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ABSTRACT

We describe a state-of-the-art framework for projecting hydrologic impacts due to enhanced warming and

amplified moisture fluxes in the subarctic environment under anthropogenic climate change. We projected future

hydrologic changes based on phase 5 of the Coupled Model Intercomparison Project global climate model sim-

ulations using the Variable Infiltration Capacity hydrologic model and a multivariate bias correction/downscaling

method for the Liard basin in subarctic northwestern Canada. Subsequently, the variable importance of key

climatic controls on a set of hydrologic indicators was analyzed using the random forests statistical model. Results

indicate that enhanced warming and wetness by the end of century would lead to pronounced declines in annual

and monthly snow water equivalent (SWE) and earlier maximum SWE. Prominent changes in the streamflow

regime include increased annual mean and minimum flows, earlier maximum flows, and either increased or de-

creased maximum flows depending on interactions between temperature, precipitation, and snow. Using the

variable importance analysis, we find that precipitation exerts the primary control on maximum SWE and annual

mean and maximum flows, and temperature has the main influence on timings of maximum SWE and flow, and

minimumflow.Given these climatic controls, the changes in the hydrologic indicators becomeprogressively larger

under the scenarios of 1.58, 2.08, and 3.08C global mean temperature increases above the preindustrial period.

Hence, the framework presented in this study provides a detailed diagnosis of the hydrologic changes as well as

controls and interactions of the climatic variables, which could be generalized for understanding regional scale

changes in subarctic/nival basins.

1. Introduction

Freshwater systems in Arctic and subarctic environ-

ments are changing rapidly in response to a warming

climate and changing precipitation regime. Enhanced

warming in the Arctic—which is almost twice as large as

the global temperature average (Serreze and Barry 2011;

Cohen et al. 2014)—coupled with amplified poleward

moisture transport (Min et al. 2008; Zhang et al. 2013)

is affecting different components of the hydroclimatic
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system (Larsen et al. 2014; Bring et al. 2016), including

reductions in the duration and extent of snow cover

(Liston and Hiemstra 2011; Derksen et al. 2015) and

enhanced permafrost thaw (Romanovsky et al. 2010;

Grosse et al. 2016). Intensification of the hydrologic regime

is an expectedmanifestation of the enhancedwarming and

wetness in the region. For instance, increased precipitation

is causing increased streamflow across pan-Arctic river

basins (Peterson et al. 2002; Wu et al. 2005; Rawlins et al.

2010; Zhang et al. 2013), while peak streamflow is shifting

earlier (Burn et al. 2010; Overeem and Syvitski 2010; Tan

et al. 2011). Further, warmer winters result in a larger

fraction of winter precipitation as rainfall, increased in-

filtration and subsurfacewatermovement, which is leading

to increased winter flows (Smith et al. 2007; Tananaev

et al. 2016).

Future climate projections suggest continuations of

enhanced warming and strong precipitation increase

(Collins et al. 2013; Vihma et al. 2016). For instance,

December–February and June–August mean air tem-

perature over land across the pan-Arctic are projected

to increase by 108C (68C) and 58C (48C), respectively,
under phase 5 of the Coupled Model Intercomparison

Project (CMIP5) representative concentration pathway

RCP8.5 (RCP4.5) scenario by the end of the twenty-first

century (CMIP5 multimodel mean for 2081–2100 rela-

tive to 1986–2005 averages; van Oldenborgh et al. 2013).

Further, mean precipitation over land for October–

March and April–September are projected to increase

by 60% (35%) and 25% (20%), respectively, under the

RCP8.5 (RCP4.5) scenario by the end of the twenty-first

century (van Oldenborgh et al. 2013).

The ongoing hydrologic change in theArctic/subarctic

is expected to be amplified due to the enhanced future

warming and wetness. Such alterations in the hydrologic

regime, together with the loss of snowpack and perma-

frost, could havemajor implications on infrastructure and

services in the regions (Larsen et al. 2014; Instanes et al.

2016). However, the regions have received limited focus

in terms of basin-scale hydrologic impact studies. Typi-

cally, in other regions, sophisticated basin-scale hydro-

logic models forced with downscaled outputs from

GCMs are used to project future hydrologic changes.

For the Arctic and subarctic regions, however, there is

still a need to rely on future projections based on global

or pan-Arctic wide studies (e.g., Sperna Weiland et al.

2012; Koirala et al. 2014; Schewe et al. 2014; Bring et al.

2017). These large-scale studies certainty do have value,

as their projections (e.g., increased annual flows and low

flows, and earlier peak flows) provide a basic under-

standing of the hydrologic changes due to changes in the

large-scale climate drivers. Yet, for river basin-scale as-

sessments, spatial resolutions ($0.58) of these studies are

often too coarse to represent the relevant physical pro-

cesses and spatial heterogeneity, especially for the

mountainous regions and small subbasins. For instance,

Melsen et al. (2016) and Buitink et al. (2019) compared

hydrologic models at different spatial resolutions for

the Swiss Alps region, and found substantial improve-

ment in the model performance and representation of

intrabasin variability when using fine-resolution models.

Further, in large-scale studies, meteorological forcing

variables from GCMs are often used without down-

scaling, and model parameters are usually not calibrated

to replicate basin-scale responses, which lead to large

uncertainties in hydrologic projections (Krysanova

et al. 2017; Hattermann et al. 2017). Some of these

shortcomings have been addressed by recent basin-

scale studies. For instance, Scheepers et al. (2018) em-

ployed an ensemble of statistically downscaled CMIP5

GCMs and a basin-scale hydrologic model for projec-

ting changes in the Mackenzie River basin, western

Canada. Although projected future changes—for ex-

ample, earlier onset of spring snowmelt, higher winter

and spring runoff, and lower summer runoff—are

similar to results from large-scale studies, basin-scale

studies are, arguably, more credible because climate

model biases are accounted for explicitly, and snow and

runoff processes are parameterized in a more realistic

fashion.

Further, there have been recent innovations in the

bias correction/downscaling methods used to obtain

finer-scale, bias-adjusted representations of the GCM

climate forcings. These include multivariate techniques,

which, in contrast to commonly used univariate down-

scaling methods that only correct distributions of indi-

vidual variables, also correct biases in intervariable

dependence (Cannon 2018a). Given that the cold-regions

hydrologic processes, such as snow accumulation and

melt are highly dependent on temperature and pre-

cipitation interactions (Luce et al. 2014), the multi-

variate techniques by virtue of maintaining realistic

relationships between climatic variables could po-

tentially lead to improved hydrologic simulations.

For instance, Meyer et al. (2019) demonstrated im-

provements in hydrologic simulations in terms of a

more plausible rainfall–snowfall partitioning, and a

better agreement with the observed snow water

equivalent, glacier volume, and streamflow regime,

when they compared results from a multivariate

downscaling method with those from a univariate

method. Thus, as suggested by Zscheischler et al.

(2019), multivariate bias correction methods should

be favored for impacts modeling when interac-

tions between variables play an important role (such as

for cold-regions hydrologic modeling) to ensure that the
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climatic variable dependencies are captured more

realistically.

