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Abstract Evidence suggests that catchment state variables such as groundwater can exhibit multiyear
trends. This means that their state may reflect not only recent climatic conditions but also climatic
conditions in past years or even decades. Here we demonstrate that five commonly used conceptual “bucket”
rainfall‐runoff models are unable to replicate multiyear trends exhibited by natural systems during the
“Millennium Drought” in south‐east Australia. This causes an inability to extrapolate to different climatic
conditions, leading to poor performance in split sample tests. Simulations are examined from five models
applied in 38 catchments, then compared with groundwater data from 19 bores and Gravity Recovery and
Climate Experiment data for two geographic regions. Whereas the groundwater and Gravity Recovery and
Climate Experiment data decrease from high to low values gradually over the duration of the 13‐year
drought, the model storages go from high to low values in a typical seasonal cycle. This is particularly the
case in the drier, flatter catchments. Once the drought begins, there is little room for decline in the simulated
storage, because the model “buckets” are already “emptying” on a seasonal basis. Since the effects of
sustained dry conditions cannot accumulate within these models, we argue that they should not be used for
runoff projections in a drying climate. Further research is required to (a) improve conceptual rainfall‐runoff
models, (b) better understand circumstances in which multiyear trends in state variables occur, and
(c) investigate links between these multiyear trends and changes in rainfall‐runoff relationships in the
context of a changing climate.

Plain Language Summary It is common in science to use a mental picture or metaphor that
simplifies a complex phenomenon. A common metaphor used for a water supply catchment is that of a
leaky bucket. When it rains, the bucket fills up; when it does not rain for a while, the bucket empties due to
evaporation andwater used by trees; and leaking water is like river flow. Computer models based on variants
of this metaphor are common and can provide predictions of how much streamflow might occur under
future scenarios. This paper explores limitations of the bucket metaphor and associated models. Recently,
during a 13‐year drought in Australia, river catchments gradually started to dry up. With each passing year,
the depth to groundwater increased gradually as the water used by trees was not replenished by rainfall.
We compare this long, slow behavior to that of five commonly used “bucket” models. The models do not
show the long, slow drying up—they only show the seasonal ups and downs, and their predictions of
streamflow over the drought are poor. This is surprising, and it means we should choose our models
carefully and seek out models that can simulate this behavior and its impact on streamflow.

1. Introduction

Improvement of conceptual rainfall‐runoff models so that they can defensibly be applied in climate change
impact studies is one of the most pressing issues in hydrology today. Climate change impact studies inform
policy in areas as diverse as water supply (Flörke et al., 2018; Zhuang et al., 2018), flood impacts (Iqbal et al.,
2018; Zhou et al., 2018), ecosystem services (Mahmoud &Gan, 2018), environmental flow requirements (Cui
et al., 2018), food production (Balkovič et al., 2018), hydroelectricity (de Jong et al., 2018), and sociological
and indigenous impacts (Emanuel, 2018; Xue et al., 2018). In many such studies, rainfall‐runoff models form
a vital link, translating projected climatic and weather conditions into river flow and available water.
Usually, relatively simple conceptual models are adopted (Melsen et al., 2018), and arguably there is
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insufficient attention paid to their suitability for the critical role they fulfill (but see, e.g., Vaze et al., 2010;
Saft et al., 2016; Melsen et al., 2018).

In practice, rainfall‐runoff models often perform poorly when faced with historic hydroclimatic variability,
particularly multiyear droughts (Saft, Peel, Western, Perraud, & Zhang, 2016; Seibert & vanMeerveld, 2016).
This is the main challenge to their suitability for climate change impact assessments: if rainfall‐runoff mod-
els cannot represent the past, how can we trust them to simulate under future climate change? A common
tool for testing models is the Differential Split Sample Test (Klemeš, 1986; Refsgaard et al., 2014), where
models are tested on subperiods of the historic record that are drier or wetter than calibration data. In this
test, models typically perform increasingly poorly in proportion to the degree of change in hydroclimatic
variables such as precipitation (Vaze et al., 2010; see also Wilby, 2005; Merz et al., 2011; Coron et al.,
2014; Refsgaard & Knudsen, 1996; Singh et al., 2011). These failures seem to indicate that the model equa-
tions are inadequate and must be improved or replaced, and this study discusses ideas to inform this process
of model improvement. However, we note that a variety of other factors may impede model performance
and/or proper evaluation, including unsystematic testing procedures (e.g., Coron et al., 2012; Thirel et al.,
2015; Zheng et al., 2018), data quality issues (e.g., Kuczera et al., 2010), and poor calibration methods
(e.g., Arsenault et al., 2013 ; Fowler et al., 2016 ; Fowler et al., 2018) possibly exacerbated by poor parameter
identifiability (e.g., Beven & Freer, 2001a).

Despite clear need, few studies so far have proposed improvements to model structures to make them better
able to simulate under changing climatic conditions (Fowler et al., 2018; for examples of exceptions see
Herron & Croke, 2009; Westra et al., 2014; Grigg & Hughes, 2018). We believe that one way to hasten pro-
gress is to guide model development and selection based on the plausibility of internal dynamics during
simulation (cf. Kuczera and Mroczkowski, 1998; Kirchner, 2005). Plausibility has sometimes been consid-
ered in the context of improving model calibration, where local knowledge and/or the knowledge of experi-
mentalists allows qualitative assessment of the realism of model simulations (Seibert & McDonnell, 2002;
Winsemius et al., 2009; Gharari et al., 2014; Holländer et al., 2014). However, plausibility and realism are
rarely considered in the hydrological components of climate change impact studies, which usually focus
on describing and applying, rather than critiquing, the chain of modeling components (e.g., global climate
models, regional climate models, and rainfall‐runoff models).

In this study, only one aspect of plausibility is considered: the presence or absence of long, slow dynamics in
simulated state variables. Here “long, slow dynamics”means that a model allows multiyear trends in at least
one state variable (e.g., groundwater storage). Low‐frequency dynamics have been reported in hydrology for
many years (e.g., Hurst, 1951), with authors describing low‐frequency components in rainfall regimes (e.g.,
Cañón et al., 2007 ; Xu et al., 2004) and discussing their propagation through the hydrological cycle (Hughes
et al., 2012; Markovic & Koch, 2015; Shun &Duffy, 1999; Wang et al., 2015). This propagation is often accom-
panied by a lag which varies depending on hydrological component—for example, following a change in
long‐term average rainfall, soil moisture characteristics might respond on shorter time scales than ground-
water (e.g., Eltahir & Yeh, 1999; Leblanc et al., 2009). Lag time scales are also mediated by the geology of
aquifers and by soil characteristics (e.g., Markovich et al., 2016; Tague et al., 2013; Tague & Grant, 2009).
With regards to multiannual dynamics, one point on which the literature is unclear is the relation of these
dynamics to hydrological models—for example, are such models able to operate under low slow changes in
climate and able to represent possible amplifications of climate signals by the hydrological cycle? Some stu-
dies (e.g., Marcovic and Koch, 2015) report that rainfall runoff models are indeed able to do this, but overall,
little research effort has been expended in this area.

With respect to hydrological systems, long slow dynamics are very important because systems and models
with such dynamics exhibit the following characteristics:

a. streamflow that, for a given time step, depends not only on recent climatic conditions (the preceding
weeks or months) but also on past years or even decades (Almanaseer & Sankarasubramanian, 2011;
Risbey & Entekhabi, 1996);

b. relatively slower recovery from extreme events such as multiyear droughts (Hughes et al., 2012; Yang
et al., 2017); and

c. relatively greater sensitivity to climate change, since accumulated changes in state variables can push the
model or system into rainfall‐runoff relationships not seen before in the observed period (Saft et al., 2015).
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Another way of phrasing point (a) is that the model (and catchment) has “memory”: it can “remember” pre-
ceding years' climatic forcing and modulate the flow response accordingly for the present time step (Grigg &
Hughes, 2018; Risbey & Entekhabi, 1996). However, here we use the memory terminology with care because
it is often used in unrelated debates in hydrology (specifically, about which mathematical models best repli-
cate the properties of observed streamflow given apparent Hurst‐Kolmogorov dynamics—e.g., Blender &
Fraedrich, 2006; cf. Mandelbrot & Wallis, 1968; Koutsoyiannis, 2011). We also note that one viewpoint on
point (c) is that the catchment system may have multiple stable states of flow response (in the sense used
by Peterson et al., 2009; Peterson & Western, 2014; 2014b); in this view, extreme events or climate change
may cause a semipermanent transition between the stable states (Peterson et al., 2018). However, these con-
cepts are not considered further in this article.

This paper asks the following research questions:

1. Do multiyear trends occur in environmental state variables (e.g., groundwater) in the selected study
region (the state of Victoria, Australia)?

2. Are qualitatively similar trends present in any simulated state variables for selected commonly used con-
ceptual rainfall‐runoff models calibrated within the study region?

In our discussion, we also focus on a further question: what are the implications for the suitability of the mod-
els for climate change impact assessment, and for the simulation of hydrologic processes?

By “qualitatively similar”wemean exhibiting similar patterns over similar time scales, even if the models in
question do not explicitly have (for example) a groundwater store to directly compare with groundwater
levels. This is often the case, since impact studies typically avoid using rainfall‐runoff models that explicitly
represent physical processes, due to prohibitive data and computational requirements. Instead, impact stu-
dies commonly use conceptual “bucket”‐style rainfall runoff models and these are the type in focus here.
Other types of conceptual models are considered in the section 6.6 but not explicitly tested.

Before explaining the technical aspects of the method (section 4), we first outline the rationale for the
approach of the study (section 2) and the region in focus (section 3).

2. Rationale for Approach

Below, the rationale is explained using south‐east Australia's Millennium Drought as the example; however,
the logic could apply equally to other cases of multiyear drought subject to climate‐induced multiannual
trends in state variables such as groundwater.

To explain the rationale, we use the following thought experiment. The present‐day hydrologist tasked with
hydrological projections for future climate scenarios is thought of as similar to the hydrologist of 1996 tasked
with projections of flows during the 1997–2010 Millennium Drought, assuming foreknowledge of forcing
variables (precipitation, evapotranspiration) over this period. Is there any aspect of model simulations that
can guide the hydrologist of 1996 in model selection, given they know the ensuing years will be
significantly drier?

To explore this question, Figure 1 shows simulated storage time series from two hypothetical models A and
B. A and B could be from two different model structures, or two parameter sets within the same model struc-
ture. For simplicity, we assume that the storage time series indicate the total water stored in each respective
model, over all model stores. We first consider the blue line only. From the perspective of the hydrologist of
1996, the blue line represents simulated storage over recorded history. Both models show a qualitatively
similar time series, except that during the pre‐1997 period Model B comes considerably closer to the “mini-
mum possible storage” limit. This limit arises in many models directly from the model conceptualization—
for example, conceptualizing a state variable as the contents of a bucket introduces an inherent minimum
possible storage state, namely, “empty.”Model B comes close to empty at the low point of the seasonal cycle
every year prior to 1996, whereas Model A does not. Assuming identical past performance in other respects
(equifinality; cf. Beven, 2006), which model should the hydrologist of 1996 choose? We argue that Model A
should be considered inherently superior, if there is sufficient reason to expect that the catchment could
enter increasingly dry states. The hydrologist of 1996 does not know whether future dry conditions might
cause downward trends in real‐world state variables, but it is reasonable and prudent to assume that such
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trends are possible. Since Model B already reaches empty in the summers preceding the drought, it explicitly
forbids long‐term downward trends (the pink‐purple line in Figure 1) from developing during the
Millennium Drought. On this basis, a priori judgment between A and B is possible based on plausibility,
without any knowledge of streamflow during the drought.

Two key points of this paper are (i) henceforth, a similar logic should be used by hydrologists to judge (and
disqualify) models as unsuitable for runoff projections in a drying climate and (ii) many commonly used
“conceptual bucket”models fail the test, which is likely related to poor performance of these models in split
sample testing. With respect to (i), related arguments could be given for a wetting climate, but that is not in
focus here. We use the Millennium Drought case study to show that such trends can occur in real state vari-
ables in response to changing climate (i.e., Research Question 1) and that the trends are not matched—even
in a qualitative sense—by calibrated rainfall‐runoff models (Research Question 2), thus significantly redu-
cing their plausibility.

The following comments are relevant to how the present study fits into the broader picture of model
improvement. In principle, we could categorize all catchments globally into three categories: (i) catchments
with recorded multiyear trends in state variables over the observational record; (ii) catchments with no
recorded multiyear trends but which might experience them under future climate; and (iii) catchments
which will never experience significant multiyear trends regardless of climate, possibly due to some struc-
tural limitation on terrestrial water storage (note, an a priori distinction between ii and iii may be difficult
or impossible). Hydrologists working in type (ii) catchments could be forgiven for adopting conceptual

Figure 1. Hypothetical storage time series for twomodel structures for the thought experiment described in the text. From
the perspective of the hydrologist of 1996, the blue line represents simulated storage over recorded history, whereas the
green and pink‐purple lines represent hypothetical future storage time series.
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bucket models even if suchmodels disallowmultiyear trends—after all, recorded history shows nomultiyear
trends, so why does it matter? Furthermore, even if they concluded it did matter, such modelers have no
means of parameterizing model components that govern the multiannual dynamics. Nonetheless, models
that disallow multiyear trends might neglect feedback between climate change and the hydrologic system,
thus significantly underestimating future likelihood of water shortage and leaving open the possibility for
“surprise” reductions in water supply. Thus,

• It is incumbent upon us to investigate category (i) catchments in order to improve models, since category
(ii) catchments are uninformative. This is the purpose of this paper—not (yet) to propose newmodels, but
to critique existing models in category (i) catchments, and

• Formodelers who suspect their study area might be in category (ii), it is better to use these improvedmod-
els and accept that the low‐frequency components are poorly identified (Reichert & Omlin, 1997) than to
use models that disallow low‐frequency behavior altogether. When applied in the context of uncertainty
analysis, the improved models may indicate the possibility of larger future water supply reductions than
those indicated by the unimproved models. This is useful—indeed necessary—for appropriate risk man-
agement of water resources.

