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ABSTRACT

We evaluate extratropical modes of variability in the three most recent phases of the Coupled
Model Intercomparison Project (CMIP3, 5, and 6) to gauge improvement of climate models over time.
A suite of high-level metrics is employed to objectively evaluate how well climate models simulate the
observed Northern Annular Mode (NAM), North Atlantic Oscillation (NAQ), Pacific North America
pattern (PNA), Southern Annular Mode (SAM), Pacific Decadal Oscillation (PDO), North Pacific
Oscillation (NPO), and North Pacific Gyre Oscillation (NPGO). We apply a Common Basis Function (CBF)
approach that projects model anomalies onto observed empirical orthogonal functions (EOFs),
together with the traditional EOF approach, to CMIP Historical and AMIP models. We find simulated
spatial patterns of those modes have been significantly improved in the newer models, although the
skill improvement is sensitive to the mode and season considered. We identify some potential
contributions to the pattern improvement of certain modes (e.g., the Southern Hemisphere jet and
High-top vertical coordinate), however the performance changes are likely attributed to gradual
improvement of the base climate and multiple relevant processes. Less performance improvement is
evident in the mode amplitude of these modes and systematic overestimation of the mode amplitude
in spring remains in the newer climate models. We find that the post-dominant season amplitude
errors in atmospheric modes are not limited to coupled runs but are often already evident in AMIP
simulations. This suggests that rectifying the egregious post-dominant season amplitude errors found
in many models can be addressed in an atmospheric-only framework making it more tractable to

address in the model development process.
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1. Introduction

The development of increasingly complex Earth System Models (ESMs) has provided new
opportunities for forecasting beyond the weather regime, including intraseasonal, seasonal, and
interannual time scales, as well as research associated with projections of climate change (Meehl et al.
2005; Taylor et al. 2012; Eyring et al. 2016). Consequently, the diagnosis and evaluation of climate
models has become increasingly complex (Randall et al. 2007; Flato et al. 2013). This has been
facilitated through the development of coordinated model intercomparisons in the early 1990’s (Gates
et al. 1992) and the public availability of standardized model output in conjunction with the advent of
reanalysis which provides a long record of validation data that extends beyond the satellite era. As for
weather forecast models, which typically undergo substantial upgrades in physics and dynamics on a
1-2 year time scale, it is important to have standard performance tests for climate models to assess if
statistically significant improvement has been achieved across generations of models. This effort has
facilitated an exponential growth in the community of scientists involved with model development,
diagnosis, and evaluation (e.g., Gleckler et al. 2008, 2016; Eyring et al. 2019; Fasullo 2020; Bock et al.
2020).

Toward this goal, in this study we evaluate the fidelity of climatological modes of variability,
which are often defined by leading patterns of empirical orthogonal function (EOF) analysis,
representing substantial portions of climatic interannual variance in different geographical domains. In
particular, the variability modes over extratropical regions, such as the Northern Annular Mode (NAM),
the North Atlantic Oscillation (NAO), the Pacific North America pattern (PNA), the Southern Annular
Mode (SAM), the Pacific Decadal Oscillation (PDO), the North Pacific Oscillation (NPO), and the North

Pacific Gyre Oscillation (NPGO) have been known to play important roles in both natural ecosystems
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and human societies. For example, those variability modes have been known to influence cyclone or
storm tracks (e.g., Hanna et al. 2008; Reboita et al. 2009; Sung et al. 2014; Feser et al. 2015), frequency
and intensity of rainfall (e.g., Archambault et al. 2008; Durkee et al. 2008; Zhang et al. 2021), extreme
weather (e.g., Thompson and Wallace 2001; Hurrell and Deser 2009), air quality over certain regions
(e.g., Jerez et al. 2013), robustness of ozone holes (e.g., Perlwitz et al. 2008; Son et al. 2008; Fogt et al.
2009), marine ecosystems (e.g., Joh and Di Lorenzo 2017), fishery catch amount (e.g., Mantua et al.
1997; Szuwalski et al. 2020), and others. [For additional background information, please see Ch. 5 of
Fourth National Climate Assessment, Perlwitz et al. (2017).]

The extent to which general circulation models (GCMs) realistically capture observed variability
is therefore important for each of the aforementioned applications. While the majority of previous
literature has focused on evaluating one or two variability modes in one or two generations of groups
of coupled GCMs (i.e., CGCMs in which atmospheric and ocean models are coupled), several studies
have advanced approaches to examine extratropical modes collectively. Stoner et al. (2009) diagnosed
reproducibility of the leading EOFs in the earlier generation of CGCMs in the Coupled Model
Intercomparison Project Phase 3 (CMIP3; Meehl et al. 2005), and Phillips et al. (2014) describes a
software package (the Climate Variability Diagnostics Package or CVDP), which diagnoses the leading
EOFs for variability modes simulated from CGCMs and was initially tested in evaluating CMIP5 (Taylor
et al. 2012) models. Data from the more recent CMIP6 (Eyring et al. 2016) simulations, now published
on the Earth System Grid Federation (ESGF; Williams et al. 2016), has enabled performance comparison
across multiple generations of CGCMs. Fasullo et al. (2020) examined tropical and extratropical
variability modes simulated by CGCMs from three generations of climate models (CMIP3, 5, and 6)

using the CVDP. They found clear improvement in the simulated spatial pattern of the PDO by CMIP6
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models, but no substantial improvement in the extratropical atmospheric modes. Orbe et al. (2020)
analyzed CGCMs from the six US climate modeling groups that have been participating in multiple
generations of CMIP, and found overall improvement in the PDO with the recent CMIP6-participating
US models. However, skill improvement from CMIP3 to CMIP6 for the atmospheric modes is less clear
and highly mode and season dependent, which is consistent with findings from Fasullo et al. (2020).

One challenge in evaluating modes of variability using the traditional EOF approach is often
referred to a need for EOF “swapping”, which occurs when a higher order EOF of a model more closely
corresponds to a lower order observationally-based EOF, or vice versa. Lee et al. (2019a) pointed out
that EOF swapping (hereafter referred to as the EOF-swapping method) can significantly affect
conclusions drawn about model performance when the higher and lower order EOFs are not well
separated, as determined by applying the test of North et al (1982). Lee et al. (2019a) found this to be
particularly egregious for the PNA. To circumvent this issue, they adopted a Common Basis Function
(CBF) approach, which projects the leading observed EOF onto model anomalies. A CBF-type approach
has been used for various applications: not only for the extratropical modes of variability (Lee et al.
2019a, 2019b; Jun et al. 2020; Sung et al. 2021), but previously also for the Madden-Julian Oscillation
(Sperber 2004; Sperber et al. 2005; Sperber and Annamalai 2008; Gottschalck et al. 2010; Sperber et
al. 2013), PDO (Bonfils and Santer, 2011), ENSO (Bonfils et al. 2015), and formal detection and
attribution (e.g., Santer et al. 2007). Using CBFs reduces reliance on the statistical construct of EOFs in
addition to circumventing the swapping issue.

Each of these three methods—the CBF, traditional EOF, and EOF with swapping—addresses
different questions. The CBF method targets the question—“how well is the phenomena represented

by the leading observed EOF captured by a model?”, without regard to any other variability in the
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model or in observations. The traditional approach considers "does the model correctly identify in its
leading EOF the phenomena represented by the leading EOF identified in observations?". The EOF
swapping method considers the possibility that there is not a one-to-one correspondence in the
ordering of leading EOFs so as to address the question “how well does one of the model’s EOFs compare
with the observed EOF?”. For example, in Lee et al. (2019a) and other works, it has been demonstrated
that in some situations when EOFs were not well separated, the second simulated EOF may more
closely correspond to the observed leading EOF.

Our objective is to gauge the evolution of performance across multiple generations of CMIP,
focusing on extratropical modes of variability. We highlight performance changes in both patterns and
amplitude, which complement a recent study mainly focusing on pattern comparisons (Fasullo et al.
2020). We do so by extending the analysis of Lee et al. (2019a) across multiple generations of CMIP.
We emphasize results from the CBF method but we also compare with results from the traditional and
swapped EOF approaches. For the extratropical atmospheric modes, we apply our methodology both
to CGCMs and to uncoupled GCMs (i.e., AMIP simulations of CMIP), to explore whether it might be
possible to test and improve extratropical model performance during development of the atmospheric
model, prior to coupling. We also briefly explore possible reasons for the overall performance changes
that we have identified.

The rest of the paper is organized as follows. In Section 2, we describe the observational data
and model simulations used in this study, and provide a brief description of the methodology we use
to compare successive generations of models. In Section 3, we compare simulated modes of variability
from CMIP3, 5, and 6 GCMs, focusing on spatial patterns (Sect. 3.1) and mode amplitudes (Sect. 3.2).