With respect to future hydrologic responses, changes

in temperature and precipitation can affect different

components of the hydrologic cycle. For instance, in

snow-dominated regions, temperature changes mostly

affect runoff timing while precipitation changes mostly

affect runoff volume (Barnett et al. 2005, 2008). Fur-

ther, the magnitude and seasonality of snowpack storage

are sensitive to seasonal precipitation and temperature,

with winter/spring temperature increases causing re-

ductions that could be offset by precipitation increases

(Mote 2006; Luce et al. 2014). However, the role of

different climatic controls on key hydrologic indica-

tors (e.g., annual flow, maximum and minimum flow

and timings) remain to be analyzed in many basins.

Such analyses could add value, not only by identifying

the dominant climatic controls, but also by providing a

general understanding of the systems behavior (e.g.,

control versus response) with potential usage beyond

the studied basin. Input–output sensitivity can be

investigated using variable importance techniques

(Wei et al. 2015), which typically provide a measure

of the relative importance of control variables (e.g., cli-

matic drivers) on response variables (e.g., hydrologic

indicators).

Further, with the signing of the 2015 Paris Agreement,

which aims to limit global warming well below 28C and to

pursue efforts to limit it to 1.58C above the preindustrial

level (UNFCCC 2015) and subsequent release of the

Intergovernmental Panel on Climate Change (IPCC)

special report on global warming of 1.58C (IPCC 2018),

understanding local-scale impacts under different global

warming thresholds has become a policy relevant is-

sue. In this context, the results of VI analysis could be

extended to link basin-scale temperature and precipi-

tation changes at different global warming thresholds

to hydrologic changes.

The study contributes to an improved understanding

of hydrologic impacts of anthropogenic climate change

in the subarctic environment by using a state-of-the-art

modeling framework, consisting of a detailed hydro-

logic model, multivariate bias correction/downscaling

method, and a statistical variable importance model.

Specifically, in order to develop a better understanding

of the river basin/subbasin scale future hydrologic re-

sponses due to enhanced warming and wetness in the

subarctic environment, we employed the 1/168 grid res-

olution Variable Infiltration Capacity (VIC) hydro-

logic model (Liang et al. 1994; Hamman et al. 2018) for

the Liard basin in northwestern Canada. We employed

the N-dimensional multivariate bias correction algo-

rithm (MBCn; Cannon 2018a) to downscale/bias-correct

CMIP5 climate models (Taylor et al. 2012) under the

RCP4.5 and RCP8.5 scenarios, and subsequently drive

the VIC model. Further, we applied the random for-

ests statistical model (Breiman 2001) to evaluate the

dominant controls of temperature and precipitation

changes on a set of hydrologic indicators. Additionally,

we analyzed the interactions of climatic controls with

hydrologic indicators under different global warming

thresholds above the preindustrial period.

2. Study basin

The Liard is a large river system in the subarctic

northwestern Canada and a major tributary of the

Mackenzie River (Fig. 1). Covering about 16% of the

Mackenzie basin with a drainage area of approximately

277 000 km2, the Liard River contributes about 25% of

total annual discharge. The river and its tributaries flow

through four Canadian provinces/territories (Yukon,

British Columbia, Alberta, and Northwest Territories)

before discharging into Mackenzie River at Fort Simp-

son. Major tributaries of the Liard River include the

Fort Nelson River, South Nahanni River, Kechika

River, Petitot River, Muskwa River, Dease River, and

the Frances River.

Located in the Boreal and Taiga ecoregions in west-

ern Canada, the Liard River basin (LRB) is mostly in

pristine state, hence this study provides an assessment

of climate-induced hydrologic changes in a basin with

minimum human impacts. The LRB is physiographically

heterogeneous with three northwest–southeast trending

Cordillera Mountains chains (Stikine Ranges, Selwyn,

and RockyMountains) occupying more than 50% of the

basin, and the rest in the interior plains. Elevation

exceeds 3200m in the mountains and ranges between

170 and 800m in the southern plateaus and lowlands

(Woo and Thorne 2006). Isolated to extensive dis-

continuous permafrost is present in parts of the basins

(Heginbottom et al. 1995).

The region is dominated by westerly circulation, with

topography exerting a major influence on atmospheric

circulation, especially over the Cordillera Mountains

causing a strong precipitation gradient (Szeto et al.

2008). Consequently, the southwestern mountainous

part of the basin receives higher precipitation com-

pared to the eastern leeward side (Woo and Thorne

2006). Mean annual precipitation, temperature, and

runoff in the basin over the years 1979–2012 were

about 570mm,22.08C, and 290mm, respectively [based

on Pacific Northwest North American meteorologi-

cal (PNWNAmet) gridded climate data (Werner et al.

2019) and Water Survey of Canada (WSC), Liard

River at Mouth hydrometric station streamflow data].
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Seasonally, the basin receives higher precipitation be-

tween April and September and lower precipitation

between October and April when the basin mean

temperature are below freezing (Fig. S1 in the online

supplemental material). Runoff is characterized by a

subarctic nival regime, in which snowmelt dominates

generating annual high flows in combination with

summer rainfall (Woo and Thorne 2006).

Recent studies suggest that there have been changes

in the hydrologic response of the basin. For instance,

Burn (2008) evaluated the spring peak streamflow tim-

ing for the years 1966–2005 and found significantly

earlier shifts (at 10% significance level; p , 0.1) at sev-

eral sites in the LRB. The winter baseflow contribution

to the Liard River at Mouth streamflow was also found

to have increased significantly (p , 0.1) over the years

1973–2007, while the changes in annual flows remained

insignificant (St. Jacques and Sauchyn 2009). Further,

Rood et al. (2016) found a significantly increasing long-

term (1944–2013) (p , 0.05) trend in the Liard River

at Fort Liard mean annual discharge.

Future climate projections for the LRB indicate con-

tinued enhanced warming and strong increases in pre-

cipitation, with hydrologic changes generally consistent

with the historical trends. Specifically, Dibike et al.

(2017) used an ensemble of six statistically down-

scaled CMIP5 GCMs (2071–2100 versus 1971–2000)

and projected an about 38–78C (18–48C) increase in

annual mean temperature and 20%–40% (10%–25%)

increase in annual mean precipitation for the RCP8.5

(RCP4.5) scenario. They further analyzed the an-

nual and June–August standardized precipitation

and evapotranspiration indices, and found a gradual

surplus in the annual water supply (expressed as pre-

cipitation minus potential evapotranspiration) and a

progressively larger deficit in the summer water supply

over the years 1950–2100. Hydrologic projections for

the LRB are available in the studies by Thorne (2011)

and Gosling et al. (2011), in which they evaluated fu-

ture changes corresponding to 28C prescribed warming

for six GCMs and 18–68C warming for one GCM, with

climate inputs derived by using a weather generator

technique (Todd et al. 2011). Their hydrologic pro-

jections showed an earlier spring freshet, increased au-

tumn to spring and annual discharge, and decreased

summer discharge. Notably, neither future hydrologic

projections with respect to CMIP5 RCP forcing sce-

narios and global warming thresholds nor evaluations

of climate controls on hydrologic changes have been

studied for the LRB.

