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Exploration of Predictors for Statistical‐Dynamical
Subseasonal Prediction of Western North‐Pacific
Tropical Cyclone Activity in Earth System Models
Kurt A. Hansen1 and Matthew A. Janiga2

1National Research Council, Ottawa, ON, Canada, 2Naval Research Lab Marine Meteorology Division, Monterey,
CA, USA

Abstract Subseasonal prediction of tropical cyclones (TCs) has many potential applications but remains a
challenge due to biases in both model‐based large‐scale conditions and TCs in coupled global models. Model
forecasts of environmental parameters can be linked to TC activity and then be used to extend the horizon of
useful skill through statistical‐dynamical models. The aim of this work is to assess the utility of incorporating
model forecasted environmental fields in a statistical model compared with skill coming from model forecasted
Madden Julian Oscillation (MJO) state in predicting TC activity over the Western North Pacific (WNP). In this
study, we evaluate the European Center for Medium‐Range Weather Forecasts (ECMWF) from the
Subseasonal‐to‐Seasonal (S2S) database and the Navy Earth System Prediction Capability (ESPC) as part of the
Subseasonal Experiment on their ability to predict WNP TC activity using environmental fields. To isolate the
environmental signals associated with subseasonal variability of TC activity, we examine events of anomalous
accumulated cyclone energy, genesis, and TC days. These events are used to create composites of ERA5
reanalysis fields of environmental conditions related toWNP TC activity, which are used to select predictors for
statistical dynamical hybrid models. The ECMWF statistical‐dynamical scheme exhibits an improvement in
skill by using a tailored outgoing longwave radiation (OLR) predictor compared with the MJO predictors. The
Navy‐ESPC generally performs worse than the ECMWF and has OLR biases that impede it from improving
skill in the statistical‐dynamical schemes. Using shear and humidity fields as predictors did not improve
predictability in either model.

Plain Language Summary We assess skill in making forecasts of typhoons two to 4 weeks in the
future, also known as the subseasonal range. Dynamical models such as the European Center for Medium‐
Range Weather Forecasts (ECMWF) and Navy Earth System Prediction Capability (Navy‐ESPC) are generally
bad at predicting typhoon activity in the subseasonal range; however, they can forecast the state of El Niño (El
Niño Southern Oscillation (ENSO)) and a slow‐moving pattern of thunderstorms called the Madden Julian
Oscillation (MJO) which can be linked to typhoon activity. Using a dynamical model to forecast certain
predictors and statistically linking those predictors to a more specific phenomenon (such as typhoons) is called a
statistical‐dynamical model. We found that we can improve upon forecasts of typhoon activity that useMJO and
ENSO by adding another predictor that captures thunderstorm activity associated with the IO monsoon to the
statistical‐dynamical models. This monsoon predictor only increases skill in the ECMWF statistical‐dynamical
model. The IO monsoon predictor does not improve skill in the Navy‐ESPC likely because of model biases.

1. Introduction
The West North Pacific (WNP) basin is the most active region for tropical cyclone (TC) activity in the world
(Chan, 2005; Gray, 1979) and storms in this region regularly have devastating societal impacts (Kleinen, 2007;
Q. Zhang et al., 2009, 2011). More accurate prediction of these storms is crucial in preventing loss of life
and property (Q. Zhang et al., 2009; White et al., 2017). The Madden‐Julian Oscillation (MJO) is the main cause
of variability in TC activity on subseasonal time scales in the WNP (Liebmann et al., 1994; Xie et al., 1963) and
is a significant factor in accurately predicting TC activity on these time scales (Klotzbach & Oliver, 2015;
Camp et al., 2018; C.‐Y. Lee et al., 2018; Zhao et al., 2022). Significant progress has been made in using
dynamical coupled global models to predict TCs on subseasonal time scales (Camargo et al., 2019). Despite this
progress, large biases model produced TC climatology (Gregory et al., 2020; C.‐Y. Lee et al., 2018; Alano &
Lee, 2016) and MJO behavior remain in most of these models (Kim et al., 2019; Rushley et al., 2022). Statistical
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post‐processing of these dynamical forecasts has been used to address biases in TC frequency to produce more
accurate forecasts (Gregory et al., 2020; Vitart et al., 2010a). Another technique that has shown promise is relating
large‐scale environmental conditions from model forecasts to TC activity, also known as statistical‐dynamical
prediction (Hansen et al., 2022; Maier‐Gerber et al., 2021; Qian et al., 2020; Vecchi et al., 2014; Zhao
et al., 2022). However, there are still uncertainties regarding which parameters are useful for subseasonal pre-
diction and how this is dependent on the biases of the individual coupled models.

One established subseasonal predictor in MJO, which is a slowly propagating global pattern of convection
centered on the equator with a period of 40–90 days (Janiga et al., 2018; Jones et al., 2004; Kim et al., 2018;
Madden & Julian, 1971; Xie et al., 1963). As the convectively active phase of the MJO passes through the WNP,
there is an increase the number of tropical storms and typhoons (Liebmann et al., 1994). Other measures of TC
activity such as accumulated cyclone energy (ACE) and major typhoons also increase when the MJO is con-
vectively active in the West Pacific (Phases 6 and 7 of the Wheeler Hendon Index) (Klotzbach & Oliver, 2015).
Several mechanisms have been proposed for how the MJO modulates WNP TC activity. Liebmann et al. (1994)
and Sobel and Maloney (2000) have suggested that the MJO causes increased vorticity at 850 mb and low level
convergence. Ye et al. (2020) found that the MJO is linked to increased moisture transport from the Bay of
Bengal. Camargo et al. (2009) and F. Zhang et al. (2019) found that the MJOmodulates WNP TC activity through
changes in environmental conditions as measured by the genesis potential index (GPI). Genesis potential index is
a combined measure of several environmental parameters defined by K. Emanuel and Nolan (2004) designed for
climate prediction. Relative humidity (RH) at 600 mb appears to be the most important of the GPI components in
the MJO's modulation of the TC environment (Camargo et al., 2009). Genesis potential index has proven useful
on subseasonal scales; however, studies such as Hansen et al. (2020) (referred to as H20 from here on) show that
GPI needs to be used cautiously on subseasonal scales as there can be large cancellations among terms.

