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Abstract
The ability of a suite of models contributing to the sixth phase of the Coupled Model Intercomparison Project (CMIP6) to
simulate observed large-scale atmospheric circulation patterns over the Pacific Northwest of North America is evaluated.
Twelve representative patterns of 500-hPa geopotential height (Z500) anomalies are identified using the self-organizing
map method applied to reanalysis. CMIP6 Z500 anomalies from simulations of the historical period are mapped to each
reanalysis-derived pattern, and the resulting differences between patterns, as well as differences in frequency of pattern
occurrence, are quantified. In general, models are able to simulate the range of Z500 patterns with reasonable fidelity,
although model skill varies across the 25-member ensemble. Surface temperature and precipitation anomalies associated
with each Z500 pattern are found to also be reasonably simulated by the models, with some biases noted. This boosts
confidence that the models are simulating temperature and precipitation patterns for the correct physical reasons. The
models exhibit a range of skill at simulating pattern occurrence frequency and pattern persistence, with more agreement
in winter than summer. Results indicate that the CMIP6 models are appropriate for assessing future projections of key
atmospheric circulation patterns and their impacts on temperature and precipitation over the region.

1 Introduction
Climate models are critical tools for projecting future climate change. In order to interpret future projections with
confidence, the models’ ability to simulate a realistic historical climate for the parameters and the regions of interest must be validated. Such model evaluation frequently
involves quantifying the degree of agreement between
observationally-based and model-simulated climatology
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parameters (for example mean temperature; Boucher et al.
2020; Gleckler et al. 2008; Mote and Salathé 2010). Another
more physically-based approach is to evaluate the processes
or drivers associated with the parameters of interest. This can
help diagnose model biases and further boost confidence that
models are simulating the correct climatological features for
the right physical reasons (Deangelis et al. 2013; Gao et al.
2014; Loikith and Broccoli 2015). In this paper, we combine
these two evaluation approaches to describe and quantify
the ability of models contributing to the sixth phase of the
Coupled Model Intercomparison Project (CMIP6; Eyring
et al. 2016) to simulate large-scale circulation patterns and
the associated surface weather and climate over the Pacific
Northwest of North America (PNW).
The climate of the PNW has distinct wet and dry seasons,
and is significantly influenced by regional topography and
the Pacific Ocean. Variability in wet season precipitation
is a critical modulator of water resources, whereas summer typically consists of meteorological drought and can
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feature heatwaves and fire weather (Abatzoglou et al. 2021).
Drier than average spring conditions or a reduction in the
frequency of storms can strain water supply, and winter
storm-producing circulation patterns and associated atmospheric rivers (Guan and Waliser 2015; Slinskey et al. 2020)
can cause extensive flooding and landslides (Mahoney et
al. 2018). While climate models project increases in mean
temperature in the region with confidence for all seasons,
projected changes in precipitation are less robust (Wuebbles
et al. 2017). Interpreting projections over the region is also
challenging due to climatologically influential topography,
since most state-of-the-art global climate models are unable
to spatially resolve the underlying topography (Arritt and
Rummukainen 2011). One approach to addressing this
scale mismatch between local-to-regional climatological
features and global climate model data is to use dynamically downscaled regional climate models (Duffy et al.
2006; Salathé et al. 2010, Salathé et al. 2014) at high spatial
resolutions. However, while advances in regional modeling
have increased the availability of high-resolution simulations (Mearns et al. 2017), the number of different models
available at high resolution is still limited compared with
global simulation availability via CMIP6. Furthermore, the
computational cost of producing dynamically downscaled
simulations is considerable. An alternate approach is to
use large-scale circulation features as the model evaluation criteria since these features act as drivers of local-scale
weather and climate and are at a spatial scale that all models
can resolve (Grotjahn et al. 2016).
Large-scale circulation patterns and their associated
weather impacts over the PNW have been extensively documented, including the connection between circulation patterns and temperature and precipitation conditions (Loikith
et al. 2017), and the patterns that lead to heavy precipitation (Aragon et al. 2020). Cool season precipitation in the
PNW has been connected to negative anomalies in 500-hPa
geopotential height (Z500) (Lackman and Gyakum 1999;
Warner et al. 2012), and troughs and cutoff lows are important sources of summer precipitation (Abatzoglou 2016).
In contrast, positive Z500 anomalies have been linked to
summer heat waves (Brewer et al. 2013; Brewer and Mass
2016). In addition to modulating average weather over the
PNW (Robertson and Ghil 1999; Stahl et al. 2005), largescale circulation patterns have been studied in relation to
extreme weather, including extreme temperature events
(e.g., Grotjahn et al. 2016; Grotjahn and Faure 2008; Horton
et al. 2015; Loikith and Broccoli 2012) and extreme precipitation (e.g., Agel et al. 2019; Collow et al. 2016; Gao et
al. 2014; Prein and Mearns 2021; DeAngelis et al. 2013).
Atmospheric rivers, often associated with troughs, can be
linked to heavy precipitation and flooding (Radić et al.
2015; Schlef et al. 2019) and anomalous snow (Guan et al.
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2013), whereas long-lasting ridges can contribute to drought
(Liu et al. 2018; Teng and Branstator 2017) and heat (Horton et al. 2016).
Model skill at simulating large-scale circulation over
North America has been assessed in a number of previous
studies. For example, Grotjahn (2013) evaluated model skill
at simulating large-scale circulation associated with extreme
heat in California. Loikith and Broccoli (2015) compared
observed and model simulated circulation patterns associated with extreme temperatures over North America. Model
simulations of large-scale circulation have been used to
assess climate change effects on circulation patterns in
numerous regions, including Australia (Gibson et al. 2017),
New Zealand (Gibson et al. 2016), Alaska (Glisan et al.
2016), Greenland (Belleflame et al. 2013), and the larger
Arctic region (Cassano et al. 2006), reflecting the importance of large-scale circulation as a tool in climate science
and motivating evaluation of model fidelity at capturing
large-scale circulation in the CMIP6 models.
Considering the importance of large-scale circulation
patterns in modulating surface meteorology and climatology, including high-impact extreme events, it is critical to
improve our understanding of how ongoing and future climate warming may alter the range of circulation patterns.
Furthermore, large-scale circulation patterns occur at a spatial resolution that is compatible with global-scale climate
models and can thus be leveraged to link climate model projections to local-scale features and extremes. Towards this
goal, we perform a comprehensive evaluation of the ability
of CMIP6 models to capture the full range of key large-scale
atmospheric circulation patterns and associated temperature
and precipitation anomalies over the PNW. Results from this
work will help gauge confidence in projections of change in
the circulation patterns themselves and in associated surface
temperature and precipitation conditions.