We also compare results from the coupled GCMs with the uncoupled GCMs (Sect. 3.3), and from the
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different methodological approaches: CBF versus the traditional EOFs (Sect. 3.4). In addition we
examine the potential impact of changes in model configuration, specifically resolution, and linkages
to the simulated mean state (Sect. 3.5). We conclude in Section 4 with a summary of our results and a

discussion of our primary findings.

2. Data and methods
2.1 Model simulations

In this study we include all available coupled and uncoupled (i.e., Historical and AMIP)
simulations from CMIP3, CMIP5, and CMIP6 (Meehl et al. 2005; Taylor et al. 2012; Eyring et al. 2016)
by the time of the analysis performed (January 2021). From the coupled experiments we use model
data for most of the 20th Century and the early 21st Century. In the coupled simulations in CMIP5 and
CMIP6 this period was referred to as the “Historical” period while in CMIP3 this was identified as the
“Climate of the 20th Century (20c3m)” experiment. We evaluate the simulation period of 1900-2005
in CMIP5 and CMIP6, and 1900-1999 in the shorter CMIP3 runs. For simplicity, we refer to the coupled
experiments for all CMIP generations as Historical experiments. We analyze 128 models across CMIPs
using 851 Historical simulations (i.e., 72, 216, and 563 simulations from 22 CMIP3, 50 CMIP5, and 56
CMIP6 models, respectively) and 90 AMIP models across CMIPs using 298 simulations (i.e., 25, 95, and
178 AMIP simulations from 12 CMIP3, 31 CMIP5, and 47 CMIP6 models, respectively). For each model,
we first compute the performance metrics for each ensemble member and then average the results
across all available ensemble members to reduce the sampling uncertainty. Lists of the models and the

number of available ensemble members of individual models are shown in Table 1. Information for the
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CMIP models can be found at the overview of Model Intercomparison Projects on the PCMDI website

(https://pcmdi.llnl.gov/mips/).

2.2 Reference Data

As a default reference dataset for evaluating models, we employed monthly averaged sea-level
pressure from the National Oceanic and Atmospheric Administration (NOAA) Cooperative Institute for
Research in Environmental Sciences (CIRES) 20th Century Reanalysis (20CR) version 2 (Compo et al.
2006; 2011) and monthly averaged sea-surface temperature (SST) from the Met Office Hadley Centre
Sea Ice and Sea Surface Temperature dataset (HadISST) version 1.1 (Rayner et al. 2003). The 20CR is
constrained by observations of surface pressure and was run at a horizontal resolution of T62 and with
28 vertical levels. The monthly mean sea-level pressure data are available on a global 2°x2°
latitude/longitude grid. The HadISSTv1.1 was used as the boundary forcing for the 20CR and provides
monthly means on a 1°x1° latitude/longitude grid. The period of 1900-2005 is used to isolate each of
the aforementioned variability modes from the reference datasets, except for SAM. In our previous
study, we found that in the first half of the twentieth century there is a noticeable discrepancy in SAM
between different reanalysis datasets (Lee et al. 2019a), which is consistent with findings of Pohl and
Fauchereau (2012) and Gerber and Martineau (2018). With that considered, we used a more recent,
shorter period (1955-2005) where the 20th Century reanalyses are much more consistent in the
Southern Hemisphere for defining SAM from the reference dataset. Throughout the paper we routinely
refer to observations but strictly speaking we are often referring to our use of the above

observationally-constrained reanalysis as reference datasets.
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While we use the 20CR and the HadISSTv1.1 as our default reference dataset throughout the
analysis in the current study, it is important to identify how the choice of reference data might impact
our findings. We employ an alternative reference dataset as a combination of the twentieth Century
reanalysis from the European Centre for Medium Range Weather Forecasts (ERA-20C; Poli et al. 2016)
and HadISSTv2.1 (note that the HadISSTv2.1 was prescribed for generating the ERA-20C). In our
previous study we showed that the 20CR and ERA-20C yield sea-level pressure variability that is largely
consistent with that from more comprehensive shorter-record-length reanalysis emphasizing the
satellite era (see section 2 of Lee et al. 2019a). In this paper, we revisit such comparison between the
two 20th century reanalyses (i.e., 20CR and ERA-20C) and the ERA-5 reanalysis (Hersbach et al. 2020)

to determine what impact the selection of reference data may have on our conclusions.

2.3 Methodology

We employ a suite of well-established summary statistics that objectively gauge the consistency
between models and observations to evaluate how well climate models simulate five observed
atmospheric modes (NAM, NAO, PNA, SAM, and NPO) and two sea-surface temperature (SST)-based
modes (PDO and NPGO). Using the PCMDI Metrics Package (PMP; Gleckler et al. 2008; 2016), we
evaluate these modes by employing the CBF method (Lee et al. 2019a) and compare these results to
the traditional EOF analysis. We use seasonal anomalies of monthly sea-level pressure for the
atmospheric modes and monthly SST anomalies for the SST based modes. We subsequently subtracted
the area-weighted mean over the EOF domain at each time point, following the approach of Bonfils
and Santer (2011) and others. This method reliably removes any long-term human-induced trend from

the data. Details of the methodologies and definitions of each mode and associated domain area follow
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those of Lee et al. (2019a). In this study we refer to specific physical phenomena as “modes” whereas
EOFs are linear statistical constructs that help us simplify and isolate key characteristics of particular
modes. We note there are limitations to the physical interpretation of EOFs (e.g., North 1984; Hannachi
et al. 2007; Monahan et al. 2009).

In the CBF method (Lee et al. 2019a), an EOF pattern from the observation-based reference
dataset is projected onto the model's anomaly space, which results in a CBF principal component (PC)
time series. Then a linear regression is computed at each model gridpoint between the CBF PC time
series and temporal anomalies of the model field, to construct a CBF pattern of the model. This method
identifies variability in the model that is similar to the observed mode, and then determines the extent
to which the model's full pattern of variability associated with the mode matches the observed pattern.
Both the CBF pattern and the conventional EOF pattern analyses stem from linear mathematical
frameworks that yield consistent results when a given model performs well. For example, if the model
perfectly simulates observed EOFs, the CBF pattern is going to be identical to the model’s EOF pattern.
In a reasonably realistic simulation, the model’s CBF pattern should be similar to the observed EOF
pattern, but not necessarily identical. Differences between them reflect both differences in the
amplitude of variability associated with the mode and also structural differences in the simulated
spatial pattern. The CBF approach has advantages by removing the arbitrary sign, EOF swapping, and/or
observed EOF being split across the model's multiple EOFs, compared to the traditional EOF approach.
We note that, if the observed EOFs are distorted and thus uncertain due to sampling, the CBF technique
could penalize models unreasonably for not reproducing this distortion. To circumvent this situation as
much as possible, we limit our selection of variability modes in which their EOFs were well separated

in the observed field, by the test of North et al. (1982), to ensure the projected pattern is reliable. As
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discussed in Section 2.2, we also selected the period of 1955-2005 for defining SAM from the reference
dataset due to the noticeable discrepancy in SAM between different reanalysis datasets in the first half
of the 20th century, while the period of 1900-2005 was used for defining other modes. We conducted
a sensitivity study of the results to the choice of observational datasets and verified consistency in
observed EOFs for the selected modes from the observational datasets. The interested readers are
directed to our previous study, Lee et al. (2019a), for further details in the previous section for
methodology.

We define two metrics in this study: one for the spatial pattern and another for the mode
amplitude. First, for the spatial pattern, we standardize the CBF and the observed EOF patterns to have
unit variance by normalizing them by their own standard deviation of spatial distribution. Then we
calculate centered root-mean-square error (RMSE) of the normalized CBF pattern against the
normalized observed EOF pattern as a metric that assesses the skill of the models in representing the
spatial pattern of each mode, which is discussed in Section 3.1. Second, for the mode amplitude, for
each model and mode the standard deviation of the simulated CBF principal component time series
(PC) (i.e., obtained by projecting the model anomalies onto the observed EOF) is divided by the
standard deviation of the observed PC (i.e., the PC time-series associated with the observed EOF),
which is discussed in Section 3.2. Both the spatial pattern and mode amplitude metrics are averaged
across all available ensemble members for each model in our analysis.

For statistical testing, we performed two-sided t-tests at the 5% significance level when
assessing differences in skill metrics across MIP generations and for linear regression fits in assessing if
there is a relationship in skill between Historical and AMIP simulations. Even so, in many cases the

reported significance level (p-value) is typically more stringent (e.g., P<<0.05). We note this since we
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assume that each model is independent when calculating the degrees of freedom, while for a given
CMIP generation, multiple model versions from a given center may not be independent and

commonality may also extend across models from different centers and across CMIP generations.

3. Results

In evaluating modes of variability across the CMIP3, CMIP5, and CMIP6 generations we
decompose skill into spatial and amplitude components. Using the CBF approach, the spatial skill is
discussed in Section 3.1 and the amplitude skill in Section 3.2. In Section 3.3, we compare results from
coupled (i.e., Historical) and uncoupled (AMIP) simulations. In Section 3.4, we discuss the sensitivity of
our results to the choice of evaluation method, including the traditional EOF, the EOF-swap, and the

CBF approaches. We then explore potential drivers of the performance change in Section 3.5.

