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ABSTRACT: In this study, we examine the wintertime environmental precursors of summer anticyclonic wave breaking
(AWB) over the North Atlantic region and assess the applicability of these precursors in predicting AWB impacts on sea-
sonal tropical cyclone (TC) activity. We show that predictors representing the environmental impacts of subtropical AWB
on seasonal TC activity improve the skill of extended-range seasonal forecasts of TC activity. There is a significant correla-
tion between boreal winter and boreal summer AWB activity via AWB-forced phases of the quasi-stationary North Atlan-
tic Oscillation (NAO). Years with above-normal boreal summer AWB activity over the North Atlantic region also show
above-normal AWB activity in the preceding boreal winter that tends to force a positive phase of the NAO that persists
through the spring. These conditions are sustained by continued AWB throughout the year, particularly when El
Niño–Southern Oscillation plays less of a role at forcing the large-scale circulation. While individual AWB events are syn-
optic and nonlinear with little predictability beyond 8–10 days, the strong dynamical connection between winter and sum-
mer wave breaking lends enough persistence to AWB activity to enable predictability of its potential impacts on TC
activity. We find that the winter–summer relationship improves the skill of extended-range seasonal forecasts from as early
as an April lead time, particularly for years when wave breaking has played a crucial role in suppressing TC development.

KEYWORDS: Hurricanes; Wave breaking; North Atlantic Oscillation; Tropical cyclones; Statistical forecasting;
Seasonal variability

1. Introduction

North Atlantic (hereafter simply Atlantic) seasonal tropical
cyclone (TC) prediction is complex due to the overlapping
driving forces of several large-scale climate phenomena. The
main large-scale drivers of the Atlantic atmospheric circula-
tion include the Atlantic meridional mode (AMM; Kossin
and Vimont 2007; Patricola et al. 2014) and El Niño–Southern
Oscillation (ENSO; Gray 1984; Camargo et al. 2007) on inter-
annual time scales and the Atlantic multidecadal oscillation
(AMO; Goldenberg et al. 2001; Klotzbach and Gray 2008) on
multidecadal time scales. Through their influence on the
large-scale atmospheric circulation, these oscillations pro-
vide substantial predictability of the tropical environment,
accounting for more than 30% of the explained variance
(Chelliah and Bell 2004; Aiyyer and Thorncroft 2006; Jones
et al. 2020). Consequently, environmental metrics closely
related to ENSO and the AMM are frequently used as pre-
dictors for seasonal TC activity (Klotzbach and Gray 2008;
Klotzbach et al. 2017). However, these drivers are at times
insufficient to account for certain changes that occur from
month to month that may be attributed to intraseasonal
variability.

Recently, several studies have identified a strong relation-
ship between seasonal TC activity and boreal summer (here-
after summer) subtropical anticyclonic Rossby wave breaking
(Zhang et al. 2016, 2017; Jones et al. 2020; Papin et al. 2020).
Anticyclonic Rossby wave breaking (AWB) is the irreversible
overturning of potential vorticity (PV) contours against a

strong PV gradient that results in the vertical mixing of dry
midlatitude high-PV air into lower latitudes (McIntyre and
Palmer 1983). The reverse dynamical effect can be observed
with cyclonic wave breaking where moister low-PV air is
mixed into the midlatitude atmosphere. Synoptic-scale AWB
episodes on the 350-K isentropic surface occur frequently over
the subtropical Atlantic (Zhang et al. 2017; Papin et al. 2020),
peaking between July and September (Fig. 1). Further descrip-
tion of how AWB is detected and quantified is given in section
2. Anomalously intense AWB is associated with increased ver-
tical wind shear (VWS) and decreased moisture content over
the tropical Atlantic, conditions that typically suppress the
development of TCs (Jones et al. 2020). Anomalous westerly
VWS is generally introduced to the tropical environment via
the downstream edge of equatorward PV streamers.

The 2013 Atlantic hurricane season was characterized by
high tropical Atlantic sea surface temperatures (SSTs), sus-
tained cool neutral ENSO conditions, and anomalously low
sea level pressure over the Caribbean basin (Klotzbach and
Gray 2013; Saunders et al. 2020), conditions that suggested a
favorable environment for enhanced TC activity. However,
Klotzbach and Gray (2013) also observed that the August–
October 2013 environment was characterized by strong upper-
level convergence indicating subsidence and reduced rainfall
over the Atlantic. Zhang et al. (2016) later showed that the
2013 season was suppressed through anomalously frequent
subtropical AWB in August due to a stronger and more east-
ward-shifted Atlantic midlatitude jet. Anomalous AWB con-
tinued into September, consequently reducing moisture and
relative humidity over the Atlantic main development region
(MDR), generally defined as 108–208N, 858–208W. These
observations suggest that metrics of subseasonal AWB
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impacts could support current prediction schemes to account
for years in which subtropical Atlantic dynamics drive the
tropical environment.

The intrinsic predictability of weather states and extremes
based on certain large-scale atmospheric phenomena is often
intermittent and inconsistent over time (Mariotti et al. 2020),
depending on the forecast window. Klotzbach and Gray
(2004) observed a degradation in the African rainfall relation-
ship with Atlantic TCs, while Camargo and Sobel (2010)
noted that the quasi-biennial oscillation (QBO)–Atlantic TC
relationship was no longer significant. Both predictors had a
strong relationship with seasonal TC activity in the Atlantic
from the 1950s to the mid-1990s but have shown little skill in
recent years. A similar situation exists with AWB variability.
Subtropical Atlantic AWB dynamics are synoptic and nonlin-
ear in nature (Abatzoglou andMagnusdottir 2006b; Bach et al.
2019), and their predictability depends in large part on the
background state, the dominant subseasonal or seasonal
atmospheric influence}for example, subseasonal influences
of the Madden–Julian oscillation (MJO; Madden and Julian
1972)}and consequent evolution of the environment via
eddy fluxes. AWB activity shows significant negative correla-
tions with TC activity on both subseasonal and seasonal time
scales, but the strength of the AWB–TC relationship may
vary from year to year (Li et al. 2018; Zhang and Wang 2019).

The scientific literature currently provides little guidance
for predicting the impacts of AWB on TC activity. Zhang and
Wang (2019) suggested that AWB over the western Atlantic
has a stronger influence on TC activity than AWB farther
east. Western Atlantic AWB activity has a negative correla-
tion with the AMM (Zhang and Wang 2019) and the AMM’s
modulation of Caribbean precipitation anomalies. A positive
phase of the AMM and increased precipitation over the
Caribbean is typically associated with less frequent AWB.
Drouard et al. (2013) and Zavadoff and Kirtman (2019) indi-
cated that subtropical Pacific dynamics may influence Atlantic

wave breaking via modulation of the Rossby wave train that
propagates synoptic waves farther downstream. The results of
these studies further suggest that dynamical oscillations such
as the Pacific decadal oscillation (PDO) or the Pacific–North
American pattern (PNA) can be used to assess wave breaking
impacts on Atlantic convective events (Drouard et al. 2015;
Zavadoff and Kirtman 2019).

