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ABSTRACT: Seasonal Atlantic tropical cyclone (TC) counts are commonly modeled as a condi-
tional Poisson process, implying that the distribution of possible seasonal outcomes—the range of
TC counts that could plausibly occur in a given year—exhibits equidispersion for a given climate
state, with its variance equal to its mean. This assumption underlies many statistical frameworks
used for seasonal TC prediction and risk assessment, yet to the best of our knowledge has not been
extensively tested directly. Using large ensembles from physics-based climate models (AM2.5-
C360 and HIRAM) and a deep learning-based climate emulator (ACE2; Ai2 Climate Emulator
version 2), we examine the distributional properties of seasonal TC counts in a controlled modeling
framework. Across all models and years, we find that the ensemble distribution of within-season
TC counts is systematically underdispersed relative to the Poisson distribution, with ensemble
variances smaller than their corresponding means. This result provides evidence against modeling
the SST-conditioned Atlantic TC count distribution with a Poisson distribution and instead sup-
ports the use of the Binomial distribution. This representation of the Atlantic TC counts implies
the following physical interpretation of TC genesis: TCs develop in two stages 1) first from a
finite number of seed disturbances, and 2) followed by a seed-TC transition that is governed by
large-scale environmental conditions. We fit seasonal TC count distributions from a 1,000-member
ACE2 ensemble to the Poisson and Binomial distributions and find statistical evidence that the
Binomial formulation provides a better fit to TC count distributions. The Poisson assumption is
not supported by current climate model simulations, given that simulated seasonal TC counts are

more constrained than implied by traditional Poisson-based frameworks.
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SIGNIFICANCE STATEMENT: Seasonal Atlantic tropical cyclone (TC) forecasts are critical
for risk preparedness, energy planning, and insurance decision-making. Many statistical models
used for these forecasts assume that TCs occur randomly, following a Poisson process. Leveraging
unprecedentedly large ensembles from state-of-the-art physics-based and deep-learning climate
models, we show that simulated seasonal TC counts systematically violate this assumption. Instead,
TC counts are more constrained. This behavior is consistent with a physical picture in which TCs
arise from a finite number of precursor disturbances (’seeds’) whose likelihood of development
depends on the large-scale environment. These results motivate more physically grounded statistical

models for seasonal TC prediction.

1. Introduction

North Atlantic Tropical cyclones (TCs) can cause tens to hundreds of billions of dollars in
damage annually in the United States, Americas, and Caribbean (Klotzbach et al. 2018), as well
as mortality both coincident with the storm and for the years following (Young and Hsiang 2024).
Understanding the controls on seasonal TC activity and developing accurate seasonal forecasts
are an element of risk preparedness, energy planning, and insurance decision-making. Seasonal
outlooks, issued prior to the climatological June through November TC season, predict the number
of storms that will form throughout the season. These forecasts are generated using a range
of modeling approaches, including dynamical climate models (e.g., Zhao et al. 2010; Chen and
Lin 2013; Vecchi et al. 2014; Murakami et al. 2016b, 2025), deep learning (DL)-based weather
prediction models (Zhang et al. 2025), and statistical or statistical-dynamical frameworks (e.g.,
Vecchi et al. 2011; Villarini et al. 2019). Seasonal TC predictions will necessarily be probabilistic
in nature (Vecchi et al. 2014), so understanding both the expected TC activity and the plausible
deviations from it are essential.

Statistical and statistical-dynamical approaches relate large-scale environmental conditions, such
as sea surface temperature (SST), vertical wind shear, and atmospheric humidity, to seasonal
Atlantic TC activity. Based on the statistical relationships of large-scale conditions to TCs, these
approaches model the plausible distribution of seasonal TC counts conditioned on the large-scale
environment for the given year. Early statistical studies (e.g., Gray 1984; Gray et al. 1992) used

linear regression to link environmental predictors to TC counts, but such approaches can yield
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non-integer predictions that are not physically meaningful for discrete storm counts. Subsequent
developments innovatively addressed this limitation by explicitly modeling TC counts using discrete
probability distributions conditioned on the large-scale environment. The canonical choice has
been the Poisson distribution (e.g., Elsner and Jagger 2004, 2006; Jagger and Elsner 2010; Villarini
etal. 2012; Davis et al. 2015; Murakami et al. 2016a), which provides a natural framework for count
data. Additionally, Villarini et al. (2010) and Li et al. (2023) went to length to explore whether a
Poisson model or Negative Binomial discrete model was better to fit the conditional distribution of
possible seasonal TC counts, and found that the Poisson model was better suited.

If the conditional seasonal Atlantic TC count distribution follows a Poisson distribution, Atlantic
TCs are assumed follow a Poisson process. Under this assumption, there is no upper limit to the
number of TC formation trials, there is a small probability that such trials will result in successful
TC genesis at any moment during the season, and TCs are assumed to form independent of each
other. Therefore, throughout the duration of the season, the accumulation of many possible TC
formation trials results in a limited number of storms. This finite seasonal Atlantic TC occurrence
rate serves as the sole parameter of the conditional Poisson distribution, which represents the
expected level of seasonal TC activity. It is this parameter that statistical and statistical-dynamical
studies fit as a function of the large-scale environment using Poisson regression techniques. A key
implication of the Poisson assumption is equidispersion, meaning that the variance of the seasonal
TC count distribution equals its mean.

The Poisson formulation is attractive due to its mathematical simplicity and minimal parameter-
ization with one free parameter (i.e., seasonal rate parameter), and it is often motivated by viewing
TC formation as the outcome of many random independent trials with a low probability of success
at any given time (Blitzstein and Hwang 2014). However, the assumption that seasonal TC counts
are equidispersed is a modeling convenience and statistical fit from several models (Villarini et al.
2010), rather than a physically derived constraint.

Several alternative discrete distributions have been proposed to represent seasonal TC counts.
For example, Villarini et al. (2010) and Li et al. (2023) explored a Negative Binomial conditional
distribution, which allows for overdispersion relative to the Poisson model. In contrast, Vecchi
et al. (2019) and Hsieh et al. (2020) propose that climatological TC activity be viewed through

a Binomial framework in which TC formation is viewed as a sequence of Bernoulli trials, with a
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finite number of precursor disturbances or seeds providing the number of trials for a given season.
In this formulation, both seed frequency and the probability that a seed develops into a TC depend
on the large-scale environment, although the climate dependence of each is different. Previous
studies have demonstrated the utility of Binomial-type frameworks for describing TC variability
across a range of timescales, including the annual cycle (Yang et al. 2021) and longer-term climate
variability and idealized experiments (Vecchi et al. 2019; Hsieh et al. 2020, 2022, 2023), especially
in the Atlantic basin (Levin et al. 2026b).

These different distributions imply fundamentally different dispersion properties of the condi-
tional seasonal TC count distribution. In this study, we use the term dispersion to refer to the
relationship between the variance and mean of the conditional count distribution, rather than the
relationship between ensemble spread and forecast error commonly evaluated in ensemble pre-
diction systems. Specifically, dispersion is evaluated relative to the Poisson expectation that the
variance equals the mean: equidispersion refers to a variance equal to the mean, overdispersion
refers to a variance larger than the mean, and underdispersion refers to a variance smaller than the
mean (Johnson et al. 2005). Therefore, while the Poisson distribution is equidispersed, the Neg-
ative Binomial distribution yields overdispersed counts, and the Binomial distribution produces
underdispersed counts.

The conditional Atlantic TC count dispersion plays a key role in seasonal TC outlooks because it
governs the range of possible outcomes. Differences in dispersion between various SST-conditioned
Atlantic TC count distributions can change the likelihood of extreme events, which have societal
and economic consequences. Despite its importance, the equidispersion assumption underlying
the Poisson formulation has rarely been tested directly, largely due to limited sample sizes in
observations and traditional modeling frameworks.

A rigorous evaluation of the appropriate conditional distribution for seasonal TC counts requires
examining the distribution of simulated or forecasted counts across a large ensemble for a given
season. Each ensemble member is prescribed identical SST or large-scale environmental forcing
but different atmospheric initial conditions, representing a plausible realization of that season’s
TC activity. Confidence in quantifying dispersion and performing goodness-of-fit tests for dis-

crete count distributions therefore requires a sufficiently large number of ensemble members, as
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these higher moments are less well constrained in typical dynamical model ensembles (order ten
members).

Traditional seasonal TC prediction systems from physics-based numerical models are generally
limited in ensemble size because of substantial computational costs. For example, the seasonal
forecasting systems described in Murakami et al. (2025) and Zhang et al. (2025) employ approx-
imately ten to fifteen and 20 ensemble members, respectively, and the AM2.5-C360 and HIRAM
simulations used to examine multidecadal variability in Kortum et al. (2024) and Levin et al.
(2026b) are limited to five to ten ensemble members. Such ensemble sizes are insufficient to
robustly assess the distributional form and dispersion properties of seasonal TC counts.