2 Data
Daily reference data for Z500, 2-meter temperature (T2m),
and precipitation are from the Modern-Era Retrospective
analysis for Research and Applications, Version 2 (MERRA2; Gelaro et al. 2017), which are provided on a global 0.5°
by 0.625° latitude/longitude grid. Climate model data are
from 25 models (Table 1) contributing to CMIP6 (Eyring
et al. 2016). Due to data availability constraints, not all 25
models are used for each variable. All data are regridded
to a 2° latitude/longitude grid using a bilinear interpolation
scheme, except for precipitation for which a conservative
regridding approach is used. Reanalysis data and historical
CMIP6 data are assessed using an overlapping 30-year time
period covering 1985–2014.
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Table 1 CMIP6 models and their native horizontal resolutions. Variables used are Z500, T2m, and precipitation. Models with * are used
for Z500 and precipitation only, models with ** are used for Z500 and
T2m only, models with *** are used for Z500 only
Model
Native Resolution lat x lon [°]
a. ACCESS-CM2
1.25 × 1.88
b. AWI-ESM-1-1-LR
1.87 × 1.88
c. BCC-CSM2-MR
1.12 × 1.13
d. BCC-ESM1
2.79 × 2.81
e. CESM2-FV2*
1.89 × 2.5
f. CESM2-WACCM
0.94 × 1.25
g. CESM2
0.94 × 1.25
h. CNRM-CM6-1-HR
0.5 × 0.5
i. CNRM-CM6-1
1.4 × 1.41
j. CanESM5**
2.79 × 2.81
k. EC-Earth3*
0.7 × 0.7
L. GFDL-CM4
2 × 2.5
m. GISS-E2-1-G***
2 × 2.5
n. INM-CM4-8
1.5 × 2
o. INM-CM5-0
1.5 × 2
p. IPSL-CM6A-LR
1.27 × 2.5
q. MIROC-ES2L
2.79 × 2.81
r. MIROC6
1.4 × 1.41
s. MPI-ESM-1-2-HAM*
1.87 × 1.88
t. MPI-ESM1-2-HR
0.94 × 0.94
u. MPI-ESM1-2-LR
1.87 × 1.88
v. MRI-ESM2-0
1.12 × 1.13
w. NorESM2-LM
1.89 × 2.5
x. NorESM2-MM
0.94 × 1.25
y. TaiESM1
0.94 × 1.25
Reference: MERRA-2
0.5 x 0.625

3 Methods
We use daily Z500 anomalies to define the range of largescale circulation patterns. Anomalies are computed by
removing the daily 30-year climatology (1985–2014),
smoothed with a seven-day averaging window centered on
each day, from each day. The self-organizing map (SOM)
approach is used to group the daily Z500 anomaly patterns into a set of clusters or “nodes”. The SOM approach
uses an unsupervised neural network to cluster geospatial
data (Z500 anomalies here) into a pre-chosen number of
nodes. This analytical method has been used extensively in
the study of synoptic climatology (e.g., Bailey et al. 2011;
Cassano et al. 2007; Cavazos 2000; Glisan et al. 2016;
Hewitson and Crane 2002; Higgins and Cassano 2009;
Johnson et al. 2010; Johnson and Feldstein 2010; Lennard
and Hegerl 2015; Mechem et al. 2018; Reusch et al. 2007).
Previous research has used the SOM approach to characterize large-scale circulation patterns over the PNW and to
connect synoptic circulation to extreme precipitation and
temperature (Aragon et al. 2020, Loikith et al. 2017), to

