularly under impacts of climate change, is vital for quantification of the
aggregated impacts. It is at the catchment scale, however, that most adaptation measures take
place and where interaction with affected stakeholders is strongest (Hattermann et al., 2017).
CHMs tend to be tailored to a specific catchment, so they use local input data and calibration
(Hattermann et al., 2017). Calibration usually improves model performance (Hattermann et al.,
2006, Koch et al., 2013), although, it can be a complex and resource-intensive procedure. GHMs
and CHMs are also distinguished in their spatial resolution, which is usually finer for CHMs. With
the expectation that results obtained from both scales should agree in trend and direction (e.g. in
terms of the magnitude and direction of climate change impact), their relative performance in
simulating present day or projected, future hydrologies have rarely been explored, with the
exception of few studies (Gosling et al., 2011, Thompson et al., 2013, Piniewski et al., 2014, Gosling
etal., 2016, Hattermann et al., 2017) including Hattermann et al. (2018) conducted in parallel with
this doctoral research . Cross-scale studies of this type can provide decision-makers with an
appreciation of the possible range of potential impacts that can arise from using different tools
available to the hydrological modelling community and the sensitivity of model projections to the
spatial scale at which climate change and its impacts are simulated. In the latter context, it is
significant that this approach enables testing for consistency between different scales of analysis,
and identification of the need for improvement. Nonetheless, cross-scale, inter-comparison
studies remain very rare, and those studies that have been conducted have usually applied only
one or two models in their comparisons. This is, in part, attributable to the significant resources

that are required to setup and calibrate CHMs (Hattermann et al., 2017).

Research approach (RQ3, Obj4). Paper Il presents results of a cross-scale comparison study that,
for the first time, uses large, multi-model ensembles of GHMs and CHMs to explore whether there
are systematic differences between projections of runoff change from two ensembles comprising
different types of hydrological model. It also investigates the effect of different degrees of global-

mean warming on runoff for each catchment as indicated by each model type. The approach

14



allows an exploration of the extent to which current runoff will be affected if the 2°C target set by
United Nations Framework Convention on Climate Change (UNFCCC) under the Paris Agreement

is met, and what the impacts might be if it is missed and global-mean warming rises to 3°C.

Contribution to Knowledge. Cross-scale model comparison using large ensembles of GHMs and
CHM s for the first time delivers:

o Large ensembles of GHMs and CHM s suitable for conducting a cross-scale study that
assesses the impact of climate change (1°C, 2°C and 3°C warming above pre-
industrial levels) on projections of runoff for both mean and extreme river flows.

o New insights on the utility of global-scale hydrological models for understanding
changes in runoff at the catchment-scale. This is valuable because, ensemble median
estimates of change from ensembles of GHMs and CHMs have generally showed
similar effects of global warming on all the hydrological indicators considered. There
are, however, some distinct differences, such as a wider spread of hydrological
impacts from the GHMs for several catchments.

o Findings that highlight the benefits of applying both types of model ensemble when
assessing climate change impacts at the catchment scale. This stems from the finding
that superior performance of CHM ensembles in simulating present-day discharges
does not guarantee higher credibility of CHM compared to GHM-generated
projections under climate change. This finding should encourage decision-makers to
consider the full range of potential impacts from both the GHM and CHM ensembles,
since these represent the spread of possible impacts according to several different
types of credible models used by the hydrological modelling scientific community.

o Findings that highlight the implications of changes in future runoff understood at
both scales of hydrological modelling should the UNFCCC target of limiting global-
mean temperature rise to well below 2°C above pre-industrial levels is missed.

o Demonstrations of the differing sensitivities of individual catchments to varying
degrees of global warming. This help identification of catchments where global
climate change mitigation, which limits global-mean temperature rise to below 2°C
above pre-industrial levels, could avoid some of the hydrological hazards that might

otherwise occur with higher magnitudes of global warming e.g. 3°C.

1.3.1.4 PaperlV
Challenge. Reducing inconsistencies between runoff simulations made using GHMs and CHMs.

While cross-scale model comparison (e.g. Paper Ill) assists end-users with understanding the range
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of possible impacts and deciding which type of model to believe, the ways in which model results

are compared and presented to end-users (usually by their arithmetic mean) can still be improved.

Previous approaches. In practice, the findings from the handful of cross-scale studies performed
to date (Gosling et al., 2011, Piniewski et al., 2014, Gosling et al., 2016, Hattermann et al., 2017))
have been presented by their spread, visualising the level of uncertainty, and/or have been
qualitatively summarised in terms of ensemble mean (EM) or ensemble median. In this situation,
GHMs usually present a wider spread and larger EM due to their being mostly uncalibrated, coarse-
resolution models. This is why the EM was found (in Papers | and Il) to have limited utility in

representing model ensembles.

Research approach (RQ2, Obj3). Paper IV explores whether, and to what extent, MMC brings
runoff simulations generated using GHMs closer to those of CHMs, in different catchment
contexts. In addition, this paper examines whether the MMC approach can offer a better ensemble
model outcome than the EM. Paper IV adopts the novel, GEP-MMC approach described and
applied in Paper Il. The approach is applied to optimise combination strategies for the runoff
simulations from one ensemble of eight GHMs and one of nine CHMs, across eight, large
catchments to, for the first time, conduct a cross-scale comparison of multi-model combinations.
It also examines the amount of performance gain/loss if a mixture of both ensembles, a super-
ensemble, is used in conducting MMC. Model performance is, again, quantitatively assessed using

IPE.

Contribution to Knowledge. Performing, for the first time, a cross-scale comparison of intelligent
MMCs from a catchment and a global hydrological model ensemble that delivers:

o Optimised runoff simulations from large ensembles of GHMs and CHMs via
application of intelligent MMC technique, which uses MLAs and SR to provide explicit
equations that have both their numerical structure and parameter values optimised.

o Insights into the relative performance of the two ensembles, in terms of their
individual members (EMs and MMCs) under different settings and in the form of a
super-ensemble comprising all GHMs and CHMs.

o Insights into the relative performance of MMC solutions under different settings
(different level of complexity) that highlight that a more complex MMC will not,
necessarily, deliver a better performing model.

o Demonstrations of the impact of the MMC approach on estimations of hydrological

indicators and representations of seasonal cycles {beth—timing—and—magnitude},

which usually lead to improved simulations.
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o Diagnostic insights into the relative merits of GHMs and CHMs, based on the extent
of their inclusion/exclusion from the selected MMC solutions, offering an important
means by which limitations to process representation may be better identified and
understood. This, could in turn, highlight areas for model improvements in the

context of each particular, geographical location.

1.3.1.5 PaperV
Challenge. No comprehensive evaluation of GHMs that include human impact parameterisations
(HIP) had been carried out prior to that reported in Paper I. Up to now, GHMs have been applied
and evaluated under naturalised or near-naturalised conditions (Bierkens, 2015). Such studies are
unable to test model’s capacity to represent human activities and their impacts on assessment of
freshwater resources and hydrological extremes. Meeting societal and scientific needs also
necessitates addressing model challenges such as accurately representing the hazards associated
with floods (Zhao et al., 2017), water scarcity (Liu et al., 2017a) and droughts (van Huijgevoort et
al., 2013) at a global scale. This has led to a fair amount of research aimed at representing human
activities and their interactions with the hydrological cycle (Bierkens, 2015). In fact, a fairer
evaluation of a model’s performance necessitates keeping simulation conditions as close as
possible to observations and the real-word situation. However, to date, a systematic analysis that
evaluates whether and to what extent incorporating human activities into GHMs improves their
performance in simulating real-world hydrological conditions is missing. Failure to account for
human impacts on the natural water cycle could potentially preclude the incorporation of GHMs
and their modelling results into policy-making and decision-support with respect to water resource

management.

Previous approaches. The fact is that there is none. All but one of the previous studies have only
evaluated model runs under naturalised conditions (Oki et al., 1999, Milly et al., 2005, Decharme
and Douville, 2006, Nohara et al.,, 2006, Decharme and Douville, 2007, Materia et al., 2010,
Haddeland et al., 2011, van Dijk et al., 2013, Beck et al., 2016, Hattermann et al., 2017). The only
one study to have evaluated models run with human impacts is that reported in Paper | and no
study has demonstrated the additional benefit of including human impacts in GHMs, compared to

excluding them.

Research approach (RQ4, Obj5). Paper V presents the results of a study on the change in the

performance of five GHMs that participated in ISIMIP2a that followed inclusion of human impacts
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in their parameterisation. The research was conducted through comparison of monthly discharges
under a naturalised and a time-dependent human impact simulations (respectively termed NOSOC
and VARSOC in the ISIMIP framework), based on monthly discharge observations from 473 stations
over the period 1971-2010.

Contribution to Knowledge. The impact on GHM performance of incorporating human activities

in their parameterisations has been investigated and established, to deliver:

o The first comprehensive evaluation of five GHMs by systematic comparison of
indicators of mean and extreme values of their modelled, monthly discharges
incorporating naturalised and time-dependent human impact simulations, covering
not only (near-)natural catchments but also heavily-managed catchments, which
show higher model performance when human impacts are included.

o Quantitative and visual representations of how the inclusion of human impact
parametrisation generally enhances the performance of GHMs, by distinguishing
features such as changes in metrics (e.g. bias ratio or variability), types of catchments
(managed or (near-)natural, the catchment’s geographical locations, and
hydrological indicators of mean and extreme events.

o Detailed demonstration analyses of the changes in hydrological performance in a
selection of 12 managed and (near-)natural catchments, that provide new insights
into the mechanisms by which inclusion of human impact in GHMs operates in
different geographical locations.

o Descriptions of how changes observed in evaluation metrics (e.g. bias ratio,
variability and correlation coefficient) for mean and extreme runoff events when
human impact is included might be linked to each part of the parametrisations in a
VARSOC run. For example, changes in the variability ratio are found to be driven
predominantly by the timing of water abstractions and return flows.

o Demonstrations of the overall impact of including human impact on the performance
of the selected GHMs, that highlight potential improvements that could be made
with regard to human impact parametrisation. These are based on the evaluation
measures (such as the integrated evaluation metric Kling-Gupta Efficiency index
(KGE)) and differences in model algorithms and parameterisations

o A new emphasis on the care that should be taken in model selection and
interpretation of risk assessment due to large variation in the performance of GHMs

that do or do not account for human impacts on the natural water cycle.
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2 Methods

2.1 Global Hydrology and Model Intercomparison Projects (MIPs)

2.1.1 Global hydrological models (GHMs); emergence and applications

Global hydrological models describe a group of models designed to simulate the effect of climate
variability and water use on river discharge and freshwater resources across the global domain
(Bierkens, 2015). They encompass different types of global scale models (introduced in Section
2.1.2), but for the sake of simplicity hereafter all of them are called global hydrological models
(GHMs). Compared to smaller scale models (catchment or regional scale), GHMs are usually
uncalibrated, have coarser spatial resolution (Hattermann et al.,, 2017), and compromise
between the model performance at the scale of individual catchments and overall model

performance (Gosling and Arnell, 2011, Miiller Schmied et al., 2014).

GHMs emerged in 1986 (REF) in response to the realisation of the fact that climate and human
impacts on the hydrological cycle and water resources occur at continental and global scales,
and therefore, a global description of terrestrial hydrology was needed. Early attempts to
develop GHMs were led by atmospheric scientists, but these models were well received by
hydrologists and other earth science communities (Bierkens, 2015). GHMs have proved their
capabilities by being increasingly used in a variety of applications, such as assessing the impacts
of climate change on water availability and scarcity (Schewe et al., 201443, Veldkamp et al., 2017,
Gosling and Arnell, 2016), droughts (Burke et al., 2006, Field et al., 2012, Prudhomme et al.,
2014), flood hazard and risk (Ward et al., 2013, Dankers et al., 2014, Gosling et al., 2016, Arnell
and Gosling, 2016). They have been also used for short-term forecasting (Emerton et al., 2016),
and examining the role of water in assessments of food security (Fraser et al., 2013, Elliott et al.,
2014, Rockstrom et al., 2009). In turn, their results are used to inform global policy decisions on

climate change (Milly et al., 2005, Nohara et al., 2006, Arnell et al., 2014).

From their emergence up until now, GHMs have benefitted from considerable development in
different aspects including, but not limited to, expansion of their scientific basis and types,
improvement of structure and parametrisations, better spatial resolution, increased diversity of
forcing data (both measured in situ and remotely sensed), and applications, which have mostly
been made possible thanks to advances in computational power. A brief description of some
aspects of GHM development is provided in this section, but interested readers are referred to
(Bierkens, 2015, Sood and Smakhtin, 2015) for reviews of “global hydrology; state, trends and

directions”.
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Global water resource (availability/stress) assessments are now routine tasks conducted in
several global projects, such as the Global Water Systems Project (GWSP), the UNESCO World
Water Assessment Program, and the UNEP Environmental Outlook (Bierkens, 2015). More

recent applications of GHMs have focused on the following issues:

- Global flood hazard and risk (Pappenberger et al., 2012, Hirabayashi et al., 2013,
Ward et al., 2013).

- Modelling global freshwater temperature (van Beek et al., 2012, van Vliet et al.,
2012).

- Groundwater depletion (Wada et al., 2010, Gleeson et al., 2011).

- The contribution of terrestrial water stores to global sea level change (Wada et al.,
2012, Pokhrel et al., 2012).

- Methane emission (Petrescu et al., 2010, Ringeval et al., 2014), and

- Medium range to seasonal streamflow forecasting (Alfieri et al., 2013, Yossef et al.,

2013).

In terms of resolution, early calculations provided by GHMs were originally available with a
resolution normally around 1-2° (Veldkamp, 2017), but most of the current GHMs run with a
spatial resolution of 0.5° (i.e. 50 km at the equator) and with daily time steps. The latest versions
of some GHM s e.g., WaterGap3 (Verzano et al., 2012) and PCR-GLOBWB2.0 (Wada et al., 2014),

run at an even at finer resolution (0.083° = 5 arc min) (Bierkens, 2015).

2.1.2 GHMis classifications

Whilst the general term GHM is used throughout this thesis, it may be useful to provide a brief
explanation of the different model types that are combined into this collective terminology.
GHMs developed, more or less independently, in different geoscientific fields, of which three
main domains include atmospheric science, vegetation and carbon, and hydrology and water
resources. Models developed in each domain are respectively termed; land surface models
(LSMs), dynamic vegetation models (DVMs), and macroscale hydrological models (MHMs) or
Global Hydrology and Water Resources Models (GHWMs), featuring the global water cycle

among other processes (Bierkens, 2015).

LSMs have been applied to model the exchange of energy, moisture and momentum in the soil-

vegetation-atmosphere nexus. They developed from a rather simple, one-layer soil model
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(Manabe, 1969) to more sophisticated models accommodating multi-layer soil routines (e.g.
TESSEL; (Viterbo and Beljaars, 1995) and LaD; (Milly and Shmakin, 2002))- Over time, several
other LSMs have been developed and applied examples of which are VIC (Liang et al., 1994),
NoAH (Niu et al., 2011), ORCHIDEE (Guimberteau et al., 2012), JULES (Best et al., 2011, Clark et
al., 2011), CLM (Lawrence et al., 2011), and LM3 (Milly et al., 2014). A new generation of LSMs
are land earth system models (LESMs) that combine energy and momentum exchange with
mature hydrology, vegetation phenology, and dynamics of carbon cycling. CLM and LM3 are

examples of this generation (Bierkens, 2015).

Dynamic vegetation models, DVMs, were originally developed by ecologists to study the impacts
of climate change on terrestrial vegetation, especially forests. Through time these models
developed to dynamically model both vegetation and carbon cycling (Bierkens, 2015).
Development of DVMs dates back to the 1990s, with BIOME (Prentice et al., 1992) being one of
the first models to include a simple hydrological modelling scheme. The next generation DVMs
emerged through development of LPJ (Sitch et al., 2003) and two of its version; LPJ-Guess (Sitch
et al, 2003) and LPJmL (Bondeau et al.,, 2007). By implementing some hydrological
improvements (e.g. those by Gerten et al., (2004) and adding irrigation modules and reservoirs,
the global hydrological modelling community have applied LPJ versions for water resources

assessments (Bierkens, 2015).

Finally, stand-alone, global hydrology models (GHMs), including both macroscale hydrological
models (MHMs) and Global Hydrology and Water Resources Models (GHWMs) (for those
explicitly including water use), cover the global scale models that emerged and developed in the
scientific domain of hydrology and water resources (Bierkens, 2015). Development of the first
GHMs dates back to late-1990s (e.g. WaterGap (Alcamo et al., 1997) and WBM (V6résmarty et
al., 1998)), when water shortages at the global scale led to the first detailed assessments of
global water resources and, in turn, the need for higher quality data for modelling purposes.
GHMs are normally applied to simulate soil moisture variability and runoff generation on a cell-
by-cell basis using input data from climatic (temperature and precipitation), physiographic (land
cover, soil texture, slope, and elevation) and surface cover (vegetation, land-use) data sources

(Veldkamp, 2017).

Inclusion of water use (domestic, industrial, irrigation water withdrawal and consumption) was
a novel aspect of the first GHMs (e.g. WaterGap and WBM) enabling explicit modelling of
demands and comparing results against freshwater availability. Over time, several other rounds
of improvements have been made to GHMs to enhance both their performance and resolution

(Bierkens, 2015). Major advances made to GHMs include:
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- Inclusion of reservoir operations (Haddeland et al., 2006, Hanasaki et al., 2006).

- Hydrodynamic routing (van Beek et al., 2011).

- Floodplain inundation (Yamazaki et al., 2011).

- Determining water scarcity at a monthly time scale to account for intra-annual
variability in availability and demand (Hanasaki et al., 2008, Wada et al., 2011), and

- Improved representation of surface-groundwater interactions (de Graaf et al., 2014,

Doll et al., 2012).

2.1.3 Model intercomparison projects (MIPs)

In practice, due to their different structures, parameterisations and forcing data, different GHMs
yield a range of outputs. This could be unhelpful in terms of gaining an improved, overall
understanding of the processes being modelled and this could, in turn, hamper uptake of GHMs
to inform decision-making by non-specialist policy makers. To minimise the challenge posed by
varying outputs from different models, in several projects — known as model inter-comparison
projects (MIPs) — GHMs have been run under common frameworks that provide standard
modelling baselines to deal with the discrepancies between models (Henderson-Sellers et al.,
1995, Entin et al., 1999, Guo and Dirmeyer, 2006, Koster et al., 2006, Harding et al., 2011). Use
of MIPs, in turn facilitates higher consistency in, for example, the climate forcings input to the
models, the process representations (e.g. the simulation of human impacts such as water
abstractions) and the temporal and spatial resolutions of their simulations. In this way, model
outputs are more directly comparable with each other, which supports diagnostic inter-
comparisons between them (Bierkens, 2015). This achievement was not possible through

arbitrarily running multiple models.

The MIP approach was one of the important aspects of LSM applications noted by the
atmospheric science community from the early days of performing multi-model
intercomparison experiments. In the MIPs experiment by Bierkens (2015), LSMs are used either
on their own or coupled with climate models applicable for land-atmosphere studies. The
earliest examples of MIPs conducted using LSMs are the Project for Intercomparison of Land
Surface Parameterisation Schemes (PILPS) (Henderson-Sellers et al., 1995), the Global Soil
Wetness Projects | and Il (Entin et al., 1999, Guo and Dirmeyer, 2006) and GLACE (Koster et al.,
2006). Further examples of MIPs involving the GHM community encompass WATCH (Harding et
al., 2011), phases | and Il of ISIMIP (Schellnhuber et al., 2014, Warszawski et al., 2014) and E20
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(Schellekens et al., 2017). As a notable example, phase 2 of ISIMIP has brought together more
than 130 modelling groups across various sectors including agriculture, water, ecosystems and
infrastructure (Warszawski et al., 2014). Consistency of model outputs from ISIMIP underpins
the evaluations and assessments conducted in this research, which would not have been

possible without this MIP.

Models participating in MIPs are usually run using the same input forcing data and then
compared to each other and/or to the observations to explore their performance (Bierkens,
2015). In addition, through MIPs, global models are examined in terms of the extent to which
they can represent the hydrological cycle and the robustness of the climate change impacts they
indicate (Veldkamp, 2017). As results, MIPs expose the short comings of GHMs (which can be
corrected for), facilitate estimation of model uncertainty, and enhance transparent modelling
endeavours, all of which helps modellers achieve their goals for improvement (Bierkens, 2015,
Veldkamp, 2017). However, the foci of multi-model studies have usually been comparisons of
surface runoff or stream discharge (Haddeland et al., 2011, Haddeland et al., 2014, Hagemann
et al.,, 2013, Prudhomme et al., 2014) and estimates of water scarcity (Veldkamp, 2017) or
exposure to water scarcity (e.g. Schewe et al., (2014) have received less attention. Results
obtained from MIPs have been used in important applications; for example, ISIMIP outcomes
have been cited in influential reports such as the IPCC AR5 Working Group 2 report (Bierkens,

2015).

2.2 Multi model combination (MMC)

Currently, there are numerous models of different types that are applied to simulate the
hydrological cycle and water resources. Despite providing useful information for scientific
communities and end-users, these models leave modellers and end-users faced with the difficult
choice of identifying the best model amongst them. This problem remains unsolved even in MIP
frameworks where, although all models are run with a level of consistency e.g. in their forcing
data, there exist several model outputs to be dealt with. This, in turn, prompts the question of
what to do with them all and how to integrate their outputs in an objective and meaningful

manner.

Practically, uncertainties associated with the diversity of hydrological models suggest that no
single model can be acclaimed as the ‘best’ model under all circumstances. Neither is it reasonable
to rely solely on one model, as it may fail to perform satisfactorily all the time (Shamseldin et al.,

1997). Even though acquisition of higher quality input data and/or efforts to improve the
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structures of individual models can certainly enhance a model’s ability to replicate observed data
(Liu et al., 2007), there is increasing recognition of the opportunities provided by combining the
outputs from multiple, diverse models; a process known as multi-model combination (MMC). The
idea underpinning MMC is to combine the outputs from several, individual models and deliver an
output that outperforms all of the individual models (Shamseldin et al., 1997). In practice, this is
usually achieved by reporting the mean output of an ensemble of GHMs (Phillips and Gleckler,
2006, Gosling et al., 2010, Sanderson and Knutti, 2012, Gudmundsson et al., 2012a, Gudmundsson
et al., 2012b, Masaki et al., 2017); known as the ensemble mean (EM), and also sometimes the
ensemble median (Gosling et al., 2016, van Huijgevoort et al., 2013). However, there is often little,
if any, evidence that the EM is an optimal combination strategy beyond the empirical observation
that it does often outperform the individual models (Gao and Dirmeyer, 2006, Guo et al., 2007, Liu
et al., 2017b). Alternatively, the idea of combining an ensemble of models into a single, integrated
solution has proved to be effective (Shamseldin and O'Connor, 1999, See and Abrahart, 2001,

Ajami et al., 2006, Azmi et al., 2010).

The idea of combining forecasts obtained from different models dates back to 1970s in economics
(Bates and Granger, 1969), but has been used in various forms across multiple disciplines, including
hydrological modelling. In hydrological modelling, MMC was first used in the 1980s, when McLeod
et al. (1987) combined the outputs of three models to improve forecasts of inflow to a reservoir
in Canada. Subsequently, the MMC technique has been applied in numerous studies of which a
non-inclusive but representative list is: (Shamseldin and O'Connor, 1999, See and Abrahart, 2001,
Shamseldin et al., 2002, Ajami et al., 2006, Shamseldin et al., 2007, Ajami et al., 2007, Azmi et al.,
2010, Nasseri et al., 2014). Even though in some cases (Mcleod et al., 1987) model combination
did not result in significant improvement, it is generally accepted that MMC is a beneficial
technique to enhance simulations/projections/predictions (Clemen, 1989, de Menezes et al.,

2000).

2.2.1 MMC approaches
MMC encompasses a plethora of techniques designed to integrate the outputs of multiple models

into a single, integrated solution. One classification is based on the approach by which results
obtained from different models can be combined. These include model mixing, model synthesis

and model switching (Freitas and Rodrigues, 2006) (Figure 2.1).
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Model combination approaches

combines results of individual models on the whole
process (e. g. hydrological process)

Model combines results of individual models on modeling
synthesis different components of the process

| Model forms the combination by selecting from individual
switching models forecasts of the entire process

Figure 2.1. Model combination approaches based on the how models are combined.
From, Freitas and Rodrigues (2006).

Another distinction is made based on the number of models contributing to the MMC,which could
be a single-model or multiple models. In the former case the final forecast is a combination of
different instantiations of the same model (Oudin et al., 2006), while in the latter case results from

a number of diverse models are combined.

The kinds of models used in conducting MMC have been differently and arbitrarily selected, based
on the researchers’ justifications and cases of interest. Examples include combining models of the
same kind (e.g. data-driven or conceptual models), or models of different types (such as
conceptual, statistical, neural and fuzzy) (Figure 2.2). In a review of combined forecasting, based
on the degree of complexity, Menezes et al. (2000) categorise combination methods into seven

groups. However, simple approaches are claimed to be more accurate (Clemen, 1989).

Types of models to combine

) )
All of the same Different types
type
[ ] 1 |
D?ta- Conceptual Data-driven
driven +conceptual +....

Figure 2.2. Model combination classification based on model types.

25



In addition, diversity also exists in model combining approaches. Generally, individual models are
given weights to generate the optimal combination, based on metrics of goodness-of-fit. The
components of combined models can take fixed or variable weights. In the first case, methods
used to determine the optimum weight may include simple average, weighted average, artificial
neural network (Shamseldin et al., 1997), Bayesian model averaging (Ajami et al., 2007) or fuzzy
logic (Abrahart and See, 2002). Variable weighting methods, on the other hand, either give higher
weights to models with better performance under certain circumstances or try to minimise model

error (Jeong and Kim, 2009).

The ensemble mean (EM) is, in effect, the simplest form of MMC where all model outputs are
afforded equal weight in the integrated solution. The EM is widely used in climate change and
impact studies, especially when making medium-term or long-term projections (Phillips and
Gleckler, 2006, Gosling et al., 2010, Sanderson and Knutti, 2012, Gudmundsson et al., 2012a,
Gudmundsson et al., 2012b). However, the implicit assumption underpinning the justification for
computing an EM; that overall the diversity of model outputs will contribute towards improving
the integrated output cannot be guaranteed. Certain models may be consistently poor performers
in certain climatic or physiographic settings, or over certain hydrological response ranges, and
their inclusion in a model ensemble may act to limit the performance of the EM (Shamseldin et al.,
1997). To overcome this problem, the development of MMC solutions based on identification and
application of variable weights has been explored (Giorgi and Mearns, 2002, Fowler and Ekstrom,
2009, H et al., 2010, Chandler, 2013), see Arsenault et al., (2015) for various weighting methods
employed in hydrological modelling. However, these techniques raise equally difficult questions
about how the ‘best’ weighting strategy and combination of weights can be determined a priori.
Various arbitrary or ‘informed’ approaches have been explored REF, but the fundamental
challenge remains that of finding computational methods that can optimise both the weighting

strategy and the specific weights in an objective and meaningful way.

2.2.2 Intelligent MMC
While different MMC approaches have shown promising degrees of effectiveness, an alternative

method, within which the best aspects of the best models are emphasised, and the worst aspects
of the worst-performing models are de-emphasised, represents a novel approach. This approach
should have the potential to both enhance model outputs and gain valuable heuristic insights into
the relative capabilities of different models under different contextual demands (Shamseldin et

al., 1997, Beriro, 2015). The fact that this approach has yet to be adopted in GHM studies and
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inter-comparison of different scales (i.e. global and catchment models) means that there is a
unique opportunity to evaluate whether the optimised combination of multiple GHM outputs (or
GHM vs CHM when compared) can provide both improved simulations and heuristic insights. This
could be particularly valuable for climate change impact assessment applications that project the

impacts of climate change on global hydrology, which is one of the main objectives of this thesis.

In this context, Machine Learning Algorithms (MLAs) offer enormous potential as agents for
optimising both the weighting strategies and the weights themselves due to their ability to
formulate computational solutions for mapping multiple inputs to one or more outputs that are
optimised both in terms of their numerical structure and parameter values (see (Solomatine et al.,
2008) for an overview in hydrology). MLAs use iterative, computational processes to generate
candidate solutions that are optimised for one or more objective functions; most commonly a
minimisation of the statistical difference between the solution and an observed data set. MLAs
are stochastic (producing multiple solutions due to the use of random start configurations),
heuristic (producing solutions with structures that are not known a priori), and non-parametric
(incorporating no assumptions about the input or variables distributions) processes (Beriro, 2015).
Whilst the numerical solutions generated by some MLAs (e.g. artificial neural networks
(Shamseldin et al., 1997, Shamseldin et al., 2007, Freitas and Rodrigues, 2006)) are black box and
implicit (Beriro, 2015), others deliver explicit equations. Being explicit enables the rationality of
solutions to be assessed and allows the numerical mechanisms used in solutions for different
climatic and/or physiographic settings to be examined and compared. In this way, the relative
merits of different MMC solutions in different settings is revealed in a more nuanced manner than

is possible through the comparison of metrics of fit, alone.

On this basis, in this research, a novel MMC approach is adopted in which Gene Expression
Programming (GEP) (Ferreira, 2001, Ferreira, 2006) is employed. GEP is a machine learning
algorithm that has demonstrable success in delivering optimal solutions for problems in hydrology
(Barbulescu and Bautu, 2009, Barbulescu and Bautu, 2010) and climatology (Fernando et al., 2012,
Aytek et al., 2008, Beriro et al., 2013, Traore and Guven, 2011, Barbulescu and Bautu, 2010, Beriro,
2015). GEP is a highly-adaptive, symbolic regression (SR) algorithm, closely related to genetic
algorithm (GA) and genetic programming (GP). GA and GP are generally used as means of
optimising the search for the global optimum of a function. Compared to GA, GP allows for
optimisation of more complicated structures and it can, therefore, be applied to a wider diversity
of problems, especially with regard to optimal control problems involving symbolic regression

(Sette and Boullart, 2000).
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2.2.3 Symbolic regression (SR)

Symbolic regression (SR) represents a process during which fitness of simulated data to observed
data is formulated and measured by means of linear or nonlinear, mathematical formulae.
Application of SR by means of evolutionary algorithms (EAs) such as GP was invented by Koza
(1998). In fact, in standard linear regression parameters and coefficients are real numbers and an
arithmetic, linear fitting model (i.e. least squares) is used to optimise the objective function by
finding the values of the coefficients so that the magnitude of the residuals is minimised.
Conversely, in SR, the parameters and coefficients do not have to be real numbers (although they
can be). They can also be algebraic ‘symbols’ which represent an underlying set of real numbers
and logical and mathematical functions. The aim of SR is the construction of expressions (e.g. y3 —
¢ and cos(x) + e™*) that use and combine these elements in ways that, once executed, will
optimise the fit between input data and observed data. Importantly, unlike linear regression, no a
priori assumptions are made about the form or complexity of the expression, which can be highly

non-linear and can range from very simple to very complex.

When using EAs for problem solving there is not a sole solution, but a class of possible solutions
can exist. The main aim of evolutionary algorithms is to find the best solution of all during the
evolutionary process. The main attribute of SR is that the whole evolutionary process is working
with a so-called functional set and a terminal set. The functional set is a set of all user-defined
functions (e.g. SIN and COS), while the terminal set is a set of all constants and variables. SR
synthetises mathematical formulae, computer programs or logical expressions to solve user-
defined problems (Zelinka et al., 2005). An advantage of explicit SR solutions over traditional
machine learning techniques (such as the artificial neural network (ANN) as a black box method)

is that they provide insights into the intrinsic work of the technique.

2.2.4 Gene Expression Programming (GEP)

MMCs based upon MLAs may need to accommodate non-linear functions in the combination
mechanisms that are learned and which facilitate flexibility in the solutions that must be applied
to different data ranges because of non-stationarities in the data. To these ends, GEP offers
particularly high potential. GEP is a highly-adaptive algorithm that searches for and learns optimal
solutions that can incorporate constants, mathematical operators and non-linear functions to
map multiple input data series to an output series using a non-parametric optimisation procedure

(Beriro, 2015). GEP is, therefore, well-suited for solving symbolic regression (SR) problems that
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need higher computational intelligence than standard regression, in order to deliver solutions of
high non-linearity and complexity. This means that, unlike standard regression approaches, a

priori assumptions about the form or complexity of the solution that is delivered are minimised.

The GEP algorithm is an evolutionary algorithm that is closely related to genetic algorithms and
genetic programming as it uses populations of individuals, selects them according to fitness, and
introduces genetic variation using one or more genetic operators. In GEP the individuals are
encoded as linear, fixed-length chromosomes which are afterwards expressed as nonlinear
entities of different sizes and shapes (i.e. simple, diagram representations or expression trees)
(Ferreira, 2001). GEP applies Darwinian principles to ‘evolve’ a set of optimised model solutions,
in the form of symbolic regression equations. The process starts with random generation of the
chromosomes of the initial population through an iterative, evolutionary learning process that
includes both stochastic and systematic computational adjustments. The algorithm and its
mathematical basis has been fully described by (Ferreira, 2001, Ferreira, 2006), and the following

subsection provides a brief description of the GEP’s structure and how it functions.

2.2.4.1 The structure and workflow of a GEP

As stated above, in a GEP, individuals are encoded as linear, fixed-length chromosomes. The
chromosomes are themselves composed of one or more genes of equal length, and each GEP
gene is formed by a head and a tail. While the head contains symbols that represent elements
from both the so-called functions set (F) and the terminal set (T), the tail comprises only terminals
(Ferreira, 2001). Each chromosome encodes a user-defined input, a function, a numerical constant

or an arithmetic operator. These are the building blocks of the SR model that GEP evolves.

Genes and chromosomes can be presented as expression trees (ETs), which facilitates a better

understanding of their organisational structure. Figure 2.3a presents an ET for a gene with the

mathematical expression \/(a + b) * (¢ — d) where, Q denotes the square root function. ETs can
also be expressed in terms of open reading frames (ORFs), which for the parse tree presented in
Figure 2.3a would be ‘Q*+-abcd’ (a head with the length of 8), reading the ET from left to right
and from top to bottom. As a second example ‘+Q-/b*aaQbaabaabbaaab’ presents a gene of 21
with 10 and 11 as the length of the head and tail (in bold), respectively, and ‘-
b*babbab*Qb+abbba’ presents a multigenic chromosome of two genes (with tails in bold). In its

simplest form, a chromosome can be formed by a single gene. Chromosomes can also be

combined (usually by addition) to deliver a final SR solution (often referred to as a program).
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Considering \/(a —b) * (c —d) (which corresponds to ‘Q*--abcd’) as a second single-gene

chromosome, Figure 2.3b visualises the ETs of the two chromosomes combined by addition.
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Figure 2.3. (a) Expression tree for the mathematical expression \/(a + b) * (c — d), and (b) the
expression tree for two single-gene chromosomes combined by addition.

During reproduction, it is the genes/chromosomes of the individuals, not the ETs, which are
reproduced with modification (replicate, mutate, recombine, transpose, etc.) and transmitted to
the next generation (Ferreira, 2001). Therefore, the linear, relatively small and easy to manipulate
genetic nature of chromosomes makes them advantageous for SR problems. Chromosome
elements can be switched on and off; enabling SR solutions of different sizes and complexities to
be generated through an adaptive learning process. Importantly, there is also a high degree of
flexibility over whether/how often, the inputs, functions, operators and constants are used in the
SR models that GEP generates. This gives GEP the unusual property of being able to preferentially

‘deselect’ inputs and so remove them from its solutions entirely.

In the GEP learning process (Figure 2.4), an initial set of chromosomes encoding a random
population of solutions is generated and the fitness of each solution in the set is assessed
according to its ability to deliver a predefined objective function — usually a minimisation of the
statistical error between the model and a set of observed training data (Fernando et al., 2012).
An iterative process then follows whereby the best performing solution is identified as a
‘candidate solution’ and isolated. The bases of the chromosomes that comprise the remaining
solutions are then adjusted through replication, mutation, transposition and recombination
(Ferreira, 2001) resulting in the evolution of a set that comprises a new generation of potential
solutions. If, at the end of an iteration, the best fitting expression is new, it is added to the

candidate solution set which is output at the end of the GEP run. The iterations continue until a
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stopping point (usually a pre-defined number of iterations) is met and the set of candidate

solutions with different level of fitness (error) is output.

Generate and express a random
population of chromosomes /
solutions

v

Evaluate fitness of each solution

Y

Stopping

Stop

condition met?

Best fitting
solution?

Select solutions

v

Perform replication, mutation,
transposition and recombination

v

Figure 2.4. The GEP algorithm flowchart.

One important advantage of GEP over other MLAs is the way it structures and expresses its
solutions to a modelling problem as component chromosomes (hereafter termed ‘components’)
that, in summation, form the MMC’s SR equation. These components are adjusted separately
during the evolutionary process; enabling tailored and flexible adjustment of different
components of the overall solution. This provides GEP with a computational mechanism for
accommodating multiple characteristics that are inherent to the overall modelling problem in its
solutions. For example, the need for different solutions at different data ranges can be handled
by disaggregation of the GEP solution into multiple components, with the partial solution encoded
by each being optimised for a specific data range or for a specific characteristic of the fitting
problem. Coupled with its ability to preferentially select / deselect inputs, GEP should have the
capacity to support the development of MMC solutions in which the best aspects of the best

contributing models are emphasised, and the worst aspects of the worst ones are de-emphasised.
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The physical meaning of this is that the approach is capable of picking off low and high flows and
their timing towards delivering MMC solutions that outperform individual inputs. In this study,

GEP was implemented using GeneXpro Tools 4.0 (GXPT4) (http://www.gepsoft.com/).

2.3 Model performance evaluation

Reliability of (hydrological) models should be tested by evaluating their performance prior to
applying them for operational purposes. It is to examine whether their results are reasonable in
the modelling context. In order to evaluate the extent to which the main aim of this research—
improving runoff simulations from global and catchment models— is achieved, determining the
‘fit’ of model outputs is fundamental as a key part of the empirical work involved in assessing the
relative performance of individual and combined model outputs — both to each other and to
observed data. To this end, a sophisticated method for quantifying model performance (and
performance gain) is needed. On this basis, this section provides a brief description of some of the
model evaluation approaches commonly used in the literature, followed by the evaluation

measure(s) applied in each research paper of the thesis.

Model evaluation requires both qualitative and quantitative assessments (Bennett et al., 2013)
which together provide acceptability and model communication, and justifies application of a
model for both modelers and end-users (Dawson et al., 2012, Bennett et al., 2013) (Figure 2.5). A
lot of effort has been dedicated to developing, modifying and standardising metrics of evaluation
in the domain of catchment and global scale hydrological models (Dawson et al., 2007a, Dawson
etal.,, 2012, Bennett et al., 2013). For better model performance evaluation which covers different
aspects of models it is recommended that both quantitative and qualitative indices be applied
(Bennett et al.,, 2013, Ritter and Carpena, 2013). However, as different sources of error in
hydrological models affect metrics differently, having good understanding of what values of
different metrics mean is essential (Dawson et al., 2012, Bennett et al., 2013). A good model
provides both good predictions i.e. small error, and is not biased i.e. gives a sum of errors equal to
zero (Ritter and Carpena, 2013). In addition, both subjective and objective assessments are
recommended in evaluation of hydrological models’ performance. Subjective assessment of
hydrological models deals with systematic behavior like under-prediction and dynamic behavior
such as timing. In objective evaluation mathematical estimates of the errors between observed

and modelled time series are produced (Dawson et al., 2007b).
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In a review paper Bennett et al. (2013) summarise several techniques of model performance
evaluation which are categorised in two main classes of quantitative (with two branches; graphical
and numerical methods) and qualitative model evaluation (Figure 2.5). These techniques in

particular cover approaches that include:

- Direct value comparison

- Comparison through coupling real and modelled values (for studying both graphical
methods and quantitative metrics of residual and relative errors—frequently used in data
driven modelling field)

- Data pattern preservation

- Indirect metrics based on parameter values

- Data transformation

Evaluation
methods

Quantitative Qualitative

[ ]
[ Numerical ] [ Graphical ]
" Integrated
\ metrics

Ideal Point
Error (IPE)
\ v,

[ Single metrics

Figure 2.5. IPE in the domain of evaluation methods.

2.3.1 Quantitative model evaluation; graphical methods

Graphical means of model evaluation provide visual insights into the model performance, helpful
for subjective model assessment. A description of a few of the graphical tools of model

evaluation is provided in the following section.

Scatter plot. A scatter plot of observed and modelled data is a useful means to evaluate them

against each other. A lot of information can be obtained from this plot including:
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- Possible heteroscedasticity

- If the homogeneity of model performance is in the prediction span or depends on the
magnitude of modelled values

- Other unanticipated relationships between datasets like non-linearity or linearity but different
to the 1:1 line

- Probable outliers

- Any model bias

Heteroscedasticity—non-constant (increasing) variance in data (Helsel and Hirsch, 2002)—can
affect our understanding and interpretation of the nature of time series or relationships between
them. In this case, approximation of the points to the identity line (1:1 line) demonstrates the

degree of match between observed and modelled values (Ritter and Carpena, 2013).

Flow duration curve. Another widely used graphical method is the flow duration curve, FDC (or
similarly probability of exceedance plot). FDC is the graphical representation of all flow records
in a given period. FDC provides useful information on the equalled or exceeded runoff in a
specified percentage or vice versa. The curve can be plotted for flows in any time interval; daily,
monthly or yearly (http://www.ewater.com.au, (2014) and Helsel and Hirsch, (2002)). The order
in which data are ranked can be from largest to smallest or vice versa as both approachs are
applied in different sources (Helsel and Hirsch, 2002, Brown et al., 2010). There are several
formulae for calculating the percentage corresponding to each ranking. One of the most widely

used formulae is Weibull (Helsel and Hirsch, 2002) as expressed in equation (1).

P=i/(n+1) (1)

Helsel and Hirsch (2002) discuss a number of these formulae and suggest Cunnane formula
presented in equation (2). They count some reasons for their selection of this formula; for
example, normal probability can be acceptably plotted by this formula as a very close formula to
Blom. Cunnane formula is also frequently applied for plotting flow duration by hydrologists

across Canada and Europe (Helsel and Hirsch, 2002).

P=(i-0.4) / (n+0.2) (2)

In equations (1) and (2); P is probability, i is the rank of ith value and n the number of all records.

In this study, Cunnane formula is used for plotting the probability of exceedence plots.
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2.3.2 Quantitative model evaluation; numerical methods

2.3.2.1 Single evaluation metrics

There are several metrics to scrutinise and evaluate hydrological model performance. Because
of widespread use of these metrics, several guidelines and pieces of software are developed to
facilitate calculation and interpretation of these metrics (see Bennett et al. (2013) for a review).

In a classification by Dawson et al. (2007) numerical metrics are categorised into three types:

1) Statistical parameters of observed and modelled time series
2) Statistical parameters of the residual errors like absolute and relative errors

3) Dimensionless coefficient contrasting model performance accepted standards

Statistical parameters of residual errors between observed and modelled data sets comprises
absolute errors that assess model errors in terms of the units of variables, and relative errors
that are, on the other hand, quantitative assessment of model errors in terms of unbiased, unit

free metrics.

One important point to consider while using evaluation metrics is their applicability to the
evaluation purposes. Moreover, relying only on one metric may be misleading in model
evaluation and selection process, as one model can provide a good score on an absolute or
relative error metric, but poor results for other metrics. It is even possible that a model may be
discard based on some metrics while it has a good performance for a particular hydrological

behavior (Dawson et al., 2007a).

2.3.2.2 Integrated evaluation metrics
In practice, it is not possible to fully determine the performance of a specific model based only
on one metric (Willems, 2009). Selecting the best model based on only a superior metric is
argued to be “overly simplistic” (Dawson et al., 2012, Pushpalatha et al., 2012), and it is generally
accepted that models’ performance should be judged based on more than one metric and using
more than one method (Bennett et al., 2013, Ritter and Carpena, 2013). In recognition of this,
performance analysis using integrated metrics has been acknowledged by scientists (Gupta et
al., 1998, Wagener et al., 2001, Willems, 2009, Dawson et al., 2012). This is particularly important
in data-driven modelling such as riverflow forecasting for several reasons; first, the limited
number of available methods for model evaluation which highlights the role of different available

metrics. Second, difficulty in exploring the physical rationale of the modelling procedure due to
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the implicit black box feature of majority of the data-driven models. This results in dependency
on individual metrics for identifying the optimal model, which is overly simplistic. Third,
complexity in choosing evaluation metrics since different sources of error in hydrological models
influence assessment metrics differently. This also implies not relying on only one evaluation
metric for model evaluation. On this basis, having a single integrated metric is more useful if
those metrics are integrated based on a transferrable standardisation (Dawson et al., 2012).
Different approaches are suggested in the literature like using a group of metrics focusing on
important aspects of model behaviors or creating a purposeful combination of metrics (Dawson

et al., 2007a).

2.3.3 Qualitative model evaluation

Despite their usefulness and the amount of information that quantitative metrics provide for
models evaluation and comparison, in the end, model acceptance and adoption depend strongly
on qualitative, and often subjective, considerations. Qualitative assessments are especially
essential in highly complex or data-poor situations. In such cases, qualitative assessment can
provide trends and system behavior better than quantitative outputs. These qualitative
assessments typically involve expert knowledge which provides, for instance, endpoint estimates
to compare against model results or estimates of uncertainty associated with the model (Bennett
et al., 2013). Where needed, this thesis has benefited from qualitative evaluation, examples of
which are justifying the model selection criterion and application of partial solution spaces in
Paper Il. In the latter case, by plotting and examining the behavior of the SR equation
components of an MMC solution, it is suggested how it may be possible to gain useful, qualitative
insights into the mechanisms by which MMC performance gains have been achieved, and the
roles of different GHMs in achieving this. In addition, how different SR equation components can

be combined to address timing and magnitude errors.

2.3.4 Evaluation measures applied in this research

Table 2.1 summarises the numerical (single and integrated) and graphical model evaluation
measures applied in this research. While individual evaluation metrics are presented in some
cases, , the overall model performance is mainly assessed by using two integrated metrics; the

Ideal Point Error, IPE (Dawson et al., 2012) (in Papers |, Il and 1V), and the Modified Kling-Gupta
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Efficiency Index, KGE (Gupta et al., 2009, Kling et al., 2012) (in Paper V). This helps address

several issues identified in applications of individual metrics including:

1) Difficulties in interpreting the overall performance of a model when multiple,
separate metrics are used, in particular, when comparing models with each other;

2) The importance of avoiding single metrics when assessing the performance of a
model (Abrahart et al., 2011) since different metrics are more or less suited to
assessing individual characteristics of a model’s fit; and

3) The shortcomings reported for individual evaluation metrics (for example see

discussions in (Schaefli and Gupta, 2007, Jain and Sudheer, 2008).

In addition, a benchmarked version of the IPE is developed and applied to facilitate
comparisons between models, as well as comparisons across multiple catchments of different
scales and hydro-climatic regime. Assessment of relative model performance in a meaningful
way is difficult without a transferrable benchmark against which model performance in
different catchments can be compared to consistently. Other individual metrics and graphical
tools are used depending on the hydrological indicator being assessed (see Table 2.1 and

relevant papers therein).
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Table 2.1. Model evaluation measures applied in this research.

Paper
Ne in Title Numerical measures applied Graphical measures applied
Thesis

- Ideal point error, IPE:
(formed by Root Mean Square Error (RMSE) as a metric of relative

Worldwide evaluation of mean and error, Mean Absolute Relative Error (MARE) as a metric of absolute ) ) )
extreme runoff from six global-scale error, and the Nash-Sutcliffe Coefficient of Efficiency (CE) as a : Zcrz;ttsz zlfo:ezzzlgrlcatcllns vs observation
hydrological models that account for dimensionless metric). ) PIotps of residual ¥

human-impacts. - PBIAS

- Percentage Difference
- Pearson correlation coefficient (r)

Optimising runoff simulations from an - Scatter Plot of simulations vs observation
ensemble of global-scale hydrological - Integrated metric IPE (as above) - Plots of partial solution spaces
. models through multi-model - Flow duration curve (probability of
combination weighting. exceedance)
A comparison of changes in river runoff - Relative runoff values
from multiple global and catchment- - Probability of change in runoff

] . - . - Box-whisk lot
scale hydrological models under global - Statistical test (paired-samples t-test) ox-whiskers plo

warming scenarios of 1°C, 2°C and 3°C.

- Scatter Plot of simulations vs observation
- Integrated metric IPE (as above) - Plots of partial solution spaces

- Graphs of seasonal cycle

- Plots of residual

Multi-model combination with a super-
v ensemble of catchment-scale and
global-scale hydrological models.

- Box-whiskers plot

- Scatter Plot of simulations vs observation

- Graphs of seasonal cycle (river regime)

- Flow duration curve (probability of
exceedance)

Human impact parameterisation in
global hydrological models improves
Vv estimates of monthly discharges and
hydrological extremes: a multi-model
validation study.

- Modified Kling-Gupta Efficiency Index, KGE:
(formed by elements of correlation (r), bias ratio () and variability
ratio y)

- Nash-Sutcliffe Coefficient of Efficiency (CE)




2.4 Data and scale of the study

Different sets of data are used to conduct this research. A brief description of the main sources

of data and information used in each paper is presented as follows.

2.4.1 ISIMIP data

The main source of modelled data for this thesis has been simulations for GHMs and CHMs
provided by ISIMIP. ISIMIP modelling groups use a standard protocol (available at:

https://www.isimip.org/protocol/) to maximise consistency in the temporal and spatial

resolutions of their simulations, the input climate forcings to the models, and the process
representations (e.g. the simulation of human impacts such as dams, reservoirs and water
abstractions). In this way, model outputs are directly comparable with one another, which
supports diagnostic inter-comparisons between them. It also means that the outputs from
ISIMIP model simulations are ideally suited for use as inputs to an MMC process. The research

capitalises on the data provided by two phases of ISIMIP.

The first set was an older phase of ISIMIP known as Fast Track whose water sector simulated
data for the period 1980-2010 are used in Papers lll and IV. It was selected for the availability of
data for both global and catchment models enabling cross-scale studies. Not all CHMs were run
for every catchment, however, because unlike GHMs they need to be calibrated on a catchment-
by-catchment basis and run for each catchment individually, which is a resource- and time-
intensive activity. This means that CHM ensembles may contain a different number of CHM
simulations for each catchment. While the CHMs were calibrated, the GHMs were generally not
calibrated to catchment-specific conditions. Water management and other human alterations
on the fluvial system were not modelled by all GHMs and CHMs. The GHMs and CHMs differ in
a fundamental way, which is the spatial scale at which the models represent hydrological
processes and in turn the water balance resolved. All the GHMs applied here operate with a
0.5°x0.5° spatial resolution grid across the global land-surface. The CHMs employ various
approaches; some of them run on a grid, while others operate by splitting the catchment into

sub-catchments and hydrological response units, or treat the entire catchment as a single entity.

The second set of data was provided by the latest simulations from the water sector of the
current phase of ISIMIP (ISIMIP2a) applied in Papers |, Iland V. These data were selected because
they have made available simulated catchment runoff using a protocol that accounts for time-

varying human management such as land use, water usage, water withdrawals, and dam
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operation (referred to as “VARSOC” simulations in the ISIMIP2a model protocol). For this set of
data, all models use the 2015 ISI-MIP2a data release and were run for the period 1971 — 2010
with input climate data provided by the Global Soil Wetness Project 3, GSWP3

(http://hydro.iis.u-tokyo.ac.jp/GSWP3/). Normally, the discharge simulations (amongst other

hydrological variables) are available at a daily time resolution and for a global land surface
domain at 0.5° x 0.5° grid resolution. Output from the models is openly available from the Earth

System Grid Federation (ESGF; https://esgf-data.dkrz.de). For both sets of data, where

necessary, conversion of gridded discharge (m3/s) data to catchment-mean daily/monthly runoff

was achieved by using the upstream drainage area.

2.4.2 Study catchments and data used for Papers | and Il

Observed data. In these two papers, study catchments are identified setting four criteria. For
the sake of data quality consistency, this is done based on observed data from only the Global

Runoff Data Centre, GRDC (available from http://grdc.bafg.de). The set criteria resulted in the

selection of 40 catchments with data covering the period 1971-2010 (Figure 2.6 and detailed in
Sl of Papers | and Il). Even though the selected catchments provided a good geographic coverage,
the availability and quality of observed data resulted in a bias towards catchments in boreal and

northern mid-latitude hydrobelts.

Simulated data. In these two papers, simulated data are VARSOC runs of several GHMs from
the same source and specifications explained in Section 2.4.1. The only difference is that in Paper
| simulation outputs are from five GHMs including DBH, H08, LPJmL, PCR-GLOBWB and
WaterGAP2, and in Paper Il simulations are from six GHMs including DBH, HO8, LPJmL, MATSIRO,
and PCR-GLOBWB (see the relevant papers for their specifications). The reason for this
difference is due to the availability of GHMs output under VARSOC runs when these studies

started.

2.4.3 Study catchments and data used for Papers lll and IV

Observed data. For Papers lll and IV, eight large (>50,000 km2) river catchments were selected
for each study where the Global Runoff Data Centre (GRDC) held observed discharge data. These
data were then later used to calibrate the catchment hydrological models used in these papers
(Krysanova and Hattermann, 2017). Although of the same number, the location of the selected

catchments differ since different data were required to conduct each experiment in Papers Il
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and IV. The catchments used in Paper Ill comprise the Upper Amazon, Darling, Ganges, Lena,
Upper Mississippi, Upper Niger, Rhine and Tagus, and those included in the study in Paper IV
include the Upper Amazon, Lena, Upper Mississippi, upper Niger, Rhine, Tagus, Yangtze and
Yellow. For both studies, historical data cover the time period 1971-2001 (see Figure 2.7 for their

locations).

Simulated data used in Paper Ill. The modelled data applied in this study are of the same data
source used in Paper lll. There are, however, differences in terms of models of the two scales
applied and their number. Here, in total, nine GHMs (DBH, HO8, LPJmL, Mac-PDMO0.9, MATSIRO,
MPI-HM, PCR-GLOBWSB, VIC, and WBMplus) and eight CHMs (HBV, HYMOD, HYPE, mHM, SWAT,
SWIM, VIC and WaterGAP3) are used to conduct the study (see the relevant paper for their

specifications).

Global warming scenarios applied in Paper lll. Daily input data on the climate variables required
by each hydrological model (Paper Ill, Online Resource 2) were extracted from five global climate
models (GCMs) simulations: HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-CHEM, GFDL-ESM2 and
NorESM1-M; all run under the RCP8.5 emissions pathway (Riahi et al., 2011) for the period 1971-
2099 because this is the only pathway for which all five GCMs reach 3°C by the end of their
simulation period (year 2100). All variables were bias-corrected towards the WATCH
observation-based dataset (Weedon et al., 2011), using an established method (Hempel et al.,
2013), specifically designed to preserve long-term trends in temperature and precipitation

projections to facilitate climate change impact assessments.
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Figure 2.6. Locations of the 40 selected catchments used in Papers Il and Il across the hydrobelt system defined in Mybeck et al. (2013). Shapefiles of the
selected catchments from the global runoff data centre (GRDC), Germany, and shapefiles of the hydrobelts freely provided by Meybeck et al. (2013).
Hydrobelts name: BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML=southern mid-latitude,
SDR=southern dry and SST=southern subtropical.
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Simulated data used in Paper IV. Simulated data for this paper and the next are provided by a
large international collaboration of multiple GHM and CHM modelling groups brought together
under the framework of the Fast Track phase of ISIMIP over several years (Warszawski et al.,
2014). In total, eight GHMs (CLM, DBH, HO8, LPJmL, MATSIRO, MPI-HM, PCR-GLOBWB and
WaterGAP) and nine CHMs (ECOMAG, HBV, HYMOD, HYPE, mHM, SWAT, SWIM, VIC and
WaterGAP3) comprising two ensembles participated in the assessment (see the relevant paper
for their specifications).The CHMs were calibrated and the performance of the calibration
evaluated in a separate validation period (Huang et al., 2016) while the GHMs were generally
not calibrated to catchment-specific conditions. Detailed descriptions of the GHMs and CHMs
employed in this study are provided along with the respective references to each model cited in

Table 1 and in Table S3 of the paper.

2.4.1 Study catchments and data used for Paper V

Observed data. Observed monthly discharges from the GRDC were used as reference dataset,
consisting of > 9,000 stations in 160 countries. With the set of criteria explained in Paper V, 471
stations with data covering the time period 1971-2010 were selected for analyses in this paper
(Figure 2.8). Of all stations selected, 226 were identified as managed (i.e. having a managed
upstream area), and 245 as (near-)natural. Of 471 stations, 92 are outlet stations which cover in
total 19.8% of the global land area. Twelve (highlight) stations are picked up for more detailed

analyses and exemplification.

Simulated data. In this paper, simulated data are NOSOC and VARSOC runs of five GHMs from
the same source and specifications explained in Section 2.4.1. The GHMs whose data are used
in this paper comprise HO8, LPJmL, MATSIRO, PCR-GLOBWB and WaterGAP. For a detailed
overview of the modelling characteristics of each of the GHMs and the methods for

parameterisation of human impacts, refer to suppl. table 1 and the individual model references.
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Figure 2.7: Location of the study catchments and gauging stations considered in Papers lll and IV. Shapefiles of the catchments
courtesy of Simon Gosling, University of Nottingham, UK. Projection: EQDCYLIN Equidistant Cylindrical.
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Figure 2.8: Spatial distribution of GRDC stations used for analysis in Paper V. Red dots (n = 471) indicate all GRDC stations that meet the
selection criteria, whereas the black dots (n = 92) refer to the stations that are located at the outlet of a catchment. Shapefiles of the stations
courtesy of Ted I.E. Veldkamp, VU University Amsterdam, the Netherlands. Projection: EQDCYLIN Equidistant Cylindrical.
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3 Synthesis of the results and future directions

This chapter synthesises the main findings of the papers and possible implications of the findings.
It also suggests areas of further potential research that would improve the methods applied and
results obtained. It is then followed by a concluding remark and the latest status of each paper, to

date.

3.1 Reliability of the EM

Inclusion of human impact parametrisations in the GHMs (Paper V) has been shown to generally
achieve better performance in the GHMs studied, and revealed some of the models’
shortcomings (see Section 3.5). Paper | yielded more detailed insights into the specific strengths
and weakness of the GHMs (see Table 3.1 for results), especially with respect to different
hydrological indicators. Moreover, applying a comprehensive number of hydrological indictors
of extreme events and different tools of performance evaluation and aggregation (IPE and a
newly introduced climate zoning system), showed conformities between the findings of Paper |

and Paper V, some of which include:

- General tendency of models to overestimate indicators of mean and extreme runoff
- Spatial heterogeneity of performance presented by models for different indicators
- Opportunities for model improvement through making the linkage between

indicators and GHMs' structure and parametrisations

In addition, Paper | provided specific insights into:

- The performance of GHMs in replicating the timing and magnitude of the seasonal
cycle
- The performance of GHMs in reproducing extreme events of different return periods

- The performance of the EM

Paper | is the first GHM evaluation assessment that uses models run with incorporated human
influences and the most comprehensive evaluation of extreme runoff, from six GHMs, highlighting
the importance of conducting a multi-dimensional GHMs assessment. It contributed to
constructing a more informative framework that says where, which model, and for which

indicator(s), is best globally.
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Paper | yielded new insights into the performance of the EM and challenged a commonly held
perception that the EM delivers superior performance over individual models, as it failed to
outperform the best ensemble member in 95% of the catchments when using all six GHMs. The
implication is that a decision should not be taken a priori to use the EM as the basis of model
evaluation and/or climate change impact assessments (Van Loon et al., 2012, Gudmundsson et al.,
2012a, Schewe et al., 20144a, Beck et al., 2016) without considering its performance relative to the
models it is summarising, because an individual model may perform significantly better. In
addition, while excluding outlying models (best or worst performing model(s)) improved the EM’s
performance to some extent, the question of how to perform the process optimally to minimise
the risk of missing information inherited by poor performing models still remained challenging.
This, in turn, highlighted the need to investigate alternative, more robust ways of summarising

model ensembles.

This study also highlighted opportunities for model improvement such as robust model calibration
to GHMs, as well as improved model parametrisation. Calibration of global models might help
reduce the performance gap between GHMs and catchment scale models. With regard to
parametrisation, the study highlighted which models perform particularly well for certain
hydrological indicators, and in which regions (hydrobelts). Thus, the global hydrological modelling
community could dedicate greater effort to improving the representation of low runoff, and the

magnitude and timing of the seasonal cycle, where GHMs showed higher challenges.

The application of the integrated metric IPE proved to facilitate overcoming problems of using
several different metrics, as well as spatial comparison of the results. However, the IPE results
obtained for e.g. ephemeral catchments (affected by large MARE due to overestimated
precipitation) suggests that it might be better to use other instantiations of IPE for such areas.
Finally, the adoption of the hydrobelt classification system (in Papers | and Il) provided a feasible
means of aggregating catchment-scale results around the axis of hydro-geographical similarities,
as well as facilitating a comparison of model performance spatially worldwide. Paper | suggests

opportunities for improving GHMs evaluation processes presented in the diagram in Figure 3.1.
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Table 3.1. Key findings and summary of results obtained for Paper I.

RQ1: What are the characteristic strengths and limitations of the ‘state-of-the-art’ global-scale, hydrological modelling?
Obj1: Comprehensive evaluation of mean and extreme runoff from six global-scale hydrological models that account for
human-impacts

Key findings:

e The EM is not necessarily the best representative of a model ensemble.

e GHMs performs differently across different indicators and different hydrobelts.

e GHMs perform better in wetter hydrobelts, but globally tend to overestimate the hydrological indicators.

e GHMs’s struggle to capture the timing and magnitude of the seasonal cycle more highlighted in northern and southern

hydrobelts, respectively.

1) How do GHMs perform in
replicating time series of
observed monthly runoff?

How well do GHMs do in
simulating MAR and
extreme events (Q5, Q95

2)

and flows of different return

periods)?

