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Abstract Atmospheric rivers (ARs) are elongated areas of pronounced atmospheric water vapor transport
that play an important role in the hydrological cycle over North America during winter. We investigate the
sources of winter seasonal AR predictability over North America using average predictability time (APT)
analysis. The skill of seasonal AR frequency predictions, in dynamical model forecasts provided by the
Seamless System for Prediction and Earth System Research, is nearly entirely attributable to three physically
interpretable APT modes that together represent about 19% of the total seasonal AR frequency variance. These
three modes represent the AR response to the El Nifio-Southern Oscillation, anthropogenic forcing and
equatorial heating over the eastern flank of the western Pacific warm pool, respectively. We further show that
these three modes, calculated from AR frequency, explain nearly all winter seasonal precipitation forecast skill
over North America.

Plain Language Summary Atmospheric rivers (ARs) are long and narrow atmospheric weather
systems that carry large amounts of water vapor. ARs typically cover areas larger than 300,000 km? and
accompany significant precipitation changes over the U.S. Previous research has shown that we can predict,
with modest accuracy, how often ARs will occur in upcoming winter seasons over the U.S. In this study, we
investigate what factors contributed to these predictions of wintertime AR frequency. We use a method called
average predictability time analysis to identify predictable AR patterns over North America from a model
seasonal forecast data set. Three key weather patterns are identified, which are closely tied to (a) El Nifio
Southern Oscillation, (b) anthropogenic climate change, and (c) an equatorial sea surface temperature anomaly
west of the dateline. In our current modeling systems, the overall accuracy of our AR predictions is owed nearly
entirely to these three weather patterns.

1. Introduction

Atmospheric rivers (ARs) are narrow and elongated areas of pronounced water vapor transport in the atmosphere
that typically reside ahead of cold fronts within the warm conveyor belt of extratropical cyclones (Dettinger
etal.,2015; Z. Zhang et al., 2019; Zhu & Newell, 1998). Collectively accounting for about 90% of the water vapor
transport over midlatitudes (Zhu & Newell, 1998), ARs play an important role in extratropical climate. The
hazardous conditions associated with ARs, including heavy precipitation and floods (e.g., Corringham
et al., 2019; Ralph et al., 2006), pose significant challenges to society. However, ARs also represent a critical
component to the hydrological cycle through, for example, their role in maintaining water availability and
modulating snowpack (e.g., Dettinger, 2011, 2013; Guan et al., 2010). Both the detrimental and beneficial im-
pacts associated with ARs underscore the need to improve AR prediction across a range of timescales.

Many studies have focused on AR predictability from synoptic to seasonal timescales, particularly along the U.S.
west coast (e.g., Baggett et al., 2017; DeFlorio et al., 2018; DeFlorio, Waliser, Guan, et al., 2019; DeFlorio,
Waliser, Ralph, et al., 2019; Nardi et al., 2018; Tseng et al., 2021; Wick et al., 2013; Zhou & Kim, 2018). On
synoptic, that is, weather timescales (~10 days or less), daily AR prediction aligns well with conventional
wisdom, with skill declining considerably for leads of greater than 7 days (DeFlorio et al., 2018; Nardi
et al., 2018; Wick et al., 2013), though with extension possible if the state of El Nifio-Southern Oscillation
(ENSO) and the Pacific-North American teleconnections are considered (DeFlorio et al., 2018; Dong et al., 2024).
AR prediction beyond the weather timescale, such as on subseasonal-to-seasonal timescales (i.e., about 2 weeks—
3 months) tends to be less skillful (e.g., DeFlorio et al., 2018; DeFlorio, Waliser, Guan, et al., 2019; DeFlorio,
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Waliser, Ralph, et al., 2019; W. Zhang et al., 2024), but some studies have nevertheless shown that skillful weekly
averaged AR anomaly predictions are attainable, with skill over the U.S. west coast deriving mostly from large-
scale teleconnections including those of the Madden-Julian Oscillation and the Quasi-Biennial Oscillation (QBO,
Baggett et al., 2017; DeFlorio, Waliser, Ralph, et al., 2019; Mundhenk et al., 2018; Nardi et al., 2018). Globally,
AR predictability on subseasonal timescales is also correlated to the Northern Annular Mode and ENSO
(DeFlorio, Waliser, Guan, et al., 2019).