analyze temperature extremes in Alaska and Canada (Cassano et al. 2015), concurrent heatwaves across the northern
hemisphere (Rogers et al. 2021), moisture transport in the
western United States (Swales et al. 2016), precipitation
extremes in Texas and Mexico (Cavazos 1999), fire weather
in the southwest US (Crimmins 2006), and summer circulation patterns over Asia (Bu et al. 2022). Additionally, the
SOM method has been used to analyze projected changes
in patterns in climate models, including over Greenland
(Belleflame et al. 2013), New Zealand (Gibson et al. 2016),
Australia (Gibson et al. 2017), Florida (Sinha et al. 2018),
and the Arctic (Skific et al. 2009).
We apply the SOM method to characterize Z500 anomaly patterns for each three-month meteorological season,
December-February (DJF), March-May (MAM), JuneAugust (JJA), and September-November (SON). The input
to the SOM is the daily Z500 anomaly patterns spanning
36°-60°N latitude, and 114°-146°W longitude. The algorithm then groups each day into a pre-determined number
of nodes as follows. First, each node is randomly seeded
with input data. Next, the Euclidean distance, defined as the
square root of the squared geometric distance between two
patterns, between the Z500 anomaly pattern from the first
day of the input data and each of the seeded nodes is calculated. That day is then assigned to the node with the smallest Euclidean distance and this “winning” node is nudged
closer to the input data. Additionally, the neighboring nodes
are nudged towards the winning node and this process is
repeated for all days and until the resulting SOM is stable.
The result is a nxm matrix of nodes, with each day of the
input climatology assigned to a node such that days with
the most similar patterns are assigned to the same node and
such that neighboring nodes are more similar to each other
than distant nodes.
Several choices must be made when constructing a SOM,
with the choices guided by the goal of the analysis. The first
choice is the number of nodes. Here, following Loikith et
al. (2017), we employ 12 nodes in a 3 × 4 matrix. When
choosing the number of nodes, one should balance having
enough nodes to represent the full range of pattern configurations while retaining interpretability and reducing repetition of patterns. In our case, and as demonstrated in Loikith
et al. (2017), 12 nodes proved optimal for this purpose after
assessing smaller and larger numbers. Another choice is
the geographic extent of the input data. While our aim is to
characterize the key patterns that influence the weather and
climate of the PNW, we extend our geographic domain westward into the Pacific Ocean as most weather systems propagate from west to east in the midlatitudes. We also choose
to use daily Z500 anomalies, over total field, to reduce the
influence of the seasonal cycle of Z500. Lastly, we use Z500
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as the input variable as it a very useful diagnostic quantity
for weather and climate over the midlatitudes.
We note that the SOM approach has some commonalities with other clustering techniques such as k-means. We
choose to use the SOM method here because it produces
a smoother continuum of patterns across the node matrix
such that neighboring nodes are similar to one another and
because it can capture patterns that may fall in between
discrete clusters. We also note that the SOM approach is
considerably different from empirical orthogonal function
analysis in that it is not designed to develop a hierarchy of
patterns ranked by variance explained, nor are node patterns
required to be orthogonal to one another.
The SOM approach as described above is applied directly
to the MERRA-2 data resulting in a “reference-SOM”. To
evaluate the CMIP6 models we construct a “pseudo-SOM”
for each model as follows. Each daily Z500 anomaly pattern from the models is assigned to the reference-SOM node
that it is most similar to, using Euclidean distance. Then,
all of the Z500 anomaly patterns assigned to each node are
averaged resulting in a 12-node pseudo-SOM. We further
construct a multi-model ensemble mean (MMEM) pseudoSOM by average the 12-node patterns from all 25 models
together. This approach is similar to that used in Gibson et
al. (2017) and we provide further validation of its utility
for our research objectives in Sect. 5. T2m and precipitation composites for each of the 12 nodes are constructed
by averaging the T2m and precipitation anomaly fields in
CMIP6 for days assigned to each node. Pseudo-SOMs are
compared to reference-SOMs for each variable, quantified using the root mean squared error (RMSE), normalized by the spatial standard deviation of the corresponding
MERRA-2 pattern. Results presented are for DJF and JJA,
however results for MAM and SON can be found in the
supplemental information.

4 Results
Here we present results for DJF and JJA in detail. We also
evaluated results in the same way for spring (MAM) and
fall (SON). These results are presented in Figures S1-S6;
however, we do not go into detail in the main manuscript
as conclusions about model skill are mostly similar to those
described for DJF and JJA.

4.1 Large-scale circulation patterns – winter (DJF)
4.1.1 DJF Z500 Pattern evaluation
As a first order check on model fidelity, Fig. 1 compares the mean Z500 climatology between MERRA-2 and
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CMIP6. The MMEM reproduces the principal features of
the DJF Z500 climatology including the stationary ridge
along the coast. Figure 2a shows the 12-node referenceSOM. In a SOM, adjacent nodes are generally most similar
to each other while patterns in opposite corners are least
similar. For example, the trough in node 1 (referred to as N1,
and so on, hereafter) is opposite from the ridge in N12. All
days in the 30-year climatology are assigned to one of the 12
nodes, with days exhibiting similar Z500 anomaly patterns
assigned to the same node. For example, days assigned to
N1 are most similar to the N1 pattern in Fig. 2a. This means
that days assigned to N1 are characterized by negative Z500
anomalies over the region.
Patterns encompass a range of Z500 anomalies and circulation features. For example, N1 shows the strongest negative anomalies, centered offshore, associated with a deep
Z500 trough. N8, on the other hand, shows a strong ridge,
indicated by the positive Z500 anomalies centered over the
Pacific Ocean. N9 suggests a blocking pattern, with positive
Z500 anomalies to the north of negative Z500 anomalies.
The most common patterns are N10 and N11, positive Z500
anomalies over Washington and the eastern Pacific, respectively, accounting for a combined 21% of days (Fig. 2d). The
least common pattern is N4, with a positive Z500 anomaly
over the northwest portion of the domain and a negative
Z500 anomaly over the western US and southwest Canada.
Figure 2b shows the corresponding pseudo-SOM nodes.
Each pseudo-SOM node in Fig. 2b is an average of 25
pseudo-SOM nodes from the models. In general, these
MMEM nodes closely resemble the reference-SOM, suggesting that the CMIP6 models are able to realistically reproduce the range of Z500 anomaly patterns. To further quantify
the node-by-node pattern differences, Fig. 2c shows the normalized RMSE computed between each pseudo-SOM node
and the corresponding reference-SOM node. A node with
an RMSE of one, therefore, would mean the difference is as
large as the spatial standard deviation of the reference pattern it is being normalized by. In general, the model errors
are much less than one, corresponding to the visual similarity between the patterns. More than 50% of all models
and patterns have a normalized RMSE of 0.35 or less, and
more than 75% of all models and patterns have a normalized RMSE of 0.5 or less. The nodes with the highest errors
across the model ensemble are N1, N2, N3, and N12. The
patterns with the lowest errors are N4-7. While the highest
RMSE patterns of N1 and N12 are high amplitude patterns,
there are other high amplitude patterns that have relatively
low RMSE, such as N5 and N8. In other words, there is not
an apparent synoptic similarity that links patterns of high or
low RMSE. It is notable that the primary variance in error is
between nodes, not between models, suggesting systematic
differences in the ability of the ensemble to simulate some
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Fig. 1 Mean Z500 in meters for (a) MERRA-2 DJF; (b) CMIP6 DJF MMEM; c-d. As in a-b, with JJA