Several other phenomena also play a role in modulating WNP TC activity, including the Southeast Asian
Monsoon. Rajeevan (1993) found that annual Indian monsoon rainfall and WNP typhoon days were negatively
correlated. They also found that the week of and week prior to the onset of the monsoon there is a decrease in
typhoon formation. Huang and Guan (2012) found that TC activity in the South China Sea (SCS) is reduced
during active monsoon years. Kumar and Krishnan (2005) hypothesized that the reduction in TC activity during
active monsoon years is connected to a decrease in 850 mb vorticity over the WNP.

Another phenomenon that influences WNP TC activity is the boreal summer intraseasonal oscillation (BSISO),
which is associated with north and eastward propagating convection in Southeast Asian Monsoon regions
(Lawrence &Webster, 2002). You et al. (2019) found that BSISO can affect TC genesis regions in the WNP and
can produce favorable atmospheric RH at 600 and 850 mb vorticity for TC genesis, although this affect is sec-
ondary to that of the MJO. Another factor may be the Mei‐yu front (C.‐S. Lee et al., 2006). This semi‐permanent
feature is a region of enhanced cloudiness and rainfall around China and Japan tied to the Southeast Asian
Monsoon (Takako, 1973). The Mei‐yu front often spawns low pressure systems and has been associated with
individual cases of TC genesis in the SCS, although its broader impact on total WNP TC activity has not been
thoroughly explored.

Additionally, the ENSO, a 3–7 years oscillation in equatorial East Pacific sea surface temperatures (SSTs) with
impacts on global weather (Rasmusson & Wallace, 1983), modulates WNP TC activity. While ENSO does not
tend to influence the total number of TCs in the WNP (Ramage & Hori, 1981), it does modulate typical genesis
locations within theWest Pacific. During the warm phase of ENSO (El Niño), enhanced TC genesis occurs further
east in response to the shift in location of the monsoon trough and warmest SSTs (Lander, 1994; B. Wang &
Chan, 2002). The shift in genesis location allows TCs in the WNP to last longer and become more intense during
El Niño events (Camargo & Sobel, 2005; B. Wang & Chan, 2002).

Many previous studies have examined subseasonal prediction of TCs in various regions (Gregory et al., 2020;
Leroy &Wheeler, 2008; Vitart et al., 2010b; Klotzbach, 2007; C.‐Y. Lee et al., 2018; Camp et al., 2018; Belanger
et al., 2010; Maier‐Gerber et al., 2021; Zhao et al., 2022; Qian et al., 2020); however, relatively few of these focus
on the WNP or use statistical‐dynamical methods. Elsberry et al. (2010) looked at dynamical model European
Centre for Medium‐Range Weather Forecasts (ECMWF) predictions of significant TC events in the 2008 season.
While the ECMWF had biases and did not correctly predict several early and late season events, there were
several periods where the model appeared to have useful predictive skill on subseasonal timescales. C.‐Y. Lee
et al. (2018) assessed models in the Subseasonal to Seasonal (S2S) dataset on their ability to capture the MJO‐TC
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connection and quantified their skill in predicting TC occurrence on subseasonal timescales. They find most
models are not skillful in predicting TC occurrence past 1 week, although in the WNP a few models do maintain
weak but positive skill (as measured by Brier skill score [BSS]) at week two and beyond. Gregory et al. (2020)
expanded on C.‐Y. Lee et al. (2018) and found that predictions of ACE have similar skill to TC occurrence and
genesis is the most difficult aspect of TCs to forecast on subseasonal timescales.

Previous studies have used statistical‐dynamical hybrid models to produce skillful forecasts (H. Wang
et al., 2009). This traditionally involves taking the output of dynamical models, from which a few key predictors
are calculated, and feeding these values into a statistical model that outputs a forecast probability for an event.
Qian et al. (2020) used a statistical‐dynamical approach, taking a variety of parameters, such as OLR (a proxy for
convection) and vertical shear, from Geophysical Fluid Dynamics Laboratory forecasts and used them to forecast
10 day TC occurrence in the WNP. They found that this hybrid approach produced skillful forecasts out to
5 weeks whereas the individual statistical and dynamical forecasts generally had no skill after 10 days (using
temporal correlation coefficient and receiver operating characteristic area under curve) demonstrating the
incredible potential for statistical‐dynamical methods in the subseasonal timeframe. Zhao et al. (2022) created and
analyzed a statistical‐dynamical model based on the ECMWF forecasts of TCs, ENSO state, and OLR which was
used to create MJO and Quasi Bi‐weekly oscillation predictors. They were used to forecast weekly TC genesis in
three sub‐basins in the WNP. Skill of the statistical‐dynamical scheme that used all predictors (using Brier skill)
performed better than climatology out to 5 weeks.

Statistical‐dynamical methods can improve subseasonal TC prediction in the WNP and other basins. However,
there are still many open questions, such as: What are the most skillful predictors for subseasonal TC predictions
and what measures of TC activity are easiest to predict? In this study, we utilize the compositing method from
H20 to determine environmental conditions associated with WNP TC activity that can be used as predictive
variables. We then evaluate the ECMWF and Navy Earth System Prediction Capability (Navy‐ESPC) forecasts to
assess the skill provided by different predictors and for different measures of TC activity in a statistical‐dynamical
framework.We find TC days (the total duration of all TCs in a 7‐day period) to be the most predictable measure of
TC activity and the MJO the largest contributor to subseasonal predictability. Although environmental fields such
as shear and humidity did not increase skill in a statistical‐dynamical framework, we find another potential source
of predictability, IO convection, that may be associated with the Southeast Asian Monsoon, though only the
ECMWF sees skill increase with this new predictor. In Sections 2 and 3, we discuss the data and methods. In
Section 4, we go over the environmental signals associated with subseasonal WNP TC activity, and in Section 5,
we discuss predictability of these signals in models. We provide remarks in Section 6.

2. Data
2.1. TC Data

Six‐hourly TC data from the Joint Typhoon Warning Center best track database are retrieved from the Interna-
tional Best Track Archive for Climate Stewardship (Knapp et al., 2010, IBTrACS). Tropical cyclone activity is
quantified using genesis, TC days, and ACE, defined as the summation of the square of the maximum sustained
surface winds (in knots) for a TC at each six‐hour interval (Bell et al., 2000). For this study, all TC metrics are
calculated for storms in the WNP south of 30°N during the June through November (JJASON) period. Values of
ACE, TC days, and genesis put through 7 day running means from which anomalies are computed with respect to
a 50 day running mean of the seasonal cycle of TC activity based on 1979–2020 climatology. This is done to
smooth over weather scales and remove the seasonal cycle, although this still captures inter‐seasonal variability.

