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Abstract A recent hydrological impacts study in British Columbia, Canada, used an ensemble of 23 cli-
mate change simulations to assess potential future changes in streamflow. These Coupled Model Intercom-
parison Project Phase 3 (CMIP3) simulations were statistically downscaled and used to drive the Variable
Infiltration Capacity (VIC) hydrology model over several watersheds. Due to computational restrictions, the
23 member VIC ensemble is a subset of the full 136 member CMIP3 archive. Extending the VIC ensemble to
cover the full range of uncertainty represented by CMIP3, and incorporating the latest generation CMIP5
ensembles, poses a considerable computing challenge. Thus, we extend the VIC ensemble using a computa-
tionally efficient statistical emulation model, which approximates the combined output of the two-step pro-
cess of statistical downscaling and hydrologic modeling, trained with the 23 member VIC ensemble.
Regularized multiple linear regression links projected changes in monthly temperature and precipitation
with projected changes in monthly streamflow over the Fraser and Peace River watersheds. Following vali-
dation, the statistical emulator is forced with the full suite of CMIP3 and CMIP5 climate change projections.
The 23 member VIC ensemble has a smaller spread than the full ensemble; however, both ensembles pro-
vide the same consensus estimate of monthly streamflow change. Qualitatively, CMIP5 shows a similar
streamflow response as CMIP3 for snow-dominated hydrologic regimes. However, by end-century, the
CMIP5 worst-case RCP8.5 has a larger impact than CMIP3 A2. This work also underscores the advantage of
using emulation to rapidly identify those future extreme projections that may merit further study using
more computationally demanding process-based methods.

1. Introduction

According to the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report, it is now
‘‘extremely likely’’ that observed widespread warming of the atmosphere and oceans since the mid-
twentieth century is due to anthropogenic net increases in atmospheric greenhouse gas concentrations
[IPCC, 2013]. Recent hydro-climatic trends in western North America have been attributed to climate
change, mainly in the form of increased regional warming [Barnett et al., 2008; Bonfils et al., 2008; Pierce
et al., 2008]. Within the snow-dominated regimes of western North America, documented hydrologic trends
over recent decades generally include decreasing snowpack, earlier onset of spring melt and decreasing
summer flow [Whitfield and Cannon, 2000; Foreman et al., 2001; Barnett et al., 2005; Regonda et al., 2005;
Hamlet et al., 2007; D�ery et al., 2009; Luce and Holden, 2009; Stewart, 2009; Fleming and Weber, 2012; Hatcher
and Jones, 2013; Bawden et al., 2014]. These trends will persist with continued emissions of greenhouse
gases, and further changes in regional temperature and precipitation patterns are expected to affect the
regional hydrologic cycle [Morrison et al., 2002; Barnett et al., 2005; Toth et al., 2006; Stahl et al., 2008; Kerk-
hoven and Gan, 2011; Shrestha et al., 2012; Schnorbus et al., 2014], with possible impacts to various water-
related resources and water-dependent activities [Cohen et al., 2000; Payne et al., 2004; Hamlet et al., 2010;
Mantua et al., 2010; Vano et al., 2010a, 2010b; Jung et al., 2011]. Effective water resource management and
planning requires an understanding of the impacts of climate change in order to accurately assess the vol-
ume and timing of future water supplies.

Possible future changes in hydrology are typically assessed using projections based on climate change sce-
narios. The common approach is to choose a climate change projection, which is a combination of a global
climate model (GCM) driven by an emission scenario specifying trajectories of greenhouse gas emissions or
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radiative forcings, downscale the climate change projection to the regional or catchment scale, force a
hydrologic model with the downscaled climate projection, and compare model simulations from both cur-
rent and future climates [e.g., Elsner et al., 2010; Schnorbus et al., 2014].

Each step introduces a component of uncertainty, the contributions of which are typically assessed in an
ensemble framework using some combination of multiple GCMs, emission scenarios, downscaling techni-
ques, and hydrology models. Many such studies indicate that GCM structure is the primary source of uncer-
tainty for the evaluation of hydrologic impacts [Kay et al., 2009; Prudhomme and Davies, 2009; Najafi et al.,
2011; Bennett et al., 2012; Surfleet and Tullos, 2012; Vano et al., 2014]. Therefore, eight GCMs that contributed
to the World Climate Research Programme’s Coupled Model Intercomparison Project Phase 3 (CMIP3) multi-
model data set [Meehl et al., 2007] were selected, based on their historical performance over the globe and
more locally over western North America [Werner, 2011] (based on the work of Gleckler et al. [2008] and
Radić and Clarke [2011]), as the basis for hydrological impacts studies recently conducted at the Pacific Cli-
mate Impacts Consortium (PCIC) for several watersheds in British Columbia (BC), Canada [Shrestha et al.,
2012; Schnorbus et al., 2014]. Based on this work, an ensemble of 23 climate change projections, consisting
of multiple GCMs and the A2, A1B, and B1 emissions scenarios (Special Report on Emissions Scenarios
(SRES)) [Nakićenović and Swart, 2000], were statistically downscaled and used to drive the Variable Infiltra-
tion Capacity (VIC) hydrologic model.

The 23 member ensemble used by PCIC is a subset of the full CMIP3 archive, from which PCIC has obtained
136 projections (22 GCMs, 3 SRES scenarios, and up to 7 ensemble members per GCM/forcing scenario com-
bination). In addition to CMIP3 outputs, which contributed to IPCC Fourth Assessment Report, the latest
generation of climate projections from the Coupled Model Intercomparison Project Phase 5 (CMIP5) multi-
model data set [Taylor et al., 2012], which are based on the new Representative Concentration Pathways
(RCP) scenarios [van Vuuren et al., 2011a], are now also available and have contributed to the IPCC AR5.

Given the large role of GCM uncertainty, are streamflow projections based on the 23 member VIC-simulated
ensemble representative of the full range of uncertainty from the 136 member CMIP3 ensemble? Further,
do the more recent CMIP5 projections, which are based on different emission scenarios, and, in most cases,
new models, present a different picture of future streamflow changes? The most direct means of answering
these questions would be to force VIC with the additional climate change projections and then evaluate the
mean and spread of the resulting streamflow projections ensemble. However, the computational burden
and storage demands to run more than just a handful of hydrologic projections using an analytical model
such as VIC can be impractical and expensive for many organizations, particularly if such models are run at
high resolution over large study domains.

