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Abstract

Canada has experienced some of the most rapid warming on Earth over the past few decades with a warming rate about twice
that of the global mean temperature since 1948. Long-term warming is observed in Canada’s annual, winter and summer
mean temperatures, and in the annual coldest and hottest daytime and nighttime temperatures. The causes of these changes
are assessed by comparing observed changes with climate model simulated responses to anthropogenic and natural (solar and
volcanic) external forcings. Most of the observed warming of 1.7 °C increase in annual mean temperature during 1948-2012
[90% confidence interval (1.1°, 2.2 °C)] can only be explained by external forcing on the climate system, with anthropogenic
influence being the dominant factor. It is estimated that anthropogenic forcing has contributed 1.0 °C (0.6°, 1.5 °C) and natural
external forcing has contributed 0.2 °C (0.1°, 0.3 °C) to the observed warming. Up to 0.5 °C of the observed warming trend
may be associated with low frequency variability of the climate such as that represented by the Pacific decadal oscillation
(PDO) and North Atlantic oscillation (NAO). Overall, the influence of both anthropogenic and natural external forcing is
clearly evident in Canada-wide mean and extreme temperatures, and can also be detected regionally over much of the country.

1 Introduction

Like other northern regions, Canada has experienced some
of the most rapid warming on Earth. Canadian surface air
temperature has increased by 1.7 °C during 1948-2012 (Vin-
cent et al. 2015, see also, Vincent et al. 2012), a warming
rate that is about twice that of the global mean tempera-
ture. The warming in mean temperature is associated with
changes in daily temperature extremes including a reduction
in cold nights, cold days and number of days with frost,
as well as an increase in the number of warm nights and
warm days (Vincent and Mekis 2006; Mekis et al. 2015).
The warming is also associated with widespread physical
impacts including a reduction in snow cover duration and
extent (Brown and Braaten 1998; Mudryk et al. 2015; Najafi
et al. 2016), and changes in streamflow regime (Zhang et al.
2001; Vincent et al. 2015).

There is a pressing need to adapt to the warming cli-
mate in Canada: the environmental and social impacts of
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warming are becoming increasingly evident (Warren and
Lemmen 2014) and further warming is projected under all
future emissions scenarios, including those such as RCP2.6
(IPCC 2013) that require stringent mitigation measures.
Moreover, warming over Canada will continue to occur at
a rate higher than in many other regions of the world. This
is due to well established physical processes that lead to the
polar amplification of warming (Kirtman et al. 2013 and
reference therein). It is therefore important to produce robust
projections of future climate under a range of future emis-
sions scenarios to support adaptation planning. More robust
projections can be achieved by understanding the role of
human influence in the observed changes because such an
understanding can be used to constrain model based pro-
jections, thereby increasing the confidence with which the
projections can be used (e.g., Allen et al. 2000; Stott and
Kettleborough 2002).

There is ample evidence of the influence of low-fre-
quency internal climate variability on the Canadian cli-
mate. The positive phases of the Pacific Decadal oscillation
(PDO) and El Nino-Southern oscillation (ENSO) are asso-
ciated with warmer winters in western and central Canada
(Bonsal et al. 2001; Shabbar and Yu 2012; Vincent et al.
2015), while the positive phase of the North Atlantic oscil-
lation (NAO) is associated with colder winters in northeast-
ern Canada (Bonsal et al. 2001; Vincent et al. 2015). The
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spatial patterns of temperature trends for two overlapping
periods 1950-1998 and 1948-2012 are different. Trends
computed for 1950-1998 showed very strong warming in
the southwestern Canada and strong cooling in the north-
eastern Canada (Zhang et al. 2000). The cooling trend in the
northeast disappeared completely when the trend analyses
were conducted for 1948-2012 (Vincent et al. 2015). These
finding indicate that low frequency variability influences
the observed long-term temperature trends. This is consist-
ent with modelling studies showing that natural internal
variability can strongly influence high-latitude temperature
changes over multi-decadal timescales (Deser et al. 2012;
Fyfe et al. 2017).

There is also considerable evidence that anthropogenic
forcing may have influenced Canadian temperatures.
Decadal climate variability does not fully account for the
observed temperature trends indicating that other factors
may come into play (Vincent et al. 2015). Changes in tem-
perature in the southern regions of Canada (Zhang et al.
2006), in Arctic temperature (Najafi et al. 2015, 2016),
and in Arctic sea ice extent (Min et al. 2008; Kirchmeier-
Young et al. 2017) have been attributed, at least in part, to
the increase in atmospheric greenhouse gases (GHG) con-
tent due to human activities. While anthropogenic induced
warming is expected to be stronger in northern high latitude
areas than in the lower latitudes due to polar amplification,
natural internal variability in the region is also considerably
higher than in the lower latitudes. It is therefore necessary
to determine whether anthropogenically induced warming
is actually detectable in the presence of high internal vari-
ability at regional scales that are relevant to impacts. Yet,
there is a paucity of such studies.

Anthropogenic influence has been detected in regional
temperatures in some parts of the world, (e.g. Zwiers and
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Fig.1 a Time series of number of stations available in the second
generation homogenized Canadian temperature datasets. b Sub-
regions and spatial distribution of grid boxes with sufficient data for
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Zhang 2003, Karoly and Stott 2006; Zhang et al. 2006; Yin
et al. 2016). There is significant value in performing careful
detection and attribution analysis in different regions due
to their different climatic characteristics, possible regional
differences in model quality and forcing response char-
acteristics, and considerable value to policy makers and
stakeholders in supporting their applications of climate sci-
ence regionally. The objective of this paper is therefore to
examine the influence of anthropogenic forcing on mean
and extreme temperatures in Canada, taking decadal cli-
mate variability into account. The remainder of the paper
is structured as follows: Sect. 2 describes the observational
and model simulated data used in this study. Details about
methodologies are provided in Sect. 3. Results of analyses
are summarized in Sect. 4, including a comparison with the
results when PDO and NAO influence is removed from tem-
perature. A summary is provided in Sect. 5.

2 Data
2.1 Observations

We used the second generation homogenized Canadian tem-
perature dataset (Vincent et al. 2012). This dataset has tem-
poral coverage from 1900 to present, and has been adjusted
to remove non-climatic discontinuities in both daily maxi-
mum and daily minimum temperature time series. It includes
data collected at 338 locations across Canada from the sur-
face measurement network, with denser coverage in more
populated southern areas. Not all stations have observations
for the entire period, and thus the number of stations with
data differs from year to year (Fig. 1a). In particular, the cli-
mate observing network in northern Canada was established

(b) ;

the analyses. The number of stations within each 5° X 5° longitude by
latitude grid box is marked by a numerical value
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in the late 1940s; observations were rare in the north prior
to 1948. For this reason, the time period we studied here
starts from 1948.

We applied the following procedure to station data before
computing regional average as described in Sect. 3.1. We
calculated daily mean temperature as the average of daily
maximum and minimum temperatures. Monthly mean tem-
peratures are calculated from the daily values in months with
fewer than 5 consecutive days missing, and fewer than 8 days
missing in total, and are set to missing otherwise. As indi-
ces of daily ‘warm extremes’, we used the annual maxima
of daily maximum (TXx, hottest summer day temperature)
and daily minimum (TNXx, hottest summer night tempera-
ture) temperatures. As indices of daily ‘cold extremes’, we
used annual minima of daily maximum (TXn, coldest winter
day temperature) and daily minimum (TNn, coldest winter
night temperature) temperatures. These were extracted as
annual largest or smallest values from the respective daily
series, taking missing daily values into consideration. We
first extracted monthly maxima or minima for months with
fewer than three missing daily maximum or minimum obser-
vations respectively. The warm extremes, TXx and TNXx,
typically occur in the warm half year; therefore the annual
warm extremes were extracted as the largest values of the
respective monthly extreme values from April to September.
Cold extremes, TNn and TXn, typically occur in the cold
half year; the annual cold extremes were therefore extracted
as the lowest values of the respective monthly extreme val-
ues from October to March. Annual extremes were set to
missing if data availability was not sufficient to calculate
the relevant monthly extremes for all months in the warm or
cold half-years, as appropriate.

