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Abstract 12 

Tropical cyclones (TCs) are intermittent extreme weather events, yet their seasonal occurrence can 13 
be constrained by slowly varying climate variability and regional predictability remains poorly 14 
understood. Using 44 years of May-initialized ensemble hindcasts, we show robust seasonal 15 
predictability of North Atlantic TC track density across two prediction systems with contrasting 16 
resolutions: nominal 1° versus 0.25° atmosphere/0.1° ocean. Both show similar skill over the Gulf 17 
region and Caribbean Sea, with correlations approaching 0.6, despite underestimated TC 18 
climatology in the low-resolution system. This predictability is linked to a large-scale sea surface 19 
temperature pattern predicted months in advance, with correlations exceeding 0.8, and associated 20 
atmospheric circulation changes. Yet similar observed skill arises from sharply contrasting model-21 
internal signal-to-noise characteristics: weak ensemble-coherent TC variability in the low-22 
resolution system but a stronger predictable signal in the high-resolution system. These results 23 
suggest that weak model signal-to-noise does not necessarily imply weak physical predictability 24 
for intermittent extreme weather. 25 

Introduction 26 

Tropical cyclones (TCs) pose severe wind, precipitation and coastal flooding hazards, creating 27 
a strong demand for information about seasonal activity before individual storms form (1, 2). The 28 
scientific basis for such forecasts is the influence of slowly varying climate conditions on 29 
atmospheric variability. In particular, large-scale sea surface temperature (SST) anomalies can 30 
modify the thermodynamic and dynamical environment in which TCs develop and move, 31 
providing information beyond the range of individual weather forecasts (3, 4). This principle was 32 
translated into Atlantic seasonal hurricane outlooks at Colorado State University (CSU) beginning 33 
in 1984, using empirical relationships between hurricane activity and large-scale climate indicators, 34 
including the El Niño–Southern Oscillation (ENSO), the stratospheric quasi-biennial oscillation 35 
(QBO) and sea-level pressure over the Caribbean Sea (1, 4, 5). Since then, seasonal TC forecasting 36 
has developed into an operational activity across multiple forecasting centers. These outlooks have 37 
traditionally focused on basin-integrated quantities, including the total number of named storms, 38 
hurricanes and major hurricanes, as well as accumulated cyclone energy (ACE). Assessments of 39 
these forecasts show that skill in basin-wide activity generally increases as the hurricane season 40 
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approaches, from relatively low skill in April to modest skill in June and substantially higher skill 41 
by August (1). 42 

In parallel, dynamical seasonal TC prediction emerged through initialized coupled climate 43 
models, beginning with early forecasts at the European Centre for Medium-Range Weather 44 
Forecasts (ECMWF) (6, 7). Subsequent prediction systems, including the UK Met Office GloSea5 45 
and higher-resolution GFDL models, demonstrated useful skill for North Atlantic TC frequency 46 
and ACE and extended dynamical forecasts to major hurricanes and landfalling activity (8–11). 47 
Despite these advances, seasonal TC prediction has remained largely focused on basin-integrated 48 
activity, whereas regional information is needed to assess geographically specific exposure (2, 12). 49 
Skill in basin-wide activity does not necessarily imply skill in the spatial distribution of TC 50 
occurrence. Regional track density reflects not only the total number of TCs, but also variations in 51 
genesis location, storm development and survival, and subsequent movement, and can therefore 52 
differ substantially between seasons with comparable basin-wide activity (13–15). Predicting these 53 
spatial variations therefore represents a distinct frontier in seasonal TC prediction and an important 54 
step toward translating seasonal climate predictability into regionally relevant information. 55 

Earlier regional assessments suggest that spatially resolved TC prediction is feasible, but also 56 
reveal substantial uncertainty in its robustness. Useful skill has been reported across the western 57 
tropical Atlantic, Caribbean and adjacent North American coastal regions, although its magnitude 58 
and spatial extent vary with initialization month, verification period and prediction system (16, 59 
17). Previous assessments have also been constrained by relatively short common hindcast periods, 60 
regional aggregation or rank-based measures of occurrence, while significant spatial skill is often 61 
concentrated within limited parts of the basin. These studies provide important evidence that 62 
regional TC variability contains a predictable component, but do not yet establish how robust that 63 
component is across models, lead times and verification frameworks. 64 