2.2. Reanalysis Data

Thermodynamic and dynamic fields are calculated or taken directly from the ERA5 database (Hersbach
et al., 2020). Hourly data are available at 137 vertical levels on a 0.25° grid, although for this study only 0000 UTC
data at four vertical levels and 1.25° horizontal resolution are used for faster computation. Sea surface temperature
data are used in calculating the values of ENSO regions, the IO Dipole (IOD), and WNP SST anomalies.
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2.3. Dynamical Models

The Navy‐ESPC is a fully coupled Earth systemmodel with atmosphere, land, ocean, and ice components (Barton
et al., 2021). The spectral resolution of the atmospheric model in Navy ESPC is about 37 km with 60 vertical
levels which is sufficient for the generation of TCs (Moon et al., 2018). For the years 1999–2015, 45 day
reforecasts were initialized four times a week for the Subseasonal Experiment (SubZ, Pegion et al., 2019) yielding
1485 forecasts. For the period of 2009–2015, atmospheric initial conditions were taken from a consistent analysis
dataset generated using the Navy‐ESPC while prior years were initialized using operational Navy Operational
Global Atmospheric Prediction System analyses. For this study, we only considered the first 30 days of the
deterministic forecasts and only forecasts initialized during June through October to ensure that verification
occurs during JJASON. Reforecast data provided values of 500 mb RH, zonal and meridional winds at 850 and
200 mb used to calculate vertical wind shear, and OLR was used to calculate the two principal components (PCs)
of the real‐time OLR MJO index (ROMI) (Kiladis et al., 2014) (see section 3a). Navy Earth System Prediction
Capability forecasted anomalies were calculated relative to the model climatology of forecasts initialized within
the same month from years 1999–2015.

The European Center for Medium‐range Weather Forecasting (ECMWF) is a fully coupled Earth system model
with atmosphere, land, ocean, and ice components (Vitart, 2014). There is a grid interval of about 55 km and
50 vertical levels. 46 day reforecasts as part of the S2S project (Vitart et al., 2017) were made twice a week for the
years 2001–2020 yielding 860 forecasts. Aswith theNavy‐ESPC only the first 30 day of the deterministic forecasts
are considered and only forecasts initialized in June‐October are included. As with the Navy‐ESPC, forecasted
anomalies are calculated relative to ECMWF forecasts initialized during the same month from years 2001–2020.

For comparison of Navy‐ESPC and ECMWF skill in Figures 12 and 13, only forecasts of years in both datasets
(2001–2015) were considered to ensure consistency, though, results are similar if the full datasets are used.

The Navy‐ESPC and ECMWFmodels are able to skillfully predict the MJO to lead times of 20 days and thus give
us confidence that they will be useful for subseasonal TC prediction (Kim et al., 2019; S. Wang et al., 2019).
However, we expect the ECMWF to have better performance as has higher and longer lasting MJO forecast skill.
Janiga et al. (2018) demonstrated that the Navy‐ESPC overstates MJO convective activity (which is unique
among SubX and S2S models Kim et al. (2019)). Rushley et al. (2022) attributed the positive MJO amplitude bias
to exaggerated vertical moisture advection, whereas the positive MJO propagation bias east of the Maritime
Continent (MC, the land mass between IO and Pacific) was due to latent heat flux biases.

3. Methods
3.1. Predictors

Several predictors are created using the persistence of SSTs; the Niño 3.4 region (5°S− 5°N, 120–170°W), Niño
four region (5°S− 5°N, 160°E− 150°W), the IOD ([10°S− 10°N 50°E–70°E] ‐ [10°S− 0°S 90°E–110°E]), and
WNP SST anomalies (7.5°N–22.5°N, 110°W–160°W). Indices are calculated using a 90 day trailing running
mean of SSTs in the defined regions.

For both reforecast and reanalysis, the MJO is measured using ROMI which uses the empirical orthogonal
functions (EOFs) found by Kiladis et al. (2014) which were used to calculate the MJO PCs. A benefit of using
ROMI is that it also captures the northward propagation of convection associated with BSISO (S. Wang
et al., 2018). The first two PCs of ROMI are used as predictors for the statistical‐dynamical model. When
calculating the OLR anomalies in the model forecasts and in the reanalysis fields, we remove the 50 day running
mean climatology based on 1979–2020 ERA5 data to obtain OLR anomalies. We then remove the 40 day running
mean of OLR to remove the ENSO signal. Forecasts are padded with reanalysis data for 20 days prior to the
initialization date, and both the forecasts and verification are padded with zeros following the 45 day forecast
period when calculating the values of the PCs. From the PCs theMJO can be classified as one of eight phases or in
a neutral/inactive state if the MJO is below the 1.0 magnitude threshold.

Several environmental fields were also considered for predictors. Gray (1979) identified several environmental
parameters that influence the development of TCs, particularly humidity, vertical wind shear, ocean temperature,
and vorticity. These are each assessed individually for their influence on WNP TC activity, and based on their
climatological relation to subseasonal TC activity were tested as predictors in the statistical dynamical models.
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K. Emanuel and Nolan (2004) created an index that subjectively condensed all these environmental conditions
into a single value called the GPI. Genesis potential index was shown to correlate well with TC genesis on
climatological timescales. Genesis potential index is defined as:

GPI = ∣105η∣3/2 (
RH
50
)

3

(
PI
70
)

3

(1 + 0.1VShear)
− 2 (1)

where η is 850 mb vorticity, RH is 700 mb RH in percent, potential intensity (PI) is PI in m s− 1 which is the
maximum theoretical intensity of a hurricane considering the SST and atmospheric profile defined in K. A.
Emanuel (1987), and VShear is the 200–850 mb vertical wind shear magnitude in m s− 1.

