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Abstract Atmospheric rivers (ARs) exert significant socioeconomic impacts in western North
America, where 30% of the annual precipitation is determined by ARs that occur in less than 15% of
wintertime. ARs are thus beneficial to water supply but can produce extreme precipitation hazards when
making landfall. While most prevailing research has focused on the subseasonal (5 weeks) prediction of
ARs, only limited efforts have been made for AR forecasts on multiseasonal timescales (3 months) that
are crucial for water resource management and disaster preparedness. Through the analysis of reanalysis
data and retrospective predictions from a new seasonal-to-decadal forecast system, this research shows
the existing potential of multiseasonal AR frequency forecasts with predictive skills 9 months in advance.
Additional analysis explores the dominant predictability sources and challenges for multiseasonal AR
prediction.
Plain Language Summary

Atmospheric rivers (ARs), narrow corridors of intense moisture
transport and heavy precipitation, are an important water resource but also a cause of flooding-related
disasters for western North America. Consequently, predictions of AR frequency several seasons in
advance potentially would be of great value, but such operational forecasts are currently lacking due
to the challenges in simulating such intense, small-scale weather phenomena and their predictability
sources on seasonal timescales. In this study, we examine the forecast skill of AR frequency on seasonalto-multiseasonal timescales (3 months) in a new generation seasonal-to-decadal prediction system
developed at the Geophysical Fluid Dynamics Laboratory. We find that AR frequency can be skillfully
forecast at least 9 months in advance over certain regions of the west coast of North America, such
as California and Alaska, while the forecasts are only reliable for the first season in other regions.
This regional variability can be further explained by the large-scale climate variability pattern that is
responsible for much of the skill, which is strongly modulated by slowly varying sea surface temperature
(SST) variations. A prototype probabilistic seasonal AR forecast product is proposed.

1. Introduction
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Atmospheric rivers (ARs)—corridors of intense moisture flux with transport intensity of over 180,000 tons
of moisture per second—are uniquely characterized by plume-like features with a length over 1,000 km and
a width about one-third of its length (Newell et al., 1992; Ralph et al., 2018; Zhu & Newell, 1998). AR intensity and duration span a wide range and sometimes can lead to different socio-economic impacts. Previous
work has categorized ARs into five categories according to certain intensity and duration criteria (Ralph
et al., 2019). The flood damage caused by ARs grows exponentially from one category to the next (Corringham et al., 2019). Due to the shallow scale-height of specific humidity (2.2 km), the strongest transport is
confined in the bottom 3 km of the troposphere (Ralph et al., 2004). The bottom-heavy moisture transport
causes AR activity to be strongly influenced by the topography over the land. Although the term AR derives
from the nature of its geometry, its transport is not continuous (Dacre et al., 2015). In fact, the duration and
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trajectory vary from one event to another, indicating the complexity of the dynamics that determines AR
evolution (Ralph et al., 2013). The complexity of AR dynamics and the great socioeconomic influence of
ARs indicate both the challenge and societal need to improve AR prediction over a range of time horizons.
In the past decade, great efforts have been made in AR prediction to move beyond the weather timescale
(2 weeks) toward subseasonal prediction problems (2–5 weeks) (Baggett et al., 2017; DeFlorio et al., 2019;
Lang et al., 2020; Mundhenk et al., 2018; White et al., 2017). The societal benefits of skillful subseasonal
and longer timescales prediction, particularly for hydrological extremes, extend to many sectors, including resource management, agriculture, and industry (Corringham et al., 2019; Dettinger, 2013). For example, water managers could benefit from advanced lead time to prepare reservoirs for extreme precipitation conditions or aquifer recharge. Subseasonal hydrological extremes prediction has progressed rapidly,
particularly with respect to theory (Lavers et al., 2016; Pasquier et al., 2019; Payne & Magnusdottir, 2014;
Zheng et al., 2018), empirical prediction (Baggett et al., 2017; Mundhenk et al., 2018), and the production
of archived reforecast data from operational forecast systems (Vitart & Robertson, 2018; Vitart et al., 2017).