A second uncertainty concerns the physical source of regional predictability. Large-scale SST 65 
variability, including ENSO and tropical Atlantic SST anomalies, is known to modulate Atlantic 66 
TC activity (18–21), but reproducing basin-wide climate–TC relationships does not guarantee that 67 
their regional spatial expression is represented correctly. European seasonal prediction models, for 68 
example, can capture the broad ENSO influence on Atlantic TC activity while misrepresenting its 69 
geographical structure, particularly over the Caribbean (22). More generally, improved prediction 70 
of TC-relevant environmental conditions does not necessarily translate into improved TC forecasts. 71 
Recent comparisons of GFDL prediction systems show that differences in the amplitude of 72 
interannual TC variability and in the sensitivity of TC activity to large-scale conditions can 73 
strongly affect forecast skill even when the large-scale environment itself is predicted well (11). 74 

A third challenge is that model-internal predictability and observed prediction skill are not 75 
equivalent quantities. Ensemble-based measures quantify the strength of the predictable signal 76 
represented within a model, whereas forecast skill measures agreement with observed seasonal 77 
variations. Previous studies have shown that weak model signal-to-noise ratios can coexist with 78 
substantial observed skill, and that model-derived estimates of potential predictability need not 79 
directly represent the predictability realized in nature (23, 24). For regional TC occurrence, where 80 
the target itself is sparse and highly variable, this distinction becomes particularly relevant. It 81 
therefore remains unclear whether robust regional TC skill requires a strong ensemble-coherent 82 
signal, or whether different prediction systems can recover comparable observed predictability 83 
while representing the underlying predictable variability very differently. 84 
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Here we address these questions using observations and 44 years (1980–2023) of May-85 
initialized hindcasts from two Community Earth System Model (CESM) based prediction systems: 86 
the High Resolution Decadal Prediction system (HRDP), which is based on CESM version 1.3 87 
with ~0.25° resolution atmosphere and land components and ~0.1° resolution ocean and sea-ice 88 
components (25–27), and the Seasonal-to-Multiyear Large Ensemble (SMYLE), which is based 89 
on CESM version 2 with a nominal resolution of ~1° across all components (28) (Methods). 90 
Beyond their substantial difference in horizontal resolution, HRDP and SMYLE are built on 91 
different CESM generations and employ different atmospheric dynamical cores and physical 92 
parameterization suites, resulting in markedly different simulated TC climatology. These contrasts 93 
provide an opportunity to assess the robustness and physical basis of regional TC predictability 94 
across substantially different climate prediction systems. 95 

 96 

Robust regional TC prediction despite contrasting climatology 97 

The HRDP and SMYLE prediction system exhibit markedly different representations of TC 98 
climatology (Fig. 1a,d) but surprisingly similar patterns of seasonal prediction skill (Fig. 1b,e). 99 
HRDP captures the broad observed geographical distribution of TC activity, although notable 100 
regional biases remain, including underestimated activity over parts of the western North Pacific 101 
(WNP) and North Atlantic (NA) and overestimated activity in the eastern North Pacific (ENP; 102 
Supplementary Fig. 1a,b). In contrast, SMYLE exhibits much larger negative biases, substantially 103 
underestimating TC occurrence across the major Northern Hemisphere TC basins (Supplementary 104 
Fig. 1c). Consequently, HRDP simulates considerably more TC activity than SMYLE across most 105 
regions (Supplementary Fig. 1d), consistent with the well-established sensitivity of simulated TC 106 
activity to model resolution (29, 30). 107 

