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Abstract This study evaluates regional-scale projections of climate indices that are relevant to
climate change impacts in Canada. We consider indices of relevance to different sectors
including those that describe heat conditions for different crop types, temperature threshold
exceedances relevant for human beings and ecological ecosystems such as the number of days
temperatures are above certain thresholds, utility relevant indices that indicate levels of energy
demand for cooling or heating, and indices that represent precipitation conditions. Results are
based on an ensemble of high-resolution statistically downscaled climate change projections
from 24 global climate models (GCMs) under the RCP2.6, RCP4.5, and RCP8.5 emissions
scenarios. The statistical downscaling approach includes a bias-correction procedure, resulting
in more realistic indices than those computed from the original GCM data. We find that the
level of projected changes in the indices scales well with the projected increase in the global
mean temperature and is insensitive to the emission scenarios. At the global warming level
about 2.1 °C above pre-industrial (corresponding to the multi-model ensemble mean for 2031–
2050 under the RCP8.5 scenario), there is almost complete model agreement on the sign of
projected changes in temperature indices for every region in Canada. This includes projected
increases in extreme high temperatures and cooling demand, growing season length, and
decrease in heating demand. Models project much larger changes in temperature indices at
the higher 4.5 °C global warming level (corresponding to 2081–2100 under the RCP8.5
scenario). Models also project an increase in total precipitation, in the frequency and intensity
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of precipitation, and in extreme precipitation. Uncertainty is high in precipitation projections,
with the result that models do not fully agree on the sign of changes in most regions even at the
4.5 °C global warming level.

1 Introduction

Changes in Canada’s climate have widespread impacts on the environment, economic activity,
and human health, especially in the north where warming is proceeding more rapidly and
where ecosystems and traditional lifestyles are particularly sensitive to the impacts of warming
(Allard and Lemay 2012; Warren and Lemmen 2014). For example, thawing permafrost in
Canada’s North has had detrimental effects on infrastructure such as highways and buildings
(Prowse et al. 2009; Stephani et al. 2014). In southern Canada, temperature increase has also
resulted in a significant challenge for the energy sector to meet peak electricity load in summer
due to an increasing cooling demand (Wilbanks et al. 2008; OSPE 2012). Changes to the
growing season have also occurred, including prolonged growing seasons for warm season
crops and more crop heat units (accumulated amount of heat within a growing season) in
general (Qian et al. 2012). Further change seems inevitable given that warming, and its
amplification at high northern latitudes, is likely to continue under all emission scenarios.
This may enable northward expansion of some crops (Beaubien and Hamann 2011), although
not all crops will benefit from a longer growing season due to other factors—soil and water
conditions, plant physiology, etc.—that may limit the climate envelopes within which crops
perform well (e.g., Lobell and Gourdji, 2012).

Adaptation planning requires scientifically sound information about the future climate.
Global climate models (GCMs) simulate future climate under different emission scenarios.
However, GCMs simulate average conditions over large grid cells—typically about
10,000 km2 or more per cell—which is often too coarse a resolution for regional and local
applications. Bias in simulated local climate is also of concern for many applications. The
median temperature simulated by the GCMs participating in the Coupled Model Intercompar-
ison Project Phase 5 (CMIP5) has biases ranging from − 3 to 1.5 °C for seasonal and annual
mean temperatures in 26 global land areas relative to the Climate Research Unit high-
resolution gridded dataset (CRU TS3.10, Flato et al. 2013). Precipitation simulated by CMIP5
models also has considerable bias compared to observations (Flato et al. 2013). These biases
hinder the direct application of simulated future climate for impacts modeling and adaptation
planning, since climate impacts are often associated with fixed physical or biophysical
thresholds. For example, temperatures exceeding 29.5 °C can result in heat stress to canola
and consequently reduced yields (Qian et al. 2018). As a result, adaptation planning often uses
simulated future climate information that has incorporated some form of downscaling and bias
correction. These methods allow blending information from historical observations with
climate change projections from climate models. While downscaling and bias correction
methods can be useful and fit for some purposes, it is important to assess critically whether
model biases can be meaningfully corrected (Maraun 2016). Naive application of downscaling
and bias correction can result in ill-informed adaption decisions (Maraun et al. 2017). In the
end, climate information is more useable and less prone to misinterpretation when presented in
a manner specific to the impacts of concern to the local community. High-resolution future
projections of impact-relevant climate indices can be particularly useful in this regard.
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In North America, bias corrected, downscaled climate scenarios are available for the USA
(e.g., Maurer et al. 2007) and have been used to produce impact-relevant projections of climate
indices. Ficklin et al. (2016) calculated aridity and drought indices for the contiguous USA
from downscaled daily GCM projections. They identified bias correction and downscaling as
being necessary to make credible projections of these indices. The current study is the first
such work at these spatial and temporal resolutions for Canada. Here, we describe and present
future projections for a suite of impact-relevant climate indices tailored for Canadian users
from different sectors. The indices are computed based on bias corrected, downscaled GCMs
for current and future climates. In the remainder of this paper, we describe the indices and
climate data in Section 2, provide results in Section 3, and present a summary and conclusions
in Section 4.