However, the seasonal-to-multiseasonal forecast of ARs has received comparatively little attention. A previous study demonstrated the potential to skillfully predict wintertime seasonal AR activity for lead times
of 1–3 months in dynamical forecast models participating in the North American Multi-Model Ensemble
(NMME; Zhou & Kim, 2018). However, biases in sea surface temperature (SST) and large-scale circulations
lead to marginal skills at this forecast lead. In addition, the performance of extreme precipitation forecasts
is resolution-dependent (O’Brien et al., 2016). The question remains whether the skill of predictions of AR
statistics on seasonal and longer timescales (3 months) is hindered by intrinsic predictability limits or
whether improving global climate models will lead to enhanced prediction skill to inform multiseasonal
outlooks of AR-related hydrological extremes.
Here, we address this latter possibility by focusing on seasonal-to-multiseasonal AR predictions that span
forecast lead times of 0–9 months. ARs are closely related to extratropical storm activity, with 85% of AR
events paired with one or multiple extratropical cyclones (Z. Zhang et al., 2019). Skillful predictions of
extratropical storm activity within this time frame generally rely on boundary conditions from the ocean
and show less dependence on the atmospheric initial state (Bach et al., 2019; Yang et al., 2015). Indeed,
predictive power on seasonal and longer timescales is mostly associated with the far-reaching teleconnections generated by interannual variability of tropical SST such as the El Niño-Southern Oscillation (ENSO;
Hoerling & Ting, 1994; Hoskins & Karoly, 1981). In addition, the re-emergence of extratropical oceanic
subsurface temperature from one year to the next is also a potential source of predictability on seasonal
timescales (Alexander & Deser, 1995; Byju et al., 2018; Newman et al., 2016).
Seasonal-to-multiseasonal predictions have been developed for hurricanes over the last 20 years since
(Gray, 1984a, 1984b; also see discussion in Camargo & Barnston, 2009). On the other hand, the prediction
science of ARs targeting seasonal and longer timescales (3 months), has not been developed despite a high
societal need for early warnings. This paper directly addresses this need, quantifying seasonal-to-multiseasonal prediction skill in a new prediction system and developing a framework for new operational seasonal outlooks. The hope for skillful seasonal-to-multiseasonal AR predictions has similar roots as recent
progress made in seasonal tropical cyclone forecasts (Murakami et al., 2015), as the increasing realism and
atmospheric resolution of global climate models in the past decade has made explicit simulation of tropical
cyclones and the skillful prediction of their seasonal statistics possible. These advances indicate that global
climate models may now also be able to simulate complex AR structures and their interactions with slowly
varying boundary conditions and complex topography. In addition, increasing ocean subsurface observations from Argo (2020) enable climate models to leverage long-term memory from the ocean to generate
seasonal forecasts and permit more thorough evaluations of their performance.
In this study, we analyze AR seasonal-to-multiseasonal prediction skill in retrospective forecasts produced
by a coupled general circulation model (CGCM) developed at the Geophysical Fluid Dynamics Laboratory
(GFDL), the Seamless System for Prediction and EArth System Research (SPEAR, Methods). We demonstrate that winter AR frequency over certain regions of western North America can be skillfully predicted
9 months in advance by SPEAR. We also explore the potential predictability sources and challenges for
multiseasonal AR forecast. A prototype probabilistic forecast product of multiseasonal AR prediction is
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proposed at the end of this study, which shows the potential to be incorporated with the existing stormbased outlook systems.

2. Methods and Model
2.1. AR Detection Algorithm
ARs are identified with a detection algorithm (Mundhenk et al., 2016), which tests whether gridded integrated vapor transport (IVT) anomaly data meet particular intensity and geometry criteria (i.e., area
2
 300,000 km , length  1,400 km, and aspect ratio  1.4) that resemble the plume-like nature of ARs. The
IVT is defined as
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where u is the zonal wind, v is the meridional wind, q is the specific humidity, and g is the gravitational
acceleration. We remove the first three harmonics of the IVT seasonal cycle to calculate the anomaly data.