Although the skill and sources of subseasonal AR prediction are relatively well established, the skill and sources
of seasonal AR prediction remain a subject of continuing investigation. Whereas Zhou and Kim (2018) found
modest 3-month lead skill in predicting winter AR frequency using seasonal forecasts from the North American
Multi-Model Ensemble (NMME, Kirtman et al., 2014), Tseng et al. (2021) showed that winter AR frequency can
be skillfully forecast over much of the midlatitudes, particularly along the west coast of North America for lead
times of up to 9 months using the Seamless System for Prediction and Earth System Research (SPEAR, Delworth
et al., 2020), one of the models currently contributing to the NMME. Both Zhou and Kim (2018) and Tseng
et al. (2021) presented evidence that ENSO plays a role in generating seasonal AR predictability. Zhou and
Kim (2018) showed that seasonal AR forecasts over the U.S. west coast from the NMME are more skillful during
ENSO years while Tseng et al. (2021) showed that the leading mode of seasonal AR variability over the North
Pacific is correlated to ENSO in reanalysis data.

While it appears clear that ENSO plays a role in modulating seasonal AR predictability, it remains unclear
whether additional predictability sources can contribute to skillful seasonal forecasts of AR activity and their
associated precipitation over North America. This problem has received a heightened focus over the past decade,
given the observed deviations from the expected ENSO precipitation response over the western U.S. during some
recent ENSO events (DeFlorio et al., 2024; Jiang et al., 2022; Kumar & Chen, 2020). A significant fraction of AR
activity over North America is owed to sources independent to ENSO (Ding & Wang, 2024). However, the
ENSO-independent component to seasonal precipitation variability over California is not skillfully predicted in
the NMME (Jiang et al., 2022). This limits precipitation prediction skill from dynamical models, as measured by
the anomaly correlation, to values of near 0.3 over the U.S. west coast on seasonal timescales (as has been
documented before, e.g., Kumar & Chen, 2020). Given this finding and that ARs drive a significant fraction of
seasonal precipitation anomalies over western North America (Dettinger et al., 2011; Guan et al., 2010), it may be
challenging to produce skillful seasonal AR and precipitation forecasts that outperform composites or linear
regressions derived from statistical relationships with ENSO.

This gap in understanding, coupled with the profound impacts that ARs and their associated precipitation have on
North America, motivates the following questions: (a) what are the sources of seasonal wintertime AR pre-
dictability over North America? (b) Is there any leverageable predictability source beyond canonical ENSO? (c)
How much of the seasonal wintertime precipitation prediction skill can be explained by wintertime AR prediction
skill?

To address these questions, we analyze data provided by the SPEAR prediction system. In Section 2 we discuss
the data and methods used, including the hindcast and real-time forecast simulations provided by the SPEAR
prediction system. Section 3 discusses the results, which covers the sources of seasonal AR predictability and
their connection to precipitation. Finally, Section 4 concludes with a summary and remaining knowledge gaps.

2. Data and Methods
2.1. Model Forecast and Verification Data

In this study we evaluate the skill and predictability sources of seasonal AR frequency hindcasts and real-time
forecasts from SPEAR, using the fifth generation European Centre for Medium Range Weather Forecasts
reanalysis (ERAS, Hersbach et al., 2020) as a verification data set. SPEAR is a fully coupled prediction system,
developed at the Geophysical Fluid Dynamics Laboratory, that includes the AM4 atmospheric model, LM4 land
model, MOMS6 ocean model, and SIS2 sea ice model (Delworth et al., 2020). In this study, SPEAR's native
horizontal resolution in the atmosphere and land is about 50 km and ~1° in the ocean, while ERAS5's native
resolution is 31 km. We analyze the data, for both SPEAR and ERAS, at a common 0.5° horizontal resolution.