Parts of south‐east Australia are undoubtedly in category (i), a fact confirmed by catchment responses to the
1997–2010 “Millennium” drought, as described herein and elsewhere (e.g., Leblanc et al., 2009; Leblanc
et al., 2011; van Dijk et al., 2013). Thus, we now describe this region and event in more detail.

3. Study Area

The study area is the state of Victoria, Australia (Figure 2), with a total area of 237,000 km2. Victoria has a
temperate climate and relatively high interannual variability of rainfall and streamflow (Peel et al., 2001),
with numerous multiyear droughts evident in the historic record (Potter et al., 2010). Spatial variability in
topography and rainfall is relatively high, and the western part of Victoria is relatively flatter and drier than
the east (Figure 2). Together with much of south‐eastern Australia, Victoria was significantly impacted by
the Millennium Drought, which began in the mid‐1990s and ended with large floods in late 2010 (Kiem &
Verdon‐Kidd, 2010). The Millennium Drought was the most severe drought on record in many areas
(Potter et al., 2010; Verdon‐Kidd and Kiem, 2009; Van Dijk et al., 2013). In response, the city of
Melbourne (along with other Australian cities) commissioned water savingsmeasures and water supply aug-
mentation through desalination and interconnection with adjacent supply basins. In addition, legislation
was introduced to improve the sustainability of water management in the Murray Darling Basin, which

Figure 2. Map of the study area: the state of Victoria, Australia. For a description of the bores, catchments and GRACE
regions, see section 4.
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drains the northern half of Victoria, to avoid environmental decline in drought‐stressed rivers (Government
of Australia, 2007).

Previous studies have reported trends in groundwater and Gravity Recovery and Climate Experiment
(GRACE) data in the Murray Darling Basin (e.g., Leblanc et al., 2009; Leblanc et al., 2011; van Dijk et al.,
2013). For example, Leblanc et al. (2009) reported a persistent decline in groundwater storage six years into
the Millennium Drought, in contrast to rapid drying of soil moisture (shallower than 2 m) within only two
years. They estimated that the groundwater declines are significantly larger than could be explained by
human use of groundwater. In this paper we assume that the declines are due to a change in the balance
between recharge, evapotranspiration from groundwater, and drainage of groundwater to streams and riv-
ers. Furthermore, our presumption is that because such changes to the natural system are likely to impact
stream flows (e.g., Condon & Maxwell, 2017), they are “within‐scope” for any rainfall‐runoff model to be
used in a climate‐change impact study—even those that do not explicitly represent each process. In the pre-
sent study, the Millennium Drought serves as an instructive test case for such models. Nearly all Global
Climate Models agree that Victoria's future climate will be drier (e.g., Whetton et al., 2016), possibly asso-
ciated with Hadley Cell expansion (Nguyen et al., 2015), so it is important for policy development in
Victoria that models demonstrate fidelity to behavior during historic dry periods (droughts). Such fidelity
is a “necessary but not sufficient” (Klemeš, 1986) requirement in order for models to be considered suitable
for climate change impact studies—that is, it is a minimum requirement and necessary first step toward
plausible runoff projections.

4. Method
4.1. Overview of Lines of Evidence

Numerous lines of evidence are synthesized in this article in order to explore whether long‐term trends are
present in observed and simulated data. Ideally, a controlled experimental approach would be taken where
multiple types of environmental variables are measured simultaneously for the same set of catchments.
Unfortunately, such data are not available in the study area for the duration of the Millennium Drought.
In Victoria, groundwater data are concentrated in lowland areas where groundwater is extracted and used
(some care was required to select bores unaffected by extractions—see section 4.3). These data provide water
table fluctuations rather than volume fluctuations. In contrast, streamflow data are concentrated in water
supply areas in the highlands, with little overlap with groundwater data. A regional approach—examining
the whole of Victoria rather than individual catchments—is adopted to overcome these limitations, using a
relatively large sample of catchments and bores to gain generalized insights (Gupta et al., 2014; Addor et al.,
2017; Addor et al., 2019).

To supplement groundwater records from specifically chosen bores (section 4.3), GRACE water storage esti-
mates are also sourced (section 4.2). Groundwater data and GRACE data are relatively complementary:
groundwater records are useful to characterize long‐term trends but cannot be converted into actual
volumes or depths of water because accurate estimates of specific yield are not available across the study
area. In contrast, GRACE products are reported directly as depths, so they are more comparable with volu-
metric measures (such as simulated storage time series). However, temporal coverage of GRACE data is rela-
tively short (2002 onward) and can only be extracted over large regions, whereas bore data can be related to
individual catchments. Note that, in this study, we do not explicitly separate out the soil moisture and
groundwater components of GRACE storage, opting instead to report GRACE data subject to
minimal manipulation.

With respect to modeling, we consider daily rainfall‐runoff models (sections 4.4—4.7) tested in various cali-
bration experiments (some flow‐only, and some inclusive of groundwater) in addition to annual rainfall‐
runoff relationships prepared according to Saft et al. (2015), as described in section 4.8.

4.2. GRACE Water Storage Estimates

GRACE measurements integrate information over large areas, so GRACE cannot provide information at
the scale of individual catchments, but only at regional scales or larger. Therefore, we define two regions
within the study area, labeled “West” and “East” (Figure 2). The regions are used not only in reporting of
GRACE results but also for aggregating other results types, because they capture useful hydrological
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distinctions in the study area, as already noted. Specifically, the East region contains the upland areas of
Victoria, which are subject to steeper topography, higher elevation (up to 2,000 m), and relatively high
rainfall (historic averages up to 2,500 mm/year). In contrast, the West region is flatter and drier on aver-
age, ranging up to only 1,200‐m elevation and generally with rainfall less than 1,000 mm/year. The
north‐west of the state is semiarid and is not included in either region. Neither region experiences
year‐round snowpack. Readers familiar with GRACE products prepackaged into large (e.g., 1° × 1°) grid
cells will notice the contrast with regions here—the adopted regions are irregular and composed with no
regard to such grid squares. Normally, large spatial filtering (400‐km smoothing) applied in the GRACE
data processing causes the “leakage” of gravity change signals from surrounding area. To minimize issues
arising from these two inherent limitations, we resample the raw GRACE data within our respective ana-
lysis regions and apply a spatial delineation technique to ensure that the influence of adjacent land areas
and/or the ocean is having minimal impact on the final result. The technical method to do this is
described below.

The terrestrial water storage (TWS) over the west and east regions of this study is estimated using the Center
for Space Research RL06 GRACE monthly gravity solutions, which use spherical harmonic coefficients to
degree and order 60 from January 2003 to August 2017. We follow the conventional geophysical reduction
(Peltier et al., 2015) and spherical harmonic coefficients adjustment and replacement (Cheng et al., 2011;
Swenson et al., 2008) to estimate water storage change from the gravity solutions.

The water mass information of GRACE suffers from noise and aliasing error originating from the spherical
harmonic coefficients (Seo et al., 2008); thus, filtering is applied to suppress them. We apply two‐step spatial
filtering, which is composed of a decorrelation filter (Swenson &Wahr, 2006) and 400‐kmGaussian smooth-
ing. The spatial resolution of GRACE data after such spatial filtering is about 400 km or larger. Therefore, an
obvious trade‐off of the spatial filtering is smoothing of the true signal due the diffused signal from adjacent
regions (including the ocean for our study regions). Also, the spatial smoothing can make the TWS signals
from the east and west regions less discernible.

In order to reduce the undesirable effect of the spatial smoothing, a forward modeling (FM) approach is
deployed (Chen et al., 2013; Seo et al., 2015). In FM, a set of initial guesses for “unsmoothed” TWSs are
assigned to analysis regions and they are iteratively updated until their spatially smoothed TWSs converge
to the smoothed GRACE data. It is assumed that FM reproduces the unsmoothed signal without restoring
the noise and aliasing error. The initial guess values do not affect the final solutions (e.g., zeros can be
assigned to initial TWSs as a priori). The FM approach has been successfully applied to correct the smooth-
ing effect in earlier works (e.g., Wouters et al., 2005). In this study, we use spatially averaged TWS values
from smoothed GRACE data as the initial guesses, and spatially averaged unsmoothed TWSs are succes-
sively re‐calculated during the iteration.

Please note that, in order the test the efficacy of FM in our study regions, we have applied FM to synthetic
GRACE data of the west and east regions generated by TWS from the Global Land Data Assimilation
Scheme. We contaminated the synthetic data by the estimated noise and aliasing error using the method
of Eom et al. (2017) which involves applying the same filters GRACE uses, to Global Land Data
Assimilation Scheme data, to generate the synthetic GRACE data. Prior to analyzing the real GRACE data,
the same two‐step spatial filtering as applied to the GRACE data was applied to these synthetic GRACE data.
“Smoothed” TWSs from the synthetic GRACE data were reduced to unsmoothed TWSs using the same FM
procedure (down to 25‐km resolution as per Global Land Data Assimilation Scheme) applied in real
GRACE data above. Figure S1 in the supporting information compares the synthetic true TWSs with their
smoothed values and the unsmoothed values by FM over the west and east regions. Figure S1 clearly shows
that amplitudes of the initial estimates of TWS are underestimated. The unsmoothed TWSs by FM agree well
with true TWSs.

Water storage in large reservoirs exerts gravity which must be taken into account. Time series of water sto-
rage are publicly available (e.g., www.g‐mwater.com.au/storages/). In section 5, aggregate time series for
each region are presented together with, and used to correct, the GRACE estimates. These aggregated time
series considered individual storage time series for the following storages: Lakes Dartmouth, Hume, Eildon,
Eppaloch, plus total storage in the Melbourne Water Supply Network and the Grampians Wimmera Mallee
Supply Network.
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4.3. Groundwater Bore Data

Thousands of groundwater bores exist in the study area, but the vast majority are affected by groundwater
extractions and/or have few observations during the study period. We consider only bores in the “State
Observation BoreNetwork,” denoting locations of higher priority for long‐termmonitoring. Bores are chosen
according to the following criteria: (i) shallow bores, that is, with maximum screen depth less than ~20 m, to
characterize unconfined, rather than confined, aquifers; (ii) located away from extraction points of ground-
water and preferably outside of Victoria's “Groundwater Management Zones” and “Water Supply Protection
Areas,” so as to minimize the influence of groundwater pumping (see map, Figure S2); and (iii) bores with
monitoring covering the period prior to and throughout the Millennium Drought (approximately 1994–
2009). Of approximately 1,500 State Observation Bores, only 300 are shallow, of which a very high proportion
were commissioned to monitor drawdown due to nearby extractions and thus fail criteria (ii). Only 19 bores
remain after all criteria are applied, and these bores are listed in section 5 (Figure 4).

For each of the 19 bores, raw observations (available at https://www.vvg.org.au) are supplemented by tem-
poral interpolation using the freely available “Hydrosight” package (https://github.com/peterson‐tim‐j/
HydroSight/wiki). Given that observations at bores in Victoria are often sporadic (e.g., monthly or seasonal),
temporal interpolation by Hydrosight improves visual discernment of long‐term trends. Hydrosight applies
the time series modeling approach of Peterson and Western (2014) to generate a groundwater hydrograph
based on climatic forcing (rainfall and potential evapotranspiration as described in section 4.6). In a subse-
quent step, the resulting groundwater hydrograph is made to perfectly honor each observation using the
interpolation methods of Peterson and Western (2018). Outlier observations are identified and removed as
per Peterson et al. (2017).

For both GRACE data and groundwater data, no formal method is used to quantify long‐term trends; rather,
the emphasis is on visual inspection of the plotted time series.

4.4. Rainfall‐Runoff Models: Assessing Model Simulations

In this section, we first explain the adopted method for analyzing a given model simulation to answer
Research Question 2, then provide relevant details including site selection and model choice. Recall that
Research Question 2 requires checking for long‐term trends in simulated state variables. Visual inspection
is cumbersome if we wish to test large samples of catchments and/or many different models, so is only pro-
vided for in the supporting information. Tomake the results digestible in a single plot, the following steps are
applied to each model that is being tested:

a. Define periods: Three two‐year periods, labeled as “predrought,” “middrought,” and “late drought” are
defined. These are calendar years 1995–1996, 2004–2005, and 2008–2009, respectively.

b. Extract sum of state variables: For each day in each two‐year period, the simulated state variables are
extracted and added together. The types of state variables differ between models, but may include soil
moisture storage, groundwater storage, and/or interception storage. Regardless, this step provides a daily
time series of total water storage for each two‐year period.

c. Getminimum andmaximum storage over each period: This is extracted and expressed as a percen-
tage of themaximum possible storage (if defined) or, if unlimited, the maximum storage attained over the
full modeling period. Note that this calculation depends upon the parameter set in question in cases
where storage capacities are set by calibrated parameters. Further details are provided in Text S1 in
the supporting information.

d. Repeat, and plot: Steps a–c are repeated across other catchments. A box plot is prepared to summarize
the distribution of minimums across all catchments in a given region, with a separate box plot for
maximums.

This analysis is relevant to Research Question 2 because minimums close to zero for the predrought period
imply that multiyear downward trends during the drought are impossible, as per Figure 1.
Catchment selection, model choice, and split sample design follow from previous studies:

• 38 catchments are adopted from Fowler et al. (Fowler et al., 2016; Fowler, Peel, et al., 2018). Note that
these earlier studies adopted a wider sample of 86 catchments, but 48 of them are not in the current study
area, leaving 38 for adoption here. All catchments are unregulated, free from significant temporal changes
(e.g., in land use) and have long‐term “Hydrologic Reference Stations” measuring discharge (Turner,
2012). Data checks are done for each catchment as per Fowler et al. (2016).
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• Five daily conceptual bucket models are tested, with details given in Fowler et al. (Fowler et al., 2016;
Fowler, Peel, et al., 2018), but in summary: GR4J (Perrin et al., 2003), SIMHYD (Chiew et al., 2002),
IHACRES using the catchment wetness index approach (Jakeman & Hornberger, 1993; Ye et al., 1997),
GR4JMOD (Hughes et al., 2013; Grigg & Hughes, 2018; see Fowler et al., 2016 for version information),
and SACRAMENTO (Burnash et al., 1973). The phrase “model structure” is used hereafter to indicate
the model equations and parameter limits (see Text S2) as distinct from a given parameterization. As
noted in Fowler et al. (2016), the five models tested here cover a wide range of approaches to model devel-
opment and are representative of many rainfall‐runoff models in common use.