2.2 Model simulations

We used near-surface air temperatures simulated by climate
models (GCMs) participating in the Coupled Model Inter-
comparison Project phase 5 (CMIPS5) that are available from
the CMIPS5 archive to estimate temperature responses to var-
ious external forcings. At the time of analysis, the follow-
ing simulations provided monthly mean temperature values
to year 2012 and are used in this study for 1948-2012: 76
simulations conducted with 15 GCMs under the combined
historical natural and anthropogenic forcings (ALL), 46
simulations conducted with 10 GCMs under the historical
natural forcing (NAT), including solar and volcanic forcings
and 35 simulations conducted with 6 GCMs under the his-
torical anthropogenic forcing (ANT) including both green-
house gases and anthropogenic aerosol forcings. Table 1 lists
the models and their experiments whose monthly mean tem-
perature data are used in this study. The four extreme tem-
perature indices were calculated from daily values available
from the CMIP5 archive following Sillmann et al. (2013).

Daily values of maximum and minimum near-surface air
temperatures simulated by the GCMs that ended in 2012
include 22 simulations conducted with 6 GCMs under ALL
forcing, 26 simulations conducted with 6 GCMs under NAT
forcing, 15 simulations conducted with 2 GCMs under ANT
forcing (see Table 2 for details). These various ensembles
were used to compute temperature response patterns under
the relevant forcings.

Detection and attribution analyses (Sect. 3.2) require
a large volume of model simulated data to estimate natu-
ral internal (unforced) variability. We used the following
three types of data for this purpose. The first is the inter-
ensemble differences of the above simulations that were
used for signal estimation (bolded numbers in Tables 1, 2).
The second is the inter-ensemble differences of simulations
that were not used in signal estimation because they end in
2005. These include simulations under various external forc-
ings including ALL, ANT, NAT, greenhouse gases (GHG),
anthropogenic aerosols (AA), land use and land changes
(LU) (summarized by non-bolded numbers in Tables 1, 2).
The third is pre-industrial control (CTL) simulations; we
use 21,710 years of monthly temperatures from pre-indus-
trial control (CTL) conducted with 48 CMIP5 models and
13,780 years of daily temperatures from CTL simulations
conducted with 29 models. The latter were used to derive
extreme temperature indices. The large data samples from
these various sources help to reduce estimation error in
detection and attribution analysis.

3 Methods and data processing
3.1 Data processing

Canada is a large country with vastly different climates in
different regions. Observed changes in the climate are also
different across the country (Vincent et al. 2015). Here we
considered national and sub-national (regional) average
temperatures. We considered four large regions in Canada,
including Eastern Canada (EC), the Prairies (PR), Northern
Canada (NC) and the British Columbia and Yukon region
(BCY; see Fig. 1b for regional boundaries). These regions,
which are similar to the four climate regions described in
Koeppe (1931), are defined according to their climates as
well as societal and geographical considerations.

We analysed annual, winter (December to February, DJF)
and summer (June—August, JJA) mean temperatures. To
compute observed regional mean temperatures, we first com-
puted temperature anomalies at individual stations and then
gridded the station anomalies to 5° X 5° latitude-longitude
resolution grid boxes by averaging available station anomaly
values within each grid box. Station anomalies were cal-
culated by subtracting the monthly mean values over the
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Table 1 List of models,

. Model ALL ANT NAT GHG AA LU
experiments, and ensemble
sizes available for monthly ACCESS1-3 3
mean temperature analysis.
Bold font indicates ensemble Bec-csml-1 3
sizes of extended model Bec-csml-1-m 3
simulations that end in year CNRM-CM5 10 10 6 6
2012 and used for calculating CSIRO-MK3-6-0 10 (5) 5 5 5 5
§1gnals, The experlmer}ts CanESM2 5 5 5
include model simulations
under historical all forcing CCsM4 6 4 4 3 3 3
(ALL), historical anthropogenic CESM1-CAMS5-1-FV2 4
forcing (ANT), historical CESM1-CAMS5 3
natural forcing including solar
and volcanic forcing (NAT), CESMI1-FASTCHEM 3
historical greenhouse gases EC-EARTH 11.(5)
forcing (GHG), historical FGOALS-g2 4 3
anthropogenic aerosol forcing FIO-ESM 3
(AA), and historical !and use GFDL-CM2p1 10
and land change forcing (LU)
GFDL-CM3 5 3 3 3 3
HadCM3 10
HadGEM2-ES 4 4
IPSL-CM5A-LR 6@3) 3 3
IPSL-CM5A-MR 3 3 3
MIROCS5 5
MIROC-ESM 3 3 3
MPI-ESM-LR 3
MPI-ESM-MR 3
MRI-CGCM3 3
NorESM1-M 3
GISS-E2-R-pl 5 5 5 5 5 5
GISS-E2-R-p2 6
GISS-E2-R-p3 6 5 5
GISS-E2-H-pl 6 5 5 5 5 5
GISS-E2-H-p2 5
GISS-E2-H-p3 6 5 5 5
SUM (number of runs) 76 35 46 33 20 15
160 45 59 45 36 18
SUM (number of models) 15 6 10 7 3
31 9 14 11 8 4

1961-1990 time period for each calendar month as there are
the least missing values during 1961-1990. We required at
least 25 monthly values available during 1961-1990 when
computing the monthly climatologies. Annual and seasonal
mean temperature anomalies were computed as the average
of the available monthly anomaly values if there were at
least 9 or 2 months of data within the year or the season,
respectively. To maintain large-scale features and reduce
high frequency temporal variability, grid box values were
averaged into non-overlapping 5-year mean series start-
ing from 1948-1952 to 2008-2012. A 5-year mean grid
box value was computed only if there were no more than
two missing values over the five-year period. Grid boxes
that have at least ten non-missing five-year means during
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1948-2012 were retained for the subsequent analysis. There
are 64 such grid boxes over the country (Fig. 1b).