Several studies have examined AWB’s association with
large-scale oscillations over the Atlantic region. Of note is the
relationship between wave breaking and the North Atlantic
Oscillation (NAO) in the boreal winter (hereafter winter).
Benedict et al. (2004) indicated that sustained wave breaking
in the winter could determine the phase of synoptic NAO
variations. Intense AWB on the equatorward side of the sub-
tropical jet stream displaces the jet northward and forces a
positive phase of the NAO over the Atlantic, while cyclonic
wave breaking along the poleward side of the jet forces an
equatorward displacement of the jet stream and a negative
phase of the NAO (Abatzoglou and Magnusdottir 2006a,b;
Franzke et al. 2004).

Scaife et al. (2014) observed that the NAO, driven largely
by internal atmospheric variability, has an intrinsic limit of
predictability of around 3 weeks. However, there is also evi-
dence of persistence beyond this limit through quasi-stationary
regimes associated with the variability of the Azores high and
Aleutian low (Czaja et al. 2003) or through persistent SST
anomalies (Ogi et al. 2003). Persistence is defined here as the
degree of dependence among successive values in time of a
given phenomenon and is often a measure of the time interval
between independent events (Wilks 2011). Given AWB’s
association with NAO variability, we hypothesize that there is
a significant relationship between winter and summer wave
breaking and investigate this hypothesis in this manuscript.

The purpose of our study is to assess winter–summer AWB
variability and mechanisms by which we can infer possible
AWB impacts on seasonal TC activity. Unlike previous stud-
ies, we show that AWB has not only a subseasonal relation-
ship with the NAO but also a statistically significant seasonal
relationship that has persistence on seasonal time scales. We
also show that this seasonal AWB–NAO relationship has a
strong association with TC activity. Including AWB impacts
in seasonal Atlantic TC prediction helps explain anomalously
suppressed seasons such as 2013 (Saunders et al. 2020) in
which there is strong subtropical Atlantic forcing of the
Atlantic environment. Depending on the intensity of wave
breaking, AWB impacts may enhance or sustain current tropi-
cal environmental conditions. Alternatively, AWB may domi-
nate tropical variability and TC activity when other large-
scale drivers are relatively weak.

Jones et al. (2020) showed that subtropical AWB is associ-
ated with the second leading empirical orthogonal function
(EOF) mode of 1979–2016 tropical VWS anomalies averaged
over the Atlantic MDR, defined as 108–308N, 858–208W to
include the subtropical Atlantic region. For the remainder of
this manuscript, the EOF modes are also referred to as princi-
pal components (PCs). The subsequent AWB-shear (AWB-S)
index correlated at 20.58 with accumulated cyclone energy
(ACE; Bell et al. 2000) values during the peak season from

FIG. 1. Average standardized monthly anticyclonic wave break-
ing intensity (AWB; black solid line) and number of equatorward
potential vorticity (PV) streamers (blue bars) over the Atlantic
from 1979 to 2019. The standardized average AWB intensity or the
potential vorticity streamer intensity (PVSI) is defined as the stan-
dardized PV anomaly integrated over the areal extent of each PV
streamer (Papin et al. 2020). Details on PV streamer detection are
outlined in section 2c.
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August to October and was statistically significant at the 95%
level. As a single predictor regressed against July–September
ACE values from 1979 to 2016, the AWB-S index exhibited a
higher correlation compared with VWS anomalies averaged over
the Atlantic MDR. The correlation between July–September
ACE and the AWB-S index was r520.57, while the correlation
between July–September ACE and VWS anomalies averaged
over the Atlantic MDR was r5 20.50 (Jones et al. 2020). Addi-
tionally, the second principal component (PC2) associated with
AWB improved the variance explained for ACEwhen combined
with the leading principal component (associated mainly with
ENSO) from r2 5 0.17 to r2 5 0.27.

In the sections that follow, we explore the relationship
between winter and summer wave breaking episodes, how it
manifests within the environment, and its consequent impact
on seasonal TC predictability. The paper is organized as fol-
lows: section 2 outlines the data and methods used to further
analyze the persistence of AWB impacts on the tropical envi-
ronment. Section 3 describes the winter environmental pre-
cursors associated with summer AWB, while section 4
examines the use of a winter AWB-associated index as a pre-
dictor in an extended-range forecast model. Section 5 pro-
vides some concluding remarks.

2. Data and methods

a. Data

The TC analysis that follows uses ACE as the metric to
classify overall seasonal activity levels. ACE is defined as the
sum of the squares of the 6-hourly maximum wind speeds for
each tropical and subtropical cyclone with 1-minute maximum
sustained winds of at least 34 kt (1 kt ≈ 0.51 m s21; Bell et al.
2000). The index is calculated using the National Hurricane
Center’s best track database (HURDAT2; Landsea and
Franklin 2013).

Environmental fields on both 6-hourly (0000, 0600, 1200,
and 1800 UTC) and monthly time scales were obtained from
the ECMWF’s fifth-generation reanalysis (ERA5) dataset of
the global atmosphere (Hersbach et al. 2020). Reanalysis data
are currently available from 1 January 1979 to the present.
The gridded ERA5 has a horizontal resolution of 0.258 3 0.258
for the atmosphere. Six-hourly potential vorticity and zonal
wind anomaly fields used in the AWB detection algorithm
were obtained with a resolution of 2.58 3 2.58 to remove
small-scale disturbances (Postel and Hitchman 1999). We
downloaded ERA5 data at a 2.58 3 2.58 resolution directly
from the ECMWF’s Climate Data Store (CDS) online plat-
form. Monthly sea surface temperature anomalies at a 18 3 18
resolution were obtained from the National Oceanic and
Atmospheric Administration’s (NOAA) Optimum Interpola-
tion Sea Surface Temperature version 2 (NOISSTv2) dataset
from 1982 to 2019 (Reynolds et al. 2002). Anomalies for all
fields are calculated relative to the 1981–2010 base period
except for SST, which is calculated from a 1982–2010 base
period. The period of study for the remainder of the manu-
script is 1979–2019, but is restricted to 1982–2019 when using
SST data.

