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Warming for Canada

Tong Li' ¢, Francis W. Zwiers'?> (, Xuebin Zhang', and Xiaolan Wang®

"Pacific Climate Impacts Consortium, University of Victoria, Victoria, BC, Canada, 2Key Laboratory of Meteorological
Disaster, Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disasters, Ministry of Education,
Nanjing University of Information Science & Technology, Nanjing, China, *Climate Research Division, Environment and
Climate Change Canada, Victoria, BC, Canada

Abstract The Arctic has experienced the most rapid warming on Earth in recent decades. This affects
Canada's landmass, which extends well into the Arctic. Nevertheless, limited spatial and temporal observational
coverage, combined with large climate model uncertainties, pose challenges to understanding both past and
future climate changes in these regions relative to preindustrial conditions. This is particularly challenging in a
place like Canada that has insufficient historical data to determine preindustrial reference conditions. Emergent
constraints can overcome this limitation by using historical observations for the modern post-industrial era to
constrain estimates of both preindustrial reference levels and future warming. Here we apply a carefully tested
Bayesian observational constraint method to simultaneously assess the externally forced historical and future
warming in Canada. Testing indicates that the approach reduces bias and uncertainty in historical and future
warming estimates, increasing confidence that it may also serve as a basis for developing a broader
understanding of climate change in other high-latitude regions. We estimate that external forcing from human
activity, has warmed Canada by 2.2 [1.3, 3.1]°C between the 1850-1900 pre-industrial period and the recent
2015-2024 decade. Applying these same observational constraints to future climate conditions indicates that
Canada will warm to 5.1 [3.2, 7.0]°C above pre-industrial levels by the end-of-century under an intermediate
emissions scenario SSP 2-4.5, and to 6.7 [4.6, 8.9]°C under a high-emissions scenario SSP 3-7.0, with the
largest warming projected for Northern Canada, followed by Quebec.

Plain Language Summary Canada has been warming rapidly, especially in its high latitude northern
regions. This study uses a Bayesian observational constraint method to better understand past and future
external forced warming for Canada within a consistent framework. This framework, which combines
information from climate models and observations, allows us to work backwards in time to estimate the role of
external forcing in warming relative to the preindustrial period and forward in time to estimate future mean
temperatures. Our findings indicate that Canada experienced minimal warming before the 1930s, with the
warming increasing steadily thereafter. External forcing from human activity, especially the emission of
greenhouse gases, is estimated to have warmed Canada by 2.2°C from the pre-industrial period to the recent
2015-2024 decade. Future projections depend on the different emissions scenarios, with warming ranging from
an estimated 5.1°C under an intermediate emissions scenario SSP2-4.5 to 6.7°C under a high emissions scenario
SSP3-7.0 by the end of this century. This study provides a clear understanding of past and future climate change
in a region that is strongly affected by feedback processes that amplify warming due to anthropogenic
emissions, thereby better informing climate action and policy-making efforts to mitigate the impacts of climate
change.

1. Introduction

The global near-surface temperature in 2023 was 1.45°C above the pre-industrial average (WMO, 2023).
Warming is occurring at a much higher rate in the northern high latitudes, however, exceeding three times the
global average in the Arctic (AMAP, 2021; Rantanen et al., 2022). The warming is accompanied by widespread
changes in many other aspects of the physical environment, such as increased precipitation (Min et al., 2008;
Zhang et al., 2019), changes in soil moisture (Watts et al., 2025), loss of snow and ice, and thawing of permafrost
(Fox-Kemper et al., 2021). These changes have caused damage not only to towns, cities and critical infrastructure
but also natural ecosystems (Hjort et al., 2022). Additionally, the thawing of permafrost has resulted in increased
releases of greenhouse gases such as methane (Miner et al., 2022).
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Understanding the contribution of human activities to past warming since the pre-industrial period 1850-1900
and reliably projecting future warming in high-latitude regions is important not only for local and regional
climate adaptation but also for global climate mitigation. Yet, this is challenging due to limited spatial and
temporal coverage of past observations. For example, the vast area of Canada north of the 60th parallel has very
few observing stations with long-term historical records, that with a few very rare exceptions, only begin after
World War II (Vincent & Gullett, 1999; Zhang et al., 2000). Available observations also provide an incomplete
picture of Northern Europe and the Arctic Ocean prior to the 1950s. In addition, this challenge is complicated both
by the complex feedback mechanisms that amplify warming in high latitude regions and by the large uncertainty
in model projected future warming for the region due to differences in the model representation of these pro-
cesses. As other high-latitude regions, Canada has experienced rapid warming in past decades (Li et al., 2018;
Zhang et al., 2019), but consistent estimates of externally forced past and future century-long temperature change
are lacking, both for Canada and other high-latitude regions.

Observational constraints are often used to reduce uncertainty in multi-model projections of the climate response
to future emissions and have been widely applied at global scales and in various regions (Lee et al., 2021; Li
et al., 2024; Liang et al., 2020; Ribes et al., 2021; Shiogama et al., 2022; Tokarska et al., 2020). Climate model
estimates of past warming caused by historical emissions are subject to uncertainties that are similar to those
affecting projections of future changes for a given scenario (Gillett et al., 2021), such as differences in the climate
sensitivities of the models (Sherwood et al., 2020). Therefore, in parallel with constraining future warming using
available past observations, it is also beneficial to constrain estimates of human-induced warming relative to the
pre-industrial period up to the present day with those observations. This is particularly important for regions with
limited long-term observational coverage, such as high-latitude areas (Douville, 2023). We demonstrate that this
is possible by treating past attributable warming and future projections consistently within a single Bayesian
statistical framework, using available observations to constrain model simulated climate response. Accurately
quantifying warming since the preindustrial period at a national and regional scale provides national and regional
policy makers with estimates of climate change that align with changes at the global scale that are assessed in
IPCC reports and considered in the context of international climate negotiations and agreements like the Paris
Agreement (UNFCCC, 2015).