• Differential split sample testing is adopted from Fowler et al. (Fowler, Peel, et al., 2018). This testing is con-
ducted whereby the entire historic record, minus the seven driest consecutive years (judged according to
streamflow), is used in calibration (the “nondry” period). The seven driest years (the “dry” period) are
reserved for independent model evaluation. Of the eight objective functions tested in Fowler et al.
(Fowler, Peel, et al., 2018), two are used here, the Kling‐Gupta Efficiency (KGE; Gupta et al., 2009) and
the Refined Index of Agreement (Willmott et al., 2012). Fowler et al. (Fowler, Peel, et al., 2018) reported
that the latter objective function gave good scores in evaluation, and thus gives themodels the best possible
chance (given the current state of knowledge) to perform over the varied hydroclimatic conditions in the
study area.

• To assess model performance consistently across both objective functions, we follow Fowler et al. (Fowler,
Peel, et al., 2018) and use the KGE. This means that the KGE is used as both the evaluationmetric and also
as one of two objective functions (for the distinction between objective function and evaluationmetric, see
the discussion in Fowler et al. (Fowler, Coxon, et al., 2018)). KGE is selected as evaluation metric because
the KGE's three components of bias, correlation, and match in variability are readily understandable and
broadly reflect what water resource managers expect from models.

• Forcing data (daily rain and potential evapotranspiration) are adopted from Jones et al. (2009) and Jeffrey
et al. (2001), as described in Fowler et al. (2016).

4.5. “Coverage” Tests

To supplement differential split sample test results, the concept of coverage is adopted from Fowler et al.
(Fowler, Coxon, et al., 2018). Coverage indicates performance against criteria regarding model perfor-
mance—in this case, two criteria are used: KGEnondry > 0.7 and KGEdry > 0.7 (cf. Fowler et al., 2016).
Unless at least one parameter set is found that fulfills both criteria simultaneously, the model is deemed
to have no coverage of that portion of the objective space. In principle, coverage can be determined using
a large random sample; thus, coverage is independent of calibration method and depends only on the
model structure and its numerical implementation. In practice we test coverage using the multiobjective
optimizations of Fowler et al. (2016).

4.6. Joint Calibration to Surface Water and Groundwater/GRACE

The split sample calibration described above is (or should be) standard practice and a minimal first test for
determining the adequacy of models for application in changing climate (Fowler, Coxon, et al., 2018;
Klemeš, 1986; Refsgaard et al., 2014). However, if models thus calibrated do not exhibit multiyear trends
in state variables, this does not necessarily mean they cannot do so. To test this, we need a calibration directly
to a state variable that exhibits such a trend.

As noted already, the available data are sparse, making such a test exceedingly difficult to formulate. Few
catchments contain bores and no catchment has sufficient bores to adequately characterize internal spa-
tial variability in water table depth. Also, it is unclear how to relate the water table spatial field to the
simulations of a lumped conceptual rainfall runoff model, because of lumping across space and across
different hydrologic processes and state variables. Arguably the GRACE data are more suited to this pur-
pose since they aggregate soil water and groundwater together, but the mismatch in spatial scale
is problematic.

We are relieved from this dilemma via a simple observation: for many bores in the Western Region, the mag-
nitude of the seasonal variation is exceeded by the magnitude of the multiyear trend over the Millennium
Drought. This observation would presumably also be true of GRACE data if these data were available back
to 1997. To see the truth in these statements, the reader is directed to section 5, Figures 3, 4, and 8. We use
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this observation as a kind of “soft” data to inform calibration (e.g., Seibert & McDonnell, 2002). The logic is
formalized as follows (note that this is shown diagrammatically in Figure 8):

• Start with the time series of total simulated water storage as defined in section 4.4b;
• Focusing on the predrought (1995–1996) and late‐drought (2008–2009) periods of section 4.4a:

∘ Let A be the minimum simulated storage during the predrought period;
∘ Let B be the maximum simulated storage during the late‐drought period.

• Define the objective function to be minimized:

∘ Objective function = max(0, B − A).

Put simply, this objective function incentivizes the model to strengthen the multiyear trend over the drought
sufficiently to ensure that the seasonal range by the end of the drought has nil overlap with the seasonal
range just prior to the drought. For brevity, we henceforth call this the “nil‐overlap” requirement. In prac-
tice, we apply this in a three‐objective Pareto optimization experiment, where the first two objectives are
OF1 = KGEnondry and the OF2 = KGEdry (refer to section 4.4; note that these are maximized). The above
nil‐overlap objective function is referred to as OF3. By using these multiple objectives, we are requiring each
of the five models to simulate flows over a broad range of climatic conditions in addition to showing a multi-
year trend in total model storage. Pareto optimization is undertaken using AMALGAM (Vrugt & Robinson,
2007) with a generation population of 500 and a total of 200,000 function evaluations. These settings are
informed based on earlier experience with this combination of optimizer, model structures, and catchments
(Fowler et al., 2016).

The limitation of such an approach is that it can only be applied in catchments where we are sure that the
original observation (nil overlap) is likely to be true. Three catchments are selected for the experiment, cor-
responding to gauges 406213, 406214, and 407230. These three are all located in the same region, the central
highlands of Victoria, where local bore data consistently indicate sufficiently strong multiyear declines in
groundwater (see section 5 and Figure 8).

4.7. Assessment of Temporal Changes in Calibrated Parameters

Since different parameters govern different aspects of flow response it may be insightful to analyze how para-
meter values change when the models are calibrated to different climatic periods (Merz et al., 2011). Here we
focus on parameter change between the nondry and dry periods as defined above.

Figure 3. GRACE equivalent water heights for the two GRACE regions, along with reservoir storage in each respective
zone. The dashed lines and solid red lines show GRACE data before and after being adjusted for water in reservoirs,
respectively, and in each case is reported so that the long‐term average is zero. Ticks on the horizontal axis mark the
beginning of the calendar year. Note that GRACE data are not available prior to 2003.
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When basing this solely on single “optimum” parameter sets obtained via optimization methods (e.g.,
Fowler, Peel, et al., 2018), one concern is that equifinality (Beven, 2006) means that the parameter values
of the numerically optimum parameter set may have limited meaning. This is because multiple different
parameter sets, often with widely varying values of a given parameter, might all have similar near‐optimum
performance. Examining the change among multiple parameter sets, rather than just one, may partly miti-
gate this problem. Thus, here we consider multiple parameter sets.

We use the calibration method of Fowler et al. (2016) (also used in the coverage tests; see above) which pro-
vides a Pareto Curve (trade‐off) between KGEnondry and KGEdry. The curve itself is composed of 100 para-
meter sets. We then select the five best performing parameter sets according to KGEnondry and select a
different set of five according to KGEdry. In each case the selected five will include the endpoint of the curve
and the next four. Note that Fowler et al. (2016) showed that endpoints of the Pareto curves are almost
always very similar (in terms of performance) to results from a single‐objective optimizer. For each para-
meter separately, the five parameter values are noted and the median calculated. Temporal changes in para-
meters are quantified by the change in this median value from nondry to dry periods.

The above is done for all five models and for the three catchments defined in the previous subsection. Also,
the analysis is repeated using the Willmott objective function instead of KGE (i.e., running the multiobjec-
tive optimizer to define the trade‐off between Willmottnondry and Wilmottdry).

Figure 4. Groundwater hydrographs for each study bore. Observations (points) are joined by temporal interpolation (lines) using the time series modeling methods
described in section 4.3. Groundwater data from www.vvg.org.au.
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4.8. Changes in Annual Rainfall‐Runoff Relationships

To supplement the simulation results, we test the stationarity of annual rainfall‐runoff relationships in each
study catchment, using the method presented by Saft et al. (2015). Working in south‐east Australia, Saft et al.
(2015) demonstrated that statistically significant changes in the relationship between annual rainfall and
annual runoff occurred in many catchments during the Millennium Drought. To investigate whether such
catchments also exhibit poor rainfall‐runoff model coverage and poor differential split sample test perfor-
mance (cf. Saft et al., 2016), we repeat this analysis here. The method involves the following steps: (i) linear-
ization of the relationship using a Box‐Cox transformation (Box & Cox, 1964), (ii) definition of a separate
relationship over the drought (in this case, the seven‐year dry period of section 4.4), (iii) correction for auto-
correlation in residuals (Haan, 2002), and (iv) a statistical test (at the 5% level) of the hypothesis that the
rainfall‐runoff relationship during the dry period is different to the rainfall‐runoff relationship for the rest
of the record.

5. Results
5.1. Multiyear Trends in Observations of State Variables

The GRACE and groundwater results indicate clear multiyear trends associated with the Millennium
Drought. For both zones, GRACE data (Figure 3) over 2003–2009 show decreasing trends superimposed over
a seasonal cycle, followed by some recovery in 2010 when the Millennium Drought ended with significant
flooding. As mentioned, our focus is on the drought rather than subsequent recovery, so we defer further dis-
cussion of drought recovery to future work, limiting subsequent figures in this paper to the pre‐2010 period.
Note the following points with respect to GRACE: (i) GRACE data are reported relative to an arbitrary base-
line (in this case the mean value over the period); (ii) the Millennium Drought commenced in 1997 prior to
the launch of GRACE, so declines in TWS during the first six years of drought are not captured by GRACE.
Thus, it not possible to compare predrought and postdrought GRACE data. (iii) The dashed line in Figure 3
shows the GRACE time series prior to adjustment for water stored in reservoirs. Total reservoir storage is
more significant in the east (approximately 13,000 GL at full supply, which is 120 mm averaged over the
whole east region) than in the west (approximately 1,500 GL or 15 mm at full supply over the west region),
but in both cases the adjustment is small relative to the GRACE signal itself.

Figure 4 shows groundwater hydrographs at each of the study bores. Many hydrographs show clear domi-
nance of multiyear trends over seasonal fluctuations. The strength of the multiyear trend varies from site
to site but is clearly discernible in almost all cases (for exceptions, see, e.g., 110166 and 111526). A small
number of bores show abrupt changes rather than smooth trends (e.g., 112919). There is little difference
between the two regions: of the six bores in the East, only one (110166) shows no discernible multiyear trend.
As noted previously, the hydrology of the East region is dominated by the steep upland areas of Victoria, and
yet there are no long‐term bores in the upland areas (Figure 2). Each of the bores in the East are located in
the surrounding lowlands and are thus of limited use in generalizing across the region as a whole.

5.2. Model Behavior Case Study

Before considering whether multiyear trends are present in simulated state variables across all catchments,
we examine a case study catchment: Axe Creek at Longlea (406213; west region; Figure 5a), one of very few
catchments with concurrent long‐term records in groundwater and surface water (Chiew et al., 2014;
Figure 4). Figure 5a shows that rainfall in this catchment reduced by around 20% during the Millennium
Drought, and flow responded nonlinearly with reductions of around 80%. Note that this catchment is also
affected by small private dams, and these effects have not been explicitly represented here since the focus
is on the qualitative mismatch between modeled storage and groundwater levels. As an example model,
GR4J simulations are also shown, calibrated as per section 4.4 and using the Index of Agreement as the
objective function. GR4J simulated flows over the Millennium Drought are about twice as large as observed
(consistent with Saft, Peel, Western, Perraud, & Zhang, 2016; Figure 3). Figure 5b shows the groundwater
levels from four selected bores—note that we have relaxed the rule requiring shallow (20 m deep) bores in
three cases here (two are 50 m deep and one is 100 m deep—see map in Figure S3). To ease interpretation,
the bore data are shifted on the y axis so that each bore has a value of zero at 1 July 1997, and values at other
times are expressed relative to this. As with the bore data in the previous figure, multiyear trends during the
Millennium Drought dominate these records. Finally, Figure 5c shows the time series for the GR4J
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“production” store state variable. This store functions as GR4J's soil moisture store, but also implicitly
captures dynamics in shallow groundwater, since these are not explicitly represented in GR4J. The
production store time series is dominated by seasonal and episodic components, showing little multiyear
trend, contrasting strongly with the bore data. If this model were to exhibit multiyear declines such as
those seen in the groundwater data, we would expect that the simulated storage would remain quite high
(say, the minimum values would remain above 50% at least) during the predrought period, which is
clearly not the case. In particular, the annual minimums show no trend, since they were already at zero
prior to the drought (e.g., in 1992, 1995, 1997) and cannot go below zero. The annual maximums decline
during the drought, but do not do so in a multiyear trend like the bore data do. Note that in this case the
GR4J routing store (not shown but cf. Figure S6) has very low storage by comparison and GR4J has no

Figure 5. Hydroclimatic, groundwater, and simulated storage data for Axe Creek at Longlea (406214). The simulated flow
in (a) is from the daily GR4J model in (c) but is aggregated to an annual time step. The objective function is the Index
of Agreement and the calibration period 1978–2001 and 2009–2010 (cf. section 4.2). Further information on the ground-
water data, including ID numbers and bore location map, is in Figure S3. (c) shows GR4J's production store only; in this
case the GR4J's only other store (the routing store) has very low storage by comparison.
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other state variables. In this case GR4J has been calibrated over the composite period 1978–2001 and 2009–
2010, using the most robust objective function identified by Fowler et al. (Fowler, Peel, et al., 2018). To
summarize, the above discussion suggests that the GR4J model (as calibrated) does not plausibly
represent—neither explicitly nor implicitly—the hydrological changes that occurred in the Axe Creek
catchment during the Millennium Drought. But is this an isolated case?