FIG. 1. Location map and elevation range of the Liard River basin (LRB). The numbers

(1, Toad-NC; 2, Liard-UC; 3, S-Nahanni-NF; 4, Liard-M) and letters (a, Sikanni Lake; b,

Wade Lake; c, Frances River; d, Hyland River) refer to the subbasins and snow survey

stations, respectively, for which VIC results are compared with observations (see the

supplemental material).
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3. Methods and data

a. GCM data and downscaling

We selected an ensemble of seven GCMs (summa-

rized in Table S1) that participated in the CMIP5 ex-

periment (Taylor et al. 2012), with two scenarios that

correspond to high (RCP8.5) and moderate (RCP4.5)

radiative forcings for each GCM. Five of the seven

GCMs were used in the North American Coordinated

Regional Climate Downscaling Experiment (Mearns

et al. 2017), which favored climate models with a long,

well-documented development history and record of

credible simulations (Kotamarthi et al. 2016). Hence,

uncertainties due GCM structure and greenhouse gas

concentration and anthropogenic forcings, which are

the most important sources of uncertainties in projec-

ting hydrologic impacts of climate change (Najafi et al.

2011; Bennett et al. 2012; Hattermann et al. 2018), are

considered in this study.
We employed a combination of spatial interpolation

and the N-dimensional multivariate bias correction

method (MBCn) (Cannon 2018a) to spatially disaggre-

gate and bias correct the coarse-resolutionGCMoutputs

to match the resolution (1/168) and statistical characteris-

tics of the gridded observations used to calibrate the

hydrologic model. MBCn is a multivariate extension of

quantile mapping that corrects biases in the marginal

distributions of multiple climate model variables as well

as the dependence between variables (i.e., the empirical

copula). MBCn is an extension of an image processing

technique (Pitié et al. 2007) that operates by iteratively

(i) applying a random orthogonal rotation to both cli-

mate model and observational target datasets, (ii) cor-

recting the marginal distributions via quantile mapping,

and (iii) rotating datasets back to the original axes and

checking convergence. Repeating these steps guaran-

tees transfer of the climate model’s multivariate distri-

bution to that of observations. Specifically, the marginal

distributions and empirical copula in the historical cal-

ibration period will match observations. In the fu-

ture projection period, projected changes in corrected

quantiles are also constrained to match those of the

raw climate model (Cannon et al. 2015). Extrapolation

involves an approach called quantile delta mapping

(Cannon et al. 2015) that preserves absolute changes

in quantiles for temperature and relative changes in

quantiles for precipitation. Further, the corrected em-

pirical copula is free to evolve, and model-projected

changes in multivariate dependence structure are re-

tained by MBCn, although this depends on how much

correction is needed to bring the historical empirical

copula in line with observations. In terms ofmultivariate

dependence, both features—correction of the historical

copula and preservation of changes in dependence—

can be important when considering future changes in

multivariate extremes (Kirchmeier-Young et al. 2017;

Zscheischler and Seneviratne 2017; Zscheischler et al.

2019), including those related to hydrologic processes

in cold regions (Meyer et al. 2019). More details on the

MBCn method are available in Cannon (2018a).

In this study, the MBCn R package (Cannon 2018b)

was used to bias correct daily maximum and minimum

temperature, daily precipitation amounts, and wind

speed from GCMs over the LRB. First, GCM outputs

were remapped onto the 1/168 observational grid us-

ing bilinear interpolation. Next, interpolated climate

data were adjusted, on a grid point by grid point basis

with respect to the PNWNAmet gridded climate data

(Werner et al. 2019) using the 56-yr 1950–2005 period

for calibration, with MBCn bias corrections applied

over 3 3 19 years 5 57-yr sliding windows to ap-

proximately match the length of the calibration pe-

riod. Each time, the central 19 years were replaced,

the window was slid 19 years, etc., until the end of the

projection period was reached. Replacing the central

19 years helps avoid large discontinuities between

edges of the full 57-yr sliding window and is compu-

tationally more efficient than, for example, replacing

only the central year or other smaller block lengths.

Within each 19-yr block—to ensure an unbiased sea-

sonal cycle—bias corrections were applied over 3 3
30-day sliding day-of-year blocks, with the central

30 days replaced and the window slid 30 days at a time.

b. Hydrologic modeling

Given the mountainous terrain, fine-resolution hydro-

logic modeling is desirable for the LRB. Therefore,

we employed the semidistributed macroscale VIC hy-

drologic model version 5.0.0 (Liang et al. 1994, 1996;

Hamman et al. 2018) at a 1/168 spatial resolution for the

LRB. Since its initial development in 1990s, the model

has undergone a number of updates and refinements to

better represent the cold climate processes, such as en-

ergy balance over snow and frozen ground (Cherkauer

and Lettenmaier 2003; Andreadis et al. 2009). With these

refinements, the model has been extensively applied in

the snow dominated regions (e.g., Andreadis et al. 2009;

Shrestha et al. 2012, 2014; Werner et al. 2013; Schnorbus

et al. 2014), and over the pan-Arctic domain at a coarse

resolution (Adam and Lettenmaier 2008; Tan et al. 2011;

Hamman et al. 2016). Also, VIC has been widely used

for assessing the hydrologic impacts of climate change

(Hidalgo et al. 2009; Elsner et al. 2010; Shrestha et al.

2012; Werner et al. 2013; Schnorbus et al. 2014).

We set up the VIC model with geospatial data de-

rived from: (i) 7.5-arc-s Global Multiresolution Terrain
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Elevation Data 2010 (Danielson and Gesch 2011),

(ii) 250-m resolution land cover dataset from North

American land change monitoring system (Latifovic

et al. 2012), and (iii) 5-arc-min resolution soil classifi-

cation and parameterization based on the data provided

in the Global Soil Data Products CD-ROM (Global Soil

Data Task 2014). The geospatial data were processed

and gridded to match the 1/168 resolution of the VIC

model setup, with elevation bands discretized at 200-m

intervals. The LRB was subdivided into 28 subba-

sins based on the Water Survey of Canada hydrometric

station network for the representation of spatially het-

erogeneous hydrologic responses. We used daily pre-

cipitation, maximum and minimum temperature, and

wind speed from the PNWNAmet gridded climate data,

which match the 1/168 resolution of the VIC model

setup, for model calibration. The 3-hourly meteorolog-

ical inputs of precipitation, maximum and minimum air

temperature, wind speed, longwave radiation, short-

wave radiation, atmospheric pressure, and vapor pres-

sure data required to run VIC in energy balance mode

were generated from the daily data using the Mountain

Microclimate Simulation Model, version 4.3 (MTCLIM

4.3; Thornton and Running 1999) from VIC version 4.2.

We employed the Nondominated Sorting Genetic Al-

gorithm (NSGA-II; Deb et al. 2002) for a multiobjective

calibration of the VIC model parameters to match ob-

served discharge characteristics, with three commonly

used goodness-of-fit measures calculated at daily time

steps used as objective functions: (i) Nash–Sutcliffe co-

efficient of efficiency (NSE), (ii) NSE of log-transformed

discharge (LNSE), and (iii) volume bias (VB). Five stan-

dard runoff generation parameters were calibrated:

variable infiltration curve parameter (Bi), fraction of

maximum soil moisture where nonlinear baseflow oc-

curs (Ws), maximum velocity of baseflow (Dsmax),

fraction of Dsmax where nonlinear baseflow begins

(Ds), and variation of saturated hydraulic conductivitywith

soil moisture (Expn). Ten years (1984–93) of observed

discharge was used for model calibration and a further

10 years (1994–2003) was used for model validation, with

two additional years (1982–83) used as a spinup period

to exclude the effects of initial conditions from the hydro-

logic simulations. The NSGA-II optimization involved

iterating a population size of 80 over 20 generations. From

the multiobjective Pareto solutions, the model parameters

with the best overall performance were selected using the

fuzzy preference selection methodology (Shrestha and

Rode2008).Additionally, theVICmodel snow simulations

were comparedwith a number of snowpillowobservations.