B) How do models perform in
simulating seasonal cycle
(both magnitude and

timing)?

4) How does the performance
of GHMs spatially vary, given
the application of a
standardised integrated
evaluation metric and a
more hydro-geographically
based climate zoning

system?

5) What insight does this study
provide concerning the
performance of the EM?

6) What model improvement
insights (in terms of
structure, parametrisation,
and calibration) does this

evaluation provide?

1)

5

6)

Model performance varies spatially, but based on IPE scores overall calibrated WaterGAP2
performs best and DBH weakest

Generally, GHMs perform better in the wetter equatorial and northern hydrobelts (EQT,
BOR, NML, NDR and NST) than in drier southern hydrobelts (SST, SDR and SML).

Majority of models tend to overestimate mean annual runoff and all indicators of upper
and lower extreme runoff, particularly:

The models overestimate low flows (Q95) considerably more than they overestimate high
flows (Q5).

The models overestimate minimum flow return periods to a lesser degree than they do for
maximum flows.

There are biases in reproducing both the timing and magnitude of seasonal cycles across all
hydrobelts with a general pattern of overestimation and higher timing bias for minimum
runoff.

GHMs struggle to capture the timing of the seasonal cycle, particularly in northern
hydrobelts, while in southern hydrobelts the models struggle to reproduce the magnitude of
the seasonal cycle.

Across the hydrobelts, timing early bias is especially prevalent for minimum flows, while late
bias is less evident.

The highest magnitude bias is observed in SDR and SML, and the lowest in NML and EQT.

The hydrobelt system facilitated worldwide aggregation and comparison of catchment-scale
results for different hydrological indicators around the axis of hydro-geographical
similarities.

Better results were seen in the wetter equatorial and northern hydrobelts.

Overall, for time series replication, the best performance of models (in term of IPE) takes
place in the EQT, and the weakest in SDR hydrobelt.

For the hydrological indicators, the best performance of models (based on PBIAS) takes place
in the BOR, NML and EQT, and the weakest in SML and SDR hydrobelt.

Based on IPE scores, the EM of 6 GHMs outperformed the best individual model in only 5%
of the catchments.

When assessed against hydrological indicators (MAR etc.), the performance of the EM
improves relative to the individual models, but some individual models still perform better
than the EM.

The EM is not necessarily the best way of summarising the performance of a model
ensemble. This highlights needs for further study on the application of more reliable model
ensemble representatives.

GHMs performance varies by hydrological indicator and spatially, meaning that not a single
model is the best everywhere or in all aspects. Each model might have superior structure
and parametrisations for a specific setting that other modellers could look at these to
improve their models. Examples of these include:

Incorporating process representations that resulted in better simulation of high flows as
seen for DBH.

Incorporating parametrisations that lower timing bias of seasonal cycle as seen for LPJmL
and DBH.
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Development of a comprehensive evaluation and presentation
framework for assessing GHMs performance. With the several
common features among GHMs, such as process representation,
resolution, expansion, and forcing data, it is suggested that a

Paper |,

comprehensive model evaluation framework/protocol is developed.
Future This would enhance a multi-dimensional model assessment that
improves model communication between the community.

Research \

J

Varying performance of the GHMs and weak performance of the EM
highlighted need for investigating alternative, more robust ways of
summarising model ensembles as a direction of future studies when
using GHMs as an ensemble.

.

Figure 3.1. Future research suggested based on the study conducted in Paper I.

3.2 MMC; applying model ensembles more intelligently than the EM

Aggregating the results through the application of the hydrobelts system, an integrated
evaluation metric— IPE, and the EM as the simplest combination of the GHMs, was one of
the endeavours of Paper | to facilitate model evaluation and then decision-making when
dealing with several GHMs. In the existence of diversity in models’ performance across
different indicators and spatially, the EM could act as a means of model aggregation, so that
the application of model ensemble is more feasible. However, as seen in Paper |, the EM
failed to represent the ensemble in a successful manner. This was found in stark contrast to
several other GHM and climate modelling studies, which have shown that for the historical
period, the EM is closer to observed data than the simulations from any individual model
(Tebaldi and Knutti, 2007, Cloke and Pappenberger, 2009, Sanderson and Knutti, 2012). In
addition, the exclusion of the outliers from the ensemble did not improve the EM

performance to a considerably reliable level.

In response to the varying performance of the GHMs and weak demonstration of the EM, as
the core of this thesis, Paper Il sought for an alternative way of combining the models looking
for enhanced model simulation and representation. The intelligent MMC approach applied
in this paper proved a success in ensemble application of GHMs by overall outperforming the
best performing GHM and EM in 85% of the catchments. The MMC performance gain was
38% against the best GHM and excess of 100% against the EM (see Table 3.2).

Paper Il contributed to the field the first multi-model combination of several GHMs using

machine learning algorithms (MLAs). The method provided explicit equations and enabled
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the investigation of potential reasons for MMC failure, as well as opportunities for
meaningful interpretation of the MMC solution, including GHMs contribution to the optimal
solution, MMC equation size, and equation component examination. It also contributed to
diagnostic insights into the relative merits of GHMs based on the extent of their inclusion /
exclusion from the selected MMC solutions. This offers an important means by which
limitations in process representation may be better identified and understood that could, in
turn, highlight areas of model improvement in each geographical location. In addition, the
approach helped qualitative understanding of model deficiencies and correction mechanisms
by analysing the SR equation components. Finally, it facilitated examining the spatial
performance of the MMC strategies across different hydro-climatological regimes, which
may help to establish a new route towards diagnostic appraisal of the relative performance

of different GHM s in different hydro-climatic settings.

Therefore, parallel to possible improvements that can be made to GHMs performance by
activities such as inclusion of human impact in their modelling scheme (Paper V), MMC
approach added more gain of the available data (median performance gain of 45% over the
best individual model or EM) and provided a more robust ensemble representative than the
EM. In light of the significantly improved performance offered by MMC, relative to individual
GHMs and also the EM, it is recommended that future multi-model applications consider
using MMCs, alongside the EM and intermodal range, to provide end-users of the ensemble

with a better informed estimate of what the ensemble shows.

Despite the good performance of the MMCs across the majority of catchments, it should not
be seen as a “silver bullet” for counteracting biases and fit residuals of individual GHMs. In
six (15%) of the catchments either the EM or an individual GHM performed marginally better
than the MMC solution. In addition, care must be taken in presenting MMC results in
isolation. Instead, it is recommended that MMC results are presented alongside the range of
model outputs from the whole ensemble and the EM. In fact, MMC does not reduce the
uncertainty range, as argued in (Giorgi and Mearns, 2002) — but provides a more robust and
informative estimate from the ensemble that takes into account the performance of its
members. This research offers several directions as ways of future research presented in the

diagram in Figure 3.2.
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Table 3.2. Key findings and summary of results obtained for Paper II.

RQ2: Can optimised combinations of multiple GHM or CHM outputs generate improved simulation outputs and

provide a mechanism for delivering heuristic insights into the strengths and weaknesses of different models?

Obj2: Optimising runoff simulations from an ensemble of global-scale hydrological models through multi-
model combination weighting

Key findings:

SDR and SML).

underestimate Q5.

e The MMC outperforms the best performing GHM and EM in 85% of the catchments with the median
performance gain of 46%.

e The EM outperforms the best individual GHMs in only 10% of the catchments

o The largest MMC performance gains are achieved in hydrobelts located in the southern hemisphere (SST,

e MMC consistently performs better than the GHM and EM across MAR, Q95 and Q5, but tends to

1) How do GHMs and EM
perform, and what
performance gain do
MMC solutions deliver
over the individual
GHMs and EM?

2) What is the spatial
pattern of the GHMs,
EM and MMC solutions
performance across the

globe?

3) What insights does the
intelligent MMC
technique offer into the
success or failure of the
technique and
combination

mechanism?

1)

3)

- The MMC performs better than the best performing GHM and EM in 85% of
the catchments. The median performance gain is 46% against the best GHM
or EM, 38% relative to the best GHM, and in excess of 100% against the EM.

- MMC consistently performs better than the GHM and EM across MAR, Q95
and Q5, but tends to underestimate Q5 i.e. hazard flood events.

- The EM marginally outperforms the best individual GHMs and MMC in only
10% and 5% of the catchments respectively

- Among the GHMs, calibrated WaterGAP2 is the best model in 32 (85%)
catchments and LPJmL in none of the catchments.

When examined by hydrobelt/catchment:

MMC solutions generally deliver substantial improvements over their EM and
GHM counterparts in all hydrobelts. The MMC performance gain is largest
against the EM than the best-performing GHM in all hydrobelts.

The largest MMC performance gains are achieved in hydrobelts located in the
southern hemisphere (SST, SDR and SML).

The hydrobelts system also reveals where MMC provides opportunities for
more frequent performance gain (e.g. in BOR where 65% of the catchments
are positioned in the top 50% of the MMC performance gain rankings).

None of the GHMs, the EM nor the MMC solution was able to improve upon
the naive benchmark model in catchments in NDR and SDR (all their IPE>0).
This indicates that the process representations employed in the GHMs may be
deficient for modelling runoff in these hydrobelt.

Given the explicit nature of the MMC solutions, the GEP-MMC technique
enabled gaining heuristic insights into:

A) Potential reasons for MMC failure which could include:

- MMCs high structural complexity; indicating inappropriateness of either
or both ‘One-size-fit-all’ setting and fitness-size trade-off for MMC
selection.

- GHMs residual structures; having similar structure or no structure
limiting the opportunity for GEP learning through complementary
residual structures.

B) Interpreting MMC solutions in terms of:

- GHMs contribution to MMC solutions, with WaterGAP2 and LPJmL
respectively contributing most and least in both MMC solutions and their
best components.

- MMC equation size, as an index of the complexity of optimising GHMs
combination, with lowest median in SDR and EQT and highest median in
NST.

- SR equation component examination, helpful for analysing GHMs
performance share in each MMC solution, and qualitative understanding
of models process representation deficiencies and correction mechanism
e.g. in terms of timing and magnitude to gain performance by an MMC
solution.
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Applying an error-complexity trade-off
selection method (Paper II; Section 2.2) was
to minimise the risk of selecting
uninterpretable, over-fitted MMC solutions.
There is, therefore, an argument for further
constraining the complexity of MMCs; either
by limiting the equation size or by reducing
the set of mathematical operators and
functions available to the GEP algorithm. The
increased interpretability of the solutions
would, however, be at the expense of MMC
performance. Identifying the ‘sweet spot’
where both performance gain and
interpretation is maximise is an area for
fruitful future research.

4 )

In light of the results
obtained in this study,
further research on
the applicability of
the MMC technique
among other
modelling groups and
sectors of ISIMIP, as
well as, other

domains such as
GCMs remains an
area of future work.

- )

ﬂe MMCs developed in this study rely\

on historical data for their training,
testing and validation. Whether and to
which extent they are robust for
supporting future scenario projections
remains a question as numerical
adjustment mechanisms optimised for
past data may be sub-optimal for future
extrapolation. To this end, the ISIMIP2b
(Frieler et al, 2016) will provide an
important framework for applying
MMCs to climate change scenarios of
1.5°C and 2.0°C global mean warming

Paperll,

Future identifying the

Research

relative to pre-industrial levels. /

-

Paper |l considered three potential
dimensions for interpretation (i.e.
GHM contribution, MMC equation
size, and equation component
examination). Formal methods to
ensure robustness and correctness
of the interpretations that are made
are both lacking and needed as an
area for future research.

KThe complexity of many ch

the SR equations preclude
a simplistic mechanistic
interpretation and the
development of effective
methods for achieving
this. Opportunities exist
for gaining improved
diagnostic insights from
MMC equations where
methods are available for

characteristics adjustment
mechanisms  that are
observed in the SR

equations  across the
multiple catchments, and
quantifying their
importance globally and

regionally. To this end,
applying data-mining
methods to the full set of
SR equations may offer

Qotential. /

MMCs were developed for individual catchments
as opposed to developing a single MMC that
operates across the globe. This was because
whilst a single MMC would prove easy to apply by
a user, it would be unlikely to transfer well across
space. The trade-off is that a more significant
computing resource is required to compute
MMCs for individual catchments but the benefit is
significantly improved ensemble performance.
This suggests a future work to develop grid-cell
level MMCs by making use of an observed gridded
global runoff database (Koster et al., 2006a).

Figure 3.2. Future research suggested based on the study conducted in Paper II.
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3.3 Which scale; global or catchment?

Papers | and Il presented some features of GHMs’ skill in modelling global runoff, some of
their strengths and weaknesses, their performance in the simple (EM) and intelligently-
weighted combined forms, and areas of potential improvement that can be made to the
models. The results were that an optimised combination of GHMs through the means of
machine learning and symbolic regression would, generally, outperform the best GHM and

EM, and that models’ performance varies by indicator and geographical location.

While GHMs have proved to be valuable in exploring hydrological phenomenon at
continental and global scales, examining their applicability at catchment scale and their
performance relative to catchment scale hydrological models could clarify their relative value
even more, and potentially answer the question if they can be used instead of CHMs. This is
more highlighted given the amount of resource that CHMs need to be set of and calibrated
to each catchment specifications. Cross-scale studies could help towards finding this out, and
have been performed previously. However, they have been handful (Gosling et al., 2011,
Thompson et al., 2013, Piniewski et al., 2014, Hattermann et al., 2017) and usually applied
few number of models of both types, which could preclude making a robust conclusion of
their relative performance. In responding to these gaps, Papers lll and IV, present two cross-
scale studies of large ensembles of GHMs and CHMs using both historical and projections of

multiple models.

Along with a parallel study (Hattermann et al., 2017), Paper lll, contributed as the first multi-
catchment assessment study comprising a large ensemble of 9 GHMs and a large ensemble
of 8 CHMs to assess and compare the impacts of climate change from both model ensembles.
Studying different hydrological indicators of mean and extreme events, the results shed new
light on the application of GHMs to understand changes in runoff at the catchment-scale
because the median estimates of change from ensembles of GHMs and CHMs showed similar
impacts of global warming on the considered hydrological indicators (see Table 3.3 for more
details). There were some distinct differences though, such as a wider spread in impacts from
the Glob-HMs for several catchments. The possible reasons are first the catchment models
being calibrated (to specific catchment conditions) and second sampling bias introduced by
the different sizes of the two ensembles leading the catchment models to perform better

than the global ones.
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Table 3.3. Key findings and summary of results obtained for Paper Il

RQ3: What are the relative performance gains for GHMs and CHMs (both in ensemble and MMC forms)?

Obja: Comparison of changes in river runoff from multiple global and catchment scale hydrological models
under global warming scenarios of 1°C, 2°C and 3°C

Key findings:

e The median estimates of runoff change from both ensembles generally showed similar effects of global
warming, but the spreads are generally wider for the GHM ensemble.

e Both ensembles show that Lena, Tagus and Rhine could see large changes in runoff with increasing
warming. For these catchments, stringent mitigation action could have significant benefits in terms of
avoiding some of the hydrological hazards. There are large spread in other catchments.

o Decision-makers are encourages to still consider the full range of spreads from both ensembles.

1) Arethere
systematic
differences
between
projections of
runoff change from
the two ensembles
in simulating
indicators of mean
and extreme events
(MAR, Q5, Q95, and
runoff of different

return period)?

2) What is the effect of
different amounts
of global-mean
warming (1°C, 2°C
and 3°C above pre-
industrial levels ) on
GHMs and CHMs
runoff in different
catchments,
spatially
distributed?

3) Could any type of
model ensemble be
preferred than the

other?

1) A) Statistical distributions of changes in MAR, Q5 and Q95 with global warming
- The median estimates from both ensembles generally show that there is
similarity in the effect of global warming on the hydrological indicators
considered for all global warming scenarios.
- The spreads are generally wider for the GHM ensemble than the CHM
ensemble for the majority of catchments, with occasional different sign of
change between the two ensembles (e.g. in Upper Niger).

B) Probability of changes in MAR, Q5 and Q95 with global warming

- The probability of impacts of different magnitudes (as an indicator of the
level of model agreement within an ensemble) occurring from the impact
distributions of the two ensembles, indicate that the two ensembles show
similar responses to global warming for all three hydrological indicators for
the Ganges, Lena and Tagus. In other catchments, the agreement between
the ensembles is strong, but not consistently across the three indicators.

- The probabilities of large decreases (>20%) in low flows (Q95) are greater
with the GHM ensemble than with the CHM ensemble for the majority (5) of
catchments.

- The probabilities of large increase (>20%) in high flows (Q5) are higher for
the CHM ensemble in three catchments.

C) Changes in magnitude of return period runoff
- Both ensembles project changes that are similar in magnitude to each other
in most cases; two exceptions are for the Upper Mississippi and Upper Niger.

2) The impacts of global warming on each catchment

- Both ensembles clearly show that the Tagus and Rhine could see large
increases in the magnitude of impacts with increasing warming by
experiencing declines in the magnitude of low and high flows and MAR.

- There is clear evidence for increases in MAR and high flows for the Lena and
no conclusive effects of global warming on runoff for the other catchments.

- There are large spread in Darling (as a challenging catchment to model) and
Upper Amazon, Ganges, Upper Niger and Upper Mississippi (due to different
approaches to simulate potential evapotranspiration by models affecting
runoff simulation in these catchments).

- For Rhine, Tagus and Lena it is clear that stringent global climate change
mitigation action in line with Article 2 of the Paris Agreement (UNFCCC,
2015) could have significant benefits in terms of avoiding some of the
hydrological hazards that could be seen with higher magnitudes of global
warming such as 3°C.

3) The median estimates of change from both ensembles generally showed similar
effects of global warming on the considered hydrological indicators.
Nonetheless, none of the ensemble types could be favoured against. This is
because the outperformance of the CHM ensemble over the GHM ensemble in
simulating present-day discharge does not guarantee higher credibility of
projections under climate change (Hattermann et al., 2017). Therefore, decision-
makers are encouraged to consider the full range of spreads from both

ensembles.
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With some catchments showing more compelling evidence of the impacts of climate change
on runoff, the study also demonstrated consequences of missing the UNFCCC'’s 2°C target,
and suggested that stringent global climate change mitigation action could be beneficial in
terms of avoiding some of the hydrological hazards that could be seen with higher

magnitudes of global warming such as 3°C.

Fulfilling the rationale of the study to enhance the knowledge of the relative performance
and spreads in projections from the two ensembles that could help enhanced decision
making, the results would not advise against favouring any one type of ensemble. For one
reason, while the CHM ensemble has been shown to perform better than the GHM ensemble
when simulating present-day discharge (Hattermann et al., 2017), this does not guarantee
higher credibility of projections under climate change. On this basis, decision-makers are
encouraged to consider the full range of spreads from both the ensembles, since these
represent the spread of possible impacts according to several different types of models used

by the hydrological modelling scientific community.

3.4 Application of MMC in filling the gap between GHMs and CHMs

Similar to previous cross-scale studies (Gosling et al., 2011, Thompson et al., 2013, Piniewski
et al., 2014, Hattermann et al., 2017), findings of Paper Il would advise parallel applications
of GHMs and CHMs both due to noticeable difference in their spreads and the valuable
information that each model type may provide. As a first study of its kind, Paper IV conducted
a cross-scale model comparison to explore if results obtained from GHMs can be brought

close(r) to those of CHMs by means of intelligent MMC.

At the first instance, the study revealed that generally CHMs and their EM demonstrate
better performance than their counterpart GHMs and EM (see Table 3.4 for the results),
conforming with findings of previous cross-scale studies (Gosling et al., 2011, Piniewski et al.,
2014, Gosling et al., 2016, Hattermann et al., 2017). However, across both ensembles the EM
presents weak performance where it outperforms the best individual GHM (CHM) in only 2
(3) catchments. This confirms the implication of Papers | and Il that for future studies the
ensemble mean is not used as the main (or only) summary of ensemble performance, when
presenting the results from an ensemble of GHMs and/or CHMs, as an individual model or

an MMC may perform better.
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Conducting the intelligent MMC, while IPE scores are usually higher for the CHM ensemble,
the MMC approach delivers more improvement over the GHMs or their EM. In addition,
while all GHMs (except WaterGAP) and their EM failed to deliver any better performance
against the benchmark model (their mean IPE across all catchments>0), all CHMs (except
WaterGAP3) and their EM did obtain performance gain (their mean IPE across all catchments
<0). Nonetheless, 3-component MMC for GHMs managed to build up significant
improvement over weak individual GHMs by overall performing closer to 3-component MMC
for CHMs (mean IPE of -1.95 against -2.37) than any individual GHM or their EM. 3-
component MMC for GHM s is also, overall (averaged over all catchments), outperforming
five individual CHMs (HBV, HYMOD, SWAT, VIC and WATERGAP3). Although, it should be
acknowledged that different number of CHMs run across each catchment may bias the

results.

When examined under 2-component settings, the MMC improved performance for the CHM
ensemble but lowered that of the GHM ensemble contrasting the assumption that a more
complex MMC will deliver a better performing model. This highlights that a more flexible and
dynamic MMC approach could be used for future applications so that MMCs of different
models and/or data types are developed accordingly. In addition, the inclusion of more input
models to the MMC in the form of a super-ensemble of GHMs and CHMs proved to improve
the performance of the applied MMC approach. Analysing the symbolic regression equations
showed that both calibrated and uncalibrated GHMs, as well as poorer models from both
ensembles are exploited in the MMC solutions. This could be because of the inherent
capabilities that uncalibrated or poor models have to replicate certain aspects of the
hydrological regime, and are, therefore, employed by the algorithm and should be kept in

model ensembles.

It is also noteworthy that, generally, the MMCs improve the number of catchments where
timing bias occurs, as well as the magnitude of the timing bias, which is always smaller than
maximum (absolute) values recorded for any individual GHMs or CHMs. This, as analysis of
the SR equation components in Paper | shows, could be explained a result of correction

mechanism that the algorithm uses to adjust for magnitude and timing bias.

GHMs applied in Paper Il and this paper vary in the important feature of the former being
run with the inclusion of human impact. Although their MMCs are conducted with different
data, the IPE scores of common GHMs in the two papers (e.g. DBH) suggest that GHMs with

the inclusion of human impact parametrisation could deliver even better MMC solutions.
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Paper Il, acknowledged that the results reflect a fundamental error-complexity trade-off for
optimal MMC selection that means a higher MMC performance gain could be achieved if
MMCs of greater equation size were selected and the range of non-linear functions were
increased. It has been sought to minimise the risk of selecting uninterpretable, over-fitted
MMC solutions. It was then argued that further constraining the complexity of MMCs; either
by limiting the equation size or by reducing the set of mathematical operators and functions
available to the GEP algorithm might help increasing interpretability of the solutions,
however, at the expense of MMC performance. Paper IV addressed parts of this argument
by conducting 2-component MMC, but identifying the ‘sweet spot’ where both performance

gain and interpretation is maximised still remains as an area for fruitful future research.

On all these bases, it could be argued that developing GHMs might be reasonable substitute
for CHMs particularly when developing resource-intensive CHMs seems demanding. On the
other hand, if both types of model ensemble are available, a pooled MMC of both types of
models might be the best option. Future research suggested by this study is presented in

Figure 3.3.

/Application of a more dynamic MMC. Paper IV showed that \
an a prior assumption that a more complex MMC will deliver
a better performing model, is invalid. It was shown where
application of a 2-component MMC setting improved the
results for the CHM ensemble. This suggests that in future
applications MMCs are derived from less constrained and
flexible evolutionary process. Application of a dynamic MMC

Future \approach can be an area of further research. /

Research / \
Performing MMC to projected runoff. The multi model

combination performed in Papers Il and IV was done using
historical simulations from both GHMs and CHMs that
oppose to using projections of runoff for future. It is
acknowledged that unlike historical simulations,
observations lack for projected data against which to
evaluate the performance of an MMC if conducted.
Nonetheless, as suggested for Paper Il as well, developing
intelligent MMCs of runoff projections remains an area of
future investigation. To this end, the ISIMIP2b will provide
an important framework for anolving MMCs to climate

Paper 1V,

Figure 3.3. Future research suggested based on the study conducted in Paper IV.
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Table 3.4. Key findings and summary of results obtained for Paper IV.

RQ3: What are the relative performance gains for GHMs and CHMs (both in ensemble and MMC forms)?

Obj3: Multi-model combination with a super-ensemble of catchment-scale and global-scale hydrological models

Key findings:

MMC delivers results better than the EM for both GHM and CHM ensemble.
While IPE scores are usually higher for the CHM ensemble, the MMC approach delivers more improvement over the

best GHMs or their EM.

A more complex MMC does not necessarily perform better since 2-component MMCs usually outperformed 3-

component MMCs.

Generally, the inclusion of more input models, calibrated or uncalibrated, and both poorly and well performing models
improves MMC performance.
Generally, the MMC approach improves the number of catchments where timing and magnitude bias occurs.

1)

2)

3)

4)

Do solutions provided by

MMCs of CHMs and GHM:s,

perform better than their
respective EMs?

Does MMC improve the
performance of one type
of ensemble (i.e.
comprised of CHMs or
GHMs) more than the
other type?

To what extent does the
complexity of the MMC,
i.e. the complexity of the
weighting and
combination of models,
affect its performance?

Does an MMC developed
from a “super ensemble”
of GHMs and CHMs
outperform MMCs
derived from an ensemble
of each model type
respectively?

1) Solutions provided by MMCs of CHMs and GHMs perform better than their respective EMs;
their settings, however, might be different. The implication is that for future studies the
ensemble mean is not used as the main (or only) summary of ensemble performance, when
presenting the results from an ensemble of GHMs and/or CHMs, as an individual model or
an MMC may perform better.

2) While IPE scores are usually higher for the CHM ensemble, the MMC approach delivers
more improvement over the GHMs or their EM.

3) An a prior assumption that a more complex MMC will deliver a better performing model, is
invalid. It is recommended that in future applications, therefore, MMCs are either derived
from an unconstrained evolutionary process, or a sensitivity analysis is conducted that
involves different constraints, such as what presented here. 20

4) Generally, the inclusion of more input models to the MMC (and constraining the MMC to 2
components) improves the performance of the MMC relative to including fewer input
models. Moreover, the best performing solution from the series of experiments conducted
here is on the whole for the 2-component MMC from the super-ensemble. This has
important implications for future studies, for which it is recommended:

- Studies seek to include as many individual models in their assessment as is feasible, with
a means to weighting those models to deliver a MMC solution.

- Toinclude both calibrated and uncalibrated models as inputs to MMC solutions because
the uncalibrated models may inherently replicate certain aspects of the hydrological
regime that the calibrated models do not.

- With MMC, value can be gained from even poorly performing individual models. For this
reason, all the MMC solutions involve two or more GHMs.

5) Other important findings:

- Generally, EMs and MMCs tend to overestimate MAR and Q95, but less Q5.
Overestimation is more highlighted by in the EM of GHMs followed by 3-and 2-
component MMC for CHMS across the three indicators. GHMs 3-component MMC
tends to underestimate the indicators performing better that 3-component MMC for
CHMs.

- Generally, the MMCs improve the number of catchments where timing bias occurs, as
well as the magnitude of the timing bias, which is always smaller than maximum
(absolute) values recorded for any individual GHMs or CHMs.

- In term of timing early bias, either 3-or 2-component MMC for GHMs show minimum
(zero bias) for both maximum and minimum flows. Magnitude of timing late bias is,
however, smaller for MMC of CHMs. Super ensemble, however does not improve
timing bias over the MMCs of GHMs and CHMs in either case of early or late bias.
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3.5 Should we use GHMs with human impact parametrisations

(VARSOC)?

One of the main differences between the GHMs used in Papers | and I, and those applied in
Papers lll and IV was that the former use a time-variant parametrisations of human impacts
(VARSOC) in their modelling algorithm, whereas the latter models are run without any human
influence (NOSOC). Human impact was incorporated into the GHMs in the framework of
ISIMIP2a in order, intuitively but without model experimentation, to improve models’
performance. The effect of this was tested in Paper V as a first evaluation study of its kind
where discharge simulations for five GHMs under a NOSOC and a VARSOC simulation were
evaluated and compared. This was performed quantitatively and visually by distinguishing
features such as change (improvement or otherwise) in evaluation metrics (e.g. bias ratio or
variability), type of catchments (managed or (near-)natural, catchments spatial spread, and
hydrological indicators studied (mean and extreme events in particular hydrological

drought).

The main finding here was that, the inclusion of human activities in a modelling scheme
generally enhances the ability of GHMs to estimate indicators of mean monthly discharge,
and both high and low flows (Q1 and Q99), especially successful identification of hydrological
drought events (Q90) (see Table 3.5 for results). However, whilst high-flows estimates mainly
decreased, low-flow estimates showed mixed results, and the effect on the low-flow
estimates is generally larger than on the high-flow estimates, both in managed and (near-
Jnatural catchments. It was also found that whilst the human impact parametrisations
predominantly leads to changes in simulated discharge in the managed catchments, a
significant share of the (near-)natural catchments studied are influenced as well. However,
the model improvement seen was neither ubiquitous nor consistent among the indicators.

Examples of the existing challenges in the current GHMs were that:

- The majority of models failed to gain performance improvement in parts of the world
(e.g. Amazon)

- There were tendencies of overestimation of long-term mean monthly discharge
(seasonal cycle) across both (near-)natural and managed catchments, and

- There was a mixed pattern in estimating low flows after inclusion of HIP in the GHMs
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Therefore, despite the improvements, the limited representation of long-term mean
discharge and hydrological variability in managed basins restricts the overall performance of

global models.

Paper V contributed to better explaining how changes observed in evaluation metrics (bias
ratio, variability and correlation coefficient) for mean and extreme discharge after the
inclusion of human impact parametrisations might be linked to different parts of the models’
parametrisations in the VARSOC run. For instance, changes in the variability ratio are
predominantly driven by the timing of water abstractions and return flows. In addition, based
on the measure of overall evaluation (i.e. KGE) and differences in algorithms and
parameterisations of models leading to their varying superiority in different indicators, the
work highlighted modules of human impact parametrisation that could potentially be
improved. For instance, better identification of sectoral water abstractions and return flows,
and the share of built-up land area may result in clearer GHMs performance evaluation when
distinguishing between managed and natural catchments. Moreover, the large variation in
performance between GHMs, regions, and performance indicators, highlights, the
importance of a careful selection of models, model components, and evaluation metrics,
given varying research interests (e.g. drought or water scarcity). The systematic
misrepresentation of hydrological extremes across all GHMs, especially in managed

catchments, calls for a careful interpretation of risk assessments dealing with their results.

In summary, the fact that positive impacts of VARSOC runs outweigh their negative effects,
rationalises the application of VARSOC data, and helps identify and link regions of lower
GHMs performance with the human impact parametrisations in the models. However, the
results also call for caution in relying fully upon the VARSOC run of the models and
encourages acts of model improvement through improved structure and parametrisations
that take into account human impacts. Future research suggested by this study is presented

in Figure 3.4.
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Table 3.5. Key findings and summary of results obtained for Paper V.

RQ4: Does the inclusion of HIP in GHMs improve models ensemble simulations?

Obj5: Assessing the impact of inclusion of human activities on GHMs performance: a comparison of modelled
discharges under a naturalised (NOSOC) and a time-dependent human impact (VARSOC) simulation of five
GHMs.

Key findings:

o The incorporation of human activities in GHMs parameterisations improves their ability to estimate
runoff in 71% and 52% of studied managed and (near-)natural catchments respectively

o The effect of human impact inclusion in GHMs is generally larger on low flows than high flows.

e Despite the inclusion of human impacts, models perform significantly better in (near-)natural
catchments, and impacts of human activities on both high and low flows are generally smaller in (near-
)natural catchments compared to the managed catchments.

o Significant improvements in performance for the majority of GHMs were found in Latin America,
Southern Africa, and Northwest U.S., and significant decreases in (near-)natural area e.g. Amazon.

1) How does the 1) The inclusion of human impact in the GHMs generally enhances the overall

hydrological performance of GHMs, mainly driven by improvements in the bias

ratio and variability ratio.

- The ability of GHMs to model hydrological extremes in a substantial share of

representation of the global land area. The result is that whilst high-flows estimates mainly

monthly discharges decreased, low-flow estimates showed mixed results.

- The effect of human impact inclusion is generally larger on the low-flow
estimates (Qgo) than on the high-flow estimates (Q;), both in managed and

extremes, especially (near-)natural catchments.

drought events?

incorporation of

human impact affect

and their hydrological

2) How does the 2) The incorporation of human activities in GHMs parameterisations improves
inclusion of human their ability to estimate runoff in respectively 71% and 52% of managed and

natural catchments studied.

Whilst the human activities predominantly leads to changes in simulated

discharge in the managed catchments, a significant share of the (near-

hydrological )natural catchments studied are influenced as well.

Despite the inclusion of human activities, all models perform significantly

better in (near-)natural catchments compared to the managed ones, both

looking at the total KGE values and its sub-indicators.

Impacts of human activities on both high- and low-flows are generally smaller

in (near-)natural catchments compared to the managed catchments

impact affect

simulations of

indicators in (near-
)natural and managed

catchments?

3) What is the spatial 3)
pattern of the

Significant improvements for a majority of GHMs were found in Latin
America, Southern Africa, and Northwest U.S.

Looking at the spatial explicit distribution of these results, only a limited
inclusion of HIP? number of locations globally where found that human impact led to
significant decreases in overall hydrological performance for a majority of
GHMs. Predominantly in (near-)natural areas (e.g. Amazon).

Looking at the results for the 12 sample catchments spatially distributed, it is
clear that not a single model is best in all catchments or for all indicators

changes caused by

4) Looking at the hydrological factors studied and the evaluation tools applied,
some model improvement could be suggested as follows:

Improving soil properties to improve generation of runoff, improvement of

opportunities does how reservoirs are incorporated to improve volumetric estimation of runoff,

and improving both factors to improve timing of runoff simulations

Improvement of groundwater withdrawals parametrisation to improve

estimation of need for surface water abstraction and consequently better

stream flow estimation

Improvement of ET, routing and snow algorithm to improve generation of

runoff, estimation of extreme events and components of KGE

Performing calibration to improve general model performance

4) What model

improvement

this study offer?
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ﬂPaper V, analyses and interpretations \

are based on monthly discharge. Whilst
monthly discharge may be sufficient for
the assessment and management of low-
flows, droughts, and freshwater resource
availability, flood risk assessment and
management require information on daily
peak discharge. Further research should
therefore attempt to validate GHMs using
daily peak discharge and assess how daily
peak discharge is affected by the inclusion

\ofhuman impact parameterisations. /

thhments,

ﬂGHMs’ 0.5° spatial resolution (applied in this study) \

hydrological processes are often represented in a
simplified or generalized form not fit for local applications
(Bierkens, 2015). This led to omission of catchments with
an area smaller than 9,000 km2. Newer versions of some of
the GHMs now operate at higher resolutions (e.g.
WaterGAP and PCR-GLOBWB at 5-min/6-min respectively).
Future research could investigate whether the inclusion of
higher-resolution model-runs improves the representation
of discharges and hydrological extremes, and whether
these high-resolution runs allow for the inclusion of smaller

/

Paper V,

Future

Research

ﬂerent parameterisations of hydrological ancx

human processes preclude a systematic
assessment of specific cause-effect relations
between human impact and the observed
improvements in performance. However, this
could be investigated through a substantial
Monte-Carlo analysis whereby individual
parameters and combinations of parameters are
systematically modified for all GHMs (Déll et al.,
2016). Undertaking such an analysis in parallel for
different GHMs is computationally expensive and
requires a strict modelling-protocol. It may,
however, provide additional information on how

Qadapt and improve the individual models. /

men assessing the impact of inclusion of human\

activities on hydrological extremes, Paper V only
considered results for Q1 (high-flow) and Q99 (low-
flow), and other ranges of the extreme value
distribution were not explored explicitly. Although
the inclusion of human impact shows influencing
these hydrological extremes substantially, we found
very few instances in which this led to a significant
change in the full exceedance probability curve.
Future research should therefore also incorporate
other ranges of the probability exceedance curve in
order to do a full assessment of the influence of

human impacts on high- and low-flow extremes.

N

Figure 3.4. Future research suggested based on the study conducted in Paper V.

3.6 Conclusion

This thesis sought to explore whether the estimation of runoff simulations from ensembles

of global and catchment hydrological models could be improved through application of a

multi-model combination technique. This aim was addressed by employing different tools

including the application of intelligent multi-model combination, cross-scale model

comparisons, and incorporating new model parameterisations in models, as well as

application of integrated evaluation metrics and a more geo-hydrological climate zoning

system. The study was conducted and presented in the framework of five papers.
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A comprehensive evaluation of six GHMs that include human impacts in their
parametrisations was performed (Paper |) to explore characteristic strengths and
shortcomings of the most state-of-the-art GHMs available. This revealed that GHM
performance varies across hydrological indicators spatially so that none of the models is the
best performing for all indicators or everywhere. The finding given the application of the
hydrobelt notion for classifying the hydro-climate regions, highlightes opportunities for
model improvement. This, however, highlights the need for a standard GHM evaluation
framework, especially for GHMs within the same MIP. It was also found that, contrary to
common assumption, the EM is not necessarily the best representative of a model ensemble.
Care, therefore, must be taken in summarising the performance of an ensemble of GHMs by
their EM, particularly in isolation. This finding also highlights the need for a more robust

alternative than the EM.

MMC was performed in Paper Il to explore whether an intelligently optimised combination
of GHMs can improve runoff simulations. Going beyond equal weighting (as is the case with
the EM) , the MLA-based MMC approach proved to be a successful alternative to the EM as
it outperformed the EM in 95% of the study catchments. The explicit solutions offered by the
intelligent MMC approach, made possible via using symbolic regression concepts, provided
insights into the contribution of individual GHMs and revealed locations where specific GHMs
offer greater performance in the MMC solutions. They also helped with interpreting the
combination mechanisms. Nonetheless, failure of MMC in six catchments indicates that the
technique is not a “silver bullet” and therefore it is suggested that both the MMC solution
and EM are used along with the range of model ensemble, and not in isolation in future
studies. The study also suggested several areas of further study on improving the MMC skill
(via improved methodologies), application of MMC with global coverage, and the

applicability of the MMC technique in other sectors than water.

Cross-scale studies in Papers lll and IV showed signs that the performance of GHMs and CHMs
are starting to converge and some gaps in their performance might be filled via techniques
such as MMC. Uncommon with previous cross-scale studies, the application of a large
ensemble of GHMs and CHMs respectively facilitated a more robust evaluation and
performance comparison of the two model types. As presented in Paper Ill, the median
estimates of runoff change from both ensembles generally showed similar effects of global
warming, but the spreads are generally wider for the GHM ensemble. There were also similar
impacts across the hydrological indicators studied in some of the study catchments. Despite

these, the main conclusion of this study was that when studying projections of runoff
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(change), one should consider the full range of spreads from both ensembles as different

tools of hydrological studies.

Application of the intelligent MMC to ensembles of GHMs and CHMs (Paper IV) was
successful in outperforming their EM and best individual model of each ensemble, but the
technique showed higher skill across the GHM ensemble. MMC solutions also succeeded in
bringing simulations from the two model scales closer together in terms of the overall
performance. One unconventional finding of this study was that a more complex MMC does
not necessarily perform better, since 2-gene MMCs usually outperformed 3-gene MMCs. In
addition, the inclusion of more input models to the MMC, generally, improves the
performance of the MMC relative to including fewer input models, hence, a super-ensemble
comprising all GHMs and CHMs showed promising results. This highlighted another
unconventional finding that value can be gained from even poorly performing individual
models, as well as uncalibrated models. The implication is, therefore, to include both poor
and uncalibrated models. Further, the MMC approach generally reduces the number of

catchments where timing and magnitude bias were seen in the seasonal cycle.

Finally, whether and to what extent inclusion of human activities in GHMs improves their
performance in simulation of observed runoff was evaluated in Paper V. This study revealed
improvement in the ability of GHMs to estimate runoff, however, that was heterogeneous
across the globe. In fact, significant performance improvement was seen for the majority of
GHMs in Latin America, Southern Africa, and Northwest U.S., and significant decreases in
(near-)natural area e.g. Amazon. In addition, performance gain differs across the managed
and (near-)natural catchments (in 71% and 52% of their studied catchments respectively),
and across the hydrological indicators. Despite the inclusion of human impacts, models
perform significantly better in (near-)natural catchments, and impacts of human activities on
both high and low flows are generally smaller in (near-)natural catchments compared to the
managed catchments. Making linkage between the findings about the GHMs performance
their characteristics, suggested future opportunities model parametrisation and structural

improvement.

3.7 Current status of the papers, and statement on authorship

This section provides the important submission information and status of each paper in the
publication process (Figure 3.5 and Table 3.6). As summarised in Figure 3.5 and Table 3.6,

Papers |, Ill and V are published, and Papers Il and IV are submitted and therefore in review
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stage. For the published paper(s) there may be minor discrepancies between the current
manuscript and the published version resulting from the copy-editing process. The papers’
format complies with the format in which they are submitted. Where possible, Supplementary
Information (Sl) is provided for each paper at the end of the relevant paper, otherwise in the
Appendices section. For the submitted paper(s) for which | have received reviewers’ comments

and replied to, the response letter is also included in the Appendices section.

Author contributions are included towards the end of each paper and also appear in the
published versions, where applicable. | was the lead author on three of the papers (Papers |, II
and 1V), second author on Paper Il and one of the co-authors on Paper V. My contribution to
Paper lll include all data preparation and coding activities, and commenting through the
revision process. In Paper V, | contributed towards the provision of MATLAB codes for data
processing and analysis, as well as contributing towards the text of the manuscript through
comments, suggestions and guidance through the whole preparation and submission process.
Since the data used in Papers | and Il, as well as Paper V were not publically available at the
time of preparing these papers, as a general rule set by the ISIMIP coordinators and modellers,
any papers applying those data needed to invite the modellers as co-authors. Their
contribution, however, was not limited to providing simulated data; they were involved in
providing comments and guidance on the manuscripts in different stages. Except to the order
of the first three authors in Papers |, Il and IV, the rest of the co-authors are listed alphabetically

for their contribution being more or less equal. Styles may vary according to the journal/target

journal.

Final
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received (Accepted/
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Papers |,
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Figure 3.5. The status of the five research papers in the submission process.
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Abstract

Global-scale hydrological models are routinely used to assess water scarcity, flood hazards and
droughts worldwide. Recent efforts to incorporate anthropogenic activities in these models have
enabled more realistic comparisons with observations. Here we evaluate simulations from an
ensemble of six models participating in the second phase of the Inter-Sectoral Impact Model
Inter-comparison Project (ISIMIP2a). We simulate monthly runoff in 40 catchments, spatially
distributed across eight global hydrobelts. The performance of each model and the ensemble mean is
examined with respect to their ability to replicate observed mean and extreme runoff under
human-influenced conditions. Application of a novel integrated evaluation metric to quantify the
models’ ability to simulate timeseries of monthly runoff suggests that the models generally perform
better in the wetter equatorial and northern hydrobelts than in drier southern hydrobelts. When
model outputs are temporally aggregated to assess mean annual and extreme runoff, the models
perform better. Nevertheless, we find a general trend in the majority of models towards the
overestimation of mean annual runoft and all indicators of upper and lower extreme runoff. The
models struggle to capture the timing of the seasonal cycle, particularly in northern hydrobelts, while
in southern hydrobelts the models struggle to reproduce the magnitude of the seasonal cycle. It is
noteworthy that over all hydrological indicators, the ensemble mean fails to perform better than any
individual model—a finding that challenges the commonly held perception that model ensemble

© 2018 The Author(s). Published by IOP Publishing Ltd
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estimates deliver superior performance over individual models. The study highlights the need for
continued model development and improvement. It also suggests that caution should be taken when
summarising the simulations from a model ensemble based upon its mean output.

1. Introduction

Global hydrological models (GHMs) and land surface
models (LSMs) are used for assessing the impacts of
climate change on water availability and scarcity [1-
5], droughts [6, 7], flood hazard and risk [8—11], the
response of the global hydrological cycle to climate
change mitigation [12], forecasting at short timescales
[13] and examining the role of water in assessments
of food security [14—16]. In turn, their results are used
to inform global policy decisions on climate change
[17, 18]. Therefore, it is important to understand the
strengths and limitations of these models in simulating
global hydrological variability.

The aims of this study are to: provide new under-
standing on how global-scale hydrological models
perform in different hydro-geographical locations of
the globe; to highlight the current strengths and limita-
tions of global-scale hydrological modelling; to identify
opportunities for the community to improve the mod-
els; and to explore the potential implications of our
research for future work in the field.

Previous global evaluation studies (table 1) dif-
fer from each other in several ways: in the number
of models evaluated (2—14, with a median of 6); the
number of catchments included (8-6192); the size of
catchments considered (10 km?2-4 758 000 km?); the
evaluation metrics calculated; the hydrological indi-
cators evaluated; and the period of analyses. The highly
varied approaches taken in previous studies means
there remain several opportunities for improving the
way in which model evaluation studies are conducted.

Firstly, only a handful of studies [19-22] have
explored spatial patterns of model performance, all
of them by using the Koppen climate classification
system. Here, for the first time, we evaluate the per-
formance of several global-scale hydrological models
across hydrobelts [23] (figure 1 and table S2; tables
and figures in the supplementary information available
at stacks.iop.org/ERL/13/065015/mmedia, hereafter
called SI, are denoted by an S in their numbering).
This offers a more appropriate classification scheme
for catchment hydrology than the Koppen system
because it takes into account a greater number, and
diversity of, hydro-geographical factors in defining the
boundaries of the spatial units.

Secondly, almost all previous evaluation studies
compare simulations of naturalised discharge to obser-
vations. This means that the effects of human impacts
on runoff and river flows remain unaccounted for by
the models. This is despite the fact that the major-
ity of catchments across the globe have been severely

influenced by human activities [24, 25]. We capitalise
on the latest model simulations conducted as part of
the second phase of the Inter-Sectoral Impact Model
Inter-comparison Project (ISIMIP2a), which provides
a set of simulations that include time-varying human
impacts, such as water abstractions and reservoir oper-
ations by dams [26]. In so doing and in parallel with a
companion study presented in this journal issue [25],
we conduct the first multi-model evaluation of runoff
under human-impacted conditions as simulated by
global-scale hydrological models.

Thirdly, with only a very limited number of excep-
tions [20, 21, 25, 27], it is uncommon for global-scale
hydrological model evaluation studies to assess the
ability of models to simulate hydrological extremes,
particularly high and low runoff or specific return peri-
ods. We address this paucity of evidence by evaluating
indicators of hydrological extremes, including specific
return periods.

Fourthly, a multitude of different performance
metrics have been employed within and between stud-
ies. The ranking of models, by performance, changes
according to the metrics that are employed because
different metrics emphasise different characteristics of
model performance. To overcome this issue we use a
novel integrated metric [28-31].

Finally, the ensemble mean (EM) is often used to
summarise the performance of several models because
it has been shown that the EM often performs bet-
ter than the majority of the individual models from
which it is derived [32-38]. However, not all studies
have provided a comprehensive analysis of the perfor-
mance of the EM relative to individual models, at global
(table 1) and continental scales [39, 40]. Therefore, we
evaluate the performance of six models individually,
as well as the EM.

By capitalising on the five opportunities discussed
above we providea distinct contribution to understand-
ing how global-scale hydrological models perform in
different parts of the globe and for different hydrologi-
cal indicators, including extremes.

2. Methods

2.1. Study catchments, models and data

2.1.1. Study catchments and observed data

Forty study catchments (figure 1 and table S1) were
identified following a comprehensive set of four crite-
ria (see SI) applied to observed data from the Global
Runoff Data Centre, GRDC (available from http://
grdc.bafg.de). The catchments provide a reasonable



http://stacks.iop.org/ERL/13/065015/mmedia
http://grdc.bafg.de
http://grdc.bafg.de

Table 1. Overview of selected global-scale studies evaluating multiple models, including the present study. GHM: Global Hydrological Model, LSM: Land Surface Model, DGVM: Dynamic Global Vegetation Model, GCM: Global
Climate Model, MAR: mean annual runoff/discharge, MMR: mean monthly runoff/discharge and/or seasonality, MDR: mean daily runoff/discharge, HFP: extreme high flow percentiles (e.g. Q5), LFP: extreme low flow percentiles (e.g.
Q95), HER: high flow return periods, LFR: low flow return periods.
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Figure 1. Locations of the 40 catchments across hydrobelts. Catchment details are provided in table S1. Hydrobelts are named:
BOR= boreal, NML = northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML=southern

mid-latitude, SDR = southern dry and SST = southern subtropical.

geographic coverage, however, the availability and
quality of observed data in the GRDC database led
to a selection bias that resulted in the number of boreal
and northern mid-latitude catchments being propor-
tionately high (table S2).

2.1.2. Model ensemble and forcing data

The model ensemble comprises a suite of GHMs and
LSMs that participated in the water (global) sector of
ISIMIP2a [51]. The models are DBH [52], HO8 [53],
LPJmL [54], MATSIRO [55], PCR-GLOBWB [56] and
WaterGAP2 [57] (see SI for full model names and
details of the hydrological processes represented in the
models).

All of the models have been developed to represent
and account for the impacts of historical time-varying
human management such as land use, water use and
dam operation. Apart from WaterGAP2 the mod-
els were not calibrated for the ISIMIP2a simulations.
The models simulate runoft (amongst other hydro-
logical variables) across the global land surface at
0.5° % 0.5° spatial resolution. Following the method
described by [19], monthly observed and simulated
discharge data was converted to catchment-mean
monthly runoff by using the area upstream of the
gauge according to the DDM30 river network. Thus
an area correction factor is applied to the GRDC
discharge data to account for the fact that the river
network, which is at 0.5° spatial resolution, may
not perfectly overlap with the GRDC river catchment
boundaries. Output from the models is openly avail-
able from the Earth System Grid Federation (ESGF;
https://esgf-data.dkrz.de; [51]).

All models were run for the period 1971-2010 with
input climate data provided by the Global Soil Wetness
Project Phase 3, (GSWP3; [58]). GSWP3 has been used
as a forcing dataset in several other recent GHM and

LSM studies [2, 26, 57, 59, 60] (see SI, section 1.3,
for an explanation of why we used this forcing dataset
specifically).

2.2. Evaluating model performance

2.2.1. The integrated evaluation metric

Assessment of relative model performance in a
meaningful way is difficult without a transferrable
benchmark against which model performance in dif-
ferent catchments can be compared to consistently. In
addition, different metrics are more or less suited to
assessing individual characteristics of a model’s fit. To
overcome this we use a ratiometric integrated met-
ric, the ideal point error (IPE) [31], equation 1. Our
configuration of IPE has three components because
it combines three commonly used individual evalua-
tion metrics: root mean square error (RMSE), Mean
absolute relative error (MARE) and the Nash-Sutcliffe
coefficient of efficiency (CE). These are used to assess
the relative performance of each model and the EM to
replicate observed data. IPE is standardised against a
benchmarked model. The benchmark model can be
a simple statistical model, so it is sometimes called
a naive model [61]. It can be as simple as observed
runoff shifted backwards by different time steps [61].
In our application of IPE, we adopted a naive model
benchmark such as this, where the observed runoff
is shifted backwards by one month. Hence our naive
model benchmark assumes runoffin month tis equal to
runoff in month #—1 and therefore essentially assumes
persistence (IPEn, equation 1). The three IPE com-
ponents are evaluated against their benchmark model
counterparts.

The IPE equation presented in equation (1) is
adapted from the original formula by (Dawson et al
2012). The negative reciprocal of the IPE score is
used (equation 3) where the performance of a model

4
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Table 2. Indicators of mean and extreme runoff calculated in this study for model evaluation.

Indicator abbreviation Description of indicator

MAR Mean annual runoft*

MMR Mean monthly runoff*

Q5 The magnitude of monthly runoff that is exceeded 5 % of the time in the monthly time series (indicator of
high flows)*

Q95 The magnitude of monthly runoff that is exceeded 95 % of the time in the monthly time series (indicator of
low flows)?

None The magnitude of maximum monthly runoff associated with the 2-, 5-, 10-, 20-, and 25 year return periods
respectively (see SI for calculation method)®

None The magnitude of minimum 3 month moving average of runoff associated with the 2-, 5-, 10-, 20-, and 25

year return periods respectively (see SI for calculation method)®

2 For these indicators the EM is calculated as a timeseries by calculating the average across all individual models for each month, to allow

calculation of timeseries-based evaluation metrics such as the NSE and IPE.

b For the maximum and minimum return period flows the EM was calculated as the average of the maximum/minimum monthly runoff for

each return period calculated across all GHMs.

exceeds that of the benchmark to maintain propor-
tionality in comparisons between the IPE scores of
models that fail to perform as well as the benchmark
and those where performance exceeds it. The IPE scores
range between —1 and —oo (performance improvement
over the benchmark model) and 1 and +o0 (perfor-
mance loss over benchmark model). The IPE score is
ratiometric—for example, a model that performs twice
as well as the benchmark model will have an IPE score
of —2 and a model that performs twice as badly will
have a score of 2. IPE would be 1 if a model performs
the same as the benchmark, whilst a model infinitely
better than the benchmark would have an IPE of —c0.

[0.333 % ((RMSE,,/RMSE, >+
(MARE,,/MARE,)*+ (1)

((CE,, — 1)/(CE, — 1)?)]3

IPEn =

IPE = IPEn. (2)

If IPEn >1 i.e. where a model fails to outperform the
benchmark model

IPE= —. (3)
IPEn

If IPEn <1 i.e. where a model outperforms the bench-
mark model

where:

RMSE = root mean squared error

MARE = mean absolute relative error

CE = coefficient of efficiency (Nash-Sutcliffe Effi-
ciency)

m = model simulated data

b = benchmark (the naive model).

2.2.2. Weighted performance measures and perfor-
mance ranking

Where measures of performance are aggregated for an
entire hydrobelt we do so by calculating a weighted
mean, to resolve spatial biases introduced by having a
different number of catchments in each hydrobelt. For

each catchment, observed mean annual runoff (MAR),
representing the effect of both catchment size and flow,
is applied as the relative weight, so that any given
weighted performance metric (W,,) can be calculated
as:

n
Y MAR, * m,
W_mHB = =l

(4)

n

> MAR,
c=1
where m denotes metric, HB and ¢ respectively denote
hydrobelt and catchment, and 7 the number of catch-
ments in each hydrobelt.

Measures of performance that we calculated and
weighted in this way include IPE, percent bias (PBIAS)
and the relative difference between simulated and
observed values for the seasonal cycle (see table S4 for
formulae). The median percentage difference (MPD)
was calculated across all catchments but was not
weighted.

For consistency throughout the paper, metrics
derived for the EM are used to rank and/or facilitate
comparisons between catchments or hydrobelts. This
is not to say, however, that the EM is a reliable indicator
of overall model performance.

2.2.3. Hydrological indicators

In addition to IPE and measures described in section
2.2.2 we calculated six indicators of mean and extreme
runoff (table 2).

3. Results

3.1. Models’ ability to replicate observed monthly
runoff time series

IPE scores estimated from the monthly runoff time-
series for individual models and the EM respectively,
across hydrobelts, are presented in figure 2 (see table
S6 for individual catchments and figure S1 for the
individual metrics that comprise the IPE). Model
performance is generally better in the equatorial




Table 3. Mean weighted IPE for each model by hydrobelt. Negative (positive) values indicate performance improvement (loss) over the naive model benchmark. Best performing individual models for each hydrobelt are in bold.
Number of catchments in each hydrobelt are in parentheses. Hydrobelts are ranked according to the perfomance of the EM. Rows are ordered according to the mean latitude of each hydrobelt from north to south (BOR= boreal, NML=
northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML= southern mid-latitude, SDR= southern dry and SST= southern subtropical).

Model
Hydrobelt (No. of DBH Ho08 LPJmL MATSIRO PCR-GLOBWB WaterGAP2 EM Hydrobelt rank Hydrobelt rank
catchments) (based on EM) (based on best
individual model)
BOR (14) 25.63 533 8.12 2.52 3.53 1.12 2.07 2 5
NML (12) 53.08 12.76 9.87 7.20 5.87 —0.30 3.90 4 1
NDR (2) 14.53 4.09 4.71 4.32 7.46 0.95 2.96 3 3
NST (1) 12.10 12.89 12.10 1.82 5.39 1.12 4.32 5 4
EQT (3) 4.82 3.28 3.65 1.93 2.95 0.57 1.67 1 2
SST (4) 26.91 21.86 19.53 2.55 13.40 1.38 10.58 6 6
SDR (2) 5305.19 96.43 2051.53 326.04 520.61 78.19 1393.72 8 8
SML (2) 2780.76 109.56 1440.15 128.58 958.59 42.15 909.93 7 7
Median weighted IPE 26.27 12.82 10.99 3.44 6.67 1.12 4.11 -
across all
hydrobelts
Model rank (based on 6 5 4 2 3 1
median weighted IPE
across all hydrobelts)
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Figure 2. Catchments ranked clockwise (starting with Mackenzie) according to the IPE score for the ensemble mean (EM, red squares).
IPE scores range between (—1, —oo] and [1, +00). The bottom panel focuses on IPE<10, with the range (—1,1) in grey, representing
the boundary of performance improvements (IPE < —1) or loss (IPE > 1) relative to the naive benchmark model. Catchment names
are colored by hydrobelts (BOR = boreal, NML = northern mid-latitude, NDR = northern dry, NST = northern subtropical, EQT =
equatorial, SML= southern mid-latitude, SDR= southern dry and SST = southern subtropical).

and northern hydrobelts (EQT, BOR, NML, NDR
and NST) than the southern hydrobelts (SST, SDR and
SML). When ranked by the EM, the 13 highest ranked
catchments are located in BOR and NML hydrobelts.
This is in part the result of a bias in the number of
catchments in these hydrobelts. However, weighted
IPE scores (table 3) indicate that model performance
in these two hydrobelts is particularly favourable when
compared to that of southern hemisphere hydrobelts.
The two SML catchments are ranked 38th and 40th
and the two SDR catchments are ranked 32nd and

39th. The relatively lower performance of the major-
ity of models and the EM in the SDR and SML
hydrobelts, which include seasonally dry ephemeral
rivers, is the result of the models slightly overesti-
mating low runoft values (typically less than 1 mm
month™!) during dry periods. This serves to decrease
the MARE (figure S1), which in turn delivers poor
IPE values. We considered lowering the weighting of
the MARE component of the IPE equation, since the
three components can be weighted differently [31] so
that the IPE is not disproportionally affected by the
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low MARE scores in these four catchments. How-
ever, this would be somewhat counter-intuitive to the
objectives of our assessment because the low MARE
values highlight that the models struggle to simulate
low flows in these catchments, which is an important
result of the evaluation exercise.

The EM and all individual models except Water-
GAP2 and marginally MATSIRO, deliver their best
IPE in the EQT hydrobelt. Here, the three contribut-
ing catchments cover 51% of its area; indicating that
they are representative of the hydrobelt as a whole.
However, the strong model performance is, in part,
an artefact of using the naive (t—I) model as a
benchmark for computing IPE scores. In EQT catch-
ments the month-to-month variability of hydrological
inputs and responses is low, which makes the mod-
elling challenge easier and the likelihood of significant
deviation from the naive benchmark model relatively
low.

Examining the performance of individual models,
it is evident that HO8 performs relatively well (second
to WaterGAP2) in the NDR hydrobelt as well as the two
lowest ranked hydrobelts i.e. SDR and SML, suggesting
it has particular capabilities in modelling dry regions.
The calibrated WaterGAP2 outperforms the EM and
other models in all hydrobelts, however, it is not always
the best performing individual model. Indeed, MAT-
SIRO achieves the best IPE scores in six catchments
(table S6). In terms of the IPE, the EM performs bet-
ter than the best model only in two catchments, the
Amur and Mackenzie—for the other 38 catchments an
individual model performs better than the EM.

To further investigate the performance of the EM,
we calculated the EM under two different cases:

1. excluding the weakest performing model for each
catchment in turn; and

2. excluding the first and second weakest models for
each catchment in turn.

The best/weakest models that were left in the
ensemble were identified based on the models’ IPE
scores.

Under the two cases, the EM outperformed the
best individual model that was left in the ensemble in
ten and 12 catchments respectively (table S6). Thus
the relative performance of the EM, compared to the
models that are left in the ensemble, improves when the
weakest performing model(s) are removed. However,
in the majority of catchments, even when the weakest
performing model(s) are removed from the ensemble,
an individual model still performs better than the EM.

3.2. Models’ ability to reproduce key aggregated
hydrological indicators

The PBIAS and MPD across catchments indicate a gen-
eral trend towards the over-estimation of mean annual
runoff (MAR), Q5 (high runoff) and Q95 (low runoff)
amongst the models, especially for low(er) runoff val-
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ues (figure 3, table 4 and table 5). In terms of individual
model performance, WaterGAP2 and MATSIRO are
ranked first or second by both MPD (table 4) and
PBIAS (table 5) for all three indicators, whereas DBH
is consistently ranked the lowest.

In terms of model performance across hydrobelts,
the three best estimates of weighted PBIAS for all three
hydrological indicators are, according to the perfor-
mance of the EM, consistently BOR, NML and EQT,
(table 5). The EQT hydrobelt is consistently highly
ranked (top 3) according to the performance of both
the EM and the best performing individual model,
whilst the SML and SDR hydrobelts are always ranked
low. The ranking of hydrobelts changes slightly when
evaluating performance with MPD (table S5). Although
BOR and NML are still ranked highly (top 3 for
all three hydrological indicators) EQT is lower down
the ranking (ranked 6th for all three hydrological
indicators).

3.3. Models’ ability to estimate runoff of different
return periods

Table 6 presents the MPD between modelled and
observed runoff calculated over all catchments for
each of the five return periods (2-, 5-, 10-, 20-
and 25-year) of maximum monthly runoff and
minimum 3 month runoff respectively. For maxi-
mum runoff, PCR-GLOBWB performs particularly
well, with MATSIRO and WaterGAP2 also deliver-
ing MPD values of <25%. The remaining models
perform relatively poorly with the MPD >50%
across all return periods. For minimum runoff,
MATSIRO again performs well, with DBH also
achieving MPD values of <20%. Despite being cal-
ibrated, WaterGAP2 (and PCR-GLOBWB) struggles
to reproduce observed low runoff, with MPD values
generally >50%.