3.1 Spatial skill

We first examined the patterns of variability for each mode. For each model and season, the
mode patterns were generated using the CBF method (Lee et al. 2019a). The spatial patterns have been
standardized to unit variance in advance to calculate the centered root-mean-square error (RMSE).
Thus, this metric assesses the skill of the models in representing the spatial pattern of each mode (see
Section 2.3). To summarize improvement in model simulation of modes of variability, we calculate
pattern metrics (i.e., centered RMSE in this case) for all available CMIP3, 5, and 6 models and display
them in a Portrait Plot (Gleckler et al. 2008). The Portrait Plot has been used to compare the relative
performance of Earth System Models (ESMs) (e.g., as in Gleckler et al. 2008; Sillmann et al. 2013;

Bellenger et al. 2014; Flato et al. 2013; Lee et al. 2019a; Cannon 2020; Kim et al. 2020; Planton et al.
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2020). Figures 1a and 1b show Portrait Plots of the centered RMSE averaged over all available ensemble
members for each Historical and AMIP model, respectively. In the Portrait Plots, for each column the
centered RMSE is normalized by the median centered RMSE, per dataset. Thus, a value of -0.5 indicates
that the error is 50% smaller than the median or typical model error, and a value of 0.5 indicates that
the erroris 50% larger than the median error. From top to bottom are the skill scores for CMIP3, CMIP5,
and CMIP6 with the grey horizontal bar separating each CMIP generation. For both the Historical and
AMIP simulations there is a clear visual indication of larger error (more reddish shading) in CMIP3 and
with CMIP6 tending to exhibit smaller errors (more bluish shading).

In Fig. 1 we can also readily assess how our choice of reference data impacts our overall results
via the two triangles that combined make each square. For sea-level pressure based modes (SAM,
NAM, NAO, NPO, and PNA) in the upper-left hand triangle the model results are shown relative to 20CR
whereas in the lower-right triangle the model results are shown relative to the ERA-20C. For SST based
modes (NPGO and PDO), results are shown relative to HadISSTv1.1 (upper-left triangle) and
HadISSTv2.1 (lower-right triangle). lllustration of the results in this way demonstrates that our overall
conclusions are not very sensitive to our selection of reference data for both Historical and AMIP
simulations. The reference datasets used in Fig. 1 are 20th century reanalysis with a record length that
matches that of the model simulations. As in Lee et al. (2019a) we have also examined the impact of
using a more advanced reanalysis system (i.e., ERA-5) and found a close correspondence to 20CR (figure
not shown). Here we prefer to emphasize 20CR and ERA-20C as our reference datasets because of their
longer record length, which corresponds to the CMIP Historical simulations.

Results of statistical tests to evaluate the significance of apparent spatial skill improvement,

based on the centered/normalized RMSE calculated against the default reference dataset,
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20CR/HadISSTv1.1, are given in Fig. 2. The two-sided t-test is applied at the 5% significance level. The
bar and whisker plots show the mean (symbol) and median (horizontal line) with the box showing the
25™ and 75 percentiles and the whiskers showing the 5™ and 95 percentiles. A thicker box outline
indicates there is a statistically significant improvement for the mean compared to the immediately
preceding CMIP generation. A filled symbol for the mean in CMIP6 box indicates that CMIP6 is improved
relative to CMIP3. Figures 2a and 2b show the RMSE averaged over all seasons except for the Historical
PDO and NPGO which are based on monthly SST anomalies. In Fig. 2a for the Historical simulations,
CMIP6 shows statistically significant improvement over CMIP5 and/or CMIP3 for the all spatial patterns
associated with EOF-1 and EOF-2 of the observation. The CMIP6 collection of models outperforms the
CMIP3 ensemble for all 7 modes, and it outperforms CMIP5 for 5 of 7 modes. This consistent gain in
pattern performance across different modes of variability is noteworthy. For the NPO and NPGO, based
on EOF-2 of observations, CMIP6 and CMIP5 skills are indistinguishable (Fig. 2a), though CMIP6
outperforms CMIP3. Comparing atmospheric modes in the all-season Historical results (Fig. 2a) with
that of the AMIP results (Fig. 2b) shows that the relative performance of the atmospheric modes is
consistent between these two experiments (e.g., NAO [NAM] has the smallest [largest] centered RMSE,
etc.). For AMIP, in comparing CMIP generations, CMIP6 outperforms CMIP3 for all atmospheric modes,
but its skill is indistinguishable from CMIP5 for 4 of 5 modes. The exception in AMIP is the PNA for
which CMIP6 is also superior to CMIP5. The AMIP of CMIP5 outperforms that of CMIP3 for all modes
except for the PNA.

We next discuss the seasonality of pattern skill. For the winter season when the modes are
strongest, Figs. 2c and 2d indicate the relative skill of the modes is consistent between the Historical

and AMIP simulations (e.g., NAO [SAM] has the smallest [largest] centered RMSE, etc.). For Historical
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simulations the CMIP6 models significantly outperform CMIP3 or CMIP5 models for NAM, NAO, and
PNA (Fig. 2c). The significant improvement in simulation of NAM and NAO from CMIP3 to CMIP5 and
CMIP6 is also evident from the AMIP simulations (Fig. 2d). The relative correspondence between
Historical and AMIP simulations also occurs in the spring season (Figs. 2e and 2f), as well as the summer
and fall (not shown). In terms of significant improvement in skill across CMIP generations for a given
mode, compared to the all-season result (Figs. 2a-2b), the seasonal evaluation (Figs. 2c-2f, and results
for summer and fall) shows that significant improvement varies by mode and season. Repeating the
analysis in Fig. 2 but using the alternative reference dataset, ERA-20C/HadISSTv2.1 (figures not shown),
leads to the similar conclusion—there is an overall improvement in the newer CMIP models, indicating
that the evolution of performance across CMIPs in the spatial pattern perspective is not very sensitive
to the choice of reference dataset.

As shown in Fig. 3, we summarized the boxplots of Fig. 2 by noting where we found significant
improvement from CMIP5 to CMIP6 (orange circles), from CMIP3 to CMIP6 (blue squares) and from
CMIP3 to CMIP5 (open blue triangles). For example, the first three rows of each table in Figs. 3a and 3b
(i.e., All season, winter, and spring) summarize Figs. 2a, ¢, and e for Historical, and Figs. 2b, d, and f for
AMIP, respectively. We found that there are 20 of 27 cases (15 of 22 cases when excluding “All season”
for the atmospheric modes) from Historical (Fig. 3a) and 16 of 25 cases (11 of 20 cases when excluding
“All season” for the atmospheric modes) from AMIP (Fig. 3b) for which CMIP6 has shown statistically
significant improvement from either CMIP5 or CMIP3 (as highlighted in yellow in the tables). It is also
interesting to see that for Historical, there are a larger number of cases showing improvement from
CMIP5 to CMIP6 (orange circles) in Fig. 3a than in Fig. 3b. On the other hand, there are more cases

showing an improvement from CMIP3 to CMIP5 (blue open triangles) in Fig. 3b than in Fig. 3a. This
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indicates that in many cases of Historical, improvement has been robust between CMIP5 and CMIP6
but it tends to be indistinguishable between CMIP3 and CMIP5. In many cases of AMIP, however,
improvement has been robust between CMIP3 to CMIP5 but indistinguishable between CMIP5 and

CMIP6 in general.

3.2 Amplitude skill

The amplitudes of observed and simulated mode variability in CMIP3, CMIP5, and CMIP6
Historical and AMIP simulations are shown in Figs. 4a and 4b, respectively. For AMIP, only atmospheric
modes are shown because SSTs are specified boundary conditions. For each model and mode, the
amplitude skill metric is defined as the standard deviation of the simulated CBF principal component
time series (PC) (i.e., obtained by projecting the model anomalies onto the observed EOF) divided by
the standard deviation of the observed PC (i.e., the PC time-series associated with the observed EOF),
as described in Section 2.3. Here, the standard deviation of the non-scaled PC represents the square
root of the space-time variance of the mode. These ratios are averaged across all available ensemble
members for each model. Both Historical and AMIP results suggest a mix of results. While some models,
modes and seasons are in agreement with the observed variability (ratio close to 1.0, shown as greenish
colors), some systematic errors in amplitude exist and persist across all CMIP generations for some
modes and seasons (e.g., columns where reddish colors are dominant). The systematic amplitude
overestimates tend to occur during the post-dominant season (e.g., SAM SON, NAM MAM, PNA MAM),
as seen by the vertical reddish banding, which is consistent with the CMIP5 Historical result of Lee et
al. (2019a). Additionally, the NPO, characterized by EOF-2 of the observations, is especially problematic

throughout the non-dominant seasons.
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In Fig. 4 (as in Fig. 1), the sensitivity of the skill metric to the use of different reference datasets
is seen by comparing the color between the triangles in each box. In the upper-left hand triangle the
model results are shown relative to the default reference dataset, 20CR/HadISSTv1.1, whereas in the
lower-right triangle the model results are shown relative to the alternative reference dataset, ERA-
20C/HadISSTv2.1. In visual inspection, while we see consistencies in many boxes from Historical and
AMIP simulation cases, the consistency in counterpart triangles are not as robust as that of the spatial
pattern in Fig. 1. For example, there are columns of systematic discrepancies with tendency of more
underestimation diagnosed with the alternative reference (i.e., more blueish color in lower triangles)
such as NAM JJA and PNA JIA, and tendency of more overestimation diagnosed with the default
reference such as NPO MAM (i.e., more reddish color in upper triangles), which indicate that there are
considerable observational uncertainties with those modes in their off season when the signal is
weaker than the dominant season (i.e., winter).