As an alternative, a computationally efficient statistical model could be used to emulate the streamflow
response simulated by the VIC model for the 23 CMIP3 climate projections. One could then force the statisti-
cal emulator with additional climate change projections from both CMIP3 and CMIP5. The use of statistical
emulation (also called surrogate modeling or metamodeling) is common in many areas of science, where
large complex computer simulation models are replaced with computationally efficient models that emu-
late well the behavior of the simulation model [see Barton, 1998; O’Hagan, 2006; Kleijnen, 2008; Carnevale
et al., 2012; Villa-Vialaneix et al., 2012, for a general discussion]. Although one could fit a statistical model
directly to hydro-climatic variation observed over the last decades [e.g., Cannon and Whitfield, 2002], such a
model would have to be extrapolated unreasonably far beyond the bounds of the calibration data to inves-
tigate potential future hydrologic change under radiative forcing as high as �8 W/m2 above preindustrial
levels (e.g., emissions scenarios SRES A2 and RCP 8.5). Instead, future hydrologic change is extrapolated
using a more robust process-based hydrologic simulation approach, exploring a wide range of emissions
futures. By then fitting the statistical model to the simulated output, exploring the hydrologic response to
the full range of available climate projections is more an exercise of interpolation, and when extrapolation
is required, it falls closer to the range of the calibration data. For example, Holden and Edwards [2010], Li
et al. [2012], and Castruccio et al. [2013] employed emulation of global and regional climate models to
expand projections of temperature and precipitation change. Except for Vano and Lettenmaier [2013], who
used a sensitivity-based approach to emulate the cumulative distribution functions of simulated annual
streamflow change based on CMIP3 projections, there are no examples of similar work in the context of
hydrologic projections. In the water resources field, model emulation is most commonly applied to prob-
lems of optimization and design [e.g., Aly and Peralta, 1999; Broad et al., 2005; Yan and Minsker, 2006],
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automatic model calibration [e.g., Zou et al., 2009; Song et al., 2012], and uncertainty and sensitivity analysis
[e.g., Schultz et al., 2004, 2006; see also Razavi et al., 2012a, 2012b, for recent reviews]. To the best of our
knowledge, an emulation approach has not been explored to date in the context of analyzing seasonal and
monthly hydrologic impacts due to climate change for both CMIP3 and CMIP5 projections.

This paper presents a study of climate-driven changes in streamflow for two watersheds in BC. The goal is
to demonstrate, using a relatively simple proof-of-concept, the general efficacy of using an emulation
approach to efficiently generate large ensembles of hydrologic projections. The main strategy is to con-
struct a statistical emulator that accurately captures the monthly streamflow response as simulated by the
original analytical VIC model. We then propose using the emulator to facilitate the exploration of the
streamflow response to the full range of available CMIP3 and CMIP5 climate projections. The remainder of
the paper is organized as follows: section 2 describes the study areas; section 3 describes the methodology,
including data processing and the emulation model; results and discussion are contained in section 4; and
concluding remarks are in section 5.

2. Study Areas

Streamflow was modeled for two locations in BC, the Peace River near Taylor and the Fraser River at Hope
(Figure 1). The Peace River site drains 101,000 km2 of north-eastern BC and corresponds to the Water Survey
of Canada (WSC) gauge (07FD002) located near the town of Taylor (just upstream of the provincial border
between BC and Alberta). The drainage area has an elevation range of 400–2800 m. The Peace River basin

Figure 1. Study areas showing the streamflow sites and upstream drainage areas for the Fraser River at Hope and Peace River at Taylor in
British Columbia, Canada. The inset map shows the study area in relation to western North America.
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has a continental climate [Demarchi, 1996], with basin-wide average temperature ranging from 212.0�C in
January to 12�C in July, and precipitation follows a seasonal pattern of summer maximum and spring mini-
mum. The Peace River has a nival hydrologic regime, with average monthly discharge that peaks in June at
4750 m3/s and reaches a minimum of 300 m3/s in February and March. The Fraser River site drains a
217,000 km2 area of the Fraser River basin in south-central BC and the site corresponds to the WSC gauge
(08MF005) located at the town of Hope (approximately 120 km upstream from the city of Vancouver, where
the Fraser discharges into the Pacific Ocean). Elevation in the basin varies from near sea level to about
4000 m. The Fraser River basin has a mixed coastal-continental climate [Moore, 1991]; basin-wide monthly
average temperature varies from 210�C in January to 15�C in July and precipitation exhibits some seasonal
variation, with maximum precipitation occurring during the winter, and minimum precipitation during the
summer in the western coastal mountains, and during spring in the central and eastern portions of the
basin [Shrestha et al., 2012]. Streamflow at the Fraser River site also has a nival regime, where average
monthly discharge ranges from 7000 m3/s in June to only 900 m3/s throughout January, February, and
March. Both the Peace and Fraser basins are regulated for hydro-power generation. The Peace River is
impounded by the W.A.C. Bennett Dam to form the Williston Reservoir. While the main stem of the Fraser
remains undammed, the Nechako River, a tributary of the Fraser, is impounded by the Kenney Dam to form
the Nechako Reservoir, from which water is diverted westward directly to the BC coast. More details on the
study areas can be found in Shrestha et al. [2012] and Schnorbus et al. [2014]. These two watersheds were
deliberately chosen for their tractable nature, i.e., snow-dominated runoff, minimal glacier influence at the
basin outlets (see section 3.2), large enough basin areas to robustly capture the regional GCM climate
changes (i.e., integrated over multiple GCM grid cells), and, when using naturalized discharge, not affected
by flow regulation.

3. Methods

3.1. Data and Processing
GCM output of historical and future projected monthly mean temperature and precipitation was obtained
from the CMIP3 and CMIP5 data archives at the Program for Climate Model Diagnosis and Intercomparison
(http://www-pcmdi.llnl.gov/). CMIP3 outputs include data from 22 GCMs, which are summarized in support-
ing information Table S1 (full set). Three future emissions scenarios are considered for the CMIP3 models,
namely SRES A1B, A2, and B1, of which 51, 38, and 44 projections are available, respectively. At the time of
writing, output for CMIP5 included results from 27 models, which are summarized in supporting information
Table S2. Future emissions for the CMIP5 model output are based on 38, 48, and 48 projections from RCP
scenarios 2.6, 4.5, and 8.5, respectively [van Vuuren et al., 2011a]. Baseline climatologies for both CMIP3 and
CMIP5 model runs uses data temporally averaged over the 1961–1990 period (referred to as the 1970s)
based on historical twentieth century simulations. The historical simulations represent natural and anthro-
pogenic forcings over the periods 1850–2000 and 1850–2005 for CMIP3 and CMIP5, respectively. The CMIP3
and CMIP5 historical runs differ in that the CMIP3 runs contain a less complete and complex description of
historical radiative forcings. Less than half of CMIP3 models include time-varying natural radiative forcings
(e.g., solar, volcanic, and land-use change) and most CMIP3 models only incorporate direct aerosol effects
[Rind et al., 2009; Knutson et al., 2013]. GCM projections for 2001–2100 for the respective emissions scenarios
(SRES and RCP for CMIP3 and CMIP5, respectively) are used to derive 30 year average monthly temperature
and precipitation changes (with respect to the 1970s baseline) for three future periods centered on the
2020s (2011–2040), 2050s (2041–2070), and 2080s (2071–2100). Basin-average values of monthly tempera-
ture and precipitation change for each future period were extracted by a weighted spatial averaging of
GCM grid cells that overlap the drainage areas upstream of each respective site.