Monthly indices were obtained for the NAO, ENSO, and
the AMM. The NOAA Climate Prediction Center’s (CPC)
monthly NAO index is calculated from daily indices. The
daily NAO index is defined as the leading rotated principal
component of Atlantic 500-hPa height anomalies between 208
and 908N (Barnston and Livezey 1987). Daily height anoma-
lies are standardized by the 1981–2010 monthly mean and
standard deviations from the principal component analysis.
Variations in ENSO are assessed using the Niño-3.4 index
(58S–58N, 1708–1208W) from 1982 to 2019 and are calculated
from the NOISSTv2 dataset (Trenberth 2020). The AMM is
defined as the principal leading mode of a maximum covariate
analysis applied to Atlantic SSTs and 10-m surface wind
speeds over the region 218S–328N, 748W–158E (Chiang and
Vimont 2004; Kossin and Vimont 2007).

b. Methods

Following Jones et al. (2020), tropical zonal Atlantic VWS
is defined as the difference between the 200- and 850-hPa
zonal wind fields and averaged over the region 108–308N,
858–208W. We note that, while the zonal component of shear
captures much of the structured variability in the total shear
vector, the meridional component also contributes to a lesser
degree. Anomalies were calculated relative to 1981–2010 to
remove both the seasonal cycle and the climatological mean.
The 1981–2010 period is the 30-yr climatological normal used
in this study to assess anomalies within the seasonal environ-
ment (WMO 2017). An empirical orthogonal function (EOF)
analysis was applied to July–September VWS fields from 1979
to 2019, and the second leading mode or principal component
(PC2) previously associated with AWB activity was extracted,
extending the time series of the second leading mode from
the 1979–2016 period used in Jones et al. (2020). Composites
using the variable fields mentioned in section 2b above are
obtained for the 12 highest and the 12 lowest values of the
1979–2019 PC2 index. The period of study contains 41 sample
years. We opt for 12 years to maximize the number of samples
in each composite while preventing overlap.

We generated spatial correlations between the July–
September PC2 index and seasonal sea level pressure (SLP),
sea surface temperature (SST), and 850-hPa (U850) and
200-hPa (U200) zonal wind anomaly fields for the seasons
January–March (JFM), April–June (AMJ), July–September
(JAS), and October–December (OND). The JAS season is
considered to be at zero lag (hereafter referred to as T),
and the JFM, AMJ, and OND seasons are considered lags at
T 2 2, T2 1, and T1 1 seasons, respectively.

Statistical significance within the study is assessed in two
ways. The significance of correlations is measured at the 95%
confidence level corresponding to a p value , 0.05 based on a
two-sided Student’s t test. The statistical significance of the
differences between the 12 high and 12 low composites are
measured using the nonparametric Wilcoxon signed rank test.
The Wilcoxon signed rank test categorizes the signed ranked
differences into positive (W1) and negative (W2) groups,
and calculates the sum of each category. If the difference
betweenW1 andW2 metrics are larger than the threshold of

J O N E S E T A L . 21351 APRIL 2022

Brought to you by Colorado State University Libraries | Unauthenticated | Downloaded 03/23/22 12:35 AM UTC



14 for a 5 0.05 and a sample size of 12, the null hypothesis
that the differences are similar can be rejected (Wilks 2011).

For the present study, to assess the persistence of AWB’s
impact on the seasonal Atlantic environment, we projected an
index of 200-hPa zonal wind anomalies onto the characteristic
split-jet signal of AWB in the upper-level zonal wind field.
The wave breaking or split-jet signal consists of a meridional
tripole of zonal winds. This method of pattern projection, out-
lined in detail by Baldwin et al. (2009), was calculated using
Eq. (1) below:

U200proj 5
Xe
eTe

, (1)

where U200proj is the index obtained from projecting the 200-
hPa wind field X onto the flattened correlation pattern
between the AWB-Ssummer index and the wintertime upper-
level zonal wind anomalies. The correlation pattern is
denoted by e. The U200proj index is then a pattern vector,
much like the principal components from an EOF analysis,
and indicates in standard deviations how similar the observed
wintertime zonal upper-level wind field is to the correlation
pattern. Alternatively, U200proj is a measure of the presence
of the summer AWB-S precursor signal within winter upper-
level zonal winds. The index is used to further explore AWB’s
association with variations in 200-hPa zonal wind anomalies
over the Atlantic region. The JAS AWB-S and projected indi-
ces are standardized over the 1981–2010 period. A more
detailed description of the variability associated with the pro-
jected index is given in section 3.

A cross-spectrum analysis was applied with a Hanning win-
dow to examine shared frequencies (von Storch and Zwiers
1999) of variability in the monthly 1979–2019 U200proj, NAO
and Niño-3.4 indices. Shared frequencies refer to periods of
variability in which two variables are related within the spec-
tral domain. To calculate the power spectrum of each index,
the indices were separated into six chunks of 76 months with
an overlap of 50% to avoid loss of information. The means of
each chunk were removed to eliminate the zero-frequency
signals. A chunk length of 76 months was chosen to maximize
the number of chunks and degrees of freedom for the cross-
spectrum analysis, while maintaining many samples in each
chunk. A shared frequency was considered statistically signifi-
cant at the 95% level if the coherence squared (Coh2) was
above 0.45.

Last, we compare the skill of Colorado State University’s
(CSU) 2019 and 2020 early April statistical extended-range
forecasts of seasonal ACE. Unlike the 2019 early April
scheme, the most recent 2020 scheme comprises an AWB-S
associated predictor (Klotzbach et al. 2019, 2020). The predic-
tors are ranked based on the strength of their regression
against ACE (via the F value) and the statistical significance
of the regression strength (via the p value). The F value is the
ratio of the mean sum of squares to the mean squared error
(Wilks 2011) and measures whether an unrestricted model
(e.g., a combination of predictors thought to be most appro-
priate for the data) performs better than a restricted model
with the slope equal to zero. If the unrestricted model

performs better than the restricted model, F is larger. The
p value assesses how significant the F value is. The threshold
for a statistically significant F value (Fcritical) is 2.01 for a sam-
ple size n 5 41 and is associated with a 90% significance level
(p5 0.1).

A revised statistical model is created by selecting the top
four predictors with the largest F value. The performance of
the revised model is measured using the mean absolute error
(MAE) and the explained variance (r2) scores and is com-
pared to the performance of the original early April statistical
scheme.

c. Detecting AWB and AWB-associated VWS (AWB-S)

Wave breaking indices in this study were generated using
an algorithm based on the techniques of Papin et al. (2020)
and detailed in Jones et al. (2020). The algorithm calculates
the potential vorticity streamer intensity (PVSI) from each
PV anomaly detected. PVSI is defined as the standardized PV
anomaly relative to a 6-hourly 1979–2019 climatological mean
and is integrated over the areal extent of the PV streamer
detected along the 2-PVU (1 PVU ≡ 1026 K kg21 m2 s21)
contour on the 350-K isentropic surface. The algorithm
detects more than two consecutive points along the 2-PVU
contour with an eastward (west to east) PV gradient
­PV=­x. 0
( )

and a reversal in the poleward meridional PV
gradient ­PV=­y, 0

( )
for the upstream edge of the PV

tongue. The opposite criteria is applied for detection of the
downstream edge ­PV=­x, 0,­PV=­y. 0

( )
(Abatzoglou

and Magnusdottir 2006b; Papin et al. 2020). As done in Jones
et al. (2020) and Papin et al. (2020), once the points outlining
the PV tongue are identified, a line connects the two end-
points to capture the PVS polygon and as much of the PVS
area as possible.