patterns. Model resolution does not appear to play a strong
role in influencing error.
The node frequency bias, in absolute percentage relative
to the MERRA-2 node frequencies, is shown in Fig. 2d. A
positive bias of 1% from a model in N1 (6.8% in MERRA2) means that 7.8% of model days were assigned to that
node. The frequency of days assigned to each node from
the models are mostly within +/-3% of the MERRA-2 node
frequencies. The most underrepresented pattern is N7, a
relatively low amplitude pattern with positive anomalies to
the southwest and negative anomalies to the northeast, and
the most overrepresented is N12, a strong ridge pattern and
the most infrequent node in MERRA-2. The variation in
model error is generally between nodes, not between models. There is no clear relationship between pattern type and
frequency biases.
4.1.2 DJF temperature anomalies
One may reasonably hypothesize that the CMIP6 models
should reproduce other parameters that are related to midtropospheric circulation based on the results of Fig. 2. To test

this hypothesis, Fig. 3 shows composites of T2m anomalies
for all days assigned to each node for MERRA-2 (Fig. 3a)
and the CMIP6 MMEM (Fig. 3b). We note that individual
model anomalies are calculated based on the individual
model climatologies, so results are comparing anomaly
patterns associated with days assigned to each node, but
do not indicate if the model has an overall warm or cold
bias relative to MERRA-2. The results in Fig. 3a provide
a physical connection between the SOM nodes in Fig. 2a
and surface meteorology. For example, the inland trough
in N4 corresponds to widespread cold anomalies across the
region while the broad ridge of N11 is associated with widespread warm anomalies. N1 shows warm anomalies over
land, on the downstream side of the offshore trough, where
southwesterly flow in the mid-levels is likely driving warm
air advection. These relationships are physically consistent
with dynamical expectations and correspond to the results
in Loikith et al. (2017).
Models are generally able to reproduce the primary temperature anomaly patterns associated with each node with
reasonable accuracy, meaning that the placement and magnitude of model temperature anomaly patterns is a close
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Fig. 2 (a) MERRA2 DJF SOM. Solid contours are Z500 (every 60 m, bold at 5600 m), color fill shows Z500 anomalies in meters. The number
above each panel indicates the SOM node number. The SOM is trained on the Z500 anomaly data, but the mean Z500 total field values for all days
assigned to each node are provided with the black contours; (b) As in (a) but for the 25-member CMIP6 pseudo-SOM. Results are the MMEM of
the 25 models; (c) Normalized RMSE between model node patterns and MERRA-2 node patterns. RMSE is normalized by the spatial standard
deviation of the MERRA-2 node pattern; (d) Frequency of occurrence difference between model nodes and MERRA-2 nodes as an absolute difference in percentage. Values above each column are historical pattern frequencies from MERRA-2 in percent of all days

visual match to MERRA-2 patterns. However, there are
some differences. For example, the MMEM shows colder
anomalies over interior western Canada for days assigned
to N1 and N2, as well as over the Intermountain West for
days assigned to N8. The warm anomalies associated with
days assigned to N10 and N12 are warmer in the MMEM.
While these differences are subtle, they may suggest that
the MMEM is too warm for days associated with ridges and
too cold for days associated with troughs. Biases tend to
also be larger farther north, as in N1 and N12, which are
colder and warmer than MERRA-2 in the MMEM anomalies, respectively.
Figure 3c shows that there is a range of RMSEs, with
some systematic differences across nodes and models. Relatively high RMSE is apparent for N1, characterized by a deep
trough over the Pacific. Here, the model N1 shows notable
differences primarily on the northern part of the domain
where the cold anomalies cover a greater spatial extent and
are stronger in magnitude than in MERRA-2. Some models
also have relatively high error in N9, a pattern of relatively

13

weak temperature anomalies and fairly low Z500 error.
While the models do not generally show systematic errors
across nodes, CESM2 and MRI-ESM2-0 stand out as having overall low RMSEs while IPSL-CM6A-LR stands out
as having the largest. The relatively large normalized RMSE
compared to Z500 results is to be expected, as slight differences in the model circulation patterns produce spatial
differences in temperature anomalies. Apart from N1, more
than 50% of models in each node have a normalized error of
1 or less. These results lend credibility to the CMIP6 models as they are able to realistically simulate the connection
between large-scale circulation and surface temperature.
These results also support the pseudo-SOM approach as a
reasonable way to evaluate the ability of the CMIP6 models
to simulate the range of Z500 anomaly patterns, since the
CMIP6 T2m anomaly patterns are not directly constrained
to the MERRA-2 anomaly patterns and yet they are still
very similar.