3.2. Determining Environmental Predictors

To find subseasonal patterns in environmental fields that indicate enhanced subseasonal TC activity we use
variants of the compositing method ACE by Year (ABY) fromH20. ACE by Year was shown to highlight patterns
associated with the MJO and other subseasonal factors while removing signals from ENSO. The selection of
periods that go into an ABY composite is done by taking the top 33% of normalized pentad ACE anomaly events
from each year. The running mean of ACE smooths out weather signals, and the normalized anomaly removes the
seasonal cycle. The selection of an equal number of periods from each year ensures that oscillations that impact
TC activity on seasonal scales, such as ENSO, are averaged out. In this study, we use a 7 day running mean as
opposed to the original 5 days from H20 to be consistent with the weekly forecast scheme that is more common
for operational use. We also use variants of ABY based on TC days and genesis instead of ACE to make a TC days
By Year (TCDBY) composite, and Genesis by Year (GBY) composite. Composites of shear, winds at various
levels, RH, PI, GPI, SST, vorticity, and OLR are taken producing an environmental pattern that is associated with
simultaneous subseasonally active TC periods as defined by ABY, TCDBY, and GBY composites. These ABY,
TCDBY, and GBY composites are used to create predictors based on area‐average anomalies over regions with
highest anomalies or using a spatial correlation coefficient of the forecasted field with the reanalysis TCDBY
composite. As in H20, reanalysis composites remove environmental conditions within 500 km radius of a TC
center, although we have also analyzed the composites with no removal of TCs and with a 1000 km radius
removal around TCs.

3.3. Statistical Models

To create probabilistic forecasts, we use multiple logistic regression models. The logistic models have the form:

P =
1

1 + eβ0+β1x1+β2x2+⋯+βnxn
(2)

Where P is the probability of an event occurring, (x1, x2,…,xn) are the values of the predictors with n representing
the number of predictors and (β0,β1,…,βn) being the coefficients determined from the training data. The logistic
regression model is trained using a predictor dataset built from persistence SST values and Navy‐ESPC or
ECMWF reforecasts of OLR, the PCs of the MJO, and various measures of environmental conditions such as
vertical wind shear and winds at different levels. Different predictive schemes are made by training the logistic
model on a subset of the parameters in the predictor dataset, the parameters used in each scheme will be identified
in the figures and text. Logistic forecasts are verified against the binary value of above average or below average
weekly TC activity relative to the 50 day running mean of the seasonal cycle unless otherwise noted. We assess
TC days, ACE, and genesis from IBTrACS as the verification metrics for TC activity. Training data for the
logistic model exclude data from the year of the forecast to avoid over‐fitting of the model. The logistic model is
run using the statsmodel Python module and uses the liblinear solver.

3.4. Verification Metrics

To evaluate the model skill of probabilistic forecasts we primarily use the BSS (Wilks, 2011) which compares the
mean error of probabilistic forecasts to those of a reference or climatological forecast. Brier skill score values
greater than zero indicate skillful forecasts. Brier skill score is based on the Brier score (BS), defined as:
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BS =
1
N
∑
N

t=1
( ft − ot)

2
(3)

where N is the number of forecasts, ft is the individual forecast probability of
an event and ot is the observed outcome (zero or one) of events. Brier skill
score is defined as:

BSS = 1 −
BS

BSRef
(4)

where BS is the skill of the model and BSRef is the reference skill. In this
study, BSRef is based on a constant forecast of the JJASON climatological
odds of experiencing an above average period for TC activity (roughly 0.4)
(Because TCs are rare events, there is a nonnormal distribution of TC activity
and the odds of any given period being above average is less than 50%). It is
worth reiterating that skill in this study is measured using TC anomalies

relative to the seasonal cycle which is a high standard. Other studies frequently use seasonal mean climatology as
BSRef which may complicate direct comparisons of skill values across studies. Statistical testing uses a two‐tailed
two‐sample student's t test and is evaluated at the 95% level.

4. Environmental Signals
Figure 1 shows the average value of various TC metrics in the WNP in association with each MJO phase.
Anomalies of each metric are calculated with respect to the 50 day smoothed seasonal cycle, then these anomalies
themselves are put through a 7 day running mean. To normalize the values of the TC metrics,the seasonal cycle of
the daily standard deviation of each metric is calculated then put through a 50 day running mean. The smoothed
anomalies are then divided by the smoothed seasonal cycle standard deviation to get the normalized anomalies.
This is shown in Equation 5 with subscripts indicating running mean over n days.

ACE7́(day,year) =
(ACE1(day,year) − ACE50,climo(day))7

ACE50,sdev(day)
(5)

In theWNP, most TC activity occurs in MJO Phase 6, but this is dependent on the method of defining TC activity.
Tropical cyclone genesis actually occurs well prior to MJO Phase 6 with Phases 4, 5, and 6 having about the same
peak amplitude. A peak in TC days occurs slightly earlier than peak ACE although both have the strongest
response in MJO Phase 6. From this chart, it is clear that TC genesis is not as strongly connected to the MJO as
ACE or TC days as the maximum amplitude in normalized genesis anomalies peaks at about 0.2. Accumulated
cyclone energy and TC days have a much stronger signal in association with the MJO with peak normalized
anomalies near 0.6. Tropical cyclone days appear to have a slightly higher magnitude of normalized anomalies in
both the most active and least active phases of the MJO. This suggests that for subseasonal predictions, forecasts
of TC days should provide the best predictability as it has the strongest ties with the predominant source of
predictability, the MJO.

The location of ACE, TC days, and genesis events occurring during subseasonally active periods is shown in
Figure 2. Most TC activity occurs in the open WNP to the north east of the Philippines. Genesis primarily occurs
at slightly lower latitudes, between 10°N and 20°N. Three distinct maxima are seen in the genesis regions, one in
the SCS, one immediately to the east of the Philippines, and one further east between 140°E and 150°E.
Accumulated cyclone energy and TC days tend to have peak activity at slightly higher latitude, centered around
20°N, and are more concentrated around 130°E in longitude. This is most likely because of prevailing steering
patterns that take TCs from genesis regions to the northwest (with reduced frequency over land) (Camp
et al., 2019; B. Wang et al., 2013).

Figure 3a shows normalized GPI anomalies during periods of anomalously high genesis. While the compositing
method is still the same as described in Section 3.2, the rarity of genesis events makes the GBY composite

Figure 1. Anomalies in accumulated cyclone energy, tropical cyclone (TC)
Genesis, and TC days within the Western North Pacific Basin (0°N–30°N,
100°E–180°E) associated with each Madden Julian Oscillation phase.
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essentially a composite of 7 day periods centered on genesis events. This
composite shows broadly positive GPI anomalies over the WNP in devel-
opment regions. Given that incipient disturbances just prior to genesis were
not removed, some of this signal may be more representative of mesoscale
systems than the incipient environment. However, GPI has much weaker
anomalies in association with other measures of TC activity. The GPI
anomaly in TCDBY composites (Figure 3c) over the WNP between 10°N and
20°N are still positive but not statistically significant. There is a region of
below average GPI south of regions with the most TC activity that has sig-
nificant negative GPI anomalies. The composite based on ACE shows a
similar pattern. Thus basin‐average or sub‐basin‐scale‐average GPI may be a
complicated and unhelpful predictor of TC activity. Given GPI is well
correlated with seasonal variability of TC activity and is a combination of
several environmental parameters with well‐established connections to TC
activity on weather scales, we might have expected a stronger signal. How-
ever, our findings are similar to H20 which found little correlation of weekly
GPI with Atlantic TC activity. The WNP does have significant above average
GPI during subseasonally active TC periods but only if TCs are not removed
from the composite (Figure S1 in Supporting Information S1). This suggests
that positive GPI anomalies during active subseasonal periods are primarily
just a measure of TCs themselves and not the ambient environment. We will
look at the individual components of GPI as there may be stronger competing
signals that counteract each other to produce a weak GPI signal.