SPEAR seasonal hindcasts, which cover the 1991-2020 period, are comprised of 15 ensemble members that are
initialized on the first of the month and integrated forward for the next 12 months. The initialization incorporates
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the SPEAR ocean data assimilation in combination with a separate set of ensemble coupled simulations with
atmospheric conditions and sea surface temperatures (SSTs) nudged toward observations (see Lu et al. (2020) for
additional details). The real-time SPEAR forecasts that have contributed to the NMME began in 2021 and follow
the same initialization and integration procedures but incorporate 30 instead of 15 ensemble members; however,
we include only the first 15 ensemble members for analysis consistency (note that we use the general term
“forecasts” for the data set that combines the hindcasts with the real-time forecasts). We analyze all boreal winters
(December-February, DJF), the season in which ARs are generally most active over the Northern Hemisphere
(e.g., Mundhenk et al., 2016), from 1991 through 2023. The results are not sensitive to other reasonable defi-
nitions of winter (e.g., January-March).

We track ARs using daily mean data from both ERAS5 and the SPEAR forecasts using the tracking method
developed by Mundhenk et al. (2016), though we found similar results using the TempestExtreme tracking
method (Ullrich & Zarzycki, 2017; see Figure S1 in Supporting Information S1). Previous studies have shown
that AM4 faithfully captures many observed features of ARs (Dong et al., 2024; Zhao, 2020). Details on the AR
tracking method, included in Supporting Information S1, are similar to those outlined in Tseng et al. (2021).

2.2. An Overview of Average Predictability Time Analysis

To determine the sources of AR predictability on seasonal timescales, we deploy average predictability time
(APT) analysis (DelSole & Tippett, 2009a, 2009b), a method often used to identify predictable patterns in forecast
data sets (e.g., Jiaet al., 2015, 2022, 2023; Xiang et al., 2019; Yang et al., 2015). Although APT analysis relies on
forecast uncertainty being well characterized by second-moment statistics, which may not hold over regions with
low climatological AR frequency, these statistics remain valid over midlatitude regions with frequent AR oc-
currences. By analogy to empirical orthogonal function (EOF) analysis, which decomposes a data set into spatial
patterns that optimize variance (e.g., DelSole & Tippett, 2022b; Wilks, 2011), APT analysis decomposes a data
set into spatial patterns that optimize APT, defined as,

© 2
APT =2 2(1 —:TZ>AT ©)
=0

)

where 6,2 represents the climatological variance, ,” the forecast variance at lead time 7, and Az the duration
(i.e., number of days) separating each lead time. APT is a measure of the signal-to-noise ratio integrated over lead
time that scales with the maximum lead in a forecast for which a signal can be detected above noise (see DelSole
and Tippett (2009a, 2009b) for more details).

A first step in conducting APT analysis is defining the climatological and forecast covariance matrices, X, and
2. In this study, the climatological covariance matrix is defined as,

(x - <x>1,e) (x - <x>1,e)T
WwN-1) '

T, = @)

where x is an [M X N] matrix containing N = 4,950 area-weighted AR frequency anomaly fields of M = 29,120
spatial grid points at a given verification time ¢ (target year, hereafter), lead time z and ensemble member e and
where (-). denotes an average over the dimension(s) indicated by the subscript(s). Thus, the target year ¢, lead time
7 and ensemble member ¢ dimensions are aggregated into a single “state”” dimension of length N = (15 members
X 10 lead times X 33 verification times) = 4,950. The forecast covariance matrix is defined for each lead time 7 as,

(o2 = (5005 = G0, )')

ET - (Nens - 1) t’ (3)

where N,

ens 18 the length of the ensemble dimension (15 in this study) and x, , has dimensions [M X N, ]. There are

exactly 10 lead times for which Z, is computed (denoted as lead O for 1 December initializations and lead 9 for 1

9 months

March initializations), meaning that APT is approximated as APT ~ 2 %, " (l - ;’—’Z)AT, with an upper
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bound of 18 months. For notational ease, we hereafter let x’ = x — (x),,. (Also note that above, “anomaly” refers
the deviation from the mean taken along the target year dimension only).