Recent advances in DL-based weather and climate models provide an opportunity to overcome
this limitation. Once trained, these models can be run efficiently at a fraction of the computational
cost required by conventional dynamical models, enabling the generation of very large ensembles
(e.g., Bietal. 2023; Chen et al. 2023; Lam et al. 2023; Lang et al. 2024; Kochkov et al. 2024; Watt-
Meyer et al. 2025). These systems have been shown to realistically reproduce TC characteristics
across subseasonal to interannual timescales (Chien et al. 2025) and recover a well-calibrated
representation of internal variability of seasonal TC activity (Levin et al. 2026a).

In this study, we leverage large ensembles generated from SST-forced atmosphere-only models to
directly sample the conditional distribution of seasonal TC activity given a prescribed large-scale
climate state. Specifically, we analyze idealized and historical simulations from two atmosphere-
only models developed at the Geophysical Fluid Dynamics Laboratory (GFDL), AM?2.5-C360 and
HiRAM, as well as a state-of-the-art DL-based climate emulator, ACE2. Ensemble members are
generated under identical SST boundary forcing but with different atmospheric initial conditions,
such that each member represents a distinct, physically plausible realization of TC activity condi-
tioned on the same SST-forced environment. This large-ensemble approach enables the distribution
of possible seasonal TC outcomes to be estimated directly from the ensemble spread rather than
requiring an apriori assumption about the form for the conditional distribution, as is necessary in
statistical-dynamical frameworks. In particular, we leverage a 1,000-member ACE2 ensemble to
robustly characterize the SST-conditioned distribution of seasonal Atlantic TC counts and evaluate

its statistical properties, including dispersion.
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This study addresses the following research question: Do seasonal Atlantic TC counts produced
by state-of-the-art climate models satisfy the equidispersion implied by a Poisson process, or do
they exhibit systematic departures consistent with alternative generative mechanisms? We further
examine whether these properties are consistent across models with fundamentally different internal
dynamics. In the following sections, we describe the models and experiments used in this analysis
(Section 2), present evidence that seasonal Atlantic TC counts are underdispersed relative to
Poisson expectations (Section 3), and discuss the implications of these findings for statistical TC
prediction models, physical interpretations of TC genesis, and the use of large ensembles from

Al-based climate emulators (Section 4).

2. Methods and data

a. Models and experiments

To simulate large ensembles of annual Atlantic TC seasons, we use a combination of global high-
resolution dynamical atmospheric models and an DL-based climate and weather emulator. The
dynamical models used in this study were developed at GFDL and implemented on the Princeton
computing system (Zhao et al. 2009; Chen and Lin 2013; Hsieh et al. 2020; Chan et al. 2021;
Yang et al. 2021; Kortum et al. 2024; Levin et al. 2026b): AM2.5-C360 and HiRAM. Both models
have been shown to realistically simulate TC and hurricane climatology (Zhao et al. 2009, 2010;
Yang et al. 2021), including TC tracks (Kortum et al. 2024), as well as interannual-to-multidecadal
Atlantic TC variability (Chan et al. 2021; Levin et al. 2026b).

AM?2.5-C360 and HiRAM share the same finite-volume cubed-sphere dynamical core but differ
in their horizontal resolution and atmospheric physics, particularly their representation of moist
convection. HiRAM has a horizontal resolution of approximately 50 km and uses the shallow
convection parameterization of Bretherton et al. (2004). In contrast, AM2.5-C360 has a higher
horizontal resolution of approximately 25 km and uses the relaxed Arakawa—Schubert convection
parameterization scheme (Moorthi and Suarez 1992). The AM2.5-C360 configuration is similar
to the high-resolution atmospheric component of the coupled GFDL HiFLOR model (Murakami
et al. 2015), which has been shown to realistically simulate and predict Category 4-5 hurricanes.
Consistent with this capability, AM2.5-C360 has also been shown to capture interannual variability

in Atlantic major hurricane frequency (Levin et al. 2026a).
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We analyze a suite of idealized experiments with the dynamical models forced with distinct
SST patterns. To generate large ensembles of TC activity under identical boundary forcing, each
experiment is integrated for several decades, typically between 30 and 200 years. Each simulated
year represents a plausible realization of TC activity under the prescribed SST pattern, since the
monthly SST boundary conditions remain fixed and the only source of variability arises from
differences in initial conditions. In this way, each experiment produces 30 to 200 ensemble
members of seasonal TC activity. The experiments, summarized in Table 1, largely follow the
designs used in previous studies (e.g., Hsieh et al. 2020, 2022).

Each experiment is based on a control simulation in which both models are forced with a repeating
annual cycle of climatological SSTs averaged over the 1986-2005 baseline period, consistent
with the reference period used in the CMIP5 climate change experimental framework. This
climatological cycle is repeated for 200 years in HIRAM and 100 years in AM2.5-C360 after a 10-
year spin-up. The resulting long-term means represent the statistically steady-state climatological
baselines for each model. TCs are tracked for every simulated year, and because the boundary
conditions do not vary, each year is treated as an independent ensemble member characterizing TC
activity under mean 1986-2005 conditions. Because the autocorrelation in aggregate of annual
TC statistics is effectively zero, differences in ensemble members represent the result of internal
atmospheric variability. Additional experiments apply perturbations to this baseline, including a
uniform +2K and +4K SST warming and —2K and —4K SST cooling to the 1986-2005 climatology.
We also analyze several experiments to represent isolated perturbations of greenhouse gas radiative
forcing, where we double (2 X CO,) carbon dioxide concentrations and multiply carbon dioxide
concentrations by five (p5 x CO2) relative to the control experiment. Additionally, we explore an
experiment where we both double atmospheric carbon dioxide concentrations and uniformly warm
the climatological 1986-2005 SSTs by +2K (+2K 2x CO;). These experiments are also described
in Hsieh et al. (2020); Yang et al. (2021); Hsieh et al. (2022); Kortum et al. (2024); Eusebi et al.
(2025); Levin et al. (2026b).

To investigate the influence of El Nifio Southern Oscillation on Atlantic TC activity, we also
explore El Nifio and La Nifia experiments, which are explained in Hsieh et al. (2022). In these
cases, the prescribed SST annual cycles are derived from the strongest events between 1980 and

2015. The El Nifo experiment (+Nifno) uses the mean SST fields from nine years with Oceanic
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TaBLE 1. List of idealized experiments used in this study, which are also used in Hsieh et al. (2020); Yang

et al. (2021); Hsieh et al. (2022); Kortum et al. (2024); Eusebi et al. (2025); Levin et al. (2026b).

Experiment Years (and models) Description
CTL 100 (AM2.5-C360), 200 (HIRAM) 1986-2005 monthly climatological mean SSTs
+2K 50 (both) Uniform SST warming
+4K 50 (HIRAM only) Uniform SST warming
2K 30 (HiRAM only) Uniform SST cooling
-4K 30 (HiRAM only) Uniform SST cooling
2xCO, 50 (both) CO; doubling
pSxCO, 40 (HiRAM only) x5 CO; increase
+2K & 2xCO, 50 (both) Uniform SST warming and CO; doubling
+Nifio 50 (both) SST annual cycles averaged over strong El Nifio years
+Nifia 50 (both) SST annual cycles averaged over strong La Nifia years
+Nifo-Nifia 50 (HIRAM only) SST annual cycles averaged over strong El Nifio years minus strong La Nifia years
+Nifa-Nifo 50 (HIRAM only) SST annual cycles averaged over strong La Nifia years minus strong El Nifio years

Nino Index (ONI) values greater than +1 (1982, 1986, 1987, 1991, 1994, 1997, 2002, 2009, 2015).
The La Nifa experiment (+Nifia) uses the mean of seven years with ONI values below -1 (1988,
1995, 1998, 1999, 2007, 2010, 2011). Additionally, we analyze two experiments to highlight the
contrast between El Nifio and La Nifia conditions. In the +Nina-Nifo (+Nino-Nifia) experiment
are forced by subtracting the mean SST fields from the nine most active El Nifio (seven most active
La Nifia) years between 1980 and 2015 from the seven most active La Nifia (nine most active El
Nino) years during that time frame. All aforementioned simulations maintain a constant carbon
dioxide concentration, with the exception of the 2 X CO, experiments.

We also analyze multi-ensemble experiments with both models to represent historical TC seasons,
described in detail in Levin et al. (2026b). For AM2.5-C360 we generated ten ensemble members,
and for HIRAM we generated five ensemble members. Each member was forced with bias-
corrected observed monthly SSTs (Chan et al. 2021) from the Hadley Centre Sea Ice and Sea
Surface Temperature (HadISST) dataset for the period 1871-2021, and each was initialized with
distinct atmospheric conditions while sharing identical SST forcing. Although ensembles of five or
ten members are too small to reliably estimate higher-order properties or fit a discrete probability
distribution to the simulated TC counts, they provide a large number of additional SST-forced

seasonal samples for evaluating the relationship between the ensemble mean and variance. These
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simulations are therefore used in combination with the idealized experiments with larger ensemble
sizes described above and the 1,000-member DL ensemble described below to assess the robustness
of the inferred distributional behavior across different models, SST states, and ensemble sizes.