Projected daily streamflow data for both the Fraser and Peace come from the work of Shrestha et al. [2012]
and Schnorbus et al. [2014], and are based on simulations of the Variable Infiltration Capacity (VIC) model, a
spatially distributed process-based and macroscale hydrology model [Liang et al., 1994, 1996]. A total of 23
simulations is available, in which the VIC model was forced with downscaled climate projections from eight
CMIP3 GCMs and the SRES A1B, A2, and B1 scenarios representing future emissions (see PCIC Sub-Set in
supporting information Table S1). Using transient output of monthly average temperature and total precipi-
tation from each GCM, statistical downscaling with the Bias-Correction Spatial Disaggregation (BCSD)
approach [Salath�e, 2005] was used to generate daily values of maximum and minimum temperature and
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precipitation at 1/16� spatial resolution for
the period 1950–2100, as described in
Schnorbus et al. [2014]. Forced with these
boundary conditions, VIC calculates the one-
dimensional (i.e., vertical) water and energy
balance in each grid cell, where excess mois-
ture is routed through a surface drainage
network using the routing scheme of Loh-
mann et al. [1996]. These simulations were
performed at a daily time step. Additional
meteorological drivers, such as daily solar
radiation (direct and diffuse), longwave radia-
tion, and dewpoint temperature, are not sup-
plied directly as input and were calculated by
the VIC model at runtime from the down-
scaled time series of daily maximum and
minimum temperature and precipitation
using techniques described by Maurer et al.
[2002]. Therefore, the fundamental climate
forcing for the twentieth century hydrologic
projections is GCM monthly average temper-
ature and total precipitation.

Daily streamflow data were simulated from 1950 to 2100 for all climate projections. Note that discharge
simulated for both the Peace and Fraser Rivers represents naturalized discharge (i.e., absent the effects of
regulation and diversion) [see Shrestha et al., 2012; Schnorbus et al., 2014, for details] based on unpublished
data from BC Hydro (Peace) and the BC Ministry of Environment (Fraser). We then calculated 30 year aver-
ages of monthly streamflow change between the 1961 and 1990 baseline period and the three future peri-
ods centered on the 2020s, 2050s, and 2080s for each site.

3.2. Emulator Description
An emulator is a statistical approximation of a simulator, where a simulator is a deterministic input-output
computer model (or chain of models) [O’Hagan, 2006]. In this study, an emulator has been developed to
approximate the combined output of the two-step process of statistical downscaling and hydrologic model-
ing (the simulator) (Figure 2). In this way, we aim to emulate streamflow changes, as would be simulated by
the VIC model in response to downscaled projected climate forcings, but with a much more computation-
ally efficient surrogate model. The emulator is based directly on the statistical relationship between basin-
wide projected changes in monthly temperature and precipitation at the GCM resolution and VIC-simulated
changes in monthly streamflow at the Peace and Fraser River sites.

We approach the design of the emulator from the perspective of the monthly water balance, which is given
by the following relationship:

Rm5Pm2Em2DSm; (1)

where Rm is runoff, Pm is precipitation, Em is evaporation, and DSm is the change in storage over month m
[where D is the difference operator, such that Df(x) 5 f(x 1 1) 2 f(x)]. We assume a closed basin such that all
runoff exits the single basin outlet as streamflow. There is a modest routing effect in both the Fraser and
Peace basins, such that approximately 75% of runoff generated within a month reaches the basin outlet as
streamflow (estimated assuming uniform daily runoff and convolution of the derived unit hydrograph for
each basin). However, the structure of the statistical emulator model will accommodate any lag between
runoff and streamflow, therefore, for simplicity we take streamflow as equivalent to runoff in any given
month m. On an annual basis, DS is typically taken as zero [e.g., Oki et al., 1995], thus greatly simplifying the
relationship in equation (1). For instance, using Gravity Recovery and Climate Experiment (GRACE) data in
the form of monthly mass grids for land (obtained from the Jet Propulsion Laboratory website at http://
grace.jpl.nasa.gov/data/gracemonthlymassgridsland/) shows that the long-term (October 2002 to Septem-
ber 2010) change in total water storage over the Fraser-Peace (318,000 km2) is negligible (0.3 6 2 cm water

,
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Figure 2. Flowchart of hydrologic simulation and statistical emulation.
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equivalent) [Swenson and Wahr, 2006; Landerer and Swenson, 2012]. On a monthly basis, however, the
change in storage is nonnegligible and must be retained due to the seasonal nature of snow and soil mois-
ture. With respect to some baseline period, the change in runoff in a future period is given as

DRm5DPm2DEm2D2Sm: (2)

Instead of applying equation (2) directly to estimate streamflow changes, we use a simple statistical model
which directly uses the monthly temperature (T) and precipitation outputs from the GCMs. In this context,
DT is a proxy for DE and DT and DP are proxies for D2S, particularly as temperature and precipitation relate
to snow accumulation and melt. The presence of the storage term in equation (2) indicates that the runoff
change in any given month must not only consider P and T changes in the same month, but also P and T
changes in prior months. For example, the volume of snow which accumulates over the winter strongly
affects the volume of snowmelt runoff that occurs over the succeeding spring, a fact that is often readily
exploited in water supply forecasting [e.g., Wood and Lettenmaier, 2006; Mahanama et al., 2012]. Thus we
replace equation (2) by taking streamflow change as linear function of temperature and precipitation
changes in the current and preceding 11 months, which is formally described using the multiple linear
regression model

