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ABSTRACT

Forecast skills of numerical weather prediction (NWP) models and intrinsic predictability can be flow-dependent, e.g., different among
weather regimes. Here, we have examined the predictability of distinct Pacific-North American weather regimes in June-September. Four
weather regimes are identified using a self-organizing map analysis of daily 500-hPa geopotential height anomalies, and are shown to have
distinct and coherent links to near-surface temperature and precipitation anomalies over the North American continent. The 4 to 14-day
forecast skills of these 4 regimes are quantified for the ECMWF and the NCEP models (from the TIGGE project) and the Global Ensemble
Forecast System (GEFS). Based on anomaly correlation coefficient, persistence, and transition frequency, the highest forecast skills are
consistently found for regime 3 (Arctic high). In general, the least skillful forecasts are for regime 1 (Pacific trough). The instantaneous local
dimension and persistence of each regime are computed using a dynamical systems-based analysis. The local dimension and persistence
are indicators of intrinsic predictability. This analysis robustly shows that regime 3 has the highest intrinsic predictability. The analysis
also suggests that overall, regime 1 has the lowest intrinsic predictability. These findings are consistent with the high (low) forecast skills
of NWP models for regime 3 (regime 1). Weather regime 1 is associated with above-normal temperature and precipitation anomalies over
western North America and around the Gulf of Mexico region, indicating potentially important implications for the poor predictability of
this regime. The dynamical systems analysis suggests that better estimates of initial conditions might improve the forecasts of this regime.
.

1. Introduction

Because of the chaotic nature of the midlatitude large-
scale circulation, the forecast skills of numerical weather
prediction (NWP) models can be flow-dependent. As a re-
sult, the high (low) forecast skills for a flow pattern might
be due to its high (low) intrinsic predictability (Lorenz
1996; Ferranti et al. 2015; Faranda et al. 2017b). Low
forecast skills can also be due to model errors (e.g., in-
correct representation of physical processes, inadequate
numerical resolution), which can disproportionally affect
some flow patterns more (Dawson et al. 2012; Weisheimer
et al. 2019; Strommen and Palmer 2019; Hannachi and
Iqbal 2019). In recent years, there has been a growing
interest in studying the flow-dependent predictability of
the midlatitude circulation using a few distinct patterns
obtained from clustering fields such as daily geopotential
height at 500 hPa (Z500 hereafter). These clusters of-
ten represent recurrent, persistent flow anomalies that are
thought to be connected to preferred regions in the cir-
culation’s phase-space and referred to as weather regimes
(e.g., Mo and Ghil 1988; Vautard 1990; Michelangeli et al.
1995; Robertson and Ghil 1999; Casola andWallace 2007;
Cassou 2008; Ferranti et al. 2015). Furthermore, various
studies have established connections between these distinct
weather regimes and specific surface weather and extreme
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events, indicating the benefits of studying predictability
in the context of a few weather regimes (e.g., Yiou et al.
2008; Robertson et al. 2015; Vigaud et al. 2017, 2019;
Amini and Straus 2019; van der Wiel et al. 2019; Pasquier
et al. 2019; Chattopadhyay et al. 2020b; Gibson et al. 2020;
Hassanzadeh et al. 2020; Robertson et al. 2020).

The North Atlantic weather regimes have been exten-
sively studied in the past (Vautard 1990; Michelangeli
et al. 1995; Yiou et al. 2008; Cassou 2008; Woollings
et al. 2010; Michel and Rivière 2011; Ferranti et al. 2015;
Matsueda and Palmer 2018; Ferranti et al. 2018; Falkena
et al. 2020; Fabiano et al. 2021). In winters, most stud-
ies have identified 4 distinct regimes in this sector: the
positive and negative phases of the North Atlantic Oscil-
lation (NAO), Atlantic Ridge, and Scandinavian Block-
ing. The flow is fairly zonal in the two phases of NAO
(southward shifted in the negative phase), while the flow
is non-zonal (blocked) over the North Atlantic Ocean and
Northern Europe in the Atlantic Ridge and Scandinavian
Blocking regimes, respectively. Using daily Z500 from the
2007-2012 European Centre for Medium-range Weather
Forecast (ECMWF) operational ensemble forecasts, Fer-
ranti et al. (2015) examined the 5 to 15-day forecast skills
in the context of these 4weather regimes. Overall, based on
anomaly correlation coefficient (ACC) values, they found
higher forecast skills for both phases of NAO compared
to the Blocking and Atlantic Ridge regimes. More specif-
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ically, their analysis showed that forecasts started during
the negative phase of NAO have the highest skill beyond
10 days, and that the least skillful forecasts are associated
with missing the transition to the blocked flows. They
also found that forecasts underestimate and overestimate
the persistence of blocked and zonal flows, respectively.