5.3. Analysis of Model Behavior: Full Set of Catchments and Models
5.3.1. Analysis of Simulated Storage Dynamics
Figure 6 gives box plots of maximum and minimum simulated storage for the two‐year periods defined in
section 4.4. This plot summarizes the information in the 190 subplots in Figure S6, which show the full time
series for each store for every model and catchment. Hypothetically (and as noted above), if a model were to
exhibit multiyear trends such as those seen in the groundwater data, this would be indicated by a relatively
high storage during the predrought period. In this hypothetical, in Figure 6 both the seasonal minimum sto-
rage and the seasonal maximum storage would each decline during the middrought years, as catchment dry-
ing accumulates. The lowest values would be reached during the late drought, after more than 10
consecutive drought years.

The box plots results contrast strongly with this hypothetical situation, suggesting that the simulated beha-
vior seen in Figure 5 (GR4J in Axe Creek) is typical of our sample of rainfall‐runoff models, particularly in
the West region. Storage in the West typically drops below 5% during the predrought period for all models
except for SACRAMENTO, a profoundly low value indicating very little scope for the development of multi-
year trends. Relatively speaking, SACRAMENTO typically has 2 to 3 times the minimum storage compared
to the other model structures, but still usually below 20% in the West region. The larger values for
SACRAMENTO arise from interactions between the multiple storages in this model. In general,
SACRAMENTO storages need to be filled to a relatively higher level before streamflow occurs. Focusing

Figure 6. Simulated relative storage maximum (faded plots) and minimum (solid plots) over three two‐year periods (pre-
drought: 1995–1996, middrought: 2004–2005, late drought: 2008–2009). Box plots show range of values seen across all
catchments in each zone. Values refer to the sum of all state variables in each model. Results are shown when the Index of
Agreement is used as the objective function. Note that parameters do not change between the two‐year periods.
Values are expressed as a percentage of the maximum possible storage (if defined) or, if unlimited, the maximum storage
attained over the full modeling period (as outlined in the Text S1). The whiskers extend a maximum of 1.5 times the
interquantile range. Values beyond the whisker are marked as outliers and are denoted as cross.
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now on the maximums, these show some downward trend across the three two‐year periods. However, this
is likely indicating the relative dryness of the years, rather than an accumulation with time, as discussed in
section 6.2.

In the East, simulated multiyear trends seem possible based purely on the predrought minimums, which lie
significantly above zero. For example, the GR4J simulated storage typically varies between 20% and 50% of
the maximum value (for definitions see section 4.4/Text S1), providing scope for significant downward
departures from the predrought range of variation.

Despite this, multiyear trends do not develop in the models, as seen by the relative similarity between the
middrought and late‐drought minimum box plots in Figure 6. Like the west, the maximums do decrease
with time as discussed in section 6.2.
5.3.2. Model Performance and Coverage
Model performance results show a stark contrast between East and West. Recall from section 4.4 that
models were calibrated to all of the historic record except for the seven driest consecutive years, which
were reserved for evaluation. Figure 7a shows the coverage results—recall from section 4.4 that this is a
calibration‐independent measure of whether consistent performance is possible over the two periods
(calibration, evaluation) of contrasting climatic conditions (without changing the parameter set). In
the East, all model structures have coverage in more than 80% of catchments, but in the West, only
two model structures (IHACRES and SACRAMENTO) have coverage in more than 20% of catchments.
Split sample results (Figure 7b) show similar patterns, with median KGE in evaluation of around 0.7 for
all models in the East, compared to −2.0 (GR4J; GR4JMOD), 0.0 (SIMHYD), 0.25 (SACRAMENTO), and
0.35 (IHACRES) in the West. Interestingly, model performance in calibration exceeds KGE of 0.7 even in
the West, which is a sobering reminder that model performance in the present is a poor predictor of
model performance under a changed climate (Saft, Peel, Western, & Zhang, 2016). As mentioned in
section 4.4, the analysis in Figure 7b is conducted for two different objective functions; for brevity only
one (KGE) is shown here. The results for the other (Index of Agreement; Figure S4) show improved eva-
luation performance (consistent with Fowler, Peel, et al., 2018) and a stronger contrast in calibration
scores: calibration scores for the West are significantly lower than the East. This suggests that using
the KGE as the objective function may cause overfitting, possibly to high‐flow events (Fowler, Peel,
et al., 2018; Figure 2).

Figure 7. (a) Proportion of catchments in which the model structure shows coverage of the region [KGEnondry > 0.7,
KGEdry > 0.7]—that is, parameter sets exist fulfilling both criteria simultaneously. (b) Split sample results, where faded
boxes refer to KGE in calibration and bold boxes refer to KGE in independent evaluation. Plot (b) shows results when the
objective function is the KGE. Figure S4 shows results when the objective function is the Index of Agreement. The
whiskers extend a maximum of 1.5 times the interquantile range. Values beyond the whisker are marked as outliers and
are denoted as cross.
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5.4. Results: Joint Calibration to Surface Water and Groundwater/GRACE

Figure 8b shows the results for the joint calibration to surface water and groundwater/GRACE, for the
three selected catchments in the West region. Recall from section 4.6 that the calibration is not directly
to groundwater or GRACE data, but rather the nil‐overlap requirement, a “soft data” requirement related
to the seasonal range of simulated water storage. Namely, the seasonal range late in the drought should
have nil overlap with the seasonal range prior to the drought (Figure 8a). The output of this calibration
experiment is an ensemble of 500 parameter sets (Figure 8b) that are spread out over the three‐
dimensional Pareto surface and describe the trade‐off between the three objectives. When plotted in
any two dimensions, this ensemble will appear as a cloud rather than a line, which is why the plots
in Figure 8b lack the crisp monotonic character of two‐dimensional Pareto studies such as
Fowler et al. (2016).

The ensembles are plotted with OF1 (KGEnondry) and OF2 (KGEdry) on the x and y axes, respectively—the
same as in Fowler et al. (2016) —and with OF3 denoted by color. Optimal model performance on the three
objective functions would be indicated by a dark blue dot (OF3 = 0) at (1,1) (OF1 = OF2 = 1). The limits of
the clouds show good agreement with the two‐dimensional results from Fowler et al. (2016) (not shown) in
each case in Figure 8b. The OF1 and OF2 scores indicate strong trade‐off between these objectives for some
models (GR4J, GR4JMOD), implying inability to perform well on both objectives with the same parameter
set, as reported by Fowler et al. (2016).

Figure 8. (a) Diagrammatic explanation of OF3. The bores and GRACE data each display the property that the seasonal range during the predrought period has nil
overlap with the seasonal range of the “postdrought” period, hence A > B (section 4.6). OF3 has a score of zero (best possible score) when A > B, but B − A
otherwise, and the objective is to minimize this quantity. (b) Results of three‐objective Pareto analysis, with OF1 and OF2 plotted on y and x axes, respectively, and
OF3 represented by color. Cases where OF3 = 0 are circled in red. Note that KGE can take values in the range [−∞, 1] but axis limits are limited arbitrarily to [0, 1].
Optimal model performance on the three objective functions
would be indicated by a dark blue dot (OF3 = 0) at (1,1) (OF1 = OF2 = 1).
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However, the main focus here is on OF3, which measures long, slow dynamics in water storage and is
denoted by color. Because GR4J, SIMHYD, and SACRAMENTO are unable to attain an OF3 score of zero,
Figure 8 confirms that these models lack the ability to simulate long, slow dynamics within our experimental
setup. For IHACRES and GR4JMOD, long slow dynamics are possible with certain parameter sets (dark
blue) but these parameter sets have poor performance with regards to streamflow. Recall that the best

Figure 9. Temporal changes in calibrated parameter values between the nondry (“nd”) and dry (“d”) periods for the same
catchments as Figure 8 and using the methods outlined in section 4.7, when KGE is used as objective function.
Figure S5 shows results when the Willmott Refined Index of Agreement is used as objective function instead. Parameter
values are normalized by the minimum and maximum allowable in optimization. See Text S2 for parameter ranges.
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possible OF3 score is 0 and attaining this score should be considered a minimum requirement since it merely
implies that the two seasonal ranges are offset—possibly only slightly. In reality, the ranges are significantly
offset for some of the bores (e.g., 116568 in Figure 8a).

Much of the Pareto surface is a longway outside of the plot bounds of Figure 8b (too far to show here) and it is
necessary to interrogate this unseen portion to reveal the best possible value of OF3 (aside from IHACRES
where a value of 0 is seen within the plot bounds). For GR4JMOD, theminimum possible value is zero which
affirms the changes made by Hughes and co‐authors (Grigg & Hughes, 2018; Hughes et al., 2013). For the
other models, the best possible values of OF3 are 1.0, 14.2, and 111.7 mm for GR4J, SIMHYD, and
SACRAMENTO, respectively. Therefore, these models cannot fulfill the nil‐overlap soft data requirement
(section 4.6). Overall, these multiobjective results affirm earlier split sample results suggesting the absence
of long, slow dynamics from these five conceptual bucket rainfall runoff models, or, at least, the inability
of thesemodels to harbormultiyear trendswhile also providing good simulation performance for streamflow.

5.5. Temporal Changes in Calibrated Parameter Values

Figure 9 shows the change in individual parameter values when calibrated to the nondry period and then
separately to the dry period. In general, the results are mixed and not always consistent between catchments
andmodels. Across the examples shown, the parameter governing soil moisture storage capacity increases in
the dry period for GR4J/GR4JMOD (x1) and SIMHYD (smsc). When the Willmott objective function is used
instead of KGE (Figure S5) this is also true for IHACRES, but no longer for SIMHYD. As discussed below in
section 6.5, this behavior could result from trying to simulate an enlarged unsaturated zone under ground-
water decline. Given significant model biases over the dry period as reported in Fowler et al. (Fowler, Coxon,
et al., 2018), many of the parameter changes can be interpreted as compensation for excess water in the
model (i.e., underestimation of ET) during the drought. Two examples are the downward trend in GR4J's x2
(i.e., toward greater water export) and the increase in SIMHYD's interception storage capacity rinsc. Some
results are challenging to explain and may be the result of model‐specific interactions that are difficult to
untangle. For example, the trend toward higher x4 in GR4J and GR4JMOD tends to attenuate flood peaks
(possibly to soften the impact of overestimation of flood peaks on objective function score), whereas the
trend toward lower rk in SIMHYD has the opposite effect. Model‐specific factors likely explain these seem-
ing contradictions. In SACRAMENTO, complex interactions make it difficult to interpret the results. For
example, of the two parameters governing the capacity of the soil's “upper zone,” one increases while the
other decreases (uztwm and uzfwm, respectively). Thus, it is difficult to say whether the above hypothesis

Figure 10. Results of the analysis of changes in annual rainfall‐runoff relationships (cf. section 4.6). Red catchments had
statistically significant downward shifts (p < 0.05) in their annual rainfall‐runoff relationships during the seven driest
consecutive years on record, relative to the remainder of the record.
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about soil moisture storage holds for this model, without conducting detailed model‐specific experiments.
While it would be easy to explain certain trends as logical—for example, the temporal decrease of para-
meters governing SACRAMENTO's interflow and the wetting up of saturated areas (uzk and adimp, respec-
tively)—it must be recalled that correct process representation would ideally result in a constant parameter
value even as the underlying flux changes with time.

5.6. Changes in Annual Rainfall‐Runoff Relationship

Finally, Figure 10 maps the catchments where the annual rainfall‐runoff relationship underwent a change
during the drought (of statistical significance at the 5% level). The map shows that 10 of 12 catchments in the
West experienced a change in rainfall‐runoff relationship, compared to only 7 out of 26 in the East. As per
section 4.6, this analysis is conducted over the same seven‐year dry periods as the evaluation periods in
Figure 7. Thus, there is strong concordance between results of annual analysis and daily models.

6. Discussion
6.1. Answers to Research Questions

The first research question is do multiyear trends occur in environmental state variables (e.g., groundwater) in
the study region? Based on Figures 3 and 4, the answer to this question is yes. During the Millennium
Drought, GRACE data show significant downward trends, superimposed upon seasonal fluctuations.
Similarly, groundwater hydrographs show multiyear trends in nearly all cases, albeit with varying strength
between sites. Consistent with section 2 and LeBlanc et al. (2009), it is unlikely that these trends are due to
human causes such as groundwater extraction. Groundwater use in Victoria is less than 500 GL (17 mm) per
year in 2015/2016 (Government of Victoria, 2016), and a large proportion of this is likely replenished by
recharge, even during drought conditions. This can be seen in the groundwater hydrographs in Figure 4:
hypothetically, if recharge had dropped to near‐zero during the drought, this would have removed the
upward half of the seasonal cycle in the bore data, producing a monotonic trend. In reality, in Figure 4 most
bores show a continued seasonal cycle superimposed upon the downward trend throughout the drought.

The second research question is are qualitatively similar trends present in any simulated state variables for
selected commonly used conceptual rainfall‐runoff models calibrated within the study region? Despite the
aggregation across stores used in Figure 6, it is clear that significant downward trends in modeled state vari-
ables are absent, for both West and East regions. Interested readers can examine individual stores in Figure
S6. Particularly in catchments in the West region, multiyear decline during the drought was not possible
because the model “buckets” were already empty during summer predrought.

The third question is what are the implications for the suitability of the models for climate change impact
assessment, and for the simulation of hydrologic processes? This question requires more detailed consideration
and is addressed in section 6.4 below. However, first we must consider whether the results could not be
explained by confounding factors other than model structural deficiency (section 6.2) and whether there
is auxiliary evidence that the declining groundwater is linked to streamflow generation (section 6.3).