2 Climate indices and data

2.1 Climate indices

Many existing climate indices such as the ETCCDI (joint CCl-CLIVAR-JCOMM Expert
Team on Climate Change Detection and Indices) indices (Zhang et al. 2011) were developed
for understanding the past and future changes in climate extremes (e.g., Sillmann et al. 2013a,
b). They are not, however, always relevant for tracking climate impacts at the regional and
local scales. To address the needs of different user groups in Canada, we consider agroclimate
indices specific to the three main crop types grown in Canada (Qian et al. 2013) and other
indices proposed by the Canadian adaptation community through a series of consultations.
Table S1 provides definitions of these indices. The indices fall into four general categories.
One group describes the state of the climate including annual and monthly mean temperatures
and total precipitation. Another group considers the counts of the number of days when
temperature or precipitation exceeds (or is below) a threshold value, such as annual counts
of days with maximum temperature greater than 30 °C. A third group describes the lengths of
episodes when a particular weather/climate condition occurs, for example, hot spell or dry spell
length. The fourth group consists of indices that accumulate temperature departures above or
below a fixed threshold. These include heating, cooling or growing degree-days, and crop heat
units.

2.2 Data and methods

We use spatially interpolated ~ 10 km resolution (1/12th degree) daily maximum and minimum
temperatures and total precipitation for the period 1950–2010 as Bobservational^ data
(McKenney et al. 2011). This data set is based on daily observations from across Canada
and a thin-plate smoothing splines interpolation scheme. While the gridded precipitation and
temperature data have been evaluated with station observations, the impact of gridding on the
indices used in this study has not been previously evaluated. We will therefore compare indices
computed from this gridded dataset with those computed from station observations at 10
locations representing different Canadian climates (see Fig. 1 and Section 3.1 for results).
Figure S1 shows a map of Canada along with the geographical names, regional boundaries,
and locations of these stations. Table S2 lists additional details about the stations.
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The IPCC Fifth Assessment Report (AR5) produced the Atlas of Global and Regional
Climate Projections (Annex 1, IPCC 2013) to provide a synthesis of results from the CMIP5
multi-model ensemble. The atlas uses monthly values of precipitation and surface mean
temperatures simulated by 29 GCMs, which have spatial resolutions ranging from about
1° × 1° to over 2.5° × 2.5° (latitude × longitude). We downscale daily temperatures and
precipitation amounts simulated by 24 of these GCMs (all models for which daily values
were available at the time of analysis; see Table S3) to ~ 10 km resolution over Canada using
the BCCAQ method described by Murdock et al. (2014) and Werner and Cannon (2016). We
considered the RCP2.6, the RCP4.5, and the RCP8.5 emission scenarios (van Vuuren et al.
2011) for the future projections.

Various statistical downscaling methods, including versions of bias-correction/constructed
analogues (BCCA, Maurer et al. 2010), quantile mapping (Gudmundsson et al. 2012), and