In addition to the count and intensity, the same detection
algorithm collects the VWS anomalies from the zonal shear
field at consecutive points along the downstream edge of each
detected PV streamer (Jones et al. 2020). We note that
the shear patterns associated with AWB can extend well into
the tropics, producing large VWS anomalies along both the
upstream and downstream edges. Correlations of the sum of
the downstream and upstream AWB-S anomalies with VWS
averaged over the MDR (not shown) are similar to correla-
tions for the downstream AWB-S only. Therefore, we opt to
use the downstream AWB-S in calculating the AWB-S indi-
ces. The VWS anomaly is then summed to obtain an index of
AWB-associated VWS (AWB-S). The AWB-S index can be
used to examine the level of sustained impact to the tropical
environment by intense wave breaking.

3. Evidence for a strong winter–summer
AWB connection

a. PC2 correlations with the seasonal environment

Figure 2 shows correlations, significant at the 95% confi-
dence level based on the two-sided Student’s t test, between
the 1979 and 2019 JAS second leading mode of tropical Atlantic
VWS (PC2) and seasonal SLP, SST, U850, and U200 anomaly
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fields. AWB}identified by upper-level anticyclonically sheared
wind anomalies that are hereafter referred to as the wave
breaking signal}is associated with higher SLP anomalies (Figs.
2a–d) and lower SST anomalies (Figs. 2e–h) across the tropical
and subtropical Atlantic region. These associations are evident
in the concurrent environmental fields (Figs. 2c,g,k,o). We fur-
ther observe that summer AWB impacts, quantified using the
PC2 index, have strong associations with the seasonal environ-
ments preceding and following JAS. Of note, several JFM envi-
ronmental fields correlate strongly with JAS AWB. Of
particular note are the winter U850 and U200 patterns (see
Figs. 2i,m) that suggest a physical link between winter and sum-
mer AWB.

In Figs. 2a–d, summer AWB activity shows strong positive
correlations with Atlantic SLP anomalies, meaning SLP anom-
alies increase over the central Atlantic with more intense wave
breaking. The correlation pattern is consistently strong across
the tropical and subtropical Atlantic region from JFM through

OND. This result is consistent with previous studies of winter
AWB activity. Abatzoglou and Magnusdottir (2006b) and
Bowley et al. (2019) found correlations . 0.5 between winter
AWB and the NAO. There is a noticeable shift in the position
of the SLP correlation maximum from the eastern Atlantic
during the boreal winter and spring to the western Atlantic
during JAS. Increased SLP anomalies over the Caribbean and
northeastern U.S. coast indicate strong AWB activity. In
OND, the signal weakens over the western Atlantic and
migrates back toward the eastern Atlantic. The eastern posi-
tion of the SLP signal generally indicates weaker AWB (Papin
2017; Papin et al. 2020). The seasonal AWB–SLP correlations
show that there are robust precursor signals that may be used
to predict summer AWB-associated shear impacts. These
strong signals within SLP may also suggest that summer AWB
activity is in some way connected to the state of the NAO in
preceding seasons via its modulation of large-scale SLP
anomalies.

FIG. 2. Spatial correlations between the second leading mode (PC2) of July–September (zero lag, T2 0 seasons) 1979–2019 Atlantic ver-
tical wind shear (108–308N, 858–208W) and seasonal anomalies in (a)–(d) SLP, (e)–(h) SST, and (i)–(l) 200- and (m)–(p) 850-hPa zonal
winds for January–March (T 2 2 seasons), April–June (T 2 1 season), and October–December (T 1 1 season). Only correlations statisti-
cally significant at the 95% confidence level are shaded.
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Figures 2e–h show that the JAS PC2 index is anticorrelated
with tropical Atlantic SSTs. Above-normal AWB activity is
associated with negative SST anomalies along the down-
stream edge of a PV streamer and positive SST anomalies
along the upstream edge (Zhang et al. 2017; Zhang and Wang
2019; Papin et al. 2020). Zhang and Wang (2019) show that
these negative SST anomalies are predominantly due to an
anomalous low-level circulation imposed by sustained AWB
that also facilitates the low-level advection of warm tropical
air poleward and cool midlatitude air equatorward. Negative
SST anomalies are evident in the JFM and AMJ SST correla-
tion fields. There is also a second region of negative correla-
tions in the subpolar gyre region, collocated with the
correlation observed in U850. Correlations with Atlantic
SSTs are also stronger in AMJ, indicating that the AWB-SST
signal is a response to intense and persistent signals during
the previous season.

Figure 3 shows the differences in composites of JFM envi-
ronmental fields for the 12 highest values versus the 12 lowest
values of the JAS PC2 index. The highest composites occur in
1990, 2018, 2003, 2015, 1994, 2002, 2014, 1984, 1989, 2013,
1992, and 2001; the lowest composites occur in 2005, 2010,
1999, 1998, 1987, 1991, 2004, 1981, 1997, 2011, 1980, and 2006.
The “highest” composite years are listed in descending order
from the highest PC2 value while the “lowest” composite
years are listed in ascending order from the lowest PC2 value.
Winters with the highest values show signatures of wave
breaking. Figure 3a displays two pronounced regions of high
SLP anomalies, indicative of wave breaking over the Atlantic
and along the western U.S. coast. The SLP composite is also
indicative of a prominent positive NAO for high values of
PC2. A positive NAO phase has been associated with an

increase in subtropical Atlantic AWB in previous studies
(Benedict et al. 2004; Woollings et al. 2008). Winters with
high JAS AWB activity hint at a horseshoe pattern with posi-
tive SST anomalies in the subtropical Atlantic and negative
SST anomalies in the tropical MDR (Fig. 3b). This horseshoe
pattern becomes more apparent and statistically significant
during AMJ (Fig. 2f). Figures 3c and 3d are dominated by
wave breaking. This result suggests that for years with
enhanced summer wave breaking, there was also enhanced
wave breaking in the preceding winter season. In the JFM
periods where JAS PC2 was highest, the NAO averaged 0.35
standard deviations, whereas in the 12 JFM periods where
JAS PC2 was lowest the NAO averaged 20.44 standard devi-
ations. This difference hints at the significant role that the
NAO plays in preconditioning the atmospheric environment
for significant AWB during JAS.

Figure 4 shows composites of JFM 850- and 200-hPa geopo-
tential height anomalies for the 12 highest versus the 12 low-
est values for the JAS PC2 index. For years with pronounced
summer AWB, there is a poleward-shifted subtropical jet and
a low-level subtropical high indicative of an anomalous anti-
cyclonic circulation over the Atlantic region. Both features
are associated with increased winter wave breaking. The com-
posite of the 12 highest height years also suggests that above-
normal summer AWB is associated with a positive-phase
winter NAO. By contrast, in years with less summer AWB,
200-hPa height anomalies show little indication of anticy-
clonically sheared wave breaking. Instead, the 850-hPa
subtropical high is anomalously weak (e.g., anomalously
low pressure) due to an equatorward shift of the subtropi-
cal jet. An equatorward displacement of the subtropical jet
is indicative of cyclonic wave breaking on the poleward

FIG. 3. Differences in January–March (T 2 2 seasons) composites of the 12 highest values vs 12 lowest values for
the second leading mode of July–September (T 2 0 seasons) VWS variability (PC2) for (a) sea level pressure (SLP;
hPa), (b) sea surface temperatures (SST; 8C), (c) 850-hPaU (U850; m s21), and (d) 200-hPa U (U200; m s21). Shaded
regions indicate composite differences statistically significant at the 95% confidence level based on the Wilcoxon
signed rank test. The dark green contours indicate the JFM climatological mean for each variable. Gold contours
highlight anomalies at intervals of 2 hPa, 0.48C, and 2 m s21 for SLP, SST, and both U850 and U200, respectively.
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side of the jet and a negative phase of the NAO. The most
significant changes in the composites are situated over the
Atlantic and the western U.S. coast, indicating that the
dynamical difference between the composites is likely due
to wave breaking and associated variations in the NAO.
We also note that seasonal mean fields show a smooth spa-
tial pattern that prevents us from observing actual Rossby
wave breaking (RWB) events.