6.2. Attributing Results to Model Structural Deficiency and Not Confounding Factors

While the results above appear to indicate that the five selected conceptual bucket models are incapable of
harboring multiyear trends, it is possible that the results are actually arising from other factors. In the litera-
ture, deficiencies in simulations are often due to factors other than structural inadequacy, such as

• Data errors in model inputs (e.g., Andréassian et al., 2001),
• Errors in data to which models are calibrated (e.g., Boughton, 2006),
• Expecting the model to simulate aspects of behavior that it was not calibrated to (e.g., Mroczkowski et al.,

1997), and
• Poor choice of objective function (e.g., Fowler, Peel, et al., 2018).

In isolation, the split sample results are vulnerable to many of these criticisms. For example, perhaps dif-
ferent split sample results would arise from adopting a different objective function. This is why the split
sample test is accompanied here by the coverage test. The coverage test can be conducted based on ran-
dom samples of parameter sets (section 4.4), and thus, it is a more direct test of the capabilities of the
model than a split sample test since the latter is always contingent on calibration method (Fowler,

10.1029/2019WR025286Water Resources Research

FOWLER ET AL. 19 of 27



Coxon, et al., 2018). A further criticism is that perhaps the split sample results would be different if the
models were directly calibrated to groundwater rather than to streamflow only. This is why the split sam-
ple test is accompanied here by the three‐objective Pareto test (Figure 8), which directly tests the ability
of the model to harbor multiyear trends in catchment storage. With respect to data errors, while it is true
that errors can have a large impact on model simulations and parameter inference, it is difficult to see
how such errors could be responsible for the reported Pareto results. Consider the third objective in
the three‐objective Pareto test, which merely tests the nil‐overlap requirement (i.e., that the simulated
seasonal range in storage over the predrought period should have nil overlap with the range in the
late‐drought period). This simple requirement is highly robust to the effect of data errors—that is, it is
highly unlikely that the errors would be organized in just such a way as to provide a “false‐negative.”
Based on the above discussion, it is unlikely that the lack of long, slow dynamics in the five models
tested can be explained by anything other than structural inadequacy.

6.3. Groundwater‐Surface Water Connections

To assess the implications for climate change impact assessment, we need to go beyond mere discussion of
model structural inadequacy and consider hydrological processes. For example, it could be stated that “the
fact that a model cannot correctly predict groundwater dynamics does not mean that it cannot be used to
predict streamflow,” and the only way to decide this is to consider auxiliary evidence of groundwater‐surface
water interaction. Consider the following three possibilities:

1. The streamflow and groundwater systems were “connected” both prior to and during the drought;
2. The streamflow and groundwater systems were connected predrought, but became “disconnected” dur-

ing the drought (see also Fuchs et al., 2019; Kinal & Stoneman, 2012); and
3. The streamflow and groundwater systems were not connected predrought, nor during the drought.

The above statement does not hold for (1), as a connection implies streamflow can be influenced by ground-
water. Nor does it hold for (2), in which streamflow is influenced by groundwater up until a point in time
during the drought, then the connection ceases. Thus, the only category to which the statement can be
applied is (3). So to demonstrate that the statement does not apply to the study catchments here, we need
only demonstrate that they are not in category 3. There are twomain lines of evidence of this, as listed below.
Note that this review of evidencemainly focuses on the western region and particularly the three catchments
in Figures 8 and 9:

• Bore data: For some bores, for example, bore 116568 (Figure 8), the water table was above the ground
surface predrought, indicating groundwater discharge. For other locations, shallow groundwater coexists
with local slopes that are steep enough to indicate likely nearby groundwater discharge. For example, at
bore 104359 (Figure 8), the water table was regularly shallower than 4m predrought, and given significant
local topography (e.g., within a 2.5‐km radius are points 90 m higher and 40 m lower in elevation) it is
considered unlikely that such shallow groundwater could exist independently of local surface water
systems.

• Prior studies: groundwater interaction with the surface is sufficiently strong that numerous local studies
have investigated its impact on water supply and salinity. For example, Parsons et al. (2008) conducted a
Murray‐Darling‐Basin‐wide study of connectivity as part of a yield assessment and reported widespread
groundwater‐surface water interaction across our study region, including in the catchments reported in
Figure 8. For example, they categorized the Campaspe River (406213) as “gaining” groundwater along
the majority of its length upstream of the gauging station (see their Figures 4 and 5). Likewise, DSE
(Department of Sustainability and Environment, Victoria) (2012) identified multiple locations along
Joyces Creek (407230) as potential groundwater‐dependent ecosystems and/or mineral springs (see their
Figure 6). Lastly, in a predrought audit of salinity across the Murray Darling Basin, MDBMC (Murray
Darling Basin Ministerial Council) (1999) estimated that the Campaspe and Loddon (of which Joyces
Creek is a tributary) as having 1,000 (Campaspe) and 2,000 (Loddon) hectares in the headwater regions
subject to “high water tables.” In the Campaspe River, salinity records (http://data.water.vic.gov.au/) over
the past 30 years indicate that salinity within a given year typically ranges between 100 and 600 mg/L at
gauge 406213, with a slight increase during the mid‐late Millennium Drought, but otherwise relatively
stable. The salt is transported to the stream and land surface via groundwater interactions, which was
the motivation for the MDBMC (1999) survey of shallow water tables.
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The above evidence strongly supports the hypothesis that groundwater plays an integral role in streamflow
generation in the catchments surveyed in Figure 8. Thus, the observed multiyear declines in groundwater
are very likely to be the cause, or one of the causes of the unexpectedly large declines in streamflow (Saft
et al., 2015) and the poor simulation performance of the tested rainfall runoff models.

6.4. Discussion of Flow Generation Processes

Working in a wider set of catchments than here, Saft et al. (Saft, Peel, Western, & Zhang, 2016) proposed a
statistical model explaining shifts in annual rainfall‐runoff relationships. Catchment storage variability pre-
drought (implied from low flow behavior) and soil depth were selected as among the most informative from
a large range of potential predictors. The authors concluded that catchment storage is a key factor in under-
standing changes in catchment response, which is consistent with the logic used here (see also section 3).

In terms of processes, two further concepts that may be helpful (particularly in explaining the East‐West
divide) are mentioned here. The first is the concept of nonlinear feedback between catchment storage and
runoff generation, for example, through “saturation excess” mechanisms (e.g., Dunne, 1983). Petheram
et al. (2011, p. 3,622) said,

We propose that in the low‐relief, moderate rainfall catchments of southern south‐east Australia [our West
region], relatively high groundwater levels may have amplified overland flow during pre‐drought conditions
by reducing the storage capacity of the unsaturated zone and by facilitating organised patterns of drainage
and the connection of source areas of runoff as the soil wetted up during a rainfall event. Under a falling water
table, the storage capacity of the unsaturated zone increased, and hence saturation conditions were less likely to
occur, and the connectivity of source areas was likely to be less organised.

If this interpretation is correct, then runoff projections may bemore compromised in landscapes where these
processes are more likely to occur—presumably, catchments with gentler slopes, flat valley bottoms (Gallant
& Dowling, 2003), soils deep enough to store significant volumes of water, and favorable (for the phenom-
ena) hydrogeology. Further research is required to characterize this systematically, but in general, catch-
ments in the East usually have steeper slopes and fewer flat valleys, so the processes described in the
above quote may be less applicable in the East.

The second concept that may be helpful in explaining the East‐West divide is the distinction between stream
segments that are “gaining” groundwater (because the groundwater level exceeds the stream water level,
thus leading to a hydraulic gradient and movement of water into the stream) and those “losing” water to
groundwater (the opposite, where groundwater level is below stream level and thus the groundwater seeps
downward toward the water table). It is known that stream reaches may transition from losing to gaining in
the shift from dry season to wet (Peterson, Western, et al., 2018). As the Millennium Drought progressed,
perhaps many stream segments in the West transitioned from generally gaining to generally losing
(Peterson, Western, et al., 2018; Saft et al., 2015). However, such generalizations belie the complexities aris-
ing from landscape form—for example, the Axe Creek catchment (Figure 5) has significant topography and
rainfall only on its south‐western boundary (Figure S3) and thus might be described/modeled as a single
upstream source area supplying water to lowland reaches that were gaining predrought and losing there-
after. This hypothesis would be difficult to model using generic model structures and suggests that site‐
specific approaches to modeling based upon perceived catchment functioning (e.g., Fenicia et al., 2014)
may have a place in formulating process‐based descriptions of drought hydrology.

6.5. Implications

To explore the implications of the results, consider the aforementioned properties (cf. section 1) that systems
and models with long, slow dynamics exhibit. The first property is streamflow that, for a given time step,
depends not only on recent climatic conditions (the preceding weeks or months) but also on past years or even
decades. The results imply that simulated streamflow from the models used in this study lacks this property.
For example, every time the GR4J storage in Figure 5c empties (i.e., almost every year during the dry season),
this “wipes clean” the memory of past events. The previous wet season could have been the wettest or driest
on record—regardless, if the bucket subsequently empties, it makes no difference to future simulations.
Model states in each year thus depend only on conditions in that year. We suggest the middrought maxi-
mums in Figure 6 exceed the late‐drought maximums only because 2005–2006 was slightly wetter than
2008–2009 (cf. Figure 5a), not because multiyear trends develop.
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The second property exhibited by systems and models with long, slow dynamics is relatively slower recovery
from extreme events such as multiyear droughts. As noted throughout the study, the scope here is limited to
the drought period, leaving the recovery topic to future work. Thus, commentary on this property is limited
(for now) to what we can learn from the data presented over the drought period. GRACE and bore data indi-
cate the accumulation of a water deficit during the drought (Figures 3 and 4). At the conclusion of the
drought, it seems likely (to be explored in future studies) that this deficit must be replenished before the prior
rainfall‐runoff relationship is restored. If this interpretation is correct, hydrological drought may continue
beyondmeteorological drought (Eltahir & Yeh, 1999; Van Loon, 2015; Yang et al., 2017), and we recommend
this phenomenon be explored in future research.

The final property is relatively greater sensitivity to climate change, since accumulated changes in state vari-
ables can push the model into rainfall‐runoff relationships not seen in the historic record. Inability to track def-
icit accumulation means models projecting runoff under a drying climate will likely overestimate future
streamflows. This depends on the model in question: some models such as IHACRES (refer to Ye et al.,
1997) contain thresholds of catchment wetness below which flow ceases, and such thresholds may effec-
tively mimic natural processes in some cases (we believe that this partially explains the superior coverage
results of IHACRES, as per Figures 7a and 8b). Other conceptual models may lack such thresholds but still
exhibit suitably low flows during extended dry periods because the relevant equations (i.e., relating catch-
ment wetness and streamflow) are highly nonlinear at the drier end of the range of conceptual storage.
These latter models may still be severely limited if the moisture deficit ceases being properly tracked,
because a relatively small rainfall event may be sufficient to drive the soil moisture back into a state of higher
flow production, thus ending the dry spell unrealistically early.

6.6. Recommendations for Model Improvement

The data shown demonstrate that many catchments have multiannual memory of climatic forcing. In order
for this memory to be simulated, the simulationmodels would need time responses that are at least as long as
thememory. However, the longest time constants on the models tested (andmost rainfall‐runoff models) are
those related to “baseflow” stores or similar, and are an order of magnitude shorter (months) than the
observed memory (years). Such stores are typically designed to track event or seasonal recession behavior,
not multiannual dynamics. Therefore, we suggest that changes are required to such models, and some pos-
sibilities are presented below.

• Models with additional storages. One simple way of adding a longer time response would be to add
a model storage with a slow time constant that interacts with the faster‐responding components, but
care would be needed to parameterize the new storage on short or uninformative data. Coupled
groundwater‐surface water models are another possibility, but since they are often complex distributed
models (Sophocleous, 2002), their high data requirements and computational cost may limit adoption
in climate change impact studies, depending on context. Thus, more conceptual groundwater repre-
sentations may also be helpful. Alternatively, quasi‐distributed models such as Dynamic
TOPMODEL (Beven & Freer, 2001b; Coxon et al., 2018) contain ensembles of storages, each represent-
ing different locations in the landscape (hillslopes, valley bottoms, etc.—cf. Savenije, 2010). Some for-
mulations allow for the possibility that portions of the landscape may become hydrologically cut off in
response to groundwater decline—for example, the upper segments of hillslopes may temporarily
become cut off from the stream network. If this happened for extended periods (e.g., multiyear
droughts), this could constitute a form of low‐frequency dynamics, but the physical realism of this
behavior would need consideration.

• Alternative systems for tracking moisture. In typical model buckets, moisture can vary between two
fixed limits: “empty” and “full.” Here observed state variables (e.g., groundwater) entered multiyear
decline but models were unable to do so because they could not go “beyond” empty. This suggests the suit-
ability of alternative moisture‐tracking formulations that do not impose a hard lower limit (empty) on sto-
rage. Examples include “bottomless” buckets (Wagener et al., 2003) and deficit formulations (Beven and
Kirkby, 1979; Coxon et al., 2019; see Knoben et al., 2018 for discussion). We also recommend testing of
functions that allow ET to continue even after flow has ceased, for example, via a (smoothed) threshold
in catchment storage that must be exceeded before flow can occur (e.g., Ye et al., 1997; Son and
Sivapalan, 2006; Kavetski & Kuczera, 2007).
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• Models withmultiple stable states: Peterson et al. (2009) demonstrated a hillslope Boussinesq rainfall‐
runoff model with multiple steady states arising from positive feedback arising partially from soil salinity.
If it can be confirmed that a given aspect of the Millennium Drought led to a change from one steady state
to another (e.g., feedback associated with vegetation dynamics), a numerical model of such dynamics may
be more capable of modeling streamflow under changing climatic conditions. This is an area of active cur-
rent research.

A key difficulty in assessing the veracity of all these modeling ideas is the lack of data to understand the
mechanisms of long‐term hydrological change. This underscores the need for ongoing continuous monitor-
ing and field campaigns in experimental catchments that continue over years and preferably decades.