Fig. 1 Q-Q plots for the number of hot days with daily maximum temperature greater than 30 °C (TX30, upper
panel), for the length of growing season for warm seasons crops (GSL, middle panel), and for number of days
with precipitation amount greater than 1 mm (Prep1, lower panel) and at the 10 stations (different colors) listed in
Table S2 for 1950–2010. The plots compare the quantiles of the gridded observational data (horizontal axis) with
the quantiles of station observations (vertical axis, left column), raw GCM output (vertical axis, central column),
and downscaled GCM output (vertical axis, right column)
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bias-correction/spatial disaggregation (BCSD; Wood et al. 2004) were evaluated as a follow-
up to the downscaling intercomparison by Bürger et al. (2012, 2013). A method called
BCCAQ, which combines downscaling by BCCA with bias correction by trend-preserving
quantile mapping (Cannon et al., 2015), was found to produce the most robust projections
according to a set of tests that measure day-to-day temporal sequencing, equality of distribu-
tions, and spatial co-variability (Murdock et al. 2014; Werner and Cannon 2016). Evaluation
was performed via temporal split-sample validation with multiple reanalyses standing in for
GCMs (Werner and Cannon 2016), as well as a Bperfect model^ setup (Dixon et al. 2016) in
which spatially degraded RCM projections stand in for GCMs to test robustness under future
climate conditions (Murdock et al. 2014).

Ideally, the marginal distributions and spatiotemporal variability of statistically downscaled
data should be comparable to that of observation-based gridded data. In practice, Maraun
(2013) and Guttmann et al. (2014) demonstrated that certain types of downscaling/bias
correction—those that operate on individual high-resolution grid boxes separately and inde-
pendently—are prone to Bvariance inflation^ or misrepresentation of spatially aggregated
extremes. BCCAQ avoids these issues by separating the downscaling and bias correction
operations: BCCA, which includes a quantile mapping step at the GCM scale and subsequent-
ly generates realistic fine-scale spatial variability, precedes the application of second quantile
mapping at each grid point to further correct quantile distributions at the fine scale. Further-
more, the quantile mapping algorithm that is used explicitly preserves the climate change
signal—additively for temperature and multiplicatively for precipitation—of the underlying
climate model projections (Cannon et al. 2015).

We use the downscaled data generated by BCCAQ in this study. BCCAQwas calibrated using a
1950–2010 historical reference period and was applied to daily maximum temperature, daily
minimum temperature, and precipitation projections separately. Downscaling different variables
independently can lead to small numbers of cases of physical inconsistency (i.e., minimum
temperatures that occasionally exceed maximum temperatures; Thrasher et al. 2012). Tests indicate
minimal impact on the indices of interest for BCCAQ downscaled data. For instance, while cold
season indices were affected most strongly, ad hoc Bcorrection^ of inconsistent temperatures does
not have appreciable impacts on projected changes. For example, swapping inconsistent minimum/
maximum temperatures leads to negligible differences in end-of-century projected changes inwinter
mean temperature (a maximum reduction in projected changes over all grid cells for CanESM2
RCP8.5 of less than 0.3 °C) and the number of dayswithminimum temperature less than− 15 °C (±
1 day). Hence, all reported results are based on the original, independently downscaled data. Code
implementing the method is available from https://cran.r-project.org/package=ClimDown. Daily
downscaled climate projections for Canada using BCCAQ will become available from
the Pacific Climate Impacts Consortium (https://www.pacificclimate.org/data/) and
Environment and Climate Change Canada’s Canadian Climate Data and Scenarios
website (http://climate-scenarios.canada.ca).

3 Results

3.1 Evaluation of the gridded data and simulated products

As an illustration, the left panel of Fig. 1 shows quantile-quantile (Q-Q) plots between grid and
station observations at the 10 observing stations for three indices, the number of days with
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daily maximum temperature greater than 30 °C (TX30), the length of growing season (GSL)
for warm season crops, and the number of days with precipitation amount greater than 1 mm
(Prep1). Indices computed from the gridded observational data compare well with those
computed from station data. There are no apparent systematic differences for most indices
(not shown). The difference in the elevations of the grid box and the station at Agassiz (black
dots) explains the differences in temperature indices, while the effect of smoothing by the
gridding procedure can explain the slightly larger number of precipitation days from the
gridded data.

To compare multiple model simulations with observations at a particular location for 1950–
2010, we first estimate quantiles in the simulated data for individual models separately and
then compute the ensemble average of the quantiles from the 24 GCMs. The central panels of
Fig. 1 displays Q-Q plots that compare model ensemble average quantiles with quantiles from
gridded observations for the three indices. There are systematic biases in indices directly
computed from the GCM simulations. The temperature indices have different biases in both
magnitude and direction at different locations. Compared with gridded observations, the
models simulate too many precipitation days at all locations. Various biases also exist for
other indices (not shown). This indicates the need to bias-correct the model data in order to
compute indices properly.