When evaluating observations for the presence or absence
of anthropogenic influence, the observations and model sim-
ulated signals should ideally be both centered to their pre-
industrial climates. However, it is difficult to accurately esti-
mate the real-world climatology in the Canadian domain for
pre-industrial times due to lack of data. Here, we re-centered
the data to the climatology of the first 30-years of the record
we analyse, i.e., to the 1948—1977 mean prior to detection
and attribution analysis. As the statistical regression model
used in detection and attribution analysis does not involve
an intercept term, using a different base period could result
in slightly different results, but this does not alter overall
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Table2 The same as Table 1 Model ALL ANT NAT GHG AA LU
but for extreme temperature
indices study Bec-csml-1-m 3 _ _ _ _ _
Bcee-csml-1 3 - - - - -
CanESM?2 5 - 5 5 5 5
CCSM4 - 4 4 3 3 -
CESM1-FASTCHEM 3 - - - - -
CNRM-CM5 10 10 6 6 - -
CSIRO_Mk3-6-0 10 5 5 5 5 -
FGOALS-s2 3 - - - - -
GFDL-CM3 5 3 3 3 3 -
HadCM3 10 - - - - -
HadGEM2-ES 4 - 4 - -
IPSL-CMS5A-LR 6 3 3 pl:3 - -
p2:3
IPSL-CM5A-MR 3 - 3 3 - -
MIROC5 5 - - - - -
MIROC-ESM 3 - 3 3 - -
MPI-ESM-LR 3 - - - - -
MPI-ESM-MR 3 - - - - -
MRI-CGCM3 3 - - - - -
NorESM1-M 3 - - - - -
SUM (number of runs) 22 15 26 23 10 5
85 25 36 38 16 5
SUM (number of models) 6 2 6 5 2 1
18 5 9 10 4 1

conclusions (not shown). The extreme temperature indices
were processed similarly to produce corresponding regional
averages. That is, we extracted extreme temperatures from
daily observations at individual stations, and then gridded
the station anomalies to 5° X 5° latitude-longitude resolution
grid boxes by averaging available station anomaly values
within each grid box. These gridded station data were used
to compute regional averages.

Different GCMs may use different horizontal resolutions;
therefore, we interpolated monthly temperatures and the
annual extreme temperature indices from each individual
model’s native resolution to the 5° X 5° observational grid
using the first order conservative remapping method imple-
mented in the Climate Data Operators software package
(https://code.zmaw.de/projects/cdo). These values are then
masked (i.e., set to be missing) to mimic the availability of
the observational data. In order to compare model simulated
responses with observations, we used the observed data from
1948 to 2012 to mask the simulations for the same period
such that the observational and model simulated data have
the same spatial and temporal coverage. For the data that
were used for the estimation of internal climate variability
(or noise), we divided the available simulations into contigu-
ous 65-year “chunks”, and then used the observed data from
1948 to 2012 to mask each chunk such that the first year
of each chunk corresponds to 1948 in the observation. The

same procedure that was used to compute regional averages
from the observational data was applied to the masked simu-
lation data to obtain regional averages for model simulations.

3.2 Detection method

We used the total least squares generalized linear regres-
sion based optimal fingerprinting method (Allen and Stott
2003; Ribes et al. 2013) to quantify scaling factors for
model-simulated responses to forcings (referred to as signals
hereafter), such that they best match the observations. The
model simulated responses are computed as multi-model
ensemble means of available simulations under specific
combinations of external forcings. This method establishes
a linear relationship between the observations (y) and the
model simulated responses to the external forcings (X) such
that y =y* + &;, X = X"+ E and y* = X" where y* is
the unknown climate response to external forcings in the
observations, € is the internal variability in the observa-
tions, X is the matrix of model simulated signals with each
row corresponding to response to a particular forcing that
is obtained by calculating a multi-model average, X* is the
matrix of unknown true responses simulated by the mod-
els that could only be known if it were possible to average
across an infinitely large population of simulations, thereby
eliminating all traces of internal variability, E is a matrix of
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noise in the model simulated responses due to model internal
variability that is not averaged out with the finite number of
model simulations that are used to obtain X and f is a vec-
tor of regression coefficients or scaling factors that adjust
the responses so that their sum best matches the observa-
tions. Evidence that the scaling factor f; for a given signal i
is significantly greater than zero demonstrates the possible
contribution from that signal to the observed changes, and
thus helps support a detection claim. A scaling factor that
is less than unity indicates overestimation of the response
to forcing by the models; conversely, one that is larger than
unity suggests underestimation. Similarly, a finding that the
confidence interval for f; lies completely above zero and
also includes one indicates that the main features of the
forced response that is simulated by models are present in
the observations with the expected amplitude, and thus this
would support an attribution claim. Note however that a full
detection and attribution assessment also requires that other
competing explanations, including other possible forcings,
have been eliminated, that model simulated internal vari-
ability is comparable to the internal variability component
of the observations, and that the mechanisms leading to the
changes are understood (Mitchell et al. 2001).

A signal corresponding to a particular external forcing
was estimated by first calculating the ensemble average from
multiple runs of individual GCM under the forcing, and then
averaging the ensemble means from the available multiple
GCMs. The estimates of covariance matrix Cof internal vari-
ability €, required in the detection analysis were obtained
from within-ensemble differences as well as pre-industrial
control simulations. In addition to the forced simulations for
1948-2012, forced simulations for earlier periods were also
used for noise estimation. The within-ensemble difference
series have smaller variance due to the removal of the
ensemble mean. This bias in the variance is corrected by
multiplying the series by \/g (Ribes et al. 2013), where n

is the number of individual runs from each GCM. In total,
the within-ensemble differences and the control simulations
yielded 1060 and 622 65-year chunks of noise data for the
mean and extreme temperatures, respectively. These noise
data were divided into two equal halves to provide two inde-
pendent estimates C, and C, of the internal variability covari-
ance matrix C, which are required for optimization and
uncertainty analysis respectively (Hegerl et al. 1996).
Given the need to estimate a large number of parameters
in the covariance matrices and the limited availability of
independent noise data, detection and attribution analysis
has to be conducted using observation vectors y of rela-
tively small dimension. We reduced data dimensionality by
averaging the data both in time and space. We used non-
overlapping 5-year mean series to represent the temporal
evolution of temperature. The use of 5-year average removes
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a large portion of year-to-year variability and at the same
time allows some decadal scale variability in the response
to volcanic activity. To reduce spatial dimension, we con-
sidered regional means of 5-year averages only. Detection is
conducted on individual regional and country average time
series of 5-year means, implying a 13-dimensional problem
(i.e. for the 1948-2012 time series). In addition, for Canada
as a whole, we also considered the spatial evolution of tem-
perature changes by combining the four sub-region averages
as four spatial dimensions to conduct space—time analysis.
A detection claim made using a space—time analysis should
be more robust than a claim made from an analysis that is
based only on time evolution as it requires matching more
details between observations and model simulated signals.
We used the implementation of Ribes et al. (2013) to solve
the regression problem. This implementation uses a regular-
ized covariance matrix estimator in place of the usual sam-
ple covariance matrix that has been used traditionally. The
analysis assumes that GCM simulated variability is compa-
rable to the variability in the observations. The validity of
this assumption is examined using a residual consistency test
(Allen and Tett 1999; Ribes et al. 2013).

We conducted a single-signal analysis in which only
one signal was used as the predictor in the regression to
determine if a particular signal was detectable, considering
the ALL, ANT and NAT signals individually. These sig-
nals were computed from all available simulations under
the respective forcings. As the signals are not necessarily
orthogonal to each other, the detection of a particular signal
in a one-signal analysis may not accurately reflect the overall
contribution of the corresponding forcing to the observed
changes. We therefore also conducted a two-signal analysis
in which two signals were used jointly in the regression with
an aim to determine if the influence of anthropogenic forc-
ing (ANT) could be separated from that of natural external
forcing. Ideally, we would have conducted the two-signal
analysis using ANT and NAT signals, however, the num-
ber of simulations that are available under ANT forcing is
rather limited. As an alternative, we conducted the two-sig-
nal analysis using ALL and NAT signals, assuming linear
additivity of the signals (Tett et al. 2002; Jones et al. 2013):
Tarr = Tant + Tnat- In the two-signal analysis, we used
all available simulations forced with ALL or NAT forcing
to improve the signal estimates. As the number of models
forced with ALL forcing was larger than that with NAT forc-
ing, the difference between ALL and NAT may also reflect
the difference in the composition of the samples of models.
For this reason, we also conducted the two-signal analysis
with ALL and NAT simulations produced by the same mod-
els to examine the sensitivity of the results to this choice.
Results from the two sets of analysis are qualitatively simi-
lar, with smaller uncertainty ranges in the scaling factors
from the analysis using all available simulations.
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The linear regression used here assumes that the residual
term e, follows a Gaussian distribution. Extreme values
such as extreme temperature indices considered here have
skewed non-Gaussian distributions at individual locations.
Our analyses of the extremes, however, were conducted on
5-year mean regional averages. It is therefore reasonable to
approximate their distributional behaviour with Gaussian
distributions since the average of a large number of extreme
values is expected to converge asymptotically to a Gauss-
ian distribution. Other methods have been used to explicitly
consider the statistical properties of extremes (Zwiers et al.
2011) or to convert extreme values into quantities that are
not skewed distributed (Christidis et al. 2011; Zhang et al.
2013; Kim et al. 2016), but are not judged to be necessary
in our case.