The magnitude of runoff associated with each
return period for both maximum and minimum runoff
is overestimated by the EM and by the majority of
individual models. The EM fails to perform better
than the best performing model for all maximum and
minimum flow return periods. In half of all cases,
MPD values are generally consistent across the different
return periods, while MPD decreases or increases with
higher return periods in other cases.

3.4. Models’ ability to replicate seasonal cycles
Figure 4 displays for each hydrobelt the average
weighted relative difference (using equation 4) between
the modelled and observed seasonal cycle (long-term
MMR) for all models. There is a general pattern of over-
estimation of MMR across the model ensemble. The
largest relative differences occur in the months of peak
runoff. No single model performs consistently better
or worse than all other models throughout the whole
seasonal cycle, since the month in which the maximum
relative difference occurs varies across models.
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Figure 3. Simulated versus observed MAR (a); Q5 (b); and Q95, (¢) for each catchment (1 = 40). The numbers in parentheses
indicate the Pearson correlation coefficients between simulated and observed data (BOR= boreal, NML= northern mid-latitude,
NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML = southern mid-latitude, SDR = southern dry and SST=

The highest magnitude differences are observed in
the SDR and SML hydrobelts. The lowest are in NML
and EQT. The models’ poor performance in simulat-
ing long-term MMR in the SDR hydrobelt confirms
their poor performance in replicating the time series
of runoft in this hydrobelt (table 3). This suggests
that timing errors may be responsible for much of
the error in simulating runoff timeseries in the SDR

hydrobelt.

Table 7 shows the duration, in months, of the
difference between simulated and observed timing of
the month of maximum/minimum runoff, i.e. tim-

baseflow [55].

ing bias, as an average for each hydrobelt (figure S2
displays the simulated and observed MMR for each
catchment). Early bias is common in all hydrobelts
and it is especially prevalent for minimum flows.
Late bias is less evident. Two potential explanations
for early bias are the models’ inability to capture
late snowmelt in snow-dominant regions [62] and
challenges in accurately representing groundwater or

Across all models and catchments, DBH shows
the least early (—0.60 months) and LPJmL the least
late (0.03 months) biases for maximum flow. For
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Table 4. Median percentage difference, MPD (%) between modelled and observed runoff calculated over all catchments for MAR, Q5 and
Q95 (shaded cells denote underestimation of runoff by the model; ranking of the individual models across each indicator are in parantheses).

The best performing individual model (or EM) is in bold.

Indicator DBH HO08 LPJmL MATSIRO PCR-GLOBWB WaterGAP2 EM
MAR 33.7(6) 20.1 (5) 13.5 (4) —12.6 (3) 7.8(2) 0.9 (1) 13.9
Q5 26.2 (6) 15.3 (5) 12.2 (4) ~11.8 (3) 51(2) —29(1) 9.6
Q95 37.3(6) 19.4 (5) 19.1 (4) -8.8(2) 14.6 (3) 5.0 (1) 21.0

minimum flow, WaterGAP2 presents the least early
bias (—0.43 months) and DBH shows the least late bias
(0.28 months). Despite the good performance of DBH
and LPJmL in terms of timing, these two models do
show high relative difference values compared to other
models (figure 4).

4, Discussion

4.1. Models’ performance across hydrobelts

We found high variability between models in their
ability to simulate MAR, Q5, Q95 and the magni-
tude of return period runoff values. The majority
of models overestimate these hydrological indicators,
with positive biases particularly acute in southern
hydrobelts (SML and SDR). This can, in part, be
explained by the general overestimation of precipita-
tion values in climate forcing data in these regions
[57], which in turn means the models overestimate
runoff [21]. Nonetheless, previous studies empha-
sise that large ensemble spreads from GHMs and
LSMs are not primarily due to errors in the (com-
mon) forcing data, but instead due to model structural
uncertainty [19, 39]. Missing physical process repre-
sentations in the models such as transmission loss

[62] explain some of the differences between simulated
and observed runoff. The underestimation of runoff
by certain models, particularly in the NDR hydro-
belt, may be a result of excessive evapotranspiration (as
reported for MATSIRO by [19]). Moreover, the sim-
ulation of evapotranspiration has been shown to vary
widely between the ISIMIP2a global-scale hydrological
models [63].

Several models struggle to accurately simulate the
timing and magnitude of long-term MMR in all months
of the year in NDR and the first and/or last months in
other hydrobelts. The relatively low levels of season-to-
season variability in tropical and equatorial catchments
EQT, SST and NST (i.e. the absence of a strong,
predictable signal that can be modelled) may explain
the weak performance in these hydrobelts. Additional
factors may include the ability of models to suffi-
ciently represent the range of soil properties influencing
the generation and timing of runoff [64], as well as
human-induced factors such as the operation of dif-
ferent reservoir management schemes [25]. In the
BOR hydrobelt, the simulation and representation of
snowmelt is likely to be the main cause of the early
bias we reported. Temporal bias in snow-dominant
regions (observed in [20, 21, 27, 40, 43, 65]) has pre-
viously been related to general errors in forcing data
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Table 5. Mean weighted PBIAS (%) for MAR, Q5 and Q95, across hydrobelts. The best performing model (or EM) according to weighted PBIAS for each hydrobelt is in bold. Shaded cells denote where the runoff indiciator is
underestimated by the model or EM. Hydrobelts are ranked according to the perfomance of the EM. Rows are ordered according to the mean latitude of each hydrobelt from north to south (BOR = boreal, NML = northern mid-latitude,
NDR = northern dry, NST = northern subtropical, EQT = equatorial, SML = southern mid-latitude, SDR = southern dry and SST = southern subtropical).
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Table 6. Median percentage difference, MPD (%) between modelled and observed runoff calculated over all catchments for different return
periods (shaded cells denote underestimation of runoff by the model). The best performing model (or EM) is in bold.
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Figure 4. Mean weighted relative difference between simulated and observed MMR (seasonal cycle) for each hydrobelt (note that
vertical scales differ) (BOR = boreal, NML = northern mid-latitude, NDR = northern dry, NST = northern subtropical, EQT =
equatorial, SML= southern mid-latitude, SDR = southern dry and SST= southern subtropical).

(especially the underestimation of precipitation) or
the absence/misrepresentation of processes that delay
snowmelt in models. Some of these processes include
the infiltration of meltwater into soils, the refreezing of
meltwater over cold periods in the diurnal cycle, and
ice-jams in rivers [21].

The higher timing bias we found for minimum
runoft is related to the observed data’s higher sensi-

tivity to the timing of water abstractions and reservoir
operation during low flow periods [25]. Nonetheless,
it should be emphasised that the degree to which
monthly flow is influenced by reservoirs depends on
the ratio of reservoir storage and the annual flow. With
large reservoirs, any model’s ability to simulate stor-
age and release of water can be more important than,
for example, the timing of snowmelt.
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Table 7. Hydrobelt mean (not weighted) early and late runoff timing bias (units are number of months). Negative (positive) values denote an early (late) bias. Values calculated over all catchments across each hydrobelt, or globally. The
number of catchments affected by timing bias is in parantheses. Rows are ordered according to the mean latitude of each hydrobelt from north to south (BOR = boreal, NML = northern mid-latitude, NDR = northern dry, NST =
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Whilst when aggregating across catchments Water-
GAP2 is consistently the best performing model in
terms of overall fit (assessed by mean weighted IPE,
table 3), consistently the best for MAR, Q5 and
Q95 when assessed by MPD (table 4), and almost
always the best model for MAR, Q5 and Q95 when
assessed by mean weighted PBIAS (table 5), it is not
the best model for the magnitude of flows associ-
ated with different return periods (table 6) nor for
the timing of seasonal flows (table 7). For these lat-
ter two hydrological indicators, the best performing
models include MATSIRO, H08 and PCR-GLOBWB.
This is in part due to the global-scale models hav-
ing spatially generalised parameters. Thus they may
perform differently in different locations and for dif-
terent indicators. In addition, although they all use the
same forcing data, differences in model structure and
parameterisation (table S3) lead to different perfor-
mances across different indicators [64, 66, 67]. Thus
caution should be applied in presenting the results
from only one model (including the ensemble mean)
in future model applications, where changes in mul-
tiple hydrological indicators are presented. Instead,
we recommend the ensemble spread is presented
and/or models are weighted according to their per-
formance for each hydrological indicator respectively
[68].

Generally, the superior performance of Water-
GAP2 can be attributed to its calibration with long term
annual average river discharge. However, our results
show that this approach does not necessarily guarantee
optimal performance for all hydrological indicators,
e.g. high and low flows. Moreover, due to limita-
tions associated with the quality, length and global
coverage of observed discharge data, WaterGAP2 was
only calibrated for 1319 catchments, covering 54% of
the global land area except Antarctica and Greenland
[57]. Thus the model is unlikely to achieve optimal
performance globally, for all hydrological indicators.
The physically-based snow and soil scheme in MAT-
SIRO may be the reason for its superior performance
in snow-dominated areas. DBH and PCR-GLOBWB
presented higher skill in simulating maximum
runoft of higher return periods. DBH also achieved
good performance in simulating the timing of the
seasonal cycle.

4.2. Opportunities for model improvement

WaterGAP2, the only calibrated model in the ensem-
ble, presents the greatest overall model skill. However,
WaterGAP2 is not the best-performing model (with
respect to IPE) in 13 of the 40 catchments—ten of
these are in the BOR hydrobelt. The result arises
from the calibration of WaterGAP2 to match observed
long-term annual river discharge, meaning that the
model is prone to timing errors in snow dominant
regions [69]. Conversely, the superior, physically-based
snow and soil scheme in (uncalibrated) MATSIRO is
likely to be a key reason for its good performance

W Letters

in snow-dominated hydrobelts. That said, HO8 uses
a similar snow modelling scheme to MATSIRO and
does not attain a similar level of performance in the
BOR hydrobelt. This suggests that H08’s vegetation,
evapotranspiration and soil representation schemes
(all of which are different to MATSIRO) may be
limiting its performance.

Our results imply that robust calibration methods
may improve model performance. However, a smaller
error in runoff estimates for a present-day hydrolog-
ical simulation (from an uncalibrated or calibrated
model) does not necessarily mean that projections
for the future from that model will be more cer-
tain than projections from a model with larger error.
Whilst the calibration procedure for WaterGAP2 does
lead to better performance for present-day hydrol-
ogy in many cases, we note that the calibration of
any hydrological model can encourage over-fitting
and so act to compensate for structural errors and
errors in atmospheric forcing data [69]. This could
pose a problem if the models were used within a
climate modelling framework. Therefore, whilst this
study highlights the benefits of model calibration
for improving simulations of present-day runoff, we
also urge caution towards interpreting it as a defini-
tive route to higher model certainty; especially when
the models are used for delivering future projections
[70].

DBH and PCR-GLOBWB were able to achieve a
reduction in the magnitude of error in simulated maxi-
mum runoff with increasing return period. It was more
common for the other models to show little difference
in error across return periods. This suggests that these
two models may include process representations that
work better towards achieving very extreme high flows,
compared with other models.

Our results show that even when including human
impacts, there remain challenges with the accurate
simulation of low runoff magnitudes and long term
MMR. Therefore we recommend a comprehensive and
systematic evaluation of the specific methods used
to represent human impacts in models, for multiple
rivers across the globe and at different locations along
the river network, including: irrigation; dam operation
rules [26]; the representation of reservoirs; the way
in which withdrawn water is returned to the river net-
work (including groundwater, surface water bodies and
soils); and the sources where water is withdrawn from
to meet water needs (i.e. groundwater, surface water,
and desalinisation).

4.3. Performance of the EM and implications for
future applications

In climate modelling and meteorological forecasting,
the ensemble mean is often reported as outperform-
ing individual models [34-36]. Our analysis shows
that this is not the case with global-scale hydrological
models. Even when excluding the weakest performing
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model(s) from the ensemble an individual model still
outperforms the EM in the majority of catchments. We
only excluded up to two weakest performing mod-
els when computing the EM under different cases,
so the generally consistent weak performance of the
EM may be the result of other outlying models
(in terms of their performance) having a large dispro-
portionate influence on the EM.

Certain models may be consistently poor perform-
ers in certain climatic or physiographic settings, or
over certain hydrological response ranges, and their
inclusion in a model ensemble may act to limit the
performance of the EM [71]. However, totally exclud-
ing the weakest model might be at the risk of missing
other skills of that model. For example, whilst DBH
performed poorly for some hydrological indicators,
it performed well in simulating timing of the sea-
sonal cycle. The approach of including/excluding the
best/weakest performing models to calculate the EM
could be extended to weighting methods [68, 72-74].
This, however, raises difficult questions about how the
‘best” weighting strategy and combination of weights
can be determined a priori.

The variable performance of the EM that we report
here means that a decision should not be taken a priori
to use the EM as the basis of model evaluation and/or
climate change impact assessments [1, 21, 39, 75]
without considering its performance relative to the
models it is summarising, because an individual model
may perform significantly better.

5. Conclusion and recommendations

Wehave presented a worldwide comparative evaluation
of the performance of six global-scale hydrologi-
cal models to simulate mean and extreme monthly
runoff. In parallel with a companion study pre-
sented in this journal issue [25], it is the first such
evaluation to use models run with human impacts
and it is also the most comprehensive evaluation
of extreme runoff (table 1). Our adoption of the
hydrobelt classification system provided a feasible
means of aggregating catchment-scale results around
the axis of hydro-geographical similarities, as well
as facilitating a comparison of model performance
spatially worldwide.

We found a tendency for the majority of models
to overestimate MAR and all indicators of upper
and lower extreme runoff. The models overestimate
low flows (Q95) considerably more than they over-
estimate high flows (Q5) but on the other hand,
the models overestimate minimum flow return peri-
ods to a lesser degree than they do for maximum
tflows. Either way, the overestimation of runoff is a
key issue that we recommend is addressed by the
global-scale hydrological modelling community. Whilst
the incorporation of human activities into global-
scale hydrological models has been shown to enhance
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model simulation capabilities [25], our evaluation
leads us to recommend that the global-scale hydro-
logical modelling community pursue efforts to improve
the representation of low runoff and the models abil-
ity to predict the magnitude and timing of seasonal
cycles.

We have highlighted which models perform par-
ticularly well for certain hydrological indicators, and
in which hydrobelts, and discussed potential solutions
to improving model performance. Whilst calibration
can deliver some improvements it is particularly chal-
lenging for global-scale models due to the paucity of
global coverage of long-term and complete observed
runoff records. Therefore we recommend that efforts
are made towards improving the quality [76, 77]
and global coverage of observed runoff records and
in turn technical approaches to model calibration are
explored.

Other model improvements can be achieved
through better quality input and evaluation datasets,
the inclusion of missing physical processes, and bet-
ter representation of existing processes in the models.
We recommend that the global-scale hydrological mod-
elling community explore the process parametrisations
within their models to help inform their decisions
on future model development and that they con-
sider running perturbed parameter ensembles [78]
to explore the uncertainties associated with those
parametrisations.

While the EM is a straightforward, widely used
means of summarising the performance of an ensem-
ble of hydrological models, our results highlight the
limitations of this approach. Therefore we recom-
mend the exploration of alternatives to the EM such as
weighting models based upon their performance [68].
Nevertheless, the models that comprise the ensemble
we evaluated here, represent the state-of-the-art, and
multi-model ensembles may well be the best way to
capture some of the existing uncertainties in represent-
ing the hydrological cycle at the global scale. Therefore
we recommend that future studies adopt an ensem-
ble approach so that the spread of possible outcomes,
based upon current scientific modelling state-of-the-
art, is known. The value of ensembles lie in their
offering of a suite of models that can be evaluated with
respect to a specific question that might need address-
ing. For example, if droughts were of interest, then
one may possibly select a subset of models that is dif-
ferent from a subset that might be used if peak flows
were of interest. Such a procedure can of course only
be undertaken if the full range of model simulations
are available in the first place.

The models evaluated here are under continuous
development and we expect that their performance
will improve as developers address known shortcom-
ings and as observed data improves in quality. Model
improvements will then in turn lead to more precise
and accurate representation of hydrological patterns
across the globe.
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Abstract

This study presents a novel application of machine learning to deliver optimised, multi-model
combinations (MMCs) of Global Hydrological Model (GHM) simulations. We exemplify the approach
using runoff simulations from five GHMs across 40 large global catchments. The benchmarked, median
performance gain of the MMC solutions is 45% compared to the best performing GHM and exceeds
100% when compared to the EM. The performance gain offered by MMC suggests that future multi-
model applications consider reporting MMCs, alongside the EM and intermodal range, to provide end-
users of GHM ensembles with a better contextualised estimate of runoff. Importantly, the study
highlights the difficulty of interpreting complex, non-linear MMC solutions in physical terms. This
indicates that a pragmatic approach to future MMC studies based on machine learning methods is
required, in which the allowable solution complexity is carefully constrained.

Keywords:

Machine Learning; Model Weighting; Gene Expression Programming; Global Hydrological Models;
Optimization

Highlights:

o First use of intelligent multi-model combination (MMC) applied to a global hydrological model
ensemble.

o MMC performs better than both any individual model from the ensemble and the ensemble
mean, overall.

e The physical interpretation of MMCs is limited by the complexity of the non-linear weighting
schemes that are developed.

o MMC based on Gene Expression Programming facilities controllable model mixing and provides
explicit solutions.

Software and/or data availability:

The software applied in this study is GeneXpro Tools 4.0 (GXPT4) available at http://www.gepsoft.com/
and provided by Gepsoft Limited. Gepsoft is a predictive modelling software company located in Bristol,
United Kingdom. Gepsoft was founded in 2000 to market the Gene Expression Programming (GEP)
technique invented by Dr. Candida Ferreira, founder and currently director of Gepsoft. The first
product to be released was a COM component (GEPSR 1.0 and 2.0) followed by the desktop application
APS (Automatic Problem Solver). Gepsoft continues to develop this product, which was renamed
GeneXproTools (Gene Expression Programming Tools) after version 4.0. Observed discharge data are
available from the Global Runoff Data Centre (GRDC, http://grdc.bafg.de) and the global hydrological
model simulations are available from Gosling et al. (2017).

Address:
Redwood House Phone/Fax: +44 (0)117 325 1468
65 Bristol Road, Keynsham Email: sales@gepsoft.com

Bristol BS31 2WB
United Kingdom

Conflict of interest

None


http://www.gepsoft.com/
https://www.gene-expression-programming.com/author.asp
http://grdc.bafg.de/
mailto:sales@gepsoft.com

1. Introduction

Global Hydrological Models (GHMs) is a category of hydrological model that has been
developed to facilitate simulations of runoff and river discharge at continental and global
scales. They are designed to support assessments of the impact of climate variability and
water management on freshwater resources across the global domain (Bierkens, 2015). GHMs
can be instantiated as stand-alone hydrological models (Gosling and Arnell, 2011; Hanasaki et
al., 2008b), but are also integral components of land surface models, LSMs (Guimberteau et
al., 2018; Koirala et al., 2014) and dynamic global vegetation models, DGVMs (Jagermeyr et
al., 2015; Thiery et al., 2017).

A GHM is a pragmatic trade-off between a faithful representation of the diversity of
hydrological contexts and processes found across the world’s catchments, and a generalised
and simplified representation of hydrological processes that can support multi-decadal,
generalised hydrological simulations at global scales. Compared to hydrological models
designed for catchment-scale simulations (Arnold et al., 1993; Krysanova et al., 1998;
Lindstrom et al., 2010), GHMs employ a coarser spatial discretisation (most commonly a 0.5 x
0.5 degree grid) and model the global land surface in a single instantiation. This means that
they must use large numbers of spatially generalised parameters and employ a variety of
simplifications to their representations of fundamental hydrological processes (Gosling and
Arnell, 2011; Miller Schmied et al., 2014). For example, GHMs use conceptually-based soil
moisture schemes that include probability distributed models (Moore, 2007) as well as ‘leaky
bucket’ (Huang et al., 1996) methods (Hanasaki et al., 2008a, b) rather than the physically-
based equations that underpin many catchment-scale models (Arnold et al., 1993; Graham
and Butts, 2005). Similarly, GHMs may use a variety of simplified methods to estimate
evapotranspiration (Wartenburger et al., 2018). Simplification is also evident in the snowmelt
schemes used by GHMs, which can include degree-day methods (Gosling and Arnell, 2011) as

well as more advanced energy balance approaches (Van Beek et al., 2008).

The global scope of GHMs, limited availability and quality of observed discharge data across
the global domain and their use of spatially generalised parameters make them more difficult
to calibrate than catchment hydrological models. Whilst examples of calibrated GHMs do exist
(Muller Schmied et al., 2016), the majority of GHMs are uncalibrated (Gosling et al., 2016;

Hattermann et al., 2017). This lack of calibration, coupled with the diversity of simplifications



employed in the hydrological process representations, means that there can be large
inconsistency in the skill, bias and uncertainty of an individual GHM at different locations, as
well as large inconsistencies between different GHMs at any given location (van Huijgevoort
etal., 2013; Zaherpour et al., 2018). This spatial inconsistency means that GHMs risk becoming
a “jungle of models” (Kundzewicz, 1986) in which it can be difficult to determine where a
particular GHM output is likely to be capable of delivering optimal hydrological simulations. It
also makes it dangerous to assume that any individual GHM will be an adequate basis for
making projections at any given location, even if the model’s ability to replicate observed data
in particular catchments is enhanced through the acquisition of higher quality input data or
efforts to improve process representations (Liu et al., 2007). To an extent, these arguments
are also applicable to catchment hydrological models because whilst they have been shown
to generally perform better than GHMs in model evaluation studies, ensembles of such
models still result in an uncertainty range when the models are run with identical inputs

(Hattermann et al., 2017; Hattermann et al., 2018).

The question of how to address the challenges of spatial inconsistency in hydrological models
has been a feature of catchment-scale model research for several decades. In answering it,
catchment modellers have recognised that reliance on a single, inconsistent model is
inherently risky and should be avoided (Marshall et al., 2006; Shamseldin et al., 1997). Instead,
they have developed ways to take advantage of the diversity of outputs (Clemen, 1989)
generated by different models by using optimised mathematical combination methods to
deliver a combined output that performs better than the individual models from which it was
created (Hagedorn et al., 2005). This general approach—known as multi-model combination
(MMC)—has been an important focus of catchment hydrological modelling studies over the
last two decades (Abrahart and See, 2002; Ajami et al., 2006; Arsenault et al., 2015; Azmi et
al., 2010; de Menezes et al., 2000; Fernando et al., 2012; Jeong and Kim, 2009; Marshall et al.,
2007; Marshall et al., 2006; Moges et al., 2016; Nasseri et al., 2014; Sanderson and Knutti,
2012; Shamseldin et al., 1997). Given its demonstrable potential in catchment studies, it is

perhaps surprising that the potential of applying MMC to GHMs has yet to be explored.

A wide range of techniques can be used to generate an MMC solution. The simplest example

is the calculation of the arithmetic mean of the input models (commonly referred to as an

Ensemble Mean (EM)). More sophisticated techniques employ weighted schemes (Arsenault

et al., 2015), with the differential weightings applied to each input model reflecting their
4



relative strengths or weaknesses. The mathematical approach taken to determining the
weights depends on the objective of the MMC. Where the primary objective is to minimise
the difference between the MMC solution and observed data (i.e. maximise the predictive
performance), without explicitly accounting for model or parameter uncertainty, the use of
multiple linear regression (Doblas-Reyes et al., 2005) or machine learning algorithms to ‘learn’
the optimal set weights to apply to each MMC input model is a popular approach (Marshall et
al., 2007). The use of algorithms such as artificial neural networks (ANNs) (Shamseldin et al.,
1997; Xiong et al., 2001) or gene expression programming (GEP) (Barbulescu and Bautu, 2010;
Barbulescu and Bautu, 2009; Fernando et al., 2012) to define non-linear weighting schemes
have proven to be particularly effective. This is down to their ability to generate optimised,
non-linear schemes rapidly, without the need for any prior knowledge of the model

parameters.

Where there is a desire to account for and minimise model and parameter uncertainty in the
weighting scheme, Bayesian averaging methods are required (Ajami et al., 2007; Hoeting et
al., 1999). These optimise the weights according to the posterior performance of the MMC
solution under the prior probabilities of model parameter values (Duan et al., 2007; Vrugt and
Robinson, 2007; Ye et al.,, 2004). However, these methods require knowledge of the
probability density functions (PDFs) for each of the MMC’s input model parameters (or at least
their maximum likelihood estimates (Ye et al., 2004)). This makes their use in the MMC of
GHMs problematic because the number of parameters used in GHMs is particularly high, the
parameters vary considerably between models, and the PDFs of the parameters in a GHM can
be extremely difficult to specify over a global domain. Consequently, the PDFs for GHM

parameters are seldom specified and, in many cases, remain unknown.

In this study we explore the potential of MMC for addressing the challenge of spatial
inconsistency in simulations by GHMs, by combining outputs from a diverse set of five GHMs
using GEP (Ferreira, 2001; Ferreira, 2006). 40 optimised MMC solutions of monthly mean
runoff are generated for the period 1971 — 2010, one for each of 40 large catchments that are
distributed throughout the world’s eight hydrobelts (Meybeck et al., 2013) (Figure 1). In each
catchment, the MMC’s ability to replicate the observed monthly runoff is compared against
that of the EM and each of the five GHMs from which the MMC is derived, as well as, the best-

performing individual GHM from the ensemble.



The objectives of the paper are, therefore, twofold: 1) to assess the levels of performance gain
that GEP-based MMC solutions can deliver to GHMs in different hydro-climatic settings and;
2) to critique the extent to which interpretation of GEP expressions can provide useful insights
about the relative strengths and weaknesses of the different input models. Our experiments
provide a clear demonstration that optimised MMCs of GHMs can deliver substantial
performance gains in all hydrobelts when compared to the EM or individual GHMs. However,
they also highlight the challenges associated with delivering GEP-based MMCs that can be

usefully and meaningfully interpreted.
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Figure 1. Locations of the 40 catchments (details in Table 1 and Table S1 in Supplementary
Information) across the hydrobelt system defined in Meybeck et al. (2013). The hydrobelts are
BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical,
EQT = equatorial, SML=southern mid-latitude, SDR=southern dry and SST=southern subtropical.

2. MMC model inputs and study catchments

2.1. The GHMs

The study capitalises on the recent release of historical GHM simulations through the second
phase of the Inter Sectoral Impacts Model Intercomparison Project (ISIMIP2a)
(http://www.isimip.org; (Gosling et al., 2017)). ISIMIP2a provides a consistent modelling
framework that ensures any inconsistencies between model outputs are a result of

differences in the GHMSs’ structures or parameters. However, the GHMs providing ISIMIP2a


http://www.isimip.org/

simulation products are not generally calibrated and are not accompanied by detailed
information about the aleatory or epistemic uncertainties associated with each simulation, or
the PDFs of model parameters from which it was generated. Consequently, this study is
focused on the use of MMC to maximise predictive performance gain and not to minimise

model or parameter uncertainty.

ISIMIP2a modelling  groups  used a standard protocol (available  at:

https://www.isimip.org/protocol/#isimip2a) to maximise consistency in the temporal and

spatial resolutions of their simulations, the input climate forcings to the models, and the
process representations (e.g. the simulation of human impacts such as dams, reservoirs and
water abstractions (Masaki et al., 2017; Veldkamp et al., 2018)). The MMC solutions in the
present study combine the simulation outputs from an ensemble of five input models: DBH,
HO8, LPJmL, PCR-GLOBWB (hereafter called PCRGLOBWB in the main text in order to avoid
confusion by ‘-“in MMC expressions) and WaterGAP2 (Table S2).

All five input models to the MMC use the 2015 ISI-MIP2a data release and provide discharge
simulations for the period 1971 — 2010 with input climate data provided by the Global Soil
Wetness Project 3, GSWP3 (Kim, 2017). In all cases, the simulations are available at a daily
time resolution and for a global land surface domain at 0.5° x 0.5° grid resolution. Conversion
of gridded discharge data to catchment-mean monthly runoff was achieved by applying an
area correction factor to the catchment area following the method detailed in Haddeland et
al. (2011). It is important to note that, of the five models, only WaterGAP2 was calibrated
against long-term mean annual runoff for a selection of catchments (Miiller Schmied et al.,
2016). The inclusion of calibrated WaterGAP2 may highlight the benefits (or otherwise) of

calibrating global scale models.

2.2. Study catchments and observed data
For consistency and quality control we only selected catchments for which observed data is

held by the Global Runoff Data Centre (GRDC; available from http://grdc.bafg.de). We identified

study catchments based upon four selection criteria:

1- Catchments had to be larger than 100,000 km? to conform with the World

Meteorological Organisation’s definition of ‘major’ catchments (WMO, 2006). This
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ensured that the catchments were of sufficient size to accommodate the output

resolution of the models (0.5° x 0.5°).

2- The selected catchments had to cover all eight hydrobelts defined by Meybeck et al.
(2013) (see Table S3).

3- Observed monthly discharge for the catchment had to be available for 25 years or
longer, within 1971-2010 (the period over which the models were run) and without
missing data. Other studies have allowed missing data (Beck et al., 2015; Beck et al.,
2016; Milly et al., 2005), enabling them to include more catchments. We, however,
preferred higher data quality, at the expense of number of catchments, because the

use of longer, complete time-series facilitates more robust analyses.

4- Multiple gauges in individual catchments were excluded so that observed data from
only one gauge, located at the most downstream location was used for each

catchment.

The criteria resulted in the selection of 40 catchments. For each catchment, mean monthly
river discharge was obtained for the most downstream gauge (Table 1), with mean monthly
runoff subsequently derived by dividing the mean monthly discharge values by the area
upstream of the gauge. Even though the selected catchments provided a good geographic
coverage, the availability and quality of observed data resulted in a bias towards catchments
in boreal and northern mid-latitude hydrobelts (Table 1). The least number of catchments in
each hydrobelt is one (Niger basin in northern subtropical region), although this catchment
does cover 20% of its hydrobelt. Two catchments were identified in NDR, SST, SDR, and SML
hydrobelts. The low(er) number of catchments, or more precisely the area represented,
particularly for NDR, SST, SDR, and SML hydrobelts, limits the extent to which our analyses

and conclusions can be generalised across entire hydrobelts and the global domain.



Table 1. The 40 study catchments and their gauging sites.

GRDC River Gauging Station Total data Catchment Hydro-

Reference length (years) Area (km?) belt

1 2903430 LENA STOLB 32 2,460,000 BOR
2 2906900 AMUR KOMSOMOLSK 26 1,730,000 BOR
3 2909150 YENISEI IGARKA 32 2,440,000 BOR
4 2912600 OB SALEKHARD 39 2,949,998 BOR
5 2998510 KOLYMA KOLYMSKAYA 28 526,000 BOR

7.5KM DOWNSTREAM OF
6 2999910 OLENEK MOUTH OF RIVER PUR 39 198,000 BOR
7 4208150 MACKENZIE RIVER NORMAN WELLS 30 1,570,000 BOR
8 4213550 SASKATCHEWAN THE PAS 40 347,000 BOR
9 4213650 ASSINIBOINE HEADINGLEY 40 153,000 BOR
10 4213680 RED RIVER EMERSON 40 104,000 BOR
11 4213800 WINNIPEG RIVER SLAVE FALLS 38 126,000 BOR
12 4214260 CHURCHILL RIVER ABOVE GRANVILLE FALLS 36 228,000 BOR
13 4214520 ALBANY RIVER NEAR HAT ISLAND 31 118,000 BOR
14 6970250 NORTHERN DVINA UST-PINEGA 31 348,000 BOR
15 2180800 YELLOW HUAYUANKOU 40 730,036 NML
16 4115200 COLUMBIA THE DALLES, OREG. 40 613,830 NML
17 4127800 MISSISSIPPI VICKSBURG, MISS. 37 2,964,252 NML
CORNWALL(ONTARIO),
18 4143550 ST.LAWRENCE NEAR MASSENA, N.Y. 40 773,892 NML
19 4207900 FRASER RIVER HOPE 40 217,000 NML
20 6340110 LABE NEU-DARCHAU 40 131,950 NML
21 6435060 RHINE RIVER LOBITH 40 160,800 NML
22 6442600 DANUBE MOHACS 29 209,064 NML
23 6972430 NEVA NOVOSARATOVKA 40 281,000 NML
24 6977100 VOLGA VOLGOGRAD POWER 39 1,360,000 NML
PLANT
25 6978250 DON RAZDORSKAYA 38 378,000 NML
26%* 7222222 YANGTZE CUNTAN 31 804,859 NML
27 4152450 COLORADO LEES FERRY, ARIZ. 40 289,562 NDR
28 4356100 SANTIAGO EL CAPOMAL 31 128,943 NDR
29 1834101 NIGER LOKOJA 25 2,074,171 NST
30 1147010 ZAIRE KINSHASA 40 3,475,000 EQT
31 3629000 AMAZONAS OBIDOS 27 4,640,300 EQT
32 3630050 XINGU ALTAMIRA 35 446,570 EQT
33 3650481 RIO PARNAIBA LUZILANDIA 26 322,823 SST
34 3651805 SAO FRANCISCO MANGA 37 200,789 SST
PORTO MURTINHO

35 3667060 PARAGUAI (FB/DNOS) 37 474,500 SST
36 5101200 BURDEKIN CLARE 40 129,660 SST
37 1159100 ORANIJE VIOOLSDRIF 38 850,530 SDR
38 5410100 COOPER CREEK CALLAMURRA 33 230,000 SDR
39 5101301 FITZROY THE GAP 40 135,860 SML
40 5204250 DARLING RIVER LOUTH 26 489,300 SML

*not included in GRDC database, obtained from local authorities.

3. Developing MMC solutions via Gene Expression Programming

3.1. GEP

GEP, which is detailed fully in Ferreira (2001, 2006), is an automated, machine learning

algorithm that searches for optimal symbolic regression expressions to relate one or more
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series of input data to an independent, observed series. Unlike standard linear regression,
where the expression structure is limited to the input and output variables, numerical
constants (the regression coefficients) and addition and multiplication operators; GEP
expressions can incorporate the full range of arithmetic operators, as well as, mathematical
functions (which are selected by the modeller). This makes it possible for GEP to relate input
and observed data series via non-linear expressions. GEP expressions are modular; they are
comprised of component trees (hereafter simply termed components) which are themselves
made up of bases - the individual inputs, functions, constants and operators that comprise the
component. Components are aggregated together using mathematical operators (usually
addition) to form more complex expressions that can be readily translated into standard

algebraic equations (Figure 2).

Component 1 Component 2

(o)

MMC= ()
ONOERONO

() ()

Figure 2. A GEP-based MMC solution (MMC) expressed as two components. The first component is
made up of six bases and the second is made up of three. The MMC solution combines the four input
models (M1 to Ms) into an expression that includes a constant (0.5), operators (+ and *) and a non-
linear function (SQRT). The equivalent algebraic expression for the solution is:

MMC = \I(M1+M2)XM3+05XM4

The GEP algorithm is an example of an iterative evolutionary algorithm that evolves a set of
expressions to relate the input data series to the observed series (Figure 3). The algorithm
begins by creating a random set of expressions which are then evolved in subsequent
iterations. The set of expressions that GEP develops in each iteration are analogous to the
genetic codes of biological ‘organisms’. Each organism’s likelihood of survival to the next
iteration of the algorithm is dependent upon the extent to which its genetic code (i.e. the GEP
expression) optimises the fit between the input data series and the observed data according
to a pre-determined metric (a process known as ‘training’). In this study we use the ideal point
error metric (Dawson et al., 2012) to determine fitness, (see Section 3.4), due to its
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incorporation of multiple error metrics into a single fitness measure. Each expression is then
applied to an independent set of model input and the fit is validated to ensure that the
expression can be generalised beyond the specific data from which it was learnt. If, at the end
of an iteration, the best fitting expression is new, it is added to the candidate solution set
which is output at the end of the GEP run. It is also preserved in the expression set (known as
replication) whilst the remaining expressions are modified through adjustments to the bases
in each component. These modifications can include mutation (where bases are randomly
replaced with an alternative function, operator, input or constant) or transposition (where the
arrangement of bases in the component is changed). In addition, entire components can be
recombined by pairing them and exchanging their locations in the overall expression. The
degree of modification allowed by each in any iteration is controlled by a rate set by the user.
The number of iterations of the algorithm is also determined by a stopping point that is
controlled by the user. This is usually a fixed number of iterations that is a large multiple of
the number of data points in the observed series (i.e. to ensure adequate sampling of input
data during training). Similarly, the user controls the complexity (equation size) of the
expression by setting how many components it should include and the set of operators,
functions and number of constants that can be included in the GEP expressions. The user

settings applied in this study are provided in Table 2 and more detailed in Table S4.

Table 2. User settings for the GEP.

Control Setting used
Number of components 3

Allowable operators +- %/
Allowable functions Sart, Exp, x4, x3, Natural Log, Sine, Cosine
Number of constants 2

allowed per component

Mutation rate 0.044
Transposition rate 0.1
Recombination rate 0.7

Stopping condition 100,000 iterations

Fit measure IPE (see Section 3.4 below)
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Figure 3. The GEP algorithm.

It is important to recognise that GEP expressions can provide MMC solutions that are more
sophisticated than differential weighting schemes. The inclusion of non-linear functions and
the relative lack of constraint on the form of the expression compared to multiple linear
regression, for example, means that individual input models can be adjusted and combined in
complex ways to exploit characteristic differences between model inputs. For example, Figure
4 shows an example of a GEP expression in which the difference between two input models
(M1 and M) is non-linearly weighted before being added back to M; in order to correct a
substantial underestimation of peak discharge magnitude by both of the two input models.
However, the extent to which the adjustments are purely mechanistic or informative about
the advantages and limitations of different hydrological process representations in the models

involved, will depend on the nature and complexity of the MMC solution.
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Figure 4. An example of a non-linear, GEP-based MMC solution in which the difference
between two poorly performing models (M1 and M,) is used to correct the underestimation
of peak discharge. C; in the second MMC component is a constant equal to 1,300,000.

3.2. Data splitting for GEP expression development

GEP’s requirement for independent fit assessments during training and validation (see Section
3.1 above) means that the model input and observed data series from which the expressions
will be evolved must be split into subsets. This is standard practice in machine learning
methods (Phukoetphim et al., 2016; Wu et al., 2012; Wu et al., 2014). The way that the data
are split is important. The GEP expressions that are developed will inevitably reflect the
statistical characteristics of the in-sample, training data subsets. Conversely, their validity will
depend on the statistical characteristics of the out-of-sample validation data subsets. It is,
therefore, important to ensure that training and validation subsets are representative of the

observed data and of each other.

Arbitrary data splitting approaches (e.g. taking the first 50% of a dataset for training and
second for validation) cannot be guaranteed to achieve this. Therefore, a range of splitting
methods have been developed (May et al., 2010; Snee, 1977; Wu et al., 2012) that are based
on variations of cluster-based sampling or data proximity considerations. Tests of the
effectiveness of alternative splitting techniques (Wu et al., 2012) have shown the DUPLEX
method (Snee, 1977) to be particularly well suited to delivering representative data splits for
use in model development by machine learning algorithms. It is, therefore, used throughout
this study as the method for generating the data subsets required by GEP.
13



DUPLEX partitions data based on data proximity by sequential assignment of most distal data
pairs to alternate sets so that consistency in the statistical characteristics of the subsets (e.g.
equal representation of high and low flows) is maintained and bias during model development
is minimised (Wu et al., 2012). We were consistent across all 40 catchments in the size of the
training data subset which comprised 20 years in total for each catchment. The size of the
validation data subset varied from catchment-to-catchment according to the length of the
observed data series that was available (Table 1). However, it was never less than 60 months

(5 years) and extended up to 240 months (20 years) in some catchments (Table S5).

3.3. Selecting a final MMC solution from the GEP candidate solution set

The end point of GEP is a set of “candidate” MMC solutions that contains the best-fitting
expressions developed during iteration (Figure 3). These will vary in terms of their fit to the
training and validation data, as well as, in their complexity. As a general rule, best-fitted
expressions added to the candidate solution set from later iterations will be more complex
than those added from earlier iterations. Similarly, the more complex solutions will tend to
have higher levels of fit. However, more complex MMC solutions are harder to interpret and
high levels of fit may indicate overfitting, which will limit the extent to which it can be
generalised. Therefore, it is necessary to employ a procedure to select a final MMC solution
from the candidate set that ensures it has both a good degree of fit and is parsimonious with

respect to its complexity.

In the absence of a generally accepted method for doing this (Sudheer et al., 2002; Wagener
et al.,, 2001), we devised a simple trade-off between candidate solution size (computed
according to the number of inputs, constants, operators and functions in the expression) and
fitness (Figure 5). Firstly, the fitness and equation size of each candidate solution was
normalised to an error range between 0 and 1 by applying a linear maximum/minimum stretch.
This enabled a normalised fitness/equation size coordinate to be defined for each solution.
The Euclidean distance between this coordinate and the coordinate space origin (0, 0) was
then computed, and the solution with the smallest Euclidean distance was selected as the final

solution from the candidate set.
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Figure 5. Selecting the GEP solution from a normalised fitness-equation space.
Solution 4 is selected because it has the smallest Euclidean distance from the origin.

3.4. Fit metrics

In this study, the fitness of each GEP expression during iteration, as well as, the performance
of the final MMC solutions, is assessed using an integrated metric, called the ideal point error
(IPE) (Dawson et al., 2012). IPE combines multiple error measures into a single metric so that
multiple characteristics of fit are evaluated and summarised into a single value. The use of an
integrated metric is particularly helpful during GEP’s development of MMC solutions because
it prevents the preferential development of expressions that minimise a specific characteristic
of fit (Dawson et al., 2012; Pushpalatha et al., 2012). In order to improve the meaningfulness
of comparisons of MMC performance across multiple catchments of varying sizes and located
in different hydro-climatic zones, our instantiation of IPE also incorporates a consistent and

transferrable benchmark. In this study, we follow Seibert (2001) and Zaherpour et al. (2018)

and use the naive t-1 model.

IPE delivers a single value that expresses the ratio of performance gain / loss of a MMC
solution compared to the benchmark. In other words, it details how much better (or worse)
the MMC solution has performed compared to the naive model. The benchmarked IPE
equation is presented in (1), IPEn, and is adapted from the original formula in Dawson et al.
(2012). The negative reciprocal of the IPE score is used (3), where the performance of an MMC

solution exceeds that of the benchmark. This maintains proportionality in comparisons

15



between IPE scores of MMC solutions that fail to perform as well as the benchmark and those
whose performance exceeds it. In this study, Root Mean Square Error (RMSE), Mean Absolute
Relative Error (MARE) and the Nash-Sutcliffe Coefficient of Efficiency (CE) were selected due
to their different emphases on the overall pattern of fit (CE), low flows (MARE) and high flows
(RMSE). Although IPE supports the use of differential weights to emphasise / de-emphasise

individual metrics in the overall score, we here use equal weightings for all three metrics.

The IPE scores can range between -1 and - (performance improvement over the benchmark
model) and 1 and +oo (performance loss over benchmark model). The IPE score is ratiometric
—for example, an MMC solution that performs twice as well as the benchmark model will have
an IPE score of -2 and a solution that performs twice as badly will have a score of 2. IPE would
be 1 if MMC performs the same as the benchmark, whilst a model infinitely better than the

benchmark would have an IPE of —oo.

IPEn = {[1 /3 * ((RMSE/RMSE})? + (MARE/MARE,)? + ((CE — 1)/(CE}, — 1))2)]%} (1)

[PE = IPEn [FIPEn > 1 (2)
I[PE = —1/IPEn IFIPEn< 1 (3)
Where:

IPEn = benchmarked IPE

RMSE = root mean squared error

MARE = mean absolute relative error

CE = Coefficient of Efficiency

b = benchmark data from the naive (t-1) model

The IPE performance gain (PG) of an MMC solution (A) relative to either an individual GHM
output or the GHM EM (B) can be expressed in percentage terms. The way that this is
computed depends on the respective signs of the IPE scores for the solutions being compared
(4-6). PG values are 0% where there is no difference in the performance gain / loss relative to
the benchmark delivered by A over B. PG values are negative where performance gain is
evident and positive where there is a loss of performance. For example, a PG value of -50%
will indicate a gain in performance over the benchmark that is 50% larger for the MMC than
its counterpart EM or best-performing GHM. Similarly, a PG value of 120% indicates that there

is a 1.2 times reduction in performance of the MMC solution relative to its counterpart.
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Where both A and B are either positive, or both negative:

MMCp; = 0 — (IPE, — IPEg) X 100 (4)
Where A is negative and B is positive:

MMCpg = 0 — ((IPE; — 1) — (IPEg + 1)) x 100 (5)
Where A is positive and B is negative:

MMCpg = 0 — ((IPE; + 1) — (IPEg — 1)) x 100 (6)

4. GHM, EM and MMC Performance

In the following section, we summarise the performance of individual GHMs and the EM, and
present the performance gain/loss delivered by the MMC solutions. We pay particular
attention to differences in performance gain across different hydrobelts to explore the spatial
variability of MMC. All results pertain to validation data unless otherwise stated. Catchment-
by-catchment results are detailed in the Supplementary Information. This includes
performance metrics for all models for both training and validation data subsets (Table S8). In
addition, observed versus simulated plots for mean annual runoff, the exceedance probability
curves for each GHM, the EM and the MMC solution, and plots for each GEP expression

component, are all provided in the Supplementary Information, Section S2.

4.1. GHM performance

To assess the performance of the different GHMs, the fit of the monthly simulated and
observed runoff time series was computed against the validation data for each model as well
as the EM and the MMC solution in each of the 40 catchments. The IPE metrics for each
catchment are reported in Table 3 and the spatial distribution of the best individual GHM and
the best overall model is mapped in Figure 6. This reveals that WaterGAP2 is the GHM most
able to improve upon the naive model benchmark. It outperforms the other GHMs in 32
catchments, and also performs better than the EM for the majority of catchments (34). This
finding is perhaps unsurprising given that this is the only calibrated model in the ensemble.
However, it is noteworthy that the dominant performance of WaterGAP2 is considerably less
evident in the boreal hydrobelt compared to the other hydrobelts. Here both PCRGLOBWB

and DBH are the best performing individual models in 5 of the 14 catchments. Across the
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remaining hydrobelts, calibrated WaterGAP2 is out-performed by its uncalibrated
counterparts in only 3 out of 26 catchments and these are spread across south sub-tropical,

north dry belt and north mid-latitude without any apparent spatial pattern.

In several catchments (Assiniboine, Churchill, Yellow, St Lawrence, Neva, Don, Colorado, Rio
Parnaiba, Paraguai, Oranje, Cooper Creek, Fitzroy and Darling) the IPE scores of one or more
GHMs exceeds 10, indicating a failure to deliver a performance anywhere close to that of the
naive model benchmark. In the ephemeral catchments of Cooper Creek and Fitzroy the IPE
scores for all GHMs are extremely high. This reflects the metric’s sensitivity to proportionally
large errors in runoff estimation which are particularly likely when runoff depths are close to
zero. This is because a high ratio between the MARE of the individual GHMs and those of the
naive model benchmark translates directly into high overall IPE scores. Consequently, it is
important to recognise that the exceptionally large IPE scores for the ephemeral Cooper Creek
and the Fitzroy River are a result of periods of zero runoff having a disproportionate influence

on their IPE scores.

4.2. EM Performance

Table 3 reveals that the ability of the EM to improve upon the naive model benchmark exceeds
that of any individual GHM in only 4 catchments. The failure of the EM to deliver significant
performance gains in the majority of the study catchments implies that the specific
sequencing of beneficial cancelling of relative over- and under-estimation of runoff (e.g.
Figure 4) by individual GHMs necessary to facilitate the gains is not present in the ensemble
of GHM outputs. Indeed, the tendency of the four uncalibrated GHMs to over-estimate runoff,
both for mean runoff and hydrological extremes, is evident in observed versus simulated plots

of mean annual, and Q5 (high flow) and Q95 (low flow) runoff (Figure 7).
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Table 3. IPE scores for individual GHMs, EM and MMC for the validation period in each catchment.
Models that outperformed the naive model benchmark are shaded in grey. The best performing
model in each catchment is indicated in bold.

—
> = o = (0] o (3}
3 g S o

2 - 2 5

3 -7

1 LENA BOR 1.58 2.04 1.42 1.51 -1.22 1.15 -2.00
2 AMUR BOR 3.06 1.91 1.33 1.34 1.17 1.07 -1.49
3 YENISEI BOR 1.18 -1.54 1.25 -1.54 -1.72 -1.69 -2.33
4 OB BOR 8.42 4.75 13.92 2.61 2.50 3.53 -1.32
5 KOLYMA BOR -1.23 1.10 1.18 1.27 2.30 -1.19 -2.38
6 OLENEK BOR -1.47 6.32 12.45 17.70 3.94 8.12 -1.15
7 MACKENZIE RIVER BOR 4.50 1.85 3.37 -1.30 1.07 -1.39 -1.33
8 SASKATCHEWAN BOR 61.42 5.75 27.03 8.16 1.43 8.97 1.03
9 ASSINIBOINE BOR 384.84 44.46 512.25 28.94 1.57 85.79 1.06
10 REDRIVER BOR 6.56 1.62 4.83 2.12 1.52 2.77 -1.25
11  WINNIPEG RIVER BOR 24.16 4.85 5.05 1.55 1.67 2.29 1.63
12 CHURCHILL RIVER BOR 297.53 50.12 32.22 25.65 3.60 17.08 3.10
13  ALBANY RIVER BOR 2.82 -1.03 2.76 -1.33 1.73 -1.22 -1.67
14 NORTHERN DVINA BOR 1.48 -1.04 2.14 -1.15 -1.52 -1.54 -2.27
15 YELLOW NML 23.41 5.50 7.42 44.87 1.49 9.75 1.16
16 COLUMBIA NML 4.25 2.12 3.11 1.75 -1.11 -1.28 -1.20
17  MISSISSIPPI NML 4.98 -1.56 1.07 1.70 -1.89 1.16 -2.04
18 ST.LAWRENCE NML 375.18 75.36 56.89 13.97 7.09 31.61 247
19 FRASERRIVER NML 1.18 2.53 4.06 1.15 1.16 1.30 -1.61
20 LABE NML 6.70 4.11 2.98 7.67 -1.47 3.10 -1.45
21  RHINE RIVER NML 2.63 3.29 1.50 1.39 -1.96 1.15 -2.50
22 DANUBE NML 4.02 2.72 1.25 2.07 -1.89 -1.08 -2.22
23 NEVA NML 83.42 25.58 12.19 8.94 2.42 4.74 1.09
24 VOLGA NML 6.80 2.79 1.89 -1.35 -1.75 1.52 -2.00
25 DON NML 83.47 39.91 58.79 100.12 1.54 37.14 1.23
26 YANGTZE NML -2.44 -1.10 -1.05 2.81 -3.03 -1.15 -4.17
27 COLORADO NDR 52.90 2.50 12.10 8.50 4.59 6.44 2.22
28 SANTIAGO NDR 15.13 8.26 3.84 14.97 1.35 7.33 1.16 |
29 NIGER NST 9.67 10.65 10.04 3.61 -1.37 4.86 -1.79
30 ZAIRE EQT 8.28 5.92 3.89 2.47 1.78 2.40 1.42
31 AMAZONAS EQT 2.05 1.46 2.60 3.44 -1.09 1.27 -1.85 ‘
32 XINGU EQT 5.89 4.65 4.89 1.12 1.16 2.65 1.04
33 RIO PARNAIBA SST 48.77 70.84 63.41 8.39 1.46 25.41 -2.27
34 SAO FRANCISCO SST 4.81 3.48 1.89 2.25 -1.64 1.94 -1.92
35 PARAGUAI SST 136.88 153.69 108.09 98.44 8.00 78.53 8.51
36 BURDEKIN SST 6.87 1.44 3.13 2.03 1.65 2.92 -1.35
37 ORANIJE SDR 83.15 7.09 81.10 46.42 2.26 31.15 2.04
38 COOPER CREEK SDR 6993.0 149.00 2578.0 625.00 107.00 2089.0 20.05
39 FITZROY SML 641.17 52.61 447.46 270.32 38.47 290.00 30.64
40 DARLING RIVER SML 200.58 6.95 92.30 35.20 -1.54 41.93 -1.64
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Figure 6. The best performing individual GHM (A); four catchments (2, 7, 14 and 16) where the EM
outperforms the individual models have borders in bold black lines (in these cases the catchment is
still shaded according to the best performing individual GHM). The best performing overall
model/MMC (B); the two catchments where the EM is the best are shaded in yellow. Numbers in
parentheses denote number of catchments where each model performs best.
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Figure 7. Plots of observed versus simulated runoff for each GHM, the EM and the MMC for mean
annual runoff, Q5 and Q95.
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The positive biases amongst the GHMs from which the EM is calculated also precludes a better
performance by the EM relative to the best performing GHM for each catchment. Even in the
four catchments where the EM outperforms the best GHM (Amur, Mackenzie, Northern Dvina
and Columbia), the differences in IPE between the EM (IPEgm) and the best performing GHM
(IPEgnm) are marginal (see Table 3): Amur 1.07 (IPEem) and 1.17 (IPEwatercar2); Mackenzie -1.39
(IPEem) and -1.30 (IPEpcraLosws); Northern Dvina -1.54 (IPEgm) and -1.52 (IPEwatercar2); Columbia
-1.28 (IPEem) and -1.11 (IPEwatercar2). This highlights the importance of recognising that the
potential performance gains that can be realised through the use of the EM is limited to the
specific configuration of relative directional biases within the outputs from the individual
models from which it is computed. Indeed, we would argue that the EM, where computed,

should always be contextualised with respect to such biases.

4.3. MMC Performance

IPE scores for the validation data subset for individual GHMs, the EM and the MMC solution
are presented for each catchment in Table 3. The MMC solutions, and their GEP expressions
for each catchment are detailed in Table 4 along with the performance gain of the MMC

solutions (MMCpg).

The tables demonstrate the substantial improvements in IPE that are achieved by MMC
relative to individual GHMs and the EM. Indeed, MMC solutions attain the best IPE scores in
34 of the 40 catchments. Observed versus simulated plots (Figure 7) highlight the consistency
of the better MMC performance across mean and extreme hydrological indicators. Significant
outliers amongst the MMC data are few and the magnitude is generally small. There is also
little evidence of systematic over or underestimation bias in the mean annual runoff and Q95
data, although the tendency of the MMC data to plot just beneath the 1:1 line in the Q5 plot
does indicate that the MMC solutions produce a general underestimation of the largest

hydrological events across the study catchments. i.e. flood hazard events.

MMC performance gain (MMCpg) scores reveal the MMC solutions deliver performance gains
of > 50% in half (20) of the catchments and a median performance gain of 46% across all 40
catchments. If the outliers of Cooper Creek, Darling and Fitzroy River are omitted, the median

MMCpg is 40% and performance gains of > 50% are recorded in 17 of 37 catchments.
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MMC performance gains are, however, not ubiquitous. In four catchments (Olenek, Winnipeg,
Labe and Paraguai) the performance gain for the best performing GHM is 15% greater than
for the MMC on average. Similarly, in 2 catchments (Mackenzie and Columbia) the EM delivers
performance gains over the MMC equal to 5% and 7% respectively. These results highlight the
fact that GEP-based MMC performance gain is dependent on the availability of a range of
model inputs with relative inconsistencies that can be exploited by the optimisation algorithm.
It also indicates that the success (or otherwise) of GEP-based MMC is dependent on the
selection of appropriate constraints on expression size and structure, as well as the range of
functions that are allowed. It is also noteworthy that there is a discrepancy in the magnitude
of the MMC performance gains for the northern and southern hemisphere catchments. The
median and mean MMCpg relative to the best performing GHM for the southern hemisphere
catchments (Fitzroy and Cooper Creek omitted) are -29% and -217% respectively. This is

considerably smaller than their northern hemisphere equivalents; -41% and -119%.

When summarised by hydrobelt (Table 5), it is evident from the median MMCps score that
MMC solutions generally deliver substantial improvements over their EM and GHM
counterparts in all hydrobelts. The MMC performance gain is largest against the EM than the
best-performing GHM in all hydrobelts. It is always several orders of magnitude greater and
reflects the limiting impact that positive biases in GHM outputs have on the performance of
the EM. When compared against the best-performing GHM, the median MMC performance
gain is lowest in the northern dry hydrobelt (-24%) and highest in southern sub-tropical (-
254%) and the boreal (-51%) hydrobelts. Northern mid-latitude catchments see performance
gains of -32%. However, it is important to acknowledge that whilst IPE facilitates comparison
of MMCs across hydrobelts, the robustness of the comparison is limited by the lower
proportion of the total hydrobelt area represented by catchments in NDR, SST, SDR and SML
hydrobelts. Addressing this will require data from a greater number of study catchments to
be made available, with the temporally-extensive runoff records needed to support robust
application of the machine learning algorithms that underpin MMC development. This
highlights the importance of improving data collection systems in these hydrobelts in

particular.

When the hydrobelt performance is examined with respect to the performance rankings of
the catchments that comprise them, it is evident that MMC solutions achieve a
disproportionately high performance gain in boreal catchments compared to other hydrobelts.
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Here, 65% of the catchments are positioned in the top 50% of the MMC performance gain
rankings (Table 4). This suggests there may be particular opportunities for achieving
performance gain through MMC in boreal catchments. In northern mid latitude (NML)
catchments no discernible trends in the performance rankings are evident — catchments are
split approximately evenly between the top and bottom halves of the rankings. Catchments
in both of the northern dry (NDR) hydrobelt catchments, as well as SDR’s, are noteworthy
because none of the GHMs, the EM nor the MMC solution was able to improve upon the naive
benchmark model (all their IPE scores are positive) in either of the catchments (see Table 3).
This indicates that the process representations employed in our suite of GHMs may be
deficient for modelling runoff in this hydrobelt, although as a caveat we note that there are

only two NDR catchments in the data set.
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Table 4. MMC solution and equations ranked by MMC performance gain (MMCpg) in the validation data set. MMCpg is measured against either the

best performing GHM or the EM, whichever of the two performs better.