After satisfactory model calibration, VIC was forced with

the MBCn downscaled climate data for simulations cor-

responding to the historical and future GCM runs.

As previously stated, the LRB lies in the isolated to

extensive discontinuous permafrost zone. Hence, the

application of VIC with frozen ground/permafrost is

the preferred means of simulating the hydrologic re-

sponse. In practice, however, VIC model runs with

frozen ground/permafrost turned on are computation-

ally very expensive for large basins. We found in our

tests that a VIC frozen ground run takes up to 1 h per

grid cell for a 15-yr period. At this rate, model simula-

tion for the LRB with 11 875 grids cells and 150 years of

downscaled GCM data will take approximately 50 days

to run on a 100-core processor cluster. Additionally,

each subbasin needs to be calibrated, which involves

running the model 1600 times. This makes it impractical

to calibrate the model and run 14 GCMs with explicit

frozen-ground processes. For this reason, model runs

were limited to standard energy-balance mode. Thus, the

lack of frozen ground in the hydrologic model leads to

structural uncertainties, especially for subsurface-flow

and low-flow simulation. However, the uncertainty in

streamflow simulation is partly compensated by model

calibration.

c. Variable importance analysis

Historical and future changes in temperature and

precipitation, and their interactions, affect different

components of the hydrologic cycle differently. Hence,

we evaluated the response variables (i.e., hydrologic

indicators) as a function of climate controls (seasonal

temperature and precipitation) using the random for-

est (RF) ensemble machine learning method (Breiman

2001). The RFs are combination tree predictors, con-

structed with each tree using a random vector from

bootstrap samples with the same distribution for all trees

in the forest (Breiman 2001). We chose to use the RF

model because of its simplicity and ability to account for

interactions between variables, which is an important

consideration in nival basins, for example, for snow

accumulation and melt processes that are sensitive to

temperature and precipitation interactions.

The RFmodel used in this study is based on (i) a large

ensemble of regression trees (typically more than 500) in

which a randomly chosen subset of predictors is used

to find the best split at each node; (ii) a bootstrap sample

of training cases, which increases the diversity be-

tween trees; (iii) growth of each tree to its maximum size

without pruning; (iv) averaging predictions from the

individual trees; and (v) using out-of-bag samples to esti-

mate the generalization errors, thus eliminating the need

for a separate cross validation. Averaging predictions

from a large number of weakly accurate but diverse trees

leads to an ensemble model that is robust against over-

fitting and performswellwith little tuning (Breiman 2001).
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The RF model provides a measure of sensitivities of

the driving variables in terms of their relative variable

importance (VI), as well as estimates of predictability of

the response variables in terms of goodness-of-fit sta-

tistics. The algorithm estimates VI by considering the

changes in prediction errors by randomly permuting the

out-of-bag data for an individual variable while leaving

all other variables unchanged (Liaw and Wiener 2002).

The errors are computed on the out-of-bag data for each

tree and after permuting a variable. The averaged dif-

ferences (for all trees) normalized by the standard error

gives the measure of importance for that particular

variable. We used NSE for evaluating the model fit.

Readers are referred to Breiman (2001) and Liaw and

Wiener (2002) for further technical details. A number of

studies (e.g., Prasad et al. 2006; Peters et al. 2007; Povak

et al. 2014; Wang et al. 2015) illustrate applications of

the RF model in hydrology and ecology.

In this study, the ‘‘caret’’ (Kuhn et al. 2018) interface to

the ‘‘randomForest’’ R package (Liaw andWiener 2002)

was used. We trained a separate RF model for the six

VIC-model-simulated hydrologic indicators: (i) maxi-

mum snow water equivalent (SWEmax), (ii) timing of

SWEmax, (iii) annual mean flow (Qmean), (iv) annual

maximum flow (Qmax), (v) timing of Qmax, and (vi) an-

nual minimum flow (Qmin). The average SWE values and

routed flows corresponding to the Liard River at Mouth

station were used. The input variables consisted of sea-

sonal temperature and precipitation (obtained from the

MBCn downscaled climate data averaged over the entire

basin and seasons) for the months: January–March

(JFM), April–June (AMJ), July–September (JAS), and

October–December (OND). These months were used

instead of the commonly used meteorological seasons

(e.g., December–February) because of better perfor-

mance of the RF model during an initial model setup,

likely due to the fact that the dominant processes in

the basin align better with these months (e.g., snow

accumulation in the basin starts in October). Hence,

eight seasonal temperature and precipitation (JFM_T,

AMJ_T, JAS_T, OND_T, JFM_P, AMJ_P, JAS_P,

OND_P) variables were defined as RF inputs for a

combined total of 1540 simulation years—seven histor-

ical forcing GCM simulations (1950–2005 for each),

seven RCP4.5 GCM simulations (2006–2100 for each),

and seven RCP8.5 GCM simulations (2006–2100

for each).

4. Results and discussion

a. Hydrologic model calibration/validation

We selected results for the Liard River at Mouth

(Liard-M) hydrometric station to represent the aggregated

response over the entire basin. Further, using the high-

resolution VIC model outputs, we evaluated model per-

formance and future projections for the South Nahanni

River above Virginia Falls (S-Nahanni-VF) and Toad

River above Nonda Creek (Toad-NC) tributaries (both

Reference Hydrologic Basin Network stations; Brimley

et al. 1999), and Liard River at Upper Crossing (Liard-

UC) on the main stem (Fig. 1). The modeled flow results,

with the NSE, LNSE, andKling–Gupta efficiency (KGE)

values greater than 0.70 (Table 1), indicate good model

fits. Additionally, volume errors , 8% indicate a good

ability of the model to simulate the water balance. The

model is able to reproduce the observed streamflow

dynamics reasonably well (Fig. S2), particularly for the

annual major hydrologic event driven by the spring

snowmelt. However, there are some discrepancies in the

modeled results, for instance overprediction (under-

prediction) of the Toad-NC (S-Nahanni-VF) subbasin

peak flows. A major source of uncertainty in streamflow

simulation is the representativeness of the precipitation

and temperature in the PNWMAmet dataset, espe-

cially the sparse station network in the high-latitude

region (Mekis and Vincent 2011). Additionally, uncer-

tainties arise from the quality of the observed discharge

data, especially during ice-covered low-flow period

(Hamilton 2008), hydrologic model structure (e.g., lack

of frozen ground algorithm) and parameters (e.g., cali-

bration of parameters based on discharge data alone).

Additionally, the comparison of VIC simulated

SWE with observations at several locations in the ba-

sin (Fig. 1) generally shows a good representation of the

seasonal high and low SWE dynamics (Fig. S3). How-

ever, there are discrepancies; for example, the mean

absolute errors in the simulated values are 86, 52, 28, and

33mm for Sikanni Lake, Wade Lake, Frances River,

and Hyland River stations, respectively. Besides me-

teorological inputs, other factors contributing to the

errors could include mismatch in the location and el-

evation of the observation station with the model

grid and elevation band, respectively, and measure-

ment errors (e.g., SWE calculation from snow depth).