CMIP6 model fidelity at simulating large-scale atmospheric circulation patterns and associated temperature…

4.1.3 DJF Precipitation Anomalies

Fig. 4 (a) DJF MERRA-2 composite mean of precipitation anomalies for days assigned to each node. Anomalies are plotted as a percent of the long term mean such that a value of 100% corresponds to
an anomaly of 0.; (b) Same as in (a) except for 23-member CMIP6
pseudo-SOM nodes. (c) Normalized RMSE between the CMIP6 and
MERRA-2 precipitation anomaly patterns for each node. RMSE is
normalized by standard deviation of MERRA-2 patterns

Similar to Fig. 3 for T2m anomalies, Fig. 4 shows results for

precipitation anomalies. Results show that models are able

Fig. 3 (a) DJF MERRA-2 composite mean of T2m anomalies (°C)
for all days assigned to each node. (b) Same as in (a) except for the
21-member CMIP6 pseudo-SOM nodes; (c) Normalized RMSE
between the CMIP6 and the MERRA-2 temperature node patterns
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Fig. 5 Probability (y-axis) of each node pattern persisting for one through six or more days (x-axis) for MERRA-2 (red dot) and CMIP6 (black
dots) in DJF. Model interquartile range is shown with bars, and the model median is shown with a blue x

to reproduce the primary spatial patterns and magnitudes of
precipitation anomalies associated with individual nodes
with reasonable fidelity, meaning that there is a strong visual
match in precipitation anomaly patterns between MERRA-2
and CMIP6 models. Although a careful inspection reveals
that some nodes show considerable differences, most nodes
closely resemble the MERRA-2 patterns. For example, a
small dry bias in patterns associated with wet anomalies,
as in N1-N3 over California and Nevada, is apparent. N2
shows relatively high RMSE in Fig. 4c across most models
as well. Areas and nodes corresponding to dry patterns associated with ridging are captured with relatively small error,
on average, as in N4 (over British Columbia especially),
N8, and N12. N5 and N7 show the largest RMSE of the
nodes across all models, however, visually the two patterns
still closely resemble MERRA-2. Apart from N7, more than
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50% of models in each node have a normalized error of 0.6
or less. We do note that models with higher native resolution
(Table 1) tend to have lower RMSE than coarser models,
which is unsurprising considering the importance of local
topography on precipitation across the region. Overall, these
results should boost confidence in the ability of the CMIP6
models to simulate future precipitation change, at least at
these larger spatial scales, over the region and support the
use of Z500 circulation patterns as a reasonable proxy for
associated precipitation.
4.1.4 DJF pattern persistence
Figure 5 shows how likely it is for each pattern to persist for one through six or more consecutive days for
MERRA-2 and the CMIP6 models. The most common
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Fig. 6 Same as in Fig. 2 except for JJA, and the bold contour in (a) and (b) is at 5780 m

number of consecutive days is one for all nodes but N12. In
other words, it is more common for a day to be assigned to
a node for one day, with the following day being assigned
to a different node. The probability of multi-day consecutive node assignment sequences decreases with the length
of the sequence, in most cases, with sequences of six or
more days occurring rarely. However, some nodes show
a preference for greater persistence than others. N12, for
example, has a relatively high probability of multi-day
sequences, likely reflecting blocking ridge events. On the
other hand, N6 days appear to be part of a more progressive
synoptic pattern, with multi-day sequences of days assigned
to N6 being relatively rare. The CMIP6 models generally
match the relative probabilities of multi-day consecutive
sequences from MERRA-2, although there are some differences. For instance, MERRA-2 shows a higher probability
of two-day sequences for N12 than single day sequences,

while the models generally show the opposite. The CMIP6
models match the probability distribution of MERRA-2 the
most closely for N2, N4, N5, and N9. The broad agreement
between the CMIP6 models and MERRA-2 on pattern persistence further indicates that the models simulate realistic
synoptic climatology, although where differences in persistence do exist, further investigation into node-to-node transitions may yield further insight into the cause.

4.2 Large-scale circulation patterns – summer (JJA)
4.2.1 JJA Z500 Pattern evaluation
Figure 1 confirms that the CMIP6 MMEM captures the primary features of the mean JJA Z500 climatology. The range
and character of the JJA Z500 anomaly patterns within
this climatology differ from the other seasons (Fig. 6). The
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Fig. 7 Same as in Fig. 3 except for JJA

overall magnitude of anomalies is smaller, reflecting weaker
Z500 variability in summer. The predominance of lowamplitude patterns, relative to the other seasons, is evident
with the low-magnitude anomaly patterns of N7 and N10
showing the highest frequency of occurrence. Conversely,
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N9 and N12, patterns with stronger Z500 anomalies,
account for only 5% and 6.3% of patterns, respectively. The
uncommon occurrence of N9, a pattern that is indicative of
midlatitude cyclones, is evidence of the less common passage of synoptic scale storms in JJA compared with DJF.
Despite the different character of the range of Z500
anomaly patterns in JJA, the CMIP6 models closely resemble the MERRA-2 SOM. Some differences in anomaly
amplitude are evident, however. For example, MERRA-2
negative anomalies are stronger than for the MMEM in N1,
N2, and N9, all patterns characterized by negative Z500
anomalies. On the other hand, the ridge in N12, centered to
the west of central British Columbia, is slightly weaker in
the MMEM than MERRA-2. The lower magnitude of Z500
anomalies in many of the more amplified nodes in CMIP6
compared with MERRA-2 may result from more variability
in the individual model node patterns, reducing the anomaly
magnitude when averaged over the 25 models. However,
the differences are still small for the MMEM and for individual models (Fig. 6c).
Model RMSE values are relatively small, with a range of
values across models and nodes. While the model mean representation of patterns closely resembles MERRA-2, some
individual models exhibit larger errors than others. While
no particular node or pattern type stands out as being simulated with substantially lower fidelity than the other nodes,
there are some models that have relatively large RMSE. In
particular, MIROC-ES2L stands out as having relatively
large RMSEs across the nodes, and to a lesser degree, BCCCSM2-MR, INM-CM4-8, INM-CM5-0, and IPSL-CM6ALR. MPI-ESM1-2-HR, MRI-ESM2-0, and GFDL-CM4
have the lowest RMSE. More than 50% and 75% of cases
have a normalized RMSE of 0.3 and 0.4 or less, respectively.
Models do exhibit relatively high frequency errors, with
some models over- or under-simulating node frequency by
as much as 10% (Fig. 6d). N1, a relatively rare pattern, is
largely underrepresented in models. Conversely, N7 and
N10, characterized by a relatively weak Z500 gradient and
zonal flow are overrepresented. The possibility that these
weak gradient patterns are functioning as “catch-all” patterns is explored in Sect. 5. In general, patterns with strong
anomalies and meridional flow, as in N1, N8, N9 and N12,
are underrepresented, while patterns with weak anomalies
and gradients, as in N7 and N10, are overrepresented, suggesting that the models may have difficulty in reproducing
the more amplified flow patterns which are not a defining,
but still present, aspect of PNW summers. The general consistency in the underrepresented or overrepresented sets of
nodes across the model ensemble is unique to JJA.
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Z500 ridges and match the patterns identified in Loikith et
al. (2017) and Brewer and Mass (2016) as being most commonly associated with extreme heat. Conversely, troughs
in N3, N4, and N8 are associated with the coolest anomalies. The models broadly represent the MERRA-2 JJA T2m
anomaly patterns well, however, the general pattern of
bias is for the MMEM to produce weaker T2m anomalies
than MERRA-2 overall, consistent with the corresponding
weaker Z500 anomalies. This is apparent in patterns associated with anomalous cold (N3, N4, and N8) and in patterns
associated with anomalous warmth, (N6, N9, and N12).
The individual models exhibit generally smaller RMSE
than in other seasons (Fig. 7c). The temperature pattern with
the highest error across models is N1, a pattern of anomalous cold across the PNW. Apart from N1, more than 50%
of models in each node have a normalized error of 0.7 or
less. While MERRA-2 produces anomalous warmth in
the Intermountain West in this pattern, the MMEM shows
near average temperatures inland. There do not appear to
be any systemic biases, and the generally strong agreement
between the models and MERRA-2 for JJA temperature
anomalies is particularly promising for confidence in future
projections considering the importance of extreme summer
heat under continued climate warming.
4.2.3 JJA precipitation anomalies