Kriging for Climate Change (KCC), proposed by Ribes et al. (2021), is a Bayesian observational constraint
method that integrates historical observations, and simulations of past and future climate change within a unified
statistical framework. It explicitly treats missing past and future observations, enabling consistent constraints on
both past attributable warming and future climate response. Unlike traditional detection and attribution based
approaches (e.g., ASK; Allen and Stott (2003); Stott et al. (2006); Kettleborough et al. (2007)), which rely solely
on historical data, or model-weighting and selection methods (e.g., ClimWIP; Knutti et al. (2017); TCRlikely;
Cannon (2024)), which often use ad hoc combinations of models and observations, KCC systematically leverages
all available data. By making fuller use of observational data and incorporating temporal patterns, KCC has been
shown to produce more robust and skillful climate projections than methods based only on recent trends (Li
et al., 2025; Ribes et al., 2021). In this work, we develop an implementation of this approach to incorporate not
only the time evolution, but also large-scale regional and global-scale information to estimate observationally
constrained externally forced past and future warming in Canada and its subregions within a unified framework.
The results show that model uncertainty can be substantially reduced in Arctic amplification-affected northern
high latitude regions. This work can therefore serve as a foundation for developing a broader understanding of
climate change in other high-latitude areas.

2. Materials and Methods
2.1. Data
2.1.1. Observational Data

We use Canadian gridded surface air temperature data (CanGridT mlyV3.1), updated to 2023 with Canada's third
generation homogenized station temperature records (Vincent et al., 2020). The updated data set provides
monthly mean gridded temperature, with a 10 km spatial resolution across Canada. While an extended version of
the data set has full spatial coverage for Canada for the period 1900 to 2023, we use 1948-2023 as observations to
constrain model simulated responses because the station data from which the data set is produced are extremely
limited in Canada's north prior to 1948. These monthly data are first averaged to annual values, and annual
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temperature anomalies are calculated relative to the 1961-1990 baseline. These anomalies are subsequently area-
weighted and averaged over Canada and its six subregions defined in the Canada's Changing Climate Report 2019
(Bush & Lemmen, 2019) for the following analyses. Figure S1 in Supporting Information S1 shows the full names
and geographic boundaries of the six subregions. Spatially averaged annual mean temperature anomalies for
Canada and each subregion are used for subsequent analyses.

The HadCRUT.5.0.2.0 data set is used to estimate the annual global mean surface temperature over the 1948—
2023 period (Morice et al., 2021a) and to quantify measurement uncertainty at both the global and regional
scales. The observational constraint method used in this study (KCC, Ribes et al. (2021)), which will be described
in more detail below, accounts for measurement error in the observations. Measurement uncertainty here refers to
all uncertainties that affect the estimation of the annual mean temperature anomalies in a region, which includes
instrumental error and sampling errors that affect data homogenization and gridding procedures. HadCRUTS
includes 200 realizations of estimated monthly grid-box average temperatures where differences between re-
alizations reflect uncertainties that arise from measurement error at stations and in the gridding process equally.
When computing regional averages across Canada using the HadCRUTS data set, we first remap the monthly
values of HadCRUTS, which are on a 5° X 5° latitude-longitude grid, onto the 10 km CanGridT grid using a
nearest-neighbor approach. The remapped data is then used to compute regional mean values from annual av-
erages obtained from monthly values.

2.1.2. Model Data

We use annual mean near-surface air temperature computed from monthly values simulated by an ensemble of
climate models participating in the Coupled Model Intercomparison Project Phase 6 (CMIP6, Table S1 in
Supporting Information S1) (Eyring et al., 2016b) in four key ways:

1. Historical warming attribution: The historical all forcing (hist-ALL) simulations from 25 models participating
in CMIP6 are used to establish emergent constraint relationships for estimating observationally constrained
responses to all forcings (ALL) (Table S1 in Supporting Information S1). Only the first run of each model is
used to keep the influence of internal variability from each model comparable. To estimate observationally
constrained responses to natural forcing (NAT), anthropogenic forcing (ANT), greenhouse gas forcing (GHG)
and anthropogenic forcing other than greenhouse gases (OA), we use historical all forcing (hist-ALL), natural
forcing (hist-NAT) and greenhouse gas forcing (hist-GHG) simulations from 10 climate models participating
in the Detection and Attribution Model Intercomparison Project (DAMIP; Gillett et al., 2016) of CMIP6
(Table S1 in Supporting Information S1). Assuming that climate responses to individual forcings are additive
(Min et al., 2013; Ribes et al., 2021), we derive responses to ANT as X,,, = Xar1, — X,a and that to OA as
Xoa = Xant — Xgng- Because the historical simulations often end before the final year of the period used in
attribution analyses, they are extended as detailed in Section 2.4 below.

2. Future projection: We use historical all forcing (hist-ALL) simulations and future projections under four
Shared Socioeconomic Pathways (SSP) emissions scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5
simulations from 25 models participating in CMIP6 to establish emergent constraint relationships and obtain
observationally constrained future projections. Only the first run of each model is used for the constraint to
keep the influence of internal variability from each model comparable.

3. Internal variability in the observations: Internal variability in historical observations is estimated using
simulations from five large ensembles (bold entries in Table S1 in Supporting Information S1) conducted with
ACCESS-ESM1-5 (40 members, Ziehn et al. (2020)), CanESMS5 (50 members, Swart et al. (2019)), MIROC-
ES2L (30 members, Hajima et al. (2020)), MIROC6 (50 members, Shiogama et al. (2023)) and MPI-ESM1-2-
LR (50 members, Gutjahr et al. (2019)).

4. Effectiveness of the constraining method: We evaluate the skill of the constrained projections using an
imperfect model testing procedure (see Section 2.3 for details). This procedure requires historical simulations
that provide pseudo-observations for constraining projections and corresponding future simulations that
provide future pseudo-observations that can be compared with constrained projections to verify performance.
Models used as pseudo-observations are not used to develop constraints. We select models with at least three
runs (Table S1 in Supporting Information S1, entries in italics) for the historical period and for each of the
future scenarios. Three runs from each model are used as pseudo-observations to ensure equal contributions
from each model and to obtain information about the potential impact of internal variability on constraint
effectiveness.
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As the model simulations are provided on different native model grids, their annual mean temperatures are
remapped onto the 10 km grid using a nearest-neighbor approach. The remapped data are masked to match the
availability of the observational data and used to compute regional area-weighted mean values following the same
procedure applied to CanGridT data. CanGridT values in coastal regions are derived from land-based stations. It
should be noted however, that model values from model ocean grid boxes may be included when model output is
remapped onto the CanGridT grid.

2.2. Constraint Method

We use a novel implementation of the Kriging for Climate Change (KCC) observational constraint method (Ribes
et al. (2021) in this study. This method has its roots in Bayesian statistics and treats the constraint problem as a
missing data imputation problem. It establishes a prior distribution on the relationship between historical and
future temperatures in models and then uses observations during periods when both observations and models are
available to obtain a posterior distribution on future temperatures that is conditional on the historical observations.
This allows for the estimation (i.e., imputation) of missing past and future observations, thereby constraining and
updating model behavior.