Following Mundhenk et al. (2018), the 94th percentile of the anomalous IVT intensity over the Pacific basin
is used as the minimum threshold for detecting ARs. In this study, the European Centre for Medium-Range
Weather Forecasts (ECMWF) reanalysis (ERA5; Hersbach et al., 2020; Supporting Information S1 for details), covering the period from 1995 to 2018, is used as the observational reference for validation and is
processed following the steps above. For the SPEAR ensemble hindcast, the IVT is processed in the same
way as ERA5, where the first three harmonics of seasonal cycle is derived from the ensemble mean as a
function of forecast lead. The drift of daily climatology in SPEAR is small (figure not shown), which may
benefit from the new bias correction technique used in the SPEAR ocean model (see next section). Both
ERA5 and SPEAR data are gridded at a spatial resolution of 50 or 100-km and at a daily temporal resolution
before applying the detection algorithm. Each time step (i.e., daily IVT map) is scrutinized independently.
An AR event is recorded when the criteria are satisfied or exceeded. The AR frequency is then defined as
the number of AR days that are labeled for a grid cell in a given period (e.g., 3 months, unit = day/day).
2.2. Climate Model Retrospective Predictions
The retrospective forecast data used in this study is produced by GFDL's latest seasonal-to-decadal prediction system, SPEAR, which incorporates component models recently developed at GFDL, including
the AM4 atmosphere model, MOM6 ocean model, LM4 land model, and SIS2 sea ice model (Delworth
et al., 2020). AM4 simulates reasonable AR statistics (Zhao, 2020). SPEAR is optimized to study seasonal-to-decadal variability and prediction. The ocean model is run at 1  1 horizontal resolution while the
atmospheric horizontal resolution is either 50 km (SPEAR_MED) or 100 km (SPEAR_LO). The analysis of
the 50-km SPEAR_MED simulations are shown in this study; since February 2021, this version of SPEAR
has contributed to the NMME, a seasonal prediction system composed of coupled models from North American centers that provide real-time seasonal forecasts each month (Kirtman et al., 2014). For the inter-comparison of different model resolutions, we regrid all variables to the same common grid (100 km) before
calculating AR occurrence. The results remain qualitatively unchanged between the native grid (50 km)
and coarsened (100 km) SPEAR_MED. Further results based on the 100 km SPEAR_LO simulations are
documented in Supporting Information S1. Simulations with 15 ensemble members are initialized each
January 1, April 1, July 1, and October 1 from 1995 to 2018 and then run for 12 months. For initialization,
an updated ocean data assimilation using ocean tendency adjustment (OTA; Lu et al., 2020) was developed
for the MOM6 ocean model, which ingests data from NOAA's Optimum Interpolation SST (OISST), tropical
buoys, and three-dimensional temperature and salinity profiles acquired from Argo (2020).
2.3. Anomaly Correlation
In this study, we use the anomaly correlation coefficient (ACC) to evaluate the model prediction skill, which
is defined as follows:
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In 2, i is the time index, and n is the total number of initializations (i.e., 23, one for each year). xi and yi are
the seasonal AR anomaly at a given grid point from SPEAR and ERA5, respectively. x and y are defined as
the mean over the 23 years of data. The linear trend is removed when evaluating the model skills, but the
results change little if the linear trend is retained. The ACC measures the ability of the forecasts to capture
the observed time evolution of AR frequency for a given location or region. In addition, using ACC as a
metric avoids the systematic biases in forecast amplitude and enables us to focus on the variability since the
variables have been standardized. In general, an ACC from 0.4 to 0.6 is usually considered as skillful and
actionable for seasonal prediction (rule of thumb).