Nevertheless, given the general agreement in the

magnitude and dynamics of the simulated SWE and

streamflow with observations, the calibrated model

was considered suitable for projecting future climate

scenarios.

b. Temperature and precipitation changes

Figure 2 depicts the MBCn downscaled historical

and future GCM projections of mean annual temper-

ature and precipitation, together with changes in rain-

fall and snowfall. The projections illustrate progressive

warming for both RCPs, with the ensemble median
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annual temperature (shown by solid lines) increasing

from 22.48C in 1976–2005 to about 10.98C (RCP4.5)

and 13.78C (RCP8.5) by the end of century (2071–

2100). The increases for the GCM ensemble range

between 11.38 and 14.68C under RCP4.5, and

between 13.28 and 17.68C under RCP8.5. Further-

more, the median annual temperature is projected to

cross the 08C threshold around 2040 (2050) for RCP8.5

(RCP4.5), with stabilization after 2060 underRCP4.5 and

continued increases under RCP8.5. The temperature

projections generally follow historical trends, which, for

the years 1945–2012, are increasing significantly (p ,
0.05) at a rate of about 10.38C decade21 (based on

Mann–Kendall trend analysis with iterative prewhiten-

ing; Zhang and Zwiers 2004). Future projections indicate

significant increasing trends for seven (six) out of seven

TABLE 1. NSE, LNSE, KGE, and percent volume error (VE) for the VIC calibration (1984–93) and validation (1994–2003) results for

selected subbasins draining to the WSC hydrometric stations.

Statistical performance calibration (validation)

Subbasin No. WSC ID Subbasin name Subbasin area (km2) NSE LNSE KGE VE

1 10BE004 Toad-NC 2540 0.74 (0.68) 0.91 (0.91) 0.86 (0.75) 0.3 (7.4)

2 10AA001 Liard-UC 32 600 0.86 (0.79) 0.88 (0.93) 0.92 (0.89) 22.0 (20.9)

3 10EB001 S-Nahanni-NF 14 500 0.81 (0.72) 0.91 (0.87) 0.91 (0.82) 1.2 (6.7)

4 10ED002 Liard-M 275 000 0.86 (0.83) 0.87 (0.88) 0.92 (0.90) 21.6 (4.3)

FIG. 2. Time series (1950–2100) of historical and projected futuremean annual (a) temperature, (b) precipitation,

(c) rainfall, and (d) snowfall averaged over the LRB. Temperature and precipitation were obtained from MBCn

downscaling, and rainfall and snowfall were obtained from VIC model partitioning. The historical (gray) and the

future RCP4.5 (light blue) and RCP8.5 (light red) simulations are illustrated in terms of maximum and minimum

ranges (shadings) and median values (lines) of the seven-GCM ensemble.
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ensemble members of RCP8.5 (RCP4.5) GCMs over the

period 2006–2100.

Strong precipitation increases are projected in the

basin under both RCPs, with annual increases for the

GCMs ranging from 14% to 118% for RCP4.5 and

from 19% to 130% for RCP8.5 (2080s versus 1976–

2005). While the change in mean annual precipitation

over the historical period is not significant, future

projections indicate significant increases for seven

(three) RCP8.5 (RCP4.5) GCM ensemble members

over the period 2006–2100. Based on partitioning of

rain and snow by VIC, precipitation increases are

projected to mostly occur as rain (Fig. 2c), with sig-

nificant increases for all seven ensemble members for

both RCP4.5 and RCP8.5. Despite increased pre-

cipitation, snowfall is generally projected to decline

(Fig. 2d), which is indicative of the temperature control

on snowfall fraction and duration. This is also reflected

in a larger snowfall decline for RCP8.5, which is sta-

tistically significant for five out of seven ensemble

members. In the case of RCP4.5, the decline in snowfall

is significant for a single ensemble member, with non-

significant increases or decreases for threemembers each.

Following the IPCC Task Group on Scenarios

for Climate Impact Assessment guideline (Carter

et al. 2007), the 30-yr periods were considered for the

evaluation of changes between the end of century

(2071–2100) and historical (1976–2005) periods. Fur-

ther, following a common practice (e.g., Jiménez
Cisneros et al. 2014), the 2071–2100 period is referred

to as 2080s. Compared to the historical period, the

2080s seasonal temperature and precipitation mostly

show increases (Fig. S4, Table S2), which is consistent

across GCMs and RCPs. Between the GCMs,

HadGEM2-ES and GFDL-ESM2M tend to have the

highest and lowest temperature increases, respec-

tively. In the case of precipitation, the increases are

mostly consistent among GCMs, RCPs, and seasons,

with higher increases in OND and lower increases in

JFM and JAS. However, there is a large variability in

future changes for AMJ and OND, with CanESM2

RCP8.5 scenario increasing by 150%, and MPI-MR

RCP4.5 and GLDL RCP4.5 showing no change for

AMJ and OND, respectively.

c. Snow water equivalent changes

Given the potential impacts of temperature and pre-

cipitation increases on snow storage, we considered

changes in monthly and annual SWE, as well as the

magnitude and timing of SWEmax (Figs. 3, 4). Results

are based on 30-yr means of each GCM, with the

maximum, median, and minimum values from seven

GCM ensemble members depicted. The comparison of

monthly and annual SWE responses (2080s versus

1976–2005) revealed that despite the increase in mean

annual and seasonal precipitation (Table S2), the mean

annual SWE declines for all subbasins (Fig. 3). As

expected, a larger decline in SWE occurs for the RCP8.5

scenario, corresponding to the larger decline in snowfall

(Fig. 2d). Thus, under RCP8.5, disproportionately larger

precipitation increases would be required to maintain a

particular SWE level. In the case of mean monthly

SWE, declines are projected for the Toad-NC subbasin

and Liard-M basin, while some of the winter months

could experience increases (especially for RCP4.5) for

the Liard-UC and S-Nahanni-VF subbasins. The SWE

values for the summer months are projected to decline

for all subbasins. The Toad-NC subbasin becomes snow-

free from July to September for the majority of RCP8.5

ensemble members. The summer snow storage loss also

leads to considerably smaller SWE values from October

to June for both RCPs compared to the historical period

(Fig. 3a).

In contrast to these generally consistent declines in

the monthly and annual SWE values, SWEmax values

could either increase or decrease depending on the sub-

basin and RCP considered (Fig. 4a). Specifically, while

there are declines for both future scenarios for the Toad-

NC and Liard-M basins, there are increases for the ma-

jority of RCP4.5 and RCP8.5 ensemble members for the

S-Nahanni-VF. In the case of Liard-UC, the future

SWEmax values increase for the majority of RCP4.5 en-

semble members and decreases for the majority of

RCP8.5 ensemble members. A possible explanation for

the differences is the north–south temperature gradient,

with the warmer southern Toad-NC experiencing de-

clines and colder northern S-Nahanni-VF experiencing

increases. In the case of SWEmax timing, which is an in-

dicator of snowmelt initiation, progressively earlier oc-

currences are projected under future warming scenarios.