DRm5am1
X12

i51

bmiDTi1
X12

i51

cmiDPi1em; (3)

where DRm (unitless) is the relative change in average streamflow for target month m, DTi and DPi are the
changes in GCM monthly temperature (absolute; �C) and precipitation (relative; %), respectively, for input
month i, em is a random error of mean 0 and variance r2

em
, and am, bmi, and cmi are the regression model

parameters. DTi and DPi are spatially averaged over the area upstream of the respective stream gauge loca-
tion. Using all 12 months in the regression, we explicitly consider the seasonal effect of any potential
changes in water storage. Model inputs are GCM 30 year average monthly temperature and precipitation
changes for the 2020s, 2050s, and 2080s and model output is the corresponding 30 year average monthly
streamflow change for the 2020s, 2050s, and 2080s at each gauge location. One model is fit for each month
for each streamflow site, for a total of 24 models. Projected future streamflow is estimated as:

Qðf Þm 5Qðref Þ
m 11DRmð Þ; (4)

where Qðref Þ
m is the simulated reference streamflow (1961–1990). When using equation (4) to make hydro-

logic projections based on climate projections that have not been downscaled and processed through the
VIC model, no baseline (i.e., 1961–1990) streamflow exists for that specific projection. Hence, a common ref-
erence streamflow simulation is used for all projections, namely streamflow simulated by VIC forced with
observed historical meteorological data (which is available for the period 1950–2006).

By calibrating to the VIC-simulated streamflow changes (i.e., the simulator output), equation (3) emulates
the behavior of the VIC model in translating downscaled GCM outputs into monthly streamflow changes.
We note that equation (3) is not a function of the VIC model parameters and strictly reflects the behavior of
the VIC model as calibrated to a given set of parameter values. Further, model equation (3) does not emu-
late the dynamic state-dependent behavior of the VIC model (i.e., wherein the current value of the underly-
ing process is modeled as dependent upon the state in the previous time step(s)) [see, for instance, Reichert
et al., 2011; Young and Ratto, 2011; Castelletti et al., 2012; Fraser et al., 2013]. Hence, we treat each climato-
logically summarized VIC output as deriving from a static and independent response to climatologically
summarized inputs. As this application assumes no state-dependence, streamflow changes in a given
period are considered independent of those in prior periods and interannual dependence in basin water
storage is considered negligible. In BC, this assumption may be invalidated for watersheds that generate
substantial glacier runoff, which could potentially be subject to long-term (i.e., multidecadal) storage and
runoff trends under a warming climate [Stahl et al., 2008]. By combining observed glacier thinning rates in
BC from 1985 to 1999 [Schiefer et al., 2007] with glacier area from the Randolph Glacier Inventory [Pfeffer
et al., 2014], contemporary annual glacier runoff volume is estimated as 17.5 3 108 and 1.35 3 108 m3/yr
for the Fraser at Hope and the Peace near Taylor, which results in an annual runoff contribution of 2% and
<1%, respectively. If glacier runoff is assumed to be concentrated in the months of July, August, and Sep-
tember, this ratio changes to 6% and 1%, respectively. For convenience, we therefore assume that the
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glacier runoff contribution is small and that potential future changes in glacier storage can be neglected at
the far downstream locations considered in this study. However, credible projections at upstream or head-
water locations would require careful modeling of glacier melt and change processes [e.g., Stahl et al., 2008;
Nolin et al., 2010; Jost et al., 2011].

Future climate change may also cause long-term groundwater trends [e.g., Green et al., 2011; Taylor et al.,
2013; Allen et al., 2014]. Hydrogeological characteristics can also in turn affect seasonal streamflow trends
[Tague et al., 2008; Tague and Grant, 2009; Safeeq et al., 2013]. The VIC model represents the shallow (<3 m)
local groundwater system (i.e., soil water that is recharged, stored, and discharged within the area repre-
sented by an individual computational grid (�30 km2)); however, VIC does not represent deeper regional
groundwater or water stored in bedrock. The extent and volume of groundwater resources in BC and the
degree of interaction of slow-feedback regional and bedrock aquifers in the annual hydrologic cycle are
poorly quantified [BC Environment, 1994]. Hence, any potential long-term streamflow changes due to
groundwater trends are neglected in this study. Following calibration and verification, the final emulator
model is fit to the complete data set (i.e., 2020s, 2050s, and 2080s under A1B, A2, and B1 forcing).

3.3. Emulator Calibration
Calibration of the emulator requires estimation of the 25 regression coefficients in equation (3) based on
information provided by the 23 member VIC simulation ensemble. This leads to a ‘‘small n/large p’’ estima-
tion problem, i.e., where the number of predictors approaches or exceeds the number of samples, and
hence measures to avoid over fitting and generate a robust linear model are required. In this context, some
form of regularization or predictor selection will be needed to provide adequate generalization perform-
ance, especially given that the emulator may be asked to extrapolate based on CMIP5 predictors that fall
outside the ranges found in the SRES scenarios. The exact form that this takes, whether ridge regression,
stepwise predictor selection, etc., is an open problem, and a wide variety of solutions to the ‘‘small n/large
p’’ problem have been explored in the literature [Johnstone and Titterington, 2009]. Here we adopt a combi-
nation of regularized linear regression, in this case based on a modified form of gradient descent with early
stopping [Skouras et al., 1994], and bootstrap aggregation [Breiman, 1996]. Note that this is a linear version
of the ensemble neural network training procedure used by Cannon and Whitfield [2001] to model transient
water quality events, and by Cannon and Whitfield [2002] to downscale daily streamflow based on climate
variables. Adopting this calibration algorithm allowed for direct comparison between the proposed linear
emulator and a neural network model [Maier and Dandy, 2000; Hsieh, 2009; Maier et al., 2010], which is an
example of a flexible nonlinear modeling approach used successfully in the hydrologic modeling studies
cited above.

Parameter estimation in a bootstrap aggregated ensemble model, whether for linear regression or a neural
network, follows the same basic steps. In bootstrap aggregation, an ensemble of training data sets is gener-
ated by sampling with replacement from the available pool of calibration data. Regression models are then
calibrated on the resampled data sets using an iterative nonlinear optimization algorithm, in this case a
Newton-type method [Schnabel et al., 1985], with results from individual ensemble members averaged to
yield final regression predictions. As bootstrap resampling is done with replacement, approximately 37% of
training cases are not included in each of the bootstrapped sets. These ‘‘out-of-bootstrap’’ cases are used to
estimate the generalization error of each regression model during each iteration of the nonlinear optimiza-
tion algorithm, thereby allowing the calibration to be stopped at a point prior to overfitting. Rather than
choosing the regression coefficients that maximize performance on the bootstrapped training set, final
coefficients are instead chosen to maximize performance on the out-of-boostrap cases. In this study, the
ensemble size was set to 200. Thus, even though each individual model only sees a portion of the data
available for calibration, the ensemble as a whole will see the calibration data set in its entirety. Regression
coefficients and confidence intervals are estimated from the ensemble following Heskes [1997] and Carney
et al. [1999].