Best
MMC performing

No River Hydro- IPE model (GHM MMCpg Rank MMC solution separated into |.ts GEP-ex.presswn components. MMC = C1 + C2 +.C3. E.qn.
belt (%) Components are ordered according to their explanatory power as assessed by their IPE. size!
score or EM) and
IPE score
WaterGAP2 €1:0
38 COOPER CREE SDR 20.05 IPEa-e£O7 00 -8674 1 C2: +(-0.143) * HO8 * (WaterGAP2 +1) * cos(cos(WaterGAP2)) 18

C3: +0.436*%H08*sqrt WaterGAP2
C1:0.174*H08”2/DBH

40  DARLING RIVER SML  -1.64 \ﬁtiﬁﬁpf -1350 2 C2:+(-0.06/DBH) 11
C3: + HO8/DBH
C1: sin(H08/-4.91)

39 FITZROY SML  30.64 Y\F/):t:‘;?:? 784 3 T2+ WaterGAP2 20
C3: + sin((LPJmL - sqrt DBH-8.45)*(WaterGAP2+H08)/( DBH *PCRGLOBWB))
C1: 2*DBH/(log(sin H08)+6247.9)

4 0Ob BOR  -1.32 v:/;Ete;(;g;z 581 4 T2+ sqrthos 15
C3: + WaterGAP2/HO8A2
C1:3.695

33 RIOPARNAIBA SST 227 V:’;Etir(lsﬁ:z 574 > T2 +0.625%((cos(0.227/H08))"6* (log(WaterGAP2))"a) 20
C3:+ 1.472 / (log(1/PCRGLOBWB) — 1.08396)

HO8 C1:0

36 BURDEKIN ST 13 IPE = 1.44 -479 ®  TZi+sqrthos 10

C3: + HO8 * sin(log(log(PCRGLOBWB/2)))
WaterGAP2 C1: HO8*WaterGAP2/10.045

10 REDRIVER BOR ~ -1.25 IPE = 1.52 478 7 TC2:+ sin PCRGLOBWBA3/(DBHA3*HO8+HO3-LPImL.5.44) 23
C3: + sin(cos(WaterGAP2))"3
C1:0.33*DBH*sqrt(log(PCRGLOBWB))

19 FRASERRIVER NML- 161 PIC;{EG:?_B;’;/B -477 8 T2+ cos((H08+1.63)/LPImL)+8.12 17
C3: + cos HO8

WaterGAP2 C1:23.04

18 ST. LAWRENCE NML 2.47 IPE=7.09 -462 9 C2: + 0.67*sqrt WaterGAP2 * cos(sqrt WaterGAP2+ 1.42/H08) 19
C3: + 1.1*sqrt(DBH/PCRGLOBWB)

Y AVUR SOR 14 EM C1: 2.534*(DBH-HO8-LPJmL-LPJmL/HO08)/PCRGLOBWB

: IPE = 1.07 356 10 C2: + WaterGAP2-4.33 18

C3: +sin DBH
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WaterGAP2 C1: PCRGLOBWB
23 NEVA NML 1.09 IPE =2.42 133 1 C2: + log(DBHA3) 13
C3: + WaterGAP2/PCRGLOBWSB + 0.5*log(log(WaterGAP2))
DBH - C1: DBH
> KOLYMA BOR 238 IPE=-1.23 -114 12 C2: +sqrt LPJmL 14
C3: + DBH*(-2.74*DBH+LPJmL-3.133)/WaterGAP2
WaterGAP2 C1: WaterGAP2
26 YANGTZE NML -4.17 IPE = -3.03 -108 13 2 + sqre LPImL 13
C3: + cos(PCRGLOBWB +0.039*H08*PCRGLOBWB/DBH)
WaterGAP2 C1: WaterGAP2-sqrt DBH
! LENA BOR -2.00 IPE=-1.22 78 14 C2: + LPJmL/(2*LPJmL/WaterGAP2/2+5.575) 15
C3:+(-0.626)
WaterGAP2 C1: WaterGAP2
31 AMAZONAS eQr -1.85 IPE=-1.09 73 15 C2: + (HO8-DBH+LPJmL+0.77)* (WaterGAP2-LPJmL- 0.77)/(PCRGLOBWB+24.9) 19
C3: +(-2.98)
14 NORTHERN BOR 2.27 EM 16 C1: WaterGAP2
DVINA IPE= -1.54 -70 C2: + PCRGLOBWB 3
C3: +(-9.29)
3 YENISEI BOR 2.32 WaterGAP2 -8 17 C1: WaterGAP2
IPE = -1.72 C2: + (-0.71%2) 7
C3: + 7.0*sin(sqrt HO8)
C1: WaterGAP2/2
9 ASSINIBOINE BOR 1.06 V:l;lzte:r(lng;Z =1 18 C2: +sin(0.5*log(0.268*H08+cosWaterGAP2/WaterGAP2+0.003)) 17
C3:+0.064
C1: WaterGAP2
21 RHINERIVER NML -2.50 WaterGAP2 -51 19 C2-+5813 5
IPE=-1.96
C3: +(-0.153)*H08
C1: WaterGAP2
12 ;R/L::F;CHILL BOR 3.10 V:I;Ete:r(;/-f\:(’)z -50 20 C2-+ <in PCRGLOBWB 6
C3: + cos(sqrt HO8)
C1:0.062* log(DBH)A4*(cos(4.647/PCRGLOBWB)) 6
29 NIGER NST -1.79 WaterGAP2 -41 21 C2: + cos(sin LPImL/WaterGAP2) 17
IPE=-1.37
C3:+0.556
C1: WaterGAP2
8  SASKATCHEWAN — BOR 103 V:’;Etir(jﬁzz 40 22 C2: + (cos(cos(DBH + log WaterGAP2 + 0.31))-sin(sqrt PCRGLOBWBA3))"3 29

C3:

+ -sin((log LPJmLA3)/8-sin(cos(0.401*LPJmL)+1.723)
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WaterGAP2

C1:

WaterGAP2

30 ZAIRE EQT 1.42 IPE = 1.78 36 23 C2: + cos(sqrt DBH) 7
C3: + cos(sqrt DBH)
WaterGAP2 C1: sqrt(DBH)
15 YELLOW NML 1.16 IPE=1.49 -33 24 C2: + DBH*WaterGAP2A5/4/(DBHA2*WaterGAP2-0.043*PCRGLOBWB) 26
C3: + (sin WaterGAP2)"2*sin(sqrt(PCRGLOBWB+DBH))
PCRGLOBWB C1: PCRGLOBWB
13  ALBANY RIVER BOR -1.66 IPE=-1.33 -33 25 C2: +log(0.106*DBH) 9
C3: + log(0.041*DBH)
C1: WaterGAP2
22 DANUBE NML  -2.22 \?F/)aEtirif\Spgz 32 26 C2: + DBH/HO8- HO8/(PCRGLOBWB-1) 13
C3:+7.93/H08
WaterGAP2 C1: WaterGAP2
25 DON NML 1.23 IPE=1.54 -32 27 C2:+1 5
C3: + (-0.325)*WaterGAP2
WaterGAP2 C1: sqrt(WaterGAP2)
34 SAO FRANCISCO SST -1.92 IPE=-1.64 29 28 C2: + 1.46*(PCRGLOBWB+WaterGAP2-5.75)/log(PCRGLOBWB) 16
C3: + cos(HO8/LPJmL)
HO8 C1: log(DBH)
27 COLORADO NDR 2.22 IPE =2.50 29 29 C2: + log(PCRGLOBWB) 7
C3: + WaterGAP2/PCRGLOBWB
WaterGAP2 C1l: WaterGAP2-0.978
24  VOLGA NML -2.00 IPE=-1.75 -23 30 C2:+3.35/DBH 9
C3: +0.999/LPJmL
WaterGAP2 C1: WaterGAP2
37 ORANIE SDR 2.04 IPE =2.26 22 31 C2:+0.808 3
C3: +(-0.672)
WaterGAP2 C1: sin(LPJmLA2*(0.319-LPJmL/DBH))/DBH
28 SANTIAGO NDR 1.16 IPE =1.35 -19 32 C2: + WaterGAP2
C3: + sin((sin(((sin((LPIJmL))-(((LPIJmL)/(WaterGAP2))*3))A2))-(WaterGAP2))) 24
WaterGAP2 14 C1: WaterGAP2
17 MISSISSIPPI NML -2.04 IPE = -1.89 33 C2:+ (log(WaterGAP2A3)-WaterGAP2)/PCRGLOBWB 13
C3: + (-1.70-DBH)/PCRGLOBWB
WaterGAP2 C1: WaterGAP2
32  XINGU EQT 1.04 IPE=1.16 -9 34 C2: +(-0.494) 8
C3: +(-0.204)*LPJmL/sqrt WaterGAP2
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WaterGAP2 C1: WaterGAP2
20 LABE NML -1.45 IPE=-1.47 2 35 C2:+4.32/DBH 17
C3: +0.962*sin((DBH-HO08)/PCRGLOBWB+ cos(0.15*WaterGAP2))
MACKENZIE EM 5 C1: PCRGLOBWB
7 RIVER BOR -1.33 IPE=-1.39 36 C2:+0.107*DBH 5
C3:+(-0.978)
C1: WaterGAP2
16 COLUMBIA NML -1.20 IPE E'\-/Il.zs 7 37 C2: + sin(cos(LPJmL)”3)A2*sin(PCRGLOBWB*cos(3.78*PCRGLOBWAB)) 78
C3:+ exp(cos(cos(LPJmL)*sin(WaterGAP2)))* sin(0.479+0.166*WaterGAP2)
WINNIPEG PCRGLOBWB 38 C1: WaterGAP2
11 RIVER BOR 1.63 IPE = 1.55 8 C2: + HO8/DBH 8
C3: +(-4.91+log(PCRGLOBWB))
WaterGAP2 C1: WaterGAP2
35 PARAGUAI SST 8.51 IPE = 8.00 19 3 C2: log(9.84/LPJmL) 16
C3:0.99- (LPJmL/(PCRGLOBWB-((LPJmL+WaterGAP2)/945.48)))
DBH C1: -sin(0.004* LPJmLA2*PCRGLOBWB-LPJmL+9.04)
6  OLENEK BOR 115 IPE =-1.47 3 40 C2: + PCRGLOBWB/(-0.31*DBH"2*cosec(PCRGLOBWB) -7.71) 22
C3: + WaterGAP2

1-As defined in Section 3.1, equation size is calculated according to the number of inputs (GHMs), constants, operators and functions in an equation.
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Table 5. Median MMC performance gain (MMCpg) for each hydrobelt,
for the validation data set.
Median MMCepc over

Hydrobelt catcNhor.n:t'lts best-performing M;:::m ?;SPG
GHM (%)
BOR 14 -51 -415
NML 12 -32 -434
NDR 2 -24 -20
NST 1 -41 764
EQT 3 -36 -161
SST 4 -254 -1698
SDR 2 -4348* -104900*
SML 2 -1067* -703068*

* Denotes a median MMCprs score significantly influenced by the individual result for Cooper
Creek, Darling or Fitzroy River.

5. Discussion

5.1. Interpretability of MMC solutions

Our rationale for developing weighted MMC solutions from an ensemble of GHMs was in part
a response to a question frequently asked by modellers, decision-makers, and the public: why
not weight / adjust the models according to their performance? We acknowledge that in other
disciplines (Gillett, 2015; Giorgi and Mearns, 2002; Qi et al., 2017), including climate modelling
(Christensen et al., 2010; Fowler and Ekstrom, 2009) and catchment hydrological modelling
(Abrahart and See, 2002; Ajami et al., 2006; Arsenault et al., 2015; Shamseldin et al., 1997),
weighting strategies have been highly effective in improving the performance of a model
ensemble. However, the question cannot be answered adequately unless the best approach
to determining the weighting strategies is known. In past examples, the strategy has been to
apply simple constants (Arsenault et al., 2015; Christensen et al., 2010; Shamseldin et al.,
1997) which may be optimised using linear constraints (e.g. the multiple linear regression
approach of Doblas-Reyes et al. (2005)). By contrast, in this paper, we have examined what
happens when the constraints are relaxed and more complex optimisation of non-linear
weighting schemes is allowed (Table 4). Superficially, relaxing the constraints imposed on the
weighting scheme is appealing because it increases the likelihood of improving the

performance of the MMC solution. However, it introduces several critical shortcomings.

Firstly, the interpretation of the weights (and therefore MMC equations; Table 4) in physical

terms becomes increasingly difficult as the constraints on the form and complexity of the
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weighting scheme are relaxed. Where there is little or no attempt to constrain it, GEP-based
MMC can become nothing more than a curve fitting exercise whose solution complexity
makes it difficult to quantify the relative power of each model in the overall solution and
precludes meaningful physical interpretation of the expressions that are generated. There is,
therefore, a strong argument for a more pragmatic approach that applies careful constraint
to the allowable complexity of GEP-based MMCs. This can be achieved by limiting the number
of components and/or bases by reducing the set of mathematical operators and non-linear
functions available to the GEP algorithm. In this study, we have used the GEP parameters to
constrain the solution to three components and a relatively small set of seven non-linear
functions (Table 2). Constraint has also been achieved by the selection of the final MMC
solution from the candidate set based on a trade-off between complexity and performance
(Figure 5). Despite this, several of the MMC solutions remain very complex and preclude
meaningful interpretation (see Table 4). However, knowing how much to constrain the GEP
expressions is vital because the benefits of increased interpretability of highly constrained
solutions can be offset by reductions in overall MMC performance. Identifying the ‘sweet spot’
where both performance gain and interpretability is maximised will be an area fruitful for
future research. To this end, Bayesian optimisation methods such as those underpinning
model mixing studies (Marshall et al., 2006; Moges et al., 2016) are of interest because they
indicate how it might be possible to optimise the values of the GEP parameter set (which
constrain the solution) through Bayesian updating procedures. However, to this end the non-
numerical nature of certain GEP parameters (e.g. the allowable operators and functions) are
likely to be highly problematic because they will prevent the quantification of the PDFs
required by Bayesian approaches. Therefore, more realistic approaches could include the

dynamic configuration of the GEP algorithm parameters during training.

Secondly, with greater complexity comes a tendency towards overfitting of the MMC
solutions. Whilst we sought to minimise the risk of selecting over-fitted MMC solutions by
applying an error-complexity trade-off selection method (Figure 5), the high degree of
complexity in some of the weighting schemes presented in Table 4 suggests that the MMCs

may still be over-fitted.

Thirdly, we acknowledge that any attempt to weight models may be viewed by some as futile

so long as the current generation of GHMs (or any model) are far from being empirically

30



adequate for purpose (Stainforth et al., 2007). Other work has shown that the GHMs applied
here are imperfect (Zaherpour et al., 2018) and in this sense it can be argued that applying
weights to any type of model that is known to contain errors is counter-intuitive because the
errors in even well performing models will be weighted inherently in the approach. Where
weights are applied in a simple manner (e.g. each GHM output is multiplied by a single
coefficient), this is certainly the case. However, a key advantage of GEP is that it develops
more complex schemes in which the products of more than one model can be weighted (e.g.
the difference in performance between two or more models at different hydrological
response ranges - see Figure 4). In this respect, GEP offers the significant advantage of being
able to exploit the characteristic differences in the capabilities and/or failings of the models
it combines — allowing MMC solutions to deliver performance gains based on non-linear
adjustments made to the characteristic differences between each model input. Where GEP is
concerned, it can be argued that it is its counter-intuitive ability to exploit model failings in
the MMC solutions that provides a strong argument for using it rather than simple weighting
— especially where the objective is to combine models known to be lacking with respect to

their empirical fitness-for-purpose.

Current model combination approaches in hydrological modelling include simple model
averaging (Arsenault et al., 2015; Cloke and Pappenberger, 2009) and complex weighting
approaches (Ajami et al., 2006; Arsenault et al., 2015; Shamseldin et al., 2007) comprising
machine learning algorithms, as described here. The critique above implies that the
application of complex weights via machine learning algorithms offers little towards helping
to understand individual model performance. For example, it is difficult to understand the
relative weightings of individual models (i.e. which models are weighted more/less than
others, e.g. see the solution for the Columbia river in Table 4), let alone why those weights
have been applied (e.g. are the weights applied due to a model’s ability to simulate high flows
well?) and why some models are excluded altogether. Therefore, whilst we have
demonstrated that generally a complex MMC solution can perform better than the EM, the
interpretability of the MMC is highly limited. This suggests that a more interpretable, but still
intelligent, approach to model combination is needed. An alternative approach would be to
follow the framework described by Krysanova et al. (2018) for global- and catchment models.

They recommend first evaluating model performance for several hydrological variables over
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various time periods, as in a classical model evaluation (Zaherpour et al., 2018), and if
performance is considered to be acceptable then the models can be weighted, otherwise they
are excluded from the ensemble. Although there is value in the approach, no specific
recommendations are provided on how to weight the models, other than weighting based
upon model performance. In addition, identification of a threshold for “good performance” is
not straightforward, and the approach rejects, a priori, poorly performing models. One of the
arguable advantages of GEP is that it can exploit the characteristic error patterns of poorly
performing models by using them as mechanisms to adjust other models through the MMC
development, as we have demonstrated. Merging a more interpretable MMC approach with
that of Krysanova et al. (2018) may be a pragmatic way forwards for future model

combination and weighting studies.

5.2. MMC does not always deliver optimal solutions

It is important to note that machine learning-based MMC methods may not always deliver
solutions that outperform the EM/best individual model despite their inherent optimisation
capabilities. In six of our study catchments, we found that GEP failed, even though mostly
marginally, to optimise its MMC solutions sufficiently to outperform either the EM
(Mackenzie and Columbia catchments) or the best performing GHM (Olenek, Winnipeg, Labe

and Paraguai catchments) (Table 3). Two potential causes are likely.

Firstly, the GEP algorithm’s ability to learn an optimised MMC solution depends on it being
able to learn expressions that capitalise on characteristic differences between the error
structures and magnitudes of the different input models. If all model inputs have the same
characteristic errors, or if their errors are all random, there will be insufficient ‘raw material’
for the GEP algorithm to learn from. Cross-correlation of the model residuals for these six
catchments (Table S6) indicates that this may be a reason for the failure of the MMC solution
in the Olenek and Paraguai catchments. Here high cross-correlation between the residuals of
the majority of model inputs exists — limiting opportunities for the GEP algorithm to use the

characteristic differences between input models in the weighting scheme optimisation.

Secondly, deficiencies in our error-complexity trade-off method to select the final MMC
solution from the candidate set (Figure 5) could be a factor. Whilst the trade-off is necessary

to limit the complexity of the final GEP-based MMC solution, it does mean that the best
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performing MMC solution in the candidate set can be overlooked in favour of a simpler,
lower-performing counterpart. This means that although the GEP algorithm may have
developed a candidate MMC solution that outperforms either the EM or best-performing
GHM, if its complexity is high relative to other solutions, it will not be selected as the final
MMC solution. To check whether this is a factor behind MMC'’s poor performance in the six
catchments, the best performing solutions from GEP’s candidate solution set, irrespective of
their complexity, are compared to the EM and best performing GHM in each catchment (Table
S7). In the Mackenzie and Labe catchments, the best-performing MMC solution from the
candidate set does outperform both the EM and the best-performing GHM. In the Paraguai
catchment it equals it. However, in the Columbia, Olenek and Winnipeg even the best-
performing candidate MMC solution fails to outperform the best individual GHM and the
reasons for MMC failure remain unclear — particularly in the Columbia and Winnipeg

catchments.

5.3. Accounting for and presenting uncertainty in MMC development

Compared to the model mixing approaches being used in catchment-scale modelling
(Marshall et al., 2006; Moges et al., 2016), the MMC approach applied here is inferior because
the lack of knowledge of the PDFs (and maximum likelihoods) of the model parameters
prevents the minimisation of MMC uncertainty. In fact, the lack of knowledge about the PDFs
associated with the highly generalised parameters of the individual GHMs, and the sheer
number of parameters that they use means that it is going to be difficult to get beyond the
performance optimisation approach taken in this study in the short to medium term. However,
compared to other performance optimisation approaches that use machine learning
(especially ANNs (Shamseldin et al., 2007)), GEP has the advantage that it is at least explicit.
It also has the advantage that the user can easily control the form of the MMC solutions
through the allowable expression complexity and allowable non-linear functions. Therefore,
it is a step forward towards improved MMC development and interpretability. Nonetheless,
the big challenge remains the application of more advanced, maximum likelihood model

mixture approaches to GHMs.

In addition, even though our study highlights how MMC outputs generally out-perform

individual GHMs and the EM, we caution against presenting MMC results in isolation. Instead,
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we recommend that MMC results are presented alongside the range of model outputs from
the whole ensemble and the EM (e.g. Figures 6 and 7, and Table 3). Even though MMC
techniques employed in other disciplines have been claimed to result in a “reduction of the
uncertainty range” (Giorgi and Mearns, 2002; Marshall et al., 2006), we argue that the original
uncertainty range should still be presented because it has been computed from a set of
physically-based models specifically designed to simulate relevant environmental processes
and feedbacks. Indeed, we would go further and argue that MMC does not reduce the
inherent uncertainty. It does, however, provide a more robust and informative estimate from
the ensemble that takes into account the performance of its members. To not explicitly
present the uncertainty in the models that contribute to an MMC solution risks masking an

important dimension of the data that underpin it.

6. Conclusions

This study has, for the first time, applied a set of intelligently defined weights to a state-of-
the-art ensemble of global-scale hydrological models. The GEP-based MMC applied, is shown
to employ a diverse array of linear and non-linear adjustments to exploit information in runoff
estimates from the individual GHMs. The result is that in 34 catchments (85%) the MMC
performs better than the best performing GHM and EM with the median performance gain
over a naive benchmark model being 45% across all 40 catchments. The EM performs better

than individual GHMs in only 10% (4) of our catchments.

Despite the good performance of the MMCs across the majority of catchments, it should not
be seen as a “silver bullet” for counteracting biases and fit residuals of individual GHMs. In six
(15%) of the catchments either the EM or an individual GHM performed marginally better
than the MMC solution, with GHMSs’ lack of insufficient ‘raw material’ for the GEP algorithm
to exploit, or deficiency in our error-complexity trade-off method for selecting final MMC

being potentially responsible for this.

More importantly, the GEP approach applied here includes weighting schemes whose
complexity prevents meaningful physical interpretation of the MMCs solutions and realisation

of the absolute and relative power and contribution of individual GHMs. More research is,

34



therefore, needed to explore the effect of application of different levels of constraints on

GEP-based algorithm performance in providing more interpretable MMC solutions.

In addition, the MMC approach applied here does not account for uncertainty within input
models or their parameters due to the lack of information on their PDFs. Hence, the approach
does not go beyond optimising their predictive performance. However, there could be
potential in applying more realistic approaches that include dynamic configurations of the

GEP algorithm parameters during training.

Despite shortcomings of the GEP-based MMC in the current level of functionality, its explicit
outputs and controllability is a step forward towards unravelling the black box nature of
approaches such as ANNs and increasing MMC interpretability. In addition, in light of the
significantly improved performance offered by MMC, relative to individual GHMs and also the
EM, we recommend that future multi-model applications consider using MMCs alongside the
EM and intermodal range, to provide end-users of the ensemble with a better informed

estimate of what the ensemble shows.
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flows are compared between the two ensembles. The ensemble median values of changes in
runoff with three different scenarios of global-mean warming (1, 2 and 3 °C above pre-
industrial levels) are generally similar between the two ensembles, although the ensemble
spread is often larger for the Glob-HM ensemble. In addition the ensemble spread is normally
larger than the difference between the two ensemble medians. Whilst we find compelling
evidence for projected runoff changes for the Rhine (decrease), Tagus (decrease) and Lena
(increase) with global warming, the sign and magnitude of change for the other catchments is
unclear. Our model results highlight that for these three catchments in particular, global climate
change mitigation, which limits global-mean temperature rise to below 2 °C above preindus-
trial levels, could avoid some of the hydrological hazards that could be seen with higher
magnitudes of global warming.

1 Introduction

Atticle 2 of the 2015 United Nations Framework Convention on Climate Change (UNFCCC)
Paris Agreement includes an action to limit any future increase in global-mean temperature to
well below 2 °C above pre-industrial levels and to pursue efforts to limit to 1.5 °C, recognising
that this would significantly reduce risks and impacts of climate change (UNFCCC 2015).
However, if the latest Government climate action pledges from 185 countries were imple-
mented then global-mean warming would still reach 2.7 °C (CAT 2015). Whilst this is almost
1 °C lower than an alternative future in which only existing policies remain enacted (CAT
2015), it misses the UNFCCC targets. There is therefore significant interest in understanding
the potential impacts of different amounts of global-mean warming.

Whilst the UNFCCC target is framed in terms of global-mean temperature, the impacts will
be felt heterogeneously across the world (Arnell et al. 2016) and one of the key impacts of
global warming will be on water resources (Arnell and Gosling 2013). Within this context, we
present an assessment of the impact of different levels of global warming on river runoff,
focusing on eight major river catchments across the world. The assessment has two main aims.

The first aim is to understand if there are systematic differences between projections of
runoff change from two ensembles that are comprised of different types of hydrological model.
Here, ‘type’ of model refers to whether a model is designed to operate at the global-scale
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(global-scale hydrological model, Glob-HM) or at the catchment-scale (catchment-scale hy-
drological model, Cat-HM). Previous assessments have employed either ensembles comprised
exclusively of Cat-HMs (e.g. Dams et al. 2015) or Glob-HMs (including global land surface
models; e.g. Haddeland et al. 2011; Prudhomme et al. 2014) to assess the impact of climate
change on runoff. Whilst some studies have employed one Glob-HM and one Cat-HM
(Gosling et al. 2011), or one Glob-HM with two Cat-HMs (Thompson et al. 2013), none
have compared impacts across two large multi-model ensembles of Glob-HMs and Cat-HMs.
This is in part due to the significant resources that are required to setup and calibrate Cat-HMs.
Knowledge of the relative spreads in projections from the two types of ensemble can help
users decide which types of model to use in their assessments and can also provide decision-
makers with an appreciation of the possible range in impacts that can arise from using different
tools available to the hydrological modelling scientific community.

The second aim is to investigate the effect of different amounts of global-mean warming on
runoff for each catchment. We investigate the impacts of three global warming scenarios from
a consistent set of global climate model (GCM) projections: 1, 2 and 3 °C warming above pre-
industrial levels. The eight catchments are of significance to human settlements and major
ecosystems: the Upper Amazon, Darling, Ganges, Lena, Upper Mississippi, Upper Niger,
Rhine and Tagus. The approach allows us to explore the extent to which current runoff will be
affected if the UNFCCC 2 °C target is met, and what the impacts might be if it is missed and
global-mean warming rises to 3 °C.

In this context the application of a Glob-HM ensemble and Cat-HM ensemble to assess
global warming impacts across several catchments is a significant advancement because
with a companion study that we conducted in parallel (Hattermann et al. 2016) it is the first
time that impacts across two large multi-model ensembles of Glob-HMs and Cat-HMs have
been compared. Up until now the two types of ensemble have been considered only
independently. This advancement has been afforded by a large international collaboration
of multiple Glob-HM and Cat-HM modelling groups brought together under the framework
of the Inter-Sectoral Impact Model Inter-comparison Project (ISIMIP) over several years
(Warszawski et al. 2014).

2 Methods
2.1 Study catchments

The eight large (>50,000 km?) river catchments (Table 1; see Online Resource 1 for a map)
cover all continents and several global hydro-regions defined by Meybeck et al. (2013),
including Equatorial (Upper Amazon), Southern Mid-Latitudinal (Darling), Northern Mid-
Latitudinal (Ganges, Upper Mississippi, Rhine, Tagus), Boreal (Lena) and Northern Sub-
tropical (Upper Niger).

Gauging stations were identified for each catchment for which the Global Runoff Data
Centre (GRDC) held observed discharge data, which were then later used to calibrate the Cat-
HMs used in this analysis (Krysanova and Hattermann, this special issue). Availability of this
data meant that sub-catchments had to be modelled instead of entire systems (Online Resource
1) and for three catchments (Upper Amazon, Upper Mississippi and Upper Niger) only the
upper parts were modelled because of complex geomorphological structures and numerous
human alterations further downstream, which would require extended input datasets and
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significantly more resource intensive modelling approaches (Krysanova and Hattermann, this
special issue).

2.2 Hydrological models

A total of nine Glob-HMs and eight Cat-HMs participated in the assessment (Table 1). The
Cat-HMs comprised one ensemble and the Glob-HMs another. Not all Cat-HMs were run for
every catchment, however, because unlike Glob-HMs they need to be calibrated on a
catchment-by-catchment basis and run for each catchment individually, which is a resource-
and time-intensive activity. This means that the Glob-HM ensembles contain nine simulations
per catchment/scenario/GCM combination while the Cat-HM ensembles contain from 3 to 7
(all eight Cat-HMs were not run for any of the catchments - the number of Cat-HM simulations
for each catchment is listed in Table 1). The Cat-HMs were calibrated and the performance of
the calibration evaluated in a separate validation period (Huang et al. 2016) while
the Glob-HMs were generally not calibrated to catchment-specific conditions. Water manage-
ment and other human alterations on the fluvial system were not modelled by all Glob-HMs
and Cat-HMs. Flows for every catchment were extracted and processed from the model
simulated fields of daily discharge (m?/s) time series and then converted to daily runoff
(mm/day) using the upstream drainage area for each simulation.

We did not weight or exclude individual hydrological models based upon their performance
at simulating present-day runoff (Hattermann et al. 2016) and we treated all hydrological
models as being independent even though many share similar model parameterisations (e.g.
method for calculating potential evapotranspiration; Online Resource 2).

All the models share similarities in their fundamental approach to modeling land-surface
hydrological processes, such as simulating the land surface water balance, representing soil
and vegetation across the catchment, calculating evapotranspiration, and applying routing
schemes to transfer locally generated runoff over the catchment to the catchment outlet.
However, the Glob-HMs and Cat-HMs differ in a fundamental way, which is the spatial scale
at which the models represent hydrological processes and in turn the water balance resolved.
All the Glob-HMs applied here operate with a 0.5°x0.5° spatial resolution grid across the
global land-surface. The Cat-HMs employ various approaches. Three Cat-HMs run on a grid
(mHM, VIC-Cat-HM, WaterGAP3), while four operate by splitting the catchment into sub-
catchments and hydrological response units (HBV, HYPE, SWAT and SWIM), and one treats
the entire catchment as a single entity (HYMOD).

An evaluation of the performance of the Glob-HMs and Cat-HMs across 11
catchments (Hattermann et al. 2016) shows that the correlation coefficients between
simulated and observed long-term average seasonal dynamics, averaged over all
models, is greater than 0.9 in 10 catchments for the Cat-HMs and in 4 catchments
for the Glob-HMs (the coefficients are greater than 0.8 in 11 (Cat-HMs) and 8 (Glob-
HMs) catchments). While the sensitivity of the Glob-HMs and Cat-HMs to observed
climate variability is in general similar, the Glob-HM ensemble mean shows a large
positive bias to observed data in annual flows for almost all 11 catchments and the spread
across Glob-HMs is wider than for the Cat-HMs in the historical period (Hattermann
et al. 2016). Detailed descriptions of the Glob-HMs and Cat-HMs employed
in this study are provided by the respective references to each model cited in Table 1 and
in Online Resource 2, whilst brief summaries are provided by Krysanova and Hattermann
(this special issue).
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2.3 Global warming scenarios

Daily input data on the climate variables required by each hydrological model (Online Resource
2) were extracted from five GCM simulations: HadGEM2-ES, IPSL-CM5A-LR, MIROC-
ESM-CHEM, GFDL-ESM2 and NorESM1-M; all run under the RCP8.5 emissions pathway
(Riahi et al. 2011) for the period 1971-2099 because this is the only pathway for which all five
GCMs reach 3 °C by the end of their simulation period (year 2100). All variables were bias-
corrected towards the WATCH observation-based dataset (Weedon et al. 2011), using an
established method (Hempel et al. 2013), specifically designed to preserve long-term trends
in temperature and precipitation projections to facilitate climate change impact assessments.

Daily hydrological simulations were performed with each Glob-HM and Cat-HM, for each
catchment, using the daily climate data from each GCM as input (five simulations per Glob-
HM/Cat-HM). Summaries of temperature and precipitation change are reported by Krysanova
and Hattermann (this special issue). Daily discharge for the 31-year periods centred on the year
whose global-mean temperature corresponds to different levels of global-mean warming
relative to pre-industrial (1 °C, 2 °C, 3 °C) were extracted from each Glob-HM/Cat-HM
simulation (Online Resource 3). At 3 °C the periods are centred around 2050 for three GCMs
and around 2075 for two GCMs. Also extracted from each Glob-HM/Cat-HM simulation was
the period 1980-2010 to represent the “present-day” (which corresponds to 0.6 °C above pre-
industrial). This approach allowed us to estimate the effect of different amounts of global-mean
warming (relative to pre-industrial) on catchment runoff, with the runoff changes characterised
as changes relative to present-day (note that global-mean warming translates into different
levels of warming across the different catchments).

2.4 Hydrological indicators
Five hydrological indicators were calculated from the daily timeseries of runoff:

1. Mean annual runoff (MAR): the mean over 31-years of the total daily runoff for each year
in the timeseries.

2. Q5: the magnitude of daily runoff that is exceeded 5 % of the time in the timeseries, and
thus an indicator of high flow.

3. Q95: the magnitude of daily runoff that is exceeded 95 % of the time in the timeseries, and
thus an indicator of low flow.

4. The magnitude of maximum daily runoff associated with the 2, 5, 10, 20, 25, and 50-year
return periods (see Online Resource 4 for specific details).

5. The magnitude of the minimum 7-day moving average of runoff associated with the 2, 5,
10, 20, 25, and 50-year return periods (see Online Resource 4 for specific details).

3 Results

3.1 Statistical distributions of changes in MAR, Q5 and Q95 with global warming
The median values of the two ensembles, corresponding to Glob-HMs and Cat-HMs, mostly
respond consistently with each other to global warming (Fig. 1). We applied a Wilcoxon rank

sum test to the 31-year median values of change in each hydrological indicator relative to
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Fig. 1 Change (%; vertical axis) from present-day in three hydrological indicators (Q5, Q95, MAR) with three global
warming scenarios (horizontal axis) for eight catchments. The box-whiskers show the 10'}‘, 25’}‘, 50“‘, 75™ and 90™
percentiles of the distribution of changes in each hydrological indicator, for the Glob-HM and Cat-HM ensembles
respectively (n denotes size of the ensemble, i.e. the number of GCM-hydrological model combinations). Asterisks denote
where the Wilcoxon rank sum test rejects the null hypothesis of equal medians between the two ensembles at the 0.05
significance level. Filled circles denote where the projections under climate change for the models that comprise each
ensemble represent a significant change from present-day according to a paired-samples t-test (0.05 significance level)
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present (MAR, Q5 and Q95, respectively) as estimated by each ensemble. This was to test
whether the median values for each ensemble were statistically different from each other. Each
ensemble was treated independently (Muerth et al. 2013) because although the driving GCMs
were the same, the models that yield the runoff simulations are independent. In the majority of
catchments (5/8) there is no statistically significant (p <0.05) difference between the medians
of the two ensembles, for all three hydrological indicators and all global warming scenarios.
Only for one catchment (Upper Mississippi) is there a significant difference for all three
hydrological indicators.

Whilst there is some consistency in the median values between the two ensembles, the
spreads are generally wider for the Glob-HM ensemble than the Cat-HM ensemble for the
majority of catchments (Upper Amazon, Lena, Upper Mississippi, Upper Niger, Rhine,
Tagus). It should also be noted that in some cases the medians of the two model ensembles
differ in sign, so that one ensemble projects an increase in runoff and the other a decrease (for
instance for MAR in Upper Amazon, Upper Mississippi, and Upper Niger).

Some catchments show a clear trend in their response to increases in global warming, with
large differences between 2 and 3 °C that are consistent across both ensembles, as well as
significant changes in hydrological indicators from present-day (assessed by a paired-samples
t-test between the ensemble projections for each magnitude of global warming and the present-
day simulations; Fig. 1). Examples include the Rhine, where there is an increased risk of
decreases in low flows, with the median Q95 change escalating from around —11 % at 2 °C to
=23 % at 3 °C (the change relative to present-day at 3 °C is statistically significant for both
ensembles for Q95, p <0.05). The risk of increases in high flows increases for the Lena, where
the change in median Q5 intensifies from around +17 % (2 °C) to +26 % (3 °C), with a similar
magnitude increase in MAR also (the changes are statistically significant for both ensembles at
all magnitudes of global warming for all hydrological indicators, p<0.05). The Tagus
experiences declines in MAR and an enhanced risk of decreases in low flows, with changes
in both MAR and Q95 of around —20 % at 2 °C, and then declining even further to around
—40 % at 3 °C (the changes relative to present-day at 2 and 3 °C are statistically significant for
both ensembles for MAR and Q95, p<0.05). On the other hand, the Upper Mississippi and
Upper Niger experience relatively small changes in the medians of hydrological indicators
between 2 and 3 °C and the magnitude of changes relative to present are infrequently
statistically significant.

3.2 Probability of changes in MAR, Q5 and Q95 with global warming

As an alternative approach to investigate the distribution of impacts from the Glob-HM and
Cat-HM ensembles (as in Fig. 1), we calculated the probability of impacts of different
magnitudes occurring from the impact distributions of the two ensembles (Fig. 2). For
example, if 18 out of 45 simulations in an ensemble show that MAR increases by up to
30 % with global warming, then the probability of this magnitude of change is 40 %. Strictly,
the probabilities should be interpreted as an indicator of the level of model agreement within
an ensemble, not the level of certainty of a particular outcome occurring.

The two ensembles show similar responses to global warming for all three hydrological
indicators for the Ganges, Lena and Tagus. However, for some catchments there is strong
agreement between the ensembles for some indicators (such as increases in MAR and Q5 for
the Upper Amazon; and decreases in MAR for the Rhine) but not for other indicators in the
same catchment.
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Fig. 2 (continued)

The probabilities of large decreases (>20 %) in Q95 are greater with the Glob-HM
ensemble than with the Cat-HM ensemble for the majority (5) of catchments. For example
at 3 °C, for the Darling, Upper Mississippi, Upper Niger, and Rhine, the probabilities of Q95

@ Springer



Climatic Change

Upper Amazon
o o o (=3
3 3 3 3
Glob-HMs High Cat-HMs High Glob-HMs Low Cat-HMs Low
8 n=45 8 n=35 8 n=45 T8 n=35 .
—~ 1 1
2 o o o | ) :
~ o n n v n T
S T l [
g — |l === |l o |
S P ——— e — i
8 o4 !!.D ’!‘C’* _— I °© ——— II‘
[$) in sl
'
o (=3 (=] 4 (=3
9?7 9 9?7 ®?
o o o o
2 2 2 =
! T L ! T 1 1T 1 T ! T T 1T 1 71 ! T T 1T 171
2 5 20 50 £Le 2 5 20 50 £8e 2 5 20 50 £Le 2 5 20 50 £Le
Darling
o o o o
2 2 8 7 8 .
Glob-HMs High Cat-HMs High . Glob-HMs Low Cat-HMs Low '
S n=45 8 n=15 Do n=45 ° n=15 ;
e e = ] '
[ < N
< o '
& o o [ H
< g4 3 \ '
) Pt HIEE r 8 :
c ' | « 1« T
Fot e ill-t =—1]j | .
o L S |
3 tig ‘ O —— il ° —_— M
! ! [ Y '
B
o o o o
2 1 2 & 1 &
T T T T orr ! T T T T T Tl T L S e e A e e I B B B B B o o
2 5 20 50 £89 2 5 20 50 288 2 5 20 50 £89 2 5 20 50 £88
Ganges
o o o o
2 2 2 =
Glob-HMs High Cat-HMs High Glob-HMs Low Cat-HMs Low
n=45 + n=30 * n=45 n=30
3 1 '3 '3 r 3 T
—~ . H j IR
g | —— | i — | .i "t o
3 — " — " ||| i
S o o o 4 —— o .
2 I _ |
g Ly L ! '
=) =) o o N
9?7 9 9?7 ®?
o o o o
8 | 8 8 | 8
! T LIS EL LA S S i o B T L LA A N i o LI B e B T L L N A e o
2 5 20 50 £89 2 5 20 50 288 2 5 20 50 £L9 2 5 20 50 £8e
Lena
o (=3 o (=3
2 = 2 =
Glob-HMs High Cat-HMs High Glob-HMs Low Cat-HMs Low
n=45 n=15 n=45 n=15
o | o o | o
[ e + O r O
—_ i _ . .
e | = | i | — b — il | —
: i it A = |l
o o —_— l‘ o o 4 —_— fi o —_— [ &
c e
© 0
< L
O
3 3 3 3
(. i [ i
o o o o
8 | 8 s | 8
! T T 1T 11 ! L L ! T T 1T T 1 ! T T T 1T T T
2 5 20 5 999 2 5 20 50 999 2 5 20 50 989 2 5 20 50 98¢

Return periods (yrs)

Return periods (yrs)

Return periods (yrs)

Return periods (yrs)

Fig. 3 The change relative to present-day (vertical axes) of maximum daily runoff (“High”) and minimum 7-day
moving average of runoff (“Low”) associated with 2, 5, 10, 20, 25, and 50-year return periods (horizontal axes;
log-scale) for the Glob-HM ensemble and Cat-HM ensemble. The lines show the median for each ensemble and
the box-whiskers show the 10th, 25th, 50th, 75th and 90th percentiles of the distribution of changes for the 50-
year return period. The absolute values for each scenario and present-day (i.e. not change) are shown in Online
Resource 5
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decreasing by up to 40 % according to the Glob-HM ensemble (Cat-HM ensemble) are: 26 %
(20 %), 31 % (9 %), 24 % (7 %), and 29 % (0 %), respectively. This reverses in some cases for
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large (>20 %) increases in Q5 though, where the probabilities are higher for the Cat-HM
ensemble (Darling, Upper Mississippi, Upper Niger).

The probability of large decreases in MAR (>20 %) with 3 °C warming simulated by the
Glob-HMs (Cat-HMs) are substantial for the Darling, Upper Niger and Tagus: 40 % (40 %),
18 % (20 %), and 80 % (80 %), respectively. These probabilities decline considerably when
global warming is limited to 2 °C for the Upper Niger (from around 18 % at 3 °C to 4 % at
2 °C) and Tagus (from around 80 % at 3 °C to 47 % at 2 °C) (but not for the Darling where at
2 °C the probability is similar to at 3 °C). Likewise, substantial probabilities of large increases
in MAR (>20 %) for the Ganges, Lena and Upper Amazon are considerably reduced at lower
levels of global warming.

3.3 Changes in magnitude of return period runoff

The box-whiskers in Fig. 3 show that the Glob-HM and Cat-HM ensembles in most cases
project changes that are similar in magnitude to each other. Two exceptions are for the Upper
Mississippi and Upper Niger, where the Glob-HM ensemble projects declines in the magnitude
of minimum flows associated with return periods greater than S-years, while the Cat-HM
ensemble projects increases. Also, for some catchments the spread of the Glob-HM ensemble
is wider than for the Cat-HM ensemble (Upper Amazon, Rhine, Tagus). Whilst it appears for
some catchments as though global warming has little effect on minimum (Darling, Ganges)
and maximum flows (Upper Mississippi, Rhine), the medians disguise the large spreads of the
ensembles.

Both ensembles project clear increases in the magnitude of maximum flows with global
warming for the Upper Amazon, Ganges, and Lena, and decreases in the magnitude of
minimum flows under 2 and 3 °C for the Rhine, and Tagus (Fig. 3), which are consistent
with projected changes in Q5 and Q95 (Fig. 1). Some of the impacts intensify substantially
with each degree of global warming. For example, the median changes from the Glob-HM
ensemble in the 50-year return period minimum flow for 2 °C (and 3 °C) warming is —30 %
(=60 %) for the Tagus and —10 % (—35 %) for the Rhine. Notably, the Upper Amazon shows a
small decrease in the magnitude of minimum flows at the lower levels of global warming but a
strong increase at 3 °C warming, due to a significant increase in precipitation between 2 and
3 °C warming (Krysanova and Hattermann, this special issue).

4 Discussion
4.1 Similarities and differences between the impacts simulated by the two ensembles

Our primary aim was to compare projections of runoff change from two ensembles of different
types of hydrological models. We tested this by comparing impacts from an ensemble of Glob-
HMs with an ensemble of Cat-HMs, both run with consistent input data from five GCMs.
The median estimates from both ensembles generally show that there is similarity
in the effect of global warming on the hydrological indicators considered. This
supports earlier work that showed climate change projections from a single Glob-
HM were generally similar to those from a single Cat-HM (Gosling et al. 2011) but
here the result is based upon a significantly more robust approach that employed
ensembles of multiple Glob-HMs and Cat-HMs. There are a number of subtleties that
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underlay the general conclusion that the two ensembles produce similar projections,
however.

Firstly, the spread in projections of any one hydrological indicator for each ensemble is
usually larger than the difference between the two ensemble medians. This means that the
choice of hydrological models that comprise an ensemble, and the GCMs that provide the
input data, are an important factor in determining the spread of the projections from the
ensemble. Other work has quantified the relative contributions of hydrological models and
GCMs to ensemble spread (Hagemann et al. 2013) with evidence suggesting that their relative
contributions vary spatially across the globe (Dankers et al. 2014). Only three Cat-HMs
comprised the Cat-HM ensemble for three catchments (Darling, Lena, Tagus). Whilst the
inter-ensemble comparison would have been more consistent had we omitted these three
catchments so that a similar number of models were included in each ensemble, our preference
was to include as many catchments as possible to cover as many hydro-regions as possible.
Clearly there is a loss of potential information where only three Cat-HMs are used compared to
where six or seven are used. Thus we acknowledge that for these three catchments the Cat-HM
ensemble spread could have been different if other Cat-HMs had been included in the
ensemble.

Secondly, the difference in medians between the two ensembles is comparable to the
climate change impact (difference between 1 and 3 °C) for the Ganges, Upper Mississippi
and Upper Niger and there is sometimes a clear difference in sign of change between the
ensembles at 3 °C warming (Upper Amazon MAR, Upper Mississippi MAR and QS5, Upper
Niger MAR and Rhine Q5).

Thirdly, there are a small number of cases where the difference between the two ensembles could
be large in absolute terms (mm), despite the Wilcoxon rank sum test indicating that the differences
are not significant (p <0.05), namely for the projections of Q5 and MAR for the Ganges.

Whilst Hattermann et al. (2016) investigated the relative abilities of the Glob-HMs and
Cat-HMs to simulate present-day runoff in terms of long-term average seasonal dynamics,
we did not weight and/or include/exclude individual models accordingly from each ensem-
ble. This is because we wanted to assess impacts irrespective of individual model perfor-
mance. A separate study is currently weighting models according to their performance. All
hydrological models were treated as being independent even though many share similar
model parameterisations (e.g. method for calculating potential evapotranspiration; Online
Resource 2).

Despite these caveats the results highlight that the two modelling communities (Glob-HM
and Cat-HM) seem to be approaching each other, both in terms of simulation results and also
in their conceptual approach to model development. This is because some Cat-HMs can now
be run at the continental scale with high resolution, such as a version of HYPE (E-HYPE,
different from what was applied here; Donnelly et al. 2016; Hundecha et al. 2016) that can be
run across around 35,000 sub-catchments in Europe, whilst some Glob-HMs are now starting
to develop rigorous calibration procedures (Miiller Schmied et al. 2014).

4.2 Comparing ensemble spread

Whilst the medians of the two ensembles generally display similar responses to global
warming, the spread in projections from the Glob-HM ensemble is wider than from the Cat-
HM ensemble in the majority of cases. A possible reason is that the Cat-HMs are constrained

(calibrated) to specific catchment conditions (e.g., to reproduce observed discharge
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characteristics) (Krysanova and Hattermann, this special issue), which means that they
perform better than the Glob-HMs under present-day climate conditions (Hattermann et al.
2016).

It is also possibly the result of sampling bias introduced by the different sizes of the two
ensembles, where the relatively smaller number of Cat-HMs represents only a limited section
of the true hydrological model spread that would arise from using all the Cat-HMs that are in
existence (Butts et al. 2004). Indeed, our study is not exhaustive in its inclusion of all available
Glob-HMs and Cat-HMs, so the spread of the ensembles are likely underestimated.

However, even if we had included every Glob-HM and Cat-HM in existence, it remains
possible that all models may miss (or not represent well enough) certain key processes, for
instance the response of glaciers to global warming and in turn on runoff — thus even a
“complete” ensemble may not sample the true spread (this also applies to the ensemble of
GCMs that provide input to the hydrological models). Nevertheless, our study and a compan-
ion study that we conducted in parallel (Hattermann et al. 2016) are the first multi-catchment
assessments to date of the impacts of climate change derived from multiple catchment-scale
and global-scale hydrological models.

4.3 The impacts of global warming

We sought to demonstrate the effects of different amounts of global-mean warming on runoff
for each catchment. Both ensembles clearly show that the Tagus and Rhine could see large
increases in the magnitude of impacts between 1, 2, and 3 °C warming for all the considered
hydrological indicators. Both catchments may experience declines in the magnitude of low and
high flows and MAR with increasing warming (only at 3 °C with the Cat-HMs for high flows
for the Rhine) due to large declines in precipitation (Tagus) or little change (Rhine) combined
with increases in evapotranspiration due to warmer temperatures that are all simulated
consistently by the five GCMs (Krysanova and Hattermann, this special issue). This supports
earlier impact assessment studies conducted in these catchments (Kilsby et al. 2007; Kwadijk
and Rotmans 1995; Middelkoop et al. 2001).

We also found clear evidence for increases in MAR and high flows for the Lena. The
application of different snowmelt schemes by the hydrological models (see Online
Resource 2) has little bearing on the projections. Temperature for the Lena rises most
out of the eight study catchments under each 1 °C of global-mean warming (Krysanova
and Hattermann, this special issue) — this in turn increases snowmelt runoff, confirming
previous climate change assessments (Arora and Boer 2001) and observed changes in
response to recent warming (Yang et al. 2002).

Our analysis shows no conclusive effects of global warming on runoff for the other
catchments because the median changes are often close to zero with the 25™ and 75™
percentiles of the impacts distributions on either side.

The high spread seen for the Darling arises from it being a challenging catchment to model
as it has a very low runoff coefficient and transmission losses are not well represented by many
hydrological models (Gosling and Arnell 2011). Moreover, the performance of the Glob-HM
ensemble has not been evaluated for its low flow simulation performance in the study
catchments. Elsewhere it has been shown that Glob-HMs tend to struggle to simulate low
flows (Giuntoli et al. 2015; Gudmundsson et al. 2012).

The large spread for the Ganges may be explained by the models’ varying abilities to
represent and account for (or not) dynamical changes in glacier mass balance with global
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warming, for instance earlier work showed that Glob-HMs differ significantly in their simu-
lations of snow accumulation in the Himalayan region (Haddeland et al. 2011).

It is well documented that the method for calculating potential evapotranspiration
plays a significant role in determining simulated surface runoff changes (Haddeland et al.
2011; Thompson et al. 2013) and this can partly explain the large spread in simulated
runoff for the Upper Amazon, Ganges, Upper Niger and Upper Mississippi. The hydro-
logical models employ different approaches to simulate potential evapotranspiration (see
Online Resource 2) which means that whilst the GCMs consistently simulate relative
increases in both precipitation and temperature with global warming for these catchments
(Krysanova and Hattermann, this special issue), there is diversity in the simulated surface
runoff response.

The overall approach tied the analysis to prescribed global temperature changes so
that the time periods for each magnitude of warming vary across GCMs instead of being
fixed (Online Resource 3). This yields more robust regional patterns of change than if
fixed periods are used because some of the uncertainty related to the GCMs’ climate
sensitivity is removed (Vautard et al. 2014). Although the approach is established (Arnell
et al. 2014; Gosling et al. 2010; Roudier et al. 2015; Schewe et al. 2014) it does come
with the caveat that it largely overlooks the rate at which, and when, each global-
warming level is reached. Timing, as well as the magnitude of warming, is important
(Lenton 2011), because adaptation is generally more straightforward and less costly with
more time and natural systems may respond differently to slower rates of climate change.
Some studies (Scholze et al. 2006) have overcome this by grouping simulations from
multiple GCMs into categories of warming (e.g. <2 °C, 2-3 °C and >3 °C) for a fixed
time period (e.g. 2071-2100) but this can reduce the precision and range for which
global warming impacts can be assessed, especially where simulations from only a
limited number of GCMs are available.

5 Conclusion

Along with a companion study that we conducted in parallel (Hattermann et al., this special
issue) we have presented the first multi-catchment assessment of the impacts of climate change
derived from multiple catchment- and global-scale hydrological models. Our results shed new
light on the utility of global-scale hydrological models to understand changes in runoff at the
catchment-scale because the median estimates of change from ensembles of Glob-HMs and
Cat-HMs generally showed similar effects of global warming on the considered hydrological
indicators. We did find some distinct differences though, such as a wider spread in impacts
from the Glob-HMs for several catchments.

Although the sign and magnitude of change with global warming for some catchments is
unclear (Upper Amazon, Darling, Ganges, Upper Niger and Upper Mississippi) we found more
compelling evidence for the Rhine, Tagus and Lena. For these latter catchments in particular, it is
clear that stringent global climate change mitigation action in line with Article 2 of the Paris
Agreement (UNFCCC 2015) could have significant benefits in terms of avoiding some of the
hydrological hazards that could be seen with higher magnitudes of global warming such as 3 °C.

A rationale for our study was that knowledge of the relative spreads in projections from the
two types of ensemble could provide decision-makers with an appreciation of the possible
range in impacts that can arise from using different tools available to the hydrological
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modelling scientific community. In this context a decision-maker might ask: "If I am to
conduct a climate impact study in e.g. the Mississippi catchment, which model type would I
favor for assessing future runoff?" In light of our results, we would advise against favoring any
one type of ensemble. Whilst the Cat-HM ensemble has been shown to perform better than the
Glob-HM ensemble when simulating present-day discharge (Hattermann et al., this special
issue), this does not guarantee higher credibility of projections under climate change. To this
end we would encourage decision-makers to consider the full range of spreads from both the
Glob-HM and Cat-HM ensembles, since these represent the spread of possible impacts
according to several different types of models used by the hydrological modelling scientific
community.
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Abstract

In this study we capitalise on the timely opportunity to bring together two communities in the field
of hydrological modelling, who have respectively developed ensembles of catchment- and global-
scale hydrological models (CHMs and GHMs). Through doing so we construct one of the few “super-
ensembles” to ever be developed, which comprises both model types. A novel machine learning
technique, gene expression programming (GEP), is applied to the super-ensemble. This facilitates the
computationally intelligent selection and weighting of models — based upon the ability of individual
models to replicate historical runoff — into a single solution known as a multi-model combination
(MMC). The MMC solution is represented as a regression equation that includes constants and
runoff values from the selected input models. We find that a MMC solution developed from the
super-ensemble performs better on average across catchments than the ensemble means of the
separate GHM and CHM ensembles. Thus we identify particular value in pooling multiple
hydrological models from both communities into a single super-ensemble. Moreover, we
demonstrate value in hydrological models that perform relatively weakly in terms of their ability to
replicate historical runoff because they still inherently replicate certain aspects of the hydrological
regime that the better performing models might not. Through gene expression programming, these
aspects of the weaker models can be used to adjust aspects of the better performing models that
require improvement. Whilst we identify the value of the MMC technique and the construction of
super-ensembles at the aggregated catchment level, i.e. as an average across multiple catchments,
we find that the improvements in performance delivered by MMC can vary at the individual
catchment level, by month of the year, and also by type of model and hydrological indicator.
Furthermore, the constrained complexity of the MMCs can affect their performance.

Key words: super ensemble; hydrological modelling; model evaluation; model weighting; global
hydrology; catchment hydrology
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1. Introduction

Within the field of hydrological modelling there exist a multitude of catchment- and
global-scale hydrological models (CHMs and GHMs, respectively). Such models have
been developed to enhance scientific understanding of hydrological processes and
their interactions with each other, as well as to act as tools that support decision-
making. They are often used to assess flood hazards (Zhao et al., 2017), water
scarcity (Liu et al., 2017), droughts (van Huijgevoort et al., 2013), dam operations
(Masaki et al., 2017) and the effects of water management on catchment hydrology

(Veldkamp et al., 2017).

GHMs typically operate across continental and global scales. They include a trade-
off between maximising overall model performance and the performance that can
be achieved for any individual catchment because model parameters have to be
spatially generalised and because limited availability of global datasets of observed
discharge with good spatial coverage and quality precludes comprehensive model
calibration (Gosling and Arnell, 2011, Miller Schmied et al., 2014). On the other
hand, CHMs are tailored to specific catchments, which means that they use local
observed data and to this end can be calibrated comprehensively. The spatial
resolution at which physical processes are represented is also a distinguishing

feature between GHMs and CHMs: the resolution is often finer for CHMs.

Despite the rapid growth of hydrological models in the respective GHM and CHM
communities over the past few decades, there have been very few collaborative
efforts between the two communities. The two types of model are typically
developed and applied in isolation of each other (Zhou et al., 2012, van Dijk et al.,
2013, Beck et al., 2015, Beck et al., 2016, Zaherpour et al., 2018a, Breuer et al., 2009,
Bosshard et al., 2013, Chen et al., 2012, Vetter et al., 2015), which has led to the
development of separate ensembles of GHMs and CHMs, which are rarely
combined (Gosling et al.,, 2011, Piniewski et al., 2014, Gosling et al.,, 2016,
Hattermann et al., 2017, Hattermann et al.,, 2018, Thompson et al., 2013). The
timely opportunity exists to explore the potential of using what we call “super-

ensembles”, where multiple CHMs and GHMs are combined into a single ensemble.



In this study we bring together the two communities to develop one such super-

ensemble.

Past studies of CHM and GHM ensembles present simulated runoff as a range
across models and/or in terms of the ensemble mean (EM) or median (Hattermann
et al., 2018, Gosling et al., 2010, Hattermann et al., 2017, van Huijgevoort et al.,
2013, Gosling et al., 2016, Thompson et al., 2013). Although the EM provides a
simple indicator of how an ensemble of models performs, it may not necessarily be
the ideal indicator to use. The implicit assumption underpinning the justification for
computing an EM, that overall the diversity of model outputs will contribute
towards improving the integrated output, cannot be guaranteed, even though some
studies have shown that the EM can be closer to observations (Gao and Dirmeyer,
2006, Guo et al., 2007). Certain models may be consistently poor performers in
certain climatic or physiographic settings, or over certain hydrological response
ranges, and their inclusion in a model ensemble may act to limit the performance of

the EM (Zaherpour et al., 2018a).

An alternative approach to the EM is to combine the ensemble members by
assigning them different weights, instead of equal weights (as is in the case with the
EM). This approach is known as multi-model combination (MMC). Intelligent MMC
methods combine several models’ outputs into a single, integrated solution so that
the best aspects of the best models are emphasised, and the worst aspects of the
worst-performing models are de-emphasised and/or omitted. MMC was first
applied in economics (Bates and Granger, 1969). It has since been applied to CHM
modelling (Shamseldin et al., 1997, Ajami et al., 2006, Arsenault et al., 2015, Li et al.,
2015) but apart from one study (Zaherpour et al., 2018b) its application is

unprecedented with GHMs, and unique for a super-ensemble of GHMs and CHMs.

Accordingly, here, we present the first comparison of MMCs developed from GHMs
and CHMs respectively, as well as the first application of MMC to a super-ensemble
of both model types. This is achieved by applying Gene Expression Programming
(GEP) (Ferreira, 2001, Ferreira, 2006) to an ensemble of eight GHMs and an

ensemble of nine CHMs across eight study catchments (Figure 1). GEP is a machine



learning algorithm that has demonstrable success in delivering MMCs for
hydrological (Barbulescu and Bautu, 2009, Barbulescu and Bautu, 2010) and
climatological modelling (Fernando et al.,, 2012, Aytek et al., 2008, Beriro et al.,
2013, Traore and Guven, 2011, Barbulescu and Bautu, 2010, Beriro, 2015).

Our study aimed to answer the following two research questions:

1) Do MMCs of GHMs and CHMs respectively, improve the performance of the
ensemble, relative to the EM and/or the best performing individual model;

and is the magnitude of improvement the same for each ensemble?

2) Does an MMC developed from a “super-ensemble” of GHMs and CHMs
outperform MMCs derived from an ensemble of each model type

respectively?

This research aimed, therefore, to demonstrate the utility and value (or limited
nature) of constructing super-ensembles and also of applying MMC to such an

ensemble.
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Figure 1: Location of the eight study catchments and gauging stations.



2. Methods

2.1 Experimental design

We addressed our research questions in turn through an experimental design in

which we:

1) Derived MMCs for the GHM and CHM ensembles respectively, then
compared them with the EMs and best performing individual models from

each respective ensemble and between ensembles.

2) Derived MMCs from a “super-ensemble” that includes all GHMs and CHMs,
then compared their performance to MMCs derived from only GHMs and

CHMs, respectively.

2.2. Study catchments and observed data

We capitalised on GHM and CHM simulations conducted for fourteen catchments
under the framework of the Inter-Sectoral Impact Model Intercomparison Project,
ISIMIP (Warszawski et al., 2014). Our study focussed on a sub-set of eight of these
catchments (Figure 1 and Table 1) because, for the purposes of robust model
evaluation, it was important that a complete and substantial time-series (at least 25
years) of observed discharge data was available for each catchment. Gauging
stations were identified for each catchment for which the Global Runoff Data

Centre (GRDC, http://grdc.bafg.de) held observed discharge data for a period of at

least this duration. The same discharge data were used to calibrate the CHMs that
take part in this study (Krysanova and Hattermann, 2017). For each catchment,
mean monthly runoff was derived by dividing the mean monthly discharge values
by the area upstream of the gauging station, for the models and observed data. The
selected catchments cover several continents and several global hydro-regions as
defined by Meybeck et al. (2013) including Equatorial (Upper Amazon), Northern
Mid-Latitudinal (Upper Mississippi, Rhine, Tagus), Boreal (Lena) and Northern
Subtropical (Upper Niger).

2.3. Input models to the MMC


http://grdc.bafg.de/

In total, eight GHMs and nine CHMs, comprising two separate ensembles, were
used in the study (Table 1). However, not all CHMs were run for every catchment,
because unlike GHMs they need to be calibrated on a catchment-by-catchment
basis and run for each catchment individually, which is a resource and time-
intensive activity. This means that the GHM ensembles contain eight simulations
per catchment, while the CHM ensembles contain between 4 and 8 (all nine CHMs
were not run for any of the catchments; Table 1). The CHMs were calibrated (Huang
et al., 2016) while all the GHMs, except for WaterGAP2, were generally not
calibrated to catchment-specific conditions. Water management and other human

alterations on the fluvial system were not modelled by all GHMs and CHM:s.

All GHMs and CHMs were run for the period 1971-2001 with input climate data
provided by the Global Soil Wetness Project 3, GSWP3. We used GSWP3 because it
represents realistic sub-monthly variability over the entire twentieth century (1901-
2010), as it has been generated based on the Twentieth Century Reanalysis project
(20CR; Compo et al., 2011). Output from the models is openly available from the
Earth System Grid Federation (ESGF; https://esgf-data.dkrz.de) for the GHMs

(Gosling et al., 2017) and the CHMs (Krysanova et al., 2017).

We treated all GHMs and CHMs as being independent even though many share
some model parameterisations (e.g. method for calculating potential
evapotranspiration; Table S1). However, the GHMs and CHMs differ in a
fundamental way, which is the spatial scale at which the models represent
hydrological processes and, in turn, the water balance. All the GHMs applied here
operate with a 0.5°x0.5° spatial resolution grid across the global land-surface. The
CHMs employ various approaches; three CHMs run on a grid (mHM, VIC,
WaterGAP3), while five operate by splitting the catchment into sub-catchments and
hydrological response units (ECOMAG, HBV, HYPE, SWAT and SWIM), and one treats
the entire catchment as a single entity (HYMOD). Detailed descriptions of the GHMs
and CHMs employed in this study are provided by the respective references to each
model cited in Table 1 and in Table S1, whilst brief summaries are provided by

Krysanova and Hattermann (2017).


https://esgf-data.dkrz.de/

Table 1: Catchments, gauges, upstream area of gauge, and the GHMs and CHMs that comprised each ensemble (shaded).

Catchment Upper Lena .U;fpetr . Ur.)per Rhine Tagus Yangtze Yellow
Amazon Mississippi Niger
Gauging station Saglr\?eur:tc)ade Stolb Alton Koulikoro Lobith Almourol Cuntan Tangnaihai
Upstream drainage area (km?) 990781 2460000 444185 120000 160800 67490 866559 121000
Lat (degree) -3.45 72.37 38.89 12.87 51.84 39.47 29.62 35.5
Long (degree) -68.75 126.8 -90.18 -7.55 6.11 -8.37 106.6 100.15
Start year 1973* 1971 1971 1971 1971 1973* 1971 1971
End year 2001 2001 2001 2001 2001 2001 2001 2001
Missing data (%) 3.9 0 0.8 0.06 0 3.7 0 0
Analysed data (year) 26 31 29 29 29 27 30 30

CHM ensemble

ECOMAG (Motovilov, 1999)

HBV (Bergstrom and Forsman, 1973

HYMOD (Boyle, 2001

HYPE (Lindstrom et al., 2010

mHM (Kumar et al., 2013

SWAT (Arnold et al., 1993

SWIM (Krysanova et al., 1998

VIC (Liang et al., 1994

—_ oL || = [— =

WaterGAP3 ** (Verzano, 2009

Number of CHM simulations 7 5 7 7 7 4 4 6

GHM ensemble

CLM (Oleson KW. et al., 2010

DBH (Tang et al., 2007

HO08 (Hanasaki et al., 2008

LPJmL (Bondeau et al., 2007

MATSIRO (Pokhrel et al., 2011

— — |~ | = [~ |—

MPI-HM (Hagemann and Dimenil, 1997

PCR-GLOBWB (Wada et al., 2014)

WaterGAP2 (D oll et al., 2003)

Number of GHM simulations 8 8 8 8 8 8 8 8

*Start year differs from 1971 due to missing observed data.