A closer examination of the RCP4.5 and RCP8.5 results

revealed a generally consistent pattern of earlier timing

for smaller SWEmax and later timing for larger SWEmax (not

shown). This relationship between the magnitude and

timing of SWEmax indicates the importance of tempera-

ture and precipitation interactions on snowpack accu-

mulation and melt. Overall, the entire basin is projected

to experience consistent declines in the monthly, annual,

and maximum SWE in 2080s compared to 1976–2005. For

instance, for the Liard-M basin, there are pronounced

decreases in the projected SWEmean and SWEmax, and

earlier SWEmax timings (Table S3).

d. Streamflow changes

The projected increases in monthly and annual mean

flows by the end of century (2080s) compared to the
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baseline period for the subbasins of the LRB (Fig. 5)

are consistent with the higher precipitation input to

the basin (Fig. 2 and Fig. S4). Although the hydrologic

regime of the basin is projected to remain nival, as

the signature pattern of rapid rise in spring/summer

flow following the snowmelt persists under both

RCPs, the seasonality of future flow is projected to

undergo prominent changes. For instance, enhanced

flows for the fall–winter months are projected, attrib-

utable to the combined effect of the warmer and wetter

future climate and consequent increases in rainfall

fraction. This pattern is generally consistent, except

for the northernmost and coldest (Table S2) subbasin

of S-Nahanni-VF (Fig. 5c), likely due to the persis-

tence of winter subfreezing conditions that inhibit

rainfall events and snowmelt. On the other hand, fu-

ture responses for the spring–summer months are

similar across the LRB. Specifically, the months of

April–May exhibit substantially higher flows from

1976 to 2005 to 2080s for all subbasins, a pattern that

is consistent with the rapid depletion of snow storage

for these months and RCPs (Fig. 4). For both winter

and summer, flow increases are higher for RCP8.5

compared to RCP4.5. Flows in the month of June

show continued increase for RCP4.5, and decline for

RCP8.5 in response to an earlier depletion of snow

storage. Continued declines in flows are projected for

the months of July and August despite increased pre-

cipitation in these months (Fig. S4, Table S2), attrib-

utable to the earlier snowmelt-driven flow recession

and higher rates of evapotranspiration loss. As a result,

the seasonal flow ratios (expressed as October–March

to April–September flow ratios) change progressively

with the warmer climates (Table S4).

FIG. 3. Monthly mean historical (1976–2005) and future (2071–2100) SWE (mm) averaged over the four sub-

basins of the LRB: (a) Toad-NC, (b) Liard-UC, (c) S-Nahanni-VF, and (d) Liard-M. The historical (gray) and

future RCP4.5 (light blue) and RCP8.5 (light red) projections are illustrated in terms of maximum and minimum

ranges (shadings) and median values (lines) of the 30-yr means of the seven-GCM ensemble. Annual ranges and

median values are shown on the right-hand side.
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FIG. 4. (a) Annual maximum SWE (SWEmax; mm) and (b) annual SWEmax timing

(days since 1 Oct) averaged over the four subbasins of the LRB. The historical (gray)

and future RCP4.5 (light blue) and RCP8.5 (light red) projections are illustrated in

terms of maximum andminimum ranges (bars) andmedian values (lines) of the 30-yr

means of the seven-GCM ensemble.
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The effects of temperature and precipitation changes

are also evident in streamflow extremes. Annual

maximum flow Qmax, which occurs primarily as a re-

sult of snowmelt, is projected to increase in 2080s

for most GCM ensemble members, and decline for

some members (Fig. 6a). It is also interesting that

while both Qmax and SWEmax increase for the major-

ity of GCM ensemble members for the Liard-UC and

S-Nahanni-VF subbasins, Qmax for RCP4.5 increase

despite the decrease in SWEmax for the Toad-NC and

Liard-M basins (Fig. 4a). Thus, there is no straight-

forward relationship between snow storage and max-

imum flow. This also suggests that mechanisms other

than snowpack storage, such as rainfall and possibly

rain-on-snow, play increasingly important roles in the

generation of futureQmax. The increased contribution

of rainfall could be a major factor for RCP8.5, as the

increases in Qmax occur despite the greater snowpack

declines (Fig. 3).

On the other hand, a generally consistent pattern of

progressively earlier Qmax timing emerges with greater

warming scenarios. Specifically, compared to the his-

torical period, the median timings are projected to

shift by about 10 days under RCP4.5 and a further

10 days under RCP8.5 (Fig. 6b). Further,Qmax dates lag

SWEmax dates by more than 2 months (Fig. 4b). This is

because the SWEmax date is an indicator of snowmelt

initiation, whileQmax usually occurs after a depletion of

the large fraction of snow storage, and is dependent on a

number of factors, such as snowpack depth, melt rates,

rainfall, and travel time for the meltwater from different

parts of the basin to reach the basin outlet.

Minimum flow Qmin in the region occurs during the

winter snow/river-ice-covered season, when subfreezing

FIG. 5. Monthly mean historical (1976–2005) and future (2071–2100) flow (m3 s21) averaged over the four sub-

basins of the LRB: (a) Toad, (b) Liard-U, (c) S-Nahanni, and (d) Liard-M. The historical (gray) and future RCP4.5

(light blue) andRCP8.5 (light red) projections are illustrated in terms of maximum andminimum ranges (shadings)

and median values (lines) of the 30-yr means of the seven-GCM ensemble. Annual ranges and median values are

shown on the right-hand side.
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temperature inhibits rainfall events and prevents

snowmelt, and baseflow from groundwater sustains

low-flow discharge with the flow amount reflecting

prewinter groundwater storage status (Woo and

Thorne 2014). The results depict a consistent pattern

of increase in winter low flows for all subbasins of

the LRB, attributable to the increased fraction of

winter rainfall and the subsurface flow generation

under the warmer future climate. Consequently, there

is a larger increase in low flow for the warmer RCP8.5

forcing. Overall, generally consistent patterns emerge

from the future projections of monthly, annual and

minimum hydrologic indicators. These include pro-

nounced increases in Qmean and Qmin. In the case of

Qmax, while the 2080s values could either increase

or decrease depending on the choice of GCMs, their

timings are projected to occur earlier for all GCMs

(Table S3).

e. Variable importance of hydrologic projections

The VI percentage scores obtained from the RF

models depict the relative controls of seasonal climate

variables on hydrologic indicators (Fig. 7). The pre-

dictability scores from the RF model are given as NSE

values. The sensitivity plots of these indicators with re-

spect to temperature and precipitation changes (Fig. 8)

are based on VI analyses, with multiple seasonal tem-

perature and precipitation combined when any of the

seasonal VI is higher than 10%.

The RF model results for SWEmax illustrate the

dominance of OND_P and JFM_P with VI . 30%,

while temperatures for these two seasons provide

moderate influences (VI . 10%). The relationship

between the variables is reinforced by a good fit

(NSE 5 0.76) of the RF model, hence there is a good

predictability of SWEmax using seasonal temperature

and precipitation. Figure 8a, which depicts the sensi-

tivity of SWEmax in relationship to OND 1 JFM tem-

perature and precipitation changes, illustrates the

trade-off between increasing SWEmax with increasing

precipitation and decreasing SWEmax with increas-

ing temperature. Hence, a higher precipitation in-

crease would be required to maintain a certain level of

SWEmax as the basin gets progressively warmer. Under

the RCP8.5 scenario, even the large winter pre-

cipitation increase is not able to offset the temperature

driven decline in SWEmax, and the occurrences of mean

historical SWEmax value (;210mm) become rare.

Overall, while the winter precipitation amount controls

the SWEmax magnitude, winter temperature also exerts

an important influence.