3.4. Emulator Verification
In order to verify that the linear regression model provides a robust means of estimating future streamflow
changes, the emulation model was initially trained on the 2020s A1B, A2, and B1 data and then verified
using the out-of-sample 2080s A2 projections. Figure 3, using the Fraser study area as an example, clearly
indicates that the 2080s A2 input data (DPi and DTi) used for model verification are well outside the range
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of the 2020s data used for model calibration and, hence, should provide a robust and strict test of the mod-
el’s effectiveness in emulating future streamflow changes. The degree of extrapolation is similar for the
Peace River watershed (not shown). Because extrapolation behavior is sensitive to the underlying functional
form of the regression model [e.g., see Hsieh, 2009, Figure 12.5], results from the regularized linear regres-
sion model are compared to results from three other models: ridge regression [Hoerl and Kennard, 1970;
Skouras et al., 1994], which is an alternative means of regularizing ill posed linear regression problems; a
nonlinear ensemble neural network model following Cannon and Whitfield [2001, 2002]; and linear trend. In
addition, variants of regularized linear regression and ridge regression models were tested to see if nonlin-
ear terms might improve emulation and extrapolation performance; in both cases, squares (DT 2

i and DP2
i )

and cross-products (DTiDPi) terms were added to equation (3). For ridge regression, optimum values of the
ridge penalty parameter were selected over the range 228 to 216 via split-sample validation on bootstrap/
out-of-bootstrap samples from the calibration data. Neural networks with one and two hyperbolic tangent
hidden nodes were trained and verified using the same procedure as regularized linear regression. In the
linear trend model, DRm for the 2080s A2 period was estimated by extrapolating the linear trend in monthly
streamflow between the 1961–1990 baseline and the 2011–2040 A2 scenario to the 2080s.

Finally, a second verification test was performed, this time with the emulation models trained on both the
2020s and 2050s A1B, A2, and B1 data and then verified, again, on the out-of-sample 2080s A2 projections.
Model performance on the second verification test is expected to be better than on the first, as the training
data set includes twice as many samples and less extrapolation is required when projecting to the 2080s
based on data from the 2050s. Model performance for both verification tests is summarized in Table 1. Root
mean squared errors (RMSE) for out-of-sample predictions of DRm from the regularized linear regression
model are encouraging and are universally superior to those for ridge regression, neural network, and linear
trend, as well as those for the regularized linear regression model with squares and cross-products terms.
The linear form of equation (3) provides robust extrapolation outside the range of the calibration data rela-
tive to the nonlinear models, and the gradient descent with early stopping approach to regularization

Figure 3. Comparison of range of calibration and validation inputs for the Fraser River study area.
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outperforms ridge regression. Within-sample RMSE values for the full regularized linear regression model
(i.e., trained using all VIC-simulated data) are 0.076 and 0.123 for Fraser and Peace, respectively.

For context, model performance for the regularized linear model trained on data from the 2020s is verified
graphically in Figure 4, where VIC-based and emulated projected monthly streamflow changes for the
2080s A2 are compared for both the Fraser and Peace. For the most part, emulated DRm is in general agree-
ment with simulated results. The seasonal variation in emulated DRm is consistent with the simulated values
in both basins, showing a pattern typical for nival regimes throughout western North America [Morrison
et al., 2002; Toth et al., 2006; Elsner et al., 2010; B€urger et al., 2011; Kerkhoven and Gan, 2011; Schnorbus et al.,
2014; Shrestha et al., 2012; Hamlet et al., 2013], with increased streamflow in November through May and
decreased streamflow in July through September. At both locations, the simulated and emulated results
show that the largest streamflow increase and decrease is projected to occur in March and August, respec-

tively. In the majority of
months, the emulated results
tend, however, to have damp-
ened variability between
GCMs, which is typical of linear
regression [B€urger et al., 2012,
Appendix A]. Exceptions are
the low flow months of August
and September (Fraser) and
July and August (Peace), where
the spread between GCMs in
the emulated flow is larger
than that in the VIC-based pro-
jections. The emulated results
also tend to underestimate
streamflow increases, particu-
larly for Peace, and slightly
overestimate streamflow
decreases, particular for Fraser.
Nevertheless, results are
encouraging and indicate that
regularized linear regression is
a robust approach to emulat-
ing the VIC-based projected
streamflow changes for both
study sites.

Coefficient values (excluding
intercepts) for the final model

Table 1. Root Mean Square Error (RMSE) Values for Predictions of DRm (All Months Combined) by the Regularized Linear Regression
Model for the Fraser (FR) and Peace (PR) Projected Streamflow Data Compared to Alternative Modelsa

RMSE (DRm , Relative Change)

Watershed: Fraser Peace Fraser Peace
Calibration: 2020s 2020s 2020s, 2020s,

Model (2080s A2 Verification) 2050s 2050s
Reg. linear regression 0.258 0.386 0.179 0.268
Linear trend 0.583 0.554 0.365 0.362
Ridge regression 0.394 0.537 0.237 0.309
Neural network, 1 node 0.620 0.597 0.375 0.397
Neural network, 2 nodes 0.622 0.625 0.377 0.380
Reg. linear regression; DT 2

i ;DP2
i ;DTiDPi 0.467 0.539 0.196 0.367

Ridge regression; DT 2
i ;DP2

i ;DTiDPi 0.563 0.623 0.279 0.388

aValues for the best performing model in each watershed are shown in bold; values for models that perform worse than linear trend
are underlined.

Figure 4. Out-of-sample verification comparing simulated (blue) to emulated (pink) box
plots of projected monthly discharge changes for the 2080s A2 ensemble (8 3 GCMs) for (a)
the Fraser River at Hope and (b) the Peace River at Taylor.
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are presented in Figures 5 and 6 for temperature and precipitation changes, respectively. For brevity, values
are only shown for the Fraser. Although a physical interpretation of the individual model coefficients is not
necessarily straightforward, we can make some general interpretations of how temperature and precipitation
changes affect streamflow in the emulator. For temperature (Figure 5), the coefficient values can be inter-
preted as the relative change in monthly average streamflow for the target month resulting from a 1�C
increase in monthly average temperature in any given month. Consistent with the Peace and the Fraser being
nival regimes, temperature appears to have the strongest association with streamflow during the winter and
spring months, when increasing temperature in the current and preceding months predicts increased stream-
flow during the target month. For the most part, streamflow only shows a significant response to temperature
changes (interpreted based on the 95% confidence interval on the individual parameters) in the 2–4 months
prior to the target month. Streamflow changes in the summer and fall months, although significant, do not
exhibit as large a sensitivity to temperature changes. For precipitation effects (Figure 6), the coefficient values
can be interpreted as the relative change in monthly average streamflow for the target month resulting from
a 1% increase in monthly average precipitation in any given month. For these nival watersheds emulated
streamflow changes are dominated by changes in temperature (supporting information Figure S1), such that
the resultant coefficient values for precipitation are noisy and have physically unreasonable signs in certain
months (e.g., occurrence of negative slope values in April, May, and November).