2.4. Climatological Reference Forecast and Persistence Forecast
From 2, one can find that a random draw from the climatological distribution as predictors is expected
to have an ACC of zero. Thus, if the ACC is significantly higher than 0, it also suggests the forecast given
by SPEAR is significantly better than a climatological forecast. In addition to the climatological reference
forecast, we also compare the skill to a persistence forecast. Specifically, the observed AR frequency in the
initialized season is used as the forecast for the following 12 months. A persistence forecast can be considered as the forecast reference provided by the memory in the initial states.

3. Result
3.1. Atmospheric River Climatology and Bias
ARs impact western North America over the whole year (Mundhenk et al., 2016). However, these impacts
exhibit pronounced seasonality over different regions. Figure 1 illustrates the seasonal climatology and
biases of AR frequency simulated by SPEAR in forecasts initialized on January 1. In general, the model
reproduces the seasonal evolution of AR frequency shown in reanalysis data. Coastal California (British
Columbia) has maximum values around December–January (September–October) and minimum values
around August–September (April–June, details can be found in Figure S2). Contrary to the winter maximum AR frequency along the West Coast of the United States, the Great Plains show maximum frequency
around July–September, which is associated with the Great Plains low-level jet (Figure 1c). The low-level jet
is most active during boreal summer and fall due to prevailing southerly winds and the diurnal oscillation
of wind direction by elevation-dependent east-west pressure gradient force (Jiang et al., 2007). All of these
features are reasonably captured by SPEAR (i.e., contours and shading in the left panels of Figure 1 are spatially collocated), indicating the capability of the model in reproducing the observed climatology.
However, despite the reasonable simulation of AR climatology, a few systematic biases are still evident. The
AR frequency is underestimated over the regions with the most active occurrence (e.g., to the northeast of
Hawaii in Figure 1e), which may result, in part, from the difference in spatial resolution between SPEAR
(50 km) and ERA5 (31 km). In addition, the frequency is slightly overestimated to the north of Hawaii. This
north-south dipole pattern of frequency bias suggests a potential bias in model storm track position. The
biases over western North America and the Great Plains are also resolution-dependent, which are more
evident in the 100-km simulations (see Text S2 in Supporting Information S1 for details). The resolution-dependent biases indicate that medium to high spatial resolutions (25–50 km) are necessary for simulating
hydrological extremes, consistent with previous studies (O’Brien et al., 2016; Zhou & Kim, 2018).
In spite of the systematic biases, SPEAR shows a promising ability to simulate the AR climatology, especially over the regions of interest. This motivates us to further explore the potential for seasonal to multiseasonal AR prediction.
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Figure 1. (a)–(d) The monthly climatology of Atmospheric river (AR) frequency for (a) January–March, (b) April–June, (c) July–September, and (d) October–
December in Seamless System for Prediction and EArth System Research (SPEAR) forecasts initialized on 1 January. The shading shows the SPEAR output and
contours show the European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis (ERA5) reanalysis climatology with an interval of 4% starting
from 0. (e)–(h) The model biases (i.e., SPEAR minus ERA5 climatology) corresponding to each panel on the left side. Stippling indicates that all ensemble
members agree on the sign of the bias and the values are significantly different from 0 at the 5% level based on a two-tailed t-test.