In contrast to SWEmax magnitude, winter tempera-

tures have a larger influence on SWEmax timing. This is

FIG. 6. (a) Annual maximum flowQmax (m
3 s21), (b)Qmax timing

(days since 1 Oct), and (c) minimum flow Qmin (m3 s21) averaged

over the four subbasins of the LRB. The historical (gray) and future

RCP4.5 (light blue) andRCP8.5 (light red) projections are illustrated

in terms of maximum and minimum ranges (bars) and median

values (lines) of the 30-yr means of the seven-GCM ensemble.
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indicated by VI . 30% for JFM_T and AMJ_T, the

two seasons when SWEmax typically occurs, although

JFM_P also show some influence (VI . 10%). How-

ever, the RF model fit for this indicator is relatively

low (NSE 5 0.41), so the predictability of SWEmax

timing is limited using seasonal temperature and pre-

cipitation. Further, although the sensitivity plot of

SWEmax timing in relationship to JFM 1 AMJ tem-

perature and precipitation changes show some evi-

dence of temperature dependence (e.g., progressively

earlier SWEmax with increasing warming Fig. 8b),

the relationship is not clearly stratified, implying

that seasonal precipitation and temperature have

limited capability to explain the variability of SWEmax

timing.

The VI for annual flow are .15% for precipitation

in all four seasons, indicating that Qmean is pre-

dominantly controlled by precipitation. It is in-

teresting to note that the JAS months have the highest

precipitation amount (Table S2) but relatively low VI.

This could be explained in terms of higher evapo-

transpiration losses in summer months and thus lower

net water input to the basin. However, on an annual

basis increased wetness tends to overshadow the ef-

fect of increased evaporative demand due to warming,

which leads to increased annual flows. The model

performance forQmean is good (NSE5 0.78), hence, it

is possible to provide good estimates of annual flows

using seasonal temperature and precipitation. The

precipitation dependence of Qmean can also be seen

when the historical and projected future flows are

considered with respect to annual temperature and

precipitation changes (Fig. 8c). In this case, a clear

stratified pattern emerges depicting higher flows with

increasing wetness and vice versa.

The VI score greater than 20% for OND_P, JFM_P,

and AMJ_P indicates that Qmax is primarily con-

trolled by precipitation, while seasonal temperatures,

with VI . 7%, exerts some influence. Thus, while the

increased precipitation generally leads to increased

Qmax, this could be offset by increased temperature and

consequently reduced snowpack volume. The predict-

ability of Qmax using seasonal temperature and pre-

cipitation is moderate (NSE 5 0.50). Furthermore,

while the sensitivity plot ofQmax in relation to OND1
JFM 1 AMJ temperature and precipitation (Fig. 8d)

show some evidence of precipitation control (e.g., in-

crease in Qmax with precipitation increase), the lack

of clear stratification is indicative of more complex

interactions.

There is relatively high influence of temperature

on Qmax timing, with VI . 14% for the months when

the Qmax events occur (JFM_T and AMJ_T). Thus,

similar to SWEmax timing, Qmax timing is mainly

temperature controlled. However, the low RF model

fit score (NSE 5 0.35) suggests that seasonal tem-

perature and precipitation do not sufficiently explain

the variability of Qmax timing. This is further illus-

trated by the sensitivity plots of Qmax timing in re-

lation to AMJ 1 JAS precipitation and temperature

(Fig. 8e), where the pattern of early Qmax with in-

creasing temperature is marked by the lack of clear

stratification.

The primary controls for Qmin are JFM_T and

OND_T, with the relative VI of 42% and 19%, re-

spectively. The low flow in the region is mainly con-

tributed by baseflow from groundwater (Woo and

Thorne 2014) with an expectation of increased ground-

water recharge and subsurface flow as temperature

increases (Bense et al. 2009). This is especially the

FIG. 7. VI (%) with respect to the seasonal temperature and precipitation obtained from the RFmodel. Also shown

are the model fits in terms of NSE.
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case for RCP8.5 that exhibits large increases in Qmin

as the basin gets increasingly warmer (Fig. 6c).

However, there is only a moderate predictability

(NSE 5 0.54) of Qmin using seasonal climate vari-

ables as predictors. This is further illustrated by

the moderately stratified pattern of increasing Qmin

with increasing warming in the sensitivity plot in

relation to OND 1 JFM temperature and precipitation

(Fig. 8f).

Overall, the VI analysis provides an effective means

of evaluating climatic controls on hydrologic changes.

Although, not a focus of this study, the results could

be used to develop a computationally efficient statisti-

cal modeling framework, for example, for emulating

FIG. 8. Sensitivity plots of hydrologic indicators with respect to annual/seasonal temperature change T (%) and

precipitation change P (mm). Multiple seasons are combined when the variable importance are higher than 10%.

Illustrated results are for: (a) maximum SWE (SWEmax; mm) relative to OND1 JFM P and T; (b) SWEmax timing

relative to JFM1AMJ P and T; (c) mean flowQmean (m
3 s21) relative to annual P and T; (d) maximum flowQmax

(m3 s21) relative toOND1 JFM1AMJP andT; (e)Qmax timing (days since 1Oct) relative to JFM1AMJ1 JAS

P and T; and (f) minimum flow Qmin relative to OND 1 JFM P and T.
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hydrologic responses as a function of driving covariates

(e.g., Luce et al. 2014; Schnorbus and Cannon 2014;

Shrestha et al. 2017).

f. Global mean temperature, climatic controls, and
hydrologic changes

With these insights from the VI analysis, we consid-

ered future changes in climatic controls and hydrologic

indicators with respect to the policy relevant global

mean temperature (GMT) changes. Figure 9 depicts the

variability of hydrologic responses under the 1.08, 1.58,
2.08, 2.58, and 3.08C GMT changes with respect to the

preindustrial (PI) period of 1850–2000 following IPCC

(2018). Accordingly, 1.08C global warming corresponds

to a period centered on 2017. It is to be noted that the

periods of a GMT change differ betweenGCMs because

FIG. 9. Projected changes in six hydrologic indicators under 1.08–3.08CGMT change. The RCP4.5 (blue squares)

andRCP8.5 (red triangles) projections are summarized for 31-yrmeans when eachGCM reaches the specified level

of GMT change.
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eachGCMhas a different level of climate sensitivity and

responds differently to the same radiative forcing sce-

nario (e.g., Schleussner et al. 2016). In this study, we

used the current/future 31-yr periods ofGMT thresholds

from Jeong et al. (2019), in which the periods for each

GCM were calculated relative to 1986–2005 by as-

suming a 0.618C GMT increase from 1850 to 1900 fol-

lowing IPCC (2013) (see Table S5). Some of the RCP4.5

GCMs do not reach more than 1.58C GMT change, so

differences betweenRCP4.5 andRCP8.5 responses could

not be compared.

Figure 10 illustrates interactions of the seasonal/

annual climatic controls with the hydrologic indicators

under different GMT changes. Given the lack of observa-

tion data for the preindustrial period in the study region,

the Liard basin temperature and precipitation changes

were considered with respect to the common baseline

(1976–2005) period. Thus, the temperature changes

shown do not include an estimated 1.48C warming

from 1945 to 1976–2005 (based on temperature trend

of 10.38C decade21, see section 4b) plus unknown warm-

ing from 1850–1900 to 1945. Nevertheless, as expected

for the subarctic region, the basin-scale temperature

increases are generally higher than the GMT changes.

The results are summarized for the 31-yr means, and

as in Fig. 8, multiple seasonal temperature and pre-

cipitation for the Liard basin were combined when

any of the seasonal VI is higher than 10%.

Overall, the hydrologic responses tend to get more

pronounced under higher GMT changes, while the

basin-scale temperature and precipitation provide

controls consistent with the results of VI analysis.