The effects of limited ensemble size are not explicitly corrected for in our analysis. Instead, we
assess the sensitivity of our conclusions to ensemble size by separately presenting the relationship
between ensemble mean and variance for all available ensembles (Figures 2a and 2b) and for
only large ensembles (n > 30) in Figures 2c and 2d. The latter panels excludes the five- and
ten-member historical ensembles, allowing the inferred distributional relationships to be evaluated
independently of these smaller ensembles.

In this study, we employ the 1° horizontal resolution DL-based Ai2 Climate Emulator version 2
(ACE2, Watt-Meyer et al. 2025), trained on ERAS reanalysis (Hersbach et al. 2020), to perform
huge ensemble annual simulations of several Atlantic TC seasons. The model, which runs autore-
gressively to predict a field of atmospheric variables at six-hourly timesteps, is forced by observed
HadISST SSTs (Schneider et al. 2013) and by annually varying greenhouse gas concentrations.

Previous studies have demonstrated the physical realism of ACE2-simulated TCs across a range
of timescales. Watt-Meyer et al. (2025) showed that ACE2 reproduces the observed geographic
distribution of TC tracks across global basins and simulates a realistic annual global TC frequency
when compared with TCs identified in ERAS using the same tracking algorithm. Additionally,
Chien et al. (2025) and Levin et al. (2026a) demonstrated that ACE2 captures observed patterns of
interannual TC variability across multiple ocean basins. Beyond reproducing TC climatology and
variability, recent studies have evaluated whether ACE2 represents TC activity through physically
sound mechanisms. Chien et al. (2025) examined the relationship between ACE2-simulated
TC genesis and large-scale environmental conditions using the genesis potential index (GPI) of
Tippett et al. (2011), which incorporates key environmental controls on TC formation including
vertical wind shear, vorticity, column relative humidity, and SSTs. They found that simulated
TC genesis occurs preferentially in regions with simulated favorable GPI values, suggesting that
ACE?2 generates TCs in physically realistic environments. Furthermore, the simulated seasonal
cycle of TC genesis closely follows the simulated seasonal evolution of GPI across most basins,
indicating that ACE2 captures the annual cycle of TC environmental favorability, although the

Atlantic seasonal cycle is somewhat more gradual than observed.
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Chien et al. (2025) further evaluated subseasonal TC variability in ACE2 by examining mod-
ulation of TC activity by the Madden—Julian Oscillation (MJO) in the model. They found that
both TC genesis and GPI anomalies in ACE2 respond consistently with observed MJO-phase-
dependent changes, both spatially and when aggregated over ocean basins. These results indicate
that ACE2 captures not only the statistical relationship between the MJO and TC activity, but also
the associated environmental mechanisms controlling changes in TC genesis across MJO phases.
Lastly, Chien et al. (2026) detect a clear relationship between convectively coupled Kelvin waves
and simulated TCs in ACE2, one that has challenging to uncover given the limited samples in the
observed record. They show this connection is physically-grounded, as favorable changes in the
large-scale environment associated with the wave propagation are associated with increases in TC
genesis, including increases in atmospheric relative humidity and vorticity. The aforementioned
results highlighting ACE2’s ability to capture various aspects of global TC activity motivate our
use of the model to generate samples from the SST-conditioned Atlanic TC count distribution.

Following the methods of Levin et al. (2026a), we generate 1,000-member ensembles for each
year during 2005-2020, as well as for the anomalously inactive 1982 Atlantic TC season. For each
target year, ACE2 is integrated repeatedly with prescribed observed SSTs from that year applied as
fixed, repeating boundary conditions. For a given target year, the model is run for autoregressively
for 100 years under the repeating observed SST forcing. To generate 1,000 ensemble members,
this process is repeated 10 times, where each 100-year model integration is initialized from a
different atmospheric state, such that each simulated year represents one ensemble member and

the ensemble spread represents internal atmospheric variability under identical SST forcing.

b. Data and storm tracking

For the historical record of observed Atlantic TC counts from 1878 to 2024, we utilize the
adjusted dataset developed using the methods of Landsea et al. (2010) and assessed in Villarini
et al. (2011), where we require that storm maximum wind speeds must exceed 17 m s~! for at least
48 hours.

We follow the approach described in Levin et al. (2026b) to track TCs and seed disturbances
in both dynamical models. Specifically, we apply the tracking algorithm of Harris et al. (2016),

which identifies candidate storms based on local minima in sea level pressure and applies additional
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thresholds on vorticity, warm-core structure, wind speed, and duration. Consistent with Villarini
et al. (2011), we require all identified TCs to have a minimum lifetime of 72 hours. To track TCs
in the ACE2 DL model, we adopt a similar approach following Chien et al. (2025) and Levin et al.
(2026b). In this case, we use the TempestExtremes algorithm (Ullrich and Zarzycki 2017), which
also detects systems based on local minima in sea level pressure and applies additional constraints
on wind speed, duration, location, and warm-core structure.

We acknowledge that two different TC tracking algorithms are used for the two sets of model
simulations analyzed in this study: the GFDL physics-based climate models and the ACE2 DL-
based climate emulator. Therefore, in addition to differences arising from the model frameworks
themselves (i.e., physics-based versus data-driven), differences in simulated TC statistics may also
reflect differences in the tracking methodologies. Previous studies have shown that different TC
tracking algorithms, can influence TC detection in climate model simulations and contribute to
inter-model differences (e.g., Walsh et al. 2007; Horn et al. 2014; Raavi and Walsh 2020). However,
we note that the tracking algorithm applied to the GFDL physics-based models (Harris et al. 2016)
and the TempestExtremes-based algorithm applied to ACE2 (Ullrich and Zarzycki 2017) share the
same general framework for identifying TCs. Specifically, both approaches (1) identify candidate
disturbances from local sea-level pressure minima, (2) connect candidate points through time to
construct storm trajectories, and (3) apply additional criteria requiring sufficient duration, intensity,
and warm-core structure. Thus, despite differences in their implementation, the overall physical
definition of a TC is broadly consistent between the two tracking methodologies.

The trackers differ in the order in which they apply the different TC criteria and the specific meth-
ods used to quantify each criterion (e.g., definitions of storm intensity and warm-core structure).
Although it is difficult to isolate the contribution of the tracking algorithm itself to differences
between the model simulations, we consider the tracker to be an integrated component of each
modeling framework. Differences in TC tracking represent one model component, analogous to
differences in the representation of physical processes, parameterizations, or model architecture.
Therefore, our comparisons reflect the combined influence of the model and its associated TC

tracking approach.
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c. Theoretical TC proxy

As in Levin et al. (2026b) and Levin et al. (2026a), we employ Hsieh et al. (2020)’s probabilistic
framework, which decomposes annual TC counts into a precursor seed disturbance phase followed
by the phase during which the seed develops into a full TC. Thus, the annual number of Atlantic

TCs is assumed to follow a Binomial distribution:
NTC Nbinom(NS’P)a (1)

where N; is the number of seeds and P is the probability that a seed disturbance transitions into a

fully developed TC. Consequently, the expected seasonal count of Atlantic TCs Nz¢, is given by
Nrc = Ny X P. (2)

In this study, we evaluate the seed—probability framework by using explicitly tracked seed counts
to estimate Ny, although the seed proxy developed by Hsieh et al. (2020) has developed a climate-
conditioned expectation for seed frequency. Additionally, the probability that a seed develops into

a TC (P) is parameterized as a function of the large-scale environmental conditions (P(A)):

1

PR

3)
where Ag = 0.014 and y = —0.9 are constant dimensionless fitting parameters. These parameters
were derived from the logistic regression fit shown in Figure 4 of Tang and Emanuel (2012), which
quantifies the likelihood that a seed disturbance intensifies into a TC as a function of the mean
environmental ventilation index around that storm. This fit is computed using observed global TC
seed data and the ventilation index computed using reanalysis data spanning 1990-2009. These
parameters are only fit to the historical period using global data, so they might not be appropriate for
use in this study, which only examines Atlantic TCs, some of which form outside of the 1990-2009

period.
Vs X

A=A
PI

“)
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is the ventilation index defined by Tang and Emanuel (2010) and Tang and Emanuel (2012),
measuring the degree to which entrainment of low entropy air can limit the storm’s intensity. v
is vertical wind shear, PI is potential intensity, and y is moist entropy deficit. As in Levin et al.
(2026b), We compute the mean Atlantic basin P(A) over 10-30°N. Following the methodology
of Vecchi et al. (2019) and Hsieh et al. (2020), we compute the proxy during the climatologically

most active portion of the season, June—-November.