3.2. AR Prediction Skill in Western North America
Given that Figure 1 reveals the model capability in simulating the large-scale patterns of AR climatology, we
next focus on the ability to predict local AR activity, particularly over western North America from January
to March where ARs are most active and have significant socio-economic impacts. Figures 2a–2d show
maps of the ACC for forecasts targeting the January–March season and initialized the previous January,
October, July, and April. Figure 2 reveals that high prediction skill is related to a two-stripe feature (marked
with arrows), which extends from the subtropical Pacific to the west coast of North America. California
is located near the eastern ends of the two stripes, while Alaska is slightly to the north of high prediction
skill regions. The British Columbia and Washington/Oregon regions lie between these two stripes. Figures 2e–2h show the ACC as a function of initialization and forecast lead time over four locations along the
West Coast of North America ordered from north to south. The selection of locations is based on Mundhenk et al. (2018). The four panels reveal significant regionally averaged AR prediction skill (0.5, triangle
markers), even out to lead times of several seasons in some cases. Alaska and California in particular have
the highest skill after the first two seasons, with significant skill for winter forecasts extending to leads of
at least 9 months. Specifically, the January–March forecast made in April is significantly higher than the
climatological prediction skills (Figures 2e–2h, white dots). The high prediction skills of January–March
forecasts in California and Alaska are robust over all initializations (Figures 2e and 2h) and show strong
dependence on target season. However, the prediction skills are only significant in the first two seasons for
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Figure 2. Prediction skills of seasonal Atmospheric river (AR) frequency measured by the anomaly correlation coefficient (ACC). (a)–(d) The ACC for
January–March forecasts made in (a) January, (b) October, (c) July and (d) April. (e)–(h) are averaged over four offshore regions near to (e) Alaska, (f) British
Columbia, (g) Washington/Oregon, and (h) California (the four regions are outlined in green in the left panels). Only values above zero are plotted in color.
Hatching in (e)–(h) is the initialization month. Black contours in (a)–(d) and white dots in (e)–(f) represent values that are significantly higher than 0 at the 5
% level based on a two-tailed t-test with a Fisher z-transformation. White triangles are ACC higher than 0.5. In addition, both white dots and white triangles
indicate Seamless System for Prediction and EArth System Research (SPEAR) outperforms the persistence forecast. The effective degrees of freedom are
1   (1)
seasonally stratified and defined as N
, where N = 23 years and  (1) is the lag-1 autocorrelation of the AR time series. The two arrows in (a)–(d)
1   (1)
represent the axes of elevated ACC discussed in the main text.

British Columbia and Washington/Oregon. We also investigate the skill score based on persistence forecasts
(not shown). Persistence outperforms both SPEAR and climatological reference forecast over at the first
season but quickly decays to 0 at longer lead times, suggesting the short memory of AR activity. Referring
to the spatial ACC structure (Figures 2a–2d), one can find this regional variation reflects the broad pattern
of ACC. This regional and seasonal dependence of ACC is closely related to the leading variability of AR
frequency, which will be discussed in the next section.
3.3. Sources of AR Prediction Skill in Western North America
To identify the dominant predictability sources of AR activity, we apply an empirical orthogonal function
(EOF) analysis to seasonal AR anomalies from 1995 to 2018 over the North Pacific and western North
America. Figures 3a and 3b show the EOF1 patterns from the ERA5 reanalysis and SPEAR model output
respectively. The two EOF1 patterns are nearly identical, showing the capability of the model in simulating
the dominant pattern of AR variability. The local extrema lie on the northern and southern flanks of the
climatological AR frequency maximum (contours in Figures 3a and 3b). The EOF1 pattern therefore represents a meridional shift of the subtropical jet, which is consistent with the pattern identified in previous
TSENG ET AL.
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Figure 3. The regression pattern of Atmospheric river (AR) frequency on the first AR frequency principal component (PC1) from the (a) European Centre
for Medium-Range Weather Forecasts (ECMWF) reanalysis (ERA5) reanalysis and (b) Seamless System for Prediction and EArth System Research (SPEAR)
reforecasts. The domain for the empirical orthogonal function (EOF) analysis is 120E−120W,20N–70N (red box in Figure 4a). The numbers inside the
parentheses provide the variance explained by the EOF1 patterns. All seasons from 1995 to 2018 are used in the EOF analysis. Vectors show the 950-hPa wind
regressed onto PC1. Vector sizes are proportional to the wind intensity with amplitude smaller than 0.8 ms1 omitted. The contours are climatological AR
frequency with an interval of 4%. The right two columns are the lagged SST anomaly (K) composites from (c)–(e) ERA5 and (f)–(h) SPEAR. Lag 0 is defined
when the January–March AR PC1 is greater than 1 standard deviation. Only regions where both the forecast and observational data agree on the sign of sea
surface temperature (SST) anomaly are shaded.