3.3 Estimation of attributable warming

We used ordinary least squares method to estimate a lin-
ear trend and its 90% confidence interval in the observed
regional averages of mean or extreme temperatures. The
warming attributable to external forcings is calculated by
first estimating the linear trends in the noise-reduced model
simulated signals (Allen and Stott 2003), and then multi-
plying the trends by the scaling factors. We only consider
uncertainty in the scaling factors when estimating the 90%
confidence intervals of the attributable warming. That is, the
confidence intervals are obtained by multiplying the trend
estimates by the 90% confidence intervals of the scaling fac-
tors. We use the scaling factors obtained from the 4-spatial
dimension analyses when computing attributable warming
because the 4-dimension analyses impose the most exact-
ing requirement on the ability of the estimated signals to
represent the observed changes. Specifically, these analyses
require a match with observations in terms of both the tem-
poral and spatial patterns of change. Attributable warming

Fig.2 Observed trends

(°C/65 years) for the period
1948-2012 for a annual, b
summer and ¢ winter mean tem-
perature and for annual extreme
temperature indices d TXx, e
TNx, f TXn and g TNn over
Canada. Grids with trends that
are statistically significant at the
5% level are marked with black
dots. Areas with insufficient
data are marked white

(a) Tmean
(Annual)

(b) Tmean

in each of the sub-regions is also calculated using the results
from the 4-dimensional analysis as opposed to relying on
the individual sub-region analysis. The sub-region analyses
are conducted on smaller spatial scales and as such involves
larger uncertainty. In contrast, using the scaling factors from
the 4-dimensional analysis allows us to base the constraint
on model simulated warming on observations from all of the
sub-regions. Warming attributable to ALL forcing is based
on 1-signal detection and attribution analyses and warming
separately attributable to ANT and NAT forcing are obtained
from the two-signal analysis with the observational data
after the effect of NAO and PDO has been regressed out
(OBS*, see Sect. 4.4).

4 Results
4.1 Trends

Figure 2 shows the linear trends in observed annual, sum-
mer, winter mean temperature as well as annual extreme
temperature indices TXx, TNx, TXn, and TNn for the period
1948-2012, based on the gridded values. The trends were
computed with a non-parametric method (Zhang et al. 2000)
because the linear least squares fit would not be ideal for
the extreme temperature indices that are unlikely to follow
a Gaussian distribution. Significant warming is observed in
annual mean temperature almost everywhere in the country,
with the largest magnitude in Northern Canada. Warming
is also statistically significant in almost every grid box for
summer temperature. Winter temperature shows very strong
and significant warming in Canada except the eastern most
portion of the country where trend is weaker and is not sta-
tistically significant. There is a general warming trend in
warm extremes (TXx and TNx) but a weak cooling trend
appears in the Canadian Prairies. Cold extremes (TXn and

(¢) Tmean

(Summer) (Winter)
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TNn) warm more than the increase in winter mean tempera-
ture, particularly apparent in eastern Canada. Overall, while
warm seasons and hot extremes are getting warmer, cold
seasons and cold extremes are becoming much less cold.

Figure 3 shows annual mean temperature anomalies rela-
tive to the 1948—1977 climatology averaged across Canada
from observations and model simulations under ALL and
NAT forcings. The long-term changes in the observations
and the multi-model ensemble mean under ALL forcing
match well, and the observed values generally fall within
the 90% range of the individual simulations under ALL
forcing. On the other hand, the long-term changes in the
observations do not match the model simulated response to
NAT. In particular, the observations begin to depart from
the NAT ensemble mean from the early 1980s and become
consistently higher than the 95th percentile of the model
simulated Canada average annual mean temperature anoma-
lies under NAT forcing during the last decade of the obser-
vational record. We conclude that the observed variability
and change is consistent with model simulated variability
and change under ALL forcing but inconsistent with that
under NAT forcing alone. Similar conclusions can be made
when comparing observed and simulated extreme tempera-
ture indices (not shown).

4.2 Detection results for annual and seasonal mean
temperatures

The detection analysis results for mean temperatures are
summarized in Fig. 4. The influence of ALL forcings,
that is, the effect of the combination of anthropogenic
and natural external forcings, is detected in annual and

OBS =—

Temperature anomaly (°C)

1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Year

Fig.3 Annual mean temperature anomalies (in °C, relative to 1948—
1977) for Canada, 1948-2012 from observations (black line) and
multi-model ensembles under “ALL” forcing (green line), and “NAT”
forcing (blue line). Shading shows the 5-95% ranges of the individual
model simulations for ALL and NAT
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seasonal mean temperatures for Canada and for each of the
4 sub-regions except in summer mean temperatures in the
Prairies. The residual consistency test failed for annual and
winter mean temperatures in the Prairies but it is unclear if
this is due to a problem in the model simulation of inter-
nal variability or due to excessive noise in the observed
dataset, such as might occur if there is insufficient obser-
vational coverage in the region. The best estimates of the
scaling factors are often larger than one, but their 90th
percent confidence intervals generally include one. These
indicate that the model simulated changes under ALL forc-
ing tend to be somewhat smaller than observed, but are
consistent with the observed changes. In the two-signal
analysis, ANT is detected when accounting for the esti-
mated effect of NAT in annual and seasonal mean tem-
peratures in Canada. The two signals can also be sepa-
rately detected when accounted for the estimated effect
of the other signal in regional detection in NC in winter
and in all regions except PR in summer. The fact that the
influences of different external forcings can be separated
from each other improves our confidence in attributing the
observed changes to the causes. NAT is also detected when
accounting for the estimated effect of ANT in annual mean
temperature in Canada, as well as in winter mean tem-
perature in one-dimension temporal analysis (Fig. 4a) and
in summer mean temperature in 4-dimension space—time
analysis (Fig. 4b). Overall, the detection of anthropogenic
influence in Canadian temperature is very robust as it is
generally detected both in the national average and also in
regional averages of annual, winter and summer tempera-
tures, even when the estimated effect of NAT is accounted
for. Additionally, it is also detected when the spatial distri-
bution of temporal changes in the observation and model
simulated response are compared. Note that model simula-
tions appear to have underestimated the observed changes.
In almost all cases, the residual consistency tests pass,
with the exception of winter temperature for Canada in
the 4-dimension setting, winter temperature for BCY and
PR regions and annual mean temperature for PR region in
which model simulated variability appears to be too small.
Again, as the observational data are sparse, it is unclear if
this is due to underestimation of the observed variability
or the lack of sufficient observational data to accurately
describe regional temperature variability.