As GBY, ABY, and TCDBY produce similar composite fields, we will only
show TCDBY composites from here on due to the strong connection of
TC Days to the MJO and the use of TCDBY composites in the statistical‐
dynamical predictions. In Figure 4a, 850–200 mb vertical wind shear
anomalies in the TCDBY composite are higher than average over the WNP
basin during periods of subseasonally active TC activity. These seem to be
primarily responsible for the negative GPI anomalies just south of regions
with the most TC activity. This is a somewhat counter‐intuitive result as high
vertical wind shear is generally considered unfavorable for TC activity.
However, this result is not wholly unsurprising; H20 found high wind shear
anomalies over portions of the tropical Atlantic in association with active
subseasonal periods in that basin.

If we break down the components of the shear into upper level and lower level
components we can gain more insight into the physical processes that are

occurring during these active periods and the signal of higher than average shear becomes more logical. In
Figure 4b we see an inflow channel into the WNP basin coming from the IO at mid and lower levels (the plot
shows 500 mb winds and RH as humidity at this level is especially influential on TCs, although 850 mb winds and
humidity have similar patterns). This flow pattern may provide a series of favorable conditions (moisture
transport, vorticity, lower level convergence). At upper levels (Figure 4c) winds are divergent over TC areas
which is also evidenced by negative 200 mb velocity potential anomalies seen over much of the WNP. There are
two apparent upper level outflow channels; one flowing from theWNP to the northwest across China, and another
that broadly arcs north across Japan before turning east, then south, then southwest while increasing in velocity
and crossing Indonesia and flowing into the southern IO. Dual upper level outflow channels are associated with
strong TCs in the WNP (Lin et al., 2024). Environmental conditions within 500 km of TC centers were removed
suggesting these inflow and outflow features are not a direct measure of the TCs themselves. These features are
still apparent after removal of environmental conditions within 1,000 km of TC centers (Figure S2 in Supporting
Information S1). However, it is still certainly possible that these signals in lower level and upper level winds are
only capturing the broader circulation of TCs as opposed to the ambient environment. Shear anomalies appear to
be strongly connected to the MJO as the favorable MJO Phase 6 has a very similar wind structure in this region.

Figure 2. Composites of average rates of (a) genesis, (b) accumulated
cyclone energy, and (c) tropical cyclone (TC) days occurring within 500 km
of a given point during subseasonally active TC periods as measured by their
respective subseasonal compositing technique (Genesis by Year, TC days
By Year, and ACE by Year) (see Section 3b for description of these
techniques).
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Relative humidity (Figure 5) has notable anomalies, although the signal is not
as strong as for shear. Drier anomalies exist around the MC, consistent with
MJO Phases 6 and 7. Positive RH biases exist over portions of theWNP basin.
Increased moisture could certainly contribute to both genesis and the inten-
sification/persistence of TCs. The RH anomaly pattern appears very similar to
that of the favorable MJO Phase 6 which is in agreement with Ye et al. (2020).

850 mb vorticity anomalies are above average in TCDBY composites if TCs
are included, but are much closer to neutral when TCs are removed. As seen in
Figure 6, there is a region of positive vorticity anomalies in the SCS and to a
lesser extent the eastern Philippine Sea which are favored regions for TC
genesis, and this may be a signal that environmental vorticity plays a role in
subseasonal TC activity. The GBY composites (Figure S3 in Supporting
Information S1) have a stronger vorticity signal and show a statistically
significant area of positive vorticity anomalies in the SCS. The vorticity
anomalies also point to low‐level inflow from the IO in agreement with
Figure 4b.

Potential intensity (Figure S4 in Supporting Information S1) appears to be
generally lower than average during active TC periods. The reduction of PI
appears dependent on SSTs which are also below average in TCDBY com-
posites. Reduced PI may just be a signal of upwelling caused by the TCs or
increased cloud cover.

The breakdown of GPI suggests that increased RH and vorticity may play a
small role in creating a favorable environment for subseasonal TC activity.
The PI signal is hard to disentangle from the TCs themselves but may
counteract the positive influences of RH and vorticity. The strongest signal
appears tied to geographically specific dynamic patterns, specifically inflow
and outflow channels as evidenced by the robust shear anomalies in the
TCDBY composite. The composites of wind and RH are similar to those
found for MJO Phase 5 and 6 from previous studies (Hao et al., 2020).
Genesis potential index and many of its components only have weak anom-
alies in association with subseasonal TC activity. Components with strong
anomalies, primarily shear and RH, appear tied to the MJO suggesting that
these environmental fields may not be useful as independent predictors. We
next look at OLR patterns to assess features that influence subseasonal TC
variability.

In Figure 7, there are negative OLR anomalies over the WNP and positive OLR anomalies over the North IO and
the MC associated with active TC periods. The negative OLR anomalies over the WNP suggest that enhanced
convection occurs in this region during active TC periods. Other than the shear signal, this region of negative OLR
anomalies has the highest magnitude normalized anomalies we have seen in the subseasonal composites. As the
500 km environment surroundings TCs is removed, this signal is not likely associated with the TCs themselves.

Figure 3. Normalized genesis potential index anomalies associated with the
top third of subseasonal tropical cyclone (TC) events as measured by (a)
Genesis, (b) accumulated cyclone energy, and (c) TC days.

Figure 4. (a) Normalized 200–850 mb vertical wind shear anomalies associated with the top third of subseasonal tropical cyclone (TC) events as measured by TC days.
Anomalies that are significant at the 95% level are hatched. Genesis, and accumulated cyclone energy, (b) 500 mb level wind anomalies (vectors) and 500 mb level
specific humidity anomalies (shaded), and (c) 200 mb level wind anomalies (vectors) and 200 mb level divergence anomalies.
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These features are still clearly identifiable even using a 1,000 km radius of removal around TCs (Figure S5 in
Supporting Information S1). This suggests that there is increased convective activity not associated with TCs
themselves, but rather in association with incipient disturbances or as a result of a more favorable large‐scale
environment, which spurs TC activity.