studies (W. Zhang & Villarini, 2018). The variance explained by EOF1 is significantly higher than any of the
other EOFs in both ERA5 and SPEAR (Figure S6). The extrema of EOF1 are spatially collocated with the regions of high ACC in Figures 2a–2d, indicating a strong link between the dominant mode of AR variability
and the AR seasonal prediction skill.
Because the initial state of the atmosphere primarily benefits predictions of the first season, the persistence
of skill at longer leads is likely due to SST forcing from the ocean. We therefore investigate the lagged relationships between the leading EOF of AR frequency and global SST anomalies. Figures 3c–3h illustrate the
lagged composites of seasonal SST anomalies from ERA5 and SPEAR, respectively. Lag 0 is defined when
the amplitude of the first principal component (PC1) exceeds 1 standard deviation in the target season of
January to March. Negative lags indicate the number of months before lag 0. For example, if the forecast
PC1 in January–March 1998 is greater than 1 standard deviation, then the SST pattern from November 1997
to January 1998 is considered as lag −2 to lag 0 in our composite. Only regions for which both SPEAR and
ERA5 agree on the sign of the SST anomalies are shaded.
In the preceding November to January, we see prominent SST anomalies in both the tropical and extratropical Pacific that potentially could serve as sources of seasonal AR predictability. The anomalous warming in the tropical eastern Pacific indicates an association between the positive phase of EOF1 and El
Niño, particularly of the Central Pacific (CP) type with maximum warming near the date line (Capotondi
et al., 2015). It also indicates a projection onto the warm phase of the Interdecadal Pacific Oscillation (IPO;
Text S4 in Supporting Information S1; Henley et al. (2015)), with a warm anomaly along the equator flanked
by extratropical cold anomalies in both hemispheres. During the positive (warm) phase of the IPO (CP El
Niño), the extratropical Pacific is typically characterized by an anomalously deepened Aleutian low (vectors
in Figures 3a and 3b). This circulation pattern, which strongly modulates the AR activity, is also identified
by previous research based on the NMME (Zhou & Kim, 2018) and observational reanalysis (Gershunov
et al., 2017; W. Zhang & Villarini, 2018).
TSENG ET AL.
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SST signals over the extratropical Pacific can be traced back to 8 months before EOF1 reaches its maximum
amplitude (lag −6 to −8, Figures 3e and 3h) while the signal around the equatorial Pacific shows less agreement between SPEAR and ERA5. This difference might be associated with the spring predictability barrier,
where the tropical ENSO signal is weak during its transition stage around late spring, or that 8-month ENSO
predictability is not strongly reflected in tropical SST composites at these lags. Indeed, a previous study (Lu
et al., 2020) has shown that SPEAR can skillfully predict ENSO 9 months in advance (see also Figures S7
and S8). We demonstrate in Figure S7 that SPEAR also skillfully predicts the IPO at these lead times, which
supports that both ENSO and the IPO may be potential seasonal predictability sources for AR activity. To
further demonstrate the connection between the AR EOF1 and ENSO (IPO) we calculate the predictability
of three time series, where predictability is defined as the ratio of the predictable signal (variance of ensemble mean) to the climatological noise (variance of each member, see Text S5 in Supporting Information S1).
The result is shown in Figure S8. The temporal evolution of predictability is similar for all three time series,
with maximum around the forecast targeting January–March, which is consistent with Figures 2e and 2h.
The result in Figure S8 suggests the high ACC in California and Alaska might be attributed to AR EOF1 and
its connections with ENSO and the IPO.