Despite these pronounced climatological differences, both systems exhibit remarkably similar 108 
patterns of seasonal prediction skill. Using linearly detrended TC track density anomalies over 109 
1980–2023, statistically significant positive anomaly correlation coefficients (ACCs) extend 110 
across large portions of the NA and North Pacific sector in both HRDP and SMYLE (Fig. 1b,e). 111 
Focusing on the NA, a particularly coherent region of skill emerges over the Gulf region and 112 
Caribbean Sea, where local ACCs approach 0.6. Remarkably, SMYLE shows comparable and 113 
even higher skill than HRDP over this region (Supplementary Fig. 2), despite its substantially 114 
larger negative bias in climatological TC activity. The regional skill is also largely insensitive to 115 
long-term trends, as ACCs calculated from the original, non-detrended time series exhibit very 116 
similar spatial patterns and magnitudes over the Gulf–Caribbean region, including the relative skill 117 
difference between the two systems (Supplementary Fig. 3). The persistence of this skill after 118 
removing linear trends demonstrates that it primarily reflects predictable interannual variations in 119 
regional TC activity rather than agreement arising from long-term changes. 120 

The initialized forecasts also provide substantial skill beyond persistence (Fig. 1c,f). Positive 121 
differences in ACC extend across much of central Pacific and western NA in both systems, 122 
including the Gulf–Caribbean region, indicating that the regional skill cannot be explained simply 123 
by persistence of the preceding TC state. Taken together, the robust skill over 44 years of detrended 124 
verification, its consistency across two substantially different prediction systems, and 125 
improvement over persistence establish a predictable component in the spatial distribution of 126 
seasonal TC occurrence. The comparable regional skill despite markedly different TC climatology 127 
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further raises the question of whether HRDP and SMYLE represent the underlying predictable TC 128 
signal in the same way. 129 

 130 

Signal-to-noise characteristics of regional TC prediction skill 131 

However, the comparable regional prediction skill in HRDP and SMYLE masks substantial 132 
differences in their model-internal predictable signals. To quantify these differences, we calculate 133 
the signal-to-total ratio (S2T), which measures the amplitude of the ensemble-mean predictable 134 
signal relative to the total year-to-year variability represented within each prediction system 135 
(Methods). HRDP exhibits substantially larger S2T than SMYLE across much of the tropical 136 
Pacific and western North Atlantic, including the Gulf–Caribbean region (Fig. 2a,c). SMYLE, on 137 
the other hand, shows much weaker ensemble-coherent TC variability over many of the same 138 
regions where its observed ACC is comparable to, or even higher than, that of HRDP. Therefore, 139 
similar observed prediction skill can emerge from prediction systems with very different 140 
amplitudes of internally predictable TC variability. 141 

This difference is further illustrated by the ratio of predictable components (RPC), defined as 142 
the forecast–observation ACC normalized by S2T (23, 24). Over much of the skillful Gulf–143 
Caribbean region, HRDP exhibits RPC values close to one, indicating broad consistency between 144 
its model-internal predictable signal and observed prediction skill (Fig. 2b). In contrast, SMYLE 145 
exhibits RPC values substantially greater than one across much of the same region (Fig. 2d), which 146 
is recognized as “signal-to-noise paradox”. This paradox was first highlighted prominently in 147 
seasonal predictions of the winter North Atlantic Oscillation (NAO), where the ensemble-mean 148 
forecast correlated well with observations despite a much weaker predictable signal within the 149 
model than would be expected from the observed skill (23, 31). In those NAO forecasts, increasing 150 
ensemble size substantially improved skill by reducing realization-specific noise and isolating the 151 
weak predictable component, motivating the broader interpretation that model-internal signal 152 
strength can underestimate the predictability realized in observations (23, 32–34).  153 

The TC case here exhibits a related but physically distinctive condition. HRDP contains a 154 
relatively strong ensemble-coherent TC signal with RPC near unity over the Gulf-Caribbean 155 
region, whereas SMYLE achieves comparable or even higher prediction skill despite a much 156 
smaller S2T and RPC substantially above one. Given SMYLE’s strongly low-biased and sparse 157 
TC climatology, such a weak ensemble-coherent signal is not unexpected. Regional TC track 158 
density is constructed from a relatively small number of discrete storms, so realization-to-159 
realization differences in genesis, survival and tracks can strongly influence the modeled year-to-160 
year variability, particularly when the mean TC frequency is already strongly underestimated. This 161 
intermittency can reduce the prominence of the ensemble-mean TC signal without necessarily 162 
eliminating the climate information that conditions regional TC frequency. 163 