To summarize the information in the amplitude Portrait Plot of Fig. 4, we provide a coarser-
grained measure of skill in Fig. 5 using our default reference dataset, where we show the proportion of
simulations that fall into three different amplitude categories: Too Weak (<0.8), About Right (0.8-1.2),
and Too Strong (>1.2). The results in Figs. 5a-5e are for winter for the Historical simulations, the season
when the atmospheric modes are dominant, with Fig. 5f being the histogram proportions for the PDO,
which is based on monthly anomalies. Qualitatively, for all modes, including the NPGO (not shown),
the largest proportion of models fall into the About Right category, with smaller proportions in the two
extreme categories. In AMIP (not shown), the atmospheric modes show similar behavior except for
CMIP5 NAM which has a greater proportion of models in the Too Strong category compared to the

About Right category.
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In order to evaluate if there has been a significant change in skill across MIP generations, we
test whether the proportions within each category are significantly different using the Z-Score Test for
Proportions where the null hypothesis is the difference between two proportions = 0 (see Glen 2020
for the details). Within each category we evaluate the differences between CMIP6 vs. CMIP5, CMIP6
vs. CMIP3, and CMIP5 vs. CMIP3 using a two-sided test. The resulting p-values from each of the tests
are given in the table inset in the subpanels, with differences taken to be significant for P<0.05.

During winter for SAM, NAM, NAO, and NPO (Figs. 5a-5c, and 5e) the majority of models are
classified in the About Right category. For these modes the proportion of models within each category
are indistinguishable indicating that there has been no significant improvement in amplitude skill
across the CMIP generations. However, for the PNA DJF (Fig. 5d), PDO (Fig. 5f), and NPGO (not shown)
cases, there has been a statistically significant reduction in the proportion of models that are Too Weak
category between the successive CMIP generations, and an increase in the proportion of models in the
About Right category. With a small number of models in the too strong category, these results show
an improvement in the amplitude of these three modes. For the NPGO (not shown), CMIP6 and CMIP5
outperform CMIP3 in the Too Weak and About Right categories.

Figure 6 confirms the post-dominant season amplitude overestimate for SAM (Fig. 6a), CMIP6
NAM (Fig. 6b), CMIP6 PNA (Fig 6d), and NPO (Fig. 6e). Compared to winter (Fig. 5), during spring there
is a greater proportion of models in the Too Strong category and a lower proportion of models in the
About Right category. Degradation in CMIP6 compared to CMIP5 and CMIP3 occurs for NAM and PNA
(Figs. 6b and 6d) where there is a significant decrease in the proportion of models in the About Right

category and a significant increase in the proportion of models in the Too Strong category. Also, there
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are few instances of the models being Too Weak during spring. Similar results are found during summer
and fall for the NPO for all CMIPs (not shown).

Repeating the analysis in Figs. 5 and 6 but using the alternative reference dataset, ERA-
20C/HadISSTv2.1 (figures not shown), leads to the similar conclusion, confirming that overall

improvement in the amplitude in the newer CMIP models is not clearly evident.

3.3 Skill comparison between Historical and AMIP

From the analysis of Section 3a and 3b, we have found that there is a strong tendency for AMIP
skill to be commensurate with Historical skill based on consideration of the modes for which CMIP6 has
better skill than either CMIP5 and/or CMIP3 (yellow shading in Fig. 3). Regarding the spatial pattern,
for example, in winter where CMIP6 improvement is significant (Figs. 2c-d and Fig. 3), the Historical
and AMIP simulations agree in 2 of 3 cases (NAM and NAO). Similarly, in spring, a significant agreement
occurs in 2 of 4 modes (Figs. 2e-f and Fig. 3). The agreement also occurs for 2 of 3 modes in summer,
and 3 of 4 modes in fall (Fig. 3). Overall, for a given atmospheric mode and considering each season, in
most cases (10 of 14) there is a commensurate significant skill improvement in CMIP6 compared to
either CMIP5 or CMIP3 between the Historical and AMIP simulations, suggesting that improving skill in
AMIP will in most cases translate to improved skill in the Historical simulations. Considering the mode
amplitude, the relative partitioning and MIP-by-MIP performance within each amplitude category (i.e.,
Too Weak, About Right, and Too Strong) found for the Historical simulations in spring (Fig. 6) and for
other seasons (not shown) are qualitatively consistent when the AMIP simulations are evaluated (not
shown). This suggests there may be a relationship between the fidelity of the Historical and AMIP

simulations.
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To confirm this, we examine the relationship in relative performance across atmospheric modes
between the Historical and AMIP simulations (Fig. 7). For each mode and season, linear regression
indicates a statistically significant relationship in the multi-model ensemble between the Historical and
AMIP simulations with P<0.01. The closest correspondence between Historical and AMIP simulations
are cases for which the regression slope is close to 1 and the correlation is large. If one's goal is to
monitor or improve the simulation of extratropical atmospheric modes of variability during model
development, our linear regression results suggest that in many cases it is possible to work in AMIP
mode with a high degree of confidence that the skill will translate to the coupled model. This may be
particularly useful when trying to improve a model with excessive amplitude (e.g. ratios greater than
1.5in Fig. 4). The results may also suggest that the uncertainties in the atmospheric modes mainly arise
from atmospheric interactions and mechanisms, while uncertainties in SST variability and ocean

processes are less influential.

3.4 Comparison of evaluation methods

In Section 3a-c we have used the CBF approach (Lee et al. 2019a) for the skill assessment across
CMIP generations. These modes of variability have also been evaluated by applying traditional EOF
analysis directly to each of the models (e.g., Stoner et al. 2009; Phillips et al. 2014; Orbe et al. 2020;
Fasullo et al. 2020). Lee et al. (2019a), among others, has pointed out that in some cases, model EOF1
does not correspond to observed EOF1, but rather one of the secondary observed EOFs. In such cases
EOF swapping is needed for a meaningful comparison. However, the strategy for the mode swapping
is also problematic since different methodologies for selecting the relevant model EOF’s mode can yield

different results (Lee et al. 2019a). As the traditional EOF and the CBF approaches are essentially asking
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different scientific questions, as discussed in Section 1, we believe it is instructive to routinely apply
both. In this section we examine to what extent our conclusions may be sensitive to the approach used.

In Fig. 8 we illustrate that irrespective of the EOF method used for validation we come to similar
broad conclusions regarding skill across MIP generations. The figure shows Taylor Diagrams (Taylor
2001) for Historical PNA DJF using three different approaches: the EOF analysis, the EOF analysis with
swapping, and the CBF analysis. The Taylor Diagrams graphically incorporate mode errors associated
with pattern and amplitude via the pattern correlation, centered RMSE, and standard deviation.
Because this includes the overall variance, here we used the non-scaled spatial pattern of EOF or CBF
for the Taylor Diagrams, as in Fig. 9 from Lee et al. (2019). Additionally, the standard deviation of each
model is normalized by that of the reference dataset to be consistent with the amplitude metric. The
PNA has been chosen to show because it is a mode where the need for swapping frequently arises. In
this case, CMIP6 is most skillful in terms of spatial pattern (Fig. 2c) and mode amplitude (Fig. 5d).
Comparing Figs. 8a and 8b indicates that for all generations of CMIP much of the discrepancy in skill in
comparing observed EOF1 and model EOF1 is due to the need for EOF’'s mode swapping. Figs. 8a and
8b also show that there is less swapping required for the CMIP6 models than for the CMIP3 and CMIP5
models. As seen by comparing the three panels of Fig. 8, the dispersion in pattern skill within each
generation of CMIP is dramatically reduced when the CBF approach is used. This result is expected
because the CBF approach, by construction, is meant to determine how well the models can capture
the observed leading EOFs pattern (Lee et al. 2019a), whereas the EOF and EOF swapped methods
capture the models’ own modes of variability (see section 1). Although there is a noticeable difference
in the distribution of metrics on the Taylor Diagrams between the EOF swapped and CBF approaches

(c.f., Figs. 8b and 8c), each method suggests an improvement (in relation to the reference dataset) for
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CMIP6, compared to CMIP3 and/or CMIP5 (also shown in Fig. 2c and supplementary Figs. S2c-d).
Overall, the results for all methodologies are consistent in that CMIP5 and/or CMIP3 have larger
dispersion in skill compared to CMIP6. While in Fig. 8 the individual models are not identified (for
conciseness), we do provide this information online, along with a full suite of Taylor Diagrams for all
modes and seasons (see data availability statement).