Fig. 8 Same as in Fig. 4 except for JJA

4.2.2 JJA temperature anomalies
N6 and N9 stand out as the nodes associated with the most
positive JJA temperature anomalies (Fig. 7a), and consequently would be associated with heatwaves across the
region. These warm anomalies are associated with strong

Precipitation is rare across most of the study domain in JJA,
especially during July and August. However, summer precipitation is more common in the northern portion of the
domain, and June precipitation can be important for preventing an early onset of wildfire season and can provide a boost
to water resources. Additionally, while rare, mid- and latesummer rains are important for reducing fire risk (Holden
et al. 2018). Cutoff lows contribute significantly to summer
rainfall in the PNW (Abatzoglou 2016), which could be a
challenging target for the relatively coarse resolution models being evaluated here. Nonetheless, the CMIP6 models
reproduce the MERRA-2 precipitation-node associations
with reasonable fidelity, albeit with some notable differences in anomaly magnitude (Fig. 8). It is worth noting that
since much of the analysis area is in meteorological drought
during JJA, large percentages in precipitation anomalies
may correspond to relatively small absolute anomalies. The
MMEM produces drier anomalies than MERRA-2 in patterns associated with wetter than average conditions, such
as N3 and N4, Z500 trough patterns. Conversely, N6, N7,
N10, and N12, patterns historically associated with drier
than average to average conditions over the coast, show
wetter anomalies in the MMEM than in MERRA-2. The
quantification of model error (Fig. 8c) shows a range of
model skill at capturing precipitation anomaly patterns. N11
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Fig. 9 As in Fig. 5, but for JJA

and N12, dry nodes, stand out with relatively large error,
both of which the MMEM tends to associate with weaker
dry anomalies than MERRA-2. Apart from N11 and N12,
more than 50% of models in each node have a normalized
error of 0.7 or less. It is worth noting that ACCESS-CM2,
EC-Earth3, and GFDL-CM4 stand out as having systematically low error relative to the other models, while no model
stands out as having especially large RMSE. The relationship between model native resolution and error is not as
strong as in DJF.
4.2.4 JJA pattern persistence
Figure 9 shows the probability distributions of single and
multi-day sequences of node assignments for JJA. While
most nodes show decreasing probability with increasing sequence length in both MERRA-2 and CMIP6, there
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are some interesting exceptions. N9 exhibits relatively
high probability of multi-day sequences of occurrence in
MERRA-2, although the CMIP6 models do not reflect this.
N12 shows similar behavior. Both N9 and N12 are characterized by strong Z500 anomalies and both are associated
with warm temperatures anomalies across the region. The
preference towards multi-day sequences in MERRA-2 for
these nodes supports these patterns being associated with
heat waves over parts of the region. The inability of most
CMIP6 models to capture this preferred persistence for
these nodes is interesting, and may be important for fidelity of model projections of heat event duration. The other
nodes generally show good agreement between MERRA-2
and CMIP6.
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Fig. 10 DJF pseudo-SOMs for (a) CESM2-WACCM and (b) BCC-CSM2-MR. Z500 anomalies are shown with color shading and the composite
mean Z500 total field is for all days assigned to each node is contoured as in Fig. 2. The numbers above each node map are the RMSE value computed between the displayed node pattern and the corresponding MERRA-2 node pattern, as in the portrait diagram in Fig. 2c. The model-SOM
for each model is shown in panels (c) and (d)