More recently, Faranda et al. (2017b) have provided an
explanation for the poor predictability of blocked flows
reported by Ferranti et al. (2015). Using a novel dynam-
ical systems-based analysis (Lucarini et al. 2016), they
computed, for each weather regime, the local dimension d
and persistence θ−1, which are indicators of the regime’s
intrinsic predictability. d is the chaotic attractor’s local
(in phase-space) dimension and quantifies the complexity
of a given state–in this case, a weather regime (Freitas
et al. 2010; Lucarini et al. 2012; Faranda et al. 2017b).
θ−1 measures the persistence (i.e., stability) of trajectories
around a given state (Freitas et al. 2010; Lucarini et al.
2012). Faranda et al. (2017b) found that blocked flows
have higher dimensions and are less stable (i.e., higher
d and θ values) compared to the zonal flows, indicating
lower intrinsic predictability for the Blocking and Atlantic
Ridge regimes. These findings suggested that the low
predictability of blocked flows reported by Ferranti et al.
(2015) was, at least partially, due to the blocked flows’ low
intrinsic predictability. Together, these results show the
benefits of combining the flow-dependent and dynamical
systems analyses in examining the large-scale circulation
predictability. It should be mentioned that this dynamical
systems-based analysis has also been used in a number of
other recent papers to study various aspects of the midlat-
itude circulation and climate system (e.g., Messori et al.
2017; Faranda et al. 2017a; Robin et al. 2017; Rodrigues
et al. 2018; Buschow and Friederichs 2018; Messori et al.
2018; Faranda et al. 2019a,b;Hochman et al. 2019;Brunetti
et al. 2019; De Luca et al. 2020).

Unlike the North Atlantic-European sector, the weather
regimes of North Pacific-North America have received
much less attention, and mostly studied in wintertimes
(Robertson andGhil 1999; Straus andMolteni 2004; Straus
et al. 2007; Casola andWallace 2007; Stan and Straus 2007;
Riddle et al. 2013; Robertson et al. 2015, 2020; Fabiano
et al. 2021). Using daily Z500 from the 1995âĂŞ2014
ECMWF 11-member reforecasts in the S2S database (Vi-
tart et al. 2017), Vigaud et al. (2018) studied the pre-
dictability of the wintertime weather regimes over North
America for up to 4-weeks. Based on ACC values, they
found the highest skill for forecasts started in the regime re-
sembling the negative phase of the Pacific-North American
teleconnection pattern (PNA).

In summers of North Pacific-North America, a number
of studies have identified specific circulation patterns as-
sociated with significant impacts on surface weather and
extreme events, such as heat waves and droughts (e.g.,
Chang and Wallace 1987; Vavrus et al. 2017; Zheng and

Wang 2019). However, to the best of our knowledge, there
has not been any work focused on the flow-dependent and
dynamical systems analyses of the predictability of the
North Pacific-North American summertime circulation at
the medium-range timescales.

In this paper, we present the results of such investiga-
tion. Wewill first identifyweather regimes over the Pacific-
NorthAmerican sector during the extended summer season
(June-September) using self-organizing maps (SOMs) for
clustering analysis. To show the impact of these weather
regimes, we will demonstrate that distinct and coherent
patterns in surface temperature and precipitation over the
NorthAmerican continent are associatedwith each regime.
We will also show connections between each regime and
specific phases of the Madden-Julian Oscillation (MJO).
Then, using forecasts from 3 NWP models, we will quan-
tify the 4 to 14-day predictability of each regime. Finally,
we will compare the d and θ of these regimes and examine
connections between the intrinsic predictability of weather
regimes and the forecast skills in the NWP models.

The remainder of this paper is structured as follows.
Data and methods are described in Section 2. In Section
3, the identified weather regimes and their impacts are
analyzed. In Section 4, the skills for forecasts initiated in
each regime and during regime transitions are quantified
followed by the dynamical systems analysis. Final remarks
and conclusions are in Section 5.

2. Data and methods

a. Reanalysis datasets

Weather regimes over the North Pacific-North Ameri-
can sector (0-90◦N and 150◦E-60◦W) are examined in the
extended summer season (June-September) during 1979-
2018 using daily Z500 patterns. Here we use two different
reanalysis datasets: ECMWF’s ERA-Interim (Dee et al.
2011) and NCEP-DOE (Kanamitsu et al. 2002). ERA-
Interim has a spatial resolution of 0.75◦×0.75◦ and NCEP-
DOE has a resolution of 2.5◦×2.5◦. Impacts of the identi-
fied weather regimes are analyzed using daily 2-meter air
temperature (T2m) and precipitation rate from both reanal-
ysis datasets. Anomalies for these variables are calculated
by removing the climatological mean, defined as the 31-
day running-mean centered around that calendar date and
averaged over all years (Nabizadeh et al. 2019).

b. Numerical weather prediction (NWP) models

Forecast skills for summertime weather regimes are as-
sessed in three different medium-range NWPmodels in the
2008-2018 period. Two models are chosen from THOR-
PEX1 International Grand Global Ensemble (TIGGE)
project (Bougeault et al. 2010). One of the models is
from ECMWF with 51 members and the other one is from
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the National Centers for Environmental Prediction (NCEP)
with 21 members. The ECMWF model has a horizontal
resolution of 0.28◦ × 0.28◦ up to day 10 of the forecast;
afterwards, the resolution is reduced to 0.56◦×0.56◦. The
NCEP-TIGGE model has a resolution of 0.7◦ ×0.7◦ up to
day 8, then the resolution is reduced to 0.95◦ ×0.95◦. We
have chosen these two models because they, in particular
the one from ECMWF, have been shown to provide bet-
ter predictions compared to the other models in the TIGGE
project (Swinbank et al. 2016). The third NWPmodel used
in this study is the 2nd generation NOAAGlobal Ensemble
Forecast System (GEFS; Hamill et al. 2013). The GEFS
11-member ensemble reforecast is produced by NCEP us-
ing the same resolution as that of the TIGGE-NCEPmodel.
In these reforecasts, the diagnosed errors from the past fore-
casts have been corrected (Hamill et al. 2013). These three
models are among the NWP models used by Matsueda
and Palmer (2018) to study the predictability of weather
regimes over the North Atlantic sector and are freely avail-
able for public access (see the Data availability statement).