3. Results

a. Unprecedentedly large ACE?2 historical ensemble

We display the seasonal TC count distributions simulated by the 1,000-member ACE2 historical
ensemble in Figure 1, adapted from Figure 2 of Levin et al. (2026a). The ensemble distributions
exhibit year-to-year differences in both their central tendency and spread. The total ensemble range
(maximum minus minimum TC count) varies considerably, from 11 storms in 1982 to 26 storms
in 2012. The ensemble mean and variance for each year are summarized in Table 2, while their
relationship is examined in more detail in Section 3b.

The large ensemble size also enables examination of higher-order characteristics of the seasonal
distributions beyond their mean and variance. In particular, we quantify the asymmetry of each

year’s ensemble distribution using the coefficient of skewness (COS),

Z?:l(xi—f)3

ns3

COS = , 5)

where x; is the seasonal TC count from the ith ensemble member, X is the ensemble mean, s is the
sample standard deviation, and n = 1,000 is the ensemble size. Positive values of COS indicate a
distribution with a longer or heavier right tail, whereas negative values indicate a longer or heavier
left tail. A value of zero corresponds to a symmetric distribution.

The coeflicient of skewness ranges from 0.10 to 0.48 across the seventeen historical seasons
(Table 2), indicating that every ensemble distribution exhibits slight positive skewness. Thus,
while most ensemble members cluster around the mean seasonal TC count, each distribution
possesses a modest tail toward more active seasons. This behavior is physically reasonable for

seasonal TC counts. Because TC counts are bounded below by zero but have no fixed upper

14



338

339

340

341

342

343

344

345

346

347

366

367

368

a) Annual Atlantic TC Count (ACE2)

2020 4 - ™ . r=0.62
2019 1 L X )|
2018 —w—1+—e
2017 —= 10 b) ACE2 Q-Q Calibration
: s
/

2016 % &} e

0.9 ,

o

2015 o — ] o’

0.8 "%
2014 e ® ACE2Ens Mean | L

® Obs 0.71 e
2013 —x & 0.6 * 7
Q ®
5 E ~
;_3 2012 ] £05 9
G o,
2011 res— E 0.41 o
L
2010 . i m— 0.3 bl
K

2009 - | g i — 0.21 e

01l e
2008 3 d o /,

0.0+~
2007 . —wr 0.0 01 02 03 04 05 06 07 08 09 10

ACE2 Ensemble Quantile of Observed TC Count

2006 . s
2005 I )
1982 o~}

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
TC Count

Fic. 1. a) The ACE2 1,000-member ensemble distribution of Atlantic TC counts for 1982 and 2005-2020,
shown in red using kernel density estimate (KDE) probability density functions, with the corresponding box-
and-whisker plots overlaid in gray. The whiskers denote ensemble minimum and maximum values, the box edges
represent 25th and 75th percentiles, and the center line indicates the ensemble median. The red dot denotes
ensemble mean, and the black dot represents observed TC count computed using the methods of Landsea et al.
(2010). The correlation between the annual ensemble-mean TC count and the observed counts is shown in the
upper-right corner. b) Q-Q calibration diagnostic of ACE2 over the 17 years, where each point represents the
empirical cumulative distribution of the observed TC count within the corresponding ensemble distribution. A
well-calibrated ensemble is indicated by alignment with the dashed 1:1 line. This figure has been adapted from

Levin et al. (2026a).

bound, realizations with unusually large numbers of storms can occur more readily than equally
extreme low-count realizations, naturally producing a right-skewed distribution. The effect is most

pronounced during climatologically inactive years. For example, the 1982 ensemble, which has the
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lowest mean TC count, exhibits the largest coefficient of skewness (0.48). Since its distribution is
centered near only three storms, there is relatively little room for a left tail but considerable room for
occasional realizations with substantially higher TC counts. Overall, the consistent, albeit modest,
positive skewness across all years suggests that slight right-skewness is a robust characteristic of
the ACE2 seasonal TC count distributions.

The ACE2 ensemble exhibits strong calibration to the observed record across multiple met-
rics. The Q—Q (Quantile-Quantile) calibration diagnostic (Figure 1b) closely follows the 1:1 line,
indicating that the observed TC counts verify approximately uniformly across the ensemble distri-
butions. This suggests that, in a probabilistic sense, the model is well calibrated to the observed
record. Consistent with the results of the Q—Q plot, the observed TC count lies within the ensemble
range for all years considered, and falls within the interquartile range (25th—75th percentile) for
eight of the seventeen seasons. Additional ensemble calibration metrics for the 1,000 member
ACE2 ensemble are described in Levin et al. (2026a). The correlation between the ensemble-mean
and observed TC counts (r = 0.62) further indicates that the model captures a substantial portion
of the interannual variability. This retrospective skill is comparable to that of other dynamical and
statistical methods (e.g., Vecchi et al. 2014; Zhao et al. 2009).

Despite the overall model calibration, there are notable seasons in which the observed TC count
lies in the tails of the ensemble distribution. For example, during the relatively inactive 2007
season (five observed TCs), the ACE2 ensemble distribution is centered around approximately
twelve TCs, placing the observation in the lower tail. Conversely, the 2020 season was extremely
active (23 observed TCs), while the ensemble distribution is centered near fourteen TCs, with the
observed count verifying at the 99.5th percentile (Levin et al. 2026a). This result suggests that the
SST boundary conditions could have only been moderately favorable for Atlantic TCs, and that
subseasonal variability might have acted on top of such a large-scale environmental state. Refer to
Levin et al. (2026a) for a well-calibrated distribution of seasonal TC counts for the 2020 season.
Finally, while the kernel density estimates (KDEs) of Figure 1 provide a qualitative visualization
of the ensemble distributions, they are not well suited for quantifying dispersion. In the following
section, we therefore formally assess the dispersion properties of the ACE2 seasonal TC count

distributions and compare them with those from physics-based climate models.
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Fic. 2. a) Relationship between the ensemble mean and variance of seasonal Atlantic TC counts under
identical SST forcing, shown across a suite of models and experiments. Each point corresponds to a single
season or experiment and represents the variance—-mean pair computed from the ensemble distribution of TC
counts. Brown-outlined (gray-outlined) points denote historical AM2.5-C360 (HiIRAM) simulations forced with
observed SSTs, blue (orange) points indicate idealized experiments from AM2.5-C360 (HiRAM), and green
points represent the historical 1,000-member ACE2 ensemble. The black dashed line shows the 1:1 relationship,
corresponding to equidispersion. Points below (above) the line indicate underdispersion (overdispersion). b)
Relationship between the ensemble mean and the coeflicient of variation of seasonal TC counts, using the same
models, experiments, and color scheme as in panel (a). The solid black curve indicates the Poisson expectation,
COV = 1/+/p1, while the dashed black curves indicate the Binomial expectation, COV = \/% , where p=0.2,
0.4, 0.6, and 0.6, labeled in panel d). c,d) Same as panels (a) and (b), respectively, but excluding the smaller-
ensemble historical AM2.5-C360 and HiRAM simulations. Idealized experiments are distinguished by marker
shape. Experiments shared across both models (i.e. the ’cntl’ experiment) have the same marker shape across

both models.

b. Dispersion of simulated conditional TC counts across models

We examine the relationship between the ensemble mean and variance of seasonal Atlantic
TC counts under identical boundary forcing in Figures 2a and 2c¢ across a suite of models and
experiments. For each season, we compute the ensemble mean and ensemble variance of TC
counts subjected to the same prescribed SST forcing, with each point in these figures representing
the mean—variance pair associated with a single season.

Across all models and experiments, including both historical and idealized simulations, seasonal
TC counts are systematically underdispersed, suggesting the ensemble distributions have less spread
than would be diagnosed from a Poisson distribution. This behavior is evident from the fact that
most points lie above the 1:1 line, indicating that the ensemble variance is smaller than the ensemble
mean for most seasons. The only points lying below the 1:1 line are from the smaller ensemble
sized experiments of HIRAM (five members) and AM2.5-C360 (ten members), where the sample
variance is less likely to represent the true underlying variance due to the small sample size. Even
for those historical experiments, the vast majority of points for HIRAM (141/154) and AM2.5-C360
(145/154) lie above the 1:1 line. Idealized simulations from AM?2.5-C360 and HiRAM (Figures 2a

and 2c) exhibit this pattern for all experiments. The 1,000-member historical ensemble generated
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using ACE2 (Figures 2a, 2¢ and Table 2) also displays pronounced underdispersion, with sixteen
of the seventeen examined seasons exhibiting variances lower than their corresponding means,
and none showing overdispersion. The remaining season, 1982, is approximately equidispersed,
with both the mean and variance near three TCs. This season is exceptionally inactive relative to
typical TC seasons and represents an outlier within the ensemble. Taken together across several
state-of-the-art climate models with different underlying dynamics, seasonal Atlantic TC activity
violates the equidispersion property of the Poisson distribution and provide clear evidence against
a simple conditional Poisson process description of seasonal TC counts in these models.