To identify the patterns that optimize APT, we solve the following generalized eigenvalue problem,
GO =AX,0, @)

where G = 222:0(200 — XAz, The set of eigenvectors Q = {q,, 45, ..., g5} that satisfy 4 are termed pro-
Jjection patterns whose corresponding eigenvalues A = {1,, 4,, ..., 4;,} represent the APT of the predictable
variates, v = {q;"x'.q,"x’, ... ,q)"x'}, where we have adopted the terminology used in DelSole and Tip-
pett (2022a). The predictable variates quantify how these spatial patterns vary as a function of target year, lead
time and ensemble member.

1,T

We define the ith predictable pattern by projecting v; onto x', p; = (:,%

— /
§ = 2 .4;, and we can decompose x’ as

follows,

x'=pvi+pvat ... +PyVu (5)

(DelSole & Tippett, 2009a, 2009b). Because the projection vectors obey the following constraint,

0 ifi#j
T
q; Toqj = (6)
! d 1 otherwise

the predictable variates are orthogonal along the state dimension. In other words, much like the principal com-
ponents in EOF analysis are temporally uncorrelated, the predictable variates in APT analysis are also uncor-
related, but across three dimensions merged—Ilead time, verification time and ensemble member. Finally, as this
analysis has been done such that the variance of each predictable variate is unity 6, the variance of the ith pre-
dictable component, py;, is entirely contained in the predictable pattern p;, such that the fraction of variance
explained by the ith predictable component is given by p! p,/ <x’ Ty >

T.e°

Minimally, for 4 to have a unique solution, the size of the spatial dimension must be less than that of the state
dimension, that is, M < N (e.g., DelSole & Tippett, 2009b; Schneider & Griffies, 1999). To reduce the spatial
dimensionality, we regularize by truncated EOF analysis (e.g., DelSole & Tippett, 2009b; Schneider & Grif-
fies, 1999), by defining a truncated AR anomaly data set as x* = Ex, where E is an [M* X M] matrix containing
M* =25 EOF patterns of M spatial grid points, where M* < N. The M* =25 EOFs explain approximately 78% of
the total area-weighted variance (the results are not sensitive to the choice of M*). After solving 4 in principal
component space, we move the resulting patterns to physical space with p = Ep*, where p* represents the
predictable patterns in principal component space. For more details on this, DelSole and Tippett (2022a) overview
similar steps for predictable component analysis (e.g., DelSole & Chang, 2003; Schneider & Griffies, 1999). The
Data Availability Statement includes an APT function written for Python.

3. Results

To begin, we show the first three predictable patterns in Figures 1a—1c resulting from the APT analysis of AR
frequency, together with their associated precipitation patterns (Figures 1d-1f) expressed as a regression of
SPEAR precipitation forecasts on the predictable variates (Figures 1g and 1h). Figure S2 in Supporting Infor-
mation S1 depicts patterns 4 through 6, though we focus on patterns 1 through 3 because these patterns contain
most of the predictability in the SPEAR AR frequency data set (Figure 2).

Spatially, patterns 1 and 3 are approximately out-of-phase (Figures 1a—1c) and characterized by three meridio-
nally stacked anomalies of AR activity over the eastern North Pacific Ocean. Whereas pattern 1 features sup-
pressed AR activity at about 45°N over the eastern North Pacific and flanked meridionally by enhanced AR
activity, pattern 3 features enhanced AR activity at about 38°N and flanked meridionally by suppressed AR
activity. Along the southeast U.S., where pattern 1 has a dipole oriented southeast to northwest and centered over
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Figure 1. The (a—c) first three predictable patterns resulting from average predictability time (APT) Analysis, accompanied by the regression of panels (d—f) precipitation
(shading) and extreme precipitation frequency (contours) onto the panels (g—i) predictable variates that vary as a function of target year (x-axis) and lead time in months
(colors). The APT is indicated parenthetically in the 1st column and the explained variance (%) is also indicated in both the 1st and 2nd columns. The contour interval for
the precipitation extremes is 1 day, and an extreme is defined as any day that exceeds the 90th percentile of all precipitating days. Thick lines in panels (g—i) show the
ensemble mean while the thin translucent lines show the ensemble members, and the black line shows the ERAS atmospheric river frequency anomalies projected onto
the projection patterns (Q; see methods). The (j—1) correlations between ERAS and the variates are shown as a function of lead time for both the ensemble mean (black)
and each individual ensemble member (blue). Supporting Information S1 includes details about the regression and definition of precipitation extremes.
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Figure 2. The (a) explained variance and (b) ensemble mean correlation skill as a function of lead time in months (colors) for
each average predictability time (APT) mode (x-axis) resulting from APT analysis in the Pacific-North America domain
(50°W-180°W and 20°N-90°N). The black line in panel (b) represents the correlation averaged over lead time. Statistical
significance at the 10% level, based on a permutation test, is indicated with filled markers. The gray dashed lines also indicate
the S5th and 95th percentiles from a Student's #-test with 30° of freedom. Supporting Information S1 includes additional details