We further examine the sensitivity of the results to the selected analysis method by focusing
on models developed at 3 modeling centers. In Fig. 9, as an example, we quantify the PNA DJF or NAO
DJF performance of each of these models when using the traditional EOF (circle), the EOF-swap
(square) and the CBF (star) approaches. The CMIP3 and CMIP5 versions of GISS-E-H have the EOF
swapping issue as illustrated by the non-overlapping circles and squares in Fig. 9a. Interestingly, the
CMIP6 version of GISS-E-H models (GISS-E2-1-H) does not have an EOF swapping issue (the green circle
and square overlap). This means that the dominant EOF in the CMIP6 version of the model now better
corresponds to the dominant observed mode than its earlier versions, which is an improvement for
this model. Comparing the same shaped markers gives an indication of relative performance across
CMIPs. As expected from Fig 8, results differ (location on the diagram) between the EOF and CBF
methods, however, the bottom-line conclusions—improvement or not across generations—are not
very sensitive to the method selection. Conclusions become more consistent between different
methods when there are fewer EOF swapping cases, e.g., GFDL-CM models for NAO DJF (Fig. 9b), CESM-
WACCM models for PNA DJF (Fig. 9c) and many others (again, the full suite of Taylor diagrams across
all modes and seasons is accessible on the PCMDI website; see data availability statement).

We find many consistencies in the conclusions of the CBF and EOF regarding relative model

performance or changes of performance across CMIP generations although skill score values
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themselves are different between each method. From the analysis in the supplementary material, we
find improved pattern-based performance in CMIP6 (compared to CMIP3 or 5) is also evident in many
cases with the EOF and EOF-swap approaches. Regarding the amplitude of variability, the EOF and EOF-
swap approaches put more models into the Too Strong category than the CBF. The prevalence of
amplitude overestimation remains, in particular for the post-dominant seasons and NPO regardless of
methodology selection. There are however notable exceptions, and we find it is instructive to evaluate
models by collectively examining results from the three methods. We have used the CBF method as a
default because of the previously identified advantages (Lee et al. 2019a). In this study we have
identified an important additional advantage—application of the CBF method more readily yields
statistically significant performance changes than the traditional EOF approach, in large part owing to
a reduced spread of CBF-based results associated with intrinsic variability (i.e., across multiple

realizations of the same model).

3.5 Potential drivers of performance change

In Sections 3.1 to 3.4 we have quantified performance changes in the simulated extratropical
modes of variability across recent CMIP generations. While this in conjunction with the comparison of
results from coupled (Historical) and uncoupled simulations (AMIP) is the primary objective of our
study, here we consider possible reasons for the improvement in the spatial pattern of the modes. We
examine the potential impact of changes in model configuration and also consider possible linkages to
the simulated mean state.

We first examine the impact of changes in horizontal resolution. We focus on 16 models from

the CMIP5 and CMIP6 Historical experiment, which represent 8 pairs of models that are confirmed to
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be the same model differing primarily in horizontal resolution. In some cases, minor adjustments may
have been made to gravity wave drag or other parameters when increasing resolution, but otherwise
the models in each pair are fundamentally the same. In Fig. 10, for each pair the performance change
between the lower (circles) and higher resolution models (closed squares) is highlighted for the
dominant season of the atmospheric modes. The error measure used here is the centered RMSE of the
CBF spatial patterns compared with the 20CR. Arrows pointed to the left therefore indicate higher
resolution models outperform lower resolution models, and right-headed arrows suggest a
degradation in performance. These results for the atmospheric modes are inconsistent, with no
indication of systematic performance changes associated with increased resolution. A similar
conclusion can be drawn with SST-based modes (i.e., PDO and NPGO, figures not shown), and the
amplitude of all modes (figures not shown). We thus find no clear evidence that horizontal resolution
explains the improvements we have identified in the pattern of the simulated extratropical modes in
CMIP6.

In the vertical, higher resolution in some cases is not limited to increased representation of the
stratosphere, but can also include a higher upper bound (e.g., in so called “high-top” models). We
partitioned CMIP6 Historical models into 30 high-top models that have their top layers above the 1 hPa
level (Table 1), with the remaining 26 models identified as low-top models. In Fig. 11 we find there are
some cases where the high-top models significantly outperform the low-top models, which include
NAM in MAM, NAM in JIA, NAO in MAM, and SAM in all seasons but SON. This result may suggest that
the height of the model top likely influences the tropospheric extratropical variability. However, it is

important to note that high and low top models may differ in more than just their vertical domain.
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Similar to the analysis in Fig. 11, we also conducted a comparison between two model groups
partitioned from CMIP5 to models with and without indirect aerosol effect, following the grouping
strategy of Chylek et al. (2016). The CMIP5 models were selected for the grouping because of even
populations in the two groups, while most CMIP6 models consider the indirect aerosol effect and most
CMIP3 models do not. We do not find robust evidence that including the indirect aerosol effect
contributes to the improvement of the extratropical modes of variability, except for a few cases: the
MAM and SON seasons for SAM (supplementary Fig. S6).

To consider possible linkages to the mean state fidelity, we selected 13 models used for the
Historical experiment in which the CMIP5 and CMIP6 versions differ only by development changes
between these two phases of CMIP. These CMIP5 & CMIP6 pairs include: ACCESS1-0 & ACCESS-CM?2,
CESM1-CAM5 & CESM2, CESM1-WACCM & CESM2-WACCM, CanESM2 & CanESM5, FGOALS-g2 &
FGOALS-g3, FIO-ESM & FIO-ESM-2-0, GISS-E2-R & GISS-E2-1-G, GISS-E2-H & GISS-E2-1-H, GFDL-CM3 &
GFDL-CM4, IPSL-CM5A-LR & IPSL-CM6A-LR, MIROC5 & MIROC6, MPI-ESM-LR & MPI-ESM1-2-LR, and
MRI-ESM1 & MRI-ESM2-0. Other models are either new entries into CMIP or models that are generally
regarded as distinctly different from others. A closer examination of model dependence is beyond the
scope of this study, but its importance is noted in the discussion session.

The position and shape of extratropical modes are modulated to some degree by the mean
state pattern of sea-level pressure and the jet (Barnes and Polvani 2013). To examine this possibility,
we compare the NAM DJF spatial pattern error (i.e., centered RMSE from Fig. 1a) to errors in the
seasonal mean climatology state and the stationary wave pattern. We focus on the NAM because this
is where we have identified the more robust performance improvements from CMIP5 to CMIP6, as

shown in Fig. 3. The DJF seasonal mean climatology state was taken from one realization per model (it
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differs little from one realization to another) and its RMSE was calculated over the same domain as the
NAM against the 1980 to 2005 ERA-5 reanalysis sea level pressure field. The RMSE for the stationary
wave pattern was calculated similarly but after the zonal mean is removed from the mean state. Figure
12a-b shows no statistically significant evidence that the mean state pattern explains the improvement
of NAM pattern in DJF and other seasons (figures not shown), suggesting that the performance changes
in the spatial characteristics of NAM to first order cannot be explained by changes in the mean state.
In the Southern Hemisphere, improvement in the mean state circumpolar extratropical atmospheric
circulation is one obvious possibility for influencing the spatial pattern of SAM, and Bracegirdle et al.
(2020) have identified such improvement in the mean state of the CMIP6 models. To examine the
possible impact of the mean state circulation on SAM, in Fig 12c the magnitude of jet latitude index
(JLI) bias derived from the seasonal mean state is compared to the centered RMSE metric of the SAM
(from Fig. 1a) in the SON season. The JLI is derived from the maximum of the seasonal and zonal mean
wind at 850 hPa. The latitude of maximum wind (i.e., jet) is defined as the jet latitude index, following
the calculation of Bracegirdle et al. (2020). The magnitude of the JLI bias was derived as absolute
difference in JLI from model and ERA-5. Figure 12c shows a statistically significant relationship between
the jet bias and the SAM pattern, indicating that improvement in the jet position in the newer CMIP6
versions may have contributed to the improvement in the SAM pattern. To consider this further, the
latitude of the jet maximum tends to correlate with the latitude of maximum in the SAM pattern, as
shown in Fig. 12d. The correlation between the maximum jet and SAM pattern latitudes does vary
seasonally, as it is strongest in DJF (r = 0.95), weakened in MAM (r=0.75), and lowest in JJA (r=0.54,
figure not shown), and recovers to r=0.73 in SON (Fig. 12d). This suggests an influence of other seasonal

factors that may contribute to the fidelity of the SAM pattern. Repeating the above analysis of the NAM
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and SAM using all models in the CMIP archive (i.e., not just focusing on the limited set where there is
a documented connection between the model versions used in CMIP5 and CMIP6), we reach similar

conclusions to our results in Fig 12 (not shown).