The comparison therefore highlights an important distinction between model-internal signal 164 
strength and actual forecast skill for highly intermittent extreme weather. A low modeled S2T does 165 
not necessarily imply low prediction skill against observations, just as a stronger ensemble-166 
coherent signal does not automatically guarantee greater skill. In the present case, SMYLE’s weak 167 
internal TC signal coexists with robust Gulf–Caribbean ACC, whereas HRDP produces a much 168 
stronger internal signal but only comparable observed skill. The magnitude of ensemble-coherent 169 
TC variability alone therefore cannot explain the regional prediction skill identified in Fig. 1. This 170 
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motivates the next question: whether both systems nevertheless capture a common large-scale 171 
climate influence associated with the observed regional TC variations. 172 

 173 

A predictable large-scale SST pattern linked to regional TC variability 174 

To identify a common source of the regional prediction skill, we apply singular value 175 
decomposition (SVD) between global SST and North Atlantic TC track density. In observations, 176 
the leading mode (SVD1) explains 60.4% of the total squared SST–TC covariance (Fig. 3a,b). The 177 
SST loading features a pronounced ENSO-like structure across the tropical Pacific together with 178 
a NA tripole pattern characteristic of SST variability presumably associated with the North 179 
Atlantic Oscillation (NAO) (35–37). The corresponding TC pattern is strongly concentrated over 180 
the Gulf–Caribbean region and western tropical North Atlantic, closely overlapping the region of 181 
prediction skill identified in Fig. 1.  182 

Both prediction systems reproduce the major spatial features of this coupled variability (Fig. 183 
3c–f). The leading mode accounts for 82.1% of the squared covariance in the 10-member ensemble 184 
mean HRDP and 97.2% in the 20-member ensemble mean SMYLE, indicating that the ensemble-185 
mean SST–TC relationship is dominated by a single large-scale mode in both systems. These 186 
higher squared covariance fractions (SCFs) relative to observations partly reflect ensemble 187 
averaging, which suppresses atmospheric internal variability and isolates the covariance shared 188 
across members. 189 

We therefore examine the sensitivity of the SVD structure to ensemble size (Fig. 4; 190 
Supplementary Figs. 4–7). With only one ensemble member, the median SVD1 SCF is already 191 
51.3% in HRDP and 62.5% in SMYLE, comparable to the observed value of 60.4%. Meanwhile, 192 
the median spatial correlations with the observed SVD1 patterns are approximately 0.55 and 0.76 193 
for SST and 0.62 and 0.81 for TC in HRDP and SMYLE, respectively (Fig. 4b,c). This suggests 194 
that both systems retain an observed-like leading SST–TC covariance structure even at the single-195 
realization level, increasing confidence that the strong coupled mode in the ensemble means is not 196 
created artificially by ensemble averaging. Importantly, SMYLE retains a larger SCF than HRDP 197 
when compared at the same ensemble size, indicating that its more dominant leading SST–TC 198 
covariance mode cannot be explained simply by its larger ensemble size (Fig. 3). One possible 199 
explanation is that SST–TC covariance in SMYLE is more strongly concentrated in a single large-200 
scale climate mode, whereas HRDP distributes a larger fraction of its covariance across additional 201 
modes and regional processes. The lower-resolution SMYLE may therefore express TC variability 202 
more strongly through broad large-scale climate constraints, while the higher-resolution HRDP 203 
permits a richer set of dynamical pathways linking multiple modes of climate variability to TC 204 
occurrence. 205 

The corresponding spatial patterns also converge rapidly with ensemble size. The SMYLE 206 
SST pattern is already strongly correlated with observations using a single member and changes 207 
relatively little beyond a few members, whereas HRDP exhibits a weaker but similarly stable SST-208 
pattern correspondence (Fig. 4b; Supplementary Figs. 4,6). On the TC side, SMYLE again shows 209 
a strong observed-like regional pattern even at small ensemble sizes, while HRDP converges 210 
progressively toward the observed Gulf–Caribbean structure as additional members are averaged 211 
(Fig. 4c; Supplementary Figs. 5,7). The rapid convergence of the SVD structure with ensemble 212 
size does not imply that individual ensemble members provide equivalent TC prediction skill; 213 
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rather, it indicates that the large-scale SST–TC covariance structure is robust, while seasonal TC 214 
activity still varies substantially among individual ensemble members. 215 