5 Individual model representation by the
Pseudo-SOM
One potential limitation to the pseudo-SOM approach is
that each model day must be assigned to one of the MERRA-2
defined nodes. In theory, this could obscure model patterns
that are not represented in the 12-node reference-SOM.
One way to assess whether this might be occurring would
be to construct a separate SOM for each model, (a “modelSOM”), and compare the model-SOMs with the referenceSOM in Figs. 2a and 6a. However, the model-SOMs would
likely have different node ordering, and possibly different
node patterns, than the reference-SOM, limiting our ability
to apply a systematic evaluation across the models (hence
the use of the pseudo-SOM approach). So, rather than produce separate SOMs for each model, here we qualitatively
compare model-SOMs for a selection of models to their
corresponding pseudo-SOM to assess the robustness of the
pseudo-SOM approach. By producing SOMs directly on

model data, we increase confidence that model climatology
does match that of MERRA-2 reasonably well.
Figure 10 shows the DJF pseudo-SOM and model-SOMs
for CESM2-WACCM and BCC-CSM2-MR, two models with relatively low and high RMSE, respectively (see
Fig. 2c). The model-SOM nodes have been reordered manually to provide the easiest visual comparison between the
model-SOM and pseudo-SOM since the SOM output from
the models does not necessarily order nodes the same way
as the MERRA-2 reference-SOM. This different ordering is
not physically meaningful and is an artifact of the algorithm.
Even though the RMSE for the 12 nodes in the CESMWACCM pseudo-SOM is consistently lower than for BCCCSM2-MR, a visual comparison of the two pseudo-SOMs
shows considerable similarities in node pattern structure.
To assess whether the pseudo-SOM approach is obscuring important differences between the models and MERRA2, we compare the model-SOMs to the pseudo-SOM
(bottom and top panels in Fig. 10, respectively). While
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Fig. 11 Interquartile range and median (red marker) of correlation coefficients between daily Z500 anomaly model patterns and the reference-SOM
pattern that day is assigned to by the pseudo-SOM process. Letter labels correspond to the CMIP6 models listed in Table 1

anomaly magnitudes in the model-SOMs are at times different from the pseudo-SOM patterns, neither CESM2WACCM nor BCC-CSM2-MR produces a node pattern
that does not have a close match with a corresponding
pseudo-SOM node. However, N8 in the BCC-CSM2-MR
model-SOM (Fig. 10d) is a ridge and trough pattern with
different East/West placement than its pseudo-SOM counterpart. These results support the pseudo-SOM approach as
appropriate for our evaluation objectives, although the different pattern noted in BCC-CSM2-MR is evidence that the
pseudo-SOM methodology may obscure some differences
between the models and MERRA-2 climatologies. Confidence in the methodology is further boosted by the close
match between the pseudo-SOM and model-SOM T2m and
precipitation anomaly composites for each node for both
models in Figures S7 and S8, respectively.
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Additionally, we compare daily model Z500 anomaly
patterns to reference-SOM patterns. As outlined in Sect. 2,
the pseudo-SOM process matches daily model input data to
reference-SOM nodes and averages that daily data to create
the pseudo-SOM nodes. Thus, every model day is assigned
to one of the 12 nodes, based on minimum Euclidean distance, and each pseudo-SOM node is the composite of this
daily data. In order to test whether this process is effectively
reducing high dimensional model data into representative patterns, or simply averaging highly varied data into
composites, we compare the pattern correlation coefficient
of each model day Z500 anomaly pattern to the referenceSOM node it is assigned to. If the model data assigned to
each node is highly correlated with the reference pattern,
we will have more confidence that the pseudo-SOM node
patterns are representative of the underlying data.
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Fig. 12 Same as Fig. 10, except for JJA, using MPI-ESM1-2-HR and MIROC-ES2L

Figure 11 shows the pattern correlation coefficients
between each model day and the reference-SOM pattern
that day is assigned to. The majority of nodes and models have median correlation coefficients of 0.75 or higher,
meaning that at least half of all model days assigned to each
pattern have a correlation coefficient of at least 0.75. Additionally, the interquartile range generally does not extend
below 0.6. Some exceptions are found with N1 and N11.
Given the highly varied dataset of Z500 anomalies, we consider these positive correlations of 0.6 and upwards to show
a strong spatial similarity, indicating that the pseudo-SOM
node patterns are representative of the underlying input data.
Furthermore, a similar analysis performed on randomly
assigned days produces correlation coefficients centered on
0. While the correlations coefficients show some variance,
this is to be expected as this method transforms high dimensional data into a much smaller set of representative patterns. As outlined in the methodology section, choosing the
number of SOM nodes is a balance between interpretability
and capturing the full range of synoptic patterns. A larger

number of nodes would likely result in higher correlations,
to the detriment of interpretability.
Figure 12 shows results for two models in JJA in the
same way as in Fig. 10 except that the low RMSE model
is MPI-ESM1-2-HR and the high RMSE model is MIROCES2L. Qualitatively, the two pseudo-SOMs (top panels)
are similar to each other and in turn similar to the reference-SOM. However, MIROC-ES2L shows larger RMSE
for individual nodes, mostly due to differences in anomaly
magnitude. The model-SOMs (bottom panels) also mostly
match the pseudo-SOMs for both models, although some
differences are apparent. For example, N5 for the MPIESM1-2-HR SOM does not have a clear node pattern match
in the MPI-ESM1-2-HR pseudo-SOM. For MIROC-ES2L,
N11 and N12 in the pseudo-SOM do not closely match a
corresponding pattern in the model-SOM. This suggests
that, based on these two models, the pseudo-SOM approach
may obscure some differences in Z500 pattern climatology
for JJA. Not surprisingly, these differences are larger for the
high RMSE example than the low. Additionally, the T2m
and precipitation anomaly node composites show notable
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Fig. 13 Same as Fig. 11, but for JJA