c. Clustering analysis

To identify summertime weather regimes in the reanaly-
sis data, we have applied SOM clustering analysis (Koho-
nen 2012) to the daily Z500 anomalies. SOM is an artificial
neural network that has been extensively used to classify
climate data (e.g., Johnson et al. 2008; Lee and Feldstein
2013; Horton et al. 2015; Singh et al. 2016; Gervais et al.
2020; Hassanzadeh et al. 2020). It should be mentioned
that there are a variety of methods that have been used
for clustering weather patterns and it is not clear if any
is better than the rest (e.g., see Mo and Ghil 1988; Ghil
and Robertson 2002; Robertson andMechoso 2003; Ashok
et al. 2017; Sahai et al. 2017; Straus 2018; Chattopadhyay
et al. 2020a, and references therein). At least in one recent
study, Bao and Wallace (2015) concluded that the flow
regimes derived from SOM analysis are more distinctive
and more robust than those obtained usingWard’s method,
which is a type of hierarchical clustering method.

Here, we have clustered the data into four distinguishable
regimes using a map of 4 by 1 nodes. The results remain
the same with different map configurations such as 1 by
4 and 2 by 2, where the spatial correlations between two
similar cluster centers in different map configurations are
almost one. Our extensive exploration suggests that the
optimal number of clusters is four as the cluster centers are
distinguishable and physically meaningful (see Section 3);
repetitive patterns appear if we cluster the anomalies into
5 regimes.

d. Predictability metrics

Following Ferranti et al. (2015) and other studies, to
measure and compare the predictability of weather regimes

in the NWPmodels, we compute ACC, which is defined as

ACC =
(ZF −C)× (ZR −C)√
(ZF −C)2×(ZR −C)2

, (1)

for a given day. Then the ACC values of days correspond-
ing to each weather regime are averaged to compute each
regime’s ACC. Here, ZF and ZR are the full-field Z500
patterns from forecast and from reanalysis, respectively;
C is the climatological mean of Z500. Overbars indicate
domain averaging.

Follwoing Ferranti et al. (2015), to determine which
weather regime a forecasted Z500 pattern belongs to, we
compute the root-mean-square error (RMSE) between the
forecasted Z500 anomaly and the cluster center Zc of each
weather regime as

RMSE =
√
[(ZF −C)− Zc]

2. (2)

The minimum RMSE value indicates the regime that the
predicted anomaly belongs to.

e. Dynamical systems analysis: Local dimension and per-
sistence

The instantaneous local dimension d and persistence
θ−1 are computed based on daily Z500 over the North
Pacific-North American sector. d and θ, which are fully
described in Lucarini et al. (2016), measure the intrinsic
predictability of a given state, and can be used to quan-
tify the intrinsic predictability of a weather regime. θ−1

measures the residence time of a trajectory within a small
radius of a state ξ(t). Looking at the two extrema of θ:
if ξ(t) is a fixed-point, then θ(ξ) = 0, while if a trajectory
immediately leaves ξ, then θ(ξ) = 1 (Faranda et al. 2017b).
That means states with higher θ−1 are more stable and per-
sistent: trajectories stay longer in the vicinity of these states
(Faranda et al. 2016). d measures the number of active de-
grees of freedom for a state ξ(t) and is the local dimension
of the chaotic attractor. In this framework, 0 < θ < 1 and
0 < d <∞ can be computed (as described below) for each
state ξ(t). Note that the more familiar attractor dimension
of a system (e.g., 2.06 for Lorenz 63) is the average of all
the d values for all states (Faranda et al. 2017b).

FollowingMessori et al. (2017), each daily Z500 pattern
is treated as a point along a single trajectory. To compute
the instantaneous dynamical properties of the system, the
timeseries of distances between a state of interest ξ, a
given daily Z500 field, and all other states (Z500 samples)
is calculated along the trajectory. The distance between ξ
and daily Z500 at a given time t is computed as

dist(Z(t), ξ) =√
(Z1(t)− ξ1)2+ (Z2(t)− ξ2)2+ ...+ (ZM (t)− ξM )2. (3)
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Here Z represents the Z500 field, and the subscript i indi-
cates the value at grid points i = 1,2, ....M . The timeseries
dist(Z(t), ξ) is then used to calculate d and θ for each state
ξ (see Appendix A for details). d and θ are computed for
all daily Z500 patterns as ξ. Finally, the distributions of d
and θ values for all ξ in each weather regime are computed.

3. The observed weather regimes and their impacts

a. Z500 cluster centers

Figure 1 shows the cluster centers of the identified
weather regimes from the ERA-Interim andNCEP reanaly-
sis datasets. The two reanalysis datasets yield very similar
patterns and frequencies for the 4weather regimes. Regime
1 (C1) consists of Z500 anomalies corresponding closely
to the Pacific trough followed by a ridge over the North
American continent. Regimes 2 (C2) and 3 (C3) con-
sist of meridionally oriented ridge and trough anomalies
representing the Arctic low and Arctic high, respectively.
These regimes, which resemble Rossby wave trains, are
also observed in the winter season (Straus et al. 2007; Vi-
gaud et al. 2018). The last regime (C4) represents Z500
anomalies corresponding to the Alaskan ridge extending to
the west coast of North America with weaker amplitudes.
Table 1 shows the statistics of regime transitions between
two constitutive days. In this table, the highest values are
along the diagonal for both reanalysis datasets, showing
that these regimes are persistent at the daily time scale.