Specifically, while SWEmax shows a general tendency of

declines under higher GMT changes (Fig. 9a), the de-

clines are partially moderated by the OND 1 JFM

precipitation increases (Fig. 10a). In the case of SWEmax

timing, there is a tendency to earlier occurrences under

higher GMT changes (Fig. 9b), while the influence of

basin-scale warming is evident in terms of earlier timing

with higher temperature increases (Fig. 10b).

The ranges of Qmean tend to get wider under higher

GMT changes, with the values for some GCMs ex-

ceeding those under 1.08C (Fig. 9c). Consistent with the

results of VI analysis, the Qmean increases are predom-

inantly driven by basin-scale precipitation increases,

with the higher precipitation increases under higher

GMT changes leading to larger Qmean values (Fig. 10c).

The patterns of Qmax responses are similar to Qmean,

with some GCMs projecting larger extreme events un-

der higher GMT changes (Fig. 9d). Such increases in

Qmax occur when precipitation increases are high (e.g.,

under 2.58 and 3.08C GMT changes), thus emphasizing

the role of precipitation control (Fig. 10d). The Qmax

timings respond similarly to SWEmax timings, with ear-

lier shifts under higher GMT changes (Fig. 9e). The

shifts are primarily influenced by temperature increases,

while the precipitation declines seem to reinforce the

shifts with the earliest Qmax occurring when precipita-

tion decreases (Fig. 10e). Likewise, Qmin mostly in-

creases with each 0.58C GMT change (Fig. 9f). This

signal in general, is reinforced by the basin-scale tem-

perature increase, with higher the warming, larger the

minimum flow (Fig. 10f).

Hence, in addition to the end of century projections,

the results provide perspectives on the policy rele-

vant GMT changes. Overall, under each 0.58C global

warming above the preindustrial period, the basin

is projected to experience progressively enhanced

warming and wetness, and more pronounced hydro-

logic changes. For instance, there are large differences

in the ranges of Qmax, Qmax timing, and Qmin between

1.58 and 2.08C GMT changes. Thus, differences in the

severity of impacts, such as the timing and magnitude

of spring flood, could be considerable if the GMT in-

crease were to be limited to 1.58 versus 2.08C. Com-

paring the projections under different GMT changes

with the 2080s RCP8.5 scenario (Figs. 3–6), although

the directions of changes are generally similar, the

magnitudes are generally smaller. This is because the

basin-scale warming under 38C GMT change (Fig. 10)

is less than RCP8.5 2080s ensemble (Table S2). On the

other hand, hydrologic changes under a 38C GMT

increase generally match those of the RCP4.5 2080s

ensemble due to the similar level of warming and

precipitation increases.

5. Summary and conclusions

This study provides a state-of-the-art assessment of

the hydrologic impacts of climate change due to en-

hanced warming and amplified moisture fluxes in the

subarctic, with an application for the Liard River basin,

western Canada. To this end, we employed the 1/168 grid
resolution VIC hydrologic model, with the ensemble of

CMIP5 climate forcings downscaled by using a multi-

variate method that explicitly takes into account the

intervariable dependence. We evaluated the hydrologic

projections by using the Random Forests model and

identified the dominant climatic controls on a set of

hydrologic indicators. Further, we analyzed the inter-

actions of climatic controls with hydrologic indicators

under 1.08–3.08C GMT changes. The lack of accounting

of frozen soil/permafrost processes is themain limitation

of this study and a development of efficient methods

for simulating these processes need to be prioritized

for future studies.
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The projected changes for the end of century (2080s)

in comparison to baseline period (1976–2005) indicate

a substantially warmer and wetter climate, with higher

temperature and precipitation increases for RCP8.5

GCM ensemble compared to RCP4.5. The projections

for the hydrologic indicators reveal a range of changes,

with more pronounced changes for the warmer RCP8.5

scenario. Specifically, despite the substantial increases

in precipitation, snowfall is projected to decline leading

to reductions in the annual andmaximum SWE together

with shifts to earlier maximum SWE. On the other

hand, increased annual flows with larger contributions

FIG. 10. Sensitivity plots of hydrologic indicators with respect to annual/seasonal temperature change T (%)

precipitation change P (mm), and global mean temperature (GMT) change. The results are summarized for 31-yr

means of the seven-GCM ensemble when eachGCM reaches the specified level of GMT change. Illustrated results

are for (a) maximum SWE (SWEmax; mm) relative to OND1JFM P and T; (b) SWEmax timing relative to

JFM1AMJ P and T; (c) mean flow Qmean (m
3 s21) relative to annual P and T; (d) maximum flow Qmax (m

3 s21)

relative toOND1 JFM1AMJP andT; (e)Qmax timing (days since 1Oct) relative to JFM1AMJ1 JASP andT;

and (f) minimum flow Qmin relative to OND 1 JFM P and T.
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of rainfall-generated runoff are projected. Further, there

are pronounced increases in the projected minimum

flows, and earlier onsets of maximum flows. Results for

maximum flow magnitudes are less consistent, with ei-

ther increases or decreases depending on interactions of

temperature and precipitation in GCM projections. The

direction of changes under the GMT changes of 18–38C
changes are similar to the 2080s projections, while the

magnitudes under a 38C GMT change generally match

the RCP4.5 2080s ensemble.

The variable importance model captured the sensi-

tivity of the hydrologic indicators to climatic variables

and helped to provide physically plausible explanations

for future hydrologic changes. Using the model, pre-

dictability is good for maximum SWE and mean flow,

moderate for maximum and minimum flow, and low

for timings of maximum SWE and flow. In terms of

sensitivities, winter–spring precipitation is the pri-

mary control for maximum SWE, while January–June

temperature has a greater influence in its timing.

Consequently, the changes in maximum SWE reflect a

trade-off between precipitation driven snow accumu-

lation and temperature driven snowmelt initiation. On

the other hand, the mean and maximum flows are also

predominantly precipitation controlled with increasing

wetness generally leading to higher discharge. Sea-

sonal temperatures exert greater influences on maxi-

mum flow timing and minimum flows, apparently by

driving snowmelt and contributing to increased sub-

surface runoff, respectively, as temperature increases.

These hydrologic responses tend to get more pronounced

under higher GMT changes, with a general pattern of

smaller maximum SWE, earlier maximum SWE and

maximum flow, and larger minimum flows for most

GCMs; and larger mean and maximum flows for some

GCMs. The basin-scale temperature and precipitation

controls reinforce these signals, which are consistent

with the results of VI analysis.

Hence, the framework presented this study goes be-

yond projecting hydrologic impacts of climate change.

This study for a subarctic river basin is highly relevant

because the region is experiencing enhanced warming

and substantial precipitation increases, and detailed

basin-scale hydrologic modeling studies for the region

are scarce. The detailed diagnosis of the hydrologic

changes, as well as controls and interactions of cli-

matic variables on key hydrologic indicators, could be

generalized for understanding regional scale changes in

subarctic/nival basins. Additionally, by evaluating the

hydrologic changes with respect to global mean tem-

perature changes, a framework for understanding the

policy relevant global versus regional warming was de-

veloped. Further, the method developed in this study

could be used as a diagnostic tool for understanding

future changes from different generations of GCMs

and emissions scenarios, as well as a guidance to set

up/improve computationally efficient statistical mod-

eling approaches for simulating hydrologic changes.
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