We further find that the relationship between ensemble mean and variance becomes more tightly
organized as ensemble size increases. For large ensembles with more than 30 members, as in
the ACE2 simulations and AM2.5-C360 and HiRAM idealized experiments shown in Figure 2c,
the mean—variance pairs cluster closely around a well-defined curve and remain within a small
distance of the 1:1 line. In contrast, the AM2.5-C360 and HiRAM historical ensembles, which
contain substantially fewer members (five to ten members), show higher spread in their seasonal
data points, with some seasons lying close to the 1:1 line and others lying further away from the 1:1
line. These results stress the high sampling variability of estimating the ensemble variance using
small ensemble sizes. The larger ensemble sizes yield more clustered and consistent estimates of
the mean-variance relationship between sampled seasonal Atlantic TC count distributions.

In addition to examining the relationship between the ensemble mean and variance, we analyze
how the ensemble coeflicient of variation (COV) varies with the ensemble mean of seasonal Atlantic

TC counts in Figures 2b and 2d. The COV is defined as
cov="2, ©6)
7

where o and ¢ denote the standard deviation and mean of the distribution, respectively. Throughout
this study, these quantities are estimated from the model ensembles using the sample standard
deviation, s, and ensemble mean, X. The COV is a dimensionless measure of dispersion, allowing
comparisons among distributions with different average TC activity. Smaller values of COV
indicate that the ensemble spread is small relative to the mean, whereas larger values indicate
greater relative variability. Examining how COV varies with u therefore provides insight into how

relative model uncertainty changes for seasons with different levels of simulated TC activity.
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The expected relationship between COV and u differs between common discrete count models.
For a Poisson distribution, the mean and variance are equal, such that y = 02 = A, where A is the
rate parameter. In this case,

o u 1
COVpoisson = ; = £ = (7)

implying that the coefficient of variation decreases with increasing mean solely due to counting
statistics. A decreasing COV with increasing u is therefore expected under a Poisson process.

For a Binomial distribution describing n independent Bernoulli trials with success probability
p, the mean and variance are given by u = np and o> = np(1 - p). The corresponding COV is

o «np(l1-p) 1-p

COVBinomial = — = —————— = [—. (8)
H np H

Both Poisson and Binomial models therefore predict that COV decreases with increasing u and

scales as 1/4/u. However, the Binomial distribution includes the additional multiplicative factor

m, which suppresses COV relative to the Poisson expectation for 0 < p < 1. Therefore,

Binomial distributions have smaller coeflicients of variation than Poisson distributions with similar

mean values.

We examine the relationship between ensemble COV and ensemble mean u of seasonal Atlantic
TC counts under identical boundary forcing across a suite of models and experiments in Figures
2b and 2d and for the ACE2 1,000 member ensemble in Table 2. For each season, COV and u
are computed from the distribution of TC counts across ensemble members subjected to the same
prescribed SST forcing. Each point therefore represents a COV—u pair associated with a single
season. Across all models and experiments, including both historical and idealized simulations, the
ensemble COV decreases with increasing ensemble mean: the relative model uncertainty is smaller
in seasons with larger simulated activity. While this decreasing trend alone does not distinguish
between Poisson and Binomial processes, we find that the majority of COV—pu pairs lie below the
Poisson expectation given by COV = 1/+/u. Instead, these points fall within the range predicted
by a Binomial framework, as illustrated by the curves corresponding to COV = \/m for
representative values of p =0.2,0.4,0.6, and 0.8. This behavior is evident in both the physics-based
AM?2.5-C360 and HiRAM simulations and is particularly clear in the 1,000-member historical
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ensemble generated using the ACE2 model, for which all seasons except 1982 fall below the
Poisson curve.

The lower COV relative to the Poisson expectation provides evidence against modeling the
SST-conditioned TC count distribution using a Poisson distribution. Instead, these results suggest
that the SST-conditioned Atlantic TC count distribution follows a Binomial distribution, where
TC genesis is governed by a finite number of seed disturbances and environment-dependent seed-
to-TC conversion probabilities. Furthermore, the clustering of points from the larger ensemble
simulations within the Binomial expectation curves for p between 0.2 and 0.4 in Figure 2d suggests
that this range represents a plausible set of effective seed-to-T'C conversion probabilities across the
modeled climate states considered here.

Although the experiments across models generally fall within the 0.2 < p < 0.4 range in Figure
2d, there remains noticeable spread across different models and experiments. This spread may
reflect a combination of sampling uncertainty due to finite ensemble sizes and differences in how
each model represents the physical processes controlling TC formation. Previous studies have
shown that climate models and their experiments can exhibit different biases in their representation
of both the number of precursor seed disturbances (N;) and the probability that these disturbances
develop into TCs (P) (Yang et al. 2021; Hsieh et al. 2022). Consistent with these findings, Figure
2d suggests that different models and experiments may occupy distinct regions of the Binomial
parameter space, reflecting differences in their effective representations of Ny and P.

Additional analysis could help determine whether this spread represents true differences in the
conditional distribution of TC counts across climate states or uncertainty arising from limited
ensemble sampling. In particular, larger ensembles from physics-based climate models would
allow more robust estimates of the variance structure and help distinguish systematic model
differences from internal variability. Future work could also examine how variations in large-
scale environmental controls of TC formation influence the inferred values of Ny and P, providing
further insight into additional sources of predictability beyond the SST-forced response examined

here.
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c. Goodness-of-fit tests for 1,000 member ACE2 ensemble

Next, we examine the seasonal Atlantic TC count distributional properties of the 1,000-member
ACE2 historical ensemble. The large ensemble size allows robust statistical inference that is not
possible for conventional seasonal prediction systems, which typically include only a few dozen
members. We analyze ensemble distributions for each season in the continuous period from 2005
to 2020 and 1982, with summary statistics for each season reported in Table 2. Each row in the table
represents properties of the seasonal TC count distribution across the 1,000 ensemble members.

As shown in Figure 2, all sixteen seasons in the 2005-2020 period exhibit ensemble variances
that are smaller than their corresponding means, indicating systematic underdispersion and smaller
distribution spread than would occur in a Poisson distribution. Variance-to-mean ratios range from
0.69 to 0.84 for these years, while coefficients of variation range from 0.21 to 0.38. The strongest
deviation from equidispersion between 2005-2020 occurs in 2010, which has the lowest variance-
to-mean ratio and coefficient of variation, while 2018 is closest to equidispersed behavior during
this period. This consistent underdispersion demonstrates that the equidispersion property implied
by a Poisson process is not supported by the ACE2 ensemble distributions during the 2005-2020
period.

To further assess whether the ACE2 simulated Atlantic seasonal TC count distributions are
consistent with a Poisson process, we conduct Monte Carlo experiments. For each season, we
generate 10,000 synthetic ensembles by drawing 1,000 samples 10,000 times from a Poisson
distribution with rate parameter equal to the ACE2 ensemble-mean TC count for that season. For
each synthetic ensemble, we compute the sample variance, yielding a distribution of variances
expected under Poisson sampling variability at the given mean.

We illustrate the results for two representative seasons, 2010 and 2018, which span the range of
dispersion characteristics in the ACE2 ensemble during the 2005-2020 period (Figure 3). Monte
Carlo Poisson simulation results for all seasons are shown in Figure S1. Under the Poisson
assumption, the ACE2 ensemble variance for a given season should fall within the distribution of
variances generated by these Monte Carlo simulations.

Instead, we find that the ACE2 ensemble variance lies in the extreme left tail of the Monte
Carlo distributions for most seasons, indicating substantially reduced ensemble spread relative to

Poisson expectations. This behavior is summarized in Figure 3¢, which shows the percentile rank

22



524

525

526

527

528

529

530

531

546

547

548

549

550

551

552

553

TaBLE 2. Characteristics of the seasonal Atlantic TC count distributions derived from a 1,000-member
ensemble of the ACE2 historical simulation forced with observed seasonal SSTs. For each season, ensemble
mean, variance, variance-to-mean ratio, COV, and COS are shown. Akaike Information Criterion (AIC) scores
are computed by fitting the ensemble TC counts to Poisson and Binomial distributions using maximum likelihood
estimation and method of moments. We do not include a Binomial fit for the 1982 season, since the estimate
of the number of trials 7i in the method of moments estimation is negative, rendering the estimation unphysical.
The quantity A AIC is defined as the AIC of the Binomial fit minus that of the Poisson fit, such that negative

values indicate a preferred Binomial formulation.