**The WaterGAP model can operate at the global-scale but the version employed here (WaterGAP3) operates on a 5 arcminute global grid, specifically so that it
can be run at the catchment-scale. This is a much finer resolution than what the global-scale models used in the analysis operate at (0.5°x0.5°), so it is classed as a
catchment-scale model in this analysis.




2.4 Performing MMC using GEP

GEP is a highly-adaptive machine learning algorithm that applies symbolic
regression (SR) and searches for and learns optimal regression equations that can
incorporate constants, mathematical operators and non-linear functions to map
multiple input data series to an output series using a non-parametric, stochastic
optimisation procedure (Ferreira, 2001, Ferreira, 2006, Beriro, 2015). For each
problem of interest, the GEP algorithm ‘evolves’ a set of optimised model
solutions— known as ‘candidate solutions’ and in the form of SR equations— from a
random start through an iterative, evolutionary learning process that includes both
stochastic and systematic computational adjustments. The algorithm and its

mathematical basis is fully described in Ferreira (2001) and Ferreira (2006).

GEP solutions are encoded in one or more linear structures (often referred to as
‘chromosomes’, hereafter called ‘components’) of fixed length where each
structural element encodes user-defined inputs, functions, numerical constants or
arithmetic operators. These components are the building blocks of the SR equations
that GEP evolves and are afterwards expressed as nonlinear entities of different
sizes and shapes (i.e., simple diagram representations or expression trees). The
components can be combined (usually by addition, see Figure S1) to deliver a final
symbolic regression equation (sometimes referred to as a ‘program’) Ferreira (2001)
and Ferreira (2006). There is a high degree of flexibility over whether / how often
the inputs, functions, operators and constants are used in the SR equations that
GEP generates. This gives GEP the unusual property of being able to preferentially

‘deselect’ inputs entirely from its solutions.

One important advantage of GEP over other machine learning algorithms is the way
it structures and expresses its solutions to a modelling problem as components.
That is, the components that form the MMC’s symbolic regression equation are
adjusted separately during the evolutionary process; enabling tailored and flexible
adjustment of different components of the overall solution. Coupled with its ability
to preferentially select / deselect inputs, GEP has the capacity to support the

development of MMC solutions in which the best aspects of the best contributing



models are emphasised, and the worst aspects of the worst models are de-

emphasised or excluded.

In this study, GEP was implemented using GeneXpro Tools 4.0 (GXPT4)

(http://www.gene expression programmingsoft.com/). GXPT4 includes a number of

default settings (such as genetic operators, Table S2) that we adapted following
Ferreira (2001) and Ferreira (2006). The general setting (e.g. the number of
components) and the user-defined function set (including maximum generations
that GXPT4 evolves, mathematical functions (e.g. sine and log), operators (e.g.
addition and multiplication) and the allowable constants (numerical values)) (Table
S2) were chosen to maximise the parsimony of the symbolic regression equations
that GEP delivered whilst supporting a limited set of non-linear functions. The
rationale behind this was to maximise the potential for meaningful interpretation of

the regression equations.

2.5. Selection of the final MMC solutions

The ‘candidate solutions’ generated by GEP vary in terms of their complexity, i.e.
the number of components and mathematical functions, operators, model inputs
and constants that comprise it; as well as the level of fit to observed data. Intuitively,
it is often assumed that the more complex the solution, the greater the degree of fit
between modelled and observed data. However, the more complex the solution the
greater the chance that it is over-fitted and the harder it is to interpret the symbolic
regression equations that define it in a meaningful manner. Thus, it is necessary to
employ a procedure for selecting a final solution from the candidate set of solutions
so that it has both a good degree of fit and is parsimonious with respect to its
numerical complexity so that overfitting is prevented and interpretability is highest.
Following Zaherpour et al., 2018b we here apply a simple trade-off between the
goodness of fit of the MMC equation and the equation size to identify a final
solution from a candidate set. That is, on a normalised fitness/equation size
coordinate system of all solutions (Figure 2), the solution with the smallest

Euclidean distance was selected as the final solution.


http://www.gepsoft.com/
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Figure 2. Selecting the gene expression programming solution from a normalised fitness-
equation space. Solution 4 is selected because it has the smallest Euclidean distance from

the origin.

2.6. Assessing model performance

2.6.1. The integrated performance metric

For the purposes of evaluating performance, we adopted an integrated
performance metric called the Ideal Point Error (IPE) (Dawson et al., 2012). IPE was
used to inform the learning process during the development of the GEP solutions,
i.e. the minimisation of IPE is the objective function used for training the MMCs by
GXPT4. It was also used to assess the relative ability of individual models, i.e. the
GHMs and CHMs, as well as the EMs, to simulate observed runoff. Furthermore, IPE

was used to evaluate the performance of the selected MMC solutions.

IPE applied here expresses the ratio of performance gain / loss of a model being
evaluated compared to a model benchmark. In this study, we identified the
benchmark as the simple model where runoff in time t is predicted by observed
runoff in t-1, following Seibert (2001), Zaherpour et al. (2018a) and Zaherpour et al.
(2018b). This is essentially using persistence as the benchmark. Our application of
IPE integrates three metrics often used in hydrological model evaluations: the

Coefficient of Efficiency (CE, also known as the Nash Sutcliffe Efficiency, NSE), mean
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absolute relative error (MARE) and root mean squared error (RMSE) (Table S3). The
benchmarked IPE formula presented in equation (1) is adapted from the original
formula by Dawson et al. (2012). The negative reciprocal of the IPE score is used
(equation 2) where the performance of a model exceeds that of the benchmark to
maintain proportionality in comparisons between the IPE scores of models that fail
to perform as well as the benchmark and those where performance exceeds it. The
IPE scores range between -1 and -oo (performance improvement over the
benchmark model) and 1 and +o= (performance loss over the benchmark model).
The IPE score is ratiometric — for example, a model that performs twice as well as
the benchmark model will have an IPE score of -2 and a model that performs twice
as badly will have a score of +2. IPE would be 1 if a model performs the same as the
benchmark, whilst a model infinitely better than the benchmark would have an IPE

of -eo. The formula to calculate IPE reads:

IPE, = {[1/3 % ((RMSE,,/RMSE;))? + (MARE,,/MARE;)? + ((CE,, — 1)/(CEy, — 1))2)]%}

IPE = IPE, IFIPE, > 1 (1)
IPE= —1/IPE, IFIPE, <1 (2)
Where:

RMSE = Root Mean Squared Error

MARE = Mean Absolute Relative Error

CE = Coefficient of Efficiency

m = modelled data

b = benchmark data from the simple model

2.6.2. Quantifying gains in performance from MMC

In order to assess the improvement or otherwise from developing MMC models,
their performance is evaluated relative to the individual models from each
ensemble, as well as the EMs for each model ensemble. The performance gain (PG)
of one model output (e.g. model A, which might be the MMC for the GHM
ensemble) relative to another (e.g. model B, which might be the EM for the GHM

ensemble) can be expressed in percentage terms (equations 3-5). For example, a PG
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of +50% indicates a gain in performance over the benchmark that is 50% larger for
model A than model B. Similarly, a PG of -120% would indicate that there is a 1.2

times reduction in performance of model A relative to model B.

Where both model A and model B are either positive, or both negative:
MMCpg = (IPEnodel — IPEmodera) X 100 (3)
Where model A is negative and model B is positive:
MMCpg = ((IPEqodeis + 1) — (IPEpodeia — 1)) X 100 (4)
Where model A is positive and model B is negative:

MMCpg = ((IPEmodeis — 1) — (IPEmogdeia + 1)) X 100 (5)

2.6.3. Data splitting for MMC development and testing

In order to implement the MMC technique, here we split time-series of data to
three subsets of training, testing and validation datasets. Symbolic regression
equations that comprise each MMC are developed from a training dataset during
the GEP process. The regressions are refined iteratively by evaluating them against
a testing dataset (Wu et al., 2014, Phukoetphim et al., 2016, Wu et al., 2012). As
well as this training/testing data subset (effectively a calibration subset) an
independent ‘out-of-sample’ validation data subset needs to be defined for

assessing how well the final MMCs perform.

The DUPLEX method (Snee, 1977) was used for generating the three data subsets.
We were consistent across all eight catchments in the size of the training/testing
data subset, which comprised 144 months (12 years) and 96 months (8 years) for
the training and testing data subsets respectively. The size of the out-of-sample
validation data subset, which was used to assess the performance of the MMCs,
varied from catchment-to-catchment according to the length of the observed data
series that was available. However, it was never less than 72 months (6 years) and

extended up to 132 months (11 years) with Lena (Table 2).
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Table 2. The training/testing and out-of-sample validation subsets used for MMC
development and validation respectively.

Training/testing Out-of-sample validation
Total
) data subset data subset
River Iengt: . Length . Length
(months) Period (months) Period (months)

Upper Amazon 312 1/1/1974-31/12/1993 240 1/1/1994-31/12/1999 72
Lena 372 1/1/1971-31/12/1990 240 1/1/1991-31/12/2001 132
Upper Mississippi 348 1/1/1972-31/12/1992 240 1/1/1993-31/12/2000 108
Upper Niger 348 1/1/1972-31/12/1991 240 1/1/1992-31/12/2000 108
Rhine 348 1/1/1972-31/12/1991 240 1/1/1992-31/12/2000 108
Tagus 324 1/1/1974-31/12/1993 240 1/1/1994-31/12/2000 84
Yangtze 360 1/1/1972-31/12/1991 240 1/1/1992-31/12/2001 120
Yellow 360 1/1/1972-31/12/1991 240 1/1/1992-31/12/2000 120

2.7. Hydrological indicators
To explore how the derived MMCs captured different aspects of hydrological
performance in each catchment, we calculated four hydrological indicators from the
monthly time-series of runoff:
1) Mean annual runoff (MAR): the mean total annual runoff across all years in
the time-series.
2) Q5: the magnitude of monthly runoff that is exceeded 5 % of the time in the
time-series, and thus an indicator of high flow.
3) Q95: the magnitude of monthly runoff that is exceeded 95 % of the time in
the time-series, and thus an indicator of low flow.

4) Magnitude of long term mean monthly runoff (MMR).

3. Results and discussion

3.1. The performance gap between GHMs and CHMs

Our first objective was to assess whether MMCs of GHMs and CHMs perform better
than their respective EMs and individual models, and to compare the performance
of MMCs between the GHM and CHM ensembles. Therefore, first we calculated the
performance of the EM as well as of the individual models that comprise each
ensemble, to understand what might be driving any differences in EM performance

between the GHMs and CHMs.
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Table 3 shows the IPE metrics for the GHM and CHM ensembles and their EM,
computed from monthly runoff time-series for the out-of-sample validation period
(see Table S8 for IPE scores of individual GHMs and CHMs). There is a clear
performance gap, where overall, the GHMs do not perform as well as the CHMs.
Based on the mean IPE statistics across all CHMs and GHMs respectively, the CHMs
perform better than the benchmark (simple model) for all model-catchment
combinations, which is in stark contrast to the GHMs, where the majority of model-
catchment combinations perform below the benchmark. The Yangtze is the only

catchment where the mean IPE for the GHMs is better than the benchmark.

The performance gap is clearly evident from the EMs of the two types of model. The
IPE scores are -2.48 and 0.75 for the CHM and GHM ensembles respectively, as a
mean across all catchments (Table 3). The EM for the GHMs performs better than
the benchmark in only three of the catchments (shaded grey in Table 3) whereas
the EM for the CHMs performs better than the benchmark in all eight catchments.
However, the EM for the CHMs rarely performs better than the best performing

individual CHM (only for three catchments; shaded in Table 3).

The performance gap can in part be explained by model calibration: all the CHMs
were calibrated whereas only one GHM was calibrated (WaterGAP2). Other
comparative GHM-CHM evaluation studies (Piniewski et al., 2014, Hattermann et al.,
2018) also attribute the performance gap to model calibration (or the lack of it).
However, it should be noted that model calibration is not a guarantee that a model
will perform better than the benchmark, as the Max statistics indicate that there
are several model-catchment combinations where the CHMs do not outperform the
benchmark (unshaded cells in Table 3). Simply concluding that all GHMs should be
calibrated is not the solution to closing the performance gap. The practical way
forwards is more nuanced; the calibration of GHMs is precluded by a lack of globally
available and complete time-series of runoff data. For instance, WaterGAP2 was
only calibrated for 1,319 catchments, covering 54% of the global land area except
Antarctica and Greenland (Miiller Schmied et al., 2016). Thus there is a need for
improved datasets of observed runoff for comprehensively calibrating GHMs. Once

this paucity of data is addressed, GHM modelling teams can then work towards the
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routine calibration of their models, which may in turn help to reduce the

performance gap.

Furthermore, the GHM-CHM differences are in part due to the representation of
physical processes at different spatial resolutions (finer for CHMs). Whilst not the
focus of this study, it will be interesting to see whether the performance gap
reduces over the next decade in line with increases in the resolution of GHMs,
because the two scales of model are beginning to merge in terms of spatial
resolution and areas of applicability (Gosling et al., 2016), for example, versions of
WaterGAP have been applied globally with WaterGAP2 (Miller Schmied et al.,
2016) and regionally with WaterGAP3 (Eisner, 2016); DBH has been run both
regionally and globally (Tang et al., 2007); and different versions of HYPE (Donnelly

et al., 2015) have been run at catchment- and continental-scales.

Sampling bias, introduced by the different sizes of the two ensembles may also
explain the performance gap. The relatively smaller number of CHMs may represent
only a limited sample of the true hydrological model spread that would arise from
using all the CHMs that are in existence (Gosling et al., 2016). Thus the spread of the

CHM ensemble is likely underestimated (as may be the GHM ensemble).

Overall the results suggest that the EM may not be the most appropriate statistic to
use when presenting results from an ensemble of individual models. The EM is
often used in ensemble studies (Phillips and Gleckler, 2006, Gosling et al., 2010,
Sanderson and Knutti, 2012, Hattermann et al.,, 2017) but our results show that
doing so inherently overlooks the fact that some of the models that make up the
ensemble perform better than the EM. It may, in some circumstances, be more
appropriate to present the results of the best performing individual model and/or
to compute a more robust statistic than the EM which accounts for the relatively
better and poorer performing models in the ensemble. This can be achieved
through MMC. Furthermore, the variable performance of the EM means that a
decision should not be taken a priori to use the EM as the basis of a model
evaluation exercise (Van Loon et al., 2012, Gudmundsson et al., 2012, Schewe et al.,
2014, Beck et al., 2016), without considering its performance relative to the models
it is summarising. We also acknowledge that the performance of EM can depend on

the evaluation metric applied (Rougier, 2016).
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Table 3. Statistics of the IPE scores for the GHM and CHM ensembles, and IPE sores for their EM and MMC Solutions (all
computed for the out-of-sample validation period). Grey shading denotes where the models, the EM, or MMC solution
outperforms the benchmark model. The best performing of all individual models (i.e. GHMs or CHMs), the EM and all
MMC solutions, for each catchment is in bold. Red text denotes where an MMC solution does not perform better than
the best individual model or EM, while green denotes where an MMC does.

GHMs
IPE statistics over GHMs EM MMC Super-ensemble MMC
Catchment
Min Max Mean SD of Mean
Upper Amazon -1.43 2.99 1.46 1.32 1.24 -1.78 -1.95
Lena -1.67 1.92 0.40 1.47 -1.15 -2.14 -3.36
Upper Mississippi -1.40 6.57 1.62 2.44 1.20 -1.42 -2.60
Upper Niger -1.30 12.98 5.99 4.43 4.42 -1.66 -2.06
Rhine -2.51 5.34 1.88 2.25 1.53 -2.53 -3.66
Tagus -1.26 4.43 1.78 1.63 1.70 -1.68 -2.13
Yangtze -1.73 1.44 -0.77 1.31 -1.79 -3.27 -3.05
Yellow 1.14 441 2.19 1.18 -1.18 -1.15 -1.53
Mean* -0.88 3.52 1.82 1.45 0.75 -1.95 -2.54
CHMs
IPE statistics over CHMs EM MMC Super-ensemble MMC
Catchment
Min Max Mean SD of Mean

Upper Amazon -1.99 1.46 -1.06 1.15 -1.48 -1.98 -1.95
Lena -3.40 1.29 -1.83 1.90 -1.99 -2.17 -3.36
Upper Mississippi -2.18 -1.14 -1.60 0.33 -2.47 -1.73 -2.60
Upper Niger -2.22 1.46 -0.86 1.52 -1.68 -1.58 -2.06
Rhine -3.77  -2.15 -2.99 0.66 -5.58 -4.36 -3.66
Tagus -1.50 1.11 -0.15 141 -1.32 -1.61 -2.13
Yangtze -3.59 -2.31 -2.93 0.70 -3.86 -3.86 -3.05
Yellow -1.72 1.11 -0.97 1.05 -1.44 -1.69 -1.53
Mean* -2.27 0.06 -1.75 0.80 -2.48 -2.37 -2.54

*For the four first columns are statistics for mean IPE scores calculated across all catchments for individual models (see Table S8)
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Table 4. Performance gain (PG) achieved by the EM and MMCs (both relative to the best individual model), and the PG achieved by MMC
relative to the EM. Grey shading denotes performance gain. The best performing model combination, i.e. the EM or one of the MMCs,
is shown in bold for each catchment.

GHMs
IPE PG over best individual GHM (%) PG over GHM EM (%)
Catchment Best Super-nsemble Super-ensemble Super-ensemble
o EM O Mme P e EM mmc P e MMC P e
Upper Amazon -1.43 1.24 -1.78 -1.95 -466.9 54 51.5 402.3 418.4
Lena -1.67 -1.15 -2.14 -3.36 -51.9 46.9 168.8 98.8 220.6
Upper Mississippi -1.40 1.20 -1.42 -2.60 -459.2 2.4 120.6 361.7 479.8
Upper Niger -1.30 4.42 -1.66 -2.06 -772.4 35.7 75.9 708.1 748.2
Rhine -2.51 1.53 -2.53 -3.66 -603.2 2.1 115.5 505.3 618.7
Tagus -1.26 1.70 -1.68 -2.13 -495.7 42.3 86.8 438.1 482.5
Yangtze -1.73 -1.79 -3.27 -3.05 5.7 154.2 132.1 148.5 126.4
Yellow 1.14 -1.18 -1.15 -1.53 331.9 328.5 367.0 -3.4 35.1
Mean 0.75 -1.95 -2.54 -314.0 81.0 139.8 3324 391.2
CHMs
IPE PG over best individual CHM (%) PG over CHM EM (%)
Catchment Best Super-ensemble Super-ensemble Super-ensemble
o EM O MMcC P e EM  MMC P e MMC P e
Upper Amazon -1.99 -148 -1.98 -1.95 -51.3 -0.8 -4.5 50.6 46.9
Lena -3.40 -199 -2.17 -3.36 -141.1 -123.2 -4.2 17.9 136.8
Upper Mississippi -2.18  -2.47  -1.73 -2.60 29.3 -44.7 42.1 -74.0 12.8
Upper Niger -2.22 -1.68 -1.58 -2.06 -54.2 -63.6 -15.9 9.4 38.3
Rhine -3.70 -5.58 -4.36 -3.66 187.5 66.0 -3.8 12-1.6 -191.4
Tagus -1.50 -132 -1.61 -2.13 -18.4 10.7 62.7 29.1 81.1
Yangtze -3.59 -386 -3.86 -3.05 28.2 26.8 -54.0 -14 -82.2
Yellow -1.72 -1.44  -1.69 -1.53 -27.6 -2.6 -19.0 25.0 8.6
Mean -2.48  -2.37 -2.54 -5.9 -16.4 0.4 -10.5 6.4
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3.2. Comparison of MMC performance to the EM, individual models and between

ensembles

Table S4 and Table S5 show the MMC equations for the GHM and CHM ensembles
respectively. The MMCs derived from the GHMs outperform the best individual
GHM as well as the EM in all catchments except for the Yellow (Table 3). This
contrasts with the CHM ensemble, where in six catchments, the MMC for the CHMs
fails to outperform either the best individual CHM or the ensemble mean. Generally,
better (smaller) IPE scores are delivered by the individual CHMs, the EM of the
CHMs, and the MMCs of the CHMs, than their global counterparts; the Upper Niger

and Tagus are exceptions.

When considering the aggregated results across all catchments, while the MMCs
derived from the GHMs deliver large performance gains relative to both the best
individual GHM (81%) and the GHM EM (332%), the MMCs derived from the CHMs
yield lower performance relative to both the best individual CHM (-16.4%) and the
CHM EM (-10.5%) (Table 4). Thus, according to our results, the improvement in
performance that can be delivered by MMC varies according to the performance of
the individual models that comprise the ensemble. In our case, MMC offers limited
ability to improve the performance of an ensemble that performs well relative to a

benchmark (here the CHMs, which have a mean IPE of -2.48 for the EM; Table 3).

The inability of the MMCs derived from the CHMs to deliver improvements in
performance over the best individual CHM and the EM could in part stem from the
calibration of the CHMs. An ensemble of calibrated models, which typically result in
a tight(er) range of simulations that are all close to observed runoff with little inter-
model spread (Gosling et al., 2016), provides less opportunity for the GEP algorithm
to learn from the simulations than if the models are uncalibrated, because all
individual models have been tuned to closely match observed data. They will
therefore all perform in a relatively similar manner, perhaps all modelling certain
aspects of hydrology well, but others poorly. Thus we see value in including both
calibrated and uncalibrated models as inputs to MMC solutions because the
uncalibrated models may inherently replicate certain aspects of the hydrological

regime that the calibrated models do not.
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The finding that MMC can show lower performance relative to both the EM and the
best individual model (as it did with the CHMs) may also in part be due to the
excessive structural complexity of the MMC equations (Tables S4 and Table S5),
which comprises 3 components. The evolutionary algorithm was constrained to
deriving a MMC solution that had three components and no less. If left
unconstrained, the algorithm may have converged on an MMC solution that
comprised fewer components. To explore this, we repeated the evolutionary MMC
process for the GHM and CHM ensembles except this time constraining the MMC to
2 components instead of 3, thereby constraining the GEP process to deliver a less

complex solution.

The 2-component MMC for the CHM ensemble resulted in modest performance
gains over the original 3-component MMC (Table S8). The IPE scores improved in 5
catchments relative to the 3-component MMC. Overall, as a mean across all
catchments for the CHM ensemble, the 2-component MMC resulted in
performance gains over the best individual CHM of 16.4% and the EM of 22.4%
(Table S9) compared to respective performance losses of -16.4% and -10.5%
achieved with the 3-component MMC (Table 4). However, reducing the complexity
did not yield a performance gain relative to the EM in every catchment: the Niger,
Rhine and Yellow are exceptions. Residual plots of observed versus simulated runoff
for these catchments (Figure S3) reveal a lack of structural diversity (Upper Niger) or
similar residual structures (Rhine and Yellow) for the CHMs, which may explain why
MMC was unable to deliver runoff estimates that perform better than the EM in

these three catchments.

Whilst constraining the MMC to a higher level of complexity (3 components)
generally resulted in better MMC performance for the GHM ensemble relative to
the less complex MMC, it generally lowered performance for the CHM ensemble
(Table S8). This confirms that in some cases (here, for the CHM ensemble),
constraining the evolutionary GEP algorithm to converge on an MMC solution with
too many components (i.e. a higher complexity) can actually deteriorate the
performance of the MMC when compared to constraining it to fewer components

(i.e. lower complexity) and/or letting a solution converge from an unconstrained
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evolutionary algorithm. An important conclusion, therefore, is that whilst intuitive,
an a priori assumption that a more complex MMC will deliver a better performing
model, is invalid. We recommend that in future applications MMCs are either
derived from an unconstrained evolutionary process, or a sensitivity analysis is

conducted that involves different constraints, such as we demonstrated here.

3.3. Performing MMC with the super-ensemble

The MMCs derived from the super-ensemble generally performed better than the
respective EMs from the GHMs and CHMs. The mean IPE across all catchments for
the super-ensemble MMC is -2.54, which contrasts with IPEs for the GHM EM of
0.75 and -2.48 for the CHM EM (Table 3). In terms of performance gain, this
represents a significant improvement relative to the best individual GHM and GHM
EM: the mean improvement (performance gain) is 139.8% and 391.2% respectively
(Table 4). The performance gains relative to the best individual CHM and CHM EM
are more modest: 0.4% and 6.4% respectively. Nevertheless, whilst small, these are
performance gains and it is worth recalling that deriving MMCs from only the CHM
ensemble yielded reductions in performance relative to the CHM EM and best

individual CHM.

At the aggregate level across multiple catchments the inclusion of more input
models (i.e. GHMs and CHMs) to the MMC improves the performance of the MMC
relative to including fewer input models. This is demonstrated by the lower (i.e.
better) IPE values observed with the super-ensemble (mean IPE of -2.54 across all
catchments) compared with the IPE scores for the MMCs of GHM and CHM

ensembles (-1.95 and -2.37 respectively).

The quantification of model performance is to an extent dependent upon the
metric used to calculate performance as well as the hydrological indicators assessed
(Zaherpour et al., 2018a). Here we used IPE with the time-series of monthly runoff.
Therefore, we also calculated the Percentage Bias (PBIAS; Table 5) for MAR, Q5 and
Q95, to explore the robustness of our finding that including more input models to

the MMC through a super-ensemble generally improves MMC performance. As a
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mean across all catchments, the super-ensemble MMC delivers a PBIAS that is
lower (i.e. better) than the GHM MMCs and CHM MMCs for hydrological extremes,
i.e. Q95 and Q5 (Table 5). However, for MAR, the GHM MMC performs better than
the super-ensemble MMC. Therefore, the extent to which the inclusion of more
models to the MMC development process improves performance is, in our case,
dependent upon the hydrological indicator of interest. The results also vary by

catchment.

We also explored how the super-ensemble performed compared to the GHM and
CHM MMCs, by calculating the relative differences between the simulated and
observed seasonal cycle (MMR) for the out-of-sample validation period (Figure 3;
absolute monthly runoff is displayed in Figure S2). The spread in relative difference
for the GHM ensemble is noticeably wider than that of the CHM ensemble, and in
general, CHMs reproduce the observed seasonal cycle well, with narrow ranges of
uncertainty. This is partly the result of targeting the minimisation of volumetric
error as a calibration objective for the CHMs (Hattermann et al., 2017). Despite the
wider spread for the GHM ensemble, its MMC compares favourably to that of the
CHM EM in the majority of the catchments, especially the Rhine, Tagus and Yellow.
Across the majority of the catchments the super-ensemble delivers smaller errors
than the EMs and MMCs from the GHM and CHM ensembles. This is particularly
evident for the Lena, Niger, Rhine, Tagus and Yellow. The super-ensemble generally
has the effect of reducing the over-estimation of runoff seen in the EMs and MMCs
from the GHMs and CHMs. The super-ensemble MMC does not necessarily deliver
the best performance in every month of the year, however. In part, this is the result
of calibrating the MMCs on annual monthly time-series of data — better
performance might be possible by developing MMCs for each month in turn, but

this would require a significant increase in computation resource.
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Table 5. PBIAS (%) calculated for the out-of-sample validation period for
MAR, Q5 and Q95, for individual catchments and as a mean across all
catchments. The EMs and MMCs are ranked according to their mean PBIAS.

2 2 e 2 2 2 g £
g & = S > > 2 2
2 2 g % g £ 2 2
5 5 3 3
=2 =2
o (¢
< £
[3)
Upper Amazon -22.6 -0.4 -35 1.4 -13.7 1.8
Lena -13.3 12.8 0.9 14.3 -7.8 -5.5
Upper Mississippi 36.1 -9.9 -3.3 111 17.7 -0.9
Upper Niger 154.8 15.7 29.4 25.8 96.3 11.9
MAR Rhine 37.9 2.4 -1.9 2.2 18.0 -1.7
Tagus 68.6 -18.6 13.3 5.2 50.1 5.4
Yangtze -11.8 -3.2 0.3 5.7 -7.8 9.3
Yellow 21.2 7.6 18 12.2 19.8 18.9
Mean 33.9 0.8 6.7 9.7 21.6 4.9
Rank 6 1 3 4 5 2
Upper Amazon -20.1 0.5 -2.7 2.2 -12.8 2.7
Lena -17.5 14.3 -3.7 11.5 -12.2 -6.6
Upper Mississippi 17.8 -22.0 -9.9 -1.6 4.9 -6.7
Upper Niger 133.7 15.0 25.6 27.7 83.3 16.3
Qs Rhine 33.8 0.4 -14 3.4 16.2 -0.4
Tagus 43.7 -26.9 4.5 3.9 30.6 5.6
Yangtze -14.3 -5.5 0.8 11 -9.3 4.0
Yellow -1.9 -4.8 -1 -3.9 -1.5 0.2
Mean 21.9 -3.6 1.5 5.5 12.4 1.9
Rank 6 3 1 4 5 2
Upper Amazon -22.5 1.2 -2.7 2.1 -13.3 2.3
Lena -14.5 1.9 -1.5 9.6 -9.5 -10.5
Upper Mississippi 47.7 -10.0 -9.5 13.0 21.0 -7.7
Upper Niger 206.6 34.8 36.8 25.0 127.3 12.3
Q95 Rhine 39.7 2.5 -34 -0.6 18.1 -7.1
Tagus 127.2 -41.2 42.4 -11.9 98.9 -24.7
Yangtze -11.0 0.5 3.1 8.9 -6.3 13.2
Yellow 23.6 -18.9 25 21.2 24.2 27.8
Mean 49.6 -3.6 11.3 8.4 32.6 0.7
Rank 6 2 4 3 5 1
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Figure 3. Relative differences (%) between the simulated and observed seasonal cycles
(MMR) for the out-of-sample validation period.

Our results broadly indicate that the inclusion of more input models (i.e. GHMs and
CHMs) to the MMC improves the performance of the MMC relative to including
fewer input models, albeit with some subtle variations that have been noted. The
main reason for this is that there is enough diversity, i.e. good-fitting simulations of
different magnitudes of runoff amongst different models (GHMs and CHMs;
demonstrated by the residual plots of observed versus simulated runoff in Figure S3
and Figure S4) that are input to the GEP process. This in turn means that the GEP

process can learn and exploit the additional information to improve the overall
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performance of the MMC relative to when fewer models are included. This is
especially apparent for extreme runoff (i.e. Q5 and Q95). GHMs and CHMs find it
harder to simulate extremes of runoff than MAR, with ability varying across
catchments and by model (Zaherpour et al., 2018a). This creates a complex matrix
of models’ ability to represent extremes, e.g. one model might be the best for Q95
in one catchment but then perform weaker in a different catchment; and that
model might not perform so well for Q5. Therefore, including more models in the
GEP process delivers greater improvement for Q5 and Q95 than it does for MAR

because the GEP algorithm is able to draw upon a more diverse set of simulations.

Our observation that MMCs perform better when more models are used as input
has important implications for future studies, for which we recommend that: 1) the
EM is not used as the main (or only) summary of ensemble performance, when
presenting the results from an ensemble of GHMs and/or CHMs, as an individual
model or a MMC may perform better; and 2) studies seek to include as many
individual models in their assessment as is feasible, with a means to weighting

those models to deliver a MMC solution.

However, we acknowledge that a pragmatic decision should be made on whether to
derive MMCs from an ensemble. Deriving MMCs requires a computational and time
resource that is significantly greater than selecting the best individual model from
an ensemble. Our results show only a small improvement in performance from
using the super-ensemble MMC relative to using the best individual CHM
(performance gain of 0.4%). It may therefore in some cases be more efficient to
simply select the best individual model as one indicator of ensemble performance,
as opposed to deriving an MMC. Nevertheless, in such cases we would still
recommend including the range of projections from the ensemble so that the

(known) uncertainty range is displayed.

3.4. Harnessing value from GHMs and CHMs of variable performance
GEP preferentially selects or deselects individual models based upon their
performance for inclusion in the symbolic regression equations that comprise the

MMC. Table 6 shows the relative contributions of each GHM and CHM respectively
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to the MMCs developed for each catchment. The MATSIRO GHM contributes to all
MMCs, even though it is not the best performing individual GHM (Table S8).
WaterGAP2 is the most frequent contributor to the first of the three components
that make up each symbolic regression equation because the model’s superior
performance relative to the other GHMs makes it a good candidate as the basis of
developing a symbolic regression equation. However, the inclusion (or not) of a
model in a MMC should not be wholly interpreted in terms of its ‘stand-alone’
performance. Indeed, WaterGAP2, which is the best performing GHM in terms of
IPE (Table S8), does not appear in every MMC. Models with relatively weak
performance may be included in the MMC because their runoff simulations have
specific structures that can be exploited to deliver numerical adjustments to
consistent weaknesses in better performing models. CLM, HO8 and PCR-GLOBWB
appear to be regularly used in this way because in some catchments they contribute
only to the second or third components of the symbolic regression equations that
comprise each MMC. The infrequent contribution of HO8 GHM to the MMCs and its
lack of contribution to the first component across the MMCs may reflect general
weaknesses in HO8’s stand-alone performance relative to the other models and/or
indicate patterns of fit that are difficult to exploit as adjustment mechanisms for the
other GHMs. Nevertheless, our results show that generally the MMC approach is
able to harness value from models that overall perform weakly, including
uncalibrated models. The CHM MMCs support this, as the weakest performing CHM,
in terms of IPE, WaterGAP3, appears in the MMCs for around 50% of the
catchments. Likewise, the MMCs from the super-ensemble (Table S10) use both
GHMs and CHMs, even though overall the CHM ensemble performs better than the
GHM ensemble; overall, 10 GHMs and 16 CHMs contribute to the MMCs derived

from the super-ensemble across all eight catchments.

An alternative, less objective approach than MMC, where models are not
computationally and intelligently selected/deselected might result in the
abandonment of some models from the ensemble based upon their evaluation
metrics. This might typically occur following human decision-making following an

assessment of model evaluation metrics. MMC on the other hand is able to harness
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value from such models. This is noteworthy because considerable resources have
been invested in hydrological models over recent decades. An approach such as
MMC that is able to identify strengths and value from models of variable
performance is therefore of significance to, and encouraging for, the hydrological

modelling community as a whole.

Table 6. Contribution of the individual GHMs and CHMs to the MMCs derived
for each catchment. Crosses in underlined bold (and totals in brackets) indicate
the inclusion of the GHM in the first component of the symbolic regression equation.

GHMs
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Upper Amazon X X X X 4(1)
Lena X X X X 4(2)
Upper Mississippi X X X X X 5(2)
Upper Niger X X X X 4(1)
Rhine X X X X X 5(1)
Tagus X X 2(1)
Yangtze X X X X 4(2)
Yellow X X 2(2)
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Upper Amazon X X X X X 5(4)
Lena X X X 3(1)
Upper Mississippi X X X X 4(1)
Upper Niger X X X 3(2)
Rhine X X X X 4(2)
Tagus X X X X 4(1)
Yangtze X X X 3(1)
Yellow X X X 3(1)
Total 0(0) 5(3) 1(1) 2(1) 43) 2(0) 5(2) 5(3) 5(1)
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4. Summary

Our results lead us to two unconventional conclusions that contrast significantly
with predominant thinking on how to deal with: 1) poorly performing hydrological
models in an ensemble; and 2) uncalibrated models. As regards the former, it is
often suggested, and intuitively assumed (Krysanova et al., 2018), that poorly
performing models should be excluded from an ensemble because they lower the
performance of the ensemble mean and because they are unreliable. However,
here we have demonstrated value in such models because they can be used to
adjust the simulations from other models that are input to the MMC development
process. We recommend that future applications of MMC include as many
hydrological models as input, as is feasible, since our results show that generally,
when aggregated across multiple catchments, MMCs developed from a super-
ensemble perform better than individual models and the ensemble means of only

GHMs and CHMs.

Our other main conclusion is that we see significant value in simulations from both
calibrated and uncalibrated models. GHMs are often criticised for not being
calibrated — a fact that is in part due to the paucity of complete and globally
distributed observed runoff time-series. Here we showed that deriving a MMC from
a super-ensemble that includes both calibrated (CHMs) and predominantly
uncalibrated models (GHMs) performs better on average than the ensemble means
of the calibrated and uncalibrated models. This is because the uncalibrated models
may inherently replicate certain aspects of the hydrological regime that the

calibrated models do not.

Whilst we are able to draw the above two conclusions from our analyses we note
that there are a number of subtleties that underlie these general conclusions that
are applicable at the aggregated level across multiple catchments. The
improvements in performance delivered by MMC can vary at the individual
catchment level, in different months of the year, and also by hydrological indicator.
Furthermore, the constrained complexity of the MMCs can affect their performance
and research into assessing the optimal balance between complexity and parsimony

of the symbolic regression equations delivered by GEP is encouraged.
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We encourage the hydrological community to embrace the multitude of GHMs and
CHMs that exist in the two modelling communities and to collaborate more on
cross-scale super-ensemble studies. This will lead to enhanced understanding of the
hydrological cycle, the strengths and limitations of the current state-of-the-art
models used in hydrological modelling, and in turn better informed simulations of

hydrological change.
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Abstract

Human activity has a profound influence on river discharges, hydrological extremes and
water-related hazards. In this study, we compare the results of five state-of-the-art global hydrological
models (GHMs) with observations to examine the role of human impact parameterizations (HIP) in
the simulation of mean, high- and low-flows. The analysis is performed for 471 gauging stations
across the globe for the period 1971-2010. We find that the inclusion of HIP improves the
performance of the GHMs, both in managed and near-natural catchments. For near-natural
catchments, the improvement in performance results from improvements in incoming discharges
from upstream managed catchments. This finding is robust across the GHMs, although the level of
improvement and the reasons for it vary greatly. The inclusion of HIP leads to a significant decrease in
the bias of the long-term mean monthly discharge in 36%—73% of the studied catchments, and an
improvement in the modeled hydrological variability in 31%-74% of the studied catchments.
Including HIP in the GHMs also leads to an improvement in the simulation of hydrological extremes,
compared to when HIP is excluded. Whilst the inclusion of HIP leads to decreases in the simulated
high-flows, it can lead to either increases or decreases in the low-flows. This is due to the relative
importance of the timing of return flows and reservoir operations as well as their associated
uncertainties. Even with the inclusion of HIP, we find that the model performance is still not optimal.
This highlights the need for further research linking human management and hydrological domains,
especially in those areas in which human impacts are dominant. The large variation in performance
between GHMs, regions and performance indicators, calls for a careful selection of GHMs, model
components and evaluation metrics in future model applications.

© 2018 IOP Publishing Ltd
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1. Introduction

Human activity has a profound influence on river
discharges, hydrological extremes and water-related
hazards, like flooding, droughts, water scarcity and
water quality issues (van Loon et al 2016, Liu et al
2017, Padowski et al 2015, Veldkamp et al 2017, Wada
et al 2011, Winsemius et al 2016). As a result, research
efforts have been made to parameterize human activ-
ity in global hydrological models (hereafter GHMs; a
full list of abbreviations is presented in supplemen-
tary table 2 available at stacks.iop.org/ERL/13/055008/
mmedia) (Bierkens 2015, Pokhrel et al 2016). These
model parameterizations include the incorporation of
dam and reservoir operations, the representation of
human water use and return flows, and representations
of land use, land management and land cover change
(Pokhrel et al 2016, Wada et al 2016a, 2017).

GHMs are widely used in scientific studies. For
example, they have been used to assess the histori-
cal and future impacts of socioeconomic developments
and/or hydro-climatic variability and change on fresh-
water resources, droughts and water scarcity (Biemans
et al 2011, DSl et al 2009, Doll and Miiller Schmied
2012, Fujimori et al 2017, Gosling et al 2017, Had-
deland et al 2006, 2007, 2014, Hanasaki et al 2013,
Van Huijgevoort et al 2013, Kummu et al 2016,
Miiller Schmied et al 2016, Munia et al 2016, Rost
et al 2008, Veldkamp et al 2015a, 2015b, 2016, 2017,
Wada et al 2011, 2013a, 2013b, 2014a, Wanders
et al 2015). They are also increasingly used in prac-
tice. Global institutions are relying on GHMs more
and more to conduct first-order assessments of water-
related hazards, because data, time or resources are
in short-supply for setting-up and executing multi-
ple in-depth local studies. For example, GHMs have
provided input into a multitude of high-level policy
documents, such as the UN World Water Develop-
ment Reports (e.g. Alcamo and Gallopin 2009), Global
Environmental Outlooks (UNEP 2007), the World
Bank series on climate change and development (Hal-
legatte et al 2016, 2017 and IPCC assessment reports
(IPCC 2007, 2013).

As GHMs continue to improve in terms of detail,
granularity and speed, their importance for global,
regional and local applications is likely to increase
further (Bierkens 2015). Therefore, it is essential to
have a thorough understanding of how well these
GHMs represent real-world hydrological conditions.
However, most GHM validation studies are limited to
near-natural river catchments and make use of natu-
ralized discharge data (Beck et al 2016, Gudmundsson
et al 2011, 2012). Studies that have validated GHM
simulations where human activity is included have
either focused on a single GHM and/or a few selected
river catchments (Biemans et al 2011, D3l et al 2003,
2009, De Graaf et al 2014, Haddeland et al 2006,
Masaki et al 2017, Miiller Schmied ef al 2014, Pokhrel
et al 2012, Wada et al 2011, 2013a, 2014a).
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To date, a comprehensive validation of the abil-
ity of multiple GHMs to represent the influence of
human activity on discharge and hydrological extremes
in near-natural and managed catchments is missing. As
a result, there is a limited understanding of whether
(and where) the parameterization of human activ-
ity in GHMs leads to an increase (or decrease) in
model performance. To address this issue, the main
objectives of this study are: (a) to evaluate the per-
formance of five state-of-the-art GHMs that include
the parameterization of human activity in their mod-
eling scheme; and (b) to compare the performance of
these GHMs when run with and without human impact
parameterizations.

2. Data and methods

The overall methodological framework used in this
study is shown in figure 1. In brief, the method
involves three main steps: (1) obtaining modeled
river discharges from GHMs with human impact
parameterizations (HIP) and without human impact
parameterization (NOHIP); (2) selecting the observed
river discharge data; and (3) evaluating model perfor-
mance. Each of these steps is explained in the following
subsections.

2.1. Obtaining modeled river discharge from GHMs
with and without HIP
We used a modeled monthly discharge (0.5° % 0.5°
spatial resolution) for the period 1971-2010 from five
GHMSs: HO8 (Hanasaki et al 2008a, 2008b), LPJmL
(Bondeau et al 2007, Rost et al 2008, Schaphoff et al
2013), MATSIRO (Pokhrel et al 2012, 2015, Takata
et al 2003), PCR-GLOBWB (van Beek et al 2011,
Wada et al 2011, 2014b) and WaterGAP2 (Mdiller
Schmied et al 2016). All simulations were carried out
under the modeling framework of phase 2a of the
Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP2a: www.isimip.org/protocol/#isimip2a). For
each GHM, we used two simulations: (1) HIP: a model
run including time-varying land use and land cover
change, historical dam construction and operation, irri-
gation and upstream consumptive water abstractions;
and (2) NOHIP: a ‘naturalized’ model run without HIP.
An overview of the model characteristics of each
of the GHMs, and the methods used to parameter-
ize hydrological processes and human impact, can be
found in supplementary table 1, and details on each
GHM can be found in the individual model refer-
ences provided therein. In the following subsections,
we briefly outline the most important characteristics of
the hydrological and human impact parameterizations.

2.1.1. Parameterizations of hydrological processes

Each GHM in this study is forced with daily (MAT-
SIRO: three-hourly) inputs from the GSWP3 his-
torical climate dataset (http://hydro.iis.u-tokyo.ac.jp/
GSWP3). The GHMs applied in this study differ
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Monthly river
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Monthly river
discharge (NOHIP)
1971-2010,0.5%0.5°

1. Obtaining river discharge from GHMs with and without HIP
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2.Selecting observed river discharge data

Overall hydrological performance

Hydrological performance
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KGE

Hydrological performance
(NOHIP)
KGE

A hydrological

performance due to HIP
AKGE

Hydrological extremes
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A hydrological
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3. Evaluating model performance

Figure 1. A flowchart of the methodological steps taken in this study. Steps 1, 2 and 3 correspond to paragraphs 2.1, 2.2 and 2.3.
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in hydrological representation and parameterization
(supplementary table 1A). HO8 and MATSIRO model
the energy balance explicitly and use the bulk formula in
the evaporation scheme (Hanasaki et al 2008a, 2008Db,
Pokhrel et al 2012, 2015, Takata et al 2003). LPJmL,
PCR-GLOBWB and WaterGAP2 do not include the
energy balance explicitly and use the Priestley—Taylor
and Hammon formulas in their evapotranspiration
schemes (van Beek et al 2011, Bondeau et al 2007,
Miiller Schmied et al 2014, 2016, Schaphoft et al 2013,
Verzano et al 2012, Wada et al 2011).

To generate runoff, all GHMs use a saturation
excess formula, although the formula is integrated dif-
terently in the various GHMs. Snow accumulation and
melt are integrated in the modeling framework via
the energy balance (H08, MATSIRO) or by means
of a degree-day calculation method (LPJmL, PCR-
GLOBWB, WaterGAP2). All GHMs use a linear
reservoir method in their routing scheme. Whilst HO8,
LPJmLand MATSIRO route with a constant flow veloc-
ity (based on Manning-— Strickler), PCR-GLOBWB and
WaterGAP2 use variable flow velocities. The num-
ber of soil layers and their depths vary significantly
between GHMs, from one layer with varying depth
(e.g. WaterGAP2, H08) to 12 fully resolved layers.

2.1.2. Parameterization of human impact

All GHMs use a combination of socioeconomic and
hydro-climatological parameters to estimate sectoral
water demands (Hanasaki et al 2008a, 2008b, Miiller
Schmied et al 2016, Pokhrel et al 2015, Rost et al 2008,
Schaphoff et al 2013, Takata et al 2003, Van Beek et al
2011, Wadaetal2014b). Livestock water needs (supple-
mentary table 1B) are estimated by combining historical
gridded livestock density maps with their species-
specific water demands. Domestic water demands
(supplementary table 1C) are derived by applying a
time-series regression at the country-scale, accounting
for drivers like population and per capita GDP, and in
some cases (PCR-GLOBWB) total electricity produc-
tion, energy consumption and temperature. Industrial
water demands (supplementary table 1D) are based on
historical country-scale estimates from the WWDR-
II dataset (Shiklomanov 1997, Vorosmarty et al
2005, WRI 1998) and the FAO-AQUASTAT database
(www.fao.org/nr/water/aquastat/dbase/index.stm), for
PCR-GLOBWB and HO8 respectively. WaterGAP2
simulates global thermoelectric water use using spa-
tially explicit information on the location of power
plants. Manufacturing water demand is simulated
in WaterGAP2 for each country using its yearly
gross value added (GVA), and factors represent-
ing technological change and water use intensity.
The models estimate irrigation water use (supple-
mentary table 1E) by multiplying the area equipped
for irrigation with its utilization intensity, the total
crop-specific water requirements—determined by
the hydro-climatic conditions (temperature, precip-
itation, potential evapotranspiration, soil moisture,
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crop-growth curves, length and timing of the crop-
growth season), and a parameter that accounts for
irrigation water use efficiency.

LPJmL, HO8 and MATSIRO use surface water
(first) to accommodate the sectoral water needs
(supplementary table 1F). WaterGAP2 wuses the
groundwater to fulfill water demands, and surface water
is only used if enough is available. PCR-GLOBWB
applies a share of readily available groundwater
reserves, based on the ratio between simulated daily
base-flow and long-term mean river discharge, to be
used for consumptive water needs. The remainder
of the water needs are fulfilled in PCR-GLOBWB by
means of surface water. Whilst all GHMs deal consis-
tently with return flows (supplementary table 1G) for
industry (surface water, same day), domestic (surface
water, same day) and livestock (no return flow), returns
from irrigation water use are incorporated differently.
PCR-GLOBWB and HO08 allow excess irrigation water
return to the soil and groundwater layers by means of
infiltration and additional recharge. LPJmL and MAT-
SIRO return directly to the rivers, for which LPJmL
uses a fixed ratio of 50%. Excess irrigation water in
WaterGAP2 is returned to the surface waters using a
cell-specific artificial drainage fraction, while the rest of
the excess water is returned to the groundwater.

All GHMs include either irrigation and/or
non-irrigation purposes in their reservoir schemes
(supplementary table 1H), and PCR-GLOBWB also
includes flood control and navigation. The retro-
spective operation schemes of Hanasaki et al (2006),
Biemans et al (2011) and Haddeland et al (2006) form
the basis of the reservoir operation schemes in most
models. PCR-GLOBWB uses a prospective reservoir
operation scheme that integrates the efforts of Had-
deland et al (2006) and Adam et al (2007). HOS8 is
the only GHM that does not account for increased
evapotranspiration over reservoirs.

2.2. Selecting observed river discharge data
Observed monthly river discharge data was taken from
the Global Runoff Data Centre (GRDC, 56068 Koblenz,
Germany). From the 9051 gauging stations in the
GRDC database, we selected stations that meet the fol-
lowing criteria: (1) a minimum of 5years’ coverage
(not necessarily consecutive) during the period 1971—
2010 with a completeness of observations of >95%;
and (2) a minimum catchment area of 9000 km?, to
omit catchments whose hydrological processes can-
not be adequately represented by models operating at
0.5° X 0.5° (Hunger and Doll 2008). We discarded the
stations for which the difference in the catchment area
in the GRDC database and as estimated by using the
DDM30 river routing network (Doll and Lehner 2002)
is >25%.

We then made a distinction between near-natural
and managed catchments. Following Beck et al (2016),
a catchment is classified as near-natural if the share
of land-area subject to irrigation is <2% and the
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© Outlet stations

© Focus stations

analyses.

@ GRDC stations that meet selection criteria

Figure 2. The spatial distribution of GRDC stations used for this study. Each dot shows a GRDC station (1=9051) from the station
catalogue. Blue dots indicate all GRDC stations (7 =471) that meet the selection criteria, whereas the red dots refer to the stations
(n=92) that are located at the outlet of a catchment. The green dots indicate those stations (n=12) that were selected for detailed

o All GRDC stations

total reservoir capacity is <10% of its long-term mean
annual discharge. If these conditions were not met the
catchment was classified as managed. The classification
was based on the HYDE 3/MIRCA land cover dataset
(Fader et al 2010, Klein Goldewijk and Van Drecht
2006, Portmann et al 2010, Ramankutty et al 2008)
together with the Global Reservoir and Dam database
(Lehner et al 2011). Two stations shifted from near-
natural to human-impacted conditions between 1971
and 2010 and were discarded from further analysis.

The aforementioned steps resulted in 471 stations
with a total catchment area covering 19.8% of the
global land (figure 2), of which 92 are located at the
outlet of a catchment area. The mean length of obser-
vations is 32.8 years for all stations. Of all the stations,
226 are located in managed and 245 in near-natural
catchments. Of the stations located at the outlet of a
catchment, 45 are managed (4.8% of the global land
area) and 47 are near-natural (15.1% of the global land
area).

Figure 2 shows that the majority of selected sta-
tions (blue) are located in northern and Latin America,
Europe, southern Africa and Australia. The number
of stations in northern and central Africa and Asia
is relatively small. We selected 12 stations in river
basins located in different geographic regions (green
circles in figure 2: Amazonas, Amur, Colorado, Congo,
Guadiana, Mackenzie, Murray, Ob, Rhine, Tocantins,
Volga and the Zambezi) for which a detailed analy-
sis is provided in the supplementary results section
(supplementary).

2.3. Evaluating model performance

To evaluate the GHM simulation of monthly discharge
and hydrological extremes under HIP and NOHIP
conditions, we compared the modeled results with
observed river discharge data using several evaluation

metrics described below. To ensure a consistent com-
parison between the modeled and observed data, we
only used modeled data for the same years for which
observations were available. We also corrected modeled
discharges for potential over- and underestimations
caused by the difference in catchment size between the
model and the GRDC. To do this, we used a multiplier
that represented the difference in the upstream area
as reported by the GRDC and as estimated from the
DDM30 network.

First, we applied the modified Kling—Gupta effi-
ciency index (KGE) with its sub-components: the linear
correlation coefficient (rKGE), the bias ratio (fKGE)
and the variability ratio (yKGE) (Gupta et al 2009,
Kling et al 2012). The KGE is a widely applied indi-
cator for the validation of hydrological performance
in modeling studies at the global and regional scale
and provides a good representation of the ‘closeness’
of simulated discharges to observations (Huang et al
2017, Kuentz et al 2013, Nicolle et al 2014, Revilla-
Romero et al 2015, Thiemig et al 2013, 2015, Thirel
et al 2015, Wohling et al 2013). Moreover, use of its
three sub-components enables the identification of rea-
sons for sub-optimal model performance (Gupta et al
2009, Kling et al 2012, Thiemig et al 2013). This was
achieved by estimating for each sub-parameter its dis-
tance to optimal performance, and by subsequently
comparing these distances across the different sub-
parameters. The statistical significance of the change
in KGE outcomes due to the inclusion of HIP was
tested by means of regular bootstrapping (n= 1000,
p<0.05 (two-tailed)), following the method of
Livezey and Chen (1982) and Wilks (2006).

Second, we applied the Nash—Sutcliffe efficiency
test (NSE, Nash and Sutcliffe 1970) to evaluate the
representation of Q; (high-flow) and Qgg (low-flow)
conditions (e.g. Beck et al 2017a, Blosch et al 2013,
Hejazi and Moglen 2008, Mohamoud 2008), obtained
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under fixed threshold level settings (van Loon 2015).
By means of a two-sample Kolmogorov—Smirnov (KS)
test (Massey 1951, p<0.05) we tested how often HIP
leads to significant changes in the fit of the full modeled
exceedance probability curve for hydrological extremes
compared to the full observed exceedance probability
curve.

3. Results

3.1. Validation and influence of human impact
parameterization on overall model performance
Including the parameterization of human impacts in
the GHMs leads to a large improvement in over-
all model performance. The hydrological performance
under the HIP simulations shows a significantimprove-
ment compared to the NOHIP simulations for between
40.8% and 72.3% of the land area studied, depending
onthe GHM (figure 3(a)). For most GHMs, the positive
effects of including HIP in the simulations outweigh the
negative effects. This is the case for both near-natural
and managed catchments, although the positive effects
are more pronounced for the managed catchments
(figures 3(a)—(d)). Near-natural catchments are only
indirectly impacted by HIP, for example by receiving
improved or altered water simulations from upstream
managed catchments. The KGE sub-components show
significant improvement in performance in large shares
of the land area studied, especially for the bias and
variability ratio. The bias ratio improves significantly
for 36.1%-73.0% of the total land area for all catch-
ments, compared to 64.8%-90.6% and 24.3%—70.4%
in managed and near-natural catchments respectively
(figure 3(b)). For the variability ratio, improvements
were found for 31.4%-74.4% of the land area for all
catchments (48.9%-92.6% for the managed, 23.0%—
73.2% for the near-natural) (figure 3(¢)). The lowest
improvements are found for the correlation coefficient,
with improvements for 15.9%-58.1% of the total land
area for all catchments (22.1%-75.1% for the managed,
13.9%-61.4% for the near-natural) (figure 3(d)).

The results are shown for each station in figure
4 for the overall model performance (KGE), and in
supplementary figure 1 for the KGE sub-parameters.
The results show particularly strong improvements in
overall performance in Latin America, southern Africa
and the northwest US. There are only a limited num-
ber of stations for which the inclusion of HIP leads
to a significant decrease in overall hydrological perfor-
mance for the majority of GHMs or where no to limited
changes occur, for example in near-natural areas (e.g.
the Amazonas).

When considering overall hydrological perfor-
mance for each GHM under HIP conditions (figure
3(e)), WaterGAP2 and MATSIRO show the best per-
formance globally. Even though the simulations with
HIP include human impact parameterizations by def-
inition, all GHMs still show better performance in

W Letters

near-natural catchments than in managed catchments
(figures 3(e)—(h)). The KGE bias ratio values >1
indicate that all models systematically overestimate
long-term mean monthly discharge (figure 3(f)), up
to five-fold for LPJmL in managed catchments. For the
variability ratio (figure 3(g)), WaterGAP2 is the only
GHM that tends to slightly underestimate variability
(variability ratio <1) in the monthly discharge, in both
the managed and near-natural catchments. All other
GHMs show overestimations, up to 1.55 fold for LPJmL
for near-natural catchments. All GHMs show a reason-
able correlation with the observed monthly discharge
estimates (figure 3(h)), with values ranging between
0.49-0.69 in the managed catchments and 0.50-0.79 in
the near-natural catchments. The highest correlation
coefficients including HIP are found for WaterGAP2,
with a global mean value across all catchments of 0.76
(0.69 for the managed catchments and 0.78 for the
near-natural catchments).

For each catchment (and therefore its associated
land area), it is possible to distinguish which of the
KGE sub-parameters contributes most to sub-optimal
performance. These results are summarized in figure 5.
The results show that under HIP conditions, the bias
ratio contributes most to sub-optimal performance in
managed catchments for most GHMs, except Water-
GAP2 (for which the correlation coefficient contributes
most). For near-natural catchments, sub-optimal per-
formance is most often caused by the variability ratio
for HO8, LPJmL and WaterGAP2, by the bias ratio
for MATSIRO and by the correlation coefficient for
PCR-GLOBWB.

Spatially explicit results vary per GHM and are
shown in supplementary figure 3. The distribution
of dominant contributors to the sub-optimal overall
hydrological performance is similar for HO8, LPJmL,
and PCR-GLOBWB. For these GHMs, we find dom-
inant contributions from the bias ratio in southern
Africa, Australia and inland US, and dominant con-
tributions of the variability ratio and the correlation
coefficient in Latin America as well as at higher lati-
tude and altitude regions. For Europe, the dominant
contributions for HO8, LPJmL and PCR-GLOBWB are
the variability ratio, the correlation coefficient, and the
bias ratio respectively. The dominant contributors that
cause sub-optimal overall hydrological performance
for MATSIRO and WaterGAP2 are more equally dis-
tributed across the globe. While all sub-components
contribute to sub-optimal overall hydrological model
performance for MATSIRO, it is predominantly the
correlation coefficient and the variability ratio that
determines the sub-optimal performance in Water-
GAP2.

3.2. Validation and influence of human impact
parameterizations on the simulation of hydrological
extremes

The inclusion of HIP in the simulations affects the
ability of GHMs to estimate hydrological extremes cor-
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Figure 4. The number of GHMs with a significant improvement or deterioration in overall hydrological performance (KGE) due
to the inclusion of HIP. The figures for the underlying KGE sub-parameters (bias ratio, variability ratio, correlation coefficient) are
presented in supplementary figure 1; supplementary figure 2 shows the KGE performance values per GHM under HIP conditions.
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rectly in the majority of the land area studied (figure
6). The inclusion of HIP leads to better model per-
formance for all GHMs, across a substantial share of
the land area studied (figures 6(a)—(b)). For high-
tflows, HIP improves model performance significantly
across 34.6%-77.0% of the land area for all catch-
ments (36.4%-94.7% for managed, 24.1%-79.2% for
near-natural). For low-flows, HIP improves model per-
formance significantly across 39.4%-80.4% of the land
area for all catchments (29.3%-81.8% for managed,
42.7%-90.3% for near-natural). The KS-test results
(supplementary figure 4) show that HIP only leads
to significant changes in the representation of the
exceedance probability curve in a limited number of
cases for H08 and LPJmL (up to 14.1% of the land area
studied), predominantly in managed catchments.

Opverall, hydrological extremes are represented rea-
sonably well under HIP conditions, with globally
weighted mean NSE values ranging between 0.8-0.98
for high-flows, and 0.84-0.98 for low-flows (figures
6(c)—(d)). However, there is a significant difference
in the ability of the GHMs to represent hydrological
extremes between managed and near-natural catch-
ments.

Figure 7 indicates that for the majority of sta-
tions, the inclusion of HIP leads to an improvement
in the representation of hydrological extremes, for
most GHMs. A deterioration in the representation of
hydrological extremes across the majority of GHMs
as a result of the inclusion of HIP was only found in
selected areas, for example at higher latitudes and along
the east coast of the US. When comparing the results
for Q; high-flows with Qgg low-flows, no large dif-
ferences in the spatial distribution of the number of
GHMs are found with a significant improvement or
deterioration.

The effects of HIP on the magnitude of extreme
discharge differ for low-flows and high-flows (supple-
mentary figure 5). Whilst the magnitude of high-flows
mostly decreases with the inclusion of HIP, the
effects on the magnitude of low-flows are both
positive and negative. The convergence of results
towards higher observed discharges, in both high-
and low-flow estimates (as identified for all mod-
els in supplementary figure 5), indicates that HIP
becomes less important for the correct representa-
tion of hydrological extremes with increasing discharge
volumes.
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Table 1. The performance metrics used in this study and their calculation procedure. Here, s; and o; are the simulated and observed monthly
discharge at station 4 y and p, are the simulated and observed mean monthly discharge at station ; o, and o, are the standard deviation of
the simulated and observed discharge at station i, respectively; O and Q,, are the simulated and observed hydrological extremes.

Abbreviation ~ Name Calculation procedure Range and ideal value

KGE Modified Kling-Gupta KGE =1 — VrKGE* — 1)2 + (BKGE* — 1)2 + (yKGE* — 12 —co—1 (ideal value: 1)
efficiency index

KGE KGE correlation rKGE = iz (i 7#1) (01 o)

—1-1 (ideal value: 1)

coefficient (Pearson) Vi (sims Y \/ ;l (0r=t0s)
PKGE KGE bias ratio PKGE = g ;/u,; 0— oo (ideal value: 1)
O-.s',i/ I
yKGE KGE variability ratio  yKGE = 50/ - 0— oo (ideal value: 1)
T Ho i
IR
NSE Nash-Sutcliffe model NSE=1— Z(QS—Q_") —o0 —1 (ideal value: 1)
: 2(Q,-Q,)
efficiency
Q High-flow indicator ~ Monthly discharge (m s~3) that is exceeded on average in 1
out of 100 months
Qo Low-flow indicator Monthly discharge (ms~3) that is exceeded on average in 99
out of 100 months
KS Two-sample [h, p] = kstest2 (cdf (Qy), cdf (Q,), ‘Alpha’, 0.05)* For p > 0.05, Hy (the two cdfs
Kolmogorov—Smirnov coming from the same
test distribution) is not rejected.