In the following subsections, wewill examine the impact
of each regime using composite analysis of correspond-
ing surface temperature and precipitation rate anomalies.
We will also look at connections between these weather
regimes and MJO.

b. Composited near-surface temperature and precipitation
rate anomalies

Figures 2 and 3 show composites of near-surface tem-
perature and precipitation rate for each weather regime and
for both reanalysis datasets, which yield fairly consistent
results. Regime 1 (C1) is associated with a dipolar tem-
perature anomaly over the North American continent, with
warming over the western and cooling over the eastern
parts (Figs. 2a-b). The precipitation rate that corresponds
to this regime is anomalously high off the west coast of
Canada and over the south-east United States and Gulf of
Mexico (Figs. 3a-b). The precipitation rate is below aver-
age over most of Canada, which is under the high-pressure
anomaly.

The second regime (C2) is associated with a spatially
unequal dipolar temperature anomaly. Consistent with the
location of the low- and high-pressure anomalies, there
is a narrow band of below-average temperature over the
west coast of the United States and Canada, and there is
a broader above-average temperature anomaly over central

and eastern North America (Figs. 2c-d). The precipita-
tion rate associated with this regime is above average over
western and central Canada, but below the average over
substantial parts of the United States (Figs. 3c-d).

The temperature anomaly corresponding to the third
regime (C3) is above average over Alaska, which is under
a high-pressure anomaly, and below average over central
Canada and the western United States, which are under
a low-pressure anomaly (Figs. 2e-f). Rainfall is overall
above average over most of Canada and the United States
but below average over the south-east United States and
Gulf of Mexico (Figs. 3e-f).

The fourth regime (C4) is associated with above-normal
temperature over the western United States and below-
normal temperature over northern Canada. There is a pos-
itive precipitation anomaly over the eastern United States
and Canada, and small or negative precipitation anomalies
over the rest of the North American continent.

Overall, these results show that the identified summer-
time weather regimes correspond to distinct and coherent
temperature and precipitation rate anomalies over theNorth
American continent.

c. MJO teleconnections

It is known that the northern hemisphere extratropical
circulation can be affected by MJO phases with some time
lag (e.g., L’Heureux and Higgins 2008; Johnson and Feld-
stein 2010; Zhang 2013; Schreck et al. 2013; Lee and Grot-
jahn 2019). Following previous studies, we select active
MJO days when the Real-time Multivariate MJO (RMM)
index (Wheeler and Hendon 2004) is greater than or equal
to one. Similar to the approach taken previously (e.g., Ca-
margo et al. 2009; Vitart 2009; Kossin et al. 2010; Lee
and Grotjahn 2019), we group each two consecutive MJO
phases to obtain four phase-pairs: an Indian Ocean phase
(phases 2-3), a Maritime Continent phase (phases 4-5), a
western North Pacific phase (phases 6-7), and a Western
Hemisphere phase (phases 8-1). Lee and Grotjahn (2019)
showed that in summers, with a time lag of 4 to 16 days,
MJO phase-pairs affect extreme weather events over the
western United States.

Figure 4 shows the average frequency of each MJO
phase-pair for 4-10 days before each weather regime (the
results remain the same if the averaging is done over 4-16
days). We see that C1 and C4, which are associated with
warming over California (Fig. 2a-b and g-h), are the dom-
inant regimes after phase-pairs 8-1 and 2-3 (Fig. 4). This
finding is consistent with that of Lee and Grotjahn (2019),
who reported connections between MJO phase-pairs 8-
1 and 2-3 and the California Central Valley heat waves.
Regime 2, which is associated with a cooling anomaly
over the west coast (Fig. 2c-d), has the highest frequency
associated with phase-pair 4-5 (Fig. 4). This is also in
agreement with the results of Lee and Grotjahn (2019),
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Fig. 1. Pacific-North American weather regimes, identified during the extended summer season (JJAS) from 1979 to 2018. The left column
shows the cluster centers from the ERA-Interim reanalysis (ERA), and the right column shows the cluster centers from the NCEP reanalysis. All
shown anomalies are significant at the 95% level based on a two sided Student’s t test. Percentages show the frequency of each cluster.

who have shown that this phase-pair is associated with a
cooling anomaly over the United States west coast. They
also showed that MJO phase-pair 6-7, which is dominantly
related to C3, is associated with a cooling anomaly over
California, though with weaker impacts than phase-pair 4-
5 (this is consistent with the impact of regime 3 in Figs.

2e-f). These connections between the MJO phases and
weather regimes are consistent among the two reanalysis
datasets (Fig. 4).