Year Mean  Variance  Variance/Mean COV  COS  AIC Poisson  AIC Binomial A AIC

1982 2.96 2.97 1.00 058 0438 3863.8 - -

2005 12.5 9.7 0.78 025 022 5129.7 5100.7  -29.0
2006 9.6 79 0.82 029 022 4909.9 48923  -17.6
2007 9.7 7.3 0.75 028 0.28 4851.3 4814.6  -36.7
2008 11.2 8.5 0.76 026 022 5009.4 49759  -335
2009 7.3 6.1 0.84 034 037 4636.1 46222  -139
2010 15.2 10.1 0.66 021 021 5217.1 51448  -723
2011 11.6 8.3 0.72 025 024 4999.1 49519 472
2012 10.1 8.0 0.79 028 030 4931.1 4909.5  -21.6
2013 9.9 7.3 0.74 027  0.10 4874.9 48343  -40.6
2014 6.3 55 0.87 037 031 4526.5 4516.8 -9.7
2015 6.6 52 0.79 035 047 4494.1 44728  -21.3
2016 9.5 7.0 0.74 028 0.18 4817.0 47754  -41.6
2017 9.8 7.3 0.74 028 026 4850.7 48109  -39.8
2018 6.3 5.6 0.89 038 0.3l 4550.3 4545.9 -4.4
2019 8.6 6.4 0.74 029 024 4730.0 46933  -36.7
2020 11.4 79 0.69 025 0.18 4964.2 4906.6  -57.6

of the ACE2 ensemble variance relative to the corresponding Poisson-based variance distribution
for each season. For thirteen of the seventeen seasons analyzed, the ACE2 ensemble variance falls
below the minimum variance produced by the Poisson simulations. With the exception of 1982,
for the remaining three seasons, the ACE2 ensemble variance lies below the fifth percentile of the
Monte Carlo distribution.

These results provide strong evidence that the ACE2 seasonal TC count distributions are sys-
tematically underdispersed relative to a Poisson process. In particular, the simulated ensemble

variances are not only smaller than the Poisson expectation, but fall outside the range of sampling
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variability expected under the assumption that the SST-conditioned seasonal Atlantic distribution
is a Poisson distribution.

Finally, the large ensemble size allows direct likelihood-based comparison of Poisson and Bi-
nomial models using the Akaike Information Criterion (AIC). For the historical simulated ACE2
seasons, we fit the 1,000 ensemble TC counts to both distributions. The Poisson model is fit by
setting the rate parameter equal to the sample mean, corresponding to the maximum likelihood and
method of moments estimate. For the Binomial model, parameters are estimated using the method
of moments, with the conversion probability given by p = 1 —s?/x and the number of trials given

by 72 = X/p. For each fitted distribution we compute the AIC,
AIC =2k —2In(L), )

where k is the number of free parameters in the model (one for Poisson, two for Binomial), and L
is the maximum likelihood of the model. Thus, the AIC quantifies the trade-off between goodness
of fit and model complexity, allowing an objective comparison between different distributions
for sampled ensemble TC counts. Lower AIC values indicate a better data fit to the underlying
distribution. AIC values for the ACE2 simulated seasons are listed in Table 2.

Across all ACE2 simulated seasons between 2005 and 2020, the Binomial model yields a
lower AIC than the Poisson one, indicating superior explanatory power for the ensemble TC count
distributions using a Binomial distribution. While this does not rule out other underdispersed count
models for seasonal Atlantic TC count distributions, such as the COM-Poisson or Poisson-Binomial
distributions, it demonstrates that the Poisson assumption is not supported by the 2005-2020 ACE2
ensemble data, whereas a Bernoulli-trials framework provides a substantially better description of
the simulated seasonal Atlantic TC counts.

Although all seasons from 2005-2020 in the ACE2 historical ensemble exhibit clear underdis-
persion, characterized by ensemble variances below the fifth percentile of Poisson expectations
(Figure 3) and superior goodness-of-fit to a Binomial distribution relative to a Poisson distribution
based on AIC (Table 2), the 1982 season represents a notable exception. As shown in Table 2, the
simulated TC count distribution for 1982 is approximately equidispersed, with its mean and vari-
ance nearly equal. Consistent with this finding, the ensemble variance lies near the 51st percentile

of the Monte Carlo Poisson variance distribution, indicating no clear deviation from a Poisson
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Fic. 3. Monte Carlo assessment of the Poisson assumption for seasonal TC counts using the 1,000-member
ACE2 ensemble, shown for 2010 and 2018 (panels a, and b, respectively). Each panel depicts a Monte Carlo
simulation of a Poisson with a rate parameter equal to the ensemble mean of the ACE2 1,000-member ensemble
simulated year. For each 2010 and 2018 simulated ACE2 season, we generate 1,000 samples from such a Poisson
distribution and repeat this process 10,000 times. Then, we find the variance for each group of 1,000 samples from
this Poisson distribution, which represents the variance for a theoretical Poisson conditional seasonal Atlantic
TC count distribution. The histograms show the distribution of the 10,000 sampled variances for each simulated
season, and the vertical dashed line represents the true simulated 1,000-member ensemble variance from the
ACE2 model. The verified quantile of the simulated variance across the histogram is shown in the upper right
portion of each panel. Monte Carlo distributions for all remaining years (1982, 2005-2020) are provided in
Figure S1. Panel (c) depicts the verified quantile in the histogram of the simulated variance for all years (1982,

2005-2020) on a logarithmic scale The red dashed hor#zbntal line marks the 5% significance threshold.
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distribution. Furthermore, because the ensemble variance slightly exceeds the mean, the Binomial
distribution cannot be fit: the estimate of the number of trials 7i becomes negative, yielding an
unphysical parameterization. The Poisson distribution yields the lowest AIC score for 1982 across
all years considered, further supporting the interpretation that this season’s conditional TC count
distribution is equidispersed.

We interpret 1982 as an outlier within both the observational record and the modeled ensemble.
According to the observational dataset of Landsea et al. (2010), 1982 is the least active Atlantic TC
season in the satellite era, with only two observed storms. This inactive environment likely limits the
ability to robustly characterize a range of possible TC counts. Additionally, because the minimum
possible seasonal TC count is zero, when the distribution mean of the simulated distribution is
very low, the distribution variance approaches zero as well, making dispersion properties difficult
to diagnose. In this regime, the distinction between different discrete distributions becomes less
pronounced, and equidispersion can arise naturally due to the low count.

Importantly, the presence of other relatively inactive seasons within the ACE2 analysis period,
such as 2007, which also exhibits low observed activity of five storms, does not lead to similar
behavior. These still show underdispersion in their TC count distributions and favor a Binomial
distribution over a Poisson distribution. This indicates that low activity alone does not suggest a
Poisson distribution better represents the SST-conditioned TC count distribution. These results
suggest that the equidispersed behavior in 1982 reflects the uniquely extreme and unfavorable
environmental conditions of that season, rather than a breakdown of our broader conclusions.
Across all other seasons analyzed, the ACE2 1,000-member ensembles consistently support the
conclusion that seasonal TC counts are not well described by a Poisson process, but are more

appropriately represented by a Binomial distribution.

d. Physical basis for the Binomial TC framework

The results presented thus far provide strong evidence against describing seasonal TC counts
as a Poisson process. They instead motivate consideration of alternative generative frameworks
in which TC formation is more constrained than implied by purely random arrivals. Here, we
present empirical support for a finite-opportunity or Binomial framework for tropical cyclogenesis,

following the conceptual model proposed by Hsieh et al. (2020); in this framework, seasonal TC
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counts are interpreted as the number of successful TC formations arising from a finite number of
seed disturbances, with the probability of each seed developing into a TC governed by large-scale
environmental conditions.

Figure 4 illustrates the ensemble-mean relationships among simulated seasonal TC counts, the
Binomial proxy defined as the product of seed count and conversion probability (Seeds X P(A)),
the individual components of this proxy, and the relationship between seed count and conversion
probability. Across both models, we find moderate to strong positive correlations between seasonal
TC counts and each component of the Binomial framework. In AM2.5-C360, TC counts are
more strongly correlated with seed count than with conversion probability (r = 0.73 versus r =
0.53), whereas in HIRAM the opposite is true, with TC counts more strongly correlated with
conversion probability than with seed count (r = 0.83 versus r = 0.62). Despite these differences,
the correlation between the full Binomial proxy (Seeds XP(A)) and simulated TC counts is strongly
positive in both models (r = 0.76 for AM2.5-C360 and r = 0.81 for HIRAM), indicating that the
combined influence of seeds and environmental favorability provides a robust predictor of seasonal
TC activity.