The statistical model underpinning KCC, described as Eq. 1 in Ribes et al. (2021), can be rewritten as follows:

Observations: Y, = HY + ¢, g, ~N(0,X,) (1)
Model realizations: X; = p +¢€,;, €,; ~N(0,X,) 2)
Indistinguishability assumption: ¥ ~ X; ~ N(u, X,) 3)

In the observations Equation 1, Y,, is the time series of observations used to constrain model responses and Y is the
response to forcing over the entire period of interest. Matrix H is an operator matrix [Ih 0] that extracts the
components of Y that correspond to the period covered by Y,. Vector €, in Equation 1 represents noise in the
observations, associated with internal variability and measurement errors (e.g., sampling uncertainty). This noise
is assumed to follow a Gaussian distribution €, ~ N(0,X,).

Similarly, in the model realizations Equation 2, X; contains a simulated time series produced with one of m
models 7, i = 1,...,m, u is the mean over models, and ¢, ; represents the difference between models. This model
realization noise is also assumed to follow a Gaussian distribution €,; ~ N(0,X,). In contrast with Equation 1,
the equation describing model realizations does not include the operator matrix H because the model simulations
are complete for the entire 1850-2100 period of interest. The model-observation indistinguishability assumption,
shown in Equation 3, serves as a bridge between the observational and model worlds. This assumption states that
the forced response in observation Y is drawn from the same distribution as the model responses X;.

With the formulation and assumption above, the multivariate Gaussian distribution Y ~ X; ~ N(u,X,) can be
viewed as a prior distribution on possible 1850-2100 forced response realizations of the observed climate, of
whichonly Y, = HY has been observed for the 1948-2023 period with error. Following Bayes theorem, it can be
shown (Ribes et al., 2021) that the posterior (i.e., constrained) distribution for Y after updating the prior with the
observations Y, is multivariate Gaussian with mean vector py|y, and variance-covariance matrix Zy |y, given by

Ryy, = B+ ZH' (HEH' +2,)" (Y, — Hp) €
Zyy, =X, — L H'(HL H' +X,)'HE,. 5)

This distribution describes the constrained estimates of historical attributed warming and future projected
warming and their uncertainties.

We consider three approaches for using observed temperatures to obtain the posterior distribution that are
distinguished by how the observational vector Y,, is configured. The first approach (referred to the CA scheme)
uses annual mean temperature averaged over Canada, which results in a vector Y, of length 76 (one entry for each
year between 1948 and 2023). The second approach (termed the SRA scheme) considers broad spatial variations
in temperature within Canada during the historical period by using annual regional mean temperatures over six
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subregions instead of only the Canadian annual mean temperatures. This is achieved by concatenating the annual
mean temperature time series for the six regions into a single long vector of length 456, with corresponding
changes to the dimensions and composition of u,H,%, and X,. The third approach (termed the NCG scheme)
incorporates annual mean temperature over northern Canada (north of 60°N), Canada, and the globe. Previous
studies (Qasmi & Ribes, 2022; Ribes et al., 2022) have demonstrated the added value of including global in-
formation when constraining regional warming projections. In addition, the high latitude warming indicator is
included in the NCG scheme to help provide an observational constraint on the diverse representations of
amplified high-latitude warming in models. To ensure that the global and regional components contribute equally
to the estimation, only years after 1948 are used. This results in an observation vector Y, of length 228. A detailed
description of the implementation of the first approach is provided in Appendix A. Once Y, and estimates of
#.H, X%, and X, have been obtained, the estimated pyy and X,y can be easily calculated according to Equa-
tions 4 and 5. We then generate 100 random samples representing the warming evolution with time from the
posterior distribution for subsequent analysis.

2.3. Imperfect Model Test

As mentioned above, we consider three approaches for using available temperature observations to constrain
warming in Canada. The CA scheme should be less influenced by low-frequency internal variability because
large-scale modes of variability, such as the Pacific Decadal Oscillation, affect different parts of Canada
differently (Vincent et al., 2015). Nationally averaging temperature data filters out some of these effects but does
not provide information about regional differences in the influence of external forcing on Canadian temperatures.
The SRA scheme is designed to mitigate this issue, although uncertainty is higher because temperatures on
smaller scales are influenced more strongly by internal variability. Additionally, using an observational vector
with more elements necessitates the estimation of a larger covariance matrices, increasing the potential for
estimation errors. The NCG scheme builds on the CA approach by further incorporating high-latitude northern
region and larger-scale global mean temperature. Since northern region exhibits a stronger local response to
global warming and the GSAT reflects large-scale physical processes, including climate sensitivity, radiative
forcing response, and circulation patterns. This combined approach therefore integrates information across
different spatial scales and is physically grounded.

We use the imperfect model test to find an optimal KCC implementation, which assumes that strong performance
across the available “ensemble of opportunity” is indicative of performance that can be expected when obser-
vations provide the constraint. In this procedure, simulations from individual climate models that include both
past and future states of the climate serve as pseudo-observations. This allows ECs to be repeatedly applied to
different realizations of pseudo-observations for the past, with the resulting constrained projections verified
against corresponding future pseudo-observations. We select the simulations from models with at least three runs,
using the first three runs if more than three are available, as pseudo-observations to ensure equal contribution from
each model. When a simulation is used as pseudo-observations, only simulations from other models are used to
obtain the prior distribution on historical and future change in the withheld model.

The evaluation considers absolute bias, uncertainty interval width, and the uncertainty interval coverage rate. The
bias is quantified as the absolute difference between the constrained or unconstrained best estimates (mean
values) and the mean of the three pseudo-observation runs from the same model. This approach allows com-
parison with the model's forced response, minimizing the impact of internal variability. The uncertainty interval
width is defined as the width of 5-95th percentile uncertainty interval (90% confidence interval) of the con-
strained or unconstrained distribution. In addition, we compute uncertainty interval coverage rates, representing
the percentage of pseudo-observations lying within the 5-95th percentile uncertainty interval to ensure that
uncertainty is not underestimated.