differences between the pseudo- and model-SOMs for the
above-mentioned nodes in Figures S9 and S10, respectively.
Similar analysis was conducted for MAM and SON;
however, we do not go into detail on the results as they convey similar messages as the DJF and JJA results. Namely,
for both transition seasons, the model SOMs largely resemble the pseudo-SOMs both for the Z500 anomaly node patterns and the associated T2m and precipitation anomalies.
Overall, these results support the utility of the pseudo-SOM
approach, but also suggest that some models with relatively
large errors may simulate Z500 anomaly patterns that are
not perfectly represented in MERRA-2.
Figure 13 shows the correlation coefficients between the
daily JJA model Z500 anomaly data and each referenceSOM pattern. As for DJF, the median correlation coefficients are generally 0.75 or higher, with some exceptions
(N7, N10, and N11). The Z500 anomaly patterns of N7 and
N10 (Fig. 6) in particular are relatively weak anomalies
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with shallow gradients – these patterns may be functioning
as a “catch-all” for model patterns that are less correlated
with the stronger anomaly patterns. This result aligns with
the findings that N7 and N10 are generally overrepresented
by models (Fig. 6d), which will lead to a larger variability of pattern correlations with the reference pattern. However, given the generally high level of correlation between
model patterns and reference patterns, this result gives us
more confidence that the method of creating pseudo-SOMs
is representing the model data well. It also indicates that the
differences between pseudo-SOMs and reference-SOMs are
a meaningful metric to quantify model performance.

6 Summary & conclusion
The overarching conclusion of this study is that the CMIP6
models are broadly capable of simulating the range of
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observed Z500 anomaly patterns over the PNW region. Furthermore, the CMIP6 models produce realistic temperature
and precipitation anomaly patterns associated with the Z500
anomaly patterns identified. Together, these results support the use of CMIP6 models for studying many aspects
of climate change over the region, as variability in midtropospheric circulation is associated with a wide range of
important climate variables. To summarize how we arrived
at this conclusion, we used a novel application of the SOM
approach to elucidate the range of Z500 anomaly patterns
in MERRA-2 reanalysis and 25 CMIP6 modes. This was
accomplished by constructing a 12-node reference-SOM
from reanalysis data, and a 12-node pseudo-SOM for each
model and comparing the two sets of pattern structure and
frequency of occurrence. While some models and some
nodes were found to better resemble the reanalysis in each
season, overall, the CMIP6 Z500 anomaly patterns closely
resembled the reanalysis patterns and no single model or
models stand out as having systematic errors.
While the model performance was good overall, model
bias in pattern structure, frequency, and associated temperature and precipitation anomalies was identified. Error
may stem from several causes. For example, precipitation
anomalies may differ because of horizontal and/or vertical
resolution (Khadka et al. 2021), simulated moisture flux,
or differences in parameterization of phenomena on a scale
smaller than the model grid (Rupp et al. 2013). Temperature
biases may be related to errors in land-atmosphere interaction in the summer (Mueller and Seneviratne 2013) which
could relate to model native resolution, although we did not
find a strong link between resolution and temperature bias.
Model bias in Z500 patterns may originate from multiple
local and remote causes such as biases in model energy budgets (Wild et al. 2015), sea-ice-atmosphere dynamics issues
(Budikova 2009), or poor representation of remote teleconnections (Zadra et al. 2018) to name a few.
While we did not compare results to CMIP5, previous
research has shown an improvement between CMIP6 and
CMIP5 in models’ abilities to simulate large-scale circulation: Fabiano et al. (2021) where large patterns of Z500
were evaluated over northern latitudes; Harvey et al. (2019)
which found that CMIP6 models better capture Northern Hemisphere storm tracks and jet stream than CMIP5;
Fernandez-Granja et al. (2021) which found generally
improved results in simulating circulation patterns over
Europe in CMIP6 compared to CMIP5, and Cannon (2020)
which found a reduction in error simulating continent-scale
circulation patterns in CMIP6 compared to CMIP5. Additionally, Agel and Barlow (2020) also found that the CMIP6
models represented large scale circulation patterns well over
the northeastern US, although without significant improvement from CMIP5 to CMIP6.

Some potential caveats are worth noting. First, the
pseudo-SOM approach necessitates that every daily Z500
anomaly pattern in CMIP6 models is assigned to one of the
12 reanalysis-defined nodes. Section 5 addresses this potential source of methodological uncertainty. The results suggest that the pseudo-SOM approach does provide a robust
basis for model evaluation. Second, the choice of 12 nodes
is a balance between capturing the full range of possibilities and maintaining interpretability. In order to capture
exceptionally extreme Z500 anomaly patterns, which are
often associated with the most significant impacts, one
would likely have to include a larger number of nodes.
For example, the June 2021 PNW heatwave consisted of
an exceptional positive Z500 anomaly, a pattern which is
not precisely captured by any of the JJA patterns. Therefore,
extensions of this approach for extreme events would benefit from additional consideration in order to properly realize extreme patterns. Third, a potential source of uncertainty
that we haven’t investigated here is the choice of a reference
dataset. While the fidelity of MERRA-2 has been widely
demonstrated, the potential for slightly different evaluation
results if a different reanalysis product were used cannot be
ruled out. Fourth, our use of model anomalies calculated
by removing the models’ own climatology may obscure
systematic biases in CMIP6 Z500. While Fig. 1 partially
addresses this, a full analysis of Z500 biases was not undertaken. To test whether this would alter our conclusions, we
created model anomalies by removing the MERRA2 climatology for each model and repeated the initial analysis and
found little difference in the patterns produced which suggests that any systematic Z500 bias is unlikely to strongly
influence our results.
Beyond this current evaluation study, we have established credibility in the CMIP6 ensemble for simulating
future changes in large-scale circulation and associated temperature and precipitation anomalies. Assessing changes in
the frequency, configuration, and magnitude of the anomaly
patterns identified here would both help diagnose changes
in temperature, precipitation, or other quantities influenced
by atmospheric circulation, and avoid the scale limitations
imposed by the relatively coarse resolution of most of the
CMIP6 models. This would be particularly beneficial over
places with highly influential, but poorly resolved, topography. Other regions could benefit from this approach to
diagnose and build a better process-level understanding of
model fidelity and to gain a better understanding of climate
change projections.
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