about the significance testing.
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northern Florida, pattern 3 features a single negative anomaly. Overall pattern 3 is characterized by centers of
action that collocate with the gradient in pattern 1 and vice-versa. This relationship differs from what is seen in
pattern 2, which is more straightforwardly characterized by two centers of enhanced AR activity over the eastern
Pacific Ocean and western Atlantic Ocean.

The seasonal mean (shading) and extreme (contours) precipitation changes that accompany the AR frequency
anomalies share the same characteristics (Figures 1d—1f). The first pattern is associated with dry conditions over
the U.S. Pacific Northwest that coincide with wet conditions over southern Alaska and over the U.S. Southwest,
extending southeast through Mexico and into Florida (Figures 1d-1f). In contrast, pattern 3 is most strongly
associated with wet conditions over the U.S. Pacific Northwest extending throughout most of California and
coastal British Columbia, while pattern 2 primarily produces precipitation anomalies over the North Pacific
Ocean.

By projecting ERAS AR frequency anomalies onto the projection patterns, we see that ERAS falls rather cleanly
within the model spread (Figures 1g—1i) and the correlations evaluated for each mode (shown in Figures 1j—11)
decrease with increasing mode. The blue and black markers in Figures 1j—11 show that the ensemble mean
consistently outperforms individual ensemble members, indicating how much the skill from a single realization
may deviate from that of the ensemble mean. Modes 1 and 2 are skillfully predicted, with correlations for the
ensemble mean SPEAR forecasts exceeding 0.5 for all leads up to 9 months and 0.7 for many leads (Figure 1j),
while mode 3 has correlations of between 0.4 and 0.5 for most leads (Figures 1k and 11). Also, Figures 1g—1i,
which show the variates for each lead time and ensemble member (see legend), illustrate the key property that
APT orders the modes by signal-to-noise ratio; the variates are clustered closer together in mode 1 than in mode 2
and in mode 2 more than in mode 3. Thus, the decrease in forecast skill from modes 1 to 3 follows the decrease in
predictability.

In Figure 2, we show that although modes 1 through 3 account for much of the skill in SPEAR AR frequency
forecasts, they account for only about 19% of the total seasonal AR frequency variance in the Pacific-North
America domain (50°W-180°W and 20°N-90°N). Figure 2a shows the explained variance for each of the 25
APT modes, while Figure 2b shows the correlation with ERAS for each lead time (colors) and the average
correlation across all lead times (black). The only patterns which have unanimously positive skill over all leads
are patterns 1 through 3 and 5, indicating, as stated earlier, that most of the AR frequency forecast skill is
attributable to these four patterns. These results imply that seasonal AR prediction over the western U.S. is
challenging. The forecast skill for the remaining patterns, in comparison, is not significant for most leads, despite
mode 6 accounting for nearly 10% of the variance (Figures 2a and 2b).