Ideally, coverage rate of the uncertainty intervals should be the same as the nominal 90% rate, with lower values
indicating underestimated uncertainty and higher values suggesting overestimated uncertainty. Departures from
the nominal rate in the imperfect model test may occur for several reasons. A working assumption in developing
the prior is that the available CMIP6 “ensemble of opportunity” (Tebaldi & Knutti, 2007) can be considered a
representative sample that is drawn from the population of all physically plausible representations of the climate
system and that for mean temperature, a multivariate Gaussian distribution can be used to represent that popu-
lation. This assumption may not be fully satisfied, however, given that the available ensemble includes several
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high-sensitivity models (Zeke Hausfather et al., 2022). In addition, to parametrize the prior and posterior dis-
tributions it is necessary to use estimates of high-dimensional covariance matrices that are obtained from only a
limited number of models, which implies that the uncertainty of those estimates should be considered in the
construction of uncertainty intervals. We do this in a two-step process. First, prior and posterior distributions are
determined using the estimated covariance matrices. Coverage is then evaluated using the imperfect model test
(i.e., leave-one-model out cross validation), and based on this, uncertainty ranges are rescaled to ensure that
coverage corresponds to the nominally specified value of 90%. We find that a scaling factor of ~1.3 is needed to
achieve the specified level of coverage for the optimal scheme (amongst the CA, SRA and NCG schemes) for
Canadian mean temperature. For simplicity and consistency, this scaling factor is applied uniformly across all
emission scenarios and regions.

2.4. Temporal Smoothing of Model Simulated Annual Series

As we are most interested in the temperature responses to anthropogenic forcing both in the past and future, we
apply natural cubic spline smoothing to the time series of each simulation to filter out internal variability and
short-duration natural forcing effects. Annual mean regional mean series from historical all-forcing simulations
(1850-2014) from 25 CMIP6 models are joined with series from corresponding simulations under the SSP1-2.6,
SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios (2015-2100) to produce continuous annual mean series covering
1850-2100. Additionally, the series extended with the SSP2-4.5 scenario is used to estimate the constrained
historical response to ALL forcing. To smooth the annual series, we apply cubic splines with knots placed
randomly, ensuring that the spacing between consecutive knots is between 15 and 30 years. To ensure results are
not sensitive to a particular knot placement choice, this smoothing process is repeated 10 times with different
random knot placements; the mean of the resulting smoothed series is used for subsequent analysis. This approach
retains signals only at multi-decadal time scale, approximately 20 years or longer.

The observational data ends in 2023 while the historical simulations provided by the 10 models participating in
DAMIP under ALL, NAT, and GHG forcings end in 2014. We therefore need to extend these series so that recent
observations can help inform the constraints. Four DAMIP models (CanESMS5, IPSL-CM6A-LR, MIROCS6,
NorESM2-LM) provide ALL, GHG, and NAT forcing simulations under the SSP2-4.5 scenario which we used to
extend their historical simulations to 2025. For the remaining DAMIP models, smoothing splines based on 1850—
2014 individual forcing simulations developed as above using repeated random knot placement at intervals of 15—
30 years were extrapolated for the years 2015-2025. To assess the reliability of this extrapolation, we compare
extrapolated with interpolated values for 2015-2025 for the four DAMIP models with complete time series
(Figure S2 in Supporting Information S1). The consistency between the two approaches seen in Figure S2 in
Supporting Information S1 supports the validity of the extrapolation.

2.5. Estimating Warming Relative to a Base Period and the Instantaneous Warming Rate

We estimate warming relative to two key periods: a modern period that covers the first 30-years of the obser-
vational record (1948-1977) and the pre-industrial period (1850-1900). This includes warming in the decade
2015-2024 relative to these two references periods that is attributable to various external forcings, and the
projected future warming. Upper and lower bounds of the correspond uncertainty ranges are given by 5th to 95th
percentiles that are obtained by sampling from the posterior (observationally constrained) distribution of model
simulated warming. Additionally, we calculate instantaneous warming rates for specific years by computing the
first derivative of the warming corresponding to that year.

3. Results
3.1. Selecting Optimal Constraining Scheme

Figure 1 illustrates the performance of constrained temperature projections for Canada at the end-of-century
2081-2100 period relative to preindustrial period 1850-1900 under the SSP5-8.5 scenario, using observed
temperature with the CA, SRA and NCG schemes, as evaluated through the imperfect model test. The constrained
projections from all schemes reduce biases by more than 0.3°C (19%) on average, and the uncertainty interval
width is reduced by more than 2°C (31%) relative to the uncertainty of the unconstrained projections, albeit with
some reduction in the coverage rate.
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Figure 1. Imperfect model test of constrained projections of Canada's annual mean temperature under the SSP5-8.5 scenario, when each model simulation individually
serves as historical and future pseudo-observations. Pseudo-observed changes between end-of-century 2081-2100 and preindustrial period 1850-1900 are represented
by dark green markers. The unconstrained distributions, based on simulations by CMIP6 models excluding the model generating the pseudo-observation, are shown as
horizontal gray bars (mean values) and wide bars (5th-95th percentiles). The constrained projections, which incorporate historical pseudo-observed information for
1948-2023, are indicated with orange markers and wide bars for the (a) CA, (b) SRA, and (c) NCG schemes respectively. The thin whiskers represent enlarged
uncertainty ranges, scaled by a common factor of 1.3 to achieve a 90% coverage rate for the NCG scheme. See Figure S3 in Supporting Information S1 for corresponding
results under the SSP2-4.5 scenario.

Among the three constraint schemes evaluated, the NCG approach demonstrates the most balanced performance.
It achieves the lowest absolute bias of 1.1°C, representing a 35% reduction compared to unconstrained projections
and thus indicating the closest alignment with the pseudo-observations. Its uncertainty width of 4.4°C is narrower
than the CA scheme (4.6°C) and while wider than that of SRA (3.6°C), it achieves a coverage rate of 83%, which
is higher than the prior (78%) and the constrained CA (78%) and SRA schemes (71%), which implies that its
uncertainty estimates are better calibrated to include the true values. In contrast, while the SRA scheme offers the
narrowest uncertainty bounds, its lower coverage indicates uncertainty interval width underestimation. The CA
scheme, although slightly less accurate and broader in uncertainty, maintains a higher coverage rate. Overall, the
NCG schemes appears to offer the best trade-off between bias and uncertainty, making it a compelling choice.
Similar performance is observed under the mid-range emissions scenario SSP2-4.5 (Figure S3 in Supporting
Information S1).
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Figure 2. The performance of constrained projections in six sub-regions as determined by the imperfect model test. (a—d) Absolute bias (°C), (e-h) scaled uncertainty
interval width (°C) and (i-1) coverage rate (%) in the unconstrained projections (column1), constrained projections using the CA (column 2), SRA (column 3), and NCG
(column 4) schemes for 2081-2100 mean conditions relative to 1850—1900 under the SSP5-8.5 scenario. The bias, uncertainty interval width and coverage rate values
for each region are indicated within the corresponding regions, with the values for the Canada (CA) region shown in the upper-left corner. See Figure S1 in Supporting
Information S1 for the full names and geographic boundaries of the six sub-regions and see Figure S4 in Supporting Information S1 for the results under the SSP2-4.5

scenario.