We further note that seed count and conversion probability are not independent variables, but
instead exhibit moderate positive covariance in both models (» = 0.43 for AM2.5-C360 and » = 0.54
for HIRAM), consistent with previous findings (Levin et al. 2026b). This covariance suggests that
environmental conditions conducive to TC formation may simultaneously influence both the num-
ber of precursor disturbances and their likelihood of development. Although the high-resolution
atmospheric models used in this study explicitly simulate TC-like vortices, they do not fully resolve
all aspects of TC dynamics, including convective-scale processes and inner-core structure. There-
fore, the relationship between environmental controls of seed formation and conversion probability
may depend on how each model represents the TC intensity spectrum. This caveat is particularly
relevant for HIRAM, whose lower horizontal resolution limits its ability to simulate the most in-
tense hurricanes compared with AM2.5-C360. Consequently, the simulated covariance between
seed frequency and conversion probability can reflect model-specific representations of TC genesis
and intensification. Future work using higher resolution models will be needed to further evaluate

whether this relationship is consistent for the most intense storms.
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a) TCs vs. Seeds x P(A) (AM2.5-C360) b) TCs vs. Seeds (AM2.5-C360) c) TCs vs. P(A) (AM2.5-C360) d) Seeds vs. P(A) (AM2.5-C360)
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Fic. 4. Scatter plots illustrating relationships between ensemble-mean TC counts, precursor disturbances, and
conversion probability in historical atmosphere-only simulations forced with observed SSTs during 1871-2021.
Panels (a,e) show ensemble-mean TC count versus the ensemble-mean approximated TC count, defined as the
product of seed count and parametrized conversion probability (Seeds X P(A)). Panels (b,f) show ensemble-mean
TC count versus ensemble-mean seed count. Panels (c,g) show ensemble-mean TC count versus ensemble-mean
parametrized conversion probability P(A). Panels (d,h) show ensemble-mean seed count versus ensemble-mean
parametrized conversion probability. Top panels correspond to the AM2.5-C360 model (blue), and bottom panels
correspond to the HIRAM model (orange). Correlation coeflicients are reported in the lower-right corner of each

panel.

Taken together, the relationships shown in Figure 4 across both models with different resolutions
and convection parameterizations are consistent with a generative picture in which seasonal TC
counts arise from a finite number of seeds whose conversion probability depends on the large-scale
environment, rather than from an unbounded Poisson process. However, in spite of this colinearity,
seeds and genesis probability together provide better explanatory power of seasonal TC frequency,
as has also been found in other contexts and models (Vecchi et al. 2019; Hsieh et al. 2020; Yang
et al. 2021; Levin et al. 2026b): seasonal TC frequency arises from the probability genesis from a

finite set of trials (seeds), where such genesis probability and seed count are climate dependent.
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e. Analysis of observational record

The controlled large-ensemble modeling frameworks used in this study allow us to directly esti-
mate the distribution of possible seasonal Atlantic TC counts under a fixed large-scale climate state
by holding SST boundary conditions constant across ensemble members. In contrast, the observa-
tional record provides only one realization from each TC season. Therefore, while observations can
be used to estimate the total variance of the SST-conditioned Atlantic TC count distribution, they
cannot directly isolate the variability associated with subseasonal variability from intraseasonal
climate variability.

Conceptually, the total interannual variance in observed seasonal TC counts can be decomposed

as
2 _ 2 2
Tiotal = Tnoise + O climate’ (10)
h 2 h 1 vari i 1TC 2 h
where O-total represents the total variance 1n seasona counts across years, O-noise represents the

variance of possible seasonal outcomes under a fixed climate state (i.e., the conditional distribution),

and o2

. represents variance associated with year-to-year changes in the large-scale environment,
climate

such as SST patterns.
Because the observational record includes only one seasonal outcome each year, the variance

calculated directly from TC counts across the entire observational record estimates o>

2
total® not o,

noise
OF O mate

To quantify O't?;) . 10 the observed record, we compute the variance of observed annual Atlantic
TC counts derived using the methodology of Landsea et al. (2010) and shown in Figure S2.
We examine both the full observational record (1878-2024) and the satellite-era record (1980—

2024), when TC observations are more reliable. Across both observational subsets, -2

total ranges

from approximately thirteen to fourteen TCs?, while the mean annual TC count is approximately
ten storms (Table 3). Therefore, if the observed record is interpreted as a single unconditioned
distribution, seasonal Atlantic TC counts appear overdispersed, with variance exceeding the mean.
This would suggest that the distribution of TC counts across different climate states may be better

represented by an overdispersed count model, such as a Negative Binomial distribution.
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However, this interpretation does not describe the quantity oﬁoise, which relevant when controlling
for different climate states across seasons and when making seasonal predictions. Statistical and
statistical-dynamical frameworks seek to estimate the distribution of possible outcomes conditioned
on a known or forecasted large-scale environment (e.g., Elsner and Jagger 2004, 2006; Jagger and
Elsner 2010; Vecchi et al. 2011; Villarini et al. 2012; Davis et al. 2015; Murakami et al. 2016a).

Therefore, the relevant quantity to this approach is o2 ~ 02

. 2
noise’ Assummg o, total

not 0'2 .
noise

total”

would incorrectly attribute all observed variability to stochastic weather variability within a fixed

climate state. Since we assume o2

g > 0, this approximation would overestimate the SST-
climate

conditioned seasonal Atlantic TC count distribution variance. Therefore, using crtzo ) O select a

conditional discrete count distribution for a statistical framework could incorrectly result in using

a overdispersed distribution that overestimates the range of possible seasonal Atlantic TC counts.
Controlled modeling frameworks using large ensembles provide a method for separating the two

sources of variability. In this study, estimates of o2

. for past observed seasons are obtained
noise

from ensembles initialized under identical observed SST boundary conditions by computing the
variance of the ensemble distribution. These estimates are shown in the third column of Table 2
for the 1,000-member ACE2 DL ensemble forced with observed SSTs (1982 and 2005-2020), and
in Figure 2a for the historical GFDL AM2.5-C360 and HiRAM simulations forced with observed
SSTs. The idealized SST perturbation experiments also provide estimates of conditional variability,
although these experiments sample artificially constructed climate states and therefore should not

be interpreted as direct estimates of observed ofoise.

Large ensembles can also provide estimates of 02

imate DY €xamining variability in the ensemble

mean response across different climate states. We estimate o> using the ACE2 1,000-member

climate

ensemble because its large ensemble size provides a more robust estimate of the forced response than
the smaller AM2.5-C360 and HiRAM historical ensembles (ten and five members, respectively).
Specifically, we compute the variance across annual ACE2 ensemble-mean TC counts (the values

shown in the second column of Table 2). This gives an estimate of oflimate

of approximatly eight

TCs? (Table 3). Combining this estimate with the observed suggests a residual estimate of

2
O-total

of approximately six TCs?. However, this residual estimate should be interpreted cautiously

because o2
noise

o2
noise
itself varies with the climate state, as demonstrated by the year-to-year differences

in ensemble spread shown in Figure 2 and Table 2.
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TasLE 3. Estimates of variance components in historical seasonal Atlantic TC counts. The Observed record
provides an estimate of the total interannual variance (o-t% «1)» computed as the variance of annual TC counts

across the record. The o2 is estimated from the ACE2 1,000-member ensemble as the variance of annual

climate
ensemble-mean TC counts across different simulated seasons. Results are shown using all available years and
more recent years with improved observational techniques. Observed TC counts are derived following Landsea

et al. (2010).

Record Variable  Value
Mean 9.5
Obs (1878-2024) 5
o—lotal 14.2
Mean 10.2
Obs (1980-2024) 5
O—(mal 13.1
ACE2 (1982,2005-2020) o2, =~ 76

This observational analysis highlights two important points. First, although the unconditioned
observed distribution of seasonal Atlantic TC counts appears overdispersed, this does not imply
that the SST-conditioned distribution relevant for seasonal prediction is also overdispersed. The

observed record alone cannot separate o> . from o2

. . Second, large ensembles used within
noise climate

controlled modeling frameworks allow us to estimate the conditional TC count distribution be-
cause they explicitly separate stochastic internal variability under fixed boundary conditions from
variability associated with changes in the climate state. Therefore, the consistent underdispersion
relative to a Poisson distribution found across the physics-based models, idealized experiments, and
ACE2 DL emulator using different TC tracking techniques suggests that underdispersion is a robust
feature of the modeled SST-conditioned TC genesis process. The observational analysis presented
here should be viewed as illustrating the limitations of using the single-realization observed record

to infer the conditional distribution of seasonal TC activity.