The right panels of Fig. 1 shows Q-Q plots that compare ensemble-averaged quantiles from
the downscaled datasets with those from the gridded observations. As expected, biases seen in
the raw GCM simulations essentially disappear in the downscaled data. Biases are also
minimal for the other indices, indicating that the downscaling procedure has corrected model
biases as intended. As the downscaling procedure is not trained against the indices from the
gridded data, correction of bias for these indices does provide confidence in the usefulness of
the procedure. This is consistent with the findings of Cannon et al. (2015) and Ficklin et al.
(2016) and satisfies a key requirement for the data to be suitable in projecting changes in
climate indices at regional and local scales. Comparison with homogenized data at 80
observing stations (Vincent et al. 2012; Mekis and Vincent 2011) provides essentially the
same results (not shown).

3.2 Projected changes in indices

Seneviratne et al. (2016) showed that changes in extreme temperature and precipitation over
large regions scale with global temperature increase across emission scenarios. Linking
regional or national impacts to specified global warming levels provide a convenient way to
communicate climate change information to adaptation community. Figure 2 shows the
projected changes in Canadian mean temperature plotted against global warming levels. The
global warming level is defined in terms of the 20-year running average of multi-model
ensemble mean of global temperature relative to its pre-industrial (1861–1900) level. It is
clear that long-term changes in Canada’s mean temperature scale with corresponding changes
in global mean temperature across the three emission scenarios and at the rate about twice of
global mean temperature. Changes in regional averages of indices in turn scale well with
changes in Canada’s mean temperature across emission scenarios. As an illustration, we
plotted in the right panel of Fig. 2 changes in the length of the growing season in the Canadian
Prairies (including Alberta, Saskatchewan, and Manitoba) as a function of Canadian mean
temperature change. This is also the case for other indices as well, as can be seen by comparing
projected changes at a global warming level of 2 °C under RCP4.5 and RCP8.5 (see
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Supplementary Figs. S2, S3, S4). We therefore present projected changes for the near term
(2031–2050) and for the end of the twenty-first century (2081–2100) under the RCP8.5
scenario. In all cases, project changes in indices are taken with respect to a 1986–2005
baseline period. The corresponding global mean temperatures projected by the 24 GCMs are
2.1 and 4.5 °C above the pre-industrial level, respectively; which will be referred to as the 2.1
and 4.5 °C warming levels in the remainder of the paper.

To facilitate the discussion, we show projected ensemble median changes due to anthro-
pogenic influence for selected indices as maps. In addition, we provide the median, the 5th,
and the 95th percentiles from the ensemble for large regions in Tables S4 and S5. The spatial
regions include British Columbia (BC), the Canadian Prairies (Prairie), Ontario (ON), Quebec
(QC), the Atlantic Provinces (ATL; including New Brunswick, Nova Scotia, Newfoundland
and Labrador, and Prince Edward Island), and the northern territories (NN; including Yukon,
Northwest Territories, and Nunavut).

3.2.1 Temperature-related indices

Figure 3 displays projected changes in the number of days with daily maximum temperature
above 30 °C (TX30; Bhot days^) and the number of days with daily minimum temperature
below − 15 °C (TNm15; Bcold nights^). Consistent with projected warming, models project an
increase in the number of hot days and a decrease in the number of cold nights. Projected
increases in hot days frequency can exceed 10 and 40 days at the 2.1 and 4.5 °C warming
levels for southern Canada, with the largest increase in regions where hot days occur
frequently in the current climate, such as in southern parts of Ontario, Quebec, and the Prairies.
Even with large warming, however, temperatures in northern Canada will still be too low to
have hot days. Models project a larger decrease in the number of cold nights for the north than
in southern Canada, reflecting amplified high-latitude winter warming. Many regions in
Canada will progressively experience unprecedented warmth. For example, hot nights (daily
minimum temperature above 20 °C, TN20) occur historically only in the southern part of