Similar patterns are observed for the composites of AMJ
850- and 200-hPa geopotential height anomalies (Fig. 5). The
composite difference displays a low-level high over the subtrop-
ical Atlantic, similar to a positive phase of the NAO, when high
values of the JAS PC2 index are present. At upper levels, the
anticyclonically sheared signal is less pronounced in the AMJ
composites (in contrast to the AMJ composites in Fig. 4) and is
associated with a prominent low-level high over the subtropical
Atlantic region. We note that the lack of an AWB signal in
upper-level height anomalies may be due to seasonal shifts in
the vertical location relative to the 350-K surface used to evalu-
ate AWB (Kunz et al. 2015). Although there are some differ-
ences at upper levels for the tropical and extratropical regions,
composite differences in the subtropical Atlantic are relatively
weak.

b. The U200proj index

As described in section 3b, the strong correlation pattern
between JAS AWB-Ssummer index and JFM zonal wind anom-
alies (shown in the inset of Fig. 6) was projected onto an index
of JFM Atlantic 200-hPa zonal wind speeds averaged over
58–808N, 808–108W using Eq. (1) and the method outlined in
section 2b. Therefore, the subsequent index (U200proj) is a
measure of the strength of each year’s winter–summer rela-
tionship. We note here that AWB activity shows strong vari-
ability in multiple environmental fields that likely contain a
significant winter–summer AWB correlation (e.g., the SLP
anomaly fields). For this study, we focus on the evolving pat-
tern of variability in the 200-hPa zonal wind field.

Figure 6 compares the U200proj index to the summer AWB-S
and PC2 indices. The correlations between these three indi-
ces are outlined in Table 1. For the period 1979–2019, the
U200proj index has correlations of r 5 0.66 and r 5 0.45 with
JAS PC2 and AWB-Ssummer, respectively, and illustrates
that the winter U200proj index is a good indicator of summer
AWB-S variability. Correlations between the U200proj index
and the August–October environment are given in Fig. 7,
which indicates that the index’s associations are particularly
significant in the Caribbean region. The U200proj index is

FIG. 4. Composites of January–March (T 2 2 seasons) (left) 850- and (right) 200-hPa geopotential height anoma-
lies (in m) for (top) the 12 highest values vs (middle) the 12 lowest values for the July–September (T 2 0 seasons)
PC2 index. White contours (and gold contours in bottom panels) indicate intervals of 0.2 m; light green contours in
the top and middle rows highlight the zero anomaly contour. (bottom) Shaded regions indicate composite differences
statistically significant at the 95% confidence level based on the Wilcoxon signed rank test. Dark green contours in
the bottom row highlight the climatological mean.
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associated with anomalously high SLPs, anomalously low
SSTs, and anomalously strong VWS in the Caribbean
region. All of these conditions typically suppress Atlantic
hurricane activity (Jones et al. 2020). A prominent El Niño

signal is also evident in the SST correlations. Jones et al.
(2020) and Papin (2017) have shown that AWB activity has
a positive correlation with ENSO. The patterns shown in
Fig. 7 are consistent with the current understanding of
AWB’s environmental impacts.

c. The role of the NAO in AWB-S persistence

Figure 8a shows the monthly time series of U200proj, NAO,
and ENSO indices from 1979 to 2019. At zero lag, U200proj

FIG. 5. Composites of April–June (T 2 1 season) (left) 850- and (right) 200-hPa geopotential height anomalies
(in m) for (top) the 12 highest values vs (bottom) the 12 lowest values for the July–September (T 2 0 seasons) PC2
index. White contours (and gold contours in bottom panels) indicate intervals of 0.2 m; light green contours in the
top and middle rows highlight the zero anomaly contour. (bottom) Shaded regions indicate composite differences sta-
tistically significant at the 95% confidence level based on the Wilcoxon signed rank test. Dark green contours in the
bottom row highlight the climatological mean.

FIG. 6. Time series comparison of the July–September (T 2 0
seasons) AWB-S index (AWB-Ssummer), the second leading mode
of Atlantic VWS (PC2), and the U200proj index for the period
1979–2019. All indices are standardized over the period
1981–2010. The inset shows the correlation pattern between the
AWB-Ssummer index and JFM 200-hPa anomalies. Winter 200-hPa
zonal wind anomalies are projected against the inset pattern to
generate U200proj.

TABLE 1. Correlation coefficients between 1979 and 2019
July–September PC2 and (AWB-Ssummer) AWB shear indices,
the U200proj index, and 1982–2019 January–March subtropical
200-hPa zonal wind anomalies (U200subtropical) used as the
second predictor in the 2020 CSU early April statistical scheme.
Correlations statistically significant at the 95% significance level
are highlighted in boldface.

PC2 AWB-Ssummer U200proj U200subtropical

PC2 } 0.55 0.66 20.51
AWB-Ssummer 0.55 } 0.45 20.40
U200proj 0.66 0.45 } 20.81
U200subtropical 20.51 20.40 20.81 }
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has insignificant correlations with the NAO (rNAO 5 0.15)
and ENSO (rNiño3.4 5 0.06). The results of the cross-spec-
trum analyses shown in Fig. 8b indicate that U200proj and
NAO share a period of 3 months with a coherence of 0.49,
significant at the 95% confidence level. The quadrature
spectrum shows a positive phase difference of 1 month
when the U200proj leads the NAO, as shown in Fig. 8c.
Therefore, the strong winter AWB tends to precede a
positive NAO by 1 month. The cross-spectrum analysis
shows that U200proj is associated with low-frequency varia-
tions in the NAO. Furthermore, the persistence of AWB-
associated 200-hPa zonal wind anomalies observed earlier
in section 3a is facilitated by AWB’s forcing of the NAO
on seasonal time scales. This result is consistent with
U200proj being a projection of the subtropical component
of VWS variability (PC2). The result is also consistent with
earlier observations by Benedict et al. (2004) and Wool-
lings et al. (2008) of AWB forcing low-frequency variations
in the NAO.