The fact that all schemes exhibit coverage rates lower than the nominal 90% indicates that the original estimates
are likely overconfident. To correct for this, we applied a simple scaling factor of 1.3 to widen the uncertainty
ranges, ensuring that the NCG scheme achieves the target 90% coverage rate, while the coverage rates of CA and
SRA are 88% and 76% respectively after adjustment under SSP5-8.5. The expanded uncertainty ranges are
indicated by the thinner whiskers in Figure 1. Three main factors appear to contribute to the under-coverage. First,
imperfect bias correction may be a factor. The projections are constrained by historical information in the pseudo-
observations in a limited high-latitude area that is affected by strong positive feedback that amplifies warming.
The strength of those feedbacks, which are dominated by ice-albedo feedback, likely depends on more factors
than just the amount of warming induced by external forcing. Thus historical data in such areas may not have
sufficient information to distinguish amongst potential future evolutions that are, in part, determined by these
regional feedback mechanisms. Another factor is internal variability, which despite the size of the Canadian
domain, can sometimes be confounded the historical warming signal and lead to divergent projections. For
example, this is evident when using EC-Earth3-Veg pseudo-observations (Figure 1), where constrained pro-
jections of individual future pseudo-observations show biases that are both positive and substantially negative.
Third, model uncertainty (e.g., as characterized by differences in model sensitivities) more generally plays a role.

Focusing on the subregion scale, observationally constrained projections improve upon raw model projections for
each of the six subregions (Figure 2), reducing both bias and uncertainty interval width, with the inflated un-
certainty range helping to maintain a more reliable coverage rate. Among the three schemes, NCG consistently
achieves the lowest absolute biases in southern regions, with only slightly higher bias than SRA in the northern
area. Like its performance at the national scale, NCG maintains well-balanced uncertainty widths, narrower than
for CA and unconstrained projections and slightly wider than SRA. Importantly, it shows consistently high
coverage rates across all regions, ensuring that its uncertainty bounds reliably contain the true values. In contrast,
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while SRA offers narrower uncertainty intervals, its lower coverage indicate uncertainty is underestimated
(Figure 2k).

The largest absolute reductions in both bias and uncertainty are observed in the northern region, where NCG
reduces the bias from 2.0°C in the raw model simulations to 1.5°C and reduces the uncertainty interval width from
10.9°C for to 7.2°C. This highlights the utility of the observational constraint based on 1948-2023 observations in
projecting warming in an Arctic region where Arctic amplification and the reduction of Arctic sea ice are
important elements contributing to amplified regional warming.

The strong performance of the observational constraints in projecting future climate under the SSP5-8.5 scenario
is maintained across other SSP scenarios that have weaker warming signals (evaluations under SSP2-4.5 are
shown in Figure S4 in Supporting Information S1). Overall, using observed temperature as a constraint effectively
reduces bias and uncertainty in model projections of annual mean temperatures for Canada and its subregions,
consistent with similar performance seen at the global scale (Li et al., 2025). Accounting for information from
Canada's high-latitude region, its national mean, and the global mean enables the NCG scheme to provide robust
and well-calibrated results at both national and regional scales. The remainder of the paper therefore presents
attribution results and future projections using this scheme, incorporating the adjusted (scaled) uncertainty ranges.

3.2. Historical Responses to External Forcing

Figure 3a shows observation-constrained estimates of historical responses to external forcing in Canada, with
annual values expressed as differences from the 1850-1900 period average constrained value. The constrained
ALL forcing response estimate based on 25 CMIP6 models shows a consistent warming trend, beginning near
zero during the pre-industrial period (1850-1900), gradually increasing through the early-to-mid 20th century,
and accelerating after the 1970s. These two periods of rapid warming align well with global mean surface
temperature trends (Fig. 7 in Forster et al. (2025)). The results based on 10 individual climate change simulations
participating in DAMIP demonstrate that the attributions to ALL and ANT are very similar (Figure S5 in Sup-
porting Information S1). This trend reflects the growing influence of anthropogenic activities, particularly GHG
emissions. The response to OA forcing (mostly from aerosols) exhibits a modest cooling trend that offsets some of
the GHG-induced warming and flattens after the 1980s, reflecting stabilization of global OA forcing. The esti-
mated cooling offset from OA is small in Canada, presumably because it does not have many localized aerosol
precursor emissions compared to other regions of the world of a similar size, such as south-east Asia. NAT re-
mains nearly flat throughout the historical period and does not make a material contribution to the warming at the
response timescales (about 20 years or longer) that are retained in the analysis. Compared to the raw model-
simulated responses (Figure S6 in Supporting Information S1), the observation-constrained estimates have
tighter uncertainty ranges and reduced warming attributed to ALL, ANT, GHG, and OA.

The observation-constrained temperature responses over Canada and its subregions during the recent decade
(2015-2024), expressed as differences from constrained values for 1948-1977, are shown in Figure 3b. We
consider a forcing effect to be detected if, after being constrained by observations, its estimated uncertainty range
does not include zero. By doing so, we find that warming due to ANT and GHG forcing is detectable in the
temperature change between 1948-1977 and 2015-2024 in Canada and all of its subregions. In contrast, the
effects of NAT and OA forcing are undetectable in the changes that occurred between these periods. These results
are consistent with a previous detection and attribution analysis using an optimal fingerprinting approach (In Bush
& Lemmen, 2019; Wan et al., 2018) that detected the effect of ALL and ANT forcing in annual mean temperature
in Canada and in 4 subregions covering the country.

The total warming response to ALL forcings in the change in Canada's mean temperature between 1948-1977 and
2015-2024 is estimated at 1.9 [1.6, 2.2]°C. This warming is almost entirely attributed to ANT, contributing 2.1
[1.8,2.4]°C, possibly offset by a small cooling of —0.1 [—0.3, 0.2]°C due to NAT. The warming from ANT that is
driven by GHGs, estimated at 2.3 [1.6, 2.9]°C, is indistinguishable in Canada from that due to GHGs as that from
OA, which is estimated to be —0.0 [—0.8, 0.7]°C. Attributable warming across subregions is of similar magnitude,
except for the Northern region, where the warming attributed to ALL forcing is 2.3 [1.9, 2.6]°C.