As seen in Figures 8a and 8b, the positive OLR anomalies match well with the OLR anomalies associated with the
favorable phase of the MJO (Phase 6) which is also characterized by decreased convection over the North IO and
MC.While the TCDBYOLR composite (Figure 8b) clearly shows the influence of the MJO onWNP TC activity,
there are some key distinctions between the two composites.

Figure 5. Relative humidity anomalies associated with the top third of subseasonal tropical cyclone (TC) events as measured
by TC days. Anomalies that are significant at the 95% level are hatched.

Figure 6. Normalized vorticity anomalies associated with the top third of subseasonal tropical cyclone (TC) events as
measured by TC days. Anomalies that are significant at the 95% level are hatched.
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The region with the highest discrepancy appears to be around the Bay of Bengal (Figure 8c). While the negative
OLR anomalies over the WNP are roughly the same magnitude for both the MJO and TCDBY composites, the
positive OLR anomalies over the Bay of Bengal and surrounding regions in the IO and MC are much weaker in
the TCDBY composite. The geographic location of these differences in anomalies implicates the Indian Monsoon
as another potential factor that may influence WNP TC activity. Several previous studies have implicated the
Indian monsoon as a factor determining WNP TC activity, Kumar and Krishnan (2005) and Huang and
Guan (2012) found that there is a negative correlation between seasonal typhoon and TC activity in the WNP in
association with various measures of the Indian monsoon. The negative OLR anomalies in Figure 8c also align
with the OLR anomalies seen during inactive monsoon regimes as in Turner and Hannachi (2010). The inactive
monsoon regimes from Turner and Hannachi (2010) also exhibit low level flow regimes similar to our Figure 4b.
There are other regions with discrepancies in OLR between the MJO and TCDBY composites. Positive OLR
anomalies over coastal China may indicate a weakening of the Mei‐Yu front. Positive OLR anomalies in the
Central Pacific may indicate a relatively rapid (subseasonal scale) cooling of SSTs in ENSO regions leading to an
increase in WNP TC activity on subseasonal scales. However, these signals appear comparatively weak and these
connections are speculative.

Because we are using ROMI, we should capture the more northerly summertime patterns of the MJO/BSISO and
thus these discrepancies in the TCDBY composite are likely not artifacts of the seasonal cycle or BSISO. The
TCDBY composite by design is meant to capture the superposition of all potential signals influencing subseasonal

Figure 7. Normalized outgoing longwave radiation anomalies associated with the top third of subseasonal tropical cyclone (TC) events as measured by TC days.
Anomalies that are significant at the 95% level are hatched.

Figure 8. Composites of outgoing longwave radiation anomalies in ERA5 reanalysis data during (a) Madden Julian Oscillation Phase 6, (b) TC days By Year periods,
and Panel (c) shows the difference between (a) and (b) normalized by their respective highest amplitude anomalies.
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variability of WNP TC activity. We cannot easily pull apart the signals shown in the composite. However, we can
test if these signals provide additional predictability by comparing the TCDBY metrics to the MJO PCs in a
statistical‐dynamical model.

While the EOFs of the MJO are most commonly used for subseasonal predictions, both for WNP TCs and more
broadly, the TCDBY composites suggest that other physical features influence subseasonal variability of WNP
TCs that may provide additional predictability. However, these features may not be captured well by models or
may be inherently less predictable. To assess the potential utility of these OLR patterns, we assess the ability of
the ECMWF and Navy‐ESPC models to capture the subseasonal OLR signals as a function of lead time.

5. Modeling Results
Next, we evaluate the ability of the Navy‐ESPC and the ECMWF to recreate the subseasonal OLR signal. As seen
in Figures 9a and 9b initially and for short lead times (up to 5 days), both the Navy‐ESPC and ECMWF models
reproduce the subseasonal OLR signal and even appear to capture distinctive features such as the weaker OLR

Figure 9. Composites of forecasted outgoing longwave radiation during TC days By Year periods (as determined by observed tropical cyclone data) as produced by (a),
(c), (e) the Navy Earth System Prediction Capability, and (b), (d), (f) European Center for Medium‐Range Weather Forecasts models at forecast lead times of (a),
(b) 5 days, (c), (d) 15 days, and (e), (f) 25 days.
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anomalies over equatorial IO. For forecasts of OLR anomalies, verifying during TCDBY periods with 15 day lead
times, the signals are still generally accurate. Both models capture higher OLR over India and the MC and lower
OLR over the WNP. Discrepancies and significant errors become apparent at day 25. The ECMWF is still able to
capture the signals of anomalously low OLR over the WNP and higher OLR over India and eastern MC; however,
these anomalies are much weaker. However, the ECMWF at least maintains the OLR pattern in the IO, while the
Navy‐ESPC OLR pattern is greatly degraded. Notably, in Figure 9e, positive OLR anomalies exist over the WNP
and there is a large region of negative OLR anomalies near southern India which is nearly opposite the reanalysis
TCDBY composite. This suggests that the Navy‐ESPC is misrepresenting physical mechanisms that are
important for WNP TC activity. The Navy‐ESPC errors may be related to the fast phase‐speed bias of the MJO in
that model (Rushley et al., 2022).

We quantify the models ability to reproduce TCDBY signals using a spatial correlation coefficient (Figure 10)
between the forecasted OLR anomalies in the ECMWF and Navy‐ESPC models that verified during TCDBY
periods and the reanalysis TCDBY composite in the global region between 30°S and 30°N. The ECMWF out-
performs the Navy‐ESPC at all lead times. The discrepancy between the ECMWF and Navy‐ESPC appears to
peak between days 20 and 25 which is in the critical subseasonal range. These results reflect the ability of these
models to forecast ROMI. S. Wang et al. (2019) showed that the ECMWF produces skillful forecasts of ROMI to
about 30 days during boreal summer using ranked probability skill score, which is also what Kim et al. (2019)
found using correlation coefficient. Kim et al. (2019) also showed that the Navy‐ESPC performed worse than the
ECMWF, with the correlation coefficient dropping below the skillful threshold (0.5) at 20 days. We see similar
discrepancies in skill in Figure 10 with the ECMWF correlation coefficient dropping below 0.5 10 days after the
Navy‐ESPC. However, both models lose about 5 days of skill when predicting the TCDBY OLR metric, sug-
gesting another less predictable phenomenon potentially degrades skill (see Table 1).