4.3 Detection results for annual temperature
extremes

Results for annual extreme temperature indices are sum-
marized in Fig. 5. In one-signal analyses, the influence of
ALL forcings is detected for the whole Canadian domain
using either the one- or four-region analysis configurations
for the four extreme indices (Fig. 5a, b). Considering the
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Fig.4 Best estimates of scaling factors (marks) and their 90% con-
fidence intervals (bars) for ALL (green) from single-signal detection
analyses, and for ANT (red) and NAT (blue) from two-signal optimal
detection analyses of annual (Ann), winter (DJF) and summer (JJA)
mean temperatures. An asterisk indicates the failure of the residual

best estimates of scaling factors of each index for each forc-
ing, the models overestimate observed changes in TXx as
indicated by scaling factors that are smaller than unity, but
estimate the observed changes in the other extreme tempera-
ture indices well. These results are consistent with many
findings of detection and attribution on these four indices
at global and broader regional scales (e.g., Zwiers et al.
2011; Min et al. 2013; Wen et al. 2013; Kim et al. 2016;
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consistency test. In these cases, the ratio between model simulated
internal variability and the estimate of internal variability obtained
from observations using regression model residuals is found to be
significantly less than one

Yin et al. 2016). In the two-signal analyses for Canada as a
whole, the ANT signal is clearly detected for all four indices
with the best estimates of scaling factors again being larger
than unity for cold extremes. In contrast, NAT is not con-
sistently detected in the two signal Canada-wide analyses
for the warm extremes. The two-signal detection results at
the sub-regional scale (Fig. Sc—f) are similar to the results
when considering Canada as one domain, with ANT signals
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Fig.5 Results from single- (ALL, green) and two-signal optimal
detection analyses (ANT, red and NAT, blue) for extreme temperature
indices for Canada and its regions. Best estimates of scaling factors

being detectable in most cases while the influence of NAT
is generally not detectable for warm extremes. In all cases,
the residual consistency test was passed.

4.4 PDO and NAO influence on detection results
As low frequency climate variability internal to the climate

systems, such as that represented by the PDO and the NAO,
affect temperature trends over the period we analysed, we
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(marks) and their 90% confidence intervals (bars) are shown for each
index (TXx, TNx, TXn and TNn)

used linear regression to remove the effect of low frequency
variability associated with the PDO and NAO on trends in
the observed seasonal and annual mean temperatures and the
four extreme temperature indices. This allows us to explore
the extent to which observed temperature trends may be
explained by natural internal variability. Monthly indices of
the PDO [the leading principal component of North Pacific
monthly sea surface temperature variability (poleward of 20N
for the 1900-1993 period)] and the NAO (the normalized
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pressure difference between a station on the Azores and one
on Iceland, available online at http://research.jisao.washi
ngton.edu/pdo/PDO.latest and https://crudata.uea.ac.uk/
cru/data/nao/ respectively) were first averaged to seasonal
means. A multiple regression model was then used to regress
regional mean seasonal temperature series with the seasonal
PDO and NAO indices as predictors. The seasonal residu-
als that remain in the observations after removing PDO and
NAO influences are then averaged to derive annual means.
For annual extreme temperature indices, regressions of the
regional mean temperature indices on the corresponding sea-
sonal NAO and PDO indices were also carried out (warm
extremes TXx and TNx, which are based on the warm half
year, were regressed with summer circulation indices; con-
versely, cold extremes TNn and TXn, were regressed with
winter NAO and PDO indices). The detection analysis pro-
cess was repeated on temperature after the influence of these
natural modes of variability was removed from the observa-
tions. The influence of model simulated NAO and PDO was
not removed from model simulated data as different GCMs
would have slightly different NAO and PDO patterns. This
should not cause problems in interpreting the results as it
means that the estimate of model simulated variability could
be slightly larger, potentially resulting in larger confidence
intervals for the scaling factors and thus making the detection
results potentially more conservative. There is an apparent
negative correlation between model simulated winter tem-
perature response to ALL forcing and the observed NAO
index for the winter season because the observed winter NAO
index exhibits a negative trend. It is not possible to determine
whether the latter is forced or due to internal variability, but
the presence of this correlation raises the possibility that a
portion of temperature response to external forcing may have
been removed when removing the influence of low frequency
variability. Such confounding of a forced response with low-
frequency internal variability would inadvertently reduce
estimates of warming attributed to forcing and overestimate
the amount of the amount of warming over the 65-year might
due to low frequency variability.

Figure 6 shows the time series of Canada-wide aver-
age 5-year mean anomalies of annual and seasonal mean
temperatures and extreme temperature indices before and
after the removal of PDO and NAO influence. The influence
of PDO and NAO increased annual mean temperature by
0.2-0.4 °C in the period of 1948-1975, and then cooled the
mean temperature in the period of 1980-2005 in comparison
with the original observations. The patterns are similar for
winter mean temperature, but the PDO and NAO impacts
on Canadian summer mean temperature are more limited.
The one- and two-signal detection results obtained using
PDO and NAO removed observations are very similar to
those for the original series, with a very small improvement
in some scaling factor estimates, which are now closer to

unity (not shown), this is consistent with findings from Kim
et al. (2016) for extreme temperature at global and regional
scales. The results of residual consistency tests are also
improved, all residual consistency tests passed, suggesting
that the models may not have simulated enough PDO and
NAO induced temperature variability.

4.5 Warming attributable to different factors

Trends in mean and extreme temperatures over Canada in
both the unadjusted time series of 5-year means and in the
adjusted time series with PDO and NAO influences removed
are summarized in Fig. 7. Over the period 1948-2012 that
we analysed in this study, annual, winter, and summer mean
temperature averaged over Canada increased 1.7, 2.8 and
1.1 °C, respectively. The warming trend is reduced by 0.5
and 0.9 °C in the annual and winter mean temperatures
respectively after adjustment for PDO and NAO influences,
but these adjustments have little impact on summer tem-
perature trends. The four extreme temperature indices, TXX,
TNx, TXn, TNn, increased 0.8, 1.2, 3.1 and 3.2 °C respec-
tively. Adjusting for the PDO and NAO influence does not
affect TXx trends, but decreases warming trends for TNx
by 0.1 °C, TXn by 0.3 °C and TNn by 0.5 °C, respectively.
Warming in the Canada-wide averages that is attributable
to external forcing is also summarized in Fig. 7. At the scale
of the entire country, most of the observed warming can be
attributed to anthropogenic influence, with natural forcing
playing a minor role. These estimates suggest that anthro-
pogenic influences caused a warming of approximately 1.0,
1.9, and 1.0 °C in annual, winter and summer mean tempera-
tures, respectively, while natural external forcing may have
contributed approximately 0.2, 0.2, 0 °C to the observed
warming in annual, winter and summer mean temperatures.
Anthropogenic influence contributed increases of approxi-
mately 0.7, 1.0, 2.8 and 2.8 °C to the indices of annual tem-
perature extremes TXx, TNx, TXn, TNn, respectively, with
substantially larger impacts on cold extremes (TXn, TNn),
moderating those extremes by about 3 °C, than on warm
extremes (TXx, TNx), which were intensified about 1 °C.
Both of these changes are large from an impacts perspec-
tive. Contributions from natural external forcing to observed
warming in these extreme temperatures are negligible.
Warming that is observed and that can be attributed to different
forcings in different parts of Canada is summarized in Table 3.
Warming is uneven across the country especially in annual and
winter mean temperatures, with the strongest warming observed
in Northern Canada and the weakest in Eastern Canada. The dif-
ference in annual mean temperature trends between regions is as
large as 1.1 °C for 1948-2010. Removal of the influence from
the NAO and PDO reduces but does not eliminate this differ-
ence. Warming attributable to ALL external forcing is largest in
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Fig.6 All-Canada 5-year average anomaly series from observations (OBS, black), PDO and NAO removed observations (OBS*, dashed lines)
for annual, winter and summer mean temperatures and indices of extreme temperatures

Northern Canada, where external forcing is estimated to have
contributed a warming of 3.4 °C to the winter temperature trend,
of which 3.0 °C is from ANT forcing.