The observation-constrained estimates of temperature change for 2015-2024 relative to the pre-industrial period
are shown in Fig. S7 in Supporting Information S1. The detection results for changes relative to the pre-industrial
period in Canada and across six subregions are similar to those relative to 1948—1977; the effect of ANT and GHG
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can be detected in Canada and all of its subregions, and NAT and OA are undetectable in most cases. Warming in
Canada between 1850-1900 and 2015-2024 that is attributable to ALL forcing reaches 2.2 [1.3, 3.1]°C, which is
about 0.3°C greater than the warming due to ALL forcing since 1948—-1977. The uncertainty range in the ALL
forced warming over the longer period is 1.2°C wider than for the more recent interval, reflecting the greater
uncertainty that arises when referencing changes to constrained estimates of pre-industrial temperatures when
observations were not available. Nevertheless, the fact that the historical observations since 1948 provide useful
information to meaningfully constrain the ALL forcing change in Canada since the pre-industrial period is
remarkable. The estimated warming due to ALL forcing is primarily driven by human activities. The effect of
NAT forcing remains minimal at —0.1 [—0.3, 0.2]°C. In contrast, the GHG forcing is estimated to have caused a
warming of 2.8 [2.0, 3.7]°C, which over the longer period, has been offset by a cooling induced by OA forcing of
—0.5[—1.3,0.2]°C. The proportion of GHG-induced warming relative to pre-industrial levels that is offset by OA
cooling is larger than that relative to 1948—1977, highlighting the impact of higher aerosol forcing before the
1970s.

Figure 3c displays warming rates in response to ALL forcing at five specific times between 1900 and 2025.
Across all regions and in Canada, the warming rate is small in the early 20th century and attains high levels in the
early 21st century. By 2025, the warming rate for Canada is approximately 0.045 [0.025, 0.062]°C per year.
Regionally, the strongest warming rates are observed in the North, exceeding 0.05°C per year. The spatial and
temporal patterns and magnitudes of warming under ANT forcings (Figure S8a in Supporting Information S1)
resemble those under ALL forcings, with larger warming rates in the early 21st century, again indicating that the
observed warming trend is predominantly human-driven. The constituent GHG forcing of ANT appears to be the
dominant driver of these warming trends, with GHG-induced rates (Figure S8b in Supporting Information S1)
closely aligning with those of ANT forcings but showing slightly higher magnitudes.

3.3. Future Warming Projection

Constraining future projections with the 1948-2023 observations has two effects on the raw model projections: the
distribution of projections is generally adjusted downward and the associated uncertainty is reduced (Figure 4).
This pattern is evident for Canada as whole (Figures 4a—4d), and for all six subregions (Figures 4g and 4h). Across
all regions and scenarios, the constraint narrows uncertainty range by 17%—42% by the end of the century, these
reductions become more even pronounced under the higher-emissions scenarios SSP3-7.0 and SSP5-8.5. The
northern region shows highest warming magnitude, with the largest uncertainty reduction, which decreases by
2.5°C (40%) under the SSP2-4.5 scenario. Compared to western Canada, the adjustments in both the mean values
and uncertainty are more noticeable in eastern Canada. These constrained reductions in high-end projections,
particularly under high emission scenarios and in the northern region, are consistent with findings from
Cannon (2024).

Tables S2 and S3 in Supporting Information S1 summarize the magnitude of warming for each region in the near-
term (2026-2046) and the late 21st century (2081-2100) under different emissions scenarios, relative to the
modern period (1948-1977) and the pre-industrial period (1850-1900), respectively. Under the moderately low
emissions scenario SSP2-4.5, which more closely aligns with future mitigation policies, the projected warming
for Canada relative to 1850-1900 reaches 5.1 [3.2, 7.0]°C by the end of the century and rises to 6.7 [4.6, 8.9]°C

Figure 3. Observationally constrained estimates of changes in annual mean temperature in Canada. (a) Constrained estimates of Canada's annual mean temperature
responses to all forcing (ALL), anthropogenic forcing (ANT), natural forcing (NAT), greenhouse gas forcing (GHG), and other anthropogenic forcing (dominated by
aerosols, OA). Temperature responses to various forcings, along with their 5%-95% uncertainty ranges, are shown in color, while observations are plotted as gray dots.
The response to ALL forcing is based on simulations from 25 CMIP6 models, while responses to individual forcings are derived from simulations by 10 models
participating in DAMIP. Observed and constrained temperatures in this figure are given as differences from the 1850-1900 mean. The best estimate and associated
uncertainty of the constrained estimations are initially calculated relative to 1850-2023, then shifted to be relative to 1850-1900 according to mean change. This
prevents artificially narrow uncertainty ranges during the reference period, which would otherwise increase as the temporal distance from the reference period grows.
The observed annual mean temperatures used with the KCC method were calculated relative to the 1961-1990 mean but are offset in this figure for display purposes.
This offset ensures that the observed annual temperatures between 1948 and 2023 have the same mean as the constrained ALL forcings annual temperature estimates for
that period. See also Figure S6 in Supporting Information S1 for the projections from unconstrained simulations. (b) Estimated temperature changes due to various
external forcings during the past decade 2015-2024 relative to the 1948—1977 period for annual mean temperature in Canada and its six sub-regions (°C). The 5%-95%
uncertainty ranges are derived by calculating the difference between the two periods repeated for each sample in the posterior distribution. Results for temperature
changes relative to the pre-industrial baseline are provided in Figure S7 in Supporting Information S1. (c) Instantaneous warming rate at various time points in response
to ALL forcing for annual mean temperature in Canada and its six sub-regions (°C/yr). See also Figure S8 in Supporting Information S1 for instantaneous warming rate
under ANT and GHG forcings.
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Figure 4. Observationally constrained projections. (a—d) Constrained projection of Canada's annual mean temperature change during 2026-2100, relative to the pre-
industrial (1850-1900) baseline, under the four illustrative SSP scenarios considered in this study. The best estimates and their 5%-95% uncertainty ranges of the
unconstrained (i.e., raw model projection, light purple) and constrained (orange) projections are shown. (e) Best estimate of the constrained projection for sub-regions at
the end of the 21st century (2081-2100) under the SSP2-4.5 scenario. (f) 5%—95% uncertainty range in the constrained projection. (g) Difference between the best
estimates of the constrained and unconstrained projections. (h) Reduction in the width of the 5%-95% uncertainty ranges between the constrained and unconstrained
projections. Temperature unit is °C. See also Figure S9 in Supporting Information S1 for the projection under the SSP3-7.0 scenario.

under the higher emissions SSP3-7.0 scenario. The largest projected warming under SSP2-4.5 is seen in northern
Canadaat 6.1 [3.9, 8.3]°C (Figure 4e), and eastern Canada is expected to experience greater warming compared to
central and western Canada, where diminishing sea ice and changes in snow cover are likely contributing to a
higher warming rate (Screen & Simmonds, 2010; Vihma, 2014).