Next, we assess statistical‐dynamical hybrid models, both for the immediately useful results of finding the most
skillful model and predictive scheme, but also to determine what physical features are contributing to the pre-
dictability and at what lead times.

Figure 10. The spatial correlation between the ERA5 reanalysis TC days By Year (TCDBY) composite of 7 day running
mean outgoing longwave radiation (OLR) and the TCDBY composite of Navy Earth System Prediction Capability and
European Center for Medium‐Range Weather Forecasts forecasted OLR as a function of lead time.
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The statistical‐dynamical schemes were built with a handful of predictors and always include persistence fore-
casts of SSTs in the Niño 4 region (though other ocean parameters were tested; explained further down) as well as
dynamical model forecasts of eitherMJO PCs, or the correlation coefficient of forecasted OLR anomalies with the
reanalysis TCDBYOLR composite. Other fields were also tested, such as various measures of vertical wind shear
magnitude or RH. A list and explanation of predictors can be found in Table. 1. The statistical‐dynamical schemes
are trained to predict above or below average weekly TC days, and result in a probabilistic forecast that was used
to calculate BSS. The models are trained on all reforecast data except those from the year of the forecast to ensure
independence of results.

To assess the statistical significance of the skill of the statistical‐dynamical models, training data were randomly
resampled to create a random variant of the statistical‐dynamical model and used to produce a new forecast. This
was repeated to generate a suite of statistical dynamical forecast “ensembles.” For the ECMWF, 860 ensembles
were generated and 1485 ensembles were used for the Navy‐ESPC, matching the number of reforecasts available
from each model. Regardless of the model, lead‐time, or scheme, the BSS produced by the suite had a fairly
regular distribution, with the BSS falling within ±0.01 of the average value 95% of the time.

We will now look at the utility of various predictors in the statistical‐dynamical schemes. Figure 11 shows the
BSS of various predictive schemes in predicting active TC periods using the Navy‐ESPC. We found that the Niño

Table 1
Explanation of Predictors in Statistical‐Dynamical Schemes

Predictor Description

MJO Two predictors: dynamical model forecasts of the first two principal components of the MJO

Nino4 Persistence forecast of 3 month average SST anomalies in the Niño4 region

SST Suite Four predictors: Persistence forecast of SST anomalies representing Niño4, Niño3.4, the
Indian Ocean Dipole, and WNP ocean

ABY RH The anomaly correlation coefficient of dynamical model forecasted 700mb RH anomalies with
reanalysis ABY composite of RH anomalies

ABY Shear Same as ABY RH but for dynamical model forecasts of 200–850 mb vertical wind shear

ABY OLR Same as ABY RH but for dynamical model forecasts of OLR

Figure 11. The Brier skill score of various statistical‐dynamical schemes using the Navy Earth System Prediction Capability
(1999–2015). Predictors included in each scheme are shown in the key below the plot. Further explanation of predictors can
be found in Table 1.
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4 region resulted in the highest contribution of skill of the four SST predictors that we tested. Including the
complete suite of SST predictors (IO, WNP, Niño 3.4, and Niño 4 region) resulted in little change or a slight
decrease in skill. It is best practice to use independent predictors in logistic regression models, thus all future
analysis will only include Niño 4 as an SST predictor.

We have assessed the utility of several environmental predictors in the Navy‐ESPC model, particularly vertical
wind shear and RH as these had the strongest anomalies in association with subseasonal TC activity. In Figure 11,
forecasted values of RH and shear are quantified using correlation coefficient with their respective reanalysis
TCDBY composite using correlation coefficient and used as a predictor in the statistical‐dynamical scheme.
Neither predictor results in a significant improvement of skill at any lead time compared with the scheme that only
uses the MJO and Niño 4 predictors. Using both RH and shear as predictors does result in a higher BSS during
week 1; however, skill is slightly reduced at all subsequent lead times and thus do not appear useful in the
subseasonal timeframe. Other variants of shear predictors were tested including a tropics only correlation co-
efficient (globally between 10°S and 10°N), and regionally averaged shear anomalies based on significant regions
in the TCDBY composite such as theWNP (0°N–20°N 112.5°E–162.5°E) and west IO (15°S− 14°N 50°E–80°E).
None of these predictors resulted in an increase in skill. Variants of RH predictors that were tested include
forecasted RH anomalies averaged over the WNP (10°N–20°N 112.5°E–162.5°E for RH) and correlation co-
efficients of the forecasted RH field with reanalysis ABY and GBY composites. These variants also did not result
in a significant increase in skill at any lead time.

Although the use of environmental fields as predictors in the statistical‐dynamical framework results in a
consistent lack of improvement to skill, OLR has a stronger connection to subseasonal TC activity and has varied
ties to different physical mechanisms which have yielded more fruitful results.

As suggested by Figures 10 and 12, it is confirmed that the Navy‐ESPC has lower skill than the ECMWF in
predicting TC activity. For equivalent predictive schemes, the Navy‐ESPC has a lower BSS than the ECMWF at
all lead times. The highest discrepancy appears to be around week 3.

One particularly crucial finding is that the ECMWF scheme, that incorporates correlation coefficients of OLR
TCDBY composites, performs better at all lead times than the scheme that uses MJO PCs. This implies that some

Figure 12. The Brier skill score of various predictive schemes using the Navy Earth System Prediction Capability and
European Center for Medium‐Range Weather Forecasts (2001–2015). Predictors included in each scheme are shown in the
key below the plot. Further explanation of predictors can be found in Table 1.
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feature in the OLR field that is not represented by the MJO aids in prediction of TCs in the WNP. The Navy‐
ESPC, does not see an improvement in skill by incorporating OLR TCDBY forecasts in the subseasonal time-
frame suggesting it is only drawing predictability from the MJO and SSTs. This suggests misrepresentation of
OLR patterns in the Asian Monsoon region may be hurting the Navy‐ESPCs performance. This is also supported
by the discrepancy in BSS as a function of lead time between the ECMWFand Navy‐ESPC which peaks around
3 weeks. This is similar to the discrepancy between the correlation coefficient of the TCDBY OLR patterns in
these two models from Figure 10 which also peaks at 3 weeks. The mirroring of OLR correlation coefficients and
BSS suggests that a failure in representing the spatial pattern of OLR particularly in the Indian monsoon region is
limiting the Navy‐ESPC's skill. The ECMWF also performs better than the Navy‐ESPC, especially at week three
when using the MJO PCs as predictors, suggesting that the established MJO propagation bias in the Navy‐ESPC
also hampers skill.