5 Summary and conclusion

This study compared observed changes during 1948-2012
in mean and extreme temperatures over Canada with those
simulated by the CMIP5 multi-model ensemble using a
modern optimal detection method. We also considered
the possible influence of low frequency variability asso-
ciated with the influence of the PDO and NAO on long-
term changes in temperatures. The impact of these oscil-
lations is only apparent in the winter season, reducing
the observed 2.8 °C winter mean temperature increase to
1.9 °C in the PDO and NAO removed data. This effect is
also reflected in annual mean temperature trend as winter
has the strongest warming among four seasons, reducing
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the observed 1.7 °C annual mean temperature increase to
1.2 °C after PDO and NAO removal. These oscillations
have a lesser impact on extreme temperatures, having
a discernable impact only on the winter extremes TXn
(3.1 °C warming reduced to 2.8 °C) and TNn (3.2 °C
warming reduced to 2.7 °C).

Warming caused by external forcing is now detected and
attributed for Canada as a whole and for sub-regions within
Canada. Detection of the model simulated response to the
combination of anthropogenic and external natural forc-
ing (ALL) is very robust, as ALL is detected in mean and
extreme temperatures not only in Canada as a whole but
also in its four sub-regions. That is, the magnitude of the
warming signal is such that it is now detectable in regions
of relatively small size and of highest levels of natural vari-
ability. Moreover, attributed warming to all external forc-
ings is substantially greater in the north (as much as 3.4 °C
in northern Canada winter temperatures over the 65-year
period studied, equivalent to a winter warming rate of 5.2 °C
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per century) than in the more southerly regions. The models
may have underestimated observed warming in Canada.
While the overall sensitivity of our results to removing
PDO and NAO influences from Canadian temperature data is
minor, model simulated changes are nevertheless somewhat
more consistent with observed changes after the data are
adjusted to account for those influences. This is expected
since PDO and NAO removal reduces the possibility of
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is based on 1-signal detection and attribution analyses and warming
separately attributable to ANT (red bars) and NAT (blue bars) forcing
are obtained from the two-signal analysis with OBS*. Thin black bars
indicate 5-95% uncertainty ranges

confounding forced change with temporary trends associ-
ated with low frequency internal variability in the obser-
vations. The results of Vincent et al. (2015) and those of
this study provide a complementary picture of the causes
of observed changes in Canadian temperatures. Multi-dec-
adal oscillations such as PDO and NAO have clearly influ-
enced long-term changes in temperature, affecting different
regions differently as well as inducing some warming over
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Table 3 Observed warming in unadjusted observations (OBS) and in nal detection and attribution analyses and warming separately attrib-
PDO and NAO removed observations (OBS*) for annual, winter and utable to ANT and NAT forcing are obtained from the two-signal
summer mean temperature and the four temperature indices (TXXx, analysis with OBS*. The 5-95% uncertainty ranges are in brackets.
TNx, TXn, TNn) for All-Canada (CA) and 4 Canadian regions (BCY: Unit is °C over 1948-2012

NC: PR: EC). Warming attributable to ALL forcing is based on 1-sig-

BCY NC PR EC CA
Annual
OBS 1.6 (1.0, 2.2) 2.4 (1.7,3.0) 2.0(1.2,2.8) 1.3 (0.5, 2.0) 1.7 (1.1,2.2)
OBS* 1.1 (0.5, 1.7) 1.7 (0.9, 2.5) 1.4 (0.5, 2.3) 1.0 (0.2 1.7) 1.2(0.5,1.9)
ALL 1.2 (0.9, 1.5) 2.0(1.5,2.5) 1.4 (1.0, 1.7) 1.4 (1.1, 1.8) 1.5(1.1,1.9)
ANT 0.8 (0.5, 1.2) 1.4 (0.8, 2.0) 1.0 (0.6, 1.4) 1.0 (0.6, 1.5) 1.0 (0.6, 1.5)
NAT 0.2 (0.1, 0.3) 0.3(0.2,04) 0.2 (0.1, 0.3) 0.1(0.1,0.2) 0.2 (0.1,0.3)
Winter
OBS 34(1.2,5.6) 423.1,54) 4.2(1.6,6.7) 1.5(0.2,2.8) 2.8(1.5,4.1)
OBS* 1.3(-=0.7,3.3) 3.1(1.7,4.5) 22(-0.1,4.6) 1.4 (0.1,2.7) 1.9(0.4,3.2)
ALL 1.6 (1.0, 2.1) 3.4(2.2,4.6) 1.9 (1.2,2.6) 2.0(1.3,2.7) 2.1(1.4,2.9)
ANT 1.4(0.7,2.2) 3.0(1.5,4.5) 1.7 (0.9, 2.6) 1.8 (0.9,2.7) 1.9 (1.0,2.9)
NAT 0.2(-0.1,0.5) 04 (=03, 1.1) 0.2 (-0.1,0.5) 0.2 (= 0.1,0.5) 0.2 (= 0.1,0.5)
Summer
OBS 0.9 (04, 1.5) 1.4 (0.8, 2.0) 0.8 (0.3, 1.3) 1.2(0.7, 1.7) 1.1 (0.8, 1.4)
OBS* 0.9(0.3,14) 1.3(0.7, 1.8) 1.0 (0.5, 1.4) 1.2(0.7, 1.6) 1.1 (0.8, 1.4)
ALL 0.8 (0.5, 1.0) 0.8 (0.5, 1.1) 1.0(0.7, 1.4) 0.9 (0.6, 1.2) 0.9 (0.6, 1.2)
ANT 0.8 (0.5, 1.1) 0.9 (0.6, 1.2) 1.1 (0.7, 1.5) 1.0 (0.6, 1.4) 1.0 (0.6, 1.3)
NAT 0.0 (- 0.0,0.1) 0.0 (- 0.0, 0.0) 0.0 (- 0.0, 0.0) 0.0 (- 0.0, 0.0) 0.0 (- 0.0, 0.0)
TXx
OBS 0.8(-=0.2,1.8) 1.6 (0.8,2.4) 0.0 (- 1.0, 0.9) 0.8 (0.1, 1.6) 0.8 (0.4, 1.2)
OBS* 0.8(-=0.2,1.8) 2.0(1.2,2.8) 0.1 (-=0.7,1.0) 0.6 (-0.1,14) 0.8 (0.4, 1.3)
ALL 0.6 (0.1, 1.1) 0.6 (0.1, 1.0) 0.6 (0.1, 1.2) 0.6 (0.1, 1.1) 0.6 (0.1, 1.1)
ANT 0.7 (0.2, 1.2) 0.8 (0.2, 1.3) 0.8 (0.2, 1.3) 0.7 (0.2, 1.2) 0.7 (0.2, 1.2)
NAT 0.0 (= 0.0, 0.0) 0.1(=0.1,0.3) 0.0 (- 0.1, 0.0) —0.0(-0.1,0.0) 0.0 (= 0.0, 0.0)
TNx
OBS 1.3 (1.0, 1.7) 1.5(0.9,2.1) 0.5(-0.3,1.3) 1.3(0.9, 1.8) 1.2 (0.8, 1.6)
OBS* 1.1 (0.7, 1.5) 1.5 (0.9, 2.0) 0.5(-04,1.3) 1.2 (0.8, 1.7) 1.1 (0.7, 1.5)
ALL 0.8 (0.5, 1.2) 0.9(0.5,1.2) 0.9 (0.6, 1.3) 0.9 (0.5, 1.2) 0.9 (0.5, 1.2)
ANT 1.0 (0.6, 1.3) 1.1 (0.7, 1.5) 1.1 (0.7, 1.5) 1.0 (0.6, 1.3) 1.0 (0.6, 1.4)
NAT 0.0 (- 0.1, 0.0) 0.0 (- 0.0, 0.0) 0.0 (- 0.1, 0.0) —-0.0(-0.1,0.0) 0.0 (- 0.1, 0.0)
TXn
OBS 4.1(0.8,7.5) 4.9 (3.6,6.1) 3.2(0.3,6.0) 1.9 (0.1, 3.8) 3.1(1.2,5.0)
OBS* 3.0 (0.0, 6.0) 4.6(3.4,5.7) 23(-05,5.1) 2.0(0.2,3.9) 2.8 (0.8, 4.6)
ALL 23(1.3,34) 3.5(1.9,5.0) 2.6(1.5,3.8) 2.7(1.5,4.0) 2.8 (1.6,4.0)
ANT 24 (1.3,3.6) 3.3(1.8,4.9) 29(1.5,4.2) 2.8(1.5,4.2) 2.8(1.5,4.2)
NAT 0.2(-04,-0.1) 0.3(0.2,0.5) 0.5(-0.8,-0.2) -03(-05,-0.1) 02(-03,-0.1)
TNn
OBS 43(1.1,74) 4.0(2.9,5.1) 32(1.2,52) 2.4(1.0,3.9) 3.2(1.7,4.6)
OBS* 2.8(-0.1,5.7) 3.6 (2.6,4.7) 22(0.3,4.1) 2.4(1.0,3.9) 2.7(1.2,42)
ALL 2.6 (1.4,3.8) 3.1(1.7,4.5) 2.8(1.5,4.0) 2.6 (1.5,3.9) 2.8(1.5,4.0)
ANT 2.8(1.5,4.0) 3.0(1.6,4.5) 29(1.5,4.2) 2.7(1.4,3.9) 2.8(1.5,4.1)
NAT -03(-0.6,-0.1) 0.0 (0.0, 0.1) -03(-05,-0.1) —0.1(-0.1,0.0) —-0.1(-0.2,-0.0)