The phase of the NAO has previously been linked to
variations in the location and strength of the Atlantic jet
stream (Martius et al. 2008; Woollings et al. 2008, 2010;
Zhang et al. 2016). Positive NAO anomalies reinforce the
anticyclonically sheared circulation that triggers further
AWB in the vicinity of the subtropical high, while negative
anomalies are associated with more cyclonically sheared
flow and a decline in AWB, leading to more cyclonic
wave breaking (Martius et al. 2008). While few studies
have examined the NAO and AWB during AMJ, we infer
that positive (negative) AMJ geopotential height anoma-
lies associated with positive (negative) winter AWB-S
(Figs. 4 and 5) encourage more (less) AWB in subsequent
seasons.

4. AWB inclusion in an early April extended-range
forecast for Atlantic hurricane activity

In section 3, we show that winter AWB activity can be
used to estimate the intensity of summer wave breaking
activity. We also show that abnormally strong winter AWB
activity can force a positive phase of the NAO that lags
AWB activity by a month. Franzke et al. (2004) suggested
that the AWB-forced NAO anomalies may be sustained
well into the summer by continued wave breaking through-
out the year (see Fig. 3). We have therefore interpreted the
U200proj index to be a quantitative indication of the persis-
tence of AWB-forcing on upper-level winds via the strength
of the winter–summer link. Table 2 shows that U200proj
has statistically significant correlations of r 5 20.35 and
r 5 20.41 with ACE and the number of hurricanes, respec-
tively. These results suggest that the perceived winter–
summer persistence in AWB activity via forcing of the
low-frequency NAO variability could be used to provide
additional skill to extended-range forecasts of seasonal TC
activity, particularly for seasons with unusually suppressed
TC activity like the 2013 season.

The JFM U200proj index’s contribution to skill is best
demonstrated with CSU’s 2020 early April forecast scheme
(Klotzbach et al. 2020). Below, we compare the performance
of the previous 2019 CSU early April forecast statistical
scheme to that of the revised 2020 early April scheme (Klotz-
bach et al. 2019). The 2019 forecast scheme is hereafter
referred to as the original model, and the 2020 forecast scheme
is referred to as the revised model. Table 3 lists the statistical
predictors used in Colorado State University’s 2019 early April
extended range forecast scheme, the regions over which the
predictors were averaged, and their correlation with June–
November ACE (Klotzbach et al. 2019).

FIG. 7. Pearson correlation coefficients between the U200proj index and August–October (a) SLP, (b) SST, (c) U850,
and (d) U200 fields for the period 1979–2019. The shading indicates statistical significance at the 95% level.
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The original statistical scheme includes the following as
predictors: January–March SSTs over the North Atlantic
region, March Atlantic SLP, February–March Pacific SLP,
and forecast values of the September Niño-3 index from the

ECMWF SEAS5 dynamical model (Table 3). Anomalously
high Atlantic SSTs in January–March are generally associated
with the positive phase of the AMM and an active TC season
(Klotzbach and Gray 2008). Higher SSTs are also associated
with weaker lower and upper tropospheric winds, weaker

FIG. 8. Cross-spectrum analyses between standardized monthly variations in the U200proj index, NAO, and Niño-
3.4 indices for the period 1979–2019. (a) Time series plots of monthly standardized U200proj (black), NAO (blue), and
Niño-3.4 (green) indices. (b) The coherence squared between U200proj and NAO (Coh2NAO, solid black line) and
U200proj and Niño-3.4 (Coh2Ni~no 3:4, dashed gray line). The critical frequency at which the coherence squared is stron-
gest in each spectrum is highlighted by the red dot, while shared frequencies are shown in blue. The threshold for
95% significance is highlighted by the dashed red line. (c) Phase difference between the U200proj index and the NAO
(solid black line) and Niño-3.4 (dashed gray line) indices. The red dot highlights the phase difference at the critical
frequency. Positive (negative) phase differences indicate that U200proj leads (lags) the climate indices.

TABLE 2. Correlation coefficients between 1979 and 2019
June–November metrics of TC activity [accumulated cyclone
energy (ACE), total number of named storms, total number of
hurricanes, and total number of hurricane days] and the
July–September (AWB-Ssummer) AWB shear indices, and the
U200proj index. Values highlighted in boldface indicate
correlations statistically significant at the 95% level.

AWB-Ssummer U200proj

ACE 20.61 20.40
Named storms 20.54 20.31
Major hurricanes 20.60 20.43
Major hurricane days 20.51 20.30
Hurricanes 20.56 20.46
Hurricane days 20.51 20.30

TABLE 3. List of predictor domains for the 2019 CSU early
April statistical scheme, and the correlation rACE between each
predictor and 1982–2019 accumulated cyclone energy (ACE).

Predictors Region rACE

January–March Atlantic SSTs
(predictor 1)

58S–358N, 408–108W 0.42

March Atlantic SLP
(predictor 2)

208–408N, 358–208W 20.20

February–March Pacific SLP
(predictor 3)

208–58S, 1208–858W 0.25

Predicted September Niño 3
(predictor 4)

58S–58N, 1508–908W 20.48
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VWS, and anomalously low sea level pressure over the Atlan-
tic MDR during August–October. High SLP anomalies are
associated with a stronger Azores high and lower SSTs in the
subtropics which is an indication of a less favorable environ-
ment for TC development. The third predictor, February–-
March southeastern tropical Pacific SLPs, is associated with
lower SLP anomalies, weaker low-level wind anomalies over
the Atlantic MDR and Caribbean regions and lower SSTs in
the eastern equatorial Pacific during August–October. These
are conditions consistent with a La Niña event. The fourth
predictor, predicted September Niño-3 SSTs, are an indicator
of the state of ENSO during the peak hurricane season and
are consequently negatively correlated with TC activity (r 5
20.48). Higher Niño-3 SSTs are associated with El Niño con-
ditions and an increase in VWS over the Atlantic, while lower
Niño-3 SSTs are associated with La Niña conditions and a
reduction in VWS.

Table 4 lists the three statistical predictors used for the
revised early April model. The revised statistical scheme
includes the JFM tropical–subtropical eastern Atlantic SSTs
retained from the original scheme, JFM subtropical Atlantic
200-hPa zonal winds, and February–March Coral Sea SSTs.
The new JFM subtropical Atlantic U200 predictor correlates
well with the U200proj index for the period 1982–2019
(r 5 20.81; shown in Table 1) and is associated with a weaker
than normal Azores high, weaker trade winds, and higher SSTs
over the Atlantic MDR. Higher than normal Coral Sea SSTs

are typically associated with lower pressure over the western
Pacific and higher pressure over the eastern Pacific. This pres-
sure gradient pattern favors enhanced tropical Pacific trade
winds, inhibiting El Niño development. The 2020 early April
statistical scheme has a correlation of r 5 0.66 with 1982–2020
ACE, whereas the ACE correlation for the early April 2019
scheme is r5 0.54 for 1982–2020.