4. Summary and discussion

In this study, for the CMIP3, CMIP5, and CMIP6 generations of models we evaluate the fidelity
of the spatiotemporal variability of modes of atmospheric and ocean-atmosphere extratropical
variability (NAM, NAO, PNA, SAM, PDO, NPO, and the NPGO) defined by leading EOF patterns identified
in observations. We have applied multiple analysis methods, using the CBF approach as a baseline and
comparing our conclusions to those derived from more traditional EOF-based approaches. We have
applied our benchmarking of atmospheric modes to both coupled (Historical) and uncoupled (AMIP)
simulations. We have further examined several possible explanations for our findings.

Our results indicate that there is significant improvement in the simulated spatial patterns of
some individual modes in the newer generation(s) of models. From the analysis of spatial pattern error,
using the CBF approach we find improvement in CMIP6 compared to CMIP5 or CMIP3 in most modes
and seasons with a few exceptions. We also find that the improvement in the spatial pattern is not
sensitive to the selection of a reference dataset, which is supported by the findings of Gerber and
Martineau (2018) that the annular modes are consistent across different reanalyses except for the SAM
in the pre-satellite era. The evidence for the improvement is however somewhat sensitive to the
analysis methodology; improvements in CMIP6 are more robust with the CBF approach than the EOF-
based approaches that have wider dispersion in skill. This, in addition to a different selection of models

examined, particularly in CMIP6, may explain the discrepancies between our results to a similar study
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conducted by Fasullo et al. (2020), whose examination includes PDO and DJF of SAM, NAM, and NAO
using the EOF approach.

In contrast to the spatial pattern, however, demonstrable improvement is not evident in the
mode amplitude. The skill improvement in the representation of mode variability (i.e., amplitude)
across CMIP generations is not very robust and it is highly dependent on the mode and season.
Statistically meaningful improvement of amplitude skill in CMIP6 compared to CMIP5 and/or CMIP3 is
revealed only in a few cases (e.g., PNA DJF, PDO and NPGO) from the analysis of the categorical
assessment in terms of the proportion of models that have Too Weak, About Right, and Too Strong
variability. For the dominant season (i.e., winter), most CMIP5 and CMIP6 models are in the About Right
category. However, we note that there is no evidence of improvement on the systematic
overestimation in the post-dominant season (i.e., spring) across the CMIP generations, showing a
reduced proportion of newer models in the About Right category and an excessive proportion in the
Too Strong category, regardless of which reference dataset is used. One possibility is this
overestimation is related to the systematic bias in the CMIP3 models annular mode decorrelation time
scale with the seasonal cycle delayed (Gerber et al. 2008). Simpson et al. (2013b) identified that the
simulated SAM in the austral summer season is commonly too persistent in CMIP5 because of deficient
planetary wave feedback, which may also be related to our findings for SAM. Further research is
needed to understand the underlying cause of the systematic overestimation of the amplitude in the
post-dominant season.

To reduce sampling uncertainty and gauge the range of structural errors in current models, we
have included in our analysis all historical simulations currently available in the CMIP archive. We have

not, however, considered structural dependencies (common building blocks such as atmospheric or
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ocean model components, or physical parameterizations) that may exist between some models which
would reduce the degrees of freedom and thus impact the reported significance level of the statistical
tests. Quantifying the impact of cross-model dependency (e.g., Jun et al. 2008; Masson and Knutti 2011;
Pennell and Reichler 2011; Knutti et al. 2013) can be challenging, and it may be especially difficult in
the assessment of modes of variability.

Another potentially interesting application of our metrics could involve quantification of
changes or persistence in extratropical variability modes late in the 21st Century. For example,
following Haszpra et al. (2020) for the NAM, it would be useful to determine if there is a significant
change in inter-model spread across modes. Barnes and Polvani (2013) demonstrated a robust
response of the eddy-driven jets to climate change in the CMIP5 multimodel ensemble, which
consequently influence the extratropical variability modes. These and other topics related to future
changes in extratropical variability should build on the foundation of present day comparisons with
observations.

The relative performance of models across CMIPs is typically consistent, as assessed using the
different methodological approaches (the traditional EOF, EOF with swapping, and the CBF), but there
are notable exceptions such as NPO. The pattern-based outcomes (i.e., improvement or not) from the
EOF approach for DJF of NAM, SAM, and NAO, and for PDO, are largely consistent with the findings of
Fasullo et al. (2020), but not identical. Fasullo et al. (2020) noted a substantial improvement in the
simulated PDO but only a slight and not definitive improvement in DJF of NAM, NAO, and SAM, from
the CMIP6 models compared to GCMs in the earlier CMIPs. We find CMIP6 models outperform CMIP3
models for SAM DJF (i.e., austral summer) and for NAO DJF (i.e., boreal winter), and no significant

improvement in NAM DJF. Direct comparison between our results to that of Fasullo et al. (2020) is
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however limited because of notable differences in the pool of models used in each study (e.g., a total
of 55 models from CMIP3-5-6 in Fasullo et al. (2020), whereas herein we examine 123 different models
in addition to all of their currently available ensemble members).

We have applied the CBF method (Lee et al. 2019a) as our default performance test to quantify
how well observed extratropical modes are represented by models. We used this method as our default
because it rectifies several deficiencies in the traditional comparison of EOFs, which we also apply in
the present study as a complementary analysis. Through the course of our analysis, however, we
identified an additional benefit of the CBF method—the CBF method more readily yields statistically
significant performance changes than the traditional EOF approach, in large part owing to a reduced
spread of CBF-based results associated with intrinsic variability (i.e., across multiple realizations of the
same model). This is particularly useful when the goal is to distinguish between the strengths and
weaknesses of different models or to quantify performance changes as we have done here.
Nonetheless, we do advocate applying both the CBF and traditional EOF methods routinely as they
target complementary questions as described in Section 1.

While our emphasis is on performance change across groups of models from different
generations, knowing how individual models are performing is also informative. For readers interested
in the representation of spatial patterns and amplitude time series of individual modes and seasons
obtained from each model, our project website provides interactive Portrait Plots that allow navigation
from our metrics to the underlying maps and time series from which they were derived (see the Data
Availability Statement section).

For the atmospheric modes, we find there is a significant amplitude skill relationship between

the Historical and AMIP simulations. In each case and for each season there is a statistically significant
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relationship between the fidelity of coupled/ESM Historical simulations and AMIP simulations. This
suggests that successfully rectifying the overestimate of amplitude in the post-dominant season in an
atmospheric-only (AMIP) configuration may also lead to improvement in the more computationally and
labor-intensive coupled ocean-atmosphere simulations.

We have identified some clues on how the pattern improvement of certain modes can be
interpreted, however, it is difficult to identify direct drivers of cross-generational performance
improvement within the variety of the model configurations in the different CMIP generations.

e We found no clear evidence that horizontal resolution or the incorporation of indirect
aerosol effects explains the improvements we have identified in the pattern of the
simulated extratropical modes in CMIP6.

e We showed there are some modes and seasons where high-top models (top layer at
above 1 hPa) outperform the rest of models in CMIP6, in particular for most seasons of
SAM. This result suggests that the height of the model top likely influences the
tropospheric extratropical variability. Inclusion of the full stratosphere may have
contributed to the fidelity of SAM throughout interactions between stratospheric ozone
and Southern Hemisphere tropospheric circulation (e.g., Son et al. 2010; Ivanciu et al.
2020), but further analysis is needed to demonstrate the connection. We note however
high and low top models may differ in more than just their vertical domain, which
preclude the elimination of the possibility that other physical aspects in the model may
also have contributed to the improvement.

e We also have shown that better representation of the Southern Hemisphere (SH) jet

may have contributed to improvement in the SAM’s spatial pattern, which is consistent
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with findings of earlier studies who found a relationship between biases in the jet's
mean latitude and the SAM time scale (e.g., Barnes and Hartmann 2010). In contrast, no
clear relationship of NAM with mean state or stationary waves has been identified,
suggesting the improvement in NAM may result from a combination of multiple
processes rather than being primarily influenced by the mean field over the Northern
Hemisphere (NH). Our result is consistent with the findings of Son et al. (2021) that the
influence of the synoptic environment to the annular modes is more straightforward in
the SH than in the NH.