the 65-yr period of record in Canada’s mean temperature, =~ more complete oscillations of these large-scale phenomena.
particularly in winter. We would expect this influence to ~ However, while the influence of these large-scale modes of
wane as the period of record continues to lengthen, sampling ~ variation is apparent in Canada’s temperature record, most
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of the observed warming cannot be explained by natural
internal variability. Most of the observed warming can be
explained by external forcing on the climate system, with
anthropogenic influencing being the dominate factor.

Acknowledgements We acknowledge the World Climate Research Pro-
gramme’s Working Group on Coupled Modelling which is responsible
for CMIP, and we thank the climate modeling groups for producing and
making available their model output. For CMIP the U.S. Department
of Energy’s Program for Climate Model Diagnosis and Intercompari-
son provides coordinating support and led development of software
infrastructure in partnership with the Global Organization for Earth
System Science Portals. We thank Chao Li, Elizabeth Bush and Emma
Watson and three reviewers for their comments that have helped to
improve the manuscript.

Open Access This article is distributed under the terms of the Crea-
tive Commons Attribution 4.0 International License (http://creativeco
mmons.org/licenses/by/4.0/), which permits unrestricted use, distribu-
tion, and reproduction in any medium, provided you give appropriate
credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

References

Allen MR, Stott PA (2003) Estimating signal amplitudes in optimal
fingerprinting. Part I Theory Clim Dyn 21:477-491

Allen MR, Tett S (1999) Checking for model consistency in optimal
fingerprinting. Clim Dyn 15:419-434. https://doi.org/10.1007/
$003820050291

Allen MR, Stott PA, Mitchell JEB, Schnur R, Delworth TL (2000)
Quantifying the uncertainty in forecasts of anthropogenic climate
change. Nature 407:617-620. https://doi.org/10.1038/35036559

Bonsal BR, Zhang X, Vincent LA, Hogg WD (2001) Character-
istics of daily and extreme temperatures over Canada. J Clim
14:1959-1976

Brown RD, Braaten RO (1998) Spatial and temporal variability of
Canadian monthly snow depths, 1946-1995. Atmos Ocean
36:37-45

Christidis N, Stott PA, Brown SJ (2011) The role of human activity in
the recent warming of extremely warm daytime temperatures. J
Clim 24:1922-1930

Deser C, Phillips A, Bourdette V, Teng HY (2012) Uncertainty in cli-
mate change projections: the role of internal variability. Clim Dyn
38: 527-546

Fyfe JC, Screen JA, Flato GM, Sigmond M, Notz D, Kushner PJ, Lee
S, Feldstein S (2017) Large internal variability contribution to
Arctic warming in winter (Submitted)

Hegerl G, von Storch H, Hasselmann K, Santer BD, Cubasch U, Jones
PD (1996) Detecting greenhouse-gas-induced climate change with
an optimal fingerpring method. J Clim 9: 2281-2306

IPCC (2013) Long-term climate change: projections, commitments
and irreversibility. In: Stocker TF, Qin D, Plattner G-K, Tignor
M, Allen SK, Boschung J, Nauels A, Xia Y, Bex V, Midgley PM
(eds), Climate change 2013: the physical science basis. Contribu-
tion of Working Group I to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change. Cambridge Univer-
sity Press, Cambridge

Jones GS, Stott PA, Christidis N (2013) Attribution of observed his-
torical near-surface temperature variations to anthropogenic and

natural causes using CMIP5 simulations. J Geophys Res Atmos
118:4001-4024. https://doi.org/10.1002/jgrd.50239

Karoly D J, PA Stott (2006) Anthropogenic warming of central England
temperature. Atmos Sci Lett 7: 81-85. https://doi.org/10.1002/
asl.136

Kim YH, Min SK, Zhang X, Zwiers F, Alexander LV, Donat MG,
Tung YS (2016) Attribution of extreme temperature changes dur-
ing 1951-2010. Clim Dyn 46:1769-1782. https://doi.org/10.1007/
s00382-015-2674-2

Kirchmeier-Young MC, Zwiers FW, Gillett NP (2017) Attribution of
extreme events in Arctic Sea-ice extent. J Clim 30:553-571. https
://doi.org/10.1175/JCLI-D-16-0412.1

Kirtman B, et al. (2013) Near-term climate change: projections and pre-
dictability. In: Stocker TF (eds), Climate change 2013: the physi-
cal science basis. Contribution of Working Group I to the Fifth
Assessment Report of the Intergovernmental Panel on Climate
Change. Cambridge University Press, Cambridge