Figure 9 shows the individual F values of each predictor in
the original and revised forecast schemes. The F and p values
are determined from the correlation between ACE and each
individual predictor. Therefore, the statistical values measure
the strength of the relationship between each predictor and
ACE. Here, we consider the F value of the predictor to be sta-
tistically significant if Fcritical . 2.01, yielding a p , 0.1. The
predictors of the revised forecast scheme all outperform those
of the original scheme. The JFM Atlantic SST predictor has
the highest F value with F 5 14 and F 5 17 for the original
and revised schemes, respectively. In the revised model, the
JFM U200 has an F value of 9 while the February–March
Coral Sea SST has an F value of 14. Figure 10 compares the
predictions made by the original and revised statistical models
for the years 1982–2020. Both schemes were trained on
1982–2010 ACE values and then tested on the period
2011–20. The MAE and r2 scores for the revised 2020 scheme
show strong improvements over the original for both the
training and testing periods. The original scheme fails to
explain any variance in ACE for the 2011–20 period.

5. Discussion and conclusions

Recent studies have shown that subtropical anticyclonic
wave breaking (AWB) influences seasonal North Atlantic
tropical cyclone (TC) activity via AWB’s forcing of tropical
vertical wind shear (VWS) (Zhang et al. 2016, 2017; Papin
et al. 2020). An index representing summer AWB-associated
environmental anomalies provides one way of quantifying

TABLE 4. List of predictor domains for the 2020 CSU early
April statistical scheme and the correlation rACE between each
predictor and 1982–2019 accumulated cyclone energy (ACE).

Predictors Region rACE

January–March Atlantic SST 58S–508N, 408–108W 0.56
January–March U200subtropical 17.58–27.58N, 608–208W 0.45
February–March Coral Sea SST 208S–08, 1458–1708E 0.52

FIG. 9. F-value statistic for each early April predictor in the (a) original CSU 2019 and (b) revised 2020 statistical
Atlantic hurricane forecast models. Each predictor is labeled with the associated p value. Statistically significant F val-
ues exceed Fcritical 5 2.01 for p5 0.1.

J O N E S E T A L . 21431 APRIL 2022

Brought to you by Colorado State University Libraries | Unauthenticated | Downloaded 03/23/22 12:35 AM UTC



AWB’s impact on the Atlantic MDR, adding skill to seasonal
predictions of TC activity (Jones et al. 2020). In this study, we
examine the use of the strong winter environment/summer
AWB–shear link to assess the predictability of AWB impacts
on seasonal TC activity and show that including the dynamical
effects of AWB is useful in seasonal TC predictions. The key
findings of our study are as follows:

1) There is a strong association between winter and summer
AWB shear impacts. Correlations significant at the 95%
confidence level between the July–September (JAS)
AWB-shear index and the January–March (JFM) 200-hPa

zonal wind field show anticyclonically sheared wind
anomalies that indicate wave breaking.

2) The strength of the winter–summer AWB relationship is
an indication of wave breaking–induced NAO anomalies.
Continuous wave breaking sustains seasonal NAO anom-
alies and provides a physical explanation for persistence
in seasonal AWB shear impacts.

3) Potential impacts of summer wave breaking on TC
activity can be estimated by projecting an index of
January–March 200-hPa zonal wind anomalies onto the
winter–summer AWB relationship, denoted here as
U200proj.

FIG. 10. Linear regression performance of the original CSU 2019 early April statistical scheme and the revised CSU
2020 early April statistical scheme. (a) Seasonal predictions of ACE based on the original 2019 early April statistical
scheme (blue) and the revised 2020 scheme (red) vs observed ACE values (in black) from 1982 to 2020. Solid lines
indicate the hindcast/training period from 1982 to 2010; transparent lines indicate the testing period from 2011 to
2020. Dark gray lines indicate near-normal activity between 66 3 104 and 111 3 104 kt2. Levels exceeding 111 3 104

kt2 are classified as above normal while levels less than 66 3 104 kt2 are classified as below normal. These definitions
are based on NOAA’s Atlantic hurricane season classification criteria as of 2020 (CPC 2020). (b) Scatterplots of ACE
forecasted by the original 2019 forecast scheme. (c) Scatterplots of ACE forecasted by the revised 2020 forecast scheme.
The mean absolute error (MAE) and variance explained (r2) is given for the full 1982–2020 period (MAE, r2) and the
training period 2011–20 (MAEpred, r2pred).
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4) The U200proj index is significantly correlated at 20.35
with ACE and 0.45 with summer AWB-shear indices. The
revised early April statistical seasonal hurricane forecast
model from CSU including an index closely related to
U200proj improves upon CSU’s 2019 early April
extended-range statistical forecast from 1982 to 2020.

The results of this study show that AWB-associated
200-hPa zonal wind anomalies are persistent within the envi-
ronment through their low-frequency covariability with the
quasi-stationary NAO. The low-frequency AWB–NAO rela-
tionship explains the strong correlations we observed between
winter AWB and summer AWB shear impacts and improves
the extended-range skill of seasonal TC predictions. We also
suspect that the U200proj index can account for above- or
below-normal subtropical Atlantic TC variability and offer
added skill in years with ENSO-neutral conditions where the
predictability of the large-scale environment is reduced
(Saunders et al. 2020; Wood et al. 2020).

One limitation of the U200proj index is due to the strong
nonlinear component of AWB variability. This means that
the winter–summer link and the U200proj index do not always
account for the magnitude of summer wave breaking impacts.
The U200proj index only accounts for 16% of the explained
variance in the summer AWB-shear index and may be under-
whelming as a predictor in multiple linear regressions along-
side the strong forcing from ENSO-related predictors. This
limitation raises a key question about TC prediction: Are cur-
rent schemes sophisticated enough to pick up the subtle dynam-
ical forcing (e.g., for AWB) that may drive the large-scale
atmospheric circulation, especially during ENSO-neutral con-
ditions? We intend to investigate the use of nonlinear regres-
sion techniques for Atlantic TC prediction in future work to
answer this question.

Acknowledgments. This research was supported by the
Office of Naval Research Award N000141613033, the G.
Unger Vetlesen Foundation, and the Fulbright Foreign Stu-
dent Program. We also thank the editor and the three
anonymous reviewers for their comments and suggestions
that helped to improve our manuscript. Thanks also to Eric
Maloney for providing valuable feedback on this study.

Data availability statement. Data generated and analyzed
for this study are freely available in the Mendeley Data
Repository (“Anticyclonic Rossby wave breaking (AWB)-
associated vertical wind shear anomalies, 1979–2019”) at
https://doi.org/10.17632/cmfbkdz4f6.1. All climate indices
were sourced from the National Oceanic and Atmospheric
Administration Physical Sciences Laboratory (PSL) Climate
Indices online database freely accessible at https://psl.noaa.
gov/data/climateindices/list/. The ERA5 data are freely avail-
able from the ECMWF’s Climate Data Store (CDS) online
platform at https://cds.climate.copernicus.eu/. The NOAA
Optimum Interpolation Sea Surface Temperature version 2
dataset can be accessed at https://psl.noaa.gov/data/gridded/
data.noaa.oisst.v2.html.