Projections under different emissions scenarios (Figures S9 and S10 and Tables S2 and S3 in Supporting In-
formation S1) are similar in the near term but diverge more widely by the end of the 21st century. While warming
rates remain relatively similar in the near term (e.g., 2026), differences begin to emerge in the following first half
of the century (e.g., 2050) and become pronounced by the end-of-century (e.g., 2090) (Figure S10 in Supporting
Information S1). Under the SSP1-2.6 scenario, the warming rate slows to nearly zero and even shows small
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decline (with high uncertainty) in the latter half of the century. In contrast, the warming rate under a higher
emissions scenario SSP5-8.5 remains nearly constant throughout the century, with the warming rate for Canada
projected to rise to about 0.09°C per year by the end of century—about double the current rate. The difference in
warming rates between SSP5-8.5 and SSP2-4.5 is around 0.06°C per year, highlighting the urgent need for robust
mitigation actions to limit the ever-increasing impacts of climate change. In northern Canada, scenario differences
are even more pronounced. The warming rate is projected to be about 0.03°C per year under SSP2-4.5, increasing
sharply to 0.11°C per year under SSP5-8.5. This illustrates not only the region's heightened sensitivity to global
emissions but also the influence of Arctic local feedbacks such as ice-albedo feedback that contribute to a more
complex and accelerated warming pattern in the North (Dai et al., 2019; Pithan & Mauritsen, 2014).

4. Discussion and Conclusions

The goal of this study is to attribute past changes and to project the future state of Canada's temperature at both
national and subregional scales, while minimizing uncertainty in the estimates. Achieving this objective is
challenging because nation-wide observations are not extensively available prior to the late 1940s, and because of
the heightened uncertainty in Canadian temperature changes in model simulations compared to most other re-
gions, partly due to Arctic amplification. To address these challenges, we integrate data from existing obser-
vations and simulations available from the CMIP6 project using a Bayesian-based observational constraint
method. Our approach uses the same observational data and statistical tools to constrain both historical tem-
perature changes attributable to external forcings and projections of future temperature. This consistency allows
us to treat attribution and projection as interconnected problems. As other high-latitude regions face similar
challenges in understanding the past and projecting the future, the constrained results gained here also demon-
strates how we can enhance our understanding of climate change in these regions. Confidence in our results is
strengthened by an imperfect model test that helps ensure robustness and to avoid overly confident uncertainty
estimates.

We observed that Canada experienced minimal warming during the pre-industrial period, shifting to rapid
warming after the 1970s. The warming rate has increased steadily over past seven decades, reaching 0.045°C per
year for Canada by 2025, with the northern regions exhibiting the highest rate, exceeding 0.05°C per year.
Extending the analysis back to the pre-industrial period, the warming in the recent decade (2015-2024) across
Canada reaches 2.2°C, which is primarily from greenhouse gas (GHG) forcing (2.8°C). Warming attributed to
anthropogenic (ANT) forcing and GHGs is detectable in all subregions, while contributions from other anthro-
pogenic (OA) and natural (NAT) forcing remains undetectable in most areas.

Compared to raw model outputs, the constrained projections show lower mean warming across all regions under
all scenarios together with reduced uncertainty, resulting in a substantial reduction in the 95th percentile of
projected warming amounts. The constraint narrows the uncertainty range (5th to 95th percentile) by 17%—42%
across all subregions by the end of the century. Constrained future projections suggest a warming of 5.1 [3.2, 7.0]°
C in Canada relative to the pre-industrial period by the end of the century under the intermediate SSP2-4.5
scenario, and 6.7 [4.6, 8.9]°C under the higher emissions scenario SSP3-7.0. The large variation of projections
under different emissions scenarios underscores the critical need for climate action. Regionally, Northern Canada
is projected to experience the largest warming, reaching 6.1 [3.9, 8.3]°C under SSP2-4.5, and eastern Canada is
generally expected to warm more than western Canada.

Compared to previous work by Ribes et al. (2021) and Li et al. (2025), we refined the implementation of time
series smoothing to better extract the forced responses from models. Ribes et al. (2021) assumed that responses to
anthropogenic and natural external forcing are additive. They smoothed the response to anthropogenic forcing
using smoothing splines, while leaving the natural forcing response, estimated by an Energy Balance Model
(EBM), unsmoothed. The sum of these two components was then used as their forcing response estimate. Li
et al. (2025) directly smoothed the ALL forcing response series, thereby implicitly treating the short-term effects
of major volcanic eruptions similarly to internal variability. Previous implementations of KCC performed
smoothing with splines with knots placed at fixed, arbitrarily chosen points in time that may affect the charac-
terization of smoothed model responses during reference periods. We therefore further built on the approach of Li
et al. (2025) by introducing random sampling of different knot placements while enforcing a distance criterion
between consecutive knots, which allows us to better characterize the uncertainty of the smoothed model re-
sponses during reference periods.
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Another way our study differs from many previous studies (e.g., Deser et al., 2020; Y. Li et al., 2025; Qasmi &
Ribes, 2022) is that we use only one ensemble member per model to construct the prior distribution. Our rationale
is that while the influence of internal variability on forced response estimates can be substantial at the regional
scale when based on only single simulations, using only one run per model ensures that the width of the prior
reflects the effects of model uncertainty and internal variability in a balanced manner. Reducing this source of
uncertainty by unequal amounts for different models would potentially reduce the width of the prior, with models
with fewer simulations potentially having a larger influence on its width that models with large numbers of
simulations.