The temporal evolution of the SST component is also highly predictable. Correlations between 216 
the observed and predicted SST-side SVD1 expansion coefficients reach approximately 0.81 in 217 
HRDP and 0.84 in SMYLE using the full ensembles (Fig. 4d). Much of this skill is already present 218 
in individual realizations, with median correlations of about 0.72 in HRDP and 0.78 in SMYLE 219 
for a single member, and the correlations increase only modestly after several members are 220 
averaged. Thus, the predictable evolution of the large-scale SST state is not an artifact of extensive 221 
ensemble averaging; rather, averaging primarily suppresses realization-specific variability and 222 
more clearly isolates its systematic relationship with regional TC occurrence. 223 

To further assess how strongly the regional prediction skill is associated with the leading 224 
coupled mode, we remove the TC-side SVD1 component from both the observed and predicted 225 
TC track-density fields and recompute the ACC (Supplementary Fig. 8). Prediction skill decreases 226 
substantially over the Gulf–Caribbean region in both HRDP and SMYLE, although appreciable 227 
residual skill remains. This indicates that a substantial portion of the common regional prediction 228 
skill is concentrated in TC variability represented by the leading SST–TC coupled mode. 229 

These results also clarify the apparently weak model-internal TC signal diagnosed in SMYLE. 230 
S2T and SCF describe different aspects of the prediction system: S2T measures the amplitude of 231 
ensemble-coherent TC variability relative to total TC variability, whereas SCF measures how 232 
strongly the SST–TC covariance is organized into a dominant spatial mode. SMYLE can therefore 233 
exhibit a small TC S2T while simultaneously maintaining a highly organized SST–TC relationship 234 
that is evident even in individual realizations. The common Gulf–Caribbean prediction skill in 235 
HRDP and SMYLE is therefore associated with a shared, highly predictable large-scale SST 236 
pattern, despite substantial differences in the amplitude of their model-internal TC signals.  237 

 238 

Atmospheric pathway linking predictable SST variability to regional TC occurrence 239 

To examine how the leading SST mode modulate regional TC activity, we regress key large-240 
scale atmospheric fields onto the standardized SST-side SVD1 expansion coefficient (Fig. 5). The 241 
resulting patterns are broadly consistent across ERA5, HRDP, and SMYLE, indicating that the 242 
predictable SST variability is accompanied by a coherent atmospheric response in both 243 
observations and prediction systems.  244 

For the displayed phase of SVD1 associated with enhanced Gulf–Caribbean TC occurrence, 245 
all three datasets show reduced 200–850-hPa vertical wind shear extending from Central America 246 
and the Caribbean into the tropical North Atlantic, together with enhanced shear farther south over 247 
the eastern tropical Pacific and in parts of the subtropical Atlantic (Fig. 5a,c,e). The vertical-motion 248 
response provides a complementary signal. Negative 500-hPa vertical velocity anomalies extend 249 
across Central America, the Caribbean, and portions of the tropical Atlantic, while pronounced 250 
positive vertical velocity anomalies are present over the equatorial eastern Pacific (Fig. 5b,d,f). 251 
The co-occurrence of reduced vertical wind shear and enhanced ascent over the Caribbean–tropical 252 
Atlantic provides a physically consistent environment for increased TC activity. Importantly, these 253 
atmospheric anomalies are not uniformly collocated with the regions of maximum TC track-254 
density response. In particular, the local shear and vertical velocity signals are weaker over the 255 
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northern Gulf, suggesting that the enhanced Gulf-region track density may partly reflect storms 256 
developing or surviving farther upstream before subsequently entering the region. 257 

The deep-layer steering flow regressions further indicate a coherent circulation adjustment 258 
accompanying the SST mode (Fig. 5a,c,e). Although the detailed vector patterns differ among 259 
ERA5, HRDP, and SMYLE, all three show broad changes in the tropical and subtropical Atlantic 260 
circulation that can modulate subsequent TC propagation. We therefore interpret the leading SST 261 
pattern as influencing regional TC occurrence through a combination of changes in the 262 
environment for TC development and translation and changes in the large-scale circulation 263 
governing TC movement, rather than through a purely local response at each grid point. The broad 264 
agreement of these atmospheric responses across observations and both prediction systems 265 
provides a physical pathway linking the predictable large-scale SST variability to the common 266 
Gulf–Caribbean TC signal identified in the preceding analyses. 267 