We can also examine connections of MJO phases with
the weather regimes through the composited precipitation
rate anomalies. Regime 1, which is connected to MJO
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Table 1. Transition matrix among the four summertime weather regimes, cluster C1-C4, in the ERA-Intrim and NCEP (in parentheses) reanalysis
datasets. Each number indicates the occurrence of a regime in the day following the occurrence of a specific regime.

from\to C1 C2 C3 C4 Total days

C1
1045
(1053)

91
(90)

89
(100)

72
(82)

1297
(1325)

C2
79
(73)

1054
(997)

61
(55)

92
(103)

1286
(1228)

C3
78
(80)

56
(64)

970
(947)

84
(90)

1188
(1181)

C4
95

(119)
85
(77)

69
(80)

859
(869)

1108
(1145)

phase-pair 8-1 (Fig. 4), leads to significant rainfall over the
Gulf of Mexico (Fig. 3c-d). This is consistent with the
results of Kossin et al. (2010), who presented evidence for
the effect of MJO phase-pair 8-1 on increasing storm for-
mation in the Gulf of Mexico. They also reported a similar
contribution fromMJO phase-pair 2-3, which is connected
to regimes 2 and 4 (Fig. 4). These two regimes are associ-
ated with positive precipitation anomalies over the eastern
and western parts of the Gulf region, respectively (Fig. 3).

Overall, the results of this section demonstrate that the 4
identified weather regimes have distinct impacts on surface
weather and have distinct teleconnections withMJO phase-
pairs. As discussed above, the regimes’ surface weather
impacts and MJO phase-pair connections are consistent
with previously reported connections betweenMJO phase-
pairs and surfaceweather impacts. Altogether, these results
further suggest that studying the predictability of these 4
weather regimes can be useful, as they have robust and
distinct impacts. We will also revisit the MJO phase-pair
connections later once the intrinsic predictability of these
regimes is quantified.

4. Forecast skills and intrinsic predictability

a. Forecast skills of NWP models

In this section, we examine the forecast skills of the 3
NWPmodels for eachweather regime based onACCvalues
and accuracy of transition frequencies and persistence. It
should be noted that the purpose of this analysis is not to
compare the performance of these NWPmodels, rather, the
purpose is to compare the predictability of the 4 weather
regimes. We conduct this comparison with 3 NWPmodels
in order to examine the robustness of the differences in
predictability.

Figure 5 shows the skills of each NWP model for fore-
casts started in eachweather regime based on the ensemble-
mean ACC values as a function of lead time (4 to 14 days).
Overall, the ECMWF-TIGGE model (Fig. 5a), which has
the highest resolution and ensemble size, has higher pre-
diction skills compared to the NCEP-TIGGE (Fig. 5b) and
GEFS (Fig. 5c) models: the ECMWF-TIGGE forecasts
reach ACC of 0.6 at around day 8, while the NCEP models

reach this ACC value at around day 7 or slightly longer.
Consistent among these three models, up to day 8, the
highest forecast skills are for regime 3 (C3)–these results
are statistically significant. Afterwards, the skills for C3
and C4 are comparable and higher than those of C1 and
C2.

We also assess the NWP models’ ability to correctly
reproduce the persistence of the regimes and their transi-
tions. Following Ferranti et al. (2015), we start with fore-
casts initiated in each weather regime and then determine
a predicted pattern’s weather regime (i.e., cluster index)
based on the RMSE values. More specifically, each day’s
true regime (index) is obtained from the clustering anal-
ysis of the ERA-Interim or NCEP reanalysis dataset, and
the predicted index is calculated by comparing the NWPs’
anomalous Z500 pattern with that of the reanalysis’ cluster
centers, as discussed in part d of Section 2.

Figure 6a shows the transition frequencies for the fore-
casts initiated in C1 in the ECMWF-TIGGE model. The
model overestimates the frequency of the days in regime 1
at the beginning (day 3) but underestimates the frequency
at longer forecast times; e.g., by 11% at day 12. Overall,
the model is not able to predict the persistence of regime
1 accurately. Frequencies of transitions to C2 from C1
are overestimated after day 6 by an average of 10%, which
shows the poor forecasts of transitions to this regime. How-
ever, the frequencies of transitions to regimes 3 and 4 are
captured accurately by the model even at long lead times.
The model overestimates the persistence of regime 2 (Fig.
6b) at all forecast days with an average of 7% up to day
9 and 13% at day 12. The frequencies of transitions to
regimes 1 and 4 are underestimated with an average of
4.5% and 3.5% at these two forecast lead times, respec-
tively. However, the transitions from regime 2 to regime 3
are accurately captured by the model.

Figure 6c displays the results for the forecasts initiated
in C3. We see that the predicted persistence of regime 3
decreases over forecast time as it is overestimated at day
3 by 7% but underestimated by 3% at day 12 (Fig. 6c).
Transitions to the other regimes have been captured accu-
rately. Overall, the sum of absolute errors for persistence
and transition frequencies (“absolute error” hereafter, see
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Fig. 2. Shading shows composites of near-surface temperature anomalies (T2m, K) associated with each regime. The left column shows the
results from the ERA-Interim reanalysis (ERA), and the right column shows the results from the NCEP reanalysis. All shown anomalies are
significant at the 95% level based on a two sided Student’s t test. Contourlines are Z500 anomalies of cluster centers (from Fig. 1) with the interval
of 20 m.

Appendix B for more details), is the lowest for this regime
compared to forecasts initiated in the other regimes (Ta-
ble 2). This is consistent with the results of Fig. 5.