3.4. Challenges of Seasonal AR Prediction Over British Columbia and Washington/Oregon
The EOF1 pattern provides some clues as to why the ARs are more predictable over California than over
British Columbia and Washington/Oregon. California is located near the east end of EOF1, which represents a relative maximum in the amount of AR variance explained by the leading EOF. On the other hand,
British Columbia and Washington/Oregon are located near the nodal region of EOF1, indicating a relative
minimum in the amount of AR variance explained by the leading mode.
Thus, to further elucidate that EOF1 reflects the major predictability source of ARs over the extratropical
Pacific and adjacent regions, we calculate the AR variance explained by PC1. Figure S10 demonstrates
the spatial pattern of seasonal AR variance explained by EOF1 from ERA5. We focus on January–March,
since that season is characterized by the highest AR prediction skill. Figure S10 shows a similar two-stripe
pattern as in Figure 2, but with a few subtle differences. EOF1 contributes limited AR variance over British
Columbia and Washington/Oregon, which is consistent with the ACC patterns in Figure 2. However, EOF1
also explains little Alaska AR variability, which implies other EOFs must be necessary to explain AR variability in this region. In spite of the discrepancy in Alaska, the correspondence between the Pacific pattern
of AR prediction skill (Figures 2a–2d) and the AR activity variance explained by EOF1 (Figure S10) is quite
strong. Therefore, the reduced skill at long leads in British Columbia (Figure 2f) and Washington/Oregon
(Figure 2g) can largely be explained by their position within a nodal region of EOF1. This challenge is also
reflected in seasonal snow pack predictions (Kapnick et al., 2018).

3.5. Probabilistic Predictions of Seasonal AR Activity
The evaluations of AR seasonal prediction skill in Figure 2 are based on deterministic predictions. However, practical implementation of seasonal AR forecasts requires a probabilistic outlook for the likelihood of
different scenarios (e.g., above-normal or below-normal AR activity). A challenge in probabilistic climate
forecasting is calibrating a reliable outlook, by comparing the relative frequency of an event to the predicted
probability. A reliable forecast has a close correspondence between forecast probability (e.g., 50% probability
of above-normal AR activity) and observed occurrence (e.g., occurrence 50% of the time when such a forecast is made). An attributes diagram, which shows the observed relative frequency plotted against forecast
probability (see Text S7 in Supporting Information S1; van den Dool et al., 2017), can be used to evaluate the
reliability of the ensemble forecast. Figure 4a shows the attributes diagram for January–March forecasts,
aggregated over the Pacific and western North America, for probabilities calculated as the relative frequency of the ensemble members within below-normal, near-normal, and above-normal terciles of AR activity.
This is a standard format used in the NOAA Climate Prediction Center's seasonal outlooks. The attributes
diagram in Figure 4a shows that the forecast probabilities tend to exceed the observed relative frequencies
for all three forecast categories, indicating that the uncalibrated probabilistic forecasts are overconfident.
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Figure 4. Attributes diagrams for (a) uncalibrated and (b) linearly calibrated Seamless System for Prediction and EArth System Research (SPEAR) probabilistic
forecasts, for all initializations and with a target season of January to March. The uncalibrated probabilities are based on ensemble member relative frequency,
whereas the method of linear calibration is described in Text S7 (Supporting Information S1). The data are aggregated over all grid points within 120E –120W ,
20 N – 70 N . The x-axis is the forecast probability, and the y-axis is the observed relative frequency of the event. The three lines represent the three forecast
categories: above-normal (green), near-normal (black) and below-normal (brown). (c) An example of probabilistic forecast product initialized in January 1995
with a target season of January–March, 1995. Orange shading indicate enhanced probabilities of below-normal AR activity, whereas green shading indicates
enhanced probability of above-normal AR activity. White regions are enhanced probability of near-normal activity. Hatching represents regions where the
frequency of AR climatology is less than 2% (AR day/day) in both SPEAR and European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis
(ERA5).