Fig. 2 Projected changes in Canadian mean temperature as a function of changes in global mean temperature
(left panel), and the projected changes in the length of growing season for warm season crops in the Prairies (right
panel) as a function of changes in Canadian mean temperature (the abscissa is on the vertical axis) under different
emission scenarios. Projected changes in Canadian temperature and in length of growing season are represented
by 20-year running averages relative to their respective 1986–2005 averages while projected changes in global
mean temperature expressed relative to its pre-industrial level. The dots show results from individual models
while lines are least-square fits for three RCP scenarios. The green, blue, and red colors correspond to results for
the RCP2.6, RCP4.5, and RCP.8.5 scenarios. The black line on the left panel indicates the 1:1 slope for reference
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southeastern Canada. The location at which at least half of the downscaled model simulations
have TN20 nights progressively expands northward with time, reaching almost 70° N by the
end of this century under the RCP8.5 scenario (Fig. S5). Models project the disappearance of
extreme cold nights (daily minimum temperature below − 25 °C, TNm25) by the end of this
century in southern Ontario, New Brunswick, Nova Scotia, and southern Newfound and
Labrador (not shown).

Models project the lengthening of the frost-free (FF) and killing-frost-free (KFF) periods,
with the largest increase in British Columbia (BC) and eastern Canada and a smaller increase
in the Prairies and northern territories (Fig. S6). The smaller changes in the Prairies and
northern territories reflect the more pronounced annual cycle in regions with strongly conti-
nental climates, where the climatological crossing-time of the threshold occurs on the steepest
part of the seasonal march of temperatures thus the change in the period above or below, a
given temperature threshold is smaller. Models project an increase in the frost-free period for
BC of up to 77 days at the 4.5 °C global warming level; even the interior of the province,
which shows the smallest increase, is projected to have an increase in frost-free period of more
than 55 days.

Models also project large changes for cooling and heating degree-days, two im-
portant indices for utility planning (Fig. S7). Simulations project a substantial increase
in cooling degree-days for southern Canada, especially in the most populated area of
the country. A large decrease in heating degree-days is projected, especially in the
north. This means that there will be stronger energy demand to meet summer cooling
needs but weaker demand to meet winter warming needs. This in turn has implica-
tions for the utility sector. In fact, such a shift in the timing of energy demand has
already shown its impact in Ontario’s electrical energy market, there is now a summer
peak, due to the recent growth in air conditioning (OPSE 2012).

Fig. 3 Projected multi-model median changes in the number of hot days (TX30, left panel), and cold nights
(TNm15, right panel) at 2.1 °C (top panel) and 4.5 °C (lower panel) global warming levels. Changes are
expressed in days per year relative to the 1986 to 2005 climatology. Grid boxes are marked as gray if hot days or
cold nights are not projected to occur (less than 1 day per year) in a future period
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Tables S4 and S5 summarize regional averages of projected changes in climate indices at
2.1 and 4.5 °C global warming levels. To aid interpretation, we provide a brief description of
projected changes for some indices for Ontario at the 4.5 °C global warming level (Table S5).
The median projected increase in the number of hot days (TX30) is 38 annually, with the
variation in projected increases between different models ranging from 15 to 56 days. Corre-
spondingly, the number of hot spell days (TXc30) and the length of the longest hot spells
(TXL30) are projected to increase by 33 and 11 days, respectively. The median projected
increase in the number of hot nights (TN20), number of hot spell nights (TNc20), and length of
the longest hot spell nights (TNL20) are 17, 12, and 5 nights, respectively, a pattern similar to
but less pronounced than that for hot days. The projected increase in hot day and hot night
frequency implies more intense, prolonged future heat waves in Ontario. Accordingly, the
number of heat wave days with a daytime high temperature above 30 °C and a nighttime low
temperature above 20 °C is projected to increase by 15 days.

3.2.2 Precipitation related indices

Figure 4 shows multi-model median changes in the number of days with precipitation, number
of days with more than 10 mm of precipitation (Prep10), and precipitation intensity. Overall,
the models project an increase in the number of days with precipitation in the north, especially
north of 60°N, and a small decrease in parts of southern Canada. The region with an increase in
the number of days with precipitation expands southward towards the end of the twenty-first
century. Averaged over regions, it projected about 5 more precipitation days annually. The
northern region and Quebec are exceptions, where increases of more than 15 days are
projected at the 4.5 °C global warming level (Table S5). Projected changes in the annual
maximum dry spell length (defined as periods of consecutive days with precipitation less than