Transitions of the forecasts initiated in regime 4 (Fig. 6d)
to regime 1 are underestimated; however, transitions to

regime 2 have been accurately predicted by the model for

short to long forecast lead times. Transitions from C4 to

C3 are overestimated in the model. The persistence of this

regime is underestimated in this model.
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Fig. 3. Shading shows composites of precipitation rate anomalies (mm/day) associated with each regime. The Left column shows the results
from the ERA-Interim reanalysis (ERA), and the right column shows the results from the NCEP reanalysis. All shown anomalies are significant at
the 95% level based on a two sided Student’s t test. Contourlines are Z500 anomalies of cluster centers (from Fig. 1) with the interval of 20 m.

Overall, based on the above results with the ECMWF-
TIGGE model, we find that the persistence and transitions
of C3 are predicted most accurately. We also find that the
persistence and transition of C1 and C2 are predicted least
accurately, noting that the persistence of C1 is underesti-
mated while that of C2 is overestimated.

A similar regime transition assessment has been car-
ried out for the NCEP-TIGGE and GEFS models. For
the NCEP-TIGGE model, Fig. 7a shows that for the fore-
casts initiated in C1, the model overestimates the persis-
tence of the regime by 9% at day 3, and underestimate the
persistence by 8% and 4% at day 9 and 12 of the fore-
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Fig. 4. Average frequency of each MJO phase-pair in the 4-10 days leading to each weather regime. (a) ERA-Interim (ERA) reanalysis, and (b)
NCEP reanalysis. Uncertainties are calculated based on 1000 bootstrapped subsamples, indicating the 95% confidence intervals.

Table 2. Sum of the absolute differences of the predicted frequencies (all transitions and persistence) in the ECMWF-TIGGE model and the
actual frequencies in the reanalysis dataset at difference forecast days. See Appendix B for more details. The uncertainty associated with each
number indicates standard error among the ensemble members.

initiated in\forecast day day 3 day 6 day 9 day 12 average
C1 14.3±0.1% 9.0±0.1% 23.6±0.1% 23.2±0.2% 17.5%
C2 15.1±0.3% 14.4±0.3% 14.2±0.3% 26.5±0.3% 17.5%
C3 14.8±0.3% 3.1±0.4% 8.3±0.4% 12.73±0.3% 9.7%
C4 7.8±0.3% 13.5±0.5% 13.1±0.3 20.6±0.4% 13.7%

cast, respectively. Transitions from C1 to C4 and C3 have

been accurately captured but the frequency of transition to

regime 2 is overestimated.

The forecasts initiated in C2 (Fig. 7b) and C3 (Fig. 7c)
have similar persistence and regime transition trends: the
persistence is overestimated throughout the prediction pe-
riod, but transitions to the other regimes are predicted fairly
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Fig. 5. Prediction skills for forecasts initiated in each weather regime presented as the ensemble-mean ACC value for each NWP model: (a)
ECMWF-TIGGE, (b) NCEP-TIGGE, and (c) GEFS. The uncertainty intervals, which are small, show standard errors.
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(c) forecasts initiated in C3
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(d) forecasts initiated in C4
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Fig. 6. The transitions among the regimes in the ECMWF-TIGGE model and ERA-Interim reanalysis dataset. Percentage of days in each
regime at different forecast ranges for days initiated in (a) C1, (b) C2, (c) C3, and (d) C4. Color bars show the true percentages calculated from
the clustering analysis of the ERA-Interim reanalysis. The black bars represent the predicted percentages. The weather regime (i.e., cluster index)
of a predicted pattern is computed based on the RMSE value of the forecasted anomaly with respect to the cluster centers from reanalysis. The
uncertainty intervals show the standard deviation among the ensemble members.

accurately. Similar to the ECMWF model, the absolute er-
ror for regime 3 is the lowest compared to the other regimes
at forecast times longer than 3 days (Table 3). The persis-
tence of regime 4 (Fig. 7d) is underestimated in this model,
but the transitions to C1 and C2 have been accurately pre-
dicted. However, the model poorly forecasts the transition
from C4 to C3 at longer forecast times.

In general, both TIGGEmodels have the highest forecast
skills for C3. Common to both models, the least skillful
forecasts are for C1. In agreement with these two mod-
els, the GEFS model underestimates the persistence of the
forecasts initiated in regimes 1 (Fig. 8a) and 4 (Fig. 8d),
but overestimates the persistence of the days in regimes 2
(Fig. 8b) and 3 (Fig. 8c). However, in the GEFS model,
the absolute errors associated with these regimes are not
always the lowest for regime 3, as was the case for the
TIGGE models. In GEFS, the trends are not robust and
vary among different regimes and different forecast days
(see Table 4).

Overall, based on ACC values up to day 8 (when ACC
reaches around 0.6), all 3 models have the highest forecast

skill for C3. Consistent between the ECMWF-TIGGE and
NCEP-TIGGE models, in terms of the accuracy of the
persistence and transition frequencies, the most and least
skillful predictions are for C3 and C1, respectively.

b. Intrinsic predictability of weather regimes

To assess the intrinsic predictability of these regimes,
we have computed the distribution of their instantaneous
dimension (d) and persistence (θ−1). We find that for the
Pacific-North American summertime circulation, the dis-
tribution of d ranges from 8 to 20, and the persistence (θ−1)
ranges between two to three days (0.3 < θ < 0.5 day−1). As
discussed earlier, in general, a regime with lower d and θ
values has higher intrinsic predictability than the one with
higher d and θ values (Faranda et al. 2019a; Hochman et al.
2019; Messori and Faranda 2021).