2 The calculation procedure for the two-sample Kolmogorov—Smirnov test presented in the table is the Matlab function for the KS-test.
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Figure 6. Global weighted-mean (improvement (‘+’) or deterioration (‘=")) in the representation of hydrological extremes (Q,
high-flow and Qg9 low-flows) due to HIP, for all catchments, managed catchments, and near-natural catchments respectively. On
each box, the red mark indicates the median. The bottom and top edges of the box indicate the 25th and 75th percentiles of the model
ensemble, respectively.
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Figure 7. The number of GHMs with a significant improvement or deterioration in the representation of hydrological extremes due

4, Discussion

Our results show that including HIP in GHMs gener-
ally improves the overall hydrological performance of
the GHMs, as well as their representation of hydro-
logical extremes. However, we also show that further
improvements are needed. In this section, we discuss:
(1) possible reasons for the improved model perfor-
mance due to HIP; (2) the main limitations of the
current modeling frameworks and their representation
of HIP, as well as potential ways to improve them; and
(3) we reflect on the general limitations in the cur-
rent study design and provide suggestions for further
research.

4.1. Improvements in model performance due to
HIP and challenges ahead

Whilst the inclusion of HIP predominantly leads
to the largest improvements in simulated discharge
in the managed catchments, simulated discharge is
also improved in a large share of the near-natural
catchments. Improvements in model performance
associated with the inclusion of HIP can be attributed to
improvements in the different KGE sub-components,
and in turn to different model components

parameterizing hydrological and human processes. In
addition, insights into those factors bounding the
optimal hydrological model performance under HIP
conditions may help to identify priorities for further
model improvement.

4.1.1. Representation of long-term mean discharges
(bias ratio)

Our study shows that the representation of long-
term mean discharges significantly improved with the
inclusion of HIP, especially in the managed catch-
ments. The inclusion of HIP generally results in lower
simulated discharges. As most GHMs systematically
overestimate river discharges in the NOHIP simula-
tion, this results in an improved performance. When
HIP is included, we only find a deterioration in the
bias ratio in selected higher latitude/altitude regions,
where discharges are underestimated; this finding is in
line with the outcomes of single-model studies per-
formed by Doll e al (2009), De Graaf et al (2014)
and Haddeland et al (2006). Improvements in the bias
ratios due to the inclusion of HIP can be attributed
to the inclusion of water abstractions and return flows
(supplementary table 1B-G), and the incorporation
of irrigated areas and irrigation rules, which influence
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evapotranspiration rates and the generation of runoff
(supplementary table 1E).

However, despite improvement in the bias ratio
with the inclusion of HIP, this KGE sub-indicator
contributes most to sub-optimal performance in man-
aged catchments for H08, LPJmL, MATSIRO and
PCR-GLOBWB under HIP conditions. As the GHMs
continue to overestimate long-term mean discharges
in most cases under HIP conditions, future model
improvements should target the correction of this
bias in these locations. This may be achieved by
critically revisiting the methods used to represent evap-
otranspiration rates (supplementary table 1A), runoff
generation processes (supplementary table 1A) and
the level of water abstractions in managed catch-
ments (supplementary table 1B-E). The relatively
good performance of WaterGAP2, in which biases
in long-term mean annual discharge are adjusted
using a parameter that determines the portion of
effective precipitation that becomes surface runoff
(Mdaller Schmied et al 2014), highlights the potential
importance of including a calibration routine (sup-
plementary table 1I). Calibration is also performed
for HO8, but this calibration routine aims to min-
imize runoff bias by modifying two parameters of
subsurface flow for four climatic groups (Hanasaki
et al 2008a, 2008b); it is therefore less effective
at minimizing the bias ratio under HIP conditions.

4.1.2. Representation of hydrological variability (vari-
ability ratio)

The inclusion of HIP leads to mixed results regarding
the representation of hydrological variability. Whilst
HIP improved the representation of variability in some
catchments and for some GHMs, it deteriorated the
representation of variability for others. For exam-
ple, it led to improvements in the west coast US,
southern Africa and Australia, but a deterioration for
most GHMs in Europe and inland US. Similar results
were found by Biemans et al (2011), De Graaf et al
(2014) and Masaki et al (2017) for a selection of
catchments. Changes in the variability ratio due to
the inclusion of HIP are predominantly driven by
the timing of water abstractions and return flows, as
well as by reservoir operation rules (supplementary
table 1F-H). These human activities influence the rel-
ative size of high- and low-flows compared to their
long-term mean discharge values.

The variability ratio is the KGE sub-parameter
that contributes most to the sub-optimal perfor-
mance in near-natural catchments with the inclusion
of HIP, for HO8, LPJmL and WaterGAP2. These
GHMs significantly overestimate hydrological variabil-
ity in near-natural catchments (except WaterGAP2,
which underestimates variability in managed and near-
natural catchments), and model improvement should
therefore focus on better representing the speed of
hydrological response, e.g. through an improved rep-
resentation of the soil moisture storage capacity or
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the ratio between surface and sub-surface runoff
(supplementary table 1A). In those cases where the
variability ratio is also the KGE sub-parameter that con-
tributes most to sub-optimal performance in managed
catchments, model improvement should target the tim-
ing of water abstractions, return flows and reservoir
management (supplementary table 1F-H).

4.1.3. Representation of the goodness-of-fit (correlation
coefficient)
The inclusion of HIP only led to improved correla-
tion coefficients in limited cases, and often resulted
in a deterioration, even in managed catchments. Cor-
relation coefficients between observed and modeled
discharges, which are predominantly determined by
the hydro-meteorological forcing data (D6l et al 2016,
Beck et al 2016), were found to be generally high
under both HIP and NOHIP conditions. Perturbations
of the hydrological cycle due to human activity lead-
ing to changes in the timing of discharges and in the
shape of the hydrograph, like return flows and reservoir
operations, explain the observed decrease in the corre-
lation coefficient in a substantial share of catchments
and models globally (supplementary table 1F-H).
Under HIP conditions, the correlation coefficient
is the KGE sub-parameter that contributes most to
sub-optimal performance only in PCR-GLOBWB for
near-natural catchments and WaterGAP2 for man-
aged catchments. It should be acknowledged, though,
that correlation coefficients for PCR-GLOBWB and
WaterGAP?2 are relatively high, especially compared to
the other GHMs. The relatively low correlation coef-
ficients in near-natural catchments found at higher
latitudes in all models may be addressed by crit-
ically reviewing the snow accumulation and melt
processes in the GHMs (supplementary table 1A).
Higher correlation coefficients in the managed catch-
ments may be established by improving the timing and
quantification of return flow estimates and the repre-
sentativeness of reservoir operations (supplementary
table 1F-H).

4.1.4. Representation of hydrological extremes

The inclusion of HIP also led to significant changes
in the ability of most GHMs to represent hydrologi-
cal extremes (both high- and low-flows), although the
strength of this change is very much dependent on
the location and GHM in question. Whilst the mag-
nitude of high-flow estimates mainly decreased due
to the inclusion of HIP, low-flow estimates showed
mixed results. This is because the impact of human
activity tends to be greater for lower discharges, as
the relative ‘size’ of human perturbations (such as
water abstractions, return flows or delayed releases of
water via reservoir operations) is higher as a percent-
age of the overall discharge when flows are low. Both
De Graaf et al (2014) and Wada et al (2013a) found
similar results when investigating hydro-climatic
extremes. However, even with the inclusion of
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HIP, the representation of hydrological extremes is
sub-optimal. Future model improvements should aim
to better characterize these extremes and to improve
the representation of human activity during extreme
hydrological conditions.

4.2. Limitations and further research

As the GHMSs have very different parameterizations of
hydrological and human processes, the current study
does not allow a systematic assessment of specific
cause—effect relations between HIP and the observed
improvements in performance (Doll et al 2016, Had-
deland et al 2014, Hagemann et al 2013, Schewe
et al 2014, Beck et al 2016). To do this, a sub-
stantial Monte Carlo analysis would be required,
whereby individual parameters and combinations of
parameters are systematically modified for all GHMs
(Doll et al 2016). Undertaking such an analysis in
parallel to the different GHMs incorporated is com-
putationally expensive and requires a strict modeling
protocol. It may, however, provide additional infor-
mation on how to adapt and improve the individual
GHMs and would be a valuable addition to the results
presented in this study.

When interpreting the results of this study, one
must take into account that we only evaluated the
GHMs with respect to the monthly discharge. Whilst
the monthly discharge may be sufficient for the assess-
ment and management of low-flows, droughts and
freshwater resource availability, flood risk assessment
and management require information on the daily
peak discharge. Further research should therefore
attempt to validate GHMs using daily peak discharge
and assess how it is affected by the inclusion of HIP.

The spatial resolution of the GHMs applied in
this study is 0.5° X 0.5° (~50 km X 50 km at the equa-
tor), dictated by the resolution of the GSWP3 input
dataset. At a 0.5°x0.5° spatial resolution, hydro-
logical processes are often represented by GHMs in
a simplified or generalized form which are not fit
for local applications (Bierkens 2015). To account
for this, we applied a minimum catchment size of
9000 km?, thereby omitting catchments that are too
small to be adequately represented by GHMs (Hunger
and Doll 2008). Newer versions of several of the
GHMs now operate at higher resolutions; for exam-
ple WaterGAP and PCR-GLOBWB have recently been
published in 5 m/6 m versions respectively (Verzano et
al 2012, Wada et al 2016Db). Future research can inves-
tigate whether the inclusion of these high-resolution
model-runs improves the representation of discharges
and hydrological extremes in the selected catch-
ments and whether these high-resolution runs also
allow for the inclusion of smaller catchments.

In this study, a relatively simple distinction was
made between managed and near-natural catchments
using two parameters: irrigated agriculture and reser-
voirs. These parameters were chosen as they have been
reported to be the most significant human param-
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eters on river hydrology (Beck et al 2016, 2017a).
However, to make a more detailed distinction between
catchments that are impacted by human activity and
those that are not, future studies could consider incor-
porating additional criteria, such as the share of sectoral
water abstractions and return flows, and the share of
built-up land area. Additional catchment descriptors
(Eisner 2016), like climate conditions and the phys-
iographic properties of the drainage area, could also
be applied to further assess the important controls on
modeled discharges.

When evaluating the impact of HIP on hydrolog-
ical extremes, we only incorporated results for the Q;
high-flow and Qgg low-flow. In this study, we did not
consider other ranges of the extreme value distribution
explicitly. Although the inclusion of HIP influences
these hydrological extremes substantially, we found
very few instances for which this led to a significant
change in the full exceedance probability curve. Future
research should therefore also incorporate other ranges
of the probability exceedance curve in order to do a
tull assessment of the influence of HIP on high- and
low-flow extremes.

Next to the parameterizations and representa-
tion of hydrological processes and human impacts,
other sources contribute to uncertainty in the mod-
eling of discharges and hydrological extremes. These
include the quality of the data, the uncertainties in
the input data and observation datasets and the cali-
bration/validation strategy (Dol et al 2016, Sood and
Smakhtin 2015). The quality of the selected forcing
data, for example, may limit the representation of
monthly discharges and hydrological extremes signif-
icantly (Doll et al 2016, Beck et al 2016), although
this not been evaluated explicitly here. However, cli-
mate forcing uncertainty is probably a dominant driver
for model outputs (Miiller Schmied et al 2014, 2016).
Benchmarking of the GSWP3 dataset against histori-
cal observations of precipitation and temperature, or
against other forcing datasets (e.g. similar to Beck
et al 2017b, Sun et al 2018), may therefore be of
added value.

Differences in the quality and trustworthiness of
the historical discharge observations (e.g. due to sam-
pling, measurement and interpretation errors), may
potentially result in artificial biases in the validation
results (Renard et al 2010). The spatial representa-
tiveness of our results is limited by the availability
of consistent publicly available in situ observations
of sufficient quality. Future research should there-
fore consider extending the GRDC data-points to the
regional repositories of observed discharges, as recently
attempted by Beck et al (2016), Do et al (2017) and
Gudmundsson et al (2017). However, increasing spa-
tial representation comes at the cost of consistency,
and special attention should be paid to the harmoniza-
tion of these different databases. The use of remotely
sensed data could also provide a valuable way of
carrying out calibration and validation in ungauged
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regions (Dol et al 2014a, 2014b, Scanlon et al 2018).
Remotely sensed data can also be of added value in the
assessment of water consumed by agricultural irriga-
tion (Pefia-Arancibia ef al 2016), operational drought
monitoring and early warning (Ahmadalipour et al
2017), as well as the estimation of terrestrial water
budgets (Zhang et al 2017). Moreover, clear poten-
tial exists for assimilating remotely sensed data into the
models (Eicker et al 2014).

Calibration and validation are essential to compen-
sate for factors such as the impossibility of measuring
all required model parameters at the applied scale,
the lack of process understanding, the simplistic pro-
cess representation in GHMs and errors in forcing
data (Beck et al 2016, Bierkens 2015, Doll et al 2016,
Liu et al 2017). Hence, calibration/validation is key
for obtaining realistic model performance. It should
be acknowledged, though, that the representation of
hydrological and/or human processes is artificially
altered by means of calibration/validation processes
and that limited calibration may introduce uncertain-
ties to the model output (Sood and Smakhtin 2015).
Before using any calibrated/validated model data,
one should therefore critically reflect on whether the
calibration/validation procedure executed—together
with their optimization objectives—are fit for the
specific application in mind.

5. Summary and conclusions

This study shows that the inclusion of human activ-
ity in GHMs can significantly improve the simulation
of monthly discharges and hydrological extremes, for
the majority of catchments studied. The finding is
robust across both managed and near-natural catch-
ments. The global and spatially distributed results
presented in this study indicate that the inclusion of
human impact parameterizations (HIP) is associated
with improvements in the bias ratio and the variabil-
ity ratio. Whilst the biases in long-term mean monthly
discharge decrease significantly in 36.1%-73.0% of the
studied catchments due to the inclusion of HIP, the
modeling of hydrological variability improves signifi-
cantly in 31.4%-74.4% of the catchments. Estimates
of hydrological extremes are also significantly influ-
enced by the inclusion of HIP, although the influence
is highly dependent on the location and GHM in
question. While HIP generally leads to a decrease
(and thus improvement) in the absolute magnitude
of simulated high-flows, its impact on low-flows is
mixed.

Even when human activity is included in GHMs,
their performance is still limited; this is particularly
the case in managed catchments. Moreover, the sys-
tematic misrepresentation of hydrological extremes
across all GHMs calls for a careful interpretation
of risk assessments based on their results, and
further study into the overarching research theme
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of water resources, hydrological extremes, human
interventions, and feedback linkages. The large vari-
ation in performance between GHMs, regions and
performance indicators, highlights the importance of
carefully selecting models, model components and
evaluation metrics in future model applications. For
example, for a study of droughts it is essential to cor-
rectly represent hydrological variability, whilst to study
water scarcity it is crucial to minimize biases.

Sub-KGE results, which were presented in this
study for each GHM, allow for the attribu-
tion of different hydrological and human impact
model-components limiting optimal hydrological per-
formance. In most GHMs, model performance is
limited due to the overestimation of long-term mean
discharges. The correlation coefficient is the limiting
factor for optimal model performance for Water-
GAP2, despite the high correlation coefficients that
were found for this model relative to the other
GHMs studied. A better understanding of these
factors, as provided by this study, may assist in
the identification of priorities for further model
improvement.
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The supplementary materials are structured into three main sections:

Section 1: additional details on methods employed in the study.
Section 2: supplementary tables and figures to provide further results and details.
Section 3: supplementary discussion.

Section 1 : Methods

1.1. Study catchments
We identify study catchments setting the four following criteria. For the sake of data quality consistency,

this is done based on observed data from only the Global Runoff Data Centre, GRDC (available from

http://grdc.bafg.de).

1-

4-

Catchments are larger than 100,000 km? to conform with the World Meteorological
Organisation’s definition of ‘major’ catchments [1]. This ensured that the catchments were of

sufficient size to accommodate the output resolution of the models.
The selected catchments cover all eight hydrobelts defined by Meybeck et al. 2013 [2].

Observed monthly discharge of the catchment was available for 25 years or longer, within 1971-
2010 (the period that the models were run for) and without missing data. Other studies have
allowed missing data (e.g. reference [3-5] in Tablel, enabling them to include more catchments.
We, however, preferred higher data quality, at the expense of number of catchments, because
the use of longer, complete time-series, facilitated the calculation of more robust hydrological

indicators, especially the return period magnitudes.

The catchments are independent, i.e. observed data from only one gauge was used for each
catchment. If multiple gauges were available, then the most downstream gauge was selected for
which all the criteria were satisfied. The use of independent catchments limits the introduction
of statistical biases when calculating mean statistics across hydrobelts. However, we acknowledge

that neighbouring catchments are more likely to have similar wet or dry seasons.

The criteria resulted in the selection of 40 catchments for model evaluation (Figure 1 and Table S1). Even

though the selected catchments provided a good geographic coverage, the availability and quality of

observed data resulted in a bias towards catchments in boreal and northern mid-latitude hydrobelts

(Table S2). The least number of catchments in each hydrobelt is one (Niger basin in northern subtropical

region), although this catchment does cover 20% of its hydrobelt.


http://grdc.bafg.de/

Table S1. The 40 GRDC selected catchments; catchments ordered alphabetically (BOR= boreal, NML=
northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML=
southern, mid-latitude, SDR= southern dry and SST= southern subtropical).

Catchments GRDC specifications

GRDC . Gauging Relative
No River f . . Data length
Code Station Hydrobelt  Area (km?) Longitude Latitude
(yr) and range
1 4214520 ALBANY NEAR HAT ISLAND BOR 118000 -83.87 51.33 31 (73-10)
2 2906900 AMUR KOMSOMOLSK BOR 1730000 137.12 50.63 26 (71-06)
3 4213650 ASSINIBOINE HEADINGLEY BOR 153000 -97.4 49.87 40 (71-10)
4 4214260 CHURCHILL ABOVE GRANVILLE FALLS BOR 228000 -100.45 56.15 36 (71-10)
5 2998510 KOLYMA KOLYMSKAYA BOR 526000 158.72 68.73 28 (78-08)
6 2903430 LENA STOLB BOR 2460000 126.8 72.37 32 (71-02)
7 4208150 MACKENZIE NORMAN WELLS BOR 1570000 -126.85 65.28 30 (71-10)
8 6970250  NORTHERN DVINA UST-PINEGA BOR 348000 42.17 64.1 31(71-10)
9 2912600 0B SALEKHARD BOR 2949998 66.53 66.57 39 (71-10)
7.5KM DOWNSTREAM OF
10 2999910 OLENEK MOUTH OF RIVER PUR BOR 198000 123.22 72.12 39 (71-10)
11 4213680 RED EMERSON BOR 104000 -97.22 49.0 40 (71-10)
12 4213550 SASKATCHEWAN THE PAS BOR 347000 -101.18 53.83 40 (71-10)
13 4213800 WINNIPEG SLAVE FALLS BOR 126000 -95.57 50.22 38 (71-10)
14 2909150 YENISEI IGARKA BOR 2440000 86.5 67.48 32 (75-10)
15 4115200 COLUMBIA THE DALLES, OREG. NML 613830 -121.17 45.61 40 (71-10)
16 6442600 DANUBE MOHACS NML 209064 18.67 46.0 29 (71-99)
17 6978250 DON RAZDORSKAYA NML 378000 40.67 47.5 38 (71-10)
18 4207900 FRASER HOPE NML 217000 -121.45 49.38 40 (71-10)
19 6340110 LABE NEU-DARCHAU NML 131950 10.88 53.23 40 (71-10)
20 4127800 MISSISSIPPI VICKSBURG, MISS. NML 2964252 -90.9 32.32 37 (71-10)
21 6972430 NEVA NOVOSARATOVKA NML 281000 30.72 59.8 40 (71-10)
22 6435060 RHINE LOBITH NML 160800 6.11 51.84 40 (71-10)
CORNWALL(ONTARIO),
23 4143550 ST.LAWRENCE NEAR MASSENA, N.Y. NML 773892 -74.78 45.01 40 (71-10)
24 6977100 VOLGA VOLGOES:,\?TPOWER NML 1360000 44.72 48.77 39 (71-10)
25 7222222* YANGTZE Cuntan NML 804859 106.6 29.62 31(71-01)
26 2180800 YELLOW Huayuankou NML 730036 113.65 34.92 40 (71-10)
27 4152450 COLORADO LEES FERRY, ARIZ. NDR 289562 -111.58 36.87 40 (71-10)
28 4356100 SANTIAGO EL CAPOMAL NDR 128943 -105.12 21.83 31 (71-03)
29 1834101 NIGER LOKOJA NST 2074171 6.77 7.8 25 (71-05)
30 3629000 AMAZONAS OBIDOS Equator 4640300 -55.5 -1.9 27 (71-97)
31 3630050 XINGU ALTAMIRA Equator 446570 -52.22 -3.2 35 (71-08)
32 1147010 ZAIRE KINSHASA Equator 3475000 15.3 -4.3 40 (71-10)
33 5101200 BURDEKIN CLARE SST 129660 147.24 -19.76 40 (71-10)
PORTO MURTINHO

34 3667060 PARAGUAI (FB/DNOS) SST 474500 -57.89 -21.7 37 (71-07)
35 3650481 RIO PARNAIBA LUZILANDIA SST 322823 -42.37 -3.45 26 (82-06)
36 3651805 SAO FRANCISCO MANGA SST 200789 -43.93 -14.76 37 (71-08)
37 5410100 COOPER CREEK CALLAMURRA SDR 230000 140.87 -27.7 33 (74-06)
38 1159100 ORANJE VIOOLSDRIF SDR 850530 17.73 -28.76 38 (71-10)
39 5204250 DARLING RIVER LOUTH SML 489300 145.11 -30.54 26 (71-07)
40 5101301 FITZROY THE GAP SML 135860 150.1 -23.1 40 (71-10)

*not included in GRDC database, obtained from local authority

Table S2. Characteristics of hydrobelts and catchments within each hydrobelt (BOR= boreal, NML=
northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML= southern
mid-latitude, SDR= southern dry and SST= southern subtropical).

Area of hydrobelt Hydrobelt runoff No. of :rzt:?::;t: Ca:::?tints
3 km?2 i

Hydrobelt (10[2I;m ) (mr{%yr) :aa::‘hhn;:::;;\t hydrobelt hydrobelt area
(103 km2) (%)
BOR 25995 223 14 13298 51.2
NML 24199 343 12 7940.8 32.8
NDR 30234 36 2 418.5 1.4
NST 10579 383 1 2074.2 19.6
EQT 16826 960 3 8561.9 50.9
SST 10599 233 4 1127.8 10.6
SDR 8677 31 2 1080.5 125
SML 4008 292 2 625.2 15.6
Sum/Ave. 131119* 277* 40 4390.9 24.3

*Total of non-glaciated land



1.2 Models

The model ensemble comprises a suite of GHMs and LSMs that participated in the water (global) sector
of ISIMIP2a [6]. The models are DBH (Distributed Biosphere Hydrological model) [7], HOS8 (following the
initial of the developer’s surname, H, and year of release, 2008) [8], LPJmL (Lund-Potsdam-Jena managed
Land) [9], MATSIRO (Minimal Advanced Treatments of Surface Interaction and Runoff) [10], PCR-GLOBWB
(PCRaster GLOBal Water Balance model) [11] and WaterGAP2 (Water Global Assessment and Prognosis

version 2) [12] (see table S3 for details).

The calibration of GHMs and LSMs, which is typically performed at the catchment-scale, is challenging due
to a lack of accurate, long-term, global-scale observations of the hydrological cycle. Only WaterGAP2 was
calibrated for the ISIMIP2a simulations, in a very simple way to match long-term mean annual observed
discharge for 1,319 catchments where time series were available for a reasonable period and quality [12].
Whilst we acknowledge that catchment-scale model calibration can improve model ensemble
performance, particularly for present-day conditions, it has been shown that GHMs and LSMs are able to

simulate realistic sensitivity to climate variability regardless of calibration [13-15].



Table S3. Key characteristics of the models evaluated. tas = Surface air temperatures, Pr = precipitation, rhs= near-surface relative humidity,
rsds/rlds= Surface radiation (shortwave/longwave downwelling), wind = Near-surface wind speed, pet = potential evapotranspiration, ps = Surface air pressure

Class of Input climate Resolution (space . . Representation of Method: potential Method: Human water Carbon
Model ) Representation of soils A L . .
Model parameters and time) vegetation evapotranspiration snow melt use/Reservoirs cycling
Prescribed spatial
. Grid cells with sub- Three soil layers and one o P
Pr, tas, wind, rhs, X i . distribution of natural Energy
DBH [7] GHM grid heterogeneity underlying groundwater . . Energy balance Yes/No No
rlds, rsds, ps . vegetation and agricultural balance
accounting method layer at the bottom
land cover
Natural use: Globally
tas, Pr, Snowfall, 0.5% 3 hourly 1-layer leaky bucket soil. uniform. No-specific land Ener
HO8 [8] GHM wind, rhs, rsds, Its runoff properties vary  type is assigned, as known Bulk formula bal &y Yes/Yes No
alance
rlds, ps with climate zones. as Manabe's bucket.
i . . Dynamic simulation of
Five hydrologically active . . Degree-day
K growth and productivity Priestley-Taylor . L
i soil layers, coupled to . X . . with Irrigation
LPJmL [9] GHM Pr, tas, rsds 0.5°; daily (with prescribed spatial (modified for L Yes
carbon and thermal o . precipitation only/Yes
distribution of crops and transpiration)
balance . factor
pasture); daily
13 layers with a Monthly LAI, and fixed
tas, Pr, Snowfall, . . .
dynamical ground water ~ vegetation characteristics i Energy
MATSIRO[10] LSM rhs, rlds, rsds, 0.5°; hourly i R i Penman-Monteith Yes/Yes No
ind schime. 13 soil type with  for 12 types of natural land balance
wind, ps
P 7 parameters. cover
PCR- Two soil layers and one Prescribed vegetation,
GLOBWB GHM tas, Pr, pet 0.5°; daily underlying groundwater agriculture, and land use Hamon Degree-day Yes/Yes No
[11] layer at the bottom cover
IGBP land cover classes Priestley-Taylor with
WaterGAP2 One soil layer with based on MODIS, two alpha factors
ater
[12] GHM tas, Pr, rsds, rlds 0.5°; daily varying rooting depth, temperature and depending on the Degree-day Yes/Yes No
dependent on land cover  precipitation based LAI- aridity of the grid
model, fixed rooting depth  cell




1.3. Model forcing data

All models were run for the period 1971-2010 with input climate data provided by the Global Soil Wetness
Project 3, GSWP3. We used GSWP3 because it represents realistic sub-monthly variability over the entire
20th century (1901-2010), as it has been generated based on the Twentieth Century Reanalysis project
(20CR) [16]. 20CR atmospheric pressure and air temperature are correlated highly with a long-term
observational record (1905-2006) that is comparable to the forecast skill of a state-of-the-art forecasting
system at 3 days lead time [16]. GSWP3 has already been used as the sole input forcing dataset in a GHM
and LSM study by Zhao et al. (2017), for instance, and it has been included as a forcing dataset in several
other recent GHM and LSM studies [17-20]. GSPW3 has also been used in the climate modelling
community. It is the primary input for offline experiments conducted as part of the Land Surface, Snow
and Soil Moisture Model Intercomparison Project (LS3MIP; [21]) contribution to CMIP6, and a climate
driver used in the ORCHIDEE-MICT land surface model development [22]. Since our analysis is the first
comprehensive evaluation of an ensemble of GHMs and LSMs run with human impacts, and as it
represents one of the latest GHM and LSM ensembles in the hydrological modelling community, we
decided to use one of the latest forcing datasets too. A dynamical downscaling technique that retains
synoptic features in the higher spatial resolution was employed to 20CR, to develop GSWP3. Further
improvements were achieved by additional bias correction, using observations, vertical damping, and
single ensemble member correction (see van den Hurk et al. (2016) and references therein for further
details). Whilst all global climate forcing datasets will contain some errors due to issues of spatial
representativeness, Slater (2016) has shown that the solar radiation field of GSWP3 outperforms several
other forcing datasets. Also, GSWP3 shows comparable performance against another forcing data in the
validation of ORCHIDEE-MICT, for a comprehensive set of variables over high latitudes [22]. Further, a
comparison of 2m surface temperature and precipitation from GSWP3 with 20 globally distributed in situ
FLUXNET sites shows that GSWP3 performs better than Princeton and broadly similar to WFD (see Figure
5in van den Hurk et al. (2016)).

1.4. Evaluation metrics

RMSE, MARE and CE were chosen as the three components of IPE because they have been used in past
studies individually to assess different aspects of hydrological behaviour, including overall pattern of fit
(CE) [23-25], low flows (MARE) [26-28] and high flows (RMSE) [4, 29, 30]; and because Dawson et al. (2007)
recommends that the components of IPE include metrics of absolute error (in our study, MARE), relative

error (RMSE) and a dimensionless coefficient (CE).



Table S4. Single metrics applied in this study

Metric Name Formula Range Ideal value
rn o~

Root mean squared >0, — Q,-]z [0-00) 0

error (RMSE) RMSE — /&
n
Mean absolute relative 1 <& —0:
MARE = 10 — O [0-0°) 0

error (MARE) " O;

(=)

Coefficient of =

RSqgr = P — [0-1] 1

determination (RSqr)

Nash-Sutcliffe (NSE) or Z{Q, - Q;‘)z
Coefficient of CE=1- r_ﬂl— (-e°,1] 1
efficiency (CE) > (0 — @)E
i=1
> (0 -0)(2-0)
. - i=1
Corre.la.tlon of r = I.f”—a” ,,,,, e — [-1,1] 1
coefficient (r) V. E(Qr -0) ; (Qr — Q)
) n —0)*100
Percentage bias PBIAS= l—1(Qn Q) (-o0,00) 0*
(PBIAS) i=1 @
)—Q)*100
Percentage difference D= % (-0°,0°) 0

(Q+Q)/2

*Result of zero does not necessarily indicate low error due to cancellation.

In the above equations, Q is the observed value, Q denotes modelled value (where i = 1 to n data points), Q is the

mean of the observed data, and Q is the mean of the modelled values.

1.5. Calculation of return periods
Maximum and minimum monthly runoff values corresponding to 2-, 5-, 10-, 20- and 25-year return periods were

estimated in this study using extreme value analysis techniques.

To cover maximum runoff values, a Gumbel distribution [31] was fitted to each time series of maximum monthly
runoff, for each model and the corresponding observed data, for each catchment. Subsequently, we applied the
estimated Gumbel parameters to calculate the maximum monthly runoff values for the two return periods. We
thereby accounted continuously for the probability of zero runoff [32]. To ensure that the runoff time-series were
statistically independent, a pre-requisite for such an extreme value analysis [33, 34], we used hydrological years

rather than calendar years to find the maximum monthly runoff values per year [35, 36]. For each model and



corresponding observed dataset, for each catchment, we assessed for the available time-period the timing of long-
term mean maximum monthly runoff values. If this maximum monthly long-term mean runoff value of a model and
observed dataset in a specific catchment, fell in the months September, October, or November, we used the period
July-June to characterise the hydrological year. In all other cases, we used the standard hydrological year

convention for peak flows that runs from October-September [37].

We covered extreme minimum runoff with the use of minimum 3-month flows [38], using a moving average of 3-
months runoff. Subsequently, we fitted a Weibull distribution [39] — often used in low flow studies due to its lower
bound and flexibility — through each of the time-series of minimum 3-month flow. We used the estimated Weibull
parameters to return minimum 3-month runoff values for the different return periods. In doing so, we accounted
for the occurrence of zero flows by the use of a conditional probability model [32]. The use of calendar years might
not be always the proper choice to select the minimum 3-month flows for input of the extreme value analysis [33,
34, 38]. We, therefore, assessed for each model and observed dataset, for every catchment, whether the use of
calendar years would possibly split the long-term mean low-flow season in the time-period [38]. If the timing of the
long-term mean low flow period fell in the months December, January, or February, we applied a hydrological year
that runs from August-July [38]. In all other cases, we used the standard hydrological year distinction for low flows,

which runs from January-December [38].



Section 2: Results

2.1. Supplementary tables and figures

Table S5. Median percentage difference, MPD (%) between modelled and observed runoff calculated over all
catchments for MAR, Q5 and Q95 (shaded cells denote underestimation of runoff by the model). The best
performing model (or EM) for each hydrobelt is in bold. Hydrobelts are ranked according to the performance of
the EM. Rows are ordered according to the mean latitude of each hydrobelt from north to south (BOR= boreal,
NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT = equatorial, SML= southern
mid-latitude, SDR= southern dry and SST= southern subtropical)

Median percentage difference, MPD (%)

X
2 58 -~ £ 2 5 5% 337
g 32 8 3 2 2 8g & n 2% &%3
) 8= T ® 2 % =7 e =% =—gd
a5 © @ N - s g
BOR (14) 284 153 -10 132 09 01 43 1 1
NML (12) 209 148 106 -5.4 26 02 78 2 2
NDR (2) 512 249 303 -719 368  -10.1 257 4 7
NST (1) 301 77 64  -160 6.3 17 102 3 4
EQT (3) 547 542 504 -262 453 17.6 414 6 8
MAR SST (4) 90.0 440 849 -104 697 40 761 8 5
SDR (2) 83.7 457 789 86 65.1 97 673 7 6
SML (2) 491 269 374 127 279 15 274 5 3
Median over 337 201 135 -126 7.8 09 139
all catchments
Model rank 6 5 4 3 2 1
BOR (14) 216 53 62 -118 41 57 0.9 1 1
NML (12) 209 173 130 -15 2.7 19 91 2 2
NDR (2) 384 167 216 -743 229  -129 126 4 6
NST (1) 268 99 56  -169 6.2 17 96 3 4
EQT (3) 541 515 476 201 415  17.9 388 6 7
Qs SST (4) 757 394 713 -319 416 201 534 8 8
SDR (2) 679 364 624 71 446  -194 475 7 5
SML(2) 329 259 209 101 265 17 201 5 3
Median over 262 153 122 -11.8 5.1 29 96
all catchments
Model rank 6 5 4 3 2 1
BOR (14) 366 174 61 55 83 84 167 3 4
NML (12) 192 121 83  -6.9 0.5 24 52 1 1
NDR (2) 618 32.0 433 -62.7 452 16 385 4 3
NST (1) 337 34 35 205 4.4 15 100 2 2
EQT (3) 616 603 575 -375 574 244 502 6 6
Q95 SST (4) 984 772 973 268 959  63.6 962 8 7
SDR (2) 98.0 756 969 622 942 434 946 7 8
SML(2) 67.1 268 596 152 453 8.6 483 5 5
Medanover = 573 194 191 88 146 50 210
all catchments
Model rank 6 5 4 2 3 1




Table S6. IPE scores for individual models and the EMs. Best performing model in each catchment is underlined.
Models that perform better than the naive benchmark model are shaded and bordered cells indicated where EM
outperforms the best individual model. The number of catchments where each model (or the EM) performs best
is in parentheses (BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical, EQT

= equatorial, SML= southern mid-latitude, SDR= southern dry and SST= southern subtropical).

8 2 i § § § 5 § § £ Bz %%
Ef El = S F 2 o g s =: s
: 5 e 5 8§ z 5 i= gis
S 5 5§ i iz iz
= & F i i
s 8% 3
-~ -3 =
1 ALBANY BOR 2.86 131 3.16 1.61 -1.43 1.97 1.13 1.12 1.22
2 AMUR BOR 2.34 1.86 1.20 -1.10 1.36 1.09 1.00
3 ASSINIBOINE BOR 273.74 47.10 504.30 2.02 22.58 1.63 49.61 26.82 7.78
4 CHURCHILL BOR 404.36 62.35 37.91 49.15 33.38 3.36 23.90 7.79 731
5 KOLYMA BOR -1.63 1.39 -1.03 -2.21 1.73 3.41 1.06 -1.56 -2.13
6 LENA BOR 1.18 2.06 1.49 -2.14 1.57 -1.16 -1.12 -1.42 -1.53
7 MACKENZIE BOR 3.74 1.73 3.56 -1.25 -1.37 1.23 -2.12 -1.31 -1.45
8 N. DVINA BOR 1.38 1.06 2.30 -1.23 -1.14 -1.44 -1.44 -1.82 -1.70
9 oB BOR 7.32 4.19 13.36 191 2.62 2.35 2.82 2.35 2.21
10 OLENEK BOR -1.56 6.35 9.85 4.19 18.15 4.26 7.16 4.96 3.79
11 RED BOR 11.66 2.83 7.72 -1.04 2.78 1.95 4.11 2.78 1.88
12 SASKATCHEWAN BOR 50.24 5.81 27.70 1.50 7.14 1.40 5.53 3.15 1.64
13 WINNIPEG BOR 26.16 5.33 6.02 4.46 1.96 177 3.00 232 2.15
14 YENISEI BOR -1.07 -1.52 1.18 -2.08 -1.56 -1.67 -2.07 -1.87 -2.06
15 COLUMBIA NML 3.68 2.06 2.97 3.21 1.76 -1.26 -1.01 1.03 -1.33
16 DANUBE NML 4.62 3.28 1.64 -1.28 2.48 -1.64 -1.25 1.53 1.23
17 DON NML 78.67 36.77 58.18 5.59 94.15 161 22.32 1.87 1.77
18 FRASER NML 113 2.41 4.19 1.29 1.15 1.06 1.21 191 231
19 LABE NML 7.09 4.53 2.99 -1.20 7.84 -1.52 213 2.80 131
20 MISSISSIPPI NML 4.97 -1.61 1.06 2.23 1.53 -2.03 =i, 18) 1.48 1.36
21 NEVA NML 67.20 22.43 11.13 5.16 8.39 2.26 4.05
22 RHINE NML 2.38 3.20 153 -1.29 1.37 -1.96 -1.14 14.94 10.04
23 ST.LAWRENCE NML 442.57 87.98 65.71 64.77 16.04 6.52 34.47
24 VOLGA NML 5.89 2.80 2.16 -1.70 -1.15 -1.81 1.22 1.52 1.21
25 YANGTZE NML -2.08 -1.04 -1.06 1.14 2.82 -3.04 =il 3l -2.04 -1.52
26 YELLOW NML 15.76 3.74 3.87 1.89 23.77 1.46 3.71 3.93 2.74
27 COLORADO NDR 17.16 2.09 6.57 7.14 3.82 3.05 2.15 -1.24 -1.62
28 SANTIAGO NDR 11.74 6.23 2.72 1.32 11.34 -1.29 3.82 15.84 11.44
29 NIGER NST 12.10 12.89 12.10 1.82 5.39 112 4.32 -1.28 -1.74
30 AMAZONAS EQT 2.66 1.89 3.08 1.32 3.83 113 1.21 -1.49 <il.7i
31 XINGU EQT 5.14 3.83 4.02 2.33 1.09 -1.09 1.99 221 1.34
32 ZAIRE EQT 11.08 6.79 4.86 3.21 3.03 1.42 2.60 3.45 2.60
33 BURDEKIN SST 10.66 -1.11 4.66 -1.02 3.12 1.92 3.60 1172.43 484.30
34 PARAGUAI SST 142.30 146.92 102.61 21.38 101.63 6.17 62.11 12.34 8.73
35 RIO PARNAIBA SST 47.31 52.82 50.38 3.93 6.02 1.48 16.23 3528.56 2013.72
36 SAO FRANCISCO SST 4.44 331 2.07 1.36 2.23 -1.41 1.54 162.86 97.37
37 COOPER CREEK SDR 56.50 5.20 43.21 1.08 31.42 1.68 17.79 2.20 1.63
38 ORANJE SDR 10201.36  181.53  3924.97 629.16 976.94 149.57  2677.24 52.39 38.15
39 DARLING SML  20193.06  592.13 9588.33 777.49  6597.31 88.20 6305.78 12.65 7.66
40 FITZROY SML 611.01 49.42 424.80 47.72 255.94 36.41 237.55 1.39 1.03
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Table S7. IPE and its component values for the models and the EM.

g 5 s g 5 s
E] 2 'a 5 3 2 'a Y
28 s 2z g @ 2 s 3 8 3
z 2 8 z 5 E s ) m z 2 z ] ] s ) m
¢ a I o = o @ N =< ¢ I ® = (o] @ N =<
IPE 2.9 1.3 3.2 1.6 -1.4 2.0 1.1 11.7 2.8 7.7 -1.0 2.8 1.9 4.1
CE -3.1 0.2 -3.5 0.5 0.6 -0.1 0.7 -7.5 0.1 -6.6 0.1 -0.1 0.2 -0.2
1 RMSE 41.6 18.9 43.6 14.6 12.2 21.2 12.0 1 17.6 5.8 16.7 5.9 6.5 5.5 6.8
MARE 1.4 1.1 1.6 1.6 0.6 1.9 1.1 12.0 3.1 7.2 0.7 3.0 2.1 4.5
IPE 2.3 1.9 1.2 -1.1 1.4 1.1 -1.2 50.2 5.8 27.7 1.5 7.1 1.4 5.5
CE -0.8 0.1 0.4 0.5 0.6 0.7 0.8 -46.7 -3.6 -25.0 0.0 -5.3 0.2 -3.5
2 RMSE 15.5 10.7 8.9 8.5 7.1 6.5 5.1 12 15.6 4.9 11.6 2.2 5.7 2.1 4.8
MARE 0.7 1.3 0.7 0.4 1.1 0.9 0.6 2.7 1.2 1.8 0.4 1.0 0.4 1.0
IPE 273.7 47.1 504.3 2.0 22.6 1.6 49.6 26.2 53 6.0 4.5 2.0 1.8 3.0
CE -262.5 -42.6 -487.1 -0.3 -19.1 0.3 -44.9 -14.0 -1.8 -2.3 -1.2 0.2 0.3 -0.3
3 RMSE 16.0 6.5 21.8 1.1 4.4 0.8 6.7 13 34.8 15.2 16.2 13.2 8.0 7.4 10.1
MARE 21.0 8.6 19.7 0.8 5.5 0.9 9.1 2.1 0.6 0.6 0.7 0.4 0.4 0.6
IPE 404.4 62.4 37.9 49.1 334 3.4 23.9 -1.1 -1.5 1.2 -2.1 -1.6 -1.7 -2.1
CE -121.2 -17.6 -10.3 -13.7 -8.8 0.2 -6.0 0.3 0.6 -0.2 0.7 0.4 0.6 0.6
4 RMSE 334 13.1 10.2 11.6 9.5 2.7 8.0 14 17.1 12.2 23.0 11.1 16.5 12.6 12.5
MARE 2.8 1.2 0.6 0.8 1.0 0.2 0.7 0.6 0.4 0.7 0.3 0.3 0.4 0.3
IPE -1.6 1.4 -1.0 -2.2 1.7 3.4 1.1 3.7 2.1 3.0 3.2 1.8 -1.3 -1.0
CE 0.6 0.5 0.3 0.8 0.6 0.5 0.8 -1.6 -0.3 -1.0 -1.2 0.0 0.7 0.5
5 RMSE 14.4 15.7 19.1 10.2 139 17.2 10.1 15 14.7 10.3 129 13.4 9.1 5.1 6.3
MARE 0.6 1.8 1.1 0.5 2.3 4.6 1.4 0.6 0.4 0.5 0.6 0.4 0.2 0.2
IPE 1.2 2.1 1.5 -2.1 1.6 -1.2 -1.1 4.6 3.3 1.6 -1.3 2.5 -1.6 -1.2
CE 0.0 0.0 0.1 0.7 0.5 0.6 0.6 -4.5 -2.8 -0.6 0.4 -1.6 0.6 0.5
6 RMSE 19.6 19.6 18.4 10.8 14.0 12.0 12.3 16 22.1 18.3 11.9 7.1 15.2 5.7 6.9
MARE 1.0 2.1 1.4 0.3 1.6 0.8 0.9 0.7 0.5 0.3 0.2 0.5 0.1 0.2
IPE 3.7 1.7 3.6 -1.3 -1.4 1.2 2.1 78.7 36.8 58.2 5.6 94.1 1.6 22.3
CE -1.8 0.2 -1.7 0.7 0.7 0.6 0.9 -74.7 -33.7 -54.4 -3.3 -89.8 0.2 -19.3
7 RMSE 15.8 8.4 15.3 5.2 5.2 5.7 2.6 17 19.7 13.3 16.8 4.7 21.6 2.1 10.2
MARE 0.8 0.7 0.8 0.3 0.2 0.5 0.2 3.7 2.6 3.6 0.9 4.2 0.4 2.2
IPE 1.4 1.1 2.3 -1.2 -1.1 -1.4 -1.5 1.1 2.4 4.2 1.3 1.2 1.1 1.2
CE -0.2 0.7 -1.6 0.7 0.0 0.6 0.7 0.4 -0.4 -2.0 0.2 0.3 0.6 0.4
8 RMSE 32.0 15.4 46.4 15.7 28.5 17.2 16.0 18 19.7 29.2 42.7 21.8 20.3 14.7 18.5
MARE 1.1 1.0 1.8 0.7 0.6 0.6 0.6 0.4 1.0 13 0.4 0.4 0.6 0.5
IPE 7.3 4.2 13.4 1.9 2.6 2.3 2.8 7.1 4.5 3.0 -1.2 7.8 -1.5 2.1
CE -5.6 -1.9 -11.1 -0.5 -0.3 0.3 -0.5 -6.1 -3.8 -1.9 0.5 -7.0 0.7 -0.6
9 RMSE 20.2 13.4 27.4 9.7 9.1 6.5 9.7 19 20.9 17.2 13.3 5.3 22.3 4.2 9.9
MARE 1.4 1.6 2.8 0.4 1.2 13 1.3 1.7 0.6 0.7 0.3 1.8 0.3 0.7
IPE -1.6 6.4 9.9 4.2 18.2 4.3 7.2 5.0 -1.6 1.1 2.2 1.5 -2.0 -1.2
CE 0.4 0.4 0.4 0.8 0.2 0.9 0.7 -3.4 0.7 0.5 -0.9 0.0 0.8 0.7
10 RMSE 24.1 23.3 229 14.3 26.9 10.8 16.6 20 16.9 4.3 5.7 11.1 8.2 3.2 4.6
MARE 1.5 20.3 31.6 13.4 58.2 13.7 22.9 13 0.2 0.4 0.5 0.5 0.2 0.3
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Table S7 (Cont.). IPE and its component values for the models and the EM.

N 2 g 3
2 &
: ¢ g =z § ¢ £ g . Z g z 5 I 2
° 2 T 3 .-Di o =] R < ° g 8 .5i o ] B <
IPE 67.2 22.4 11.1 5.2 8.4 2.3 4.1 5.1 3.8 4.0 2.3 1.1 -1.1 2.0
CE -41.0 -12.7 -5.6 -2.0 -3.9 0.0 -1.2 -1.1 -1.2 -1.1 0.5 0.7 0.8 0.4
RMSE 39.3 225 15.6 10.4 13.4 6.1 9.0 31 62.2 63.9 62.0 31.5 24.5 21.0 33.4
MARE 1.1 0.8 0.6 0.3 0.5 0.3 0.3 3.8 1.4 2.2 2.1 0.8 0.7 1.6
IPE 2.4 3.2 15 -1.3 1.4 -2.0 -1.1 111 6.8 4.9 3.2 3.0 1.4 2.6
CE -1.4 -2.8 -0.5 0.5 -0.1 0.8 0.3 -7.3 -4.0 -2.4 -1.2 -1.0 0.2 -0.7
RMSE 22.9 29.1 18.2 10.9 15.8 7.4 12.3 32 20.9 16.1 13.4 10.6 10.2 6.4 9.3
MARE 0.6 0.6 0.4 0.2 0.4 0.2 0.2 0.6 0.4 0.4 0.3 0.3 0.2 0.2
IPE 442.6 88.0 65.7 64.8 16.0 6.5 34.5 4.4 3.3 2.1 1.4 2.2 -1.4 1.5
CE -223.9 -43.5 -32.1 -31.6 -6.9 -2.0 -16.3 -2.8 -1.9 -0.6 0.2 -0.7 0.7 -0.1
RMSE 44.8 19.9 17.2 17.1 8.4 5.2 12.4 3 38.6 33.4 24.7 17.9 25.9 11.0 20.5
MARE 1.3 0.6 0.6 0.6 0.3 0.2 0.3 0.9 0.6 0.5 0.5 0.6 0.3 0.4
IPE 59 2.8 2.2 -1.7 -1.1 -1.8 1.2 47.3 52.8 50.4 3.9 6.0 1.5 16.2
CE -8.3 -2.7 -1.9 0.6 0.4 0.7 0.1 -48.7 -55.0 -52.3 2.7 -4.9 0.1 -15.8
RMSE 25.4 16.2 14.2 5.4 6.4 4.3 79 34 30.5 32.3 31.5 8.3 10.5 4.1 17.7
MARE 1.5 0.8 0.6 0.2 0.3 0.2 0.5 3.7 2.0 2.8 0.7 0.8 0.5 1.5
IPE 2.1 -1.0 -1.1 1.1 2.8 -3.0 -1.1 10.7 -1.1 4.7 -1.0 3.1 1.9 3.6
CE 0.9 0.5 0.7 0.4 -1.0 0.9 0.6 0.0 0.6 0.5 0.4 0.7 0.7 0.8
RMSE 9.7 19.7 16.8 21.6 40.1 8.5 18.0 3 20.6 13.0 14.8 15.9 11.4 10.8 9.3
MARE 0.3 0.4 0.5 0.5 0.8 0.1 0.4 35.6 2.7 15.5 2.8 10.4 6.3 12.0
IPE 15.8 3.7 3.9 1.9 23.8 1.5 3.7 142.3 146.9 102.6 21.4 101.6 6.2 62.1
CE -18.2 -2.4 -3.0 -0.8 -28.0 -0.1 -2.6 -34.8 -36.1 -24.8 -4.1 -24.5 0.0 -14.5
RMSE 12.0 5.1 5.5 3.7 14.8 2.9 5.2 36 38.0 38.7 32.3 14.3 32.1 6.3 25.0
MARE 2.9 1.8 1.4 0.7 4.7 0.7 1.6 4.0 3.1 3.2 2.0 3.4 1.3 2.7
IPE 17.2 2.1 6.6 7.1 3.8 3.1 2.2 10201.4 181.5 3925.0 629.2 976.9 149.6 2677.2
CE -10.8 -0.1 -3.2 -3.6 -1.3 -0.8 -0.1 -60.1 -2.1 -28.3 -1.3 -0.2 0.3 -6.1
RMSE 6.6 2.0 3.9 4.2 29 2.6 2.0 37 22.0 5.0 15.2 4.3 3.0 2.4 7.5
MARE 1.4 0.3 0.9 0.8 0.5 0.4 0.4 881950.5 15693.7 339328.9 54393.9 84460.7 12930.8 231459.
7
IPE 11.7 6.2 2.7 1.3 11.3 -1.3 3.8 56.5 5.2 43.2 1.1 31.4 1.7 17.8
CE -11.5 -6.4 -1.7 -0.3 -8.5 0.8 -1.5 -77.1 -3.2 -68.9 -0.1 -22.9 0.3 -11.8
RMSE 20.6 15.8 9.5 6.5 17.9 2.7 9.1 38 9.4 2.2 8.9 1.1 5.2 0.9 3.8
MARE 8.8 3.2 2.0 0.8 11.0 0.9 4.0 52.0 6.0 31.6 1.0 37.5 2.1 21.4
IPE 12.1 12.9 12.1 1.8 5.4 1.1 4.3 20193.1 592.1 9588.3 777.5 6597.3 88.2 6305.8
CE -10.4 -11.1 -10.6 -0.3 -2.9 0.4 -2.5 -419.2 -14.6 -171.1 -3.5 -53.3 0.2 -54.3
RMSE 16.7 17.2 16.8 5.6 9.8 3.8 9.3 3 22.6 4.4 14.4 2.3 8.1 1.0 8.2
MARE 2.7 3.0 1.9 0.8 2.8 0.6 1.7 189815.3 5565.7 90132.2 7308.9 62018.8 829.1 59278.2
IPE 2.7 1.9 3.1 1.3 3.8 1.1 1.2 611.0 49.4 424.8 47.7 255.9 36.4 2375
CE 0.0 0.4 -0.2 0.6 -0.5 0.7 0.6 -3.4 0.4 -1.7 0.4 0.6 0.8 0.4
RMSE 25.3 20.6 28.0 16.3 319 14.8 15.7 40 22.0 7.8 17.0 8.3 7.0 5.1 7.8
MARE 0.3 0.2 0.2 0.1 0.3 0.1 0.1 29447.1 2381.8 20473.2 2299.7 12335.2 1754.8 11448.5
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Figure S1. Radar plots of the three components of IPE (BOR= boreal, NML= northern mid-latitude, NDR= northern
dry, NST = northern subtropical, EQT = equatorial, SML= southern mid-latitude, SDR= southern dry and SST=
southern subtropical).
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Figure S2. Seasonal cycle (long-term mean monthly runoff, MMR). The shaded region denotes the models’
performance range (BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical,
EQT = equatorial, SML= southern mid-latitude, SDR= southern dry and SST= southern subtropical).
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Figure S2 (Cont.). Seasonal cycle (long-term mean monthly runoff, MMR). The shaded region denotes the models’
performance range (BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern subtropical,
EQT = equatorial, SML= southern mid-latitude, SDR= southern dry and SST= southern subtropical).

2.2. Test of the return periods fitting method

To investigate the reason for the patterns observed in runoff of different return periods, especially decreases in
performance at larger return intervals (shown in Section 3.3 and discussed in Section 4.1 of the main text), we
tested the Gumbel fitting method applied for maximum runoff. To this end, we examined two modified GRDC
datasets for the Zaire catchment and compared the deviations of these datasets with the original data under the

different return periods. The modified datasets are:

- Mod1: increased GRDC time series with 5

- Mod2: multiplied GRDC time series with 1.1 (increase of 10%)

It can be seen from the results in Table S8 that:

1. Absolute differences between Mod1 and GRDC are equal under the different return periods which makes
sense since the whole Gumbel-curve shifted to the right.

2. Absolute differences between Mod2 and GRDC increase with increasing RP. This also makes sense
because a 10% deviation is a bigger difference in absolute terms when taking over higher return periods

3. Relative difference between Mod1 and GRDC decreases which makes sense because this overall shift of
+5 is relatively smaller compared to the higher original discharges at higher RPs.

4. Relative difference between Mod1 and GRDC are equal. This also makes sense because the initial
modification was a relative one (+10%).

The results suggest that the reason lies in the distribution of peak runoff from the models which skews the Gumbel-
fitted distribution and causes relatively larger deviations from the GRDC observations under higher return periods.
In addition, the hydrological models are not only on average higher in their results but also skewed differently
compared to the GRDC distribution. As a result, there is larger uncertainty in the tails, and the deviation in the

extremes is larger than the deviation in the centre-mass of the probability distribution (Figure S3).
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Table S8. Results of the Gumbel fitting method test with two modified datasets for the Zaire catchment.

PEAK_GRDCmod1

RP PEAK_GRDC PEAK_GRDCmod2 ~ABS_DIFF_mod1l ABS_DIFF_mod2 REL_DIFF_mod1  REL_DIFF_mod2

+5
(+3) (+10%)
RP2 43.2 48.2 47.5 5 43 11.6 10
RP5 47.8 52.8 52.5 5 48 10.5 10
RP10 50.8 55.8 55.9 5 5.1 9.8 10
RP20 53.7 58.7 59.1 5 5.4 9.3 10
RP25 54.6 59.6 60.1 5 5.5 9.2 10
RP50 57.5 62.5 63.2 5 5.7 8.7 10
RP1000 60.3 65.3 66.3 5 6.0 8.3 10
RP500 66.8 71.8 73.5 5 6.7 7.5 10
RP1000 69.6 74.6 76.5 5 7.0 7.2 10
100
—DBH HO8
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—EM —MATSIRO
£
;‘_’ 40
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é 20
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Figure S3. The plot of Exceedence probability observed and modelled data in the Zaire catchment.
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Section 3: Supplementary discussion

In this section we expand on some of the themes discussed in the paper.

3.1. On the quality of forcing data

In the discussion in the main text we acknowledge that model improvement is one way of improving model
representation of the global hydrological cycle. Another is better observations of climate and hydrology. Our
assessed performance of the models is to an extent a function of the quality of the observed runoff data used to
evaluate the models. We used data from the GRDC for this purpose. To reduce bias in model performance that may
be introduced by the inclusion of broken observed runoff timeseries (e.g. long gaps in the timeseries) and the use
of short timeseries (e.g. less than 25 years), we applied a rigorous gauge selection criteria (see Sl for the criteria).
The performance of the models is also a function of the quality of the input data used to force them. We chose to
use the latest input dataset available, GSWP3, which has been used in several other recent global-scale hydrological
modelling studies and model intercomparison projects [17-20, 22, 40] and which has been shown to sit well within
the range of observations from other observed products [21, 41]. To this end it is unlikely that the overestimation
of MAR and all indicators of upper and lower extreme runoff by the majority of models in our study can be
attributed to forcing the models with overestimates of observed precipitation. Nevertheless, we acknowledge that
some aspects of model performance will be affected by the quality of the forcing data [42-44], with precipitation
and radiation being strong drivers of runoff and storage, and temperature having a strong effect on snow and ice
[44]. Therefore improvements in model performance will come with improvements in observations. High resolution
remotely sensed datasets offer a complementary and timely source for use as input and evaluation data in future

studies [45].

3.2. On the calibration of global-scale hydrological models

The generally superior performance of WaterGAP2 relative to the other models suggests that robust calibration
methods may improve model performance. However, a smaller error in runoff estimates for a present-day
hydrological simulation (from an uncalibrated or calibrated model) does not necessarily mean that projections for
the future from that model will be more certain than projections from a model with larger error. Whilst the
catchment-scale calibration procedure for WaterGAP2 does lead to better performance for present-day hydrology
in many cases, we note that the calibration of any hydrological model can encourage over-fitting and so act to
compensate for structural errors and errors in atmospheric forcing data [42]. This could pose a problem if the
models were used within a climate modelling framework. Therefore, whilst this study highlights the benefits of
model calibration for improving simulations of present-day runoff, we also urge caution towards interpreting it as
a definitive route to higher model certainty; especially when the models are used for delivering future projections.

Indeed, the calibration of WaterGAP2 does not noticeably improve its ability to simulate the timing of seasonal
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runoff relative to other models. This is most likely a result of it being calibrated against long-term mean annual
discharge [42] and it highlights that model calibration does not necessarily result in a better performing model for
all aspects of the hydrological regime. Calibration can deliver some improvements in performance, but others can
only be achieved through better quality input datasets, the inclusion of missing physical processes, and better

representation of existing processes in the models.

Catchment-scale models have been shown to perform relatively better than their global-scale counterparts, largely
as a result of the former being fully calibrated [13]. Calibration of global models might help to reduce this
performance gap but the sensitivity of simulated runoff to changes in precipitation will remain similar between
global and regional models, irrespective of whether they are calibrated [13-15]. However, we emphasise that the
paucity of long-term globally distributed observations of discharge precludes complete calibration of GHMs and

LSMs, and global monitoring studies are needed to address this.

3.3. On the representation of human impacts in global-scale hydrological models

Our study is the first to focus on evaluating an ensemble of hydrological models that include representation of
human impacts (table 1). This decision was informed by a parallel study that we conducted [46] that showed
inclusion of human impact parameterisation in the models improved simulations of historical runoff, relative to
excluding human impact parameterisations. Our results show that even when including human impacts, there
remain challenges with the accurate simulation of low runoff magnitudes and long term MMR. Therefore we
provide timely encouragement to the global hydrological modelling community to dedicate greater effort to the
representation of low runoff, and the magnitude and timing of the seasonal cycle. This in turn should lead to better
performing models, particularly in the southern hydrobelts (SML and SDR) where the models generally do not
perform well. In particular, we recommend a comprehensive and systematic evaluation of the specific methods
used to represent human impacts in models, for multiple rivers across the globe and at different locations along
the river network, including: irrigation; dam operation rules; the representation of reservoirs; the way in which
withdrawn water is returned to the river network; and the sources where water is withdrawn from to meet water

needs (i.e. groundwater, surface water, and desalinisation).
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Section S1

Table S1. 40 selected catchments from the GRDC reference database.