Finally, we would be remiss if we did not point out some limitations of the study. In the analysis, we use
simulations from 25 climate models to estimate historical warming response to ALL forcing, while the response
to other forcings was based on a subset consisting of the 10 models that participated in DAMIP. The ALL
forcing estimates from the 25-model ensemble relative to the 1850-2025 are compared with those derived from
the 10-model subset in Figure S11 in Supporting Information S1. We found that although both model collections
yield similar temperature trends in recent decades, they diverge noticeably during the pre-industrial period. This
discrepancy highlights the challenge of estimating warming when the forced response signal is weak, and it
directly affects the calculation of attributable warming when using the pre-industrial period as a reference
(Figure S12 in Supporting Information S1). It should also be noted that the uncertainty range derived from the
10-model subset is smaller than that from the 25-model set. This is because the 10-model subset describes a
narrower prior distribution than the larger 25-model ensemble that in turn affects the width of the posterior
distribution. This illustrates a general limitation of the prior ensembles of opportunity and whether they sample
adequately from the population of climate models that could, adequately, simulate the system as we have
observed it. While inflating the uncertainty range can partially mitigate this issue, more rigorous validation
should be pursued in future work.

Appendix A: Implementation of the Observational Constraint Method

The constraint method is applied for estimating historical attributed warming induced by various external forc-
ings, including ALL, ANT, NAT, GHG, OA, as well as future projected warming under different emissions
scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5). To illustrate the implementation, we present three examples
of implementations using annual mean temperature averaged over Canada (the CA scheme) that can be gener-
alized to other cases (i.e., SRA and NCG schemes).

Al. Implementation 1: Constraint on the ALL-Forcing Response From 1850 to 2025

1. In this case, Y, is a vector of length n = 76, representing the annual mean Canadian temperatures from 1948 to
2023, expressed relative to 1961-1990.

2. pis a vector of annual mean temperature responses relative to 1961-1990 under ALL forcing during historical
period from 1850 to 2025 (length n = 176), which is calculated as the mean of single historical ALL forcing
simulations from 25 CMIP6 models X;,i = 1,...,25. We estimate the forced response by minimizing internal
variability through temporal smoothing of the model simulations (see Section 2d). We recognize that by doing
so we also smooth out much of climate responses to episodic short-term variations in natural forcing due to
large volcanic eruptions.

3. His constructed to extract the components of p that correspond to the observational period. In this case, H has
dimensions [76, 176], where 76 is the length of Y,, and 176 is the length of u. The matrix is defined as
H = [0 16 0], where I;¢ is a 76 X 76 identity matrix placed in the columns corresponding to the years of
observation 1948-2023, and the remaining columns are filled with zeros.

4. X, characterizes the uncertainty in the observations, which includes internal variability and measurement
error. It has dimensions [76, 76] and can be expressed as X, = X;, + X,.,. The matrix X, is estimated using
large ensemble simulations from five climate models, each with more than 30 runs (Table S1 in Supporting
Information S1). We assume that the intra-ensemble variability—differences between realizations within a
large ensemble—represents the effects of internal variability similarly to that which affects observed values in
the real world. The estimation process involves the following steps: (a) For each model, we first calculate
residual time series for the period 1948—2023 by subtracting the ensemble mean response for that model from
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each individual simulation in the large ensemble. (b) We then use the Ledoit-Wolf (LW) regularized
covariance matrix estimator (Ledoit & Wolf, 2004; Ribes et al., 2013) to compute a covariance matrix from
these residuals for each model with a large ensemble. (c) The resulting covariance matrices of the five large
ensembles are averaged to provide an estimate of X;,, assuming the exchangeability of internal variability
across models. To estimate measurement error X,,,.,, we use 200 realizations of HadCRUTS, as CanGridT does
not provide measurement uncertainty estimates. The variance-covariance matrix X,,,, is estimated as above
from these 200 samples to estimate the regional observational uncertainty.

. X, characterizes model forced response uncertainty. This covariance matrix has size [176, 176] and is derived

from the smoothed series from all models X;,i = 1,...,25. We treat the available collection of models as a
simple random sample of plausible model representations of the Earth system, noting considerable limitations
such as model dependence (Knutti, 2010; Tebaldi & Knutti, 2007) and the fact that the available sample
represents an ensemble of opportunity (Annan & Hargreaves, 2010; Knutti et al., 2010).

A2. Implementation 2: Constraint on the ANT-Forcing Response From 1850 to 2025

1.

The observational series, Y,, remains the same in Implementation 1.

2. p includes two components in this case. The first component is the temperature response over Canada to ALL

forcing in the model simulations during the historical period 1948-2023 (spanning 76 years) and the second
component is the Canadian temperature response to ANT forcing over the period of 1850-2025 (176 years).
Thus, g has length n = 76 + 176 = 252. The two components of u are calculated as the mean of 10 DAMIP
ALL forcing simulations (1948-2023) and 10 DAMIP ANT forcing responses (1850-2025) respectively. As
noted previously, the ANT forcing responses are obtained by subtracting NAT simulations from ALL sim-
ulations. The two components of u are centered on the 1961-1990, aligning with the observational series Y,,.

. Corresponding to the structure of g, the matrix of H has dimensions [76, 252], where 76 corresponds to the

length of Y,, and 252 to the length of u. The matrix is defined as H = [176 0] , where I is a 76 X 76
identity matrix placed in the first 76 columns, and the remaining columns are filled with zeros.

. The observational covariance matrix, X,, remains the same as in Implementation 1.
. Corresponding to the structure of y, covariance matrix X, has dimensions [252, 252] and is calculated from the

smoothed ALL and ANT forcing simulations from DAMIP.

Similarly, this approach can be applied to other external forcings (NAT, GHG, OA), maintaining the same

structure of each component.

A3. Implementation 3: Constraint on Future Warming Under the SSP2-4.5 Scenario

1.
2.

The observational series, Y,,, remains the same as in Implementation 1.

As in Implementation 2, g is constructed with two components, where the first component remains the same,
representing the response to ALL forcing over Canada. The second component is estimated as the mean of
historical and future projection simulations for the entire period from 1850 to 2100 (a total of 251 years) by the
25 CMIP6 models under the historical ALL/SSP2-4.5 scenario. Consequently, the size of p is 76 + 251 = 327.
As in the other implementations, both components of p are centered on the 1961-1990. Note that in this
implementation, the first component of p is identical to the part of the second component of u that represents
1948-2023.

. Similar to Implementation 2, H is constructed to have dimensions [76, 327] and is defined as [176 0].
. The observational covariance matrix, X, remains the same in Implementation 1.
. Corresponding to the structure of g, X, has dimensions [327, 327] and is calculated from the smoothed series of

the models that provided both historical and future projection experiments.

This approach can similarly be applied to other future emissions scenarios while maintaining the same structure of

each component.
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