Fig. 4 Projected multi-model median changes in the number of precipitation days (PREP1, in days/year; left
panel), in the number of heavy precipitation days (PREP10, in days/year; center panel), and in daily precipitation
intensity (intensity, in %; right panel) at 2.1 and 4.5 °C global warming levels. Changes are relative to the 1986 to
2005 climatology
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1 mm) have the opposite spatial pattern (not shown), with a projected decrease in the north and
small or no change in the south. Precipitation intensity is projected to increase, with a larger
percentage increase of over 25% in the north at the 4.5 °C global warming level. The smallest
projected percentage increases are seen in the Prairies and Nunavut, perhaps indicating
differences in the ability of the atmospheric circulation to deliver moisture to the different
regions of Canada. Projected changes in the number of days with precipitation over 10 mm
have a spatial pattern similar to that of projected changes in precipitation intensity.

3.2.3 Agroclimatic indices

Figure 5 displays projected changes in growing season length for three main crop types at two
global warming levels. As expected, the models project a lengthening in the growing season
for warm season and overwintering crops as the climate warms. Climate models project an
increase in the length of growing season for warm season crops in southern Canada by more
than 20 days and 50 days at the 2.1 and 4.5 °C global warming levels, respectively. In contrast,
the ensemble median for the length of growing season for cool season crops decreases by up to
10 days in many regions, although not all models agree with the sign of changes. The decrease
is due to earlier termination of the growing season in the summer. The accelerated physiolog-
ical maturity of these crops with earlier occurrence of high temperatures (the growing season
terminates on the first occurrence of daily maximum temperature greater than 30 °C for five
consecutive days) is more than offsets increases from an earlier start to the growing season.
Nevertheless, the length of this growing season, when averaged across regions, is projected to
increase slightly (Tables S4 and S5). Models also project an increase in other heat-related

Fig. 5 Projected multi-model ensemble median changes in the length of growing seasons (in days per year) for
cool season crops (left panel), warm season crops (central panel), and overwintering crops (right panel) at 2.1 °C
(upper panel) and 4.5 °C (lower panel) global warming levels. Changes are relative to the 1986 to 2005
climatology. Grid boxes are masked gray for the cool season crops if the effective growing degree-days are
projected to be less than 1200 degree-days in a future period, and for warm season crops if crop heat units are
projected to be less than 2800 in a future period
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indices (not shown), including crop heat units (CHU) and effective growing degree-days
(EGDD).

Spring-seeded small grain crops, such as spring wheat, require at least 1200 EGDD (Centre
for Land and Biological Resources Research Branch, Agriculture and Agri-Food Canada
1995). The models project significant northward expansion of area with at least 1200 EGDD,
which may reach as far north as Yukon at the 4.5 °C warming level (see Fig. 5, left). The
projected warming may therefore open up new opportunities for the northward expansion of
agriculture if other elements such as soil conditions and water availability are suitable and crop
physiology permits. Yields for crops that can take advantage of additional heat may also
improve. Qian et al. (2017) showed that global mean warming by up to 2.0 °C may be
beneficial for Canadian crop production, though yield starts to decrease beyond the 2.0 °C
warming level because of added water stress associated with increased evaporative demand.

3.2.4 Uncertainty in the projections

For temperature-related indices, projections by different models at the 2.1 °C global warming
level agree on the sign of changes for almost all regions, with only a few exceptions, consistent
with warming. At the 4.5 °C global warming level, the models agree with the sign of changes
for every temperature index and for every region, with only two exceptions (i.e., growing
season length for cold season crops in the Prairies and Ontario). This indicates the robustness
of projected changes in temperature indices for the future. In contrast, uncertainty in projected
precipitation changes is large; the models do not fully agree on the sign of changes in most
regions at the 2.1 °C global warming level, but the models do agree on the sign of changes in
most regions at the 4.5 °C warming level. As summarized in Tables S4 and S5, the spread in
the projected changes increases with greater global warming. To a first approximation, regional
changes in the indices scale with global mean temperature change. Stronger warming in the
projected global mean temperature is associated with larger uncertainty, which is largely due to
model uncertainty since there is a lack of evidence for an increase in the natural internal
variability with warming. It follows that the increase in the uncertainty of projected changes in
the indices is also largely due to model uncertainty. Note that the perception of uncertainty may
be affected by the choice of reference period (e.g., whether earlier or later in the observational
record). This is because the mean anomaly is constrained to be zero during the reference period
while the anomaly is not constrained in this way beyond the reference period. As a result, the
spread amongst models widens as the distance in time between the base period and the
projection horizon increases (see also Hawkings and Sutton 2016).