REFERENCES

Abatzoglou, J. T., and G. Magnusdottir, 2006a: Opposing effects
of reflective and nonreflective planetary wave breaking on
the NAO. J. Atmos. Sci., 63, 3448–3457, https://doi.org/10.
1175/JAS3809.1.

}}, and }}, 2006b: Planetary wave breaking and nonlinear
reflection: Seasonal cycle and interannual variability. J. Cli-
mate, 19, 6139–6152, https://doi.org/10.1175/JCLI3968.1.

Aiyyer, A. R., and C. Thorncroft, 2006: Climatology of vertical
wind shear over the tropical Atlantic. J. Climate, 19,
2969–2983, https://doi.org/10.1175/JCLI3685.1.

Bach, E., S. Motesharrei, E. Kalnay, and A. Ruiz-Barradas, 2019:
Local atmosphere–ocean predictability: Dynamical origins,
lead times, and seasonality. J. Climate, 32, 7507–7519, https://
doi.org/10.1175/JCLI-D-18-0817.1.

Baldwin, M. P., D. B. Stephenson, and I. T. Jolliffe, 2009: Spatial
weighting and iterative projection methods for EOFs. J. Cli-
mate, 22, 234–243, https://doi.org/10.1175/2008JCLI2147.1.

Barnston, A. G., and R. E. Livezey, 1987: Classification, seasonal-
ity and persistence of low-frequency atmospheric circulation
patterns. Mon. Wea. Rev., 115, 1083–1126, https://doi.org/10.
1175/1520-0493(1987)115,1083:CSAPOL.2.0.CO;2.

Bell, G. D., and Coauthors, 2000: Climate assessment for 1999.
Bull. Amer. Meteor. Soc., 81, S1–S50, https://doi.org/10.1175/
1520-0477(2000)81[s1:CAF]2.0.CO;2.

Benedict, J. J., S. Lee, and S. B. Feldstein, 2004: Synoptic view of
the North Atlantic Oscillation. J. Atmos. Sci., 61, 121–144,
https://doi.org/10.1175/1520-0469(2004)061,0121:SVOTNA.2.0.
CO;2.

Bowley, K. A., J. R. Gyakum, and E. H. Atallah, 2019: A new
perspective toward cataloging Northern Hemisphere Rossby
wave breaking on the dynamic tropopause. Mon. Wea. Rev.,
147, 409–431, https://doi.org/10.1175/MWR-D-18-0131.1.

Camargo, S. J., and A. H. Sobel, 2010: Revisiting the influence of
the quasi-biennial oscillation on tropical cyclone activity. J. Cli-
mate, 23, 5810–5825, https://doi.org/10.1175/2010JCLI3575.1.

}}, K. A. Emanuel, and A. H. Sobel, 2007: Use of a genesis
potential index to diagnose ENSO effects on tropical cyclone
genesis. J. Climate, 20, 4819–4834, https://doi.org/10.1175/
JCLI4282.1.

Chelliah, M., and G. D. Bell, 2004: Tropical multidecadal and
interannual climate variability in the NCEP–NCAR reanaly-
sis. J. Climate, 17, 1777–1803, https://doi.org/10.1175/1520-
0442(2004)017,1777:TMAICV.2.0.CO;2.

Chiang, J., and D. Vimont, 2004: Analogous Pacific and Atlantic
meridional modes of tropical atmosphere–ocean variability.
J. Climate, 17, 4143–4158, https://doi.org/10.1175/JCLI4953.1.

CPC, 2020: Background information: North Atlantic hurricane
season. NOAA Center for Weather and Climate Prediction,
accessed 24 February 2021, https://www.cpc.ncep.noaa.gov/
products/outlooks/Background.html.

Czaja, A., A. W. Robertson, and T. Huck, 2003: The Role of
Atlantic Ocean–Atmosphere Coupling in Affecting North
Atlantic Oscillation Variability. Amer. Geophys. Union,
147–172, https://doi.org/10.1029/134GM07.

Drouard, M., G. Rivière, and P. Arbogast, 2013: The North
Atlantic Oscillation response to large-scale atmospheric
anomalies in the northeastern Pacific. J. Atmos. Sci., 70,
2854–2874, https://doi.org/10.1175/JAS-D-12-0351.1.

}}, }}, and }}, 2015: The link between the North Pacific
climate variability and the North Atlantic Oscillation via

J O N E S E T A L . 21451 APRIL 2022

Brought to you by Colorado State University Libraries | Unauthenticated | Downloaded 03/23/22 12:35 AM UTC

https://doi.org/10.17632/cmfbkdz4f6.1
https://psl.noaa.gov/data/climateindices/list/
https://psl.noaa.gov/data/climateindices/list/
https://cds.climate.copernicus.eu/
https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.html
https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.html
https://doi.org/10.1175/JAS3809.1
https://doi.org/10.1175/JAS3809.1
https://doi.org/10.1175/JCLI3968.1
https://doi.org/10.1175/JCLI3685.1
https://doi.org/10.1175/JCLI-D-18-0817.1
https://doi.org/10.1175/JCLI-D-18-0817.1
https://doi.org/10.1175/2008JCLI2147.1
https://doi.org/10.1175/1520-0493(1987)115<1083:CSAPOL>2.0.CO;2
https://doi.org/10.1175/1520-0493(1987)115<1083:CSAPOL>2.0.CO;2
https://doi.org/10.1175/1520-0477(2000)81[s1:CAF]2.0.CO;2
https://doi.org/10.1175/1520-0477(2000)81[s1:CAF]2.0.CO;2
https://doi.org/10.1175/1520-0469(2004)061<0121:SVOTNA>2.0.CO;2
https://doi.org/10.1175/1520-0469(2004)061<0121:SVOTNA>2.0.CO;2
https://doi.org/10.1175/MWR-D-18-0131.1
https://doi.org/10.1175/2010JCLI3575.1
https://doi.org/10.1175/JCLI4282.1
https://doi.org/10.1175/JCLI4282.1
https://doi.org/10.1175/1520-0442(2004)017<1777:TMAICV>2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017<1777:TMAICV>2.0.CO;2
https://doi.org/10.1175/JCLI4953.1
https://www.cpc.ncep.noaa.gov/products/outlooks/Background.html
https://www.cpc.ncep.noaa.gov/products/outlooks/Background.html
https://doi.org/10.1029/134GM07
https://doi.org/10.1175/JAS-D-12-0351.1


downstream propagation of synoptic waves. J. Climate, 28,
3957–3976, https://doi.org/10.1175/JCLI-D-14-00552.1.

Franzke, C., S. Lee, and S. B. Feldstein, 2004: Is the North Atlan-
tic Oscillation a breaking wave? J. Atmos. Sci., 61, 145–160,
https://doi.org/10.1175/1520-0469(2004)061,0145:ITNAOA.

2.0.CO;2.
Goldenberg, S. B., C. W. Landsea, A. M. Mestas-Nuñez, and
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