In Figure S1 in Supporting Information S1, we examine mode 5, which is predicted with marginal skill
(Figure 2b), and mode 6, which explains a large fraction of the AR frequency variance (Figure 2a). Mode 5 is
associated with anomalous AR activity of the same sign along the western and eastern coasts of the U.S. and is
associated with precipitation over the California coast (Figures S1b and Sle in Supporting Information S1).
Despite evidence of modest skill, the predicted amplitude of mode 5 is generally much lower than that of veri-
fication (Figure S1h in Supporting Information S1). Mode 6 is characterized by large amplitude anomalies over
the ocean, producing the large explained variance in this pattern (similar to the first EOF of AR activity shown in
Tseng et al. (2021)). However, mode 6 has a weaker correlation with tropical variability (Figure S3 in Supporting
Information S1), and is less predictable seasonally, than lower numbered APT modes.

Truncating the DJF AR frequency data set to the first three APT modes using 5, we find no appreciable difference
between the skill of the resulting filtered data set and that of the original data set (Figures 3a—3c). We also tested
this under cross validation to determine whether filtering forecast data can improve skill, as found in earlier
studies (e.g., Jia et al., 2022). The results in Figures 3a—3c are obtained through a “leave-one-out” approach (e.g.,
Black et al., 2017)—reconstructing each year using slightly different APT patterns and variate values that are
derived without including the data from the verification year in the APT analysis. Though this cross-validation
approach unrealistically assumes knowledge of future data not available in a real-time forecast setting (Risbey
etal., 2021), we find that filtering forecast data by APT patterns would not improve skill anyway (Figures 3c-3f).
Thus, we limit our conclusion to these modes being the primary sources of skill over North America. Figure S3 in
Supporting Information S1 shows the results without cross validation, and with the inclusion of only modes 1 and
3, indicating that the broad conclusions are insensitive to cross-validation and that the trend (mode 2) contributes
only modestly to North American precipitation skill. Including mode 5 in the reconstruction does not significantly

CLARK ET AL.

6o0f 11

85UB01 7 SUOWILLOD AIKERID 3ol jdde ayy Aq peusenob a1 sejole O ‘8sN JO S3|n. 1oy Akeiq 18Ul UO /8|1 UO (SUOHIPUOO-PUR-SLUIBYWI0D A8 1M AleIq 1 [oul [UO//S1Y) SUORIPUOD Pue SWLB | 8U) 88S *[5202/60/72] U0 A%iqi8uluo A8 |IM ‘4O Inisu| euolieN Ues|n AQ TTHZTT 19%202/620T 0T/I0p/Liod As|im AreiqipuljuosgndnBe//sdny Wwoly pepeojumod ‘2 ‘520z ‘L008r76T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2024GL112411

AR Frequency Precipitation

90°N

a) original . : d) orlglnal

75°N 1
60°N -
45°N _"“._.1.'

30°N A

90°N
75°N 1
60°N -
45°N

30°N A

90°N
75°N 1
60°N -
45°N -

30°N A

o=
180° 150°W  120°W  90°W 60°wW 180° 150°W  120°W  90°W 60°W
N 1 L [ — e [ I 1 [ — .

-09 -0.6 -0.3 0.0 03 0.6 09 -09 -0.6 -0.3 0.0 03 0.6 0.9
anomaly correlation anomaly correlation

Figure 3. The correlation between ERAS and SPEAR hindcasts averaged over lead time for (a, b) DJF atmospheric river
frequency and (d, e) precipitation. Panels (b, e) show the correlation when the data set is truncated to three average
predictability time modes, while panels (c, f) show the difference (as middle minus top). The overall correlation, defined by
computing the covariance over both time and (area-weighted) space dimensions, is shown in the top right corner of panels (a,
b, d, and e). Stippling indicates statistical significance based on a permutation test, where the false discovery rate is controlled
using the Benjamini and Hochberg (1995) procedure at the @ = 0.1 level. Supporting Information S1 includes additional
details about the significance testing.

improve the skill of the reconstructed data set, despite the variate for pattern 5 being relatively well forecast
(Figure 2b). However, removing mode 3 from the reconstruction reduces skill slightly (not shown), implying that
the skill of the DJF AR frequency is attributed nearly entirely to the first three modes.