6.7. Other Recommendations

Based on the findings of this study, the following is recommended:

• Initial plausibility checks for climate change impact assessments. In regions subject to projected
drying, rainfall‐runoff models should be checked for plausibility via inspection of their storage time series,
before being adopted in climate change impact studies. Models likely to prevent development of multiyear
trends, like Model B in Figure 1, should be avoided. Ideally, multiple models should initially be trialled
(Clark et al., 2011), and model choice should depend on both performance and plausibility of simulations.

• Research on other events similar to theMillenniumDrought. A key limitation of this study is that it
considers only one region and only one event, theMillenniumDrought. Similar studies are recommended
in other regions (for example, the 2011–2017 Californian drought) and preferably other climate types, to
test the generality of conclusions derived from the Millennium Drought.

• Investigation of mechanisms and causal drivers. The causes of shifts in rainfall‐runoff relationships
are still poorly understood (Descroix et al., 2009; Saft, Peel, Western, & Zhang, 2016; Yang et al., 2017).
Future research might seek to better understand circumstances where multiyear trends occur and are
hydrologically relevant, including exploring the long‐term dynamics in groundwater, soil moisture, actual
evapotranspiration, and plant water use and growth (including remotely sensed variables).

• Research into drought recovery to learn whether delays in recovery are simply due to long, slow pro-
cesses or are better characterized as a semipermanent transition to a new state of flow response (see pre-
vious subsection). In Victoria this is hampered because of recent conditions: after record floods ended the
MillenniumDrought in 2010, two thirds of the intervening years have been drier than average, weakening
the contrast between drought and postdrought conditions.

• Research into calibrationmethods. Amodel structure's ability to simulate runoff in climate conditions
different to the calibration data is strongly contingent on calibration method (Fowler, Coxon, et al., 2018;
Fowler, Peel, et al., 2018). Despite recent progress in this area (e.g., Fowler, Peel, et al., 2018), further work
is required.

7. Conclusions

Evidence presented in this paper suggests that five commonly used conceptual bucket rainfall runoff models
lack the ability to simulate long, slow processes that can dominate catchment response to climate change.
The five models tested here cover a wide range of approaches to model development and are representative
of many rainfall‐runoff models in common use. Catchment state variables (GRACE and groundwater bore
data) exhibited multiyear trends during the 13‐year Millennium Drought in the state of Victoria,
Australia. In contrast, the five conceptual bucket models tested replicate event and seasonal dynamics but
lack any multiyear trends. The model storages go from high to low values in a typical seasonal cycle.
Once the drought begins, there is often no room for decline in the simulated storage because model buckets
are already emptying on a seasonal basis prior to the drought.

The data shown demonstrate that many catchments have multiannual long‐term memory of climatic for-
cing. In order for this memory to be simulated, the simulation models would need time responses that are
at least as long as the memory. However, the longest time constants on the models tested (and many other
rainfall‐runoff models) are an order of magnitude shorter (months) than the observed memory (years), and
are designed to track seasonal recession behavior, not multiannual dynamics. Therefore, we suggest that
changes are required to such models, and have provided suggestions above (section 6.6). Since the effects
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of multiyear drought (or climate change) cannot accumulate within these models, they cannot be used to
extrapolate to different climatic conditions (particularly drier conditions) and are thus invalid for use in cli-
mate change impact studies.

The results were different in the drier, flatter West region compared to the mountainous East region. In the
East, the model storages did not approach empty as closely, and the models performed better in split sample
testing. These findings were discussed in the context of physical processes of flow generation, including the
presence or absence of nonlinear feedback through saturation excess mechanisms or similar. The prevalence
of such mechanisms may make a given region more vulnerable to a drying climate, but this hypothesis
requires further research.

Based on our findings, we propose a test (section 2) that models should pass before they are adopted in cli-
mate change impact studies. Models likely to prevent development of multiyear trends should be avoided.
With respect to modeling, future research is required to (i) identify model structural elements well suited
to these case studies (as discussed in section 6.6); (ii) where relevant, test existingmodels that already include
such structural elements; and (iii) if required, incorporate such structural elements into new or improved
model structures to better simulate the long, slow dynamics. More broadly, future work may (a) expand
the analysis here to other regions and drought events; (b) examine drought recovery, aiming to gain further
insight into dominant processes; and (c) investigate mechanisms and causal drivers, including the link
between long‐term climate anomalies and changes in rainfall‐runoff relationship. We see this continued
research as crucial to the credibility and development of trust in runoff projections.

References
Addor, N., Do, H. X., Alvarez‐Garreton, C., Coxon, G., Fowler, K., & Mendoza, P. A. (2019). Large‐sample hydrology: Recent progress,

guidelines for new datasets and grand challenges. Hydrological Sciences Journal, 1–14. https://doi.org/10.1080/02626667.2019.
1683182

Addor, N., Newman, A. J., Mizukami, N., & Clark, M. P. (2017). The CAMELS data set: Catchment attributes and meteorology for large‐
sample studies. Hydrology and Earth System Sciences, 21, 5293–5313. https://doi.org/10.5194/hess‐21‐5293‐2017

Almanaseer, N., & Sankarasubramanian, A. (2011). Role of climate variability in modulating the surface water and groundwater interac-
tion over the southeast United States. Journal of Hydrologic Engineering, 17(9), 1001‐1010. https://doi.org/10.1061/(ASCE)HE.1943‐
5584.0000536

Andréassian, V., C. Perrin, C. Michel, I. Usart‐Sanchez, and J. Lavabre (2001), Impact of imperfect rainfall knowledge on the efficiency and
the parameters of watershed models, Journal of Hydrology, 250 (1), 206‐223, http://doi.org/10.1016/S0022‐1694(01)00437‐1

Arsenault, R., Poulin, A., Côté, P., & Brissette, F. (2013). Comparison of stochastic optimization algorithms in hydrological model cali-
bration. Journal of Hydrologic Engineering, 19(7), 1374–1384. https://doi.org/10.1061/(ASCE)HE.1943‐5584.0000938

Balkovič, J., Skalský, R., Folberth, C., Khabarov, N., Schmid, E., Madaras, M., et al. (2018). Impacts and uncertainties of +2 °C of climate
change and soil degradation on European crop calorie supply. Earth's Future, 6(3), 373–395.

Beven, K. (2006). A manifesto for the equifinality thesis. Journal of Hydrology, 320(1‐2), 18–36. https://doi.org/10.1016/j.
jhydrol.2005.07.007

Beven, K., & Freer, J. (2001a). Equifinality, data assimilation, and uncertainty estimation in mechanistic modelling of complex environ-
mental systems using the GLUE methodology. Journal of Hydrology, 249(1‐4), 11‐29. https://doi.org/10.1016/S0022‐1694(01)00421‐8

Beven, K., & Freer, J. (2001b). A dynamic Topmodel. Hydrological Processes, 15(10), 1993–2011. https://doi.org/10.1002/hyp.252
Blender, R., & Fraedrich, K. (2006). Long‐term memory of the hydrological cycle and river runoffs in China in a high‐resolution climate

model. International Journal of Climatology: A Journal of the Royal Meteorological Society, 26(12), 1547–1565.
Boughton, W. (2006). Calibrations of a daily rainfall‐runoff model with poor quality data. Environmental Modelling and Software, 21(8),

1114–1128. https://doi.org/10.1016/j.envsoft.2005.05.011
Box, G. E. P., & Cox, D. R. (1964). An analysis of transformations, Journal of the Royal Statistical Society. Series B (Methodological), 26(2),

211–252.
Burnash, R. J. C., R. L. Ferral, and R. A. McGuire (1973), A generalized stream‐flow simulation system: Conceptual modelling for digital

computers, Tech. rep., US Department of Commerce, National Weather Service and State of California, Department of Water Resources.
Cañón, J., González, J., & Valdés, J. (2007). Precipitation in the Colorado River Basin and its low frequency associations with PDO and

ENSO signals. Journal of Hydrology, 333(2‐4), 252–264.
Chen, J. L., Wilson, C. R., & Tapley, B. D. (2013). Contribution of ice sheet and mountain glacier melt to recent sea level rise. Nature

Geoscience, 6, 549–552.
Cheng, M., Ries, J. C., & Tapley, B. D. (2011). Variations of the Earth's figure axis from satellite laser ranging and GRACE. Journal of

Geophysical Research, 116, B01409. https://doi.org/10.1029/2010JB000850
Chiew, F., Peel, M. C., &Western, A. W. (2002). Application and testing of the simple rainfall runoff model Simhyd. In V. P. Singh, & D. K.

Frevert (Eds.), Mathematical Models of Small Watershed Hydrology and Applications (Chap. 11, pp. 335–367). Littleton, CO: Water
Resour. Publ.

Chiew, F. H. S., Potter, N. J., Vaze, J., Petheram, C., Zhang, L., Teng, J., & Post, D. A. (2014). Observed hydrologic non‐stationarity in far
south‐eastern Australia: Implications for modelling and prediction. Stochastic Environmental Research and Risk Assessment, 28(1), 3–15.
https://doi.org/10.1007/s00477‐013‐0755‐5

Clark, M. P., D. Kavetski, and F. Fenicia (2011), Pursuing the method of multiple working hypotheses for hydrological modeling, Water
Resources Research, 47, W09301. https://doi.org/10.1029/2010WR009827. DECIPHeR paper here as well: https://doi.org/10.5194/gmd‐
2018‐205

10.1029/2019WR025286Water Resources Research

FOWLER ET AL. 24 of 27

Acknowledgments
This study was conducted with the
support of the Australian Research
Council (LP170100598) and the Bureau
of Meteorology (TP705654) during the
period of preparation for this
manuscript. Tim Peterson and
Margarita Saft were supported by the
Victorian Department of Environment,
Land, Water and Planning through the
“Victorian Catchment Drought
Response and Recovery: Understanding
where and why” project. Streamflow
data used in this project were from the
Australian Bureau of Meteorology's
(BOM) Hydrologic Reference Station
project website www.bom.gov.au/
water/hrs. Rainfall data were from the
Australian Water Availability Project
(AWAP) project (Jones et al., 2009),
www.bom.gov.au/jsp/awap/. Potential
evapotranspiration data were from the
SILO project (Jeffrey et al., 2001), www.
longpaddock.qld.gov.au/silo/.
Groundwater data were from www.vvg.
org.au; see also http://data.water.vic.
gov.au. Processed GRACE data are
provided in a table in the supporting
information. We gratefully
acknowledge the valuable comments of
Charles Luce, Markus Hrachowitz,
Barry Croke, Rae Moran and two
anonymous reviewers, whose feedback
greatly improved the manuscript.

https://doi.org/10.1080/02626667.2019.1683182
https://doi.org/10.1080/02626667.2019.1683182
https://doi.org/10.5194/hess-21-5293-2017
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000536
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000536
http://doi.org/10.1016/S0022-1694
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000938
https://doi.org/10.1016/j.jhydrol.2005.07.007
https://doi.org/10.1016/j.jhydrol.2005.07.007
https://doi.org/10.1016/S0022-1694
https://doi.org/10.1002/hyp.252
https://doi.org/10.1016/j.envsoft.2005.05.011
https://doi.org/10.1029/2010JB000850
https://doi.org/10.1007/s00477-013-0755-5
https://doi.org/10.1029/2010WR009827
https://doi.org/10.5194/gmd-2018-205
https://doi.org/10.5194/gmd-2018-205
http://www.bom.gov.au/water/hrs
http://www.bom.gov.au/water/hrs
http://www.bom.gov.au/jsp/awap/
http://www.longpaddock.qld.gov.au/silo/
http://www.longpaddock.qld.gov.au/silo/
http://www.vvg.org.au
http://www.vvg.org.au
http://data.water.vic.gov.au
http://data.water.vic.gov.au


Condon, L. E., & Maxwell, R. M. (2017). Systematic shifts in Budyko relationships caused by groundwater storage changes. Hydrology and
Earth System Sciences, 21, 1117–1135. https://doi.org/10.5194/hess‐21‐1117‐2017

Coron, L., Andréassian, V., Perrin, C., Bourqui, M., & Hendrickx, F. (2014). On the lack of robustness of hydrologic models regarding water
balance simulation: A diagnostic approach applied to three models of increasing complexity on 20 mountainous catchments. Hydrology
and Earth System Sciences, 18(2), 727–746. https://doi.org/10.5194/hess‐18‐727‐2014

Coron, L., Andréassian, V., Perrin, C., Lerat, J., Vaze, J., Bourqui, M., & Hendrickx, F. (2012). Crash testing hydrological models in con-
trasted climate conditions: An experiment on 216 Australian catchments. Water Resources Research,
48(5). https://doi.org/10.1029/2011WR011721

Cui, T., Yang, T., Xu, C. Y., Shao, Q., Wang, X., & Li, Z. (2018). Assessment of the impact of climate change on flow regime at multiple
temporal scales and potential ecological implications in an alpine river. Stochastic Environmental Research and Risk Assessment, 1–18.

de Jong, P., Tanajura, C. A. S., Sánchez, A. S., Dargaville, R., Kiperstok, A., & Torres, E. A. (2018). Hydroelectric production from
Brazil's São Francisco River could cease due to climate change and inter‐annual variability. Science of the Total Environment, 634,
1540–1553.