Indeed, our findings support the conclusions of a recent study (Orbe et al. 2020) that
the performance changes in the extratropical modes of variability are likely attributed
to gradual improvement of the base climate and a range of relevant processes. Our
examination of potential drivers for the improvement in the CMIP6 has emphasized
spatial patterns because that is where we have identified significant improvement.
More work is needed to better understand the persistent systematic errors in the

amplitude of extratropical modes.

Other recent studies have compared CMIP6 with earlier model generations, as examples follow,
and some of the characteristics analyzed in these studies may impact the fidelity of extratropical modes
of variability. These and other studies examine targeted aspects of the circulation as simulated across
generations of CMIP. Further research is needed to investigate their possible connections to

performances on the extratropical variability modes.

In the Northern Hemisphere, Fu et al. (2020) showed an improvement in the East Asian

westerly jet, and Oudar et al. (2020) have found biases in the wintertime mid-latitude
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atmospheric circulation have been reduced. Schiemann et al. (2020) reported that
frequency and persistence of atmospheric blocking is better simulated in CMIP6 than in
CMIP5. Priestley et al. (2020) noted that the bias in storm tracks in CMIP5 is still
persistent in CMIP6 with little improvement. Rao et al. (2020) found that most of CMIP5
and CMIP6 models struggle to correctly capture the interaction between quasi-biennial
oscillation (QBO) and tropospheric NAM. Luo et al. (2021) suggested many CMIP5 and 6
models have a limitation in reproducing the full strength of the observed atmosphere—
sea ice connection during Arctic summer.

e In the Southern Hemisphere, Bracegirdle et al. (2020) identified a reduction in the
equatorward bias of the annual mean westerly jet in CMIP6, but no clear improvement
in the representation of the Amundsen Sea Low that is known to represent a large
fraction of variability over the Southern Hemisphere (Hosking et al. 2013, 2016; Turner
et al. 2012; Raphael et al. 2016). Beadling et al. (2020) showed improvement in the
surface wind stress but the upper Southern Ocean remains biased warm and fresh, and
Antarctic sea ice extent remains poorly represented. Roach et al. (2020) reported
reduced inter-model spread on the representation of sea ice area and improved spatial
distribution of sea ice in CMIP6 compared to CMIPS5.

Additional insight into the simulation of extratropical variability and how it may be improved is
perhaps best explored within a single model framework where experimentation is feasible. For
example, Kawatani et al. (2019) showed that advanced representations of the stratosphere (i.e.,
increased vertical resolution and raised model top height) significantly affect tropospheric circulations

in their MIROC model simulations. Simpson et al. (2013a, 2013b) found that a deficiency in the SH
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planetary wave feedback resulted in SAM being too persistent in the Canadian Middle Atmosphere
Model. Simpson et al. (2020) compared the CESM2 model family of CMIP6 to its CMIP5 version, CESM1
model, and found improvements in various aspects including storm tracks, stationary waves, NAM, and
NAO, which may have arisen from the improved physical parameterizations and resulting mean
climate. In any event, as discussed above, our results suggest prescribed SST experiments are suitable
for examining many of the baseline characteristics of simulated atmospheric extratropical modes

making it more tractable to evaluate and potentially improve during the model development process.
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in the PCMDI Metrics Package (PMP, https://github.com/PCMDI/pcmdi_metrics). Interactive Portrait

Plots with Dive Down information (i.e., spatial map and amplitude time series of different

extratropical variability modes obtained from individual models for each mode and season) are
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available through the U.S. Department of Energy’s Coordinated Model Evaluation Capabilities (CMEC)

project website at https://cmec.lInl.gov, in the variability modes section at

https://cmec.lInl.gov/results/variability modes/. We are working toward releasing the statistics

generated from this study through the website as well, during the meantime, results are also
available upon request to the authors. We also provide additional Taylor Diagrams with individual
models identified, on the PCMDI website at

https://pcmdi.llnl.gov/research/metrics/variability modes/taylordiagram.
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cMIP3 Members CMIP5 Members CMIP6 Members
Model name Historical AMIP Model Name Historical AMIP Model name Historical AMIP
BCCR_BCM2_0 1 ACCESS1-0 3 1 ACCESS-CM2* 3 3
CCCMA_CGCM3_1 5 ACCESS1-3 3 2 ACCESS-ESM1-5 20 3
CCCMA_CGCM3_1_T63 1 BCC-CSM1-1 3 3 AWI-CM-1-1-MR* 5
CSIRO_MK3_0 3 BCC-CSM1-1-M 3 3 AWI-ESM-1-1-LR* 1
GFDL_CM2_0 3 BNU-ESM 1 1 BCC-CSM2-MR 3 3
GFDL_CM2_1 3 1 CCSM4 6 6 BCC-ESM1 3
GISS_AOM 2 CESM1-BGC 1 CAMS-CSM1-0 3 3
GISS_MODEL_E_H 5 CESM1-CAMS5 3 2 CAS-ESM2-0 4 4
GISS_MODEL_E_R 9 4 CESM1-FASTCHEM 3 CESM2 11 10
IAP_FGOALS1_0_G 3 2 CESM1-WACCM 7 CESM2-FV2 3 3
INGV_ECHAM4 1 CMCC-CESM 1 CESM2-WACCM* 3 3
INMCM3_0 1 1 CMCC-CM 1 3 CESM2-WACCM-FV2* 3 3
IPSL_CM4 2 6 CMCC-CMS 1 CIESM 3 3
MIROC3_2_HIRES 1 1 CNRM-CM5 10 1 CMCC-CM2-HR4 1
MIROC3_2_MEDRES 3 3 CNRM-CM5-2 1 CMCC-CM2-SR5 1 1
MIUB_ECHO_G 5 CSIRO-Mk3-6-0 10 10 CNRM-CM6-1* 30 1
MPI_ECHAMS 4 3 CSIRO-Mk3L-1-2 3 CNRM-CM6-1-HR* 1 1
MRI_CGCM2_3_2A 5 1 CanAM4 4 CNRM-ESM2-1* 9 1
NCAR_CCSM3_0 8 1 CanCM4 10 CanESM5 65 7
NCAR_PCM1 4 1 CanESM2 5 CanESM5-CanOE 3
UKMO_HADCM3 2 EC-EARTH 8 1 E3SM-1-0%* 5 3
UKMO_HADGEM1 1 1 FGOALS-g2 5 1 E3SM-1-1* 1
Total simulations 72 25 FGOALS-s2 2 3 E3SM-1-1-ECA* 1
Count of models 22 12 FIO-ESM 3 EC-Earth3* 73 3
GFDL-CM2p1 10 EC-Earth3-AerChem* 2 1
GFDL-CM3 5 2 EC-Earth3-Veg* 8 2
GFDL-ESM2G 1 EC-Earth3-Veg-LR 3
GFDL-ESM2M 1 FGOALS-f3-L 3 3
GFDL-HIRAM-C180 3 FGOALS-g3 6 4
GFDL-HIRAM-C360 2 FIO-ESM-2-0 3 6
GISS-E2-H 18 GFDL-AM4 1
GISS-E2-H-CC 1 GFDL-CM4 1 1
GISS-E2-R 26 GFDL-ESM4* 3 1
GISS-E2-R-CC 1 12 GISS-E2-1-G* 46 20
HadCM3 10 GISS-E2-1-G-CC* 1
HadGEM2-A 6 GISS-E2-1-H* 25
HadGEM2-AO 1 GISS-E2-2-G* 5
HadGEM2-CC 3 HadGEM3-GC31-LL* 4 5
HadGEM2-ES 5 HadGEM3-GC31-MM* 4 4
INMCM4 1 1 IITM-ESM 1
IPSL-CM5A-LR 6 3 INM-CM4-8* 1 1
IPSL-CM5A-MR 3 3 INM-CM5-0* 10 1
IPSL-CM5B-LR 1 1 IPSL-CM6A-LR* 32 21
MIROC-ESM 3 1 KACE-1-0-G* 3 1
MIROC-ESM-CHEM 1 KIOST-ESM 1 1
MIROC4h 3 MCM-UA-1-0 2
MIROCS 5 2 MIROC-ES2L 10 3
MPI-ESM-LR 3 3 MIROC6* 50 10
MPI-ESM-MR 3 3 MPI-ESM-1-2-HAM* 3 3
MPI-ESM-P 2 MPI-ESM1-2-HR* 10 3
MRI-AGCM3-2H 3 MPI-ESM1-2-LR* 10 3
MRI-AGCM3-2S 1 MRI-ESM2-0* 7 3
MRI-CGCM3 5 5 NESM3* 5 5
MRI-ESM1 1 NorCPM1 30 10
NorESM1-M 3 3 NorESM2-LM 2 1
NorESM1-ME 1 NorESM2-MM 3
Total simulations 216 95 SAMO-UNICON 1 1
Count of models 50 31 TaiESM1 1 1
UKESM1-0-LL* 18 1
Total simulations 563 178
Count of models 56 47
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Table 1. Summary of CMIP 3, 5, and 6 models and their ensemble member simulations used in this
study. The analysis is performed on all available simulations by the time of the analysis performed
(January 2021). For each model we first compute the performance metrics for each ensemble member
and then average the results across all ensemble members from each experiment (either Historical or
AMIP) to reduce the sampling uncertainty. An “*” at the end of the CMIP6 model name depicts high-
top models (model top layer at above 1 hPa). Further Information for models can be found in the