Taking this reconstruction further, in Figures 3d-3f we reconstruct the precipitation data set from SPEAR
forecasts using the regression patterns in Figures 1d-1f in place of the APT patterns in the reconstruction
Equation 5. In Figures 3d-3f, this reconstructed precipitation data set has skill comparable to the original SPEAR
precipitation hindcast (Figures 3d-3f). Also, note that applying APT analysis to precipitation directly instead of
AR frequency results in nearly identical patterns to those shown in Figures 1d-1f (Figure S4 in Supporting
Information S1).

That the first three APT modes explain nearly all seasonal mean AR frequency and precipitation prediction skill
(Figure 3) prompts investigation into what physical processes drive these modes. By regressing precipitation
(left), SST (right) and 500 hPa geopotential height (contours) on the predictable variates, we show in Figures 4a
and 4d that mode 1 is associated with ENSO. In particular, the precipitation anomaly pattern and SST anomaly
patterns in Figures 4a and 4d are canonical to ENSO (e.g., Philander, 1983), as supported by the correlation
between the mode 1 variate and the Nifio-3.4 index (along the aggregated state dimension in SPEAR) of 0.73.
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Figure 4. Regression of SPEAR (a—c) precipitation, (d—f) sea surface temperature and 500 hPa geopotential height (contours) on the predictable variates for average
predictability time modes 1 through 3. The regression coefficient is computed along the entire merged “state” dimension (i.e., target year, lead time and ensemble
member merged into a single dimension). The contour interval for geopotential height is 8 m where the zero contour is omitted. Stippling indicates statistical
significance based on a permutation test, where the false discovery rate is controlled using the Benjamini and Hochberg (1995) procedure at the & = 0.1 level. Supporting
Information S1 includes additional details about the regression and significance testing.

That the first APT mode represents ENSO is also consistent with previous work showing skillful ENSO pre-
dictions in SPEAR for leads as long as 12 months (e.g., Lu et al., 2020).

Revisiting Figure 1g, we see the predictable variates for mode 1 peak during well-known El Nifio years, including
1998 and 2010. Interestingly, while the predictable variates for mode 1 also peak in 2016, which was a strong El
Niflo winter, the projection of ERAS data onto mode 1 does not peak in 2016 (Figure 1g). This aligns with 2016
winter season deviating substantially from the canonical ENSO signal (e.g., Kumar & Chen, 2020).

Turning our attention to mode 3, we see an interesting and perhaps unexpected result in Figures 2¢ and 2f: a wave
train emanating from the tropics, as in mode 1, but in association with tropical precipitation and SST anomaly
patterns distinct from that of canonical ENSO. Though this SST anomaly pattern resembles central and western
pacific type ENSO events, the NCT and NWP indices (SST-based indices used to characterize central and western
ENSO events; Ren & Jin, 2011), are correlated to the mode 3 variates in SPEAR with only modest values of 0.10
and —0.28, respectively. The zonal tripole of precipitation characterizing mode 3 extends from the western to
central equatorial Pacific; precipitation is enhanced over the western warm pool and central equatorial Pacific,
while suppressed between these regions, over the eastern flank of the western Pacific warm pool (hereafter, EWP;
Figure 2c). Coinciding with the suppressed precipitation, the SST anomaly pattern is negative over the EWP,
where an extratropical Rossby wave response appears to originate (Figure 2f; e.g., Hoskins & Karoly, 1981).

Consistent with the predictable patterns in Figures la and 1b, which were characterized by out-of-phase AR
frequency anomalies, the geopotential height anomalies associated with modes 1 and 3 are also out of phase with
each other. Both patterns 1 and 3 appear to represent a response to equatorial diabatic heating, given their great-
circle-like trajectory in the geopotential height field that originates over the subtropical North Pacific (e.g.,
Hoskins & Karoly, 1981). Considering their tropical origin, it is possible that patterns 1 and 3 owe their out-of-
phase extratropical anomalies to a zonal displacement of the equatorial diabatic heating anomalies driving them,
as evidenced by the precipitation and SST anomaly fields in Figures 4a, 4c, 4d, and 4f. Specifically, comparing
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Figures 4d and 4f, the positive SST anomaly for mode 1 maximizes east of 180°, whereas the negative SST
anomaly for pattern 3 maximizes west of 180°.