Here, we separate days with low and high values of d
and θ based on their mean values, which are, respectively,
around 14 and 0.41 day−1. Figures 9 (ERA-Interim) and
10 (NCEP) show the frequency (of days) each regime has
in the lower or upper half of the d and θ distributions.
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(c) forecasts initiated in C3
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(d) forecasts initiated in C4
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Fig. 7. The same as Fig. 6 but for the NCEP-TIGGE model and NCEP reanalysis dataset.

Table 3. The same as Table 2 but for the NCEP-TIGGE model.

initiated in\forecast day day 3 day 6 day 9 day 12 average
C1 18.1±0.3% 8.4±0.3% 19.2±0.3% 18.1±0.3% 15.9%
C2 11.6±0.4% 9.9±0.4% 10.3±0.3% 15.3±0.4% 11.8%
C3 14.3±0.4% 6.1±0.7% 11.1±0.5% 7.3±0.7% 9.7%
C4 13.2±0.5% 8.5±0.7% 11.3±0.6% 27.1±0.6 15.0%

Consistent between the two reanalysis datasets, C3 has
robustly the highest frequency among the 4 regimes in the
lower half of both d and θ distributions, indicating that this
regime has the highest intrinsic predictability. This is fully
consistent with the findings in Section 4a, which indicated
highest prediction skills for C3 in all 3 NWP models.

Among the four regimes, C1 has the highest frequency
in the upper half of the θ distribution in both reanalysis
datasets; however, while the differences with C2 and C4
are statistically significant, they are not large (see Figs. 9
and 10). Still, this might explain the underestimation of
the persistence of C1 in all 3 NWP models: the highest
θ value indicates the least stable regime, which leaves the
current state to an existing neighborhood. Therefore, the
poor forecasts of the persistence of C1 are likely due to
a high intrinsic unpredictability. In Section 5, We will
further discuss the potential implications of the low pre-

dictability of this regime, which as shown in Figs. 2a-b
and 3a-b, is associated with above-normal temperature in
western North America and above-normal precipitation in
the south-east United States.

Examining the distribution of d values shows that C1 and
C4 have comparable frequencies in the upper half (within
the uncertainty range) in both reanalysis datasets (Figs. 9
and 10). Overall, the dynamical systems-based analysis
clearly indicates the highest intrinsic predictability for C3.
As for the lowest intrinsic predictability, the results are less
clear, though together, d and θ in both reanalysis datasets
point to C1 as the regime with the lowest intrinsic pre-
dictability.

5. Summary and conclusions

In this study, we investigate the summertime weather
regimes and their predictability over the Pacific-North
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(c) forecasts initiated in C3
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(d) forecasts initiated in C4

day 3 day 6 day 9 day 12

forecast lead (days)

0

20

40

60

80

p
o
p
u
la

ti
o
n
 (

%
) 

in
 e

a
c
h
 r

e
g
im

e

Fig. 8. The same as Fig. 6 but for the GEFS model and NCEP reanalysis dataset.

Table 4. The same as Table 2 but for the GEFS model.

initiated in\forecast day day 3 day 6 day 9 day 12 average
C1 20.5±0.3% 6.5±0.4% 18.8±0.3% 12.7±0.5% 14.6%
C2 11.4±0.7% 17.7±0.5% 20.7±0.4% 23.8±0.6% 18.4%
C3 19.3±0.8% 9.3±1% 21.7±0.9% 14.6±0.9% 16.2%
C4 14.4±0.8% 10.1±1.1% 12.7±0.8% 28.9±0.8 16.5%

American sector. ASOMclustering analysis is first applied
to the Z500 anomalies to identify weather regimes. Four
distinguishable regimes are identified corresponding to the
Pacific trough (C1), Arctic low (C2), Arctic high (C3), and
Alaskan ridge (C4). These regimes are shown to have dis-
tinct and coherent links to surface temperature and precip-
itation rate anomalies over the North American continent.
We also show connections between these regimes andMJO
phase-pairs with 4 to 10 days time lag. These analyses to-
gether provide evidence that distinct weather regimes can
be identified in the summertime Pacific-North American
circulation. The distinct relationships of these regimes to
the surface temperatures and precipitation anomalies sug-
gest potentials for predictability of hot summer days or
strong rainfall episodes if these regimes’ evolutions and
transitions can be accurately predicted. The connections

to the MJO phases can further benefit regional prediction
efforts (Riddle et al. 2013; Vigaud et al. 2018).

To assess the predictability of these weather regimes,
we examine 4 to 14-day prediction skills of three different
medium-range NWP models: ECMWF-TIGGE, NCEP-
TIGGE, and GEFS reforecast. Consistent among the mod-
els, based on ACC values, the most skillful forecasts, up to
day 8 (when ACC reaches ∼ 0.6), are those initiated in the
Arctic high (C3) regime. The NWP models’ ability to cor-
rectly reproduce these regimes’ transitions and persistence
are also examined. By separating the forecasts according
to their initial conditions, we find that forecasts initiated
in C3 have the most accurate transitions; however, models
have difficulties with forecasts initiated in C1. The models
are also found to consistently underestimate the persistence
of C1.
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Fig. 9. Instantaneous dynamical properties of the identified weather regimes for the ERA-Interim reanalysis dataset. (a) instantaneous dimension,
d. (b) Inverse of persistence, θ (in day−1). 14 and 0.41 day−1 are themean values of d and θ, respectively. Uncertainties, based on 10000 subsamples
generated with bootstrapping, indicate the 95% confidence intervals. Note that the uncertainties on θ are small.