Data Area
No GRDC_NR RIVER STATION availability A't‘;aﬂtg;‘r] (km2) W{ . Lal..ﬁﬁD.Qde H:dlrf'
(yrs) (ISIMIP) egree) (degree) e

1 2903430 LENA STOLB 32 2460000 2443190 1268 7237 BOR

2 2906900 AMUR KOMSOMOLSK 26 1730000 1742103 137.12 50.63 BOR

3 2909150 YENISE! IGARKA 32 2440000 2443587 86.5 67.48 BOR

4 2912600 o8 SALEKHARD 39 2645998 2438012 66.53 66.57 BOR

5 2908510 KOLYMA KOLYMSKAYA 28 526000 539526 158.72 68.73 BOR

7.5KM DOWNSTREAM
6 2999910 OLENEK OF MOUTH OF RIVER 39 198000 197649 12322 72.12 BOR
PUR

7 4208150 MACKENZIERIVER  NORMAN WELLS 30 1570000 1580100  -126.85 65.28 BOR

§ 4213550  SASKATCHEWAN THE PAS 40 347000 349670 -101.18 53.83 BOR

9 4213650  ASSINIBOINE HEADINGLEY 40 153000 154323 -97.4 49,87 BOR
10 4213680 RED RIVER EMERSON 40 104000 99974 97.22 49 BOR
11 4213800  WINNIPEG RIVER SLAVE FALLS 38 126000 124681 -95.57 50.22 BOR
12 4214260  CHURCHILL RIVER “BOVEFif&NV""'E 6 228000 233423 -100.45 56.15 BOR
13 4214520  ALBANYRIVER NEAR HAT ISLAND 31 118000 121442 -83.87 51.33 BOR

NORTHERN
14 6970250  DVINA(SEVERNAYA UST-PINEGA 31 348000 350844 4217 64.1 BOR
DVINA)

15 2180800 YELLOW Huayuankoy 40 730036 723657 113,65 34.92 NML
16 4115200 COLUMBIA THE DALLES, OREG. 40 613830 616452 12117 45,61 NML
17 4127800 MISSISSIPPI VICKSBURG, MISS. 37 2964252 2947486 -90.9 3232 NML

CORNWALL{ONTARIO),

18 4143550  STLAWRENCE oot AS(SEN A N_y_l 40 773862 771449 7478 45.01 NML
19 4207900  FRASERRIVER HOPE 40 217000 218162 -121.45 49,38 NML
20 5340110 LABE NEU-DARCHAU 40 131950 132028 10.88 53.23 NML
21 6435060 RHINE RIVER LOBITH 40 160800 161606 6.11 51.84 NML
22 5442600 DANUBE MOHACS 29 209064 212558 18.67 46 NML
23 6972430 NEVA NOVOSARATOVKA 40 281000 284045 30.72 50.8 NML
24 6977100 VOLGA VOLGO?E:STPOWER 39 1360000 1356910 4472 48.77 NML
25 6978250 DON RAZDORSKAYA 38 378000 364497 40,67 475 NML
6% 7222222 YANGTZE Cuntan 31 121000 117543 100.15 355 NML
27 4152450 COLORADO LEES FERRY, ARIZ. 40 289562 358663 111,58 36,87 NDR
28 4356100 SANTIAGO EL CAPOMAL 31 128943 129623 -105.12 21.83 MNDR
29 1834101 NIGER LOKOJA 25 2074171 1761002 6.7 7.8 NST
30 1147010 ZAIRE KINSHASA 40 3475000 3637502 153 43 EQr
31 3629000 AMAZONAS OBIDOS 27 4640300 4678378 -55.5 19 EQT
32 3630050 XINGU ALTAMIRA 35 446570 442067 52,22 32 EQT
33 3650481 RIO PARNAIBA LUZILANDIA 26 322823 309374 -42.37 -3.45 55T
34 3651805  SAOFRANCISCO MANGA 37 200789 205950 -43.93 1476 s§T
35 3667060 PARAGUAI PUR{T;%:I;‘Q;\IHO 37 474500 487030 -57.89 217 ssT
36 5101200 BURDEKIN CLARE 40 129660 120785 147.24 1976 ssT
37 1150100 ORANIE VIOOLSDRIF 38 850530 851280 17.73 -28.76 SOR
38 5410100  COOPER CREEK CALLAMURRA 33 230000 230043 140.87 277 SOR
39 5101301 FITZROY THE GAP 40 135860 132642 1501 231 SML
40 5204250 DARLING RIVER LOUTH 26 AB9300 472878 145,11 -30.54 SML

*not included in GRDC database, obtained from local authority



Table S2. The 5 GHMs and their major parameters and modelling methods. tas = surface air temperatures, pr = precipitation,

rhs= near-surface relative humidity, rsds/rlds = surface radiation (shortwave/longwave downwelling), wind = near-surface wind speed,
pet = potential evapotranspiration, ps = surface air pressure.

Input Human
Class of X P Resolution Representation of Representation of Method: potential Method: Carbon  Calibration
Model climate i i i L water use/ i
Model (space and time) soils vegetation evapotranspiration  snow melt . cycling status
parameters Reservoirs
Three soil layers and Prescribed spatial
Pr, tas, Grid cells with sub- Y o P
DBH (Tang ; . . one underlying distribution of natural Energy
GHM  wind,rhs, grid heterogeneity . . Energy balance Yes/No No No
etal., 2007) . groundwater layer at  vegetation and agricultural balance
rlds, rsds, ps  accounting method
the bottom land cover
Natural use: Globall
tas, Pr, 1-layer leaky bucket . . _V
HO8 . . uniform. No-specific land
. Snowfall, 0.5°; daily soil. Its runoff ) . Energy
(Hanasaki et GHM . . . type is assigned, as known Bulk formula Yes/Yes No No
wind, rhs, properties vary with ) balance
al., 2008) . as Manabe's bucket.
rsds, rlds, ps climate zones.
. . Dynamic simulation of Degree-day
Five hydrologically . .
LPJmL . . growth and productivity Priestley-Taylor method o
. active soil layers, . . . o . Irrigation
(Bondeau et GHM  Pr,tas, rsds  0.5% daily (with prescribed spatial (modified for with Yes No
coupled to carbon and o . . only/Yes
al., 2007) distribution of crops and transpiration) precipitatio
thermal balance .
pasture); daily n factor
Two soil layers and . .
PCRGLOBWB . Prescribed vegetation,
. one underlying . Degree-day
(Wadaetal., GHM tas, Pr, pet 0.5°; daily agriculture, and land use Hamon Yes/Yes No No
groundwater layer at method
2014) cover
the bottom
. . IGBP land cover classes Priestley-Taylor
WaterGAP2 One soil layer with .
(Ml tas. Pr rsd . ting denth based on MODIS, with two alpha b d
tller as, Pr, rsds, varying rooting depth, . egree-da
. GHM T 0.5°; daily ying g aep temperature and factors depending g v Yes/Yes No Yes
Schmied et rlds dependent on land L o method
precipitation based LAI- on the aridity of the
al., 2016) cover ) . .
model, fixed rooting depth  grid cell




Table S3. Characteristics of hydrobelts and number of catchments within each hydrobelt
(BOR= boreal, NML= northern mid-latitude, NDR= northern dry, NST = northern
subtropical, EQT = equatorial, SML=southern mid-latitude, SDR=southern dry and
SST=southern subtropical).

Catchments Catchments
Area of hydrobelt Hydrobelt runoff No. of selected )
. area in each area to
(103 km?) (mm/yr) catchments in
Hydrobelt hydrobelt hydrobelt area
(Meybeck et al., 2013) (Meybeck et al., 2013) each hydrobelt
(10% km2) (%)
BOR 25995 223 14 13298 51.2
NML 24199 343 12 7940.8 32.8
NDR 30234 36 2 418.5 1.4
NST 10579 386 1 2074.2 19.6
EQT 16826 960 3 8561.9 50.9
SST 10599 233 4 1127.8 10.6
SDR 8677 31 2 1080.5 12.5
SML 4008 292 2 625.2 15.6
Sum/Ave. 131119* 277* 40 4390.9 243

*Total of non-glaciated land

Table S4. The GEP function set, constants and gene configuration. For detail explanations
about control parameters see (Ferreira, 2001).

Settings Control parameter Value/Symbol
General Number of chromosome 25
settings Number of genes (equation components) 3

Gene head size 10

Linking function addition
Functions, Maximum generations 100,000
Fitness and Fitness function Customised IPE
model Max fitness 1000
generation Functions +,-% 1 (2)%

Sqrt, Exp, X, x5,
Natural Log, Sine,
Cosine (1)%*;

Genetic Mutation rate 0.044
operators Inversion 0.1

Insertion sequence (IS) transposition 0.1

Root insertion sequence (RIS) transposition 0.1

One-point recombination rate 0.3

Two-point recombination rate 0.3

Gene recombination 0.1

Gene transposition 0.1
Numerical Constants per gene 2
constants Lower/upper bound -10/+10

Random numerical constants (RNC) mutation 0.01

DC mutation 0.044

DC inversion 0.1

DC IS transposition 0.1

*Weight of the functions for calculating the “equation size”



Table S5. The training and validation subsets used to inform MMC development in each of
the study catchments.

. Total data Period of Training Period of Validation
No River length
Data Data
(months)

1 LENA 384 1/1971-12/1990 1/1991-12/2002
2 AMUR 312 1/1971-12/2000 1/2001-12/2006
3 YENISEI 384 1/1975-12/1998 1/1999-12/2010
4 OB 468 1/1971-12/1990 1/1991-12/2010
5 KOLYMA 336 1/1978-12/1997 1/1998-12/2008
6 OLENEK 468 1/1971-12/1990 1/1992-12/2010
7 MACKENZIE RIVER 360 1/1971-12/1992 1/1993-12/2010
8 SASKATCHEWAN 480 1/1971-12/1990 1/1991-12/2010
9 ASSINIBOINE 480 1/1971-12/1990 1/1991-12/2010
10 RED RIVER 480 1/1971-12/1990 1/1991-12/2010
11 WINNIPEG RIVER 456 1/1971-12/1990 1/1991-12/2010
12 CHURCHILL RIVER 432 1/1971-12/1994 1/1995-12/2010
13 ALBANY RIVER 372 1/1973-12/1992 1/1993-12/2010
14  NORTHERN DVINA 372 1/1971-12/1992 1/1993-12/2005
15 YELLOW 480 1/1971-12/1990 1/1991-12/2010
16 COLUMBIA 480 1/1971-12/1990 1/1991-12/2010
17 MISSISSIPPI 444 1/1971-12/1990 1/1991-12/2010
18 ST.LAWRENCE 480 1/1971-12/1990 1/1991-12/2010
19 FRASER RIVER 480 1/1971-12/1990 1/1991-12/2010
20 LABE 480 1/1971-12/1990 1/1991-12/2010
21 RHINE RIVER 480 1/1971-12/1990 1/1991-12/2010
22 DANUBE 348 1/1971-12/1990 1/1991-12/1999
23 NEVA 480 1/1971-12/1990 1/1991-12/2010
24 VOLGA 468 1/1971-12/1990 1/1992-12/2010
25 DON 456 1/1971-12/1990 1/1993-12/2010
26 YANGTZE 372 1/1971-12/1990 1/1991-12/2001
27 COLORADO 480 1/1971-12/1990 1/1991-12/2010
28 SANTIAGO 372 1/1971-12/1990 1/1991-12/2003
29 NIGER 300 1/1971-12/1990 1/1991-12/2005
30 ZAIRE 480 1/1971-12/1990 1/1991-12/2010
31 AMAZONAS 324 1/1971-12/1990 1/1991-12/1997
32 XINGU 420 1/1971-12/1991 1/1992-12/2008
33 RIO PARNAIBA 300 1/1982-12/2001 1/2001-12/2006
34 SAO FRANCISCO 444 1/1971-12/1990 1/1991-12/2008
35 PARAGUAI 444 1/1971-12/1990 1/1991-12/2007
36 BURDEKIN 480 1/1971-12/1990 1/1991-12/2010
37 ORANJE 456 1/1971-12/1992 1/1993-12/2010
38 COOPER CREEK 396 1/1971-12/1993 1/1991-12/2006
39 FITZROY 480 1/1971-12/1990 1/1991-12/2010
40 DARLING RIVER 312 1/1971-12/2001 1/2002-12/2007




Table S6. Cross-correlation of the model residuals for the six catchments where their trade-
off-based MMC solutions fail.

OLENEK
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 0.953627 1
LPJmL 0.398167 0.461829 1
PCRGLOBWB 0.946451 0.965436 0.519173 1
WaterGAP2 0.81903 0.872276 0.375587 0.817426 1
MACKENZIE
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 0.491979 1
LPJmL -0.62203 -0.55728 1
PCRGLOBWB 0.133255 0.455914 0.135442 1
WaterGAP2 -0.42352 0.191301 0.397815 0.780964 1
WINNIPEG
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 -0.00723 1
LPJmL -0.24339 0.676216 1
PCRGLOBWB 0.739637 0.183786 0.057652 1
WaterGAP2 -0.19368 0.240907 0.343589 0.32813 1
COLUMBIA
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 -0.52298 1
LPJmL -0.77634 0.695721 1
PCRGLOBWB 0.000928 0.183148 0.283918 1
WaterGAP2 -0.10828 0.565067 0.58462 0.509789 1
LABE
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 -0.05791 1
LPJmL -0.08669 0.744627 1
PCRGLOBWB 0.555102 0.097086 0.350186 1
WaterGAP2 0.095586 0.548779 0.510525 0.128655 1
PARAGUAI
DBH HO8 LPJmL PCRGLOBWB WaterGAP2
DBH 1
HO8 0.817754 1
LPJmL 0.96891 0.819339 1
PCRGLOBWB 0.938688 0.925835 0.956784 1
WaterGAP2 0.702871 0.657761 0.70128 0.724402 1

Table S7. Changes in IPE score and performance gain of the best performing MMS solutions

for the six catchments where their trade-off-based MMC solutions fail.

IPE PG relative to best GHM (%) PG relative to EM (%)
Best EM original Best original Best original Best
GHM MMC MMC MMC MMC MMC MMC
Mackenzie -1.30  -1.39 -1.33 -1.88 -3 -58 5 -49
Columbia -1.11 -1.28 -1.21 -1.22 -10 -12 7 5
Olenek -1.47 8.12 -1.15 -1.36 33 11 -1027 -1048
Paraguai 8.00 78.53 8.19 8.00 19 -0.4 -7034 -7053
Winnipeg 1.55 2.29 1.62 1.60 7 5 -67 -69
Labe -1.47 3.10 -1.44 -1.65 2 -19 -554 -575




Section 2

Table S8. IPE and its components values for mean annual runoff for GHMs, EM and MMC

Calibration Validation
[a]
: = g i g &
- o =
: g g F § £ 3 E|® 3z F : & : @
RMSE 26.6 217 20.7 15.0 14.1 16.0 111 24.4 20.2 18.9 15.0 119 14.9 9.4
MARE 1.8 2.0 1.8 1.7 1.0 1.4 0.6 14 21 1.4 16 0.8 1.2 0.5
! CE -0.7 -0.1 0.0 0.5 0.5 0.4 0.7 -0.4 0.0 0.2 0.5 0.7 0.5 0.8
IPE 1.1 -1.3 -1.3 1.7 -2.0 -1.7 -33 16 2.0 1.4 15 -1.3 1.1 -2.0
RMSE 16.5 11.4 9.8 75 6.9 6.2 6.1 14.6 8.8 8.0 6.1 58 5.6 4.8
MARE 0.7 1.1 0.7 09 0.7 0.6 03 0.8 1.2 0.7 09 0.8 0.7 0.4
2 CE -1.0 0.0 0.3 0.6 0.6 0.7 0.7 -1.5 0.1 0.3 0.6 0.6 0.6 0.7
IPE 1.2 -13 -1.7 -1.7 -2.0 -2.5 -3.3 3.1 1.9 1.3 1.3 1.2 1.1 -1.4
RMSE 234 14.1 25.8 19.0 14.6 16.6 134 20.1 123 23.4 16.1 12.2 140 114
MARE 0.8 0.5 0.8 04 0.4 0.4 02 0.7 0.4 0.7 03 03 0.3 0.2
3 CE 0.0 0.6 -0.3 03 0.6 0.5 0.7 0.0 0.6 0.4 03 0.6 0.5 0.7
IPE -1.4 -2.5 -1.3 -2.0 -2.5 2.5 -33 1.2 -1.7 1.2 -1.4 -1.7 -1.7 -2.5
RMSE 213 12.8 321 10.2 6.0 11.0 4.4 20.9 14.0 27.0 89 6.7 10.7 39
MARE 1.6 1.3 3.6 1.5 11 1.6 03 16 1.7 2.8 1.2 13 1.5 0.3
4 CE -5.2 -1.2 -13.0 -0.4 0.5 -0.7 0.7 -6.8 -2.5 -12.0 -0.4 0.2 -1.1 0.7
IPE 24 1.2 5.2 1.0 1.7 1.1 -3.3 8.4 4.7 13.9 2.6 25 3.5 -1.3
RMSE 211 17.7 203 14.8 18.7 13.4 6.3 17.6 141 20.2 13.7 15.8 10.8 7.4
s MARE 0.7 1.9 1.2 21 35 1.5 04 0.7 11 1.1 1.4 25 0.9 0.4
CE 0.3 0.5 0.3 0.6 0.4 0.7 0.9 0.4 0.6 0.2 0.6 0.5 0.8 0.9
IPE -1.4 -1.4 -14 -1.7 1.0 -2.0 -5.0 -1.3 1.1 1.2 13 23 -1.3 -2.5
RMSE 26.1 209 241 25.2 7.5 16.7 73 30.5 26.5 23.9 30.1 13.2 214 13.2
MARE 19 15.8 336 40.0 9.7 20.0 3.8 1.4 19.7 38.9 55.3 123 25.3 2.7
6 CE 0.2 0.5 0.3 0.2 0.9 0.7 0.9 0.2 0.4 0.5 0.2 0.8 0.6 0.8
IPE -1.4 -1.4 1.1 1.3 -3.3 -1.4 -5.0 -1.4 6.3 12.5 17.7 3.9 8.1 -1.1
RMSE 185 83 17.6 5.6 6.2 41 4.5 17.0 8.7 14.3 5.4 5.0 4.0 4.9
7 MARE 1.0 0.6 0.9 0.3 0.5 0.3 0.2 1.0 0.7 0.8 0.2 0.4 0.3 0.3
CE -2.5 0.3 -2.2 0.7 0.6 0.8 0.8 -2.7 0.0 -16 0.6 0.7 0.8 0.7
IPE 1.5 -1.7 1.4 -3.3 -2.5 -3.3 -3.3 4.5 1.9 3.4 -1.3 1.1 -1.4 -1.4
RMSE 16.2 4.8 15.0 59 2.1 6.5 1.8 16.3 4.6 10.8 5.8 2.0 6.0 1.6
8 MARE 3.0 1.2 2.2 11 0.4 1.4 0.3 27 1.1 1.8 0.9 0.3 1.2 0.3
CE -51.2 -3.7 -43.6 -6.0 0.1 7.4 0.4 -51.8 -3.1 -21.9 -5.6 0.2 -6.1 0.5
IPE 19.7 24 16.8 31 -1.4 3.7 -2.0 61.4 5.7 27.0 8.2 14 9.0 1.0
RMSE 143 6.9 28.6 4.1 1.0 8.9 08 18.1 6.0 20.9 4.8 0.8 8.5 0.7
9 MARE 226 9.6 245 6.1 09 12.7 0.5 17.8 7.0 17.9 51 0.8 9.7 0.5
CE -1340 -305 -537.0 -103 0.3 -51.3 06 -387.0 -424 -5160 -26.9 03 -84.3 0.5
IPE 68.1 16.4 267.8 6.4 -1.4 26.8 -2.5 384.8 44.5 512.3 28.9 1.6 85.8 1.1
RMSE 17.7 6.7 16.0 6.0 4.1 7.9 2.8 19.9 5.9 16.4 7.4 6.7 8.3 53
MARE 113 4.2 9.8 37 2.0 6.2 0.9 5.7 1.8 4.4 23 1.6 31 0.7
10 CE -14.5 -1.2 -11.7 -0.8 0.2 -2.1 0.6 -6.9 03 4.3 -0.1 0.1 -0.4 0.4
IPE 8.1 1.5 6.7 13 -1.4 21 -2.5 6.6 1.6 4.8 2.1 1.5 2.8 -1.3



Table S8 (Cont.). IPE and its components values for mean annual runoff for GHMs, EM and

MMC
Calibration Validation
g- |§ = ; =
i =z 2 H 2 =
2 F . . s 8§ @ =l ., . &5 8 ¢ z
§ &% & B B & =® & 3|8 8§ B § r» g 3
RMSE 37.2 15.9 17.9 8.4 7.0 11.5 7.0 371 16.0 16.3 7.5 8.0 9.5 7.6
1 MARE 2.4 0.7 0.7 0.4 0.4 0.7 0.3 1.8 0.5 0.6 0.3 0.3 0.5 0.4
CE -16.9 -23 -3.2 0.1 0.4 -0.7 0.4 -15.8 -2.1 -2.2 0.3 0.2 -0.1 0.3
IPE 6.1 1.4 1.6 -1.7 -2.0 1.0 -2.0 24.2 4.8 5.0 16 1.7 2.3 1.6
RMSE 35.8 12.9 9.7 9.5 2.4 7.8 2.2 334 13.6 10.9 9.6 33 7.8 3.0
MARE 3.0 1.2 0.7 1.0 0.2 0.7 0.2 28 13 0.6 1.0 03 0.7 03
12 CE -187.8 -236 -12.8 12.4 0.2 -7.8 03 -89.9 -14.1 -8.7 -6.5 0.1 -4.0 0.3
IPE 52.0 7.3 4.2 4.2 -2.0 2.9 -2.0 297.5 50.1 32.2 25.6 3.6 17.1 31
RMSE 47.4 22.6 50.9 10.6 22.0 13.6 9.6 40.8 15.6 39.6 14.5 21.2 11.1 13.4
MARE 15 1.2 24 0.5 1.6 11 0.4 1.2 0.8 1.4 0.6 16 0.8 0.4
B CE -4.0 -0.1 -4.7 0.8 -0.1 0.6 0.8 -3.0 0.4 -2.8 0.5 -0.1 0.7 0.6
IPE 2.0 -1.4 2.3 -3.3 -1.4 -2.5 -5.0 2.8 1.0 2.8 -1.4 1.7 -1.3 -1.7
RMSE 349 17.4 51.1 29.1 17.7 184 134 36.7 14.1 48.6 304 18.3 18.7 13.7
MARE 11 11 2.3 0.6 0.6 0.7 0.4 1.2 0.9 1.7 0.6 0.6 0.5 0.4
1 CE -0.5 0.6 -2.1 0.0 0.6 0.6 0.8 -0.4 0.8 -1.4 0.1 0.7 0.6 0.8
IPE 1.0 -1.7 19 -1.4 -2.5 -2.0 -3.3 15 1.0 2.1 -1.1 -1.4 -1.7 -2.5
RMSE 116 5.5 5.9 155 3.7 6.9 2.7 10.7 4.8 5.8 149 2.1 6.7 16
MARE 2.4 1.4 1.0 3.6 0.8 1.6 0.3 4.0 2.1 1.8 6.0 0.7 2.7 0.7
1 CE -11.3 -1.7 -2.2 -21.2 -0.2 -3.3 0.4 -43.2 -7.8 -12.2 -85.0 -0.7 -16.3 0.0
IPE 5.4 1.7 17 9.3 -1.1 23 -2.0 23.4 5.5 7.4 44,9 15 9.7 1.2
RMSE 18.7 11.4 14.0 10.2 5.1 5.3 4.9 15.2 9.8 125 8.4 5.2 4.6 5.1
MARE 0.6 0.4 0.5 0.4 0.2 0.2 0.1 05 0.4 0.5 0.4 0.2 0.2 0.2
16 CE -3.1 -0.5 -1.3 -0.2 0.7 0.7 0.7 -2.1 -0.3 -1.1 0.0 0.6 0.7 0.7
IPE 2.1 1.0 1.4 -1.1 -2.5 -2.5 -2.5 4.3 2.1 31 1.7 -1.1 -13 -1.3
RMSE 15.6 4.5 56 7.8 31 5.7 33 16.6 4.4 5.6 8.6 3.4 6.0 37
MARE 1.1 0.2 0.4 0.5 0.2 0.4 0.1 1.2 0.2 0.4 0.5 0.2 0.4 0.1
v CE -2.5 0.7 0.5 0.1 0.9 0.5 0.8 -3.6 0.7 0.5 -0.3 0.8 0.4 0.8
IPE 1.9 -2.5 -2.0 -1.4 -3.3 -2.0 -5.0 5.0 -1.7 1.1 1.7 -2.0 1.2 -2.0
RMSE 47.6 22.7 17.8 8.8 4.6 13.6 2.2 42.6 19.0 16.5 8.0 56 12.3 3.0
18 MARE 13 0.6 0.5 0.3 0.1 0.4 0.1 1.3 0.6 0.6 0.3 0.2 0.3 0.1
CE -276.0 -61.9 -37.7 -8.5 -1.5 -21.7 0.4 -221.0 434 324 -6.9 -2.9 -17.4 -0.1
IPE 86.3 20.0 12.6 3.5 1.2 7.5 -2.0 375.2 75.4 56.9 14.0 7.1 316 25
RMSE 20.4 30.4 43.8 20.4 13.8 18.4 11.3 19.8 29.1 41.0 19.6 15.2 18.3 11.8
MARE 0.4 0.9 14 0.4 0.4 0.5 0.2 04 11 1.3 0.4 0.6 0.6 0.3
9 CE 0.3 -0.6 -2.3 0.3 0.7 0.4 0.8 03 -0.5 -1.9 0.3 0.6 0.4 0.8
IPE -2.0 -1.1 15 -2.0 -2.5 -2.0 -5.0 1.2 2.5 4.1 11 1.2 13 -1.7
RMSE 194 18.4 12.6 223 38 12.1 3.6 21.4 17.3 13.7 23.0 4.4 134 4.2
MARE 13 0.7 0.6 15 0.2 0.7 0.2 1.8 0.7 0.8 2.0 03 1.0 03
20 CE -6.2 -5.5 -2.0 -8.5 0.7 -1.8 0.8 -6.2 -3.7 -2.0 -7.4 0.7 -1.8 0.7
IPE 3.5 3.0 16 4.5 -2.5 1.6 -33 6.7 4.1 3.0 7.7 -1.4 3.1 -1.4



Table S8 (Cont.). IPE and its components values for mean annual runoff for GHMs, EM and

MMC
Calibration Validation
o
E:l.' |§ s I5 s
: o= - 5 & g
RMSE 243 31.2 20.3 17.4 7.5 15.6 6.7 238 28.2 17.1 15.2 6.8 14.4 5.7
MARE 0.6 0.6 0.4 0.4 0.2 0.3 0.1 0.6 0.5 0.3 0.4 0.2 0.3 0.1
2 CE -1.4 -2.9 -0.6 -0.2 0.8 0.0 0.8 -1.7 -2.8 -0.4 -0.1 0.8 0.0 0.8
IPE 1.5 2.0 1.1 -1.1 -3.3 -1.4 -33 2.6 3.3 1.5 1.4 -2.0 1.2 -2.5
RMSE 23.4 18.7 13.2 16.8 6.3 9.1 5.4 23.1 18.5 11.0 15.3 58 8.8 4.9
MARE 0.6 0.5 0.4 0.5 0.2 0.3 0.1 0.7 0.5 0.3 0.5 0.1 0.2 0.1
2 CE -5.1 2.9 -0.9 -2.1 0.6 0.1 0.7 -4.7 -2.7 -0.3 -1.5 0.6 0.2 0.7
IPE 25 1.7 1.0 1.5 -2.5 -1.7 -3.3 4.0 2.7 1.3 2.1 -2.0 -1.1 -2.0
RMSE 39.0 24.2 15.9 13.1 6.4 8.7 3.6 41.4 22.7 15.4 13.1 6.1 9.3 3.6
MARE 1.1 0.9 0.6 0.5 0.3 0.3 0.1 1.1 0.8 0.6 0.5 0.3 0.3 0.1
3 CE -34,1 -12.5 -4.8 -3.0 0.0 -0.7 0.7 -48.9 -14.0 -5.9 -4.0 -0.1 -1.5 0.6
IPE 10.8 4.5 2.2 1.6 -1.4 -1.1 -3.3 83.4 25.6 12.2 8.9 2.4 4.7 1.1
RMSE 28.7 16.7 17.0 7.2 4.2 104 4.1 28.4 16.5 129 5.8 4.6 9.9 4.5
MARE 1.8 0.9 0.7 0.4 0.2 0.7 0.2 1.6 0.8 0.6 0.3 0.2 0.6 0.2
2 CE -10.8 -3.0 -3.2 0.2 0.7 -0.5 0.8 9.4 =2.5 -1.2 0.6 0.7 -0.3 0.7
IPE 53 2.2 2.1 -1.4 -2.5 1.2 -2.5 6.8 2.8 1.9 -14 -1.7 1.5 -2.0
RMSE 20.6 13.4 18.9 23.7 2.4 13.9 2.3 19.4 13.3 16.2 21.2 2.1 12.8 1.8
MARE 4.2 3.0 4.1 5.0 0.5 33 0.4 3.5 2.3 33 3.7 0.3 2.6 0.2
% CE -49.6 -20.4 -41.8 -66.3 0.3 -21.9 0.4 -94.4 -43.9 -65.4 -113.7 -0.1 46'3 0.1
IPE 20.2 9.1 17.2 26.6 -1.4 9.7 -1.7 83.5 39.9 58.8 100.1 1.5 37.1 1.2
RMSE 8.7 21.7 18.0 43.5 9.3 18.7 7.3 8.8 19.7 17.4 41.3 8.6 18.1 6.5
MARE 0.2 0.4 0.4 0.8 0.1 0.3 0.1 0.2 0.4 0.5 0.9 0.1 0.4 0.1
% CE 0.9 0.4 0.6 -1.4 0.9 0.6 0.9 0.9 0.5 0.6 -1.0 0.9 0.6 1.0
IPE -5.0 -1.7 -2.0 15 -5.0 -2.0 -5.0 -2.5 -11 1.0 2.8 -33 -11 -5.0
RMSE 7.1 3.0 4.2 3.2 3.3 3.0 2.6 7.1 1.4 3.3 2.8 2.0 24 1.3
MARE 1.4 0.4 0.9 0.6 0.5 0.6 0.4 1.4 0.3 0.8 0.5 0.4 0.5 0.3
u CE -5.3 -0.1 -1.2 -0.2 -0.3 -0.1 0.1 -43.0 -0.7 -8.6 5.7 -2.4 -3.9 -0.4
IPE 3.0 -1.3 1.4 -1.1 -1.1 -1.1 -1.4 52.9 2.5 12.1 8.5 4.6 6.4 2.2
RMSE 213 17.4 10.9 18.4 29 12.9 29 | 211 15.3 8.9 19.2 2.8 121 29
MARE 7.4 1.8 1.4 9.3 0.6 39 0.4 10.5 5.8 3.2 12.0 1.3 6.4 1.1
2 CE -11.2 -7.1 -2.2 -8.1 0.8 -3.5 0.8 -24.0 -12.2 -35 -19.8 0.5 -7.3 0.5
IPE 7.9 5.2 2.2 6.2 -3.3 31 -33 15.1 8.3 38 15.0 1.4 7.3 1.2
RMSE 17.6 18.9 18.5 11.2 4.7 135 13 14.5 15.1 14.9 7.7 2.7 9.9 2.1
MARE 29 35 23 29 0.7 24 0.2 1.8 2.3 1.3 1.6 0.4 1.3 0.3
2 CE -12.0 -13.9 -14.9 -4.3 0.1 -6.6 0.9 -7.5 -8.3 -8.0 -14 0.7 -2.9 0.8
IPE 8.7 10.0 10.5 4.2 1.0 5.4 -5.0 9.7 10.7 10.0 3.6 -1.4 4.9 -1.7
RMSE 22.1 17.5 14.6 9.9 5.0 11.4 4.4 18.3 15.3 12.1 9.2 7.6 9.1 6.5
10 MARE 0.7 0.5 0.4 0.3 0.1 0.3 0.1 0.5 0.4 0.3 0.3 0.2 0.2 0.2
CE -9.2 5.4 -3.5 -1.1 0.5 -1.7 0.6 -4.9 -3.1 -1.6 -0.5 0.0 -0.5 0.2
IPE 33 2.2 1.7 1.0 -2.5 1.2 -2.5 8.3 5.9 3.9 2.5 1.8 24 1.4
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Table S8 (Cont.). IPE and its components values for mean annual runoff for GHMs, EM and

MMC
Calibration Validation
Ea I = g s
3 2 a % a -]
§ # % % B § & &8 3|8 =8 E s ® 2 3
RMSE 247 211 29.6 32.2 16.5 19.4 10.2 23.2 18.8 276 325 13.9 176 9.3
n MARE 0.2 0.2 0.3 0.2 0.1 0.2 0.1 03 0.2 0.2 0.3 0.1 0.1 0.1
CE 0.1 03 -0.4 -0.6 0.6 0.4 0.8 03 0.5 0.0 0.4 0.8 0.6 0.9
IPE -1.3 -1.7 -1.1 1.0 -2.5 -2.0 -3.3 2.0 15 2.6 3.4 -1.1 1.3 -2.0
RMSE 69.2 63.6 67.0 276 224 423 21.9 61.9 67.1 64.5 22.2 221 402 21.2
MARE 2.7 1.0 1.5 0.6 0.4 1.1 0.4 5.0 19 31 1.0 1.1 2.2 0.9
32 CE -14 -1.1 -1.3 0.6 0.7 0.1 0.8 -1.3 -1.6 -1.4 0.7 0.7 0.1 0.7
IPE 18 1.3 1.5 -2.5 -3.3 -1.3 -3.3 59 47 4.9 1.1 1.2 2.6 1.0
RMSE 327 327 33.2 10.8 4.6 21.0 1.7 327 39.7 37.5 13.3 4.2 236 1.7
MARE 38 22 31 0.9 0.6 1.9 0.2 4.2 2.2 31 1.0 0.6 2.0 0.2
3 CE -52.5 -52.6 -54.2 4.9 0.0 -21.1 0.9 -64.9 -95.9 -85.5 99 -0.1 -33.2 0.8
IPE 356 353 36.5 4.3 1.3 14.9 233 48.8 70.8 63.4 8.4 15 254 -2.5
RMSE 41.0 359 28.6 31.7 12.4 26.5 9.7 384 325 218 245 8.4 225 6.7
MARE 0.9 05 0.5 0.6 0.3 0.4 0.2 1.0 0.6 0.6 0.7 0.3 0.5 0.3
4 CE -3.2 -2.2 -1.0 -15 0.6 -0.7 0.8 3.6 -2.3 -0.5 -0.9 0.8 -0.6 09
IPE 29 2.2 1.6 19 -2.0 1.4 -2.5 48 35 19 2.2 -1.7 1.9 -2.0
RMSE 42.5 44.5 359 37.0 6.7 317 5.8 35.0 37.2 311 29.6 6.1 26.4 5.4
MARE 27 2.2 21 2.2 0.4 1.8 0.3 58 44 4.6 5.1 23 4.4 26
* CE -34.7 -38.2 -24.4 -26.1 0.1 -18.9 0.3 -39.2 -44.3 -30.7 -27.7 -0.2 -21.9 0.1
IPE 121 131 8.8 9.3 -1.7 7.0 -1.7 136.9 153.0 108.1 98.4 8.0 78.5 8.2
RMSE 219 18.0 17.0 9.8 7.3 9.2 10.1 19.7 11.9 14.6 13.2 115 9.8 10.2
MARE 63.2 21 388 17.0 84 25.7 18 179 EN 81 5.2 4.2 7.6 1.8
* CE -0.5 0.0 0.1 0.7 0.8 0.7 0.7 0.2 0.7 05 0.6 0.7 0.8 0.8
IPE 1.2 11 -13 -2.5 -3.3 -2.5 -2.5 6.9 14 31 2.0 1.6 2.9 -1.4
RMSE 11.5 1.7 11.1 58 1.0 58 0.8 7.7 16 80 5.0 0.8 4.1 1.0
MARE 252 18 15.0 17.0 1.0 11.9 0.7 68.1 99 47.6 55.1 31 36.7 23
¥ CE -154.9 2.4 -144.0 -395 -0.2 -38.4 0.3 -102.8 -33 -109.3 -42.9 -0.2 -28.6 0.7
IPE 89.6 23 831 24.1 1.0 231 -1.4 831 71 811 46.4 2.3 312 20
RMSE 231 6.9 16.8 3.4 2.7 9.4 24 18.5 29 12.0 2.8 1.0 1.0 09
MARE 64901 9658 307693 71119 7966 209090 557 1030724 21936 379899 82248 15753 308112 2954
3 CE -57.8 -4.3 -29.8 -0.3 0.2 -8.6 0.4 -521.6 -11.6 -221.3 -11.5 -0.4 -73.2 -0.3
IPE 63.6 2.4 30.6 6.6 -1.1 19.5 -2.0 6992 149 2578 625 106 2088 201
RMSE 25.1 6.0 19.4 73 5.2 10.2 5.1 19.2 74 16.0 7.3 5.5 85 5.3
MARE 2194 150 1839 856 71 1022 46 57166 4690 39895 24101 3430 25856 2731
» CE -5.0 0.7 -2.6 0.5 0.7 0.0 0.7 -2.1 0.5 -11 0.6 0.7 0.4 0.8
IPE 6.3 -2.0 4.9 21 -2.5 2.6 -3.3 641.2 52.6 A447.5 270.3 38.5 290.0 30.6
RMSE 25.1 4.7 17.1 9.6 1.0 10.8 1.1 159 2.0 10.4 5.6 0.1 6.5 0.4
MARE 69399 1132 27319 23162 457 24293 76 657576 19041 305242 193641 2223 235545 1992
%0 CE -494.5 -16.2 -229.9 721 0.2 -91.4 0.0 -21005 -325 -9036 -2597 ] -3552 -10.1
IPE 200.6 7.0 92.3 35.2 -1.4 41.9 -1.7 39448 1126 18262 11432 131 13919 117
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve [e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4, IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM.

IPE MMCy relative to EM MMC relative to best GHM
PCR Water- All catchments All catchments
DBH  HO8 - EM  MMC Catchment Catchment
LRImL GioBws  Gap2 atchme (Average) men (Average)
Training -1.1 1.0 -1.4 -13 -2.4 17 36 -183.0 -613.2 -121.7 -152.4
Calibration 1.1 -1.2 -1.3 -1.7 -2.2 -1.8 -3.0 -128.9 -705.5 -88.9 -105.9
validation 1.6 2.0 1.4 1.5 -1.2 11 20 415.2 -41341.1 -78.4 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCsc relative to EM MMCes relative to best GHM
PCR Water- All catchments All catchments
DBH  Hos = EM  MMC Catchi Catchy
LML cioBwe  GaP2 atchment | Average) ment (Average)
Training 1.2 1.1 1.7 1.4 1.7 2.1 3.4 -134.7 -613.2 -165.8 -152.4
Calibration 1.2 1.2 1.6 -1.8 221 2.4 3.0 -66.1 -705.5 911 -105.9
Validation 31 19 1.3 13 12 11 -1.5 -356.3 -41341.1 -466.4 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and impr in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCeg relative to EM MMCsg relative to best GHM
PCR Water- All All
_ catch -
DBH HOS  LEImL GLOBWE  GAP2 EM  MMC (Average) ¢ (Average)
Training -1.2 -2.0 -1.1 -1.9 -2.1 -2.2 -3.0 -81.4 -613.2 -89.3 -152.4
Calibration -14 25  -13 221 26 24 32 -79.1 -705.5 -63.1 -105.9
validation 12  -15 12 15 1.7 7 23 -60.8 413411 57.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and op MMC and imp! in IPE by MMC to the best GHM and the EM
IPE MMCpg relative to EM MMCsg relative to best GHM
PCR_ Water- All catchments All catchments
DBH HO8  LPimL GLOBWB  GAP2 EM  MMC Catchment (Average) Catchment (Average)
Training 25 18 4.9 13 11 13 -2.6 -488.4 -613.2 -566.6 -152.4
Calibration 24 1.2 5.2 1.0 -1.6 11 -3.4 -551.6 -705.5 -178.1 -105.9
Validation 8.4 4.7 139 26 2.5 35 -13 -583.5 -41341.1 -581.0 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and impi in IPE achieved by MMC to the best GHM and the EM
IPE MMC; relative to EM MMCyg relative to best GHM
PCR Water- All h All
= PR Catih
DeR HO8  LPiml GLOBWB  GAP2 EM: MME (Average) (Average)
Training -1.7 -1.4 -1.7 -11 1.8 -1.5 -5.2 -369.7 -613.2 -350.4 -152.4
Calibration  -1.5 -1.5 -1.5 -1.6 -1.0 -2.0 -5.6 -357.6 -705.5 -400.1 -105.9
Validation  -1.2 1.1 1.2 13 23 -1.2 -2.4 -119.4 -41341.1 -113.9 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCpg relative to EM MMCyg relative to best GHM
PCR_ Water- | h o All h
DBH  HO8  LBImL G opwg Gap2 EM  MMC Catchment = age) g (Average)
Training -15 -1.7 -1.6 1.2 -3.2 -2.0 -6.1 -410.0 -613.2 -290.9 -152.4
Calibration -1.4 -1.5 11 13 -33 -1.5 -6.0 -448.6 -705.5 -269.7 -105.9
Validation  -1.5 6.3 12.5 17.7 3.9 8.1 -1.2 -1026.9 -41341.1 32.7 -386.6
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7. Mackenzie River catchment at Norman Wells station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and op MMC and impr in IPE by MMC to the best GHM and the EM
IPE MMCgq relative to EM MMCq relative to best GHM
PCR Water- Al k All )
_ Catch "
DBH HOE  LRimL GLOBWB  GAP2 EM  MMC (Average) (Average)
Training 1.9 -1.1 1.7 -2.7 -1.4 -2.8 -3.3 -48.8 -613.2 -62.4 -152.4
calibration 1.5 1.7 1.4 3.2 23 3.7 39 23.7 705.5 74.3 -105.9
Validation 4.5 1.9 3.4 -1.3 11 -1.4 1.3 5.4 -41341.1 -3.5 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).

a 40 b 5 - 0oy 200
X A X
EW R X DBH 41 A
= X - 30 - 150 W Robs
$ +Ho8 _. A xoBH
2 X AtPIml Es- * +Ho8
22 X PCR_GLOBWB | @ X w00 o Ot
5 A% © WaterGap2 s . X xPCR_GLOBWE
& o EM 21 B + © WaterGap2
s
S10 uMMC oM
S 1l L | 0B e
S X 0
0
0 10 20 30 40 0 01— 0
Obs. runoff (mm) Q95 Qs MAR

3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCjpg relative to EM MMCpg relative to best GHM
PCR Water- All h All h
_ Carats Catch
DBH  HO8 LPImL  opwe  GaP2 M. MMC (Average) ( ge)
Training 159 2.6 7.4 2.4 -1.5 29 -2.5 -642.6 -613.2 -101.4 -152.4
Calibration  19.7 2.4 16.8 31 -15 3.7 -19 -661.4 -705.5 -46.2 -105.9
Validation 61.4 5.7 27.0 8.2 14 9.0 1.0 -793.3 -41341.1 -39.9 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCsg relative to EM MMCsg relative to best GHM
PCR_ Water- All catchments All catchments
DBH Ho8 LPImL GLOBWB  GAP2 EM  MMC Catchment {Average) Catchment (Average)
Training 1139 31.2 195.1 9.7 -1.4 313 -2.0 -3435.5 -613.2 -61.7 -152.4
Calibration 68.1 16.4 267.8 6.4 -1.5 26.8 -2.2 -3005.5 -705.5 -75.5 -105.9
Validation ~ 384.8 44.5 5123 289 16 85.8 11 -8473.8 -41341.1 -51.4 -386.6
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10. Red River catchment at Emerson station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f},
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4, IPE values for the GHMs (best GHM underlined), EM and op MMC and impr in IPE by MMC ve to the best GHM and the EM
IPE MMCe relative to EM MMCs relative to best GHM
PCR Water- All catchments All catchments
DBH Hog by EM MMC Catch t Catch t
LBImL  cioswe  GaP2 men [Average) atehmen (Average)
Training 6.3 15 71 13 -1.0 24 -2.8 -618.9 -613.2 -178.6 -152.4
Calibration 81 1.5 6.7 1.3 -1.4 2.1 -2.4 -550.1 -705.5 -105.7 -105.9
Validation 6.6 1.6 48 21 15 2.8 -1.3 -502.2 -41341.1 -477.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MM(Csg relative to EM MMCsg relative to best GHM
PCR Water- All h Al h
_ Carebs b
DBH HO8  LPimb GLOBWB  GAP2 EM: MMC (Average) < (Average)
Training 6.2 1.1 1.3 1.6 2.0 9% -31 -197.3 -613.2 -112.3 -152.4
Calibration 6.1 14 1.6 -1.7 -21 -1.0 -2.6 -152.8 -705.5 -48.9 -105.9
Validation  24.2 4.8 5.0 16 1.7 23 16 -67.1 -41341.1 6.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCy relative to EM MMCsg relative to best GHM
PCR Water- All h All h
_ Catch
DBH HO8  LPIML ool ipn EM MMC Catchment ( Gl {Rieiags)
Training 36.8 6.7 4.0 4.0 2.2 24 24 -583.8 -613.2 -26.0 -152.4
Calibration 52.0 7.3 4.2 4.2 -1.8 29 2.1 -598.8 -705.5 -22.5 -105.9
Validation 297.5 50.1 322 25.6 3.6 171 31 -1397.9 -41341.1 -50.3 -386.6

23



180°W 150°W 120W 90°W 60°W 30°W 0 30°E 60°E 90°E 120E 150°E 180 E
90°N

30°N
Hydrobel
. [ Boreal (BOR)
O mEE N mid lat (NML)
] Ndry(NDR)
N subtrop (NST)
Equator (EQT)
30 S g S subtrop (SST)
[ Sdry(SDR)
[0 S mid lat (SML)

13. Albany River catchment at Near Hat Island station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and op MMC and imp in IPE achieved by MMC to the best GHM and the EM
IPE MM(Csg relative to EM MMCsg relative to best GHM
PCR Water- All h All
_ A Py
DBH Ho8  LRiml GLOBWB  GAP2 EM - MmC c (Average) (Average)
Training 21 -11 2.4 -2.3 1.3 -1.6 -2.9 -131.9 -613.2 -56.6 -152.4
Calibration 2.0 -1.5 23 -3.7 -1.4 -2.4 -4.3 -183.4 -705.5 -51.8 -105.9
Validation 2.8 -1.0 2.8 -1.3 1.7 -1.2 -1.7 -44.1 -41341.1 -32.9 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCpg relative to EM MMCp relative to best GHM
PCR_ Water- s All t . All h
DBH Ho8  LPimL GLOBWB GAP2 EM;,  MMC: ¢ (Average) (Average)
Training 1.3 1.6 1.5 -1.4 21 21 33 -120.8 -613.2 -120.4 -152.4
Calibration -1.0 -1.7 19 -1.4 -2.3 -2.0 -3.2 -118.0 -705.5 -87.5 -105.9
Validation 1.5 -1.0 21 -1.2 -1.5 -1.5 -2.2 -70.1 -41341.1 -73.6 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and MMC and imp in IPE by MMC to the best GHM and the EM
IPE MM(Csg relative to EM MMCpg relative to best GHM
PCR Water- All All h
- P Pt
DB HO8  LRimL GLOBWB  GAP2 EM: MMC (Average) (Average)
Training 38 1.6 1.2 8.0 -1.3 1.7 -1.9 -460.5 -613.2 -63.6 -152.4
Calibration 5.4 1.7 £ g 93 -1.1 23 -1.9 -522.4 -705.5 -85.9 -105.9
Validation 234 5.5 7.4 44.9 15 9.7 1.2 -859.2 -41341.1 -33.0 -386.6
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16. Columbia catchment at The Dalles, OREG. Station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE ach by MMC relative to the best GHM and the EM
IPE MMCpg relative to EM MM(Csg relative to best GHM
PCR Water- All h All h
_ i P ey
DBH o8 LPimL GLOBWB  GAP2 EM  MMC (Average) (Average)
Training 1.7 -1.0 1.4 -1.1 -2.6 -2.1 -31 -97.5 -613.2 -47.5 -152.4
Calibration 21 1.0 1.4 -11 -2.5 -2.4 -2.8 -39.1 -705.5 -28.1 -105.9
Validation 4.3 21 31 1.7 -1.1 -13 -1.2 6.5 -41341.1 -10.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and op MMC and impr in IPE by MMC ve to the best GHM and the EM
IPE MMCpg relative to EM MMCpg relative to best GHM
PCR Water- All catch All h
L b Catch
DaH Hoz  LElmk GLOBWB  GAP2 EM MMC ¢ (Average) (Average)
Training 25 28 1.6 1.2 3.7 -1.5 4.2 -262.4 -613.2 -50.9 -152.4
Calibration 1.9 -2.8 -2.0 -1.4 -39 -1.9 4.2 -227.3 -705.5 -24.6 -105.9
Validation 5.0 -1.6 11 1.7 -19 1.2 -2.0 -418.0 -41341.1 -14.2 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and impr in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCsq relative to EM MMCe; relative to best GHM
PCR, Water- All All
_ Catch
DBH HOg LIk GLOBWB  GAP2 EM  MMC  Catchment (Average) (Average)
Training 61.8 15.9 13.6 3.6 1.4 5.7 -2.0 -871.4 -613.2 -547.8 -152.4
Calibration  86.3 200 1256 35 1.2 75 21 -1061.4 -705.5 533.7 -105.9
Validation  375.2 75.4 56.9 14.0 7.1 316 25 -2914.3 -41341.1 -461.9 -386.6
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2, Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and impr in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCes relative to EM MMCss relative to best GHM
PCR Water- Al All
_ b Catch
DEH HOZ8  LEimk GLOBWB  GAP2 EM MmC O (Average) (Average)
Training 2.4 1.2 1.5 21 2.4 20 41 22119 613.2 1674 152.4
Calibration -2.1 -1.1 1.5 -2.1 -23 -2.1 -4.2 -208.5 -705.5 -140.4 -105.9
Validation 1.2 2.5 4.1 1.1 1.2 13 -1.6 -392.4 -41341.1 -477.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and op MMC and impr in IPE by MMC to the best GHM and the EM
IPE MMCsc relative to EM MMCes relative to best GHM
PCR_ Water- " All " All
DBH Hos  LPimL GLOBWB  GAP2 EM  MmC c (Average) (Average)
Training 4.6 3.2 2.1 5.3 _2.2 1.9 33 -622.3 -613.2 -118.5 -152.4
Calibration 35 3.0 1.6 a5 27 16  -30 -557.7 -705.5 -27.8 -105.9
Validation 6.7 41 3.0 7.7 15 31 -14 -554.0 -41341.1 20 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCs relative to EM MM(Csq relative to best GHM
PCR, Water- o All h i Al h
DEft HO8  LEImb GLOBWB GAP2 EM SMIMC G (Average) e (Average)
Training 19 2.4 1.2 1.1 -2.3 -1.2 -3.2 -201.5 -613.2 -85.0 -152.4
Calibration 1.5 20 11 -1.1 -2.9 -1.3 -3.5 -2143 -705.5 -56.3 -105.9
Validation 2.6 33 1.5 14 -2.0 1.2 -2.5 -462.8 -41341.1 -50.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and of MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCe; relative to EM MMCp relative to best GHM
PCR_ Water- N All All
DBH Ho8  LeimL GLOBWB  GAP2 EM  MMC (Average) C (Average)
Training 2.8 2.0 1.0 1.4 26 1.6 33 -171.7 -613.2 -75.6 -152.4
Calibration 25 1.7 1.0 1.5 2.5 16 -29 -138.8 -705.5 -45.6 -105.9
Validation 4.0 2.7 1.3 2.1 -1.9 -11 -2.2 -114.9 -41341.1 -31.9 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and op MMC and imp in IPE achieved by MMC to the best GHM and the EM
IPE MMCsg relative to EM MMCsg relative to best GHM
PCR_ Water- All h 5 Al h
DBH HO8  LPIML o oo apz  EM MMC  Catchment (ainge) [¢ ( &
Training 10.9 3.8 2.4 2.0 -1.5 <12 -3.0 -175.4 -613.2 -144.4 -152.4
Calibration 10.8 45 2.2 1.6 -15 -1.1 -3.1 -200.1 -705.5 -162.4 -105.9
Validation 83.4 256 12.2 8.9 24 4.7 1.1 -364.7 -41341.1 -132.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).

a 80 b 15 80 350
% X X
E 70
Eg % X DBH 2 b 300 B Robs.
§ X » A +Ho8 I & Xom
E ALPImi E 9 !_ A +Ho8
gw o % PCR_GLOBWB = 0 + g ¢ AW
- ¢ * © WaterGap2 E 6 XPCR_GLOBWE
E E S EM E X w0 & WaterGap2
& 20 g X EMMC v +
£ 3 X 00 N EMMC
5 X LR
X
0 20 40 60 80 0 0 150~
Obs. runoff (mm) Q95 as MAR

3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM

IPE MMCe relative to EM MMCps relative to best GHM
PCR_ Water- . All catch All catct
DBH Hos  LEdmL GLOBWB  GAP2 EM  MMC ¢ (Average) ¢ (Average)
Training 5.8 24 2.0 -1.2 -24 13 26 -489.3 -613.2 -23.6 152.4
Calibration 53 22 21 1.4 2.4 12 27 -487.0 -705.5 -24.2 -105.9
Validation 6.8 28 1.9 -1.3 -1.8 1.5 -20 -450.0 -41341.1 -22.1 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCg relative to EM MMCzg relative to best GHM
PCR_ Water- N All catch All catct
DEBH HoE  LEAmL GLOBWB  GAP2 EM  MMC C (Average) ¢ (Average)
Training 36.2 18.2 27.0 a1.7 1.3 159 16 -1850.7 6132 248 -152.4
Calibration 202 9.1 17.2 26.6 -1.3 9.7 -1.5 -1227.9 -705.5 -19.9 -105.9
Validation 835 39.9 58.8 100.1 1.5 371 1.2 -3591.7 -41341.1 -31.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM

IPE MMCe; relative to EM MMCp relative to best GHM
PCR Water- All catchments All catchments
DEBH Ho& ey EM MMC  Catchi t Catch t
LeImL - opwe  Gap2 atchmen (Average) atchmen (Average)
Training 34 1.7 1.6 1.5 4.7 1.9 59 -404.7 613.2 127.3 .152.4
Calibration -4.7 -1.8 -2.0 1.5 -4.9 21 -59 -384.9 -705.5 -102.0 -105.9
Validation -2.4 -1.1 -1.1 28 31 -1.1 -4.2 -301.0 -41341.1 -107.7 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

[Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM

IPE MMCpg relative to EM MMCzg relative to best GHM
PCR_ Water- . All . All
DBH o8 LPImi GLOBWB  GAP2 EM  MMmc ¢ (Average) c (Average)
Training 3.2 -1.4 21 1.1 -1.0 1.0 -7 -64.4 -613.2 -26.5 -152.4
Calibration 3.0 1.3 14 -1.1 -1.1 -1.2 -1.5 -35.1 -705.5 -24.3 -105.9
Validation 52.9 2.5 121 8.5 4.6 6.4 2.2 -422.1 -41341.1 -28.6 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and op MMC and imp in IPE achieved by MMC to the best GHM and the EM
IPE MMCsg relative to EM MM(Csg relative to best GHM
PCR_ Water- 1] h n Al
DBH  HO8  LRIML o\ opwp Gapz M MMC Catchment T rage) G (Average)
Training 5.7 4.0 1.6 5.2 -3.5 2.4 -36 -691.7 -613.2 -5.1 -152.4
Calibration 7.9 5.2 2.2 6.2 2.9 31 -3.0 -717.2 -705.5 -12.0 -105.9
Validation 15.1 8.3 38 15.0 14 73 1.2 -617.4 -41341.1 -19.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE by MMC to the best GHM and the EM
IPE MMCsg relative to EM MMC;sg relative to best GHM
PCR_ Water- All catch 7 All catch
DBH  HO8 LPImL ¢ opw  Gapz  EM  MMC Catchment o age) (Average)
Training 71 8.2 7.0 3.7 -1.4 4.0 -5.3 -1031.4 -613.2 -393.7 -152.4
Calibration 8.7 10.0 10.5 4.2 -1.0 5.4 -4.4 -1071.1 -705.5 -333.4 -105.9
Validation 9.7 10.7 10.0 36 -1.4 4.9 -1.8 -763.7 -41341.1 -41.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp! in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCeg relative to EM MMCsg relative to best GHM
PCR_ Water- All catchments All catchments
DBH HO8  LPJmL GLOBWB GAP2 EM  MMC Catchment (Average) Catchment ( ge)
Training 3.6 2.2 1.8 13 -2.3 1.4 -2.5 -486.7 -613.2 -24.6 -152.4
Calibration 33 22 1.7 -1.0 -2.4 1.2 -2.7 -485.0 -705.5 -30.2 -105.9
Validation 8.3 5.9 39 2.5 18 24 1.4 -98.4 -41341.1 -36.3 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).

a 160 B 70 160 1300
+ X +
2 - 150 X
51» § § 2 X DBH @ A 1200 1 Robs
2 X . $ +Hog _ . 0 m X DBH
2100 x él §4 ALPImI E;g i 1100 i +Ho8
H i. ; X PCR_GLOBWE = 130 ¥ ¢ APl
§ 80 K Noay © WaterGap2 E A xper_cLosws
5 LE Em v 1000 g waterGapa
=60 » X o0 *EM
] g & mMMC A «
nMMC
gao 3 X 30 5 10 - 900
20 X
20 40 60 80 100 120 140 160 2 100 - R
Obs. runoff (mm) 95 s MAR

3. Scatter plots of mean monthly a) and QS, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4, IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCeg relative to EM MMCzg relative to best GHM
PCR_ Water- N All catch All catch
DEBH Hoz  LEJmL GLOBWB  GAP2 EM  MMC C (Average) ¢ (Average)
Training 1.4 1.6 1.2 1.0 2.7 21 A7 .267.0 -613.2 -206.1 1524
Calibration -1.3 1.7 -1.1 -1.0 2.3 -1.8 -3.8 -196.1 -705.5 -153.0 -105.9
Validation 2.0 15 26 3.4 11 1.3 -1.8 -410.2 -41341.1 -75.0 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4, IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM

IPE MMCs; relative to EM MMCeg relative to best GHM
PCR_  Water- N Al N Al
DBH Hoa  LEiml. GLOBWB  GAP2 EM  Mmc c (Average) c (Average)
Training 1.6 1.4 1.3 -2.0 -3.0 1.4 -33 -189.3 -613.2 -24.8 -152.4
Calibration 1.8 1.3 1.5 -2.3 -3.0 1.2 -32 -191.9 -705.5 -15.9 -105.9
Validation 59 a.7 49 11 12 26 1.0 -161.0 -41341.1 -8.6 -386.6
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33. Rio Parnaiba catchment at Luzilandia station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MM(Csg relative to EM MMCsg relative to best GHM
PCR_ Water- Al catch P All catch
DBH HO8  LPIML o oo capp  EM MMC  Catchment ( ge) [¢ (Average)
Training 26.3 28.1 26.2 3.2 1.2 115 -3.2 -1569.6 -613.2 -637.5 -152.4
Calibration 35.6 353 36.5 43 13 149 -29 -1880.7 -705.5 -614.4 -105.9
Validation 48.8 70.8 63.4 8.4 15 254 -2.3 -2868.6 -41341.1 -574.0 -386.6
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34. SAO Francisco catchment at MANGA station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).
4[. IPE values for the GHMs (best GHM underlined), EM and MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMCe; relative to EM MMCzg relative to best GHM
PCR_  Water- R All catch All catch
DEBH HoE  LEJmL GLOBWB  GAP2 EM  MMC (Average) ¢ (Average)
Training 2.6 22 1.5 1.3 1.7 12 28 -503.5 -613.2 -109.7 -152.4

Calibration 29 22 16 1.9 18 14 25 -487.5 -705.5 -63.7 -105.9
Validation 4.8 35 19 2.2 -1.6 1.9 l19 -485.5 -41341.1 -29.2 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),

(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and MMC and imp in IPE by MMC relative to the best GHM and the EM
IPE MMCyg relative to EM MMCp relative to best GHM
PCR_ Water- All catchments All catchments
DBH HO8 LPImL GLOBWE  GAPZ EM  MMC Catchment (Average) Catchment (Average)
Training a5 9.8 7.4 7.6 1.7 55 25 -805.0 -613.2 -88.0 -152.4
Calibration 121 13.1 8.8 9.3 1.6 7.0 2.2 -1016.5 -705.5 -59.3 -105.9
Validation  136.9 153.7  108.1 98.4 8.0 78.5 8.2 -7033.6 -41341.1 186 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and imp in IPE achieved by MMC to the best GHM and the EM
IPE MMCsg relative to EM MM(Csg relative to best GHM
PCR_ Water- All catchments All catchments
DBH HO8  LPImL GLOBWB  GAP2 EM  MMC Catchment (Average) Catchment (Average)
Training & & -3.0 2.2 -33 2.7 -3.0 -4.5 -142.7 -613.2 -120.3 -152.4
Calibration 1.2 -11 -1.2 -2.6 -3.7 2.7 -2.5 19.8 -705.5 120.4 -105.9
Validation 6.9 14 31 2.0 1.6 29 -1.4 -527.9 -41341.1 -479.2 -386.6
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37. Qranje catchment at Vigolsdrif station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM 1 ), EM and op MMC and in IPE ach d by MMC rel: to the best GHM and the EM
IPE MM(Csg relative to EM MM(Csg relative to best GHM
PCR_ Water- All catchments All catchments
DBH HO8  LPImL GLOBWB  GAP2 EM  MMC Catchment (Average) Catchment (Average)
Training 16.4 21 138 9.3 2.0 6.2 -33 -1056.3 -613.2 -131.6 -152.4
Calibration 89.6 23 83.1 241 -1.0 231 -1.5 -2567.6 -705.5 -50.0 -105.9
Validation 83.1 71 81.1 46.4 2.3 31.2 2.0 -2911.3 -41341.1 -22.3 -386.6
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38. Cooper Creekcatchment at Callamurra station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM underlined), EM and optimal MMC and improvement in IPE achieved by MMC relative to the best GHM and the EM

IPE MMCeg relative to EM MMCeg relative to best GHM
PCR Water- ] h All h
_ vy
Dbe Hos Leimt GLOBWB  GAP2 i MMC.. Catchmant (Average) (Average)
Training 16.9 1.2 10.8 -1.4 -1.8 3.2 -6.4 -1063.8 -613.2 -463.9 -152.4
Calibration 63.6 24 30.6 6.6 <11 19.5 -2.2 -2276.7 -705.5 -109.8 -105.9
Validation  6992.9 1489  2578.2 625.3 106.8 20889 20.1 -206888.9 -41341.1 -8673.7 -386.6
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39. Fitzroy catchment at The Gap station.
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM lined), EM and op I MMC and imp in IPE achieved by MMC relative to the best GHM and the EM
IPE MMC;sg relative to EM MMCs relative to best GHM
PCR_ Water- All catchments All catchments
DBH Ho8 LPimL GLOBWB GAP2 EM MMC Catchment (Average) Catchment (Average)
Training 29 1.3 2.0 24 -35 1.2 3.8 -256.2 -613.2 -32.6 -152.4
Calibration 6.3 -1.9 49 21 2.8 2.6 31 -663.2 -705.5 -25.6 -105.9
Validation 641.2 52.6 447.5 270.3 385 290.0 30.6 -25936.7 -41341.1 -783.5 -386.6
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2. Partial solution spaces plot of the optimal MMC (a,b) for split data, time series of the EM, MMC and Robs (c,d) for split data, and flow duration curve (e,f),
(Robs = obsereved runoff).
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3. Scatter plots of mean monthly a) and Q5, Q95 and mean annual runoff (MAR) b) on validation set, (Obs. runoff and Robs = obsereved runoff).