overview of Model Intercomparison Projects at the PCMDI website (https://pcmdi.linl.gov/mips/).
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Figure 1. Portrait Plots of normalized centered RMSE summarizing model skill in simulating mode
patterns in (a) Historical and (b) AMIP simulations of CMIP3, 5, and 6, using the CBF method. In the
Portrait Plots, for each column the centered RMSE is normalized by the median centered RMSE. Thus,
a value of -0.5 indicates that the error is 50% smaller than the median or typical model error, and a
value of 0.5 indicates that the error is 50% larger than the median error. From top to bottom are the
skill scores for CMIP3, CMIP5, and CMIP6 with the grey horizontal bar separating each CMIP generation.
For sea-level pressure based modes (SAM, NAM, NAO, NPO, and PNA) in the upper-left hand triangle
the model results are shown relative to 20CR whereas in the lower-right triangle the model results are
shown relative to the ERA-20C. For SST based modes (NPGO and PDO), results are shown relative to
HadISSTv1.1 (upper-left triangle) and HadISSTv2.1 (lower-right triangle). Numbers in parentheses
following model names indicate the number of ensemble members for the model. Metrics for

individual ensemble members were averaged for each model.
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Figure 2. Centered RMSE from CMIP models calculated against the 20CR/HadISSTv1.1 reference
dataset, displayed as box plots and obtained from (a) Historical and (b) AMIP for all seasons (units: hPa
for SAM, NAM, NAO, NPO, and PNA; and °C for NPGO and PDO) using the CBF method. Panels (c) and
(d) are the same as panels (a) and (b) but for the winter season. Panels (e) and (f) are the same as
panels (a) and (b) but for the spring season. Note: top and bottom of each box are for 25t and 75t

percentiles; top and bottom whiskers indicate 5" and 95 percentiles; and horizontal bar and marker
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indicate median and mean, respectively. When the box has a thicker edge line, it indicates the

difference to its immediate earlier MIP (i.e., CMIP5 vs 3 or CMIP6 vs 5) is significant. When the mean

marker is filled for CMIP6, it indicates the difference to CMIP3 is significant. The significance is

determined by t-test when p-value < 0.05.
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Figure 3. Summary for CMIP6 difference to CMIP5 or CMIP3 in terms of centered RMSE calculated

against the 20CR/HadISSTv1.1 reference dataset shown in Figure 2, obtained from (a) Historical and (b)

AMIP simulations by using the CBF approach. The first three rows of each table (i.e., All season, winter,

and spring) summarize Figs. 2a, ¢, and e for Historical, and Figs. 2b, d, and f for AMIP. Yellow boxes

indicate where CMIP6 is statistically significantly improved from either CMIP5 or CMIP3. An orange

circle (@) indicates CMIP6 outperforms CMIP5, a blue square (Ill) indicates CMIP6 outperforms CMIP3,

and a blue open blue triangle (A) indicates that CMIP5 outperforms CMIP3. The significance is

determined by t-test when p-value < 0.05.
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Figure 4. Portrait Plots of the amplitude of modes of variability in CMIP models, as gauged by a metric
defined as the ratio of spatio-temporal standard deviations of the model and observed PCs, obtained
using the CBF method from (a) Historical and (b) AMIP simulations. Columns (horizontal axis) are for
mode and season, and rows (vertical axis) are for models from CMIP3 (top), CMIP5 (middle), and CMIP6
(bottom), separated by rows of grey boxes. For sea-level pressure based modes (SAM, NAM, NAO, NPO,
and PNA) in the upper-left hand triangle the model results are shown relative to 20CR whereas in the
lower-right triangle the model results are shown relative to the ERA-20C. For SST based modes (NPGO
and PDO), results are shown relative to HadISSTv1.1 (upper-left triangle) and HadISSTv2.1 (lower-right
triangle). Numbers in parentheses following model names indicate the number of ensemble members

for the model. Metrics for individual ensemble members were averaged for each model.
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Figure 5. Histograms for amplitude skill metric (i.e., ratio of standard deviation of the CBF PCs from the
models to that of the 20CR/HadISSTv1.1 reference dataset) for the atmospheric modes during the
dominant season (i.e., winter: JJA for SAM and DJF for NAM and NAO) from the Historical simulations
(a) SAM, (b) NAM, (c) NAO, (d) PNA, (e) NPO, and (f) PDO, using the CBF method. The table in each
panel contains the p-values from the Z-Score Test for Proportions, indicating within each category the

statistical significance of results. The p-values with green (red) background color in the table indicate
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1129  significant improvement (degradation) in newer CMIP from the given comparison of two CMIPs (p <
1130  0.05). Note that “winter” corresponds to DJF for all modes except the SAM, for which it corresponds to
1131 JA
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Figure 6. Histograms for amplitude, as in Fig. 5 but during post-dominant season (i.e., spring: SON for

SAM and MAM for others), from the Historical simulations (a) SAM, (b) NAM, (c) NAO, (d) PNA, (e) NPO.
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Figure 7. Scatter plot for mode amplitude ratio (i.e., ratio of standard deviations of PCs
[model/observation]) of observed EOF1-based atmospheric modes (NAM, NAO, PNA, and SAM) in
individual seasons showing statistics obtained from Coupled (Historical, x-axis) vs Uncoupled (AMIP,
y-axis) simulations of CMIP3, 5 and 6 models. The mode amplitude ratio was calculated against the
20CR/HadISSTv1.1 reference dataset. The PCs of models were obtained by the CBF method. The
horizontal and vertical bars on each symbol indicate ranges of statistics from ensemble members of
Historical and AMIP runs, respectively, and a symbol is an average of them. Models were selected
when they are available for both Historical and AMIP simulations. The grey diagonal dashed line is for
y=x, and grey shading on both axes between 0.8 and 1.2 for the About Right category. A dark blue line
in each panel indicates linear regression for Historical vs AMIP data with associated statistics for

slope, correlation coefficient (R), and p-value from t-test (P) in dark blue at lower right of each panel.
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Figure 8. Taylor Diagrams for PNA DJF obtained from Historical simulations of CMIP3, 5 and 6 by (a)
traditional EOF, (b) EOF but with swapping adjustment, and (c) CBF methods. Each dot represents a
CMIP model where statistics were averaged across ensemble members. Black square at 1 on the x-axis

represents a reference dataset, in this case, the 20CR.
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1156  Figure 9. Taylor Diagrams for (a) PNA DJF obtained from Historical simulations of GISS models across
1157  CMIPs (blue with 3 for CMIP3, orange with 5 for CMIP5, green with 6 for CMIP6), (b) NAO DJF of GFDL
1158 models, and (c) PNA DJF of CESM models, by traditional EOF (circle), EOF but with swapping adjustment
1159  (square), and CBF (star) methods. Larger marker represents a CMIP model where statistics were
1160 averaged across ensemble members while small markers indicate its individual ensemble members.

1161  Black square at 1 on the x-axis represents a reference dataset, in this case, the 20CR.
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Figure 10. Performance change based on the centered RMSE results (used in Fig. 1a, units in hPa) and

its relationship to change in horizontal resolution. Results are shown for 8 pairs of models (from CMIP5

or CMIP6) that differ only in their horizontal resolution. Each arrow starts from the RMSE of a lower

resolution model and points to that of its higher resolution version. Left (right) headed arrows indicate

reduced (increased) RMSE when resolution increases. Reference data used for RMSE calculations is the

20CR.
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Figure 11. Distributions of centered spatial pattern RMSE (taken from Fig 1a) for the atmospheric
modes in individual seasons for CMIP6 Historical high-top (blue) and low-top (orange) models. Lines on
each histogram are for best-fit kernel density estimation curves. Numbers in the upper-right corner of
each panel are for t-score (T) and p-value (P) from the t-test to examine significance in the difference
between the two groups of high and low top models. When the high-top models significantly
outperform low-top models (T < 0 and P < 0.05) the numbers are in green bold font. Reference data

used for RMSE calculations is the 20CR.
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Figure 12. Performance relationships for (a) NH RMSE of DJF mean sea level pressure vs NAM DJF
RMSE, (b) RMSE of NH DJF stationary wave (i.e., zonal mean removed seasonal mean sea level
pressure field) vs NAM DJF RMSE, (c) magnitude of SH jet latitude index bias vs centered RMSE of
SAM pattern, and (d) latitude of SH jet index vs latitude of maximum of zonally averaged SAM pattern

and are shown. Reference data and model subsets used in each panel are described in text.
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