The downscaling procedure preserves observed spatial and temporal variability of precip-
itation and temperature at high-resolution. Preserving temperature trend is important as the
models are able to simulate observed changes in Canadian temperature (Wan et al. 2018). It
also removes model biases. Thus, the downscaled products are better suited for impact
assessment. It should be noted however that the projected future changes by the downscaled
products are not necessarily more creditable than those by the underlying climate model
outputs. In many cases, especially for absolute threshold-based indices, projections based on
downscaled data have smaller spread because of the removal of model biases (e.g., Fig. 1). As
an example, in Ontario, the spread in projected changes in the number of days with daily
maximum temperature greater than 30 °C computed from the statistically downscaled data is
smaller than that computed directly from the GCMs (Fig. S8). However, this is not the case for
all indices. Downscaling from GCM resolution to the fine resolution needed for impacts
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assessment increases the level of spatial detail and temporal variability to better match
observations. Since these adjustments are GCM dependent, the resulting indices could have
wider spread when computed from downscaled data as compared to those directly computed
from GCM output. In the latter case, it is not the downscaling procedure that makes future
projection more uncertain; rather, it is indicative of higher variability associated with finer
spatial scale.

4 Summary and conclusions

We have considered a variety of impact-relevant climate indices for Canada, comparing
variants of the indices computed from observations, directly from GCMs, and from statistically
downscaled products. Overall, indices computed directly from GCMs are biased while those
computed from downscaled GCM output agree well with observations.

We found that projected changes in Canadian temperature scale well with global mean
temperature change, independent of emission scenario including RCP2.6, RCP4.5, and
RCP8.5. Consequently, projected changes in the indices also scale with global mean temper-
ature change. While expressing projected changes in indices in relation to global warming
level may add some uncertainty to projections, it may help to ease communication with the
impacts and adaptation community as it separates the effects of two fundamentally different
types of uncertainty—modeling uncertainty and natural variability on the one hand, uncer-
tainty in future emissions on the other. That is, it separates uncertainty that is rooted in the
limitations of the scientific understanding of climate change and variability from uncertainty
that is linked to social-economic development and global mitigation effort. This separation,
and casting adaptation requirements relative to specified levels of warming, can be particularly
useful in risk management because of difficulties in determining the most appropriate emission
scenario to use for impact assessment. Overall, temperature-related indices are projected to
change in step with warming, even though uncertainty exists in the magnitude of change. This
includes increases in extreme high temperatures, lengthening of growing seasons for warm
season and overwintering crops, and numbers of cooling degree-days and frost-free periods.
Decreases are projected in heating degree-days. A noticeable exception is the modeled
decrease in the growing season length for cool season crops in regions where cool season
crops grow in the current climate. In this case, an earlier start to the growing season does not
fully offset an earlier termination of the growing season due to warming.

Projected changes in precipitation indices indicate wetting in general, including increases in
the amount and frequency of precipitation, although precipitation in small regions in the
southern interior of BC and Atlantic Canada may decrease. However, uncertainty is large.
Model agreement in the sign of changes for most of precipitation indices is poor at the 2.1 °C
global warming level although model agreement becomes much better at the 4.5 °C global
warming level.

It is hoped that the provision of future projections of impact-relevant climate indices will
help to provide non-specialists with relatively easy access to climate information for adaptation
planning. Basing the information on carefully bias-corrected and downscaled scenarios that
nevertheless preserve projected changes should help to make the information more relevant to
planners and decision-makers who, in almost all cases, are faced with adaptation at a local or
regional scale. Projected changes in the growing season, in extreme temperatures, in indicators
relevant to energy planning are large and robust even at the 2.1 °C warming level, indicating
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the need to adjust planning and practice of multiple sectors in Canada. The models project an
increase in both total and extreme precipitation for the future. The high uncertainty in
precipitation projections should not be a reason for ignoring the projected changes in adapta-
tion planning. The projections do provide creditable and usable information. There is quali-
tative consistency between median projections under different forcing scenarios when indexed
to temperature change and evidence that most indices scale with temperature changes. There is
also qualitative consistency of the projected changes with the expected thermodynamically
induced changes in precipitation extremes.
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