For completeness, we also show the ECMWF scheme that incorporates correlation coefficient of predicted shear
with the TCDBY shear composite. Including this shear predictor had no impact in skill or even caused a slight
decrease in skill in the ECMWF. We found that the upper and lower wind fields in the ABY composite closely
match that of MJO Phase 6. Thus shear is likely not providing any additional predictability when added to a
scheme that already accounted for by the MJO. While many of the environmental predictors have been disap-
pointing, it is worth emphasizing that the TC specific OLR pattern did result in an increase in skill in the ECMWF
demonstrating there is more skill to be gleaned from the subseasonal timeframe.

As suggested by Figure 1, BSS for predicting TC days was higher than BSS for ACE or TC genesis using the
ECMWF as seen in Figure 13a. The BSS for predicting above average ACE periods is nearly as skillful as TC
days in the ECMWF. Genesis predictions, however, appear to be much more difficult and have worse skill. A
peak in genesis events does usually lead a peak in ACE or TC days by about 5 days, but even extending the genesis
skill out 5 days does not result in more skillful forecasts than the unaltered TC days forecast scheme. The Navy‐
ESPC has generally worse skill for all metrics and also does not show as clear of a distinction between skill in
forecasting different TC metrics in the statistical‐dynamical paradigm.

6. Conclusion
Our most pertinent result is that we find a pattern of OLR that can be used as a predictor to improve subseasonal
TC forecasts. The OLR pattern associated with enhanced WNP TC activity has similarities with the OLR pattern
for MJO Phase 6. However, there are clear distinctions between the TCDBY composite and MJO composite.
Primarily, there are weaker positive OLR anomalies over the Bay of Bengal and adjacent regions indicating
enhanced convection, at least compared with MJO Phase 6. The discrepancy in OLR pattern is similar to the OLR
pattern produced during inactive Southeast Asian Monsoon periods. The Southeast Indian monsoon may provide
a source of predictability for subseasonal variability of WNP TCactivity, which is supported by Kumar and
Krishnan (2005) and Huang and Guan (2012). The TCDBY composite also has anomalously high OLR over
coastal China. This points to an environmental phenomenon, perhaps the Mei‐Yu front or Southeast Asian
Monsoon that may provide a source of predictability for subseasonal TC prediction.

Figure 13. The Brier skill score of the outgoing longwave radiation and Niño predictive schemes in predicting various
measures of tropical cyclone activity using (a) the European Center for Medium‐Range Weather Forecasts, and (b) the Navy
Earth System Prediction Capability. The key shows the dynamical model used followed by the predicted variable. Predictors
for each scheme are identified in the key in parentheses. Further explanation of predictors can be found in Table 1.
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The ECMWF is able to capture the subseasonal OLR signal better than the Navy‐ESPC. As a result, the ECMWF
sees an increase in BSS by 0.01–0.02 (around a 20% increase in skill) when forecasting anomalous TC days in the
subseasonal timeframe when incorporating this OLR pattern. Using the TCDBY technique to composite fore-
casted conditions in association with observed TC activity, we find the ECMWF appears to not only capture the
MJO pattern but also the anomalously weak OLR anomalies in the IO. The Navy‐ESPC does initially capture
these features, however loses the secondary OLR signal around two weeks lead time and does not even appear to
resolve the MJO around week three. The largest discrepancy between the models ability to recreate the TCDBY
OLR signal appears to at lead times of 21–28 days, which coincides with the greatest discrepancy in the statistical‐
dynamical skill of the models.

We also tested various environmental fields as potential predictors of TC activity. We have found that there is
increased vertical wind shear over theWNP during periods of increased TC activity. In fact, this shear signal is the
strongest environmental signal we have found in connection to subseasonal TC activity. These wind patterns
appear to be strongly tied to the MJO and using these fields as predictors in a statistical‐dynamical model to
forecast TC activity does not result in an additional improvement in skill over using the MJO PCs. Relative
humidity also did not prove to be a useful predictor and other components of GPI had weak anomalies in as-
sociation with subseasonal TC activity.

In a basin‐integrated sense, TC days appears to be the most predictable metric for TC activity on subseasonal
scales at least using the ECMWF, the most skillful model (using BSS and spatial correlation coefficient). This
result was expected given the stronger relation between the MJO and TC days when compared with genesis.
However, environmental conditions such as the components of GPI and OLR appear to be more strongly tied to
genesis than either TC days or ACE. These results would suggest that the statistical dynamical approach we have
used would be more skillful at predicting genesis. There is no clear reason for this discrepancy. Perhaps genesis
being a relatively rare and single event makes it difficult to predict statistically.

The statistical‐dynamical models provide skillful forecasts through week four regardless of the scheme or base
dynamical model. However, the ECMWF outperforms the Navy‐ESPC for all schemes and lead times. These
results are based on the single‐members and we expect skill would be improved by incorporating the ensemble
suite. The ECMWF, as part of a statistical‐dynamical hybrid model, sees an increase in skill when incorporating
the spatial OLR pattern as compared with using the MJO PCs. The Navy‐ESPC sees a slight decrease in skill
when incorporating the spatial OLR pattern. We attribute these differences to the ability of the model to recreate
the TCDBY pattern, the ECMWF having better representation of OLR appears to be rewarded with an increase in
skill. This is also an important finding as it suggests that a feature that is not associated with the MJO is providing
a source of predictability that can be utilized. Further research is needed to establish the physical mechanisms that
contribute to the TCDBY pattern and how it influences WNP TC activity. This study has already implicated the
Southeast Asian Monsoon and that we suggest that more research can be conducted tying this feature to WNP TC
activity and determining the predictability of this feature.

Data Availability Statement
Madden Julian Oscillation EOF data are available from (Kiladis et al., 2014). The IBTrACS dataset that was used
to calculate TC metrics can be found at (Knapp et al., 2010). The ERA5 dataset used to calcualte ABY and shear
composites can be found at (Hersbach et al., 2020). The SubX dataset can be found at (Pegion et al., 2019).
European Center for Medium‐Range Weather Forecasts reforecasts can be found at (Vitart, 2014).
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