The emulator was constructed based on an a priori assumption that runoff change in a given month would
be sensitive to temperature and precipitation changes in the current and all (i.e., 11) antecedent months. It
is clear from the results that this is not necessarily the case, particularly for precipitation, indicating that the
base model specified by equation (3) may be overparameterized for the two example basins. Nevertheless,
as our primary goal is to emulate streamflow changes, and the emulator model is demonstrated to be a
robust predictor of monthly streamflow change, all 12 months for both DT and DP are retained as predictors
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Figure 5. Full regression model monthly coefficient values for temperature change for given target month (Q1 5 January, Q2 5 February, etc.) for the Fraser River at Hope. Symbols
show parameter values (white dot) with 2.5–97.5% uncertainty range (vertical bars).
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for sake of generality. Despite the large number of predictors in the base model, the final emulator does
not suffer from overfitting because the effective number of parameters is reduced due to regularization via
early stopping and ensemble averaging. As pointed out by Marconato et al. [2013], regularization techni-
ques like early stopping can reduce overall model complexity without necessarily setting any of the original
parameters exactly to zero. Given the dominant influence of DT relative to DP on streamflow changes in the
emulator (supporting information Figure S1), the noisy but nonzero coefficient values associated with pre-
cipitation changes do not lead to reductions in model performance. Nevertheless, a more parsimonious
baseline model was also specified and fit to determine if a reduction in the number predictors, in particular
for precipitation, might lead to improvements in emulator performance. In this alternate model, streamflow
changes are a function of DT and DP in months m and m 2 1, indicative of coincident and fast reaction to
antecedent changes, as well as cumulative temperature and precipitation changes in months m 2 6 to
m 2 2, indicative of lagged reactions to cumulative antecedent conditions:

DRm5am1bmDTm1cmDPm1bm21DTm211cm21DPm211

bs

X6

i52

DTm2i1cs

X6

i52

DPm2i1em
(5)

The total number of parameters is thus reduced from 25 to 7. As above, parameters in this reduced model
were fit based on 2020s A1B, A2, and B1 data and performance was then verified using the out-of-sample
2080s A2 projections. Resulting RMSE values for the reduced model are found to be 5.0% worse than the
full model (cf. Table 1) for the Fraser and 5.2% worse for the Peace, which lends further support to the gen-
eral validity of an emulator based on equation (3).

For this study, the emulator was calibrated to an ensemble of opportunity which, in this case, provided
good fitting results and a robust model. However, legitimate questions could be raised regarding the
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Figure 6. Same as Figure 5, but for precipitation change.
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number of process-based sim-
ulations required to achieve a
robust emulator calibration.
Although it is beyond the
scope of this study to deter-
mine an objective way of
establishing an optimal sample
size and type of process-based
simulations, one can speculate
that the choice will depend on
the degree of spread among
the available climate projec-
tions for the study area and
the hydro-climatic regime
being investigated (rainfall ver-
sus snowfall or precipitation
versus temperature sensitivity).

4. Results and
Discussion

4.1. CMIP3
In this section, we compare
streamflow projections for the
original PCIC subset of CMIP3

to the full suite of available CMIP3 climate projections (including multiple runs from the same GCM). Results
are discussed for the 2080s A2 projections, which experiences the largest changes of the three emissions
scenarios and periods under investigation. Projections for the PCIC subset are based on eight climate pro-
jections while those using all CMIP3 results are based on 37 climate projections. In this and all subsequent
sections, future streamflow projections are plotted showing the ensemble median and the 5–95% range of
the ensemble spread. For the 1970s period, ensemble spread cannot be represented for anything but the
original 23 CMIP3-based hydrologic projections (8, 8, and 7 for the SRES A1B, A2, and B1 emissions scenar-
ios, respectively). Hence, we plot the 1970s historical period using the 30 year median of the reference
streamflow with 5–95% percentile range estimated using bootstrap resampling (sample size of 10,000) of
the 30 median values for each month. For both the Fraser and the Peace, using a subset of available climate
projections has little visible effect on the ensemble median monthly streamflow projections (Figure 7). How-
ever, the spread of the PCIC subset projections is smaller than the spread of projections for the full ensem-
ble for the winter and spring periods.

The importance of this result depends upon the context in which GCM projections are chosen for impacts
and adaptation studies. The use of multi-GCM ensembles generated from coordinated modeling experi-
ments has become the standard to produce climate projections [Meehl et al., 2007; Taylor et al., 2012]. These
ensembles sample at least some of the uncertainties due to emissions scenario, model structure, and indi-
rect forcing effects and provide a framework for understanding and estimating projection uncertainties
[Tebaldi and Knutti, 2007; Knutti et al., 2010a]. In the context of ‘‘model democracy’’ (i.e., where all GCMs are
assumed to give plausible climate responses to greenhouse gas forcings) [Knutti, 2010], this result suggests
that using a subset of GCMs can underestimate projection uncertainty as represented by the full ensemble.
However, if models are instead chosen based on skill in simulating historical climate [e.g., Gleckler et al.,
2008; Rupp et al., 2013], as was the case with the PCIC subset [Werner, 2011], then one may view the addi-
tional model spread as simply arising from less plausible GCMs. However, there is little agreement on met-
rics to separate good and bad models and there is not, as of yet, a great deal of evidence to indicate that
historical simulation skill relates to the magnitude of projected changes [Knutti et al., 2010b; Flato et al.,
2013]. Regardless, streamflow projections for the 2080s based on the consensus estimate (taken as the
median of each respective A2 ensemble) give consistent trends with respect to projected streamflow
changes, namely increased discharge in the winter and spring and reduced discharge during the summer.