To remove the conditional bias in the probabilistic forecast, we apply a linear calibration based on the
probability anomaly correlation (van den Dool et al., 2017; see Text S7 in Supporting Information S1). This
improves the forecast reliability (Figure 4b) so that the forecast probability nearly equals the observed relative frequency for all forecast probability bins and for all three categories. The forecasts for below-normal
(lower tercile) AR activity remain slightly overconfident after calibration, but still noticeably better than
prior to calibration. Figure 4c illustrates an example of calibrated probabilistic forecast for the target season
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of January–March, 1995. Overall, these probabilistic forecasts exhibit substantial positive skill, as measured
by the Heidke Skill Score, throughout much of western North America for all initializations (Figure S11).
This prototype product with simple linear calibration illustrates the potential of integrating the probabilistic
forecast of seasonal AR activity with existing storm-based outlook systems.

4. Conclusions and Discussion
Through the analysis of retrospective forecasts from a new dynamical seasonal forecast system, GFDL
SPEAR, we find strong potential to provide skillful seasonal-to-multiseasonal forecasts of AR activity over
western North America. We first demonstrate that SPEAR skillfully forecasts broad patterns of wintertime
AR activity at least 9 months in advance, and certain regions (such as California and Alaska) are characterized by high prediction skill. We further show that this predictability is largely rooted in the strength
of the Aleutian low, as captured in the leading EOF pattern of seasonal AR activity, and is strongly tied to
both tropical (ENSO) and extratropical Pacific (IPO) SST patterns. This leading EOF also appears to set the
pattern of seasonal forecast skill, as the fluctuations in Aleutian low strength are connected to meridional
shifts of the Pacific storm track. Regions like California and Alaska that are strongly affected by these meridional shifts have the highest skill at long leads, whereas other regions like Washington/Oregon and British
Columbia have a more rapid decay of skill beyond the first season.
The demonstration of significant AR forecast skill out to at least 9 months provides a rationale for developing probabilistic seasonal hazard outlooks for ARs or integrating them into existing storm-based
outlook systems. We show that a simple linear calibration on the 15-member ensemble is sufficient for
calibrating the forecast distribution and generating reliable probabilistic AR seasonal forecasts. We also
note, however, that some regions are characterized by skills not high enough to be useful for decision
makers (e.g., white regions with negative HSS in Figure S11). This feature is also reflected in the predictability and prediction skill of AR EOF1, which are generally lower than those of ENSO and IPO (Figures S7
and S8). One possible explanation is that the nature of low signal-to-noise ratio in AR activity limits the
utility of basin-wide predictions. To foster development of the most effective probabilistic AR forecasts,
interdisciplinary collaborations between model developers, operational forecasters as well as stakeholders are required.
As ARs can trigger a wide range of impacts, the gains in fundamental understanding of seasonal AR predictability and the demonstration of significant forecast skill potentially may benefit diverse sectors ranging
from water resource management to disaster preparedness. Future work will attempt to expand from forecasts of AR activity to forecasts of AR impacts (like flooding) that are more directly relevant to users. Such
an expansion raises additional scientific questions worthy of pursuit. For example, are there differences in
the dynamics and seasonal predictability of AR-related and AR-unrelated precipitation over western North
America? Such differences could support partitioning hydroclimate forecasts into AR-related and AR-unrelated components. Improvements are also needed in understanding the impacts of land processes, model
resolution, and model physics on seasonal AR predictions. Increasing resolution beyond what is presented
here may help illuminate regional AR variability and improve understanding of the intrinsic limits of AR
predictability at longer leads, in particular for apparently less-predictable regions such as Washington/Oregon and British Columbia.

Data Availability Statement
The AR detection algorithm is available at https://mountainscholar.org/handle/10217/170619. The
post-processed SPEAR hindcast data used in the main text is stored at https://zenodo.org/record/5217636#.
YR5rZ45KiUk, and a subset of the data will be publicly available via the NMME project (https://www.cpc.
ncep.noaa.gov/products/NMME/) when SPEAR becomes operational. ERA5 data are available at https://
cds.climate.copernicus.eu/#!/search?text=ERA5&type=dataset.
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