4. IPE values for the GHMs (best GHM d), EM and op MMC and imp: in IPE achieved by MMC to the best GHM and the EM
IPE MMCpg relative to EM MMCpg relative to best GHM
PCR_ Water- All catchments All catchments
DBH Ho8 LPJmL GLOBWB  GAP2 EM MMC  Catchment (Average) Catchment (Average)
Training 1415 8.0 63.5 20.6 -1.5 27.3 -2.0 -3032.4 -613.2 -49.2 -152.4
Calibration  200.6 7.0 92.3 35.2 -15 41.9 -1.6 -4456.9 -705.5 -10.8 -105.9
Validation  39448.4 1126.7 18262.3 114325 130.8 13919.3 117.3  -1380198.3 -41341.1 -1350.2 -386.6
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Online Resource 1: The eight study catchments (shaded) and their gauges (red filled

circles).
Pt
- r L - - l'"lA‘ LO ithe-
S, S5 8.
" ¢ Almourol® 8 Ly
Alton -~ -
% ® Koulikoro
1 v Sao Palo De Olivenca
J
Catchment & -
[ 1. Upper Amazon | 4. lena I 7. Rhine @ Gauging stations
2. Darling [ 5. Upper Mississippi | 8. Tagus National boundary

3. Ganges 6. Upper Niger

0

5,000 10,000
Kilometers



Online Resource 2: Key model characteristics of the Glob-HMs and Cat-HMs employed in this study. Tmin = minimum temperature, Tmax =
maximum temperature, P = precipitation, AH= air humidity, RAD = solar radiation, WS = wind speed, LAl = leaf area index, LW = longwave
radiation, PET = potential evapotranspiration, SP = surface pressure.

Model Spatial Representation of Representation of | Input climate Method: potential Method: snow Method: runoff
disaggregation soils vegetation parameters evapotranspiration melt routing
VIC-Cat-HM Grid cells with sub- | Three soil layers, Fixed monthly TImin, Tmax, P, Penman-Monteith Two-layer energy | Linearized 5t.
(Cat-HM) grid heterogeneity | 19 parameters plant AH, WS Balance at the Venant’s
accounting characteristics snow surface equations
method
sSwimMm Subbasins and Up to 10 soil layers, A simplified EPIC Tmin, Priestley-Taylor or An extended Muskingum
(Cat-HM) hydrotopes 11 soil parameters approach Tmean, Tmax, P, Turc-lvanov degree-day method +
AH, RAD method reservoirs and
irrigation
WaterGAP3 Grid cells (5 arc One soil layer, 2 soil Temperature- Tmean, P, RAD, Priestley-Taylor Degree-day Linear reservoir,
(Cat-HM) min.) with parameters dependent LAI, Lw method flow velocity
elevation subgrid fixed rooting based on
(1 arc min.) depth Manning-Strickler
mHM Grid cells with sub- | N soil layers (here two | Fixed monthly Tmax, Tmin, Hargreaves and Enhanced Muskingum
(Cat-HM) grid heterogeneity | soil layers were used) | plant Tmean and P Samani method + Degree-day method
accounting characteristics aspect correction method
method
HBV Subbasins, 10 One soil layers, 2 soil Fixed monthly Tmean and P Blaney—Criddle Degree-day A simple time lag
(Cat-HM) elevation zones & parameters plant method method
land use classes characteristics
HYMOD Lumped model, a One soil layer, 7 soil NA P, Tmean and PET | Hargreaves and Degree-day Quick and slow
(Cat-HM) single basin parameters Samani method method flows tanks and
structure linear reservoirs
SWAT Subbasins and Up to 10 soil layers, A simplified EPIC Tmin, Tmax, P, Penman-Maonteith Degree-day Muskingum,
(Cat-HM) hydrologic 11 soil parameters approach AH, RAD, WS Hargreaves, method Variable Storage +
response units Priestely-Talyor Reservoirs, ponds
(HRU) and wetlands
method
HYPE Subbasins and Three soil layers and Fixed plant Mandatory: Priestley-Taylor, Degree-day Reservoir cascade
(Cat-HM) hydrological up to 10 soil types characteristics TImean & P, modified method or from ground and
response units with individual optional: Tmin, Hargreaves-Semani simplified energy | surface discharge
(HRU) parameters Tmax, AH, RAD and other approaches
DBH Grid cells with sub- | Three soil layers and Prescribed spatial P, Tmean, WS,AH, | Energy balance Energy balance Kinematics wave
(Glob-HM) grid heterogeneity | one underlying distribution of LW, RAD, SP method to
accounting groundwater layer at natural vegetation compute flow
method the bottom and agricultural routing in a river
land cover network




Online Resource 2 (Cont.): Key model characteristics of the Glob-HMs and Cat-HMs employed in this study. Tmin = minimum temperature, Tmax =

maximum temperature, P = precipitation, AH= air humidity, RAD = solar radiation, WS = wind speed, LAl = leaf area index, LW = longwave
radiation, PET = potential evapotranspiration, SP = surface pressure.

HO8 Globally covered 1-layer leaky bucket Natural use: Tmean, Rainfall, Bulk formula Energy balance Saturation-excess,
(Glob-HM) 0.5x0.5 degree soil. Its runoff Globally uniform. Snowfall, WS, AH, with a non-linear
resolution properties vary with No-specific land RAD, LW, surface function of soil
climate zones. type is assigned, pressure moisture.
as known as
Manabe's bucket.
LPIJmL Grid cells (30 arc Five hydrologically Dynamic P, Tmean, RAD Priestley-Taylor Degree-day Continuity
(Glob-HM) min resolution) active soil layers, simulation of (modified for method with equation derived
with land cover coupled to carbon growth and transpiration) precipitation from linear
and land use and thermal balance productivity (with factor reservoir model
classes prescribed spatial
distribution of
crops and
pasture); daily
Mac-PDM.09 | 0.5x0.5 degree One soil layer, 7 soil Fixed plant P, Tmean, WS, Penman-Monteith Degree-day Two linear
grid across the texture types charactertistcs, 13 | AH, LW, RAD method reservoirs for
(Glob-HM) land-surface of the types of natural direct runoff
globe land-cover
MATSIRO Grid cells (0.5x0.5 19 layers with Monthly LAI, and Tmean, Rainfall, Penman-Maonteith Energy balance Linear reservoir,
degree) dynamical ground fixed vegetation Snowfall, AH, LW, fixed flow velocity
(Glob-HM) water schime. 13 soil characteristics for | RAD, WS, SP at 0.5 m/s globally
type with 7 12 types of
parameters. natural land cover
MPI-HM Grid cells (0.5 deg) | 1 soil layer (bucket Fixed climatology | Tmean, P, PET Penman-Monteith Degree-day Linear reservoir
(Glob-HM) scheme), 6 of vegetation method
parameters fraction
PCR-GLOBWB | Grid cells (30 arc Two soil layers and Prescribed TImean, P, PET Hamon Degree-day Characteristic
(Glob-HM) min.) with one underlying vegetation, method distance approach
elevation subgrid groundwater layer at agriculture, and based on channel
(30 arc sec.) the bottom land use cover Characteristics.
VIC-Glob-HM | Grid cells with sub- | Three soil layers, Fixed monthly Tmin, Tmax, P, Penman-Monteith Two-layer energy Linearized St.
(Glob-HM) grid heterogeneity | 19 parameters plant AH, WS, SP, RAD, Balance at the Venant's
accounting characteristics Lw snow surface equations
method
WBM (Glob- Grid cell, 1 soil layer, bucket Fixed vegetation, P, Tmean Hamon Empirical Muskingum
HM) resolution flexible | model, one constant over Tmean and method
parameter time P based
formula




Online Resource 3: Central years of 31-year periods corresponding to the different levels of
global-mean warming (compared to pre-industrial) in the individual GCMs under RCP8.5.
Other RCPs are available (van Vuuren et al., 2011) but we used RCP8.5 in line with previous
work (Schewe et al., 2014) because it enable investigation of global-mean warming levels
up to 3°C for all five GCMs, whereas not all other RCPs reach this level of warming.

Warming HadGEM2-ES | IPSL-CM5A- MIROC- GFDL- NorESM1-M
level LR ESM-CHEM ESM2M
1°C 2006 2008 2008 2015 2013
2°C 2031 2035 2032 2053 2047
3°C 2051 2055 2051 2082 2072

Online Resource 4: Further details on the calculation of the magnitude of annual maximum
daily runoff and annual minimum 7-day runoff associated with the 2, 5, 10, 20, 25, and 50-
year return periods.

Maximum and minimum daily runoff values corresponding to different occurrence intervals
(2,5, 10, 20, 25, and 50 year return periods) were estimated in this study using extreme
value analysis techniques.

To cover maximum runoff values, a Gumbel distribution (Gumbel, 1941) was fit through the
31-year long time series of annual maximum daily runoff, for each GCM-Glob-HM/Cat-HM
combination, for each climate change scenario, and for each catchment. Subsequently, we
applied the estimated Gumbel parameters to calculate the maximum daily runoff values for
return periods varying from 2 up to 50 years. We thereby accounted continuously for the
probability of zero runoff (Stedinger et al., 1993). To ensure that the runoff time-series
were statistically independent, a pre-requisite for such an extreme value analysis (Katz et
al., 2002; Leadbetter et al., 1983), we used hydrological years rather than calendar years to
find the maximum daily runoff values per year (Dettinger and Diaz, 2000; Ward et al.,
2010). For each catchment and GCM-Glob-HM/Cat-HM combination, we assessed for the
historical time-period the timing of long-term mean maximum daily runoff values. If this
maximum daily long-term mean runoff value of a GCM-Glob-HM/Cat-HM combination in a
specific catchment, fell in the months September, October, or November, we used the
period July-June to characterise the hydrological year. In all other cases we used the
standard hydrological year convention for peak flows that runs from October-September
(Ward et al., 2014).

We covered extreme minimum runoff with the use of annual minimum 7-day flows (WMO,
2009), using a moving average of 7-days runoff. Subsequently, we fitted a Weibull
distribution (Weibull, 1951) — often used in low flow studies due to its lower bound and
flexibility — through each of the 31-year long time-series of annual minimum 7-day flow. We
used the estimated Weibull parameters to return minimum 7-day runoff values for the
different return periods. In doing so, we accounted for the occurrence of zero flows by the
use of a conditional probability model (Stedinger et al., 1993). The use of calendar years
might not be always the proper choice to select the annual minimum 7-day flows for input
of the extreme value analysis (Katz et al., 2002; Leadbetter et al., 1983; WMO, 2009). We



therefore assessed for each GCM-Glob-HM/Cat-HM combination and for each catchment
whether the use of calendar years would possibly split the long-term mean low-flow season
in the historical time-period (WMO, 2009). If the timing of the long-term mean low flow
period fell in the months December, January, or February, we applied a hydrological year
that runs from August-July (WMO, 2009). In all other cases, we used the standard

hydrological year distinction for low flows, which runs from January-December (WMO,
2009).



Online Resource 5: The magnitude of maximum daily runoff (“High”) and minimum 7-day
moving average of runoff (“Low”) associated with 2, 5, 10, 20, 25, and 50-year return
periods for the Glob-HM ensemble and Cat-HM ensemble. The lines show the median for
each ensemble and the box-whiskers show the 10%, 25%, 50", 75! and 90™" percentiles of
the distribution of changes for the 50-year return period only.
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Table S1: Key model characteristics of the RHMs and GHMs employed in this study. Tmin = minimum temperature, Tmax = maximum temperature,
P = precipitation, AH= air humidity, RAD = solar radiation, WS = wind speed, LAl = leaf area index, LW = longwave radiation, PET = potential
evapotranspiration, SP = surface pressure.

Model Spatial Representation of soils | Representation of Input climate | Method: potential Method: snow Method: runoff routing
disaggregation vegetation parameters evapotranspiration melt
ViIC Grid cells with sub-grid | Three soil layers, Fixed monthly plant Tmin, Tmax, P, | Penman-Monteith Two-layer energy Linearized St. Venant's
(RHM) heterogeneity 19 parameters characteristics AH, WS Balance at the equations
accounting method snow surface
sSwim Subbasins and Up to 10 soil layers, 11 | A simplified EPIC Tmin, Priestley-Taylor or An extended Muskingum method +
(RHM) hydrotopes soil parameters approach Tmean, Tmax, | Jurc-lvanov degree-day reservoirs and irrigation
P, AH, RAD method
WaterGAP3 Grid cells (5 arc min.) One soil layer, 2 soil Temperature- Tmean, P, Priestley-Taylor Degree-day Linear reservoir, flow
(RHM) with elevation subgrid parameters dependent LA, fixed RAD, LW method velocity based on
(1 arc min.) rooting depth Manning-Strickler
mHM Grid cells with sub-grid | N soil layers (here two Fixed monthly plant Tmax, Imin, Hargreaves and Enhanced Degree- | Muskingum method
(RHM) heterogeneity soil layers were used) characteristics Tmean and P Samani method + day method
accounting method aspect correction
HBV Subbasins, 10 One soil layers, 2 soil Fixed monthly plant Tmean and P Blaney—Criddle Degree-day A simple time lag method
(RHM) elevation zones & land | parameters characteristics method
use classes
HYMOD Lumped model, a One soil layer, 7 soil NA P, Tmean and Hargreaves and Degree-day Quick and slow flows tanks
(RHM) single basin structure parameters PET Samani method method and linear reservoirs
SWAT Subbasins and Up to 10 soil layers, 11 | A simplified EPIC Tmin, Tmax, P, | Penman-Monteith Degree-day Muskingum, Variable
(RHM) hydrologic response soil parameters approach AH, RAD, WS Hargreaves, Priestely- | method Storage + Reservoirs,
units (HRU) Talyor ponds and wetlands
method
HYPE Subbasins and Three soil layers and Fixed plant Mandatory: Priestley-Taylor, Degree-day Reservoir cascade from
(RHM) hydrological response up to 10 soil types with | characteristics Tmean & P, modified Hargreaves- | method or ground and surface
units (HRU) individual parameters optional: Semani and other simplified energy discharge
Tmin, Tmax, approaches
AH, RAD
ECOMAG Subbasins, soil and Three soil layers, Fixed plant 3 parameters: | Dalton formulae Degree-day Kinematic wave equations
land-use classes within | 5 parameters characteristics Tmean, P, AH method
them
CLM Grid cells with sub-grid | 15 soil layers (soil Fixed monthly plant 6 parameters: | Modified Penman- Degree-day Linear reservoir, constant
(GHM) heterogeneity moisture is simulated characteristics Tmean, P, AH, | Monteith method flow velocity
accounting for 10 layers) RAD, WS, SAP




Table S1 (Cont.): Key model characteristics of the RHMs and GHMs employed in this study. Tmin = minimum temperature, Tmax = maximum
temperature, P = precipitation, AH= air humidity, RAD = solar radiation, WS = wind speed, LAl = leaf area index, LW = longwave radiation, PET =
potential evapotranspiration, SP = surface pressure.

DBH Grid cells with sub-grid | Three soil layers and Prescribed spatial P, Tmean Energy balance Energy balance Kinematics wave method
(GHM) heterogeneity one underlying distribution of natural WS, AH, to compute flow routing in
accounting method groundwater layer at vegetation and LW, RAD, SP a river network
the bottom agricultural land cover
HO8 Globally covered 1-layer leaky bucket Natural use: Globally Tmean, Bulk formula Energy balance Saturation-excess, with a
(GHM) 0.5x0.5 degree soil. Its runoff uniform. No-specific Rainfall, non-linear function of soil
resolution properties vary with land type is assigned, as | Snowfall, WS, moisture.
climate zones. known as Manabe's AH, RAD, LW,
bucket. surface
pressure
LPImL Grid cells (30 arc min Five hydrologically Dynamic simulation of P, Tmean, Priestley-Taylor Degree-day Continuity equation
(GHM) resolution) with land active soil layers, growth and productivity | RAD (modified for method with derived from linear
cover and land use coupled to carbon and | (with prescribed spatial transpiration) precipitation reservoir model
classes thermal balance distribution of crops and factor
pasture); daily
MATSIRO Grid cells (0.5x0.5 19 layers with Monthly LAI, and fixed Tmean, Penman-Monteith Energy balance Linear reservoir, fixed flow
degree) dynamical ground vegetation Rainfall, velocity at 0.5 m/s globally
(GHM) water schime. 13 soil characteristics for 12 Snowfall, AH,
type with 7 types of natural land LW, RAD, WS,
parameters. cover SP
MPI-HM Grid cells (0.5 deg) 1 soil layer (bucket Fixed climatology of Tmean, P, PET | Penman-Monteith Degree-day Linear reservoir
(GHM) scheme), 6 parameters | vegetation fraction method
PCR-GLOBWB | Grid cells (30 arc min.) | Two soil layers and one | Prescribed vegetation, Tmean, P, PET | Hamon Degree-day Characteristic distance
(GHM) with elevation subgrid | underlying agriculture, and land method approach based on
(30 arc sec.) groundwater layer at use cover channel
the bottom Characteristics.
WaterGAP2 Grid cells (0.5 degree) | One soil layer, Temperature- 4 parameters: | Priestley-Taylor Degree-day Linear reservoir,
(GHM) with elevation subgrid | 2 soil parameters dependent LA, Tmean, P, method flow velocity based on
(1 arc-min) fixed rooting depth RAD (short- & Manning-Strickler
longwave)




Table S2. The gene expression programming function set, constants and gene configuration.

For detail explanations about control parameters see (Ferreira, 2001).

Settings Control parameter Value/Symbol
3-component 2-component
settings settings
General Number of genes 25 20
settings Number of chromosomes (equation 3 2
components)
Gene head size 10 8
Linking function addition addition
Functions, Maximum generations 100,000
Fitness and  Fitness function Customised IPE
model Max fitness 1000
generation  Functions + -, % /(2) "; The same
Sqrt, Exp, X2, X3,
Natural Log, Sine,
Cosine (1)Jr;
Genetic Mutation rate 0.044
operators Inversion 0.1
Insertion sequence (IS) transposition 0.1
Root insertion sequence (RIS) 0.1
transposition The same
One-point recombination rate 0.3
Two-point recombination rate 0.3
Gene recombination 0.1
Gene transposition 0.1
Numerical Constants per gene 2
constants Lower/upper bound -10/+10
Random numerical constants (RNC) 0.01
mutation The same
DC mutation 0.044
DCinversion 0.1
DC IS transposition 0.1

T (1) and (2) weights of the operators and functions



1 2 3 4 5 67 8

9
MMC= Model1l + IVIodeIZ"Z/(IVIodeB |og(|VIode|4)) + (-4.75)
N . e

A l
! £

Component 1 Component 2 /" Component 3

Addition operators that join the components

Figure S1. A hypothetical MMC equation with complexity of 9 formed by three components
(C1+C2+C3). Elements 1 to 9 are model inputs, arithmetic operators, functions or numerical
constants counted towards the calculation of the overall MMC’s complexity.

Table S3. Single metrics applied in this study

Metric Name Formula Range Ideal value
Root mean squared i(Q,- o @sz [0-00) 0
error (RMSE) RMSE = '_'7 -
Mean absolute |Q
relative error MARE = Z i~ Qi [0-e0) 0
(MARE)
Coefficient of i:[f;;rJ - Q) (@ — Q)
determination RSqr = ,..H.F.T.E ................... S : [0-1] 1
(RSar) JSe-ory(e-o)
Nash-Sutcliffe (NSE) i(Qa _ a{_)z
or Coefficient of CE=1-— ""l— (-o=, 1] 1
efficiency (CE) Z(Q: - @)2
i=I
Percentage bias PBIAS= ?:1(Qn_é)*100 (co0,00) 0%
(PBIAS) r.Q

*Result of zero does not necessarily indicate low error due to cancellation.

In the above equations, Q is the observed value, § denotes modelled value (where i

= 1 to n data points), Q is the mean of the observed data, and Q is the mean of the

modelled values.



Table S4. MMCs and equations ranked by MMC performance gain (MMCpg) in the out-of-sample validation data set for the 3- and 2-component
MMC for the GHM ensemble. MMCps is measured against either the best performing GHM or the EM, whichever of the two performs better.

3-component 2-component
Best MMC equation separated into its MMC equation separated into its components. MMC
. components. MMC = C1 + C2 + C3.
performing mMMc MMC Components (C1...C3) are ordered accordin Eqn MMc MMC Ran =Cl+C2. Eqn
River GHM or EM IPE P Rank por 8 an. IPE P Components (C1...C3) are ordered according to their an.
6 (%) to their explanatory power as assessed by size! 6 (%) k size!
and IPE score . score explanatory power as assessed by IPE. The IPE value
IPE. The IPE value for each component is . . s
score . . for each component is provided in square brackets.
provided in square brackets.
U C1[-1.44]: WaterGAP2 C1[-1.43]: WaterGAP2
pper . (e * _ 15 T
Amazon WaterGAP2 178 354 5 C'Z [11.56]: + sin(-237.393+75.343* MATSIRO: 1.44 0.62 5 C2[12.14]: + -0.16787 2
IPE =-1.43 sin DBH)
€3 [12.93]: + (WaterGAP2-CLM)/ -3.467
C1[-1.66]: sqrt(LPJmL*MATSIRO) C1[-1.67): MATSIRO
Lena MATSIRO 2 14
PE = 1.67 -2.14 46.9 C2 [-1.45]: + MATSIRO-sqrt(sqrt DBH) -1.59t  -7.58 7 C2 [1.12]: + log(log(WaterGAP2)A2)"2 6
C3 [1.60]: + sin(PCRGLOBWB)-log(LPJmL)
0 WaterGAP? . C1[-1.39]: sin(DBH)+WaterGAP2 C1[-1.39]: WaterGAP2
M‘i’spjsrsippi Pre 14 L4224 C2 [4.32]: + log(sqrt(LPImL)) 14 | 148 810 4 _C2[4.86]: +log(MATSIRO)-3.619 5
' C3 [5.41]: + (6.180-MATSIRO-MPI)/MATSIRO
C1[-1.30]: WaterGAP2 C1[-1.30]: WaterGAP2
Upper WaterGAP2 166 35.7 4 €2 [1.79]: + (MATSIRO/(PCRGLOBWB- 9 C2[2.73]: + cos(sqrt(MPI))- 3.539
Niger IPE=-1.30 -1.62 31.80 2 6
log(LPJmL)))*3
C3[2.88]: +(-4.772)
C1[-2.51]: WaterGAP2 C1 [-2.49]: WaterGAP2-((CLM-MPI)/MATSIRO)
Rhine WaterGAP2 253 21 ; C2 [5.86]: + sin(sqrt(log CLM)+sin MPI) 21 C2 [6.10]: +
IPE =-2.51 ’ : 250  -0.57 6 sin(PCRGLOBWB*8.551*exp(sin(8.551)/MPI)) 17
C3 [6.07]: + LPImL/(MPI+MATSIRO-
LPJmLA3+(WaterGAP2+MATSIRO)"2)
MATSIRO C1[-1.39]: 0.834*MATSIRO C1[1.17): exp(CLM/DBH)
Tagus -1.68 42.3 3 - -
IPE=-1.26 C2 [1.28]: + sin(MATSIRO)"3 9 1.47t 472.84 8 C2 [1.21]: + WaterGAP2 5
C3 [1.30]: + sin(sqrt(LPJmL)) )
EM 3.27  _CLELIS]: PImL{I/MPI) C1[-L.73] PimL
Yangtze IPE =-1.79 -~ 148.5 C2 [3.08]: + log(MATSIRO) 10 -2.48  69.79 1 C2 [2.87]: + sqrt(CLM) 3
C3 [3.29]: + CLM/LPJmL
EM C1 [1.50]: MATSIRO C1 [-1.15]: MATSIRO+log(CLM)
Yellow -1.15 -3.4 8
IPE =-1.18 C2 [1.50]: + MATSIRO 4 -1.26 8.52 3 C2 [1.50]: + MATSIRO 5
C3[2.82]: + Log (HO8)

1-As defined in Section 2.4, equation size is calculated according to the number of model inputs, constants, operators and functions in an equation.



Table S5. MMCs and equations ranked by MMC performance gain (MMCpg) in the out-of-sample validation data set for the 3- and 2-component

MMC for the CHM ensemble. MMCpg is measured against either the best performing GHM or the EM, whichever of the two performs better.

3-component

2-component

MMC equation separated into its components.

MMC equation separated into its components.

er::'sl:ﬁn MMC MMC aR MMC=C1 +C2 + C3. Ean MMC MMC aR MMC = C1 + C2. Ean
River P 8 IPE Pe Components (C1...C3) are ordered according to their q . IPE 7 Components (C1...C3) are ordered according to their .q :
GHM or EM (%) n size! (%) n size!
score explanatory power as assessed by IPE. The IPE value score explanatory power as assessed by IPE. The IPE value
and IPE score k . L ; k . . .
for each component is provided in square brackets. for each component is provided in square brackets.
Upper SWIM C1 [-1.98]: cos(HBV/((VIC- 6.766)/HYMOD))+SWIM C1[-1.99]): SWIM
Amazon IPE=-1.99 1.98 0.8 2 C2[11.94]: +1.0 16 -2.00 1.07 4 (C2[12.11]: + sin(log(sin(0.119/WATERGAP373)A3)) 9
€3 [12.33]: + (-6.962-HBV)/mHM
C1 [-2.56]: HYPE-cos(cos(HYPE)) C1 [-2.24]: HYPE+(cos(exp(sin(ECOMAG)-
WATERGAP3)"2)"2
Lena SWIM 2.17 1232 8 14 Y €416 2 ) _) ) 16
IPE=-3.40 C2[1.20]: +1.813 C2 [1.87]: + 1/sin(-6.326/WATERGAP3)
C3 [1.45]: + (-7.250)/(sin SWIM*(WATERGAP3-381.141))
C1[-1.70): mHM+sqrt(WATERGAP3) C1[-2.18]: mHM
Upper EM 1.73 74.0 6 (C2[4.78]:+0.0 C2 [4.38]: + 0.0553*VIC-( 8.385/(3.851+HYMOD))
S 22 -2.48 0.49 5 10
Mississippi IPE =-2.47 C3 [4.81]: +(-1.593)/(sin(2*VIC-(mHM-
SWAT))+(1.593+WATERGAP3-log(VIC)))
. HYNOD C1[-1.56]: VIC+sin(SWIM) C1[-1.91]: sqrt(VIC*mHM)
Upper Niger 1.58 63.6 5 -
IPE =-2.22 €2 [2.30]: + cos(VIC+ 5.784) 11 -151  -70.91 7 C2[2.31]: + sin(WATERGAP3) 5
C3 [2.32]: + cos(log(WATERGAP3))
C1 [-1.86): HBV*mHM/( 5.080+HBV) C1[-2.57]: SWAT
Rhine EM 4.36 1216 7 C2[5.19]: + log(SWAT) C2[7.19]: +
IPE=-5.58 1 4.25 132228 log(0.220*VIC*HBV/(WATERGAP3*SWAT))"3 12
C3 [5.21]: + log(WATERGAP3)
vic C1[-1.68]: HBV-sqrt(HBV) C1[-2.06]: 0.671*HBV-1.76
- . i * AN - * A . i
Tagus IPE = -1.50 1.61 10.7 1 C2[1.30]: + sin(HBV*cos(HYPE/(VIC*4-HBV*VICA2))) 30 164 1431 3 C2 [1.31]: + sin(HBV) 7
C3 [1.33]: + sin(VIC+ exp(HYPE/((-6.979-
WATERGAP3)/HBV)) -9.210)
EM C1[-3.48]: VIC C1[-3.48]: HBV-sqrt(HBV*VIC)-(5.246/HBV)
Yangtze IPE = -3.86 3.85 1.4 3 C2[3.35]: +0.982 is 456 017 1 _C2[341]:+ViC 1
C3 [3.44]: + sin(cos(VIC*((-0.129*cos
(HBV)/SWIM)*(VIC-8.252))))
M C1[-1.84]: mHM-1.277 C1[-1.13]: HBV
m
Yellow IPE=-1.72 1.69 2.6 4 C2[3.26]: + HBV/SWIM 9 112 5979 & C2 [3.66]: + 12

C3 [1.45]: + (-7.250)/(sin SWIM*(WATERGAP3-381.141))

sin((HYMOD*sin(VIC))*3+log(SWIM/WATERGAP3))

1-As defined in Section 2.4, equation size is calculated according to the number of model inputs, constants, operators and functions in an equation.



Table S6. MMCs and equations ranked by MMC performance gain (MMCsg) in the out-of-sample validation data set for the 3-component MMC for
the super-ensemble experiment. MMCpg is measured against either the best performing GHM or the EM, whichever of the two performs better.

Global Regional
Best Best MMC equation separated into its components.
. MMC performing MMCre performing MMC=C1+C2 +C3. . . Eqn.
No River IPE GHM or %) Rank GHM or EM MMCre (%) Rank Components (C1...C3) are ordered according to their sizel
score EM and IPE explanatory power as assessed by IPE. The IPE value for
score and IPE score each component is provided in square brackets.
C1[-1.99]: SWIM+ 0.158538
1 Upper -1.95 WaterGAP2 51.5 8 SWIM -4.5 5 C2 [12.08]: + cos PCRGLOBWB 10
Amazon IPE=-1.43 IPE =-1.98
C3[12.11]: + cos(PCRGLOBWB ~2*HYMOD)
C1[-3.40]: SWIM
2 Llena -3.36 I'F\]/'EAE?; 168.7 ! |PEZ\{I¥40 2.6 4 C2 [1.44]: + cos((SWIM/LPImL)*3) 8
C3 [1.49]: + cos MATSIRO
Upper WaterGAP2 C1[-2.18]: mHM
3 Mri)spsissippi -2.60 IPE =-1.40 120.6 3 Em’* 421 2 C2 [3.00]: + sqrt(WATERGAP3+log(exp(HYMOD))) 8
IPE=-2.47 €3 [6.22]: + -4.618866
WaterGAP2 HYMOD C1[-1.62]: SWIM
4 Upper Niger -2.06 IPE =-1.30 2.4 6 IPE=-2.22 159 6 C2 [2.31]: + sin(sin(sin SWIM)) 10
C3 [2.76]: + -sqrt(LPJmL/log PCRGLOBWB)
WaterGAP2 C1[-3.65]: SWIM
5 Rhine 386 pE=2s1 1155 4 Em’ 38 3 TC2[5.85]: + VIC/SWAT 7
IPE=-5.58 C3 [6.08]: + cos LPJmLA3
Tagus -2.13 MATSIRO 86.8 5 vie 62.7 1 C1[1.03]: HBV
6 IPE=-1.26 IPE =-1.50 C2[1.23]: + sqrt(VIC/MATSIRO"2) 12
C3[1.99]: + -2.263672-log(MPI-1.335)
EM emt C1[-3.48]: VIC
S Yangtze 305 o 1321 2 PE < .3.86 -53.9 8 T C2[3.10]: +log HOS 5
€3 [3.49]: + sin SWIM
EM mHM C1[-1.72]: mHM
g Yellow 153 pp—1as 67.0 / IPE=-1.72 190 7 T C213.22): + log(sart(LPImL)) .

C3[3.68]: + sin HYMOD

*EMm of CHMs across the catchment
1-As defined in Section 2.4, equation size is calculated according to the number of model inputs, constants, operators and functions in an equation.



Table 7. MMCs and equations ranked by MMC performance gain (MMCseg) in the out-of-sample validation data set for the 2-component MMC for
the super-ensemble experiment. MMCpg is measured against either the best performing GHM or the EM, whichever of the two performs better.

Global Regional
Best Best MMC equation separated into its components. MMC
MMC  performing MMC performing =Cl+C2. Ean
No River IPE GHM or E (‘y)PG Rank GHMorEM  MMCpg (%) Rank Components (C1...C3) are ordered according to their si:e;
score M and IPE ’ and IPE explanatory power as assessed by IPE. The IPE value
score score for each component is provided in square brackets.
U WaterGAP2 SWIM C1[-1.92]: SWIM-9.555
1 e 2.04 e 61.04 6 5.06 3 [1.92] 5
Amazon IPE=-1.43 IPE =-1.98 C2 [10.56]: + sqrt(MATSIRO)
MATSIRO SWIM C1[-2.89]: HYPE
2 Lena 407 oo T e, 24007 1 PE< -3.40 67.10 1 €2 [1.71]: + (cos(PCRGLOBWB)- 10
LPJmL)/sqrt(PCRGLOBWB+ECOMAG)
C1[-2.18]: mHM
Up.)pt.ar ) WaterGAP2 em¥ [ ]
3 Mississipp ~ -2.29 IPE = -1.40 89.70 4 PE = -2.47 -18.04 4 C2 [34.55]: + 12
i ' e YMOD*(SWAT/(((mHM/MATSIRO)*MPI)*WaterGAP2))
U WaterGAP2 HYMOD C1[-1.54]: VIC
g PP 200 e 6993 5 -21.80 5 . 4
Niger IPE=-1.30 IPE =-2.22 C2 [2.83]: +-0.109*VIC
Rhi WaterGAP2 * C1 [-3.86]: SWAT-4.210
5 ne 386 o 13545 3 M -171.40 8 6
IPE=-2.51 |PE=-5.58 C2 [6.04]: + 4.210/WaterGAP2
6 Tagus 1 80 MATSIRO 54,27 . VIC 3019 ; C1[-1.48]: HBV-2.351 6
o IPE =-1.26 : IPE =-1.50 s C2 [151]: + -0.103*CLM
Y EM ¥ C1[-3.48]: VIC
7 Yemete 349 22007 2 M 11.54 2 [3.48): V 4
IPE=-1.79 IPE =-3.86 C2 [3.49]: + sin(log(SWIM))
EM HM C1[-1.79]: 0.983*mHM
8 Yellow -1.49 31.36 8 m -22.73 6 [ ] 5
IPE =-1.18 IPE =-1.72 C2 [3.07]: + log(MATSIRO)

Em of CHMs across the catchment
1-As defined in Section 2.4, equation size is calculated according to the number of model inputs, constants, operators and functions in an equation.



Table S8. IPE scores for individual GHMs and CHMs, their EM and MMC solutions (all computed for the out-of-sample validation period). Grey
shading denotes where an individual model, the EM, or MMC solution outperforms the benchmark model. The best performing of all individual
models (i.e. GHMs and CHMs), the EM and all MMC solutions, for each catchment is in bold. Red text denotes where an MMC solution does not
perform better than the best individual model or EM, while green denotes where an MMC does.

GHMs
Super- Super-
PCR- 3 > ensemble 3- ensemble 2-
Catchment CLM DBH HO8 LPJmL MATSIRO MPI WaterGAP2 EM component component
GLOBWB MMC MMC component component
MMC MMC
Upper Amazon 1.44 1.07 1.95 1.77 2.44 1.45 2.99 -1.43 - 1.24 -1.78 -1.44 -1.95 -2.04
Lena 1.16 1.92 1.86 1.04 -1.67 -1.18 1.16 -1.10 - -1.15 -2.14 -1.59 -3.36 -4.07
Uppgr — 2.19 6.57 1.26 1.58 -1.09 2.00 1.84 -1.40 - 1.20 -1.42 -1.48 -2.60 -2.29
Mississippi
Upper Niger 5.33 8.70 10.05 12.98 3.92 4.31 3.95 -1.30 - 4.42 -1.66 -1.62 -2.06 -2.00
Rhine 5.34 3.62 2.14 2.09 1.26 1.95 1.11 -2.51 - 1.53 -2.53 -2.50 -3.66 -3.86
Tagus 1.46 4.43 2.35 2.96 -1.26 1.67 1.38 1.21 - 1.70 -1.68 1.47 -2.13 -1.80
Yangtze 1.44 -1.60 1.15 -1.73 -1.13 -1.00 -1.68 -1.63 - -1.79 -3.27 -2.48 -3.05 -3.99
Yellow 2.34 3.48 1.92 1.31 1.50 1.39 4.41 1.14 - -1.18 -1.15 -1.26 -1.53 -1.49
Mean 2.59 3.52 2.84 2.75 0.50 1.32 1.90 -0.88 - 0.75 -1.95 -1.36 -2.54 -2.69
CHMs
Super- Super-
3- - ensemble 3- ensemble 2-
Catchment ECOMAG HBV HYMOD HYPE mHM SWAT SWIM VIC WATERGAP3 EM component component
MMC MMC component  component
MMC MMC
Upper Amazon -1.62 -1.17 -1.09 -1.39 -1.99 -1.61 1.46 -1.48 -1.98 -2.00 -1.95 -2.04
Lena -2.76 -2.89 -3.40 -1.41 1.29 -1.99 -2.17 -4.04 -3.36 -4.07
Upper 158 -1.44 -2.18 -1.79 -1.70 -1.40 -1.14 -2.47 173 -2.48 -2.60 -2.29
Mississippi
Upper Niger -1.28 -2.22 -2.01 1.17 -1.62 -1.54 1.46 -1.68 -1.58 -1.51 -2.06 -2.00
Rhine -3.70 -2.41 -2.52 -3.77 -2.57 -3.65 -3.12 -2.15 -5.58 -4.36 -4.25 -3.66 -3.86
Tagus 1.03 -1.22 -1.50 1.11 -1.32 -1.61 -1.64 -2.13 -1.80
Yangtze -3.59 -2.31 -2.34 -3.48 -3.86 -3.86 -4.56 -3.05 -3.99
Yellow -1.13 -1.26 -1.72 -1.20 1.11 -1.61 -1.44 -1.69 -1.12 -1.53 -1.49
Mean -2.76 -1.70 -1.70 -2.21 -2.15 -1.38 -2.27 -1.62 0.06 -2.48 -2.37 -2.70 -2.54 -2.69
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Table S9. Performance gain (PG) achieved by the EM and MMCs (both relative to the best individual model), and the PG achieved by MMC relative
to the EM. Grey shading denotes performance gain. The best performing model combination, i.e. the EM or one of the MMCs, is shown in bold for

each catchment.

GHMs
IPE PG over best individual GHM (%) PG over GHM EM (%)
3- Super- Super- 3- 2- Super- Super- 3- 2- Super- Super-
2- ensemble ensemble ensemble
Catchment Best EM comp compone 3. ensemble 2- EM compon compon ensemble3- ensemble2- | compon compon 3. 2.
GHM onent nt IVIPMC component component ent ent component component ent ent component component
MMC MMC MMC MMC MMC MMC MMC MMC MMC MMC MMC
Upper Amazon -1.43 1.24 -1.78 -1.44 -1.95 -2.04 -466.9 35.4 0.6 51.5 61.0 402.3 367.5 418.4 427.9
Lena -1.67 -1.15 -2.14 -1.59 -3.36 -4.07 -51.9 46.9 -7.9 168.8 240.1 98.8 44.0 220.6 291.9
Upper 140 120  -142  -148 -2.60 -2.29 4592 24 8.1 120.6 89.7 3617 3673 479.8 448.9
Mississippi
Upper Niger -1.30 4.42 -1.66 -1.62 -2.06 -2.00 -772.4 35.7 31.8 75.9 69.9 708.1 704.2 748.2 742.3
Rhine -2.51 1.53 -2.53 -2.50 -3.66 -3.86 -603.2 2.1 -0.6 115.5 135.5 505.3 502.6 618.7 638.7
Tagus -1.26 1.70 -1.68 1.47 -2.13 -1.80 -495.7 423 -472.8 86.8 54.3 438.1 22.9 482.5 450.0
Yangtze -1.73 -1.79 -3.27 -2.48 -3.05 -3.99 5.7 154.2 75.5 132.1 225.8 148.5 69.8 126.4 220.1
Yellow 1.14 -1.18 -1.15 -1.26 -1.53 -1.49 331.9 328.5 340.4 367.0 363.2 -3.4 8.5 35.1 31.4
Mean 0.75 -1.95 -1.36 -2.54 -2.69 -314.0 81.0 -3.1 139.8 154.9 332.4 260.8 391.2 406.4
CHMs
IPE PG over best individual CHM (%) PG over CHM EM (%)
Super- Super- Super- Super- Super- Super-
3- 2- 3- 2-
3- 2- ensemble ensemble ensemble ensemble ensemble ensemble
Catchment Best compo compo compon  compo
EM compone compone 3- 2- EM 3- 2- 3- 2-
CHM nent nent ent nent
nt MMC nt MMC component component MMC MMC component component MMC MMC component component
MMC MMC MMC MMC MMC MMC
Upper Amazon -1.99 -1.48 -1.98 -2.00 -1.95 -2.04 -51.3 -0.8 1.1 -4.5 5.1 50.6 52.4 46.9 56.4
Lena -3.40 -1.99 -2.17 -4.04 -3.36 -4.07 -141.1 -123.2 64.2 -4.2 67.1 17.9 205.2 136.8 208.2
Upper 218 247 173 2.48 -2.60 -2.29 293 -44.7 29.8 421 11.2 -74.0 05 12.8 -18.0
Mississippi
Upper Niger -2.22 -1.68 -1.58 -1.51 -2.06 -2.00 -54.2 -63.6 -70.9 -15.9 -21.8 -9.4 -16.7 38.3 324
Rhine -3.70 -5.58 -4.36 -4.25 -3.66 -3.86 187.5 66.0 55.3 -3.8 16.2 121.6 -132.2 -191.4 -171.4
Tagus -1.50 -1.32 -1.61 -1.64 -2.13 -1.80 -18.4 10.7 143 62.7 30.2 29.1 32.7 81.1 48.6
Yangtze -3.59 -3.86 -3.86 -4.56 -3.05 -3.99 -28.2 26.8 97.4 -54.0 39.8 -1.4 69.2 -82.2 11.5
Yellow -1.72 -1.44 -1.69 -1.12 -1.53 -1.49 -27.6 -2.6 -59.8 -19.0 -22.7 25.0 -32.2 8.6 4.9
Mean -2.48 -2.37 -2.70 -2.54 -2.69 -5.9 -16.4 16.4 0.4 15.6 -10.5 22.4 6.4 21.6
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Table S10. The contribution of individual GHMs and CHMs to MMCs derived for the super-
ensemble. Crosses in underlined bold (and totals in brackets) indicate the inclusion of the
individual models in the first component of the symbolic regression equation.

2 o S z o £ 2
s - i e
Upper N X X 3(1)
Amazon
Lena X X X 3(1)
UF.)pt-?‘r_ . X X X 3(1)
Mississippi
Upper Niger X X X 3(1)
Rhine X X X X 4(1)
Tagus X X X X 4(1)
Yangtze X X 3(1)
Yellow X X X 3(1)
Totals 4 2 1 2 0 0 1 3 2 1 5 3 1
(0 (0 (0 (0 (0 (0 (1) (0) (2) (00 @4 (1) (9
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Figure S2. Seasonal cycle (long-term mean monthly runoff, MMR). The shaded region
denotes the models’ performance range.
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Figure S3. Residual plots for the GHMs and 3-component MMC (Model).
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Figure S3 (continued). Residual plots for the GHMs and 3-component MMC (Model).
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Figure S3 (continued). Residual plots for the GHMs and 3-component MMC (Model).
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Figure S3 (continued). Residual plots for the GHMs and 3-component MMC (Model).
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Figure S4. Residual plots for the CHMs and 3-component MMC (Model).
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Figure S4 (continued). Residual plots for the CHMs and 3-component MMC (Model).
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Figure S4 (continued). Residual plots for the CHMs and 3-component MMC (Model).
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985 Supplementary figure 1: Number of GHMs with a significant increase or decrease in hydrological
986 performance (KGE) due to HIP. Figures (a), (b), and (c) show for each of the underlying KGE sub-parameters
987 (bias ratio, variability ratio, correlation coefficient) the number of models with a significant increase or decrease

988 in performance.
989
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Supplementary figure 2a: KGE performance of H08 under HIP conditions.
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Supplementary figure 2b: KGE performance of LPIJmL under HIP conditions.
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996 Supplementary figure 2c: KGE performance of MATSIRO under HIP conditions.
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Supplementary figure 2d: KGE performance of PCR-GLOBWAB under HIP conditions.
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Supplementary figure 4: Share of land area with a significant change in the representation of the
exceedance probability curve, as tested with the Kolmogorov-Smirnov test. WaterGAP2 and PCR-

GLOBWB are located underneath the results of MATSIRO.
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Supplementary figure 5: Scatterplot showing for the individual global hydrological models (GHMs) the

difference in hydrological extremes due to HIP.

The two sets of panels show the difference (factor) in modelled (a) Q; high-flow and (b) Qg low-flow
discharges under the HIP and NOHIP conditions for the managed (blue) and near-natural catchments (orange).
Values >1 imply that discharges are larger under HIP conditions compared to NOHIP conditions, and vice
versa. To improve visibility, results are capped at a value of 2. The absolute differences given in each of the
panels represent the average absolute deviation from unity for the managed and near-natural catchments. The
larger the average absolute deviation, the larger the difference in modelled Q; high-flow and Qg low-flow

discharges between HIP and NOHIP conditions.
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Supplementary Tables

Supplementary table 1: Description of the modelling framework and parameterizations of the models.
Table 1.A presents the representation of the hydrological processes in the models, after Zhao et al., 2017.
Table 1.B-I present the representation of the human dimensions and its interactions with the hydrological
processes for each of the models.

1.A Representation of hydrological processes

Model Energy | Evaporation Runoff Snow Routing Flow Soil Water
. References
name balance scheme scheme scheme scheme velocity Layer Depth
. TRIP Linear One soil layer .
Bulk Saturation Energy | reservoir (Oki with a depth Hanasaki
HO8 Yes excess, non- 0.5m/s etal.,
formula . balance | and Sud of Im
linear 2008a,b
1998)
Five
Continuity hydrologically
equation active layers | Bondeau et
LPImL No Priestley- Saturation Degree- | derived from 1mis of 20, 30, 50, al., 2007;
Taylor excess day linear 100 and 100 Schaphoff
reservoir cm etal., 2013
model thickness,
respectively
12 fully
Overland resolved
flow, . layers (5cm, Takata et
Bulk infiltation | rTeF:e'fvti'r”?grki 20cm, 75cm, | al., 2003;
MATSIRO | Yes excess, 9y 0.5m/s and nine next | Pokhrel et
formula . balance | and Sud :
saturation 1998) layers of 1m) al., 2012;
excess, and a 90m 2015
groundwater. groundwater
layer.
Variable up to
. Travel time Variable 1.5 msoil van Beek
Saturation . etal.,
PCR- Degree | routing based on layers and 50 '
No Hamon Excess Beta L ., 2011;
GLOBWB . Day (characteristic | Manning’s m
Function distance) equation roundwater Wada et
g g al., 2011
layer
Priestley One soil
Taylor with layer, varying Miller
two alpha Beta Variable, depth in Schmied et
factors function, Degree | Linear based on dependence al.,
WaterGAP2 | No depending saturation Day reservoir Manning- | on land cover | 2014,2016;
on the aridity | excess Strickler type (0.1to4 | Verzano et
of the grid m) al., 2012
cell
1.B Representation of livestock water use
Model Model Drivers Parameters References
name
HO08 - - -
LPJmL - - -
MATSIRO - - -
. . . L Set from literature
PCR- Tlme-s:erles regression by individual Cattle stock review and time- Wada et al., 2014b
GLOBWB countries and regions .
series data
Time-series regression by individual Set from literature
WaterGAP2 g y Cattle stock review and time- Florke et al., 2013

countries and regions

series data
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1.C Representation of domestic water use

Model

Parameters

Model Drivers References
name
Time-series regression by individual Set from literature Hanasaki et al., 2008a,
HO8 . ; y Population review and time- b; Yoshikawa et al.,
countries and regions .
series data 2014
LPJmL - - -
Time-series rearession by individual Set from literature Takata et al., 2003;
MATSIRO . gres y Population review and time- Pokhrel et al., 2012;
countries and regions .
series data 2015
. . . L . Set from literature
PCR- Tlme-s_,erles regression by individual Population, _ review and time- Wada et al., 2014b
GLOBWB countries and regions GDP per capita .
series data
Time-series regression by individual Population Calibrated from
WaterGAP2 g y P ' time-series data Florke et al., 2013

countries and regions

GDP per capita

1.D Representation of industrial water use

Model Model Sector Drivers Parameters References
name
Time-series Set from literature
Ho8s regression by Industr Infrastructure review and time- Hanasaki et al., 2008a,b,
individual countries y area series data Yoshikawa et al., 2014
and regions
LPJmL - - - -
Time-series Set from literature
regression by electricity review and time- Takata et al., 2003,
MATSIRO LS . Industry . . Pokhrel et al., 2012;
individual countries production series data 2015
and regions
GDP, electricity Set from literature
Time-series production, review and time-
PCR- regression by energy series data
GLOBWB individual countries Industry consumption, Wadaetal., 2014b
and regions household
consumption
Manufacturing Calibrated from
structural water time-series data
intensity,
Manufacturing
Manufacturing gross value
added (GVA),
Technological
change rate for
Time-series manufacturing
WaterGAp2 | regressionby Annual Florke et al., 2013
individual countries Electricity
and regions Production,
Water use
Electricity |Eten5|t|y of
roduction thermal power
P plants (by type
of plant and

cooling system),
Technological
change rate
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1.E Representation of irrigation water use

Calculation
Model of irrigation Crop Types Crop Additional References
name water Calendar components
requirements
Planting date
was
determined to
obtain
maximum
yield under
meteorological
conditions for
1960-1999.
The planting .
MIRCA 2000 date was fixed g‘;‘é’:}f{g” Region
Ho8 Model-based | (Portmann et al., throughout the specttl Hanasaki et al., 2008a,b
. - irrigation
2010) simulation =0
. efficiency
period.
Harvesting
date was
calculated in
the model and
changed with
years
according to
meteorological
conditions.
. Country-
MIRCA 2000 na. ('_5|mulated specific Bondeau et al., 2007; Rost et al.,
LPJmL Model-based | (Portmann et al., growing .
irrigation 2008
2010) season length) 2
efficiencies
Country-
MIRCA 2000 e .
MATSIRO | Model-based | (Portmann et al., Model-based _sp(_ecm_c Takataetal., 2093’ Pokhrel et al.,
irrigation 2012; 2015
2010) A
efficiencies
MIRCA 2000 Dynamicall
PCR- (Portmann et al., ca)llculated Y
Model-based 2010) with Fixed calendar | .”.7 " . Wada et al., 2014b
GLOBWB - - irrigation
rice/non-rice officienc
distinction y
Country Doll and Siebert 2002; D6l et al.,
) . " . specific 2012, 2014; Portmann et al., 2010;
WaterGAP2 | Model-based Rice/Non-rice Model-based irrigation Miiller Schmied et al., 2014, 2016
efficiency

1.F Water allocation

Model Sources of water included in water use Parameterizations
References

name framework
HO08 Surface water (including reservoirs) Hanasaki et al., 2008a,b
LPImL River discharge (incl. renewable Bondeau et al., 2007;

groundwater), green water in soils Rost et al., 2008

Takata et al., 2003;
MATSIRO Surface water, Groundwater Pokhrel et al. 2012; 2015 Pokhrel et al., 2012;
2015

PCR- . Wada et al., 2014a,b
GLOBWB Desalinated, Groundwater, Surface water Wada et al., 2014b
WaterGAP2 | Groundwater, surface water Sectoral groundwater use fractions Doll et al., 2012
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1.G Representation of return flows

Model name | Irrigation Industry Domestic Livestock References
Soil via
infiltration;
HO8 Groundwater: - - - Hanasaki et al., 2008b
via additional
recharge.
River; 50% Bondeau et al., 2007; Rost et
LPJmL - - -
returns al., 2008
MATSIRO River River River - Pokhrel et al., 2012; 2015
Soil Layers via
infiltration;
Groundwater
layer: via River: same day River: same
additional : ' day. Amount
PCR- recharge Amount determined by | No return flow Wada et al., 2014b
GLOBWB ' determined by . N
Amount recycling ratios recycling
determined by yeling ratios
irrigation
efficiency
Returned to
groundwater,
Fraction of
irrigation water
abstraction Returned to
(from Returned to surface water.
groundwater or | surface water. Difference of
surface water) | Difference of water No return ﬂOWI as .
WaterGAP2 - . . only consumptive Déll et al., 2012, 2014b
returning to water abstraction abstraction Use
groundwater and consumptive and '
frgi = 0.95— use. consumptive
0.75F1ain use.
(cell-specific
artificial
drainage
fraction).

1.H Representation of Reservoirs (after Pokhrel et al., 2016)

Model
name Purposes included Parameterizations References
HO8 Non-irrigation Hanasaki et al., 2006 Hanasaki et al., 2006
LPJmL Irrigation/Non-irrigation Biemans et al., 2011 Biemans et al., 2011
MATSIRO Irrigation/Non-irrigation Hanasaki et al., 2006 Pokhrel et al., 2012
PCR- Water supply/Flood Haddeland et al., 2006; Adam et al.,
GLOBWB control/Hydropower/Navigation 2007 van Beek etal., 2011
WaterGAP2 | Irrigation/Non-irrigation Hanasaki et al., 2006 Déll et al., 2009
1.1 Calibration of runoff and discharge
Model name References
Bias in runoff corrected with modification of two parameters of subsurface flow
HO08 for four climatic groups: daily maximum subsurface runoff, relation between Hanasaki et al., 2008a,b
subsurface runoff and soil moisture.
LPJmL -
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MATSIRO

PCR- i
GLOBWB

Biases in long-term mean annual discharge corrected by adjusting exponent of Miiller Schmied et al
WaterGAP2 | function where part of effective precipitation becomes runoff from land depending 2014 N

on exponent of ratio of actual to maximum soil storage.
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Supplementary table 2: Abbreviations

Abbreviation Full name

GRDC Global Runoff Data Centre

KGE Modified Kling-Gupta Efficiency
rKGE KGE correlation coefficient (Pearson)
BKGE KGE bias ratio

vyKGE KGE variability ratio

Qoo Low-flow indicator

Q. High-flow indicator

NSE Nash-Sutcliffe Model Efficiency

KS Kolmogorov-Smirnov test

NOHIP conditions

‘naturalized’ model run without human influence

HIP conditions

Model run including time-varying human influence

DDM30 Drainage direction map

HIP Human impact parameterizations

n Number

P Probability

S; Simulated discharge

0 Observed discharge

i Station

U Simulated mean monthly discharge

T Observed mean monthly discharge

(o Standard deviation of simulated discharge
O, Standard deviation of observed discharge
Qs Simulated hydrological extreme

Qo Observed hydrological extreme

GVA Gross value added
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Supplementary results for selected river basins

Twelve GRDC stations (supplementary table 3) were selected to serve as illustrative focus cases in
this study. These are: the Amazonas, Amur, Colorado, Congo, Guadiana, Mackenzie, Murray, Ob,
Rhine, Tocantins, Volga, and the Zambezi. The stations are selected for their heterogeneous spatial
distribution and belong to both the managed and near-natural catchment groups. Moreover, station-

specific results for all stations are provided as a separate supplement.

Supplementary table 3: Characteristics of focus stations.

River GRDC ngmeint digc/:llig?ge Start- end- data-points Managed/
(station name) number 2 3 year coverage (%0) near-natural
area (km?) (m>/sec)
Amazonas 3629000 4,680,000 170,356 1971-1998 97.9% near-natural
(Obidos-Porto)
Amur 2906901 1,790,000 10,386 1971-1987 99.5% near-natural
(Bogorodskoy)
Colorado 4352100 631,960 160 1971-1995 92%* managed
(Lindero
Internacional
Norte)
Congo 1147010 3,475,000 39,127 1971-2010 100% near-natural
(Kinshasa)
Guadiana 6116200 60,883 107 1971-1990 98.8% managed
(Pulo do Lobho)
Mackenzie 4208025 1,660,000 9,225 1972-2010 98.1% near-natural
(Arctic Red
River)
Murray 5404270 1,000,001 164 1985-2010 98.1 managed
(Overland
Corner)
Ob 2912600 2,949,998 13,132 1971-2010 97.5% near-natural
(Salekhard)
Rhine 6435060 160,800 2,235 1971-2010 100% near-natural
(Lobith)
Tocantins 3649950 742,300 11,186 1978-2010 94.95%* managed
(Tucurui)
Volga 6977100 1,360,000 7,885 1971-2010 97.5% managed
(Volgograd
Power Plant)
Zambezi 1891500 940,000 2,455 1971-1990 96.67% managed
(Matundo-
Cais)

*stations do not comply to minimum requirement of data-point coverage in time-series (95%) set for full analysis but were included for their
representative spatial distribution and representative human/(near-)natural characteristics.

1.Impact of HIP in overall hydrological performance

The change in hydrological performance for 12 managed and near-natural focus stations is shown in
supplementary figure 6. Little to no change in performance (as calculated with the KGE over the full
time-series) is found before and after HIP for the Amazonas, Congo, Mackenzie, Ob, Rhine, and the
Tocantins. In contrast, HIP significantly influences the hydrographs of the Amur, Colorado,
Guadiana, Murray, Volga, and the Zambezi river. Monthly discharge diminishes significantly for the
latter catchments, either in an equal way throughout all months of the year (Murray, Amur) or
predominantly during the peak-flow months (Colorado, Guadiana, Volga, Zambezi). For the latter

four catchments we observe in most models a significant redistribution of monthly discharge between

40




1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087

1088
1089

1090
1091

1092
1093

the peak-flow and low-flow months due to HIP. These cases highlight the influence of dams and
reservoirs (and their operation), being part of the HIP framework, on the volume and timing of
estimated river discharge. The ability to represent the general hydrologic characteristics varies
significantly from catchment to catchment and across models (supplementary figure 6,
supplementary table 4). Results show that some catchments (Amazonas, Amur, Rhine, or the
Tocantins) are generally better represented, whereas the models have relatively more difficulties
representing the hydrologic characteristics of others (Colorado, Murray). On the other hand, different
models outperform others looking at the various catchments. An overall best performing model does
not exist, with WaterGAP2 producing the best results for the Colorado, Congo, Murray, Tocantins,
Volga, and Zambezi, compared to LPIJmL for the Amur, or MATSIRO for the Amazonas and Ob
(supplementary table 4).
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Supplementary figure 6: Hydrographs for the focus stations under HIP and NOHIP.

Each panel shows the long-term mean monthly discharge for each model. Dashed lines indicate the long-term
mean monthly discharges with HIP whilst the solid lines indicate the performance under NOHIP conditions.

Supplementary table 4: Overall hydrological performance (KGE) for different models for the focus
stations.
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Performance values with inclusion of human impact parameterizations (HIP) are presented first, performance
values without HIP are presented after the slash. Bold values show the best performing models per station.
Underscored values show the best performing station per model.

Amazonas Amur Colorad Congo Guadia Macken Murray Ob Rhine Tocanti Volga Zambez
o} na zie ns i

PCR- 0.45/ 0.55/ -4.21/ 0.36/ 0.32/0.2 0.70/ -13.19/ 0.51/ 0.54/0.5 0.58/ 0.63/ -0.92/

GLO 0.45 0.54 -4.68 0.36 9 0.70 -14.15 0.50 0 0.58 0.58 -0.92
BWB

Wate 0.81/ 0.67/ 0.13/ 0.66/ 0.49/0.1 0.48/ -0.11/ 0.34/ 0.78/0.8 0.88/ 0.73/ 0.59/

rGAP 0.82 0.67 0.23 0.66 8 0.47 0.64 0.33 1 0.91 0.85 0.57

2

HO8 0.41/ 0.26/ -3.36/ 0.24/ -0.32/- 0.48/ -5.51/ 0.23/ -0.20/- 0.27/ 0.15/ -1.15/

0.41 0.28 -3.88 0.23 0.41 0.49 -6.42 0.23 0.14 0.23 0.04 -1.43

LPJIm 0.41/ 0.71/ -7.13/ 0.23/ -0.50/- -0.22/ -16.96/ -0.31/ 0.34/0.3 0.41/ 0.36/ -1.10/

L 0.40 0.73 -8.56 0.23 1.07 -0.38 -19.44 -0.34 6 0.36 -0.31 -1.37

MAT 0.84/ 0.64/ -0.21/ -0.07/ - 0.60/ -0.33/ 0.57/ 0.76/0.7 0.71/ 0.69/ 0.52/

SIRO 0.84 0.70 0.14 -0.11 0.16/0.0 0.55 -0.95 0.58 0 0.69 0.72 0.23

9

2 Impact of HIP in representation of hydrological extremes

Supplementary figure 7 shows for the focus stations the modelled probability exceedance curves for
the different models for both NOHIP and HIP conditions, with as reference the probability
exceedance curves based on observational data. Substantial changes in modelled discharge estimates
that are the result of HIP can be found under various exceedance probability levels for the Amur,
Colorado, Murray, Volga, and Zambezi. For some stations, the most substantial changes are being
found at the tails of the exceedance probability curve (at high- and/or low-flows), e.g. the Zambezi or
Volga. Other stations show changes for predominantly intermediate exceedance probability levels,
e.g. the Amur or Murray. While all models tend to generally overestimate both high- and low-flows in
the Murray, Colorado, Tocantins and Zambezi; the results are more varied for the Amazonas, Amur,
Guadiana, Mackenzie, and the Ob. For the Congo and Volga most models overestimate high-flows
whereas they underestimate low-flow discharges, even with HIP. For the Rhine, this is the other way
around, with mostly underestimations for high-flow discharges but overestimations when moving
towards low-flows. Both the Amur and Mackenzie see a sudden drop in observed discharges at
intermediate levels of exceedance probability. This is likely caused by the strong seasonal
characteristics that play an important role in the generation of discharge in these rivers, with a
substantial period of the year being snow-dominated. None of the models seems to be able to reflect

these particular hydrologic characteristics correctly, both without and with HIP.
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Supplementary figure 7: Exceedance probability curves for the focus stations.

Each panel shows the modelled discharge at various levels of exceedance probability with HIP (dashed line) and
without HIP (solid line). The thick black lines show the observed discharge at various levels of exceedance
probability.
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