Figure 7. Monthly discharge for CMIP3 2080s A2 PCIC comparing the PCIC subset (blue) ver-
sus all CMIP3 (pink) for (a) the Fraser River at Hope and (b) the Peace River at Taylor. Dark
lines show ensemble median and bands show the 5–95% percentile range (1970s range
based on bootstrap estimate).
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Nevertheless, agreement between the ensemble medians does not imply confidence in the overall accuracy
of the projected climate and subsequent streamflow changes [Collins et al., 2013].

4.2. CMIP3 Versus CMIP5
Results for this section compare streamflow changes using temperature and precipitation changes derived
from both CMIP3 and CMIP5. This comparison is based on projections using the SRES A2 and the RCP8.5
emissions scenarios for the CMIP3 and CMIP5 models, respectively. The SRES A2 scenario represents a high
emissions scenario, with diagnosed radiative forcing of 8–9.5 W m22 over preindustrial levels by the end of
the 21st century (based on the mean plus-or-minus one standard deviation from a simple climate model
tuned to 19 CMIP3 GCMs) [IPCC, 2007]. The RCP8.5 scenario is also representative of high emissions scenar-
ios in which no climate policies have been implemented and which represents the worst-case of the four
RCP scenarios. RCP8.5 specifies a global radiative forcing over preindustrial levels of 8.5 W m22 by the end
of the 21st century [van Vuuren et al., 2011a]. Despite similar radiative forcing by 2100, the emissions trajec-
tories and composition of greenhouse gasses and pollutants prescribed by the two scenarios are not identi-
cal and are, therefore, not expected to generate an identical climate response [e.g., Knutti and Sedl�acek,
2013].

Projected changes in temperature and precipitation for the Fraser are given in Figure 8 for the months of
January (winter) and July (summer). The CMIP5 RCP8.5 climate projections produce greater warming than
CMIP3 A2 in both January and July. Both the CMIP3 A2 and CMIP5 RCP8.5 ensembles show increased pre-
cipitation for January, but for July CMIP5 RCP8.5 is wetter (less dry) than the CMIP3 A2 ensemble. CMIP5
RCP8.5 precipitation changes for July are ambiguous (split between increased and decreased precipitation),
whereas the CMIP3 A2 ensemble predominantly shows decreased precipitation. Results are generally similar
for the Peace River basin for temperature in both months and January precipitation (not shown). In July, the
CMIP5 RCP8.5 ensemble is again wetter than the CMIP3 A2 ensemble, however, in the case of Peace this
translates to increased precipitation for CMIP5 RCP8.5 and predominantly decreased precipitation for CMIP3
A2 (not shown). In general, CMIP5 RCP8.5 generally projects warmer and slightly wetter (or less dry) condi-
tions than CMIP3 A2.

Figure 9a compares 2080s streamflow projections for the Fraser. Although the CMIP5 RCP8.5 results are
qualitatively similar to the CMIP3 A2 results, CMIP5 RCP8.5 clearly generates larger streamflow changes,
namely larger increases in the winter and spring and larger decreases in the summer. In both cases, how-
ever, despite the seasonal shift in streamflow, the Fraser still essentially remains a nival regime as the annual
hydrograph remains dominated by the spring freshet. Differences in projected streamflow changes repre-
sent differences in both greenhouse gas and pollutant emissions between the SRES A2 and RCP8.5 scenar-
ios as well as differences in GCM model structure and process representation between CMIP3 and the

Figure 8. Projected 2080s temperature and precipitation changes for the Fraser River for the months (a) June and (b) July.
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newer generation CMIP5 mod-
els (inter alia higher resolution
and the inclusion of carbon
cycling). The effect of these
two differences cannot be
diagnosed individually.

The results for the Fraser dem-
onstrate some limitations of
the statistical emulation
approach, namely the projec-
tion of negative streamflow for
some ensemble members dur-
ing the month of August (for
12 of 50 experiments). Despite
the verification of the model’s
robustness against CMIP3 data,
the statistical model lacks
physical constraints and can
project physically implausible
results in some extreme cases
that are outside the range of
the original calibration data
(Figure 8). In the month of
August, streamflow derives

from precipitation and depletion of storage, mainly from the soil as seasonal snow is generally depleted by
late summer [Shrestha et al., 2012]. Projection of negative streamflow in August suggests that evaporation
consumes in excess of all precipitation and available soil moisture storage, which is physically impossible.
Our model, given by equation (2), implies that evaporation is linearly associated with changes in tempera-
ture, and assumes that, over a monthly integration period, temperature is an indicator of the evaporative

potential of the atmosphere
[e.g., McKenney and Rosenberg,
1993; Shuttleworth, 1993].
Model verification confirms
that such a relationship is
physically plausible in the
range of the verification data,
and we suspect that these con-
ditions were indicative of
energy limited conditions (i.e.,
evaporation restricted by avail-
able energy) or only moderate
summer water stress (i.e., evap-
oration restricted by available
water) [Bonan, 2008; Roderick
and Farquhar, 2011]. The
CMIP5 results suggest the
emergence of increasingly
moisture-limited conditions
during summer in the 2080s
for some scenarios, which
imposes an increasingly strin-
gent physical constraint on
actual evaporation which is not
explicitly incorporated in our

Figure 9. Monthly discharge for CMIP3 2080s A2 versus CMIP5 RCP8.5 for (a) the Fraser River
at Hope and (b) the Peace River at Taylor. Dark lines show ensemble median and bands
show the 5–95% percentile range (1970s range based on bootstrap estimate).

Figure 10. Monthly streamflow projections for CMIP5 RCP8.5 2020s, 2050s, and 2080s for (a)
the Fraser River at Hope and (b) the Peace River at Taylor. Dark lines show ensemble median
and bands show the 5–95% percentile range (1970s range based on bootstrap estimate).
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statistical emulation model.
Neglecting changes in glacier
storage and late summer gla-
cier melt may also be partly
responsible for the error.
Regardless, the results of Fig-
ure 9a are indicative of increas-
ing aridity during the summer
and the possibility for substan-
tially reduced summer dis-
charge. Further, we are able to
demonstrate the use the emu-
lated results to rapidly proto-
type the entire CMIP5
ensemble and identify those
climate projections of particu-
lar interest, e.g., those indica-
tive of high summer water
stress, so they can be subject
to a more thorough analysis
using process-based models.