Descroix, L., Mahé, G., Lebel, T., Favreau, G., Galle, S., Gautier, E., et al. (2009). Spatio‐temporal variability of hydrological regimes around
the boundaries between Sahelian and Sudanian areas of West Africa: A synthesis. Journal of Hydrology, 375(1‐2), 90–102. https://doi.
org/10.1016/j.jhydrol.2008.12.012

DSE (Department of Sustainability and Environment, Victoria) (2012): Loddon Highlands Water Supply Protection Area Groundwater
Management Plan. Available at https://www.g‐mwater.com.au/downloads/gmw/Groundwater/Loddon_Highlands_WSPA/Nov_2013_
‐_Loddon_Highlands_WSPA_Plan_A4_FINAL‐fixed_for_web.pdf

Dunne, T. (1983). Relation of field studies and modeling in the prediction of storm runoff. Journal of Hydrology, 65(1), 25–48. https://doi.
org/10.1016/0022‐1694(83)90209‐3

Eltahir, E. A., & Yeh, P. J. F. (1999). On the asymmetric response of aquifer water level to floods and droughts in Illinois.Water Resources
Research, 35(4), 1199–1217. https://doi.org/10.1029/1998WR900071

Emanuel, R. E. (2018). Climate change in the Lumbee River watershed and potential impacts on the Lumbee tribe of North Carolina.
Journal of Contemporary Water Research & Education, 163(1), 79–93.

Eom, J., Seo, K.‐W., & Ryu, D. (2017). Estimation of Amazon River discharge based on EOF analysis of GRACE gravity data. Remote Sensing
of Environment, 191, 55–66.

Fenicia, F., Kavetski, D., Savenije, H. H. G., Clark, M. P., Schoups, G., Pfifster, L., & Freer, J. (2014). Catchment properties, function, and
conceptual model representation: Is there a correspondence? Hydrological Processes, 28(4), 2451–2467. https://doi.org/10.1002/
hyp.9726

Flörke, M., Schneider, C., & McDonald, R. I. (2018). Water competition between cities and agriculture driven by climate change and urban
growth. Nature Sustainability, 1(1), 51.

Fowler, K., Coxon, G., Freer, J., Peel, M., Wagener, T., Western, A., et al. (2018). Simulating runoff under changing climatic conditions: A
framework for model improvement. Water Resources Research, 54. https://doi.org/10.1029/2018WR023989

Fowler, K., Peel, M., Western, A., & Zhang, L. (2018). Improved rainfall‐runoff calibration for drying climate: Choice of objective function.
Water Resources Research, 54. https://doi.org/10.1029/2017WR022466

Fowler, K. J. A., Peel, M. C., Western, A. W., Zhang, L., & Peterson, T. J. (2016). Simulating runoff under changing climatic conditions:
Revisiting an apparent deficiency of conceptual rainfall‐runoff models. Water Resources Research, 52, 1820–1846. https://doi.org/
10.1002/2015WR018068

Fuchs, E. H., King, J. P., & Carroll, K. C. (2019). Quantifying disconnection of groundwater frommanaged‐ephemeral surface water during
drought and conjunctive agricultural use. Water Resources Research, 55, 5871–5890. https://doi.org/10.1029/2019WR024941

Gallant, J. C., & Dowling, T. I. (2003). A multiresolution index of valley bottom flatness for mapping depositional areas. Water Resources
Research, 39(12), 1347. https://doi.org/10.1029/2002WR001426

Gharari, S., Hrachowitz, M., Fenicia, F., Gao, H., & Savenije, H. H. G. (2014). Using expert knowledge to increase realism in environmental
system models can dramatically reduce the need for calibration. Hydrology and Earth System Sciences, 18(12), 4839–4859. https://doi.
org/10.5194/hess‐18‐4839‐2014

Government of Australia (2007). Water Act 2007, available at www.legislation.gov.au/Series/C2007A00137
Government of Victoria (2016). Victorian Water Accounts 2015–2016. Available at https://waterregister.vic.gov.au/images/documents/

VWA_2015‐2016.pdf
Grigg, A. H., & Hughes, J. D. (2018). Nonstationarity driven by multidecadal change in catchment groundwater storage: A test of modifi-

cations to a common rainfall–run‐off model. Hydrological Processes, 32(24), 3675–3688. https://doi.org/10.1002/hyp.13282
Gupta, H. V., Kling, H., Yilmaz, K. K., & Martinez, G. F. (2009). Decomposition of the mean squared error and NSE performance criteria:

Implications for improving hydrological modelling. Journal of Hydrology, 377(1‐2), 80–91. https://doi.org/10.1016/j.jhydrol.2009.
08.003

Haan, C. T. (2002). Statistical methods in hydrology. Press, Ames, Iowa: Iowa State Univ.
Herron, N., & Croke, B. (2009). Including the influence of groundwater exchanges in a lumped rainfall‐runoff model. Mathematics and

Computers in Simulation, 79, 2689–2700.
Holländer, H. M., Bormann, H., Blume, T., Buytaert, W., Chirico, G. B., Exbrayat, J. F., et al. (2014). Impact of modellers' decisions on

hydrological a priori predictions. Hydrology and Earth System Sciences, 18(6), 2065.
Hughes, J., Silberstein, R., Grigg, A., & Mountain, B. (2013, 2013, December). Extending rainfall‐runoff models for use in environments

with long‐term catchment storage and forest cover changes. In J. Piantadosi, R. S. Anderssen, & J. Boland (Eds.), MODSIM2013, 20th
International Congress on Modelling and Simulation, (pp. 1–6). December: Modelling and Simulation Society of Australia and New
Zealand.

Hughes, J. D., Petrone, K. C., & Silberstein, R. P. (2012). Drought, groundwater storage and stream flow decline in southwestern Australia.
Geophysical Research Letters, 39(3). https://doi.org/10.1029/2011GL050797

Hurst, H. E. (1951), Long‐term storage capacity of reservoirs, Transactions of the American Society of Civil Engineers, 116, 770‐808. 5, 52
Iqbal, M., Dahri, Z., Querner, E., Khan, A., & Hofstra, N. (2018). Impact of climate change on flood frequency and intensity in the Kabul

River Basin. Geosciences, 8(4), 114.
Jakeman, A. J., & Hornberger, G. M. (1993). How much complexity is warranted in a rainfall‐runoff model? Water Resources Research,

29(8), 2637–2649. https://doi.org/10.1029/93WR00877
Jeffrey, S. J., J. O. Carter, K. B. Moodie, and A. R. Beswick (2001), Using spatial interpolation to construct a comprehensive archive of

Australian climate data, Environmental Modelling and Software, 16 (4), 309‐330, https://doi.org/10.1016/S1364‐8152(01)00008‐1

10.1029/2019WR025286Water Resources Research

FOWLER ET AL. 25 of 27

https://doi.org/10.5194/hess-21-1117-2017
https://doi.org/10.5194/hess-18-727-2014
https://doi.org/10.1029/2011WR011721
https://doi.org/10.1016/j.jhydrol.2008.12.012
https://doi.org/10.1016/j.jhydrol.2008.12.012
https://www.g-mwater.com.au/downloads/gmw/Groundwater/Loddon_Highlands_WSPA/Nov_2013_-_Loddon_Highlands_WSPA_Plan_A4_FINAL-fixed_for_web.pdf
https://www.g-mwater.com.au/downloads/gmw/Groundwater/Loddon_Highlands_WSPA/Nov_2013_-_Loddon_Highlands_WSPA_Plan_A4_FINAL-fixed_for_web.pdf
https://doi.org/10.1016/0022-1694(83)90209-3
https://doi.org/10.1016/0022-1694(83)90209-3
https://doi.org/10.1029/1998WR900071
https://doi.org/10.1002/hyp.9726
https://doi.org/10.1002/hyp.9726
https://doi.org/10.1029/2018WR023989
https://doi.org/10.1029/2017WR022466
https://doi.org/10.1002/2015WR018068
https://doi.org/10.1002/2015WR018068
https://doi.org/10.1029/2019WR024941
https://doi.org/10.1029/2002WR001426
https://doi.org/10.5194/hess-18-4839-2014
https://doi.org/10.5194/hess-18-4839-2014
http://www.legislation.gov.au/Series/C2007A00137
https://waterregister.vic.gov.au/images/documents/VWA_2015-2016.pdf
https://waterregister.vic.gov.au/images/documents/VWA_2015-2016.pdf
https://doi.org/10.1002/hyp.13282
https://doi.org/10.1016/j.jhydrol.2009.08.003
https://doi.org/10.1016/j.jhydrol.2009.08.003
https://doi.org/10.1029/2011GL050797
https://doi.org/10.1029/93WR00877
https://doi.org/10.1016/S1364-8152


Jones, D. A., Wang, W., & Fawcett, R. (2009). High‐quality spatial climate datasets for Australia. Australian Meteorological and
Oceanographic Journal, 58(4), 233–248. https://doi.org/10.22499/2.5804.003

Kavetski, D., & Kuczera, G. (2007). Model smoothing strategies to remove microscale discontinuities and spurious secondary optima in
objective functions in hydrological calibration. Water Resources Research, 43, W03411. https://doi.org/10.1029/2006WR005195

Kiem, A. S., & Verdon‐Kidd, D. C. (2010). Towards understanding hydroclimatic change in Victoria, Australia: Preliminary insights into
the “Big Dry,”. Hydrology and Earth System Sciences, 14, 433–445. https://doi.org/10.5194/hess‐14‐433‐2010

Kinal, J., & Stoneman, G. L. (2012). Disconnection of groundwater from surface water causes a fundamental change in hydrology in a
forested catchment in south‐western Australia. Journal of Hydrology, 472, 14–24. https://doi.org/10.1016/j.jhydrol.2012.09.013

Klemeš, V. (1986). Operational testing of hydrological simulation models. Hydrological Sciences Journal, 31(1), 13–24. https://doi.org/
10.1080/02626668609491024

Knoben, W. J. M., Freer, J. E., Fowler, K. J. A., Peel, M. C., &Woods, R. A. (2018). Modular Assessment of Rainfall‐Runoff Models Toolbox
(MARRMoT) v1.0: An open‐source, extendable framework providing implementations of 46 conceptual hydrologic models as contin-
uous space‐state formulations. Geoscientific Model Development Discussion. https://doi.org/10.5194/gmd‐2018‐332 in review

Koutsoyiannis, D. (2011). Hurst‐Kolmogorov dynamics and uncertainty. Journal of the American Water Resources Association, 47(3),
481–495. https://doi.org/10.1111/j.1752‐1688.2011.00543.x

Kuczera, G., Renard, B., Thyer, M., & Kavetski, D. (2010). There are no hydrological monsters, just models and observations with large
uncertainties! Hydrological Sciences Journal–Journal des Sciences Hydrologiques, 55(6), 980–991. https://doi.org/10.1080/
02626667.2010.504677

Leblanc, M., Tweed, S., Ramillien, G., Tregoning, P., Frappart, F., Fakes, A., & Cartwright, I. (2011). Groundwater change in the Murray
basin from long‐term in situ monitoring and GRACE estimates. Climate change effects on groundwater resources: A global synthesis of
findings and recommendations CRC Press, November, 22, 169‐187.

Leblanc, M. J., Tregoning, P., Ramillien, G., Tweed, S. O., & Fakes, A. (2009). Basin‐scale, integrated observations of the early 21st century
multiyear drought in southeast Australia. Water Resources Research, 45(4). https://doi.org/10.1029/2008WR007333

Mahmoud, S. H., & Gan, T. Y. (2018). Impact of anthropogenic climate change and human activities on environment and ecosystem ser-
vices in arid regions. Science of the Total Environment, 633, 1329–1344. https://doi.org/10.1016/j.scitotenv.2018.03.290

Mandelbrot, B. B., &Wallis, J. R. (1968). Noah, Joseph, and operational hydrology.Water Resources Research, 4(5), 909–918. https://doi.org/
10.1029/WR004i005p00909

Markovic, D., & Koch, M. (2015). Stream response to precipitation variability: A spectral view based on analysis and modelling of hydro-
logical cycle components. Hydrological Processes, 29(7), 1806–1816. https://doi.org/10.1002/hyp.10293

Markovich, K. H., Maxwell, R. M., & Fogg, G. E. (2016). Hydrogeological response to climate change in alpine hillslopes. Hydrological
Processes, 30(18), 3126–3138.

MDBMC (Murray Darling Basin Ministerial Council) (1999): The Salinity Audit of the Murray Darling Basin. Technical report available at
www.mdba.gov.au/sites/default/files/archived/mdbc‐salinity‐reports/439_Salinity_audit_of_MDB_100_year_perspective.pdf

Melsen, L. A., Addor, N., Mizukami, N., Newman, A. J., Torfs, P. J. J. F., Clark, M. P., et al.: Mapping (dis)agreement in hydrologic pro-
jections, Hydrology and Earth System Sciences (2018), 22, 1775‐1791, https://doi.org/10.5194/hess‐22‐1775‐2018.

Merz, R., Parajka, J., & Blöschl, G. (2011). Time stability of catchment model parameters: Implications for climate impact analyses.Water
Resources Research, 47(2). https://doi.org/10.1029/2010WR009505

Mroczkowski, M., Raper, G. P., & Kuczera, G. (1997). The quest for more powerful validation of conceptual catchment models. Water
Resources Research, 33(10), 2325–2335. https://doi.org/10.1029/97WR01922

Nguyen, H., Lucas, C., Evans, A., Timbal, B., & Hanson, L. (2015). Expansion of the Southern Hemisphere Hadley cell in response to
greenhouse gas forcing. Journal of Climate, 28(20), 8067–8077. https://doi.org/10.1175/JCLI‐D‐15‐0139.1

Parsons S, Evans R and Hoban M (2008) Surface–groundwater connectivity assessment. A report to the Australian Government from the
CSIRO Murray‐Darling Basin Sustainable Yields Project. CSIRO, Australia. 35 pp. Available at www.clw.csiro.au/publications/water-
forahealthycountry/mdbsy/technical/R‐SW‐GW‐Connectivity.pdf

Peltier, W. R., Argus, D. F., & Drummond, R. (2015). Space geodesy constrains ice age terminal deglaciation: The global ICE‐6G_C (VM5a)
model. Journal of Geophysical Research: Solid Earth, 120, 450–487.

Perrin, C., C. Michel, and V. Andréassian (2003), Improvement of a parsimonious model for streamflow simulation, Journal of Hydrology,
279 (1‐4), 275‐289, https://doi.org/10.1016/S0022‐1694(03)00225‐7.