Koeppe CE (1931) The Canadian climate. McKnight, Bloomington,
pp 280

Mekis E, Vincent LA, Shephard MW, Zhang X (2015) Observed trends
in severe weather conditions based on humidex, wind chill, and
heavy rainfall events in Canada for 1953-2012. Atmos Ocean
53:383-397. https://doi.org/10.1080/07055900.2015.1086970

Min SK, Zhang X, Zwiers FW, Agnew T (2008) Human influence on
Arctic sea ice detectable from early 1990s onwards. Geophys Res
Lett 35. https://doi.org/10.1029/2008 GL035725

Min SK, Zhang X, Zwiers FW, Shiogama H, Tung YS, Wehner M
(2013) Multimodel detection and attribution of extreme tempera-
ture changes. J Clim 26: 7430-7451

Mitchell, JEB, et al. (2001) Detection of climate change and attribution
of causes. In: Houghton JT, et al. (eds), Climate change 2001: the
scientific basis. Contribution of Working Group I to the Third
Assessment Report of the Intergovernmental Panel on Climate
Change. Cambridge University Press, Cambridge, pp. 695-738

Mudryk LR, Derksen C, Kushner PJ, Brown R (2015) Characteriza-
tion of Northern Hemisphere snow water equivalent datasets,
1981-2010. J Clim 28:8037-8051. https://doi.org/10.1175/
JCLI-D-15-0229.1

Najafi MR, Francis ZW, Gillett NP (2015 ) Attribution of Arctic tem-
perature change to greenhouse-gas and aerosol influences. Nat
Clim Change 5:246-249

Najafi MR, Francis ZW, Gillett NP (2016) Attribution of the spring
snow cover extent decline in the Northern Hemisphere, Eurasia
and North America to anthropogenic influence. Clim Change
136:571-586. https://doi.org/10.1007/s10584-016-1632-2

Ribes A, Planton S, Terray L (2013) Application of regularised optimal
fingerprint to attribution. Part I: method, properties and idealized
analysis. Clim Dyn 41:2817-2836. https://doi.org/10.1007/s0038
2-013-1735-7

Shabbar A, Yu B (2012) Intraseasonal Canadian winter temperature
responses to interannual and interdecadal Pacific SST modula-
tions. Atmos Ocean 50:109-121. https://doi.org/10.1080/07055
900.2012.657154.

Sillmann J, Kharin VV, Zhang X, Zwiers FW, Bronaugh D (2013)
Climate extremes indices in the CMIP5 multimodel ensemble:
Part 1. Model evaluation in the present climate. J] Geophys Res
118:1716-1733. https://doi.org/10.1002/jgrd.50203

Stott PA, Kettleborough JA (2002) Origins and estimates of uncertainty
in predictions of twenty-first century temperature rise. Nature
416:723-726. https://doi.org/10.1038/416723a

Tett SFB, Gareth SJ, Stott PA, Hill DC, Mitchell JFB, Allen MR,
Ingram W1J, Johns TC, Johnson CE, Jones A, Roberts DL, Sexton
DMH, Woodage MJ (2002) Estimation of natural and anthropo-
genic contributions to 20th century temperature change. J Geo-
phys Res 107. https://doi.org/10.1029/2000JD000028.

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s003820050291
https://doi.org/10.1007/s003820050291
https://doi.org/10.1038/35036559
https://doi.org/10.1002/jgrd.50239
https://doi.org/10.1002/asl.136
https://doi.org/10.1002/asl.136
https://doi.org/10.1007/s00382-015-2674-2
https://doi.org/10.1007/s00382-015-2674-2
https://doi.org/10.1175/JCLI-D-16-0412.1
https://doi.org/10.1175/JCLI-D-16-0412.1
https://doi.org/10.1080/07055900.2015.1086970
https://doi.org/10.1029/2008GL035725
https://doi.org/10.1175/JCLI-D-15-0229.1
https://doi.org/10.1175/JCLI-D-15-0229.1
https://doi.org/10.1007/s10584-016-1632-2
https://doi.org/10.1007/s00382-013-1735-7
https://doi.org/10.1007/s00382-013-1735-7
https://doi.org/10.1080/07055900.2012.657154
https://doi.org/10.1080/07055900.2012.657154
https://doi.org/10.1002/jgrd.50203
https://doi.org/10.1038/416723a
https://doi.org/10.1029/2000JD000028

494

H.Wan et al.

Vincent LA, Mekis E (2006) Changes in daily and extreme temperature
and precipitation indices for Canada over the twentieth century.
Atmos Ocean 44:177-193. https://doi.org/10.3137/a0.440205.

Vincent LA, Wang XL, Milewska EJ, Wan H, Yang F, Swail V (2012)
A second generation of homogenized Canadian monthly surface
air temperature for climate trend analysis. J] Geophys Res 117.
https://doi.org/10.1029/2012JD017859

Vincent LA, Zhang X, Brown RD, Feng Y, Mekis E, Milewska EJ,
Wan H, Wang XL (2015) Observed trends in Canada’s climate and
influence of low-frequency variability modes. J Clim 28:4545—
4560. https://doi.org/10.1175/JCLI-D-14-00697.1.

Warren FJ, Lemmen DS (eds) (2014) Canada in a changing climate:
sector perspectives on impacts and adaptation. Government of
Canada, Ottawa, pp 286

Wen QH, Zhang X, Xu Y, Wang B (2013) Detecting human influ-
ence on extreme temperatures in China. Geophys Res Lett
40:1171-1176

Yin H, Sun Y, Wan H, Zhang X, Lu CH (2016) Detection of anthropo-
genic influence on the intensity of extreme temperatures in China.
Inter J Climatol 37:1229-1237. https://doi.org/10.1002/joc.4771

@ Springer

Zhang X, Vincent LA, Hogg WD, Niitsoo A (2000) Temperature and
precipitation trends in Canada during the 20th Century. Atmos
Ocean 38:395-429

Zhang X, Harvey KD, Hogg WD, Yuzyk TR (2001) Trends in Cana-
dian streamflow. Water Resour Res 37:987-998

Zhang X, Zwiers FW, Stott PA (2006) Multimodel multisignal climate
change detection at regional scale. J Clim 19:4294-4307

Zhang X, Wan H, Zwiers FW, Hegerl GC, Min SK (2013) Attribu-
tion intensification of precipitation extremes to human influence.
Geophy Res Lett 40:5252-5257 https://doi.org/10.1002/grl.51010

Zwiers FW, Zhang X (2003) Toward regional-scale climate change
detection. J Clim 16:793-797

Zwiers FW, Zhang X, Feng Y (2011) Anthropogenic influence on long
return period daily temperature extremes at regional scales. J Clim
24:881-892


https://doi.org/10.3137/ao.440205
https://doi.org/10.1029/2012JD017859
https://doi.org/10.1175/JCLI-D-14-00697.1
https://doi.org/10.1002/joc.4771
https://doi.org/10.1002/grl.51010

	OA_CoverTemplate_Wan_Hui_ClimDyam_2019
	Wan_Hui_ClimDynam_2019
	Human influence on Canadian temperatures
	Abstract
	1 Introduction
	2 Data
	2.1 Observations
	2.2 Model simulations

	3 Methods and data processing
	3.1 Data processing
	3.2 Detection method
	3.3 Estimation of attributable warming

	4 Results
	4.1 Trends
	4.2 Detection results for annual and seasonal mean temperatures
	4.3 Detection results for annual temperature extremes
	4.4 PDO and NAO influence on detection results
	4.5 Warming attributable to different factors

	5 Summary and conclusion
	Acknowledgements 
	References