Results for the Peace are quali-
tatively similar (Figure 9b).
Again, projected monthly
streamflow changes for the
2080s under CMIP5 RCP8.5 are
more severe than those pro-
jected for CMIP3 A2. As per the
Fraser, 9 of 50 projections show
negative streamflow for July.
Curiously, the GCM projections
that generate negative stream-
flow in the Peace and Fraser are
not the same (with the excep-
tion of three). This is perhaps

not surprising given the large regional variation in hydrologic response across western Canada to climate vari-
ability (e.g., El Ni~no-Southern Oscillation and Pacific Decadal Oscillation) [Gobena and Gan, 2006; Woo and
Thorne, 2008; Whitfield et al., 2010; Thorne and Woo, 2011; Gobena et al., 2013], particularly the semiindepend-
ent variations in hydro-climate between northern and southern BC [Moore and McKendry, 1996; Stahl et al.,
2006; Wang et al., 2006].

4.3. CMIP5
Monthly CMIP5 RCP8.5 streamflow projections for the 2020s, 2050s, and 2080s are given for the Fraser and
Peace in Figure 10. For both locations, the streamflow response to climate change is typical of nival regimes
[Christensen et al., 2004; Barnett et al., 2005; Elsner et al., 2010; Schnorbus et al., 2014; Shrestha et al., 2012],
with increased discharge in the winter, earlier onset of the spring freshet, reduced summer discharge and
lengthened summer low flow season. Changes become more severe moving from the 2020s to the 2080s
and the prominence of the spring freshet progressively diminishes as more runoff is shifted to the winter.
Nevertheless, even by the end of the century both study areas retain the traits of a nival regime, although
snowmelt runoff is reduced in importance from that of the present climate and summer is projected to
become much drier.

Streamflow projections based on three RCP emissions scenarios for the Fraser are given in Figure 11 for the
periods centered on the 2020s, 2050s, and 2080s. Compared to RCP8.5, the RCP2.6 scenario represents a
mitigation scenario leading to a very low radiative forcing level and RCP4.5 represents a medium

Figure 11. CMIP5 RCP2.6, RCP4.5, and RCP8.5 2020s, 2050s, and 2080s monthly streamflow
projections for the Fraser River at Hope. Dark lines show ensemble median and bands show
the 5–95% percentile range (1970s range based on bootstrap estimate).
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stabilization scenario resulting in 2.6 and 4.5 W m22 radiative forcing, respectively, above preindustrial lev-
els by 2100 [van Vuuren et al., 2011a]. During the 2020s, the projected monthly streamflow ensembles for
the three scenarios are largely indistinguishable, and all three hint at increased discharge during the fall
and winter, an earlier freshet onset and reduced summer discharge compared to the baseline period. These
trends in monthly streamflow become larger through the 2050s and 2080s, and by the 2080s streamflow
projections for the nonmitigation RCP8.5 scenario are clearly distinguishable and larger than those for either
RCP2.6 or RCP4.5. However, for all three emissions scenarios there is strong consensus in all three periods of
changes in monthly streamflow in every month except the seasonal transition months of May/June and
October/November. Due to the long-lived nature of many greenhouse gases and the inertia of the climate
system [Collins et al., 2013], even the high-mitigation RCP2.6 scenario (which may require a reduction in
global CO2 emissions of greater than 100% and a reduction in most non-CO2 gases below present levels by
2100) [van Vuuren et al., 2011b] exhibits monthly streamflow changes throughout the century. For the
2080s, the spread in streamflow projections (representing the variation in temperature and precipitation
response between the different GCMs) is largest for the RCP8.5 scenario and comparable for the RCP4.5 and
2.6 scenarios.

5. Conclusion

We have demonstrated a computationally efficient means of constructing projections of monthly stream-
flow change for the 2020s, 2050s, and 2080s for two streamflow sites in BC, Canada, the Peace River at Tay-
lor and the Fraser River at Hope. The technique involves statistical emulation of streamflow projections
made by the VIC hydrologic model driven with downscaled GCM data. The emulation uses regularized lin-
ear regression to model the relationship between basin-wide projected changes in monthly temperature
and precipitation at the GCM resolution and VIC-simulated changes in monthly streamflow. Calibration and
out-of-sample validation to a 23 member subset of the full CMIP3 multimodel ensemble (which uses the
SRES A1B, A2, and B1 emissions scenarios) reveals that the approach is generally robust. Monthly projec-
tions have subsequently been made using output for larger ensembles of 136 and 134 runs of the CMIP3
and CMIP5 (which uses the RCP2.6, 4.5, and 8.5 emissions scenarios) multimodel data sets, respectively.

As GCM uncertainty is a large contributor to uncertainty in hydrological change scenarios, we considered
the question of whether streamflow projections based on the 23 member VIC-simulated ensemble is repre-
sentative of the full range of uncertainty from the 136 member CMIP3 ensemble. In terms of model spread,
the 23 member VIC-simulated ensemble is only representative of the larger 136 member CMIP3 ensemble
during the summer and fall half of the year. During the winter and spring, the smaller ensemble has a
smaller spread than the larger ensemble. However, both ensembles provide essentially the same consensus
estimate (taken as the ensemble median) of monthly streamflow change.

Do the more recent CMIP5 simulations, which are based on different emission scenarios, and, in most cases,
new models, present a different picture of future streamflow changes? Qualitatively, CMIP5 RCP8.5 shows
the same projected response as CMIP3 A2 for snow-dominated hydrologic regimes: higher winter dis-
charge, advanced spring melt runoff, and lower summer discharge. However, the 2080s CMIP5 ‘‘worst-case’’
nonmitigation RCP8.5 runs have a larger impact (larger streamflow increases and decreases from the 1970s
baseline) than the CMIP3 A2 runs.

Emulated results for the CMIP5 streamflow changes for the 2080s indicates that for some projections the
model extrapolates to physically impossible values during the summer. In particular, emulated streamflow
becomes negative for a limited number of ensemble member during July for the Peace River and during
August for the Fraser River. However, this result underscores the advantage of using a simple statistical
emulator to rapidly highlight and identify those future extreme projections that may merit further study
using more involved, but computationally demanding, process-based methods.

As a proof-of-concept, it was beyond the scope of this project to explicitly develop a general emulation
framework that would be applicable to broad range of hydro-climatic regimes. For instance, the methodol-
ogy would need to be adjusted to accommodate situations requiring additional complexity where, for
instance, glacier storage was a more substantial contribution to annual and monthly runoff. However, the
flexibility of the model (monthly predictors for temperature and precipitation change) suggests that it is
applicability to other types of hydro-climatic regimes merits investigation, so long as long-term trends in
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water storage are negligible. Nevertheless, despite the relative simplicity and specificity of our application
to two nival regimes in BC, this work has successfully demonstrated the efficacy of using an emulation
approach to generate hydrologic projections.
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