4. Discussion and conclusions

This study provides the first systematic evaluation of the Poisson equidispersion assumption for
the conditional seasonal Atlantic TC count distribution using large ensembles from state-of-the-art
atmosphere-only models. By leveraging ensembles from both physics-based models (AM2.5-C360
and HIRAM) and a 1,000-member ensemble generated by the DL-based climate emulator ACE2
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that use different TC tracking algorithms, we robustly characterize the distributional properties
of seasonal TC counts under identical boundary forcing across multiple modeling frameworks
without imposing any apriori assumptions about the underlying conditional count distribution.
We analyze simulations forced by observed SSTs as well as a suite of idealized SST perturbation
experiments, allowing us to examine a broad range of climate states and isolate the role of internal
atmospheric variability in shaping the ensemble distribution of seasonal Atlantic TC activity.
Across these experiments, we investigate the relationship between the ensemble mean and variance
and find that underdispersion is a robust feature of simulated seasonal TC counts. This result is
particularly evident in the idealized SST experiments with at least 30 ensemble members, where
every experiment across both AM2.5-C360 and HiRAM produces an ensemble variance smaller
than the ensemble mean. Although these idealized SST configurations do not necessarily represent
realistic climate states, they span a wide range of large-scale environments and consistently support
the conclusion that the conditional distribution of seasonal TC counts is underdispersed. These
findings indicate that seasonal TC frequency is better represented as a multi-stage process involving
a finite number of opportunities for TC formation, consistent with recent physically based arguments
(Hsieh et al. 2020).

Several independent lines of evidence support a finite-opportunity interpretation of TC gen-
esis rather than a Poisson process. First, seasonal TC count distributions are systematically
underdispersed, with ensemble variances smaller than ensemble means across nearly all seasons,
experiments, and modeling frameworks examined. Second, the relationship between the coefficient
of variation and ensemble mean deviates from the theoretical Poisson expectation, with relative
uncertainty decreasing more rapidly during more active simulated seasons than would be expected
from a Poisson process. Third, Monte Carlo experiments demonstrate that the observed ensemble
variances are unlikely to arise from finite sampling of an underlying Poisson distribution. Fourth,
likelihood-based model comparisons using AIC show that a Binomial distribution provides a better
fit than a Poisson distribution to seasonal TC count distributions from the 1,000-member ACE2
ensemble for nearly all seasons analyzed. Finally, diagnostics separating precursor disturbances
from the environmental probability of transition to a TC provide a physical basis for a Binomial
framework, in which seasonal TC frequency emerges from a finite number of potential distur-

bances that each have some probability of developing into a TC. This interpretation is consistent
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with previous studies emphasizing the importance of both disturbance frequency and large-scale
environmental controls on TC genesis (Vecchi et al. 2019; Hsieh et al. 2020; Sugi et al. 2020; Yang
et al. 2021; Levin et al. 2026b).

These results, implying that simulated TC activity is more constrained than implied by a Poisson

process have important implications:

* Statistical modeling of TCs: Poisson-based formulations may systematically overestimate
uncertainty and misrepresent dispersion structure for seasonal Atlantic TC count SST-
conditioned distributions, especially in active seasons. Alternative underdispersed count
models, including Binomial, Poisson-Binomial, or related formulations, may provide more

physically consistent representations of seasonal TC variability.

* TC forecasting: Traditional seasonal Atlantic TC forecasting systems typically provide qual-
itative forecasts of TC counts, predicting a range of possible storm counts with a confidence
percentage in the forecast. This study seeks to improve seasonal TC outlooks by making them
more quantitatively robust and providing an approach and interpretation to understand the
confidence in such prediction. First, using the proper seasonal Atlantic TC count conditional
distribution to model the range of plausible outcomes enables a probabilistic quantification
for any possible TC level, including the extreme tail seasons. Additionally, the results from
Figures 2b and 2d, showing a systematic decrease in the conditional TC count distribution
spread for more active seasons suggest that the conditional distribution variance, and thus
confidence in the forecasted TC count, changes depending on the mean TC signal. Therefore,
seasons with largely favorable SST boundary conditions for an active season could have more
tightly constrained conditional TC count distributions, and thus yield more confident seasonal

TC forecasts.

* Seasonal Atlantic TC predictability: The systematic underdispersion of the SST-conditioned
TC count distribution suggests that the large-scale environmental state constrains seasonal
Atlantic TC activity more tightly than has generally been assumed under the canonical Poisson
framework. Since the conditional distribution of seasonal TC activity is narrower than
previously assumed, SST boundary conditions contain more information about the realized

seasonal outcome, implying greater intrinsic predictability of seasonal Atlantic TC outcomes
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once the large-scale environment is specified. This conclusion is consistent with many skillful
seasonal Atlantic TC predictions (Chen and Lin 2011; Vecchi et al. 2014; Murakami et al.
2016b; Klotzbach et al. 2019; Murakami et al. 2025), while providing a physical explanation

for why those forecasts exhibit substantial skill.

Physical interpretability: The results reinforce the view that TC counts are controlled by
the joint behavior of precursor disturbances (seeds) and environmental conversion probability,
rather than by purely random arrivals. Additionally, the Binomial framework offers a physical
mechanism for why the TC count distribution coefficient of variation decreases with the
distribution mean (Figures 2b and 2d), thus the models exhibit less uncertainty for more active

se€asons:

1. For a Binomial distribution, the COV is given by

l-p
np

COV =

When the conversion probability p is held fixed, the COV decreases as 1/4/n. Con-
sequently, when a basin experiences a large number of trials or seed disturbances, the
relative spread in total TC counts across the ensemble is reduced. This behavior reflects
a law-of-large-numbers effect: as the number of trials increases, the total number of suc-
cesses becomes more consistent. Thus, in seasons with abundant seeds (n), the realized

TC counts are intrinsically less variable.

2. A complementary interpretation involves variations in the conversion probability p.
As shown in Figures 4c and 4g, more active seasons are associated with enhanced
environmental favorability, reflected in higher values of P(A). As p increases, the
numerator of the COV expression (m) decreases, driving the TC count distribution
toward increasingly deterministic outcomes. For example, a conversion probability
of p =0.99 yields a substantially smaller COV than p = 0.5. In highly favorable
environments, in addition to more seeds being present, nearly every viable seed develops
into a storm, leading to stronger agreement across ensemble members in their simulated

TC activity.
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* Role of AI models: This study highlights the unique role of Al-based climate models
in enabling statistical diagnostics that were previously infeasible. The ability to generate
ensembles with thousands of members allows robust estimation of dispersion properties and
formal goodness-of-fit testing for discrete count distributions, opening new opportunities
to re-examine long-standing statistical assumptions in climate science. At the same time,
interpreting these Al-driven results relies critically on a strong understanding of the underlying
physical processes governing storms, the large-scale climate, and their interactions. Together,
this highlights the importance of integrating physical insight with advanced statistical and

computational approaches.

One caveat of this study is that it focuses exclusively on seasonal Atlantic TC counts, a basin
for which Poisson-based statistical models have been widely applied (e.g., Elsner and Jagger
2004, 2006; Jagger and Elsner 2010; Villarini et al. 2012; Davis et al. 2015; Murakami et al.
2016a). Preliminary analysis suggests that qualitatively similar underdispersion in the ensemble
spread of modeled seasonal TC activity is also present in the western North Pacific; however,
a quantitative assessment of whether Poisson or Binomial frameworks provide an appropriate
description of seasonal TC counts in that basin is beyond the scope of this study. Future work
should therefore examine the dispersion properties of the environmentally-conditioned seasonal TC
count distribution across additional basins. This includes an evaluation of the proper discrete count
distribution, such as the Binomial or Poisson distributions for other basins’ TC count conditional
distribution.

Another intrinsic caveat of this study, given our use of atmosphere-only models with pre-
scribed SST boundary conditions, is that our experiments do not explicitly represent coupled
atmosphere—ocean interactions that are important for TC development. While we acknowledge
that air—sea feedbacks play a critical role in TC evolution, isolating the component of internal
atmospheric variability that is independent of boundary forcing (i.e., the conditional variance of
seasonal TC counts) requires fixing the SST boundary conditions. Therefore, the experimental de-
sign used in this study would not be possible in a fully coupled framework. However, because SSTs
govern TCs and their large-scale environmental controls, future work could extend this analysis by
examining the conditional distribution of seasonal Atlantic TC counts in coupled climate models

that include atmosphere-ocean interactions using large ensembles of nudged experiments.
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Finally, our results do not assess model accuracy or forecast skill. Several seasons, including
2007 and 2020, lie in the extreme tails of the model-simulated TC count distributions (Figure
1), indicating that accurate prediction of individual seasons remains challenging. As discussed
in Levin et al. (2026a), and expected from the intrinsically probabilistic nature of seasonal TC
information (e.g., Vecchi and Villarini 2014; Vecchi et al. 2014), such discrepancies may arise
from the unpredictability of subseasonal atmospheric variability rather than model limitations. Our
findings instead clarify how climate models generate distributions of possible seasonal Atlantic TC
counts and provide a physically grounded interpretation of their dispersion properties.

Overall, this work demonstrates the value of combining physics-based and DL-based climate
models to rigorously test foundational statistical assumptions. By showing that seasonal TC counts
in climate models are underdispersed and more constrained than implied by Poisson randomness,
we motivate the development of more physically grounded statistical frameworks for seasonal TC

prediction and risk assessment.
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