In contrast with modes 1 and 3, mode 2 (as well as modes 4—6; Figure S2 in Supporting Information S1) does not
exhibit a clear teleconnection with the tropics. Instead, the second APT mode of seasonal AR variability is
dominated by the trend. The predictable variate for this pattern clearly trends positively (Figure 1i) and when
regressing the SST onto the predictable variate, we see the global warming signal (Figure 4e), including Arctic
amplification (e.g., Previdi et al., 2021) and the North Atlantic warming hole (e.g., Keil et al., 2020). The uni-
formly positive AR anomalies in mode 2 (Figure 1b) also agree with projected AR changes reviewed by Payne
et al. (2020).

The emergence of the trend in the second mode raises the following question: why does ENSO have a larger APT
than the trend? Presumably the trend would be the first APT mode if more than 9 months of lead time were
included in the forecast, as the signal-to-noise ratio for ENSO would decline with lead while remaining relatively
constant with lead for the trend. Another interesting question is whether SPEAR correctly represents the rela-
tionship between these predictable modes and the SST-driven teleconnections. When regressing ERAS data on its
predictable variates, the 500 hPa geopotential height resembles that from SPEAR for both mode 1 and mode 3 (cf.
Figure 4c and Figure S5c in Supporting Information S1), however ERAS5's SST anomaly pattern for mode 3
includes not only a negative anomaly over the EWP, but also a considerable El Nifio anomaly, albeit with limited
zonal extent (Figure S6-S8 in Supporting Information S1). This mode 3 El Nifio bias is reduced for shorter lead
times (Figure S8 in Supporting Information S1). Further investigation of this bias is deferred to future work.

4. Summary and Conclusions

In this study, we applied APT analysis to determine the dominant patterns and sources of DJF AR predictability
over North America in SPEAR hindcast and forecast simulations over 9-month of lead time. The first three
components of APT analysis together explain nearly all of the seasonal AR frequency skill and account for about
19% of the total DJF variance in the Pacific-North America domain. The first mode represents the AR response to
ENSO, while the third mode is out of phase with the first and reflects a response to tropical variability in the EWP.
In contrast with modes 1 and 3, the second APT mode is unrelated to tropical variability and instead is closely
related to the trend due to anthropogenic forcing. Modes 1 and 3 feature seasonal AR frequency and precipitation
anomalies over North America.

Previous work suggests that canonical ENSO-based precipitation forecasts over North America are difficult to
outperform (Jiang et al., 2022), prompting the question, “is there any source of seasonal precipitation predict-
ability beyond ENSO?” That the second and third APT modes contribute to skillful AR frequency and precip-
itation forecasts implies sources of predictability beyond canonical ENSO do indeed exist, for both ARs and
precipitation. Specifically, tropical variability over the EWP in mode 3 drives significant extratropical circulation
anomalies that are out of phase with the canonical ENSO circulation response and can aid in AR prediction.
Furthermore, mode 2 implies that anthropogenic forcing increases the frequency of ARs from one year to the next,
though these increases in AR frequency are unaccompanied by pronounced seasonal mean precipitation anom-
alies over North America.

Given that the interest in seasonal AR prediction is rooted in how the accompanying precipitation impacts society,
another question of interest is whether precipitation predictability is tied to AR predictability generally. We found
that nearly all of the skill in SPEAR's seasonal mean precipitation forecasts can be reconstructed with the first
three APT modes of seasonal AR frequency, and conclude that the predictable precipitation signal is nearly
entirely associated with that of AR frequency. In other words, seasonal DJF AR and precipitation predictability
over North America are driven by the same sources.

One of the more unexpected findings in this study was mode 3 featuring a pattern that does not match obviously
with any previously identified teleconnection. It is possible that mode 3 represents ENSO diversity in some way
(e.g., Ashok et al., 2007). The fact that mode 3 correlates to ENSO in ERAS, but not in SPEAR, supports this
possibility while also raising the possibility that the model does not capture a real-world mode 3-ENSO rela-
tionship. However, more research is needed to rule out the possibility that mode 3 is itself an independent
phenomenon. Future work should also investigate the extent to which the results presented in this study depend on
the specific model used.
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