Peterson, T., Western, A., Cheng, X., Costelloe, J. and Carrara, E. (2018). Victoria's water table over 30 years: Data‐driven hydrological
insights into catchment dynamics. Hydrology and Water Resources Symposium, Institution of Engineers Australia, Melbourne,
December 2018.

Peterson, T. J., Argent, R. M., Western, A. W., & Chiew, F. H. S. (2009). Multiple stable states in hydrological models: An ecohydrological
investigation. Water Resources Research, 45(3). https://doi.org/10.1029/2008WR006886

Peterson, T. J., & Western, A. W. (2014). Nonlinear time‐series modeling of unconfined groundwater head. Water Resources Research,
50(10), 8330–8355. https://doi.org/10.1002/2013WR014800

Peterson, T. J., & Western, A. W. (2018). Statistical interpolation of groundwater hydrographs. Water Resources Research, 54, 4663–4680.
https://doi.org/10.1029/2017WR021838

Peterson, T. J., Western, A. W., & Cheng, X. (2017). The good, the bad and the outliers: automated detection of errors and outliers from
groundwater hydrographs. Hydrogeology Journal, 26(2), 371–380. https://doi.org/10.1007/s10040‐017‐1660‐7

Petheram, C., N. Potter, J. Vaze, F. Chiew, and L. Zhang (2011), Towards better understanding of changes in rainfall‐runoff relationships
during the recent drought in south‐eastern Australia, in Proc. 19th International Congress on Modelling and Simulation, December
2011.

Refsgaard, J. C., & Knudsen, J. (1996). Operational validation and intercomparison of different types of hydrological models. Water
Resources Research, 32(7), 2189–2202. https://doi.org/10.1029/96WR00896

Refsgaard, J. C., Madsen, H., Andréassian, V., Arnbjerg‐Nielsen, K., Davidson, T. A., Drews, M., et al. (2014). A framework for testing the
ability of models to project climate change and its impacts. Climatic Change, 122(1‐2), 271–282. https://doi.org/10.1007/s10584‐013‐
0990‐2

Reichert, P., & Omlin, M. (1997). On the usefulness of overparameterized ecological models. Ecological Modelling, 95(2‐3), 289‐299. https://
doi.org/10.1016/S0304‐3800(96)00043‐9

Risbey, J. S., & Entekhabi, D. (1996). Observed Sacramento Basin streamflow response to precipitation and temperature changes and its
relevance to climate impact studies. Journal of Hydrology, 184(3‐4), 209–223.

10.1029/2019WR025286Water Resources Research

FOWLER ET AL. 26 of 27

https://doi.org/10.22499/2.5804.003
https://doi.org/10.1029/2006WR005195
https://doi.org/10.5194/hess-14-433-2010
https://doi.org/10.1016/j.jhydrol.2012.09.013
https://doi.org/10.1080/02626668609491024
https://doi.org/10.1080/02626668609491024
https://doi.org/10.5194/gmd-2018-332
https://doi.org/10.1111/j.1752-1688.2011.00543.x
https://doi.org/10.1080/02626667.2010.504677
https://doi.org/10.1080/02626667.2010.504677
https://doi.org/10.1029/2008WR007333
https://doi.org/10.1016/j.scitotenv.2018.03.290
https://doi.org/10.1029/WR004i005p00909
https://doi.org/10.1029/WR004i005p00909
https://doi.org/10.1002/hyp.10293
http://www.mdba.gov.au/sites/default/files/archived/mdbc-salinity-reports/439_Salinity_audit_of_MDB_100_year_perspective.pdf
https://doi.org/10.5194/hess-22-1775-2018
https://doi.org/10.1029/2010WR009505
https://doi.org/10.1029/97WR01922
https://doi.org/10.1175/JCLI-D-15-0139.1
http://www.clw.csiro.au/publications/waterforahealthycountry/mdbsy/technical/R-SW-GW-Connectivity.pdf
http://www.clw.csiro.au/publications/waterforahealthycountry/mdbsy/technical/R-SW-GW-Connectivity.pdf
https://doi.org/10.1016/S0022-1694
https://doi.org/10.1029/2008WR006886
https://doi.org/10.1002/2013WR014800
https://doi.org/10.1029/2017WR021838
https://doi.org/10.1007/s10040-017-1660-7
https://doi.org/10.1029/96WR00896
https://doi.org/10.1007/s10584-013-0990-2
https://doi.org/10.1007/s10584-013-0990-2
https://doi.org/10.1016/S0304-3800
https://doi.org/10.1016/S0304-3800


Saft, M., Peel, M. C., Western, A. W., Perraud, J.‐M., & Zhang, L. (2016). Bias in streamflow projections due to climate‐induced shifts in
catchment response. Geophysical Research Letters, 43(4), 1574–1581. https://doi.org/10.1002/2015GL067326

Saft, M., Peel, M. C., Western, A. W., & Zhang, L. (2016). Predicting shifts in rainfall‐runoff partitioning during multiyear drought: Roles of
dry period and catchment characteristics. Water Resources Research, 52(12), 9290–9305.

Saft, M., Western, A. W., Zhang, L., Peel, M. C., & Potter, N. J. (2015). The influence of multiyear drought on the annual rainfall‐
runoff relationship: An Australian perspective. Water Resources Research, 51(4), 2444–2463. https://doi.org/10.1002/
2014WR015348

Savenije, H. H. G. (2010). HESS Opinions “Topography driven conceptual modelling (FLEX‐Topo).”.Hydrology and Earth System Sciences,
14(12), 2681–2692. https://doi.org/10.5194/hess‐14‐2681‐2010

Seibert, J., and J. McDonnell (2002), On the dialog between experimentalist and modeler in catchment hydrology: Use of soft data for
multicriteria model calibration, Water Resources Research, 38 (11), 23, 1‐14, https://doi.org/10.1029/2001WR000978.

Seibert, J., & van Meerveld, H. J. (2016). Hydrological change modeling: Challenges and opportunities. Hydrological Processes, 30(26),
4966–4971. https://doi.org/10.1002/hyp.10999

Seo, J.‐W., Wilson, C. R., Scambos, T., Kim, B.‐M., Waliser, D., Tian, B., et al. (2015). Surface mass balance contributions to acceleration of
Antarctic ice mass loss during 2003–2013, J. Geophys. Res. Solid Earth, 120, 3617–3625.

Seo, K.‐W., Wilson, C. R., Chen, J., & Waliser, D. E. (2008). GRACE's spatial aliasing error. Geophysical Journal International, 172, 41–48.
Shun, T., & Duffy, C. J. (1999). Low‐frequency oscillations in precipitation, temperature, and runoff on a west facing mountain front: A

hydrogeologic interpretation. Water Resources Research, 35(1), 191–201. https://doi.org/10.1029/98WR02818
Singh, R., Wagener, T., Van Werkhoven, K., Mann, M. E., & Crane, R. (2011). A trading‐space‐for‐time approach to probabilistic contin-

uous streamflow predictions in a changing climate‐accounting for changing watershed behavior. Hydrology and Earth System Sciences,
15(11), 3591–3603. https://doi.org/10.5194/hess‐15‐3591‐2011

Sophocleous, M. (2002). Interactions between groundwater and surface water: The state of the science. Hydrogeology Journal, 10(1), 52–67.
https://doi.org/10.1007/s10040‐001‐0170‐8

Swenson, S., Chambers, D., & Wahr, J. (2008). Estimating geocenter variations from a combination of GRACE and ocean model output.
Journal of Geophysical Research ‐ Solid Earth, 113, B08410.

Swenson, S., & Wahr, J. (2006). Post‐processing removal of correlated errors in GRACE data. Geophysical Research Letters, 33, L08402.
https://doi.org/10.1029/2005GL025285

Tague, C., & Grant, G. E. (2009). Groundwater dynamics mediate low‐flow response to global warming in snow‐dominated alpine regions.
Water Resources Research, 45, W07421.

Tague, C. L., Choate, J. S., & Grant, G. (2013). Parameterizing sub‐surface drainage with geology to improve modeling streamflow
responses to climate in data limited environments. Hydrology and Earth System Sciences, 17(1), 341–354.

Turner, M. (2012), Hydrologic Reference Station Selection Guidelines. Report of the Bureau of Meteorology, Australia, www.bom.gov.au/
water/hrs/media/static/papers/Selection_Guidelines.pdf

van Dijk, A. I., Beck, H. E., Crosbie, R. S., de Jeu, R. A., Liu, Y. Y., Podger, G. M., et al. (2013). The Millennium Drought in southeast
Australia (2001–2009): Natural and human causes and implications for water resources, ecosystems, economy, and society. Water
Resources Research, 49(2), 1040–1057.

Van Loon, A. (2015). Hydrological drought explained. WIREs Water, 2, 359–392. https://doi.org/10.1002/wat2.1085
Vaze, J., Post, D. A., Chiew, F. H. S., Perraud, J. M., Viney, N. R., & Teng, J. (2010). Climate non‐stationarity: Validity of calibrated rainfall‐

runoff models for use in climate change studies. Journal of Hydrology, 394(3‐4), 447–457. https://doi.org/10.1016/j.jhydrol.2010.09.018
Vrugt, J. a., & Robinson, B. a. (2007). Improved evolutionary optimization from genetically adaptive multimethod search. Proceedings of the

National Academy of Sciences, 104(3), 708–711. https://doi.org/10.1073/pnas.0610471104
Wagener, T., McIntyre, N., Lees, M. J., Wheater, H. S., & Gupta, H. V. (2003). Towards reduced uncertainty in conceptual rainfall‐runoff

modelling: Dynamic identifiability analysis. Hydrological Processes, 17(2), 455–476.
Wang, H., Sankarasubramanian, A., & Ranjithan, R. S. (2015). Understanding the low‐frequency variability in hydroclimatic attributes

over the southeastern US. Journal of Hydrology, 521, 170–181. https://doi.org/10.1016/j.jhydrol.2014.09.081
Westra, S., Thyer, M., Leonard, M., Kavetski, D., & Lambert, M. (2014). A strategy for diagnosing and interpreting hydrological model

nonstationarity. Water Resources Research, 50, 1–24. https://doi.org/10.1002/2013WR014719
Whetton, P. H., Grose, M. R., & Hennessy, K. J. (2016). A short history of the future: Australian climate projections 1987–2015. Climate

Services, 2‐3, 1–14. https://doi.org/10.1016/j.cliser.2016.06.001
Wilby, R. L. (2005). Uncertainty in water resource model parameters used for climate change impact assessment. Hydrological Processes,

19(16), 3201–3219. https://doi.org/10.1002/hyp.5819
Willmott, C. J., Robeson, S. M., & Matsuura, K. (2012). A refined index of model performance. International Journal of Climatology, 32(13),

2088–2094. https://doi.org/10.1002/joc.2419
Wouters, B., D. Chambers & E. J. O. Schrama, (2005): GRACE observes small‐scale mass loss in Greenland,Geophysical Research Letters 35,

L20501, https://doi.org/10.1029/2008GL034816 (2005).
Xu, Z. X., Takeuchi, K., & Ishidaira, H. (2004). Correlation between El Niño–Southern Oscillation (ENSO) and precipitation in South‐east

Asia and the Pacific region. Hydrological Processes, 18(1), 107–123.
Xue, X., Wang, N., Ellingwood, B. R., & Zhang, K. (2018). The impact of climate change on resilience of communities vulnerable to riverine

flooding. In Climate Change and Its Impacts, (pp. 129–144). Cham: Springer.
Yang, Y., McVicar, T. R., Donohue, R. J., Zhang, Y., Roderick, M. L., Chiew, F. H. S., et al. (2017). Lags in hydrologic recovery following an

extreme drought: Assessing the roles of climate and catchment characteristics.Water Resources Research, 53, 4821–4837. https://doi.org/
10.1002/2017WR020683

Ye, W., Bates, B. C., Viney, N. R., Sivapalan, M., & Jakeman, A. J. (1997). Performance of conceptual rainfall‐runoff models in low yielding
ephemeral catchments. Water Resources Research, 33(1), 153–166. https://doi.org/10.1029/96WR02840

Zhou, Q., Leng, G., & Huang, M. (2018). Impacts of future climate change on urban flood volumes in Hohhot in northern China: Benefits of
climate change mitigation and adaptations. Hydrology and Earth System Sciences, 22(1), 305–316.

Zhuang, X. W., Li, Y. P., Nie, S., Fan, Y. R., & Huang, G. H. (2018). Analyzing climate change impacts on water resources under uncertainty
using an integrated simulation‐optimization approach. Journal of Hydrology, 556, 523–538.

10.1029/2019WR025286Water Resources Research

FOWLER ET AL. 27 of 27

https://doi.org/10.1002/2015GL067326
https://doi.org/10.1002/2014WR015348
https://doi.org/10.1002/2014WR015348
https://doi.org/10.5194/hess-14-2681-2010
https://doi.org/10.1029/2001WR000978
https://doi.org/10.1002/hyp.10999
https://doi.org/10.1029/98WR02818
https://doi.org/10.5194/hess-15-3591-2011
https://doi.org/10.1007/s10040-001-0170-8
https://doi.org/10.1029/2005GL025285
http://www.bom.gov.au/water/hrs/media/static/papers/Selection_Guidelines.pdf
http://www.bom.gov.au/water/hrs/media/static/papers/Selection_Guidelines.pdf
https://doi.org/10.1002/wat2.1085
https://doi.org/10.1016/j.jhydrol.2010.09.018
https://doi.org/10.1073/pnas.0610471104
https://doi.org/10.1016/j.jhydrol.2014.09.081
https://doi.org/10.1002/2013WR014719
https://doi.org/10.1016/j.cliser.2016.06.001
https://doi.org/10.1002/hyp.5819
https://doi.org/10.1002/joc.2419
https://doi.org/10.1029/2008GL034816
https://doi.org/10.1002/2017WR020683
https://doi.org/10.1002/2017WR020683
https://doi.org/10.1029/96WR02840


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