The dynamical systems-based analysis shows robustly
that C3 has the highest intrinsic predictability among the
4 regimes, providing an explanation for the most skillful
NWP forecasts for this regime. Note that the MJO North
Pacific phase (phase-pairs 6-7) is the most dominant phase
in the 4-10 days leading to C3; whether this connection
to the North Pacific phase is behind the high intrinsic pre-
dictability of C3 should be investigated in future work.

The dynamical systems analysis (specially based on per-
sistence) indicates that C1 has low intrinsic predictability.
This suggests that the poor forecast skills of NWP models
for this regime are likely due to high intrinsic unpredictabil-
ity (rather than model errors), and might be potentially
improved through better estimates of initial conditions. It
is noteworthy that the C1 regime (Pacific trough) is asso-
ciated with heat waves over western North America and
above-normal rainfall around the Gulf of Mexico region.
As a result, the NWP models’ poor forecast skills for this

regime, particularly for its persistence (which is impor-
tant for extreme events), can have major socio-economic
implications.

In future work, it would be interesting to examine the
predictability of the weather regimes, particularly C1, in a
warming climate. On one hand, under climate change, heat
waves are expected to become stronger, longer, and larger,
making themore skillful forecasts of the associated circula-
tion patterns such asC1 evenmore important (Lau andNath
2014;Rasmijn et al. 2018; Lyon et al. 2019;Nabizadeh et al.
2019; Perkins-Kirkpatrick and Lewis 2020; Kornhuber and
Tamarin-Brodsky 2021). On the other hand, recent stud-
ies using the same dynamical systems-based analysis have
shown that climate change can impact d and θ, thus chang-
ing the intrinsic predictability of weather regimes (Faranda
et al. 2019a; Scher and Messori 2019). Therefore, the
combined flow-dependent and dynamical systems-based
analysis of the summertime Pacific-North American circu-



15

<14 14
0

0.5

1

fr
e
q
u
a
c
y
 o

f 
c
lu

s
te

r 
d
a
y
s

C1

C2

C3

C4

<0.41 0.41
0

0.5

1

fr
e
q
u
a
c
y
 o

f 
c
lu

s
te

r 
d
a
y
s

Fig. 10. The same as Fig. 9 but for the NCEP reanalysis dataset.

lation under climate change can potentially provide useful
guidance for improving the forecasts of these future heat
waves.

Data availability statement. The ERA-Interim
and NCEP-DOE reanalysis datasets are publicly avail-
able at https://www.ecmwf.int/en/forecasts/
datasets/reanalysis-datasets/era-interim and
https://www.esrl.noaa.gov/psd/data/gridded/
data.ncep.reanalysis2.html. The TIGGE and
GEFS forecast datasets are freely available at https:
//www.ecmwf.int/en/research/projects/tigge
and https://psl.noaa.gov/forecasts/
reforecast2/download.html. Daily RMM values are
available at http://www.bom.gov.au/climate/mjo/.
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APPENDIX A

Calculation of local dimension and persistence: More
details

Calculations of d and θ follow the steps described in Lu-
carini et al. (2016), Messori et al. (2017), and Faranda et al.
(2017b). Briefly, for a given state of interest ξ (which is a
chosen daily Z500 pattern), we first use the distance cal-
culated in Eq. (3) to define an observable via logarithmic
operant

g(Z(t), ξ) = − log(dist(Z(t), ξ)). (A1)

Following Messori et al. (2017), observables with values
above the q = 0.98 percentile of g (defined as g98th) are
retained and then the g98th is used as a threshold to compute
consecutive exceedances (recurrences) E as

E(Z(t), ξ) = g(Z(t), ξ)−g98th, (A2)

∀g(Z(t), ξ) > g98th .

Finally, we use E(Z(t), ξ) to calculate the local dimension
d of ξ as

d(ξ) = 1/mean(E). (A3)

Using the same value of percentile (q = 0.98), the inverse
of persistence for ξ is computed as (Messori et al. 2017)

θ(ξ) =

∑Nc

i (1− q)Si +N +Nc

2
∑Nc

i (1− q)Si
−√

(
∑Nc

i (1− q)Si +N +Nc)
2−8Nc

∑Nc

i (1− q)Si

2
∑Nc

i (1− q)Si
(A4)

where N is the number of total recurrences above the cho-
sen threshold, q = 0.98. Nc is the number of observations
that fall above q for at least two consecutive days, and form
a subset with a length of Si .
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APPENDIX B

Forecast errors of transitions

To compare the overall forecast errors associated with days
initiated in each regime, sum of the absolute differences of
the predicted frequencies (all transitions and persistence)
for each model is calculated as

ε(i, f ) =
4∑

r=1
|Fr (i)−Tr (i)|, (B1)

where ε is the total forecast error for days initiated in regime
i at a given forecast day f . Here, r is the cluster index
for each regime. Fr (i) and Tr (i) are the forecasted and
true frequencies of cluster r for days initiated in regime i.
Values of ε for the ECMWF-TIGGE, NCEP-TIGGE, and
GEFS models for f = 3, 6, 9, and 12 days are presented in
Tables 2, 3, and 4, respectively.