The agreement is particularly notable in SMYLE. Despite its climatological deficiency, likely 268 
due to its coarser atmospheric resolution (~1°), the large-scale atmospheric response associated 269 
with SVD1 closely resembles ERA5: the location and sign of the vertical-shear anomalies are well 270 
reproduced, and the vertical-motion response is even stronger in amplitude over parts of the eastern 271 
Pacific–Caribbean sector (Fig. 5e,f). Thus, SMYLE can substantially underestimate the mean TC 272 
population while still capturing the large-scale climate response that conditions year-to-year 273 
regional TC occurrence. This provides a physical basis for understanding how the lower-resolution 274 
system can retain substantial, and in parts of the Gulf–Caribbean region even higher, TC prediction 275 
skill than HRDP despite its pronounced climatological bias. 276 

 277 

Discussion 278 

Our results show that the regional distribution of North Atlantic TCs contains a robust 279 
seasonal prediction signal that persists after detrending, exceeds persistence, and is reproduced by 280 
two substantially different initialized prediction systems. Remarkably, comparable Gulf–281 
Caribbean skill emerges despite large differences in simulated TC climatology and model-internal 282 
signal-to-noise characteristics. The common element is a predictable large-scale SST pattern and 283 
its associated atmospheric response, which systematically organizes regional TC occurrence. 284 

This comparison highlights an important distinction between climatological realism and 285 
prediction of interannual variability. Higher-resolution models substantially improve the 286 
representation of TC frequency and spatial climatology (29, 30), yet this does not automatically 287 
translate into higher correlation skill for regional year-to-year variations. SMYLE strongly 288 
underestimates TC activity but nevertheless captures the large-scale atmospheric responses 289 
associated with the predictable SST mode and achieves regional skill comparable to, and locally 290 
higher than, HRDP. This result does not diminish the importance of model resolution. Realistic 291 
TC frequency, intensity and structure remain essential for predicting absolute storm numbers, 292 
major hurricanes and intensity-dependent hazards. Rather, it suggests that seasonal prediction skill 293 
also depends on whether a model correctly represents how TC occurrence responds to predictable 294 
large-scale climate variability. This interpretation is consistent with recent GFDL model 295 
comparisons showing that improved environmental prediction alone does not guarantee improved 296 
TC forecasts when the simulated TC response to that environment is biased (11). 297 
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The signal-to-noise analysis further illustrates why model-internal predictability should be 298 
interpreted carefully for intermittent weather events. The signal-to-noise paradox was highlighted 299 
prominently in seasonal predictions of the NAO, where high forecast–observation correlations 300 
coexist with a relatively weak predictable signal within individual model realizations (23, 31, 32). 301 
Large ensembles can recover this weak signal by suppressing realization-specific atmospheric 302 
variability. Regional TC occurrence presents a related but physically distinct situation. TCs are 303 
discrete and highly intermittent events, so individual ensemble members can contain very different 304 
genesis events and tracks even when they experience similar large-scale environmental conditions. 305 
Consequently, a weak ensemble-coherent TC signal does not necessarily imply that regional TC 306 
activity conditioned by large-scale climate variability is poorly predictable. 307 

This distinction is particularly apparent in SMYLE. Its weak S2T and RPC substantially above 308 
one coexists with robust Gulf–Caribbean skill, whereas HRDP exhibits a stronger ensemble-309 
coherent signal and RPC closer to unity without corresponding higher observed skill. Moreover, 310 
the leading SST–TC relationship is already evident at the single-member level. Its SCF is 311 
comparable to observations, and its spatial structure resembles the observed mode, while the 312 
temporal evolution of the associated SST variability is highly predictable, with full-ensemble 313 
ACCs exceeding 0.8 in both systems. Ensemble averaging strengthens this organization but does 314 
not create it. Thus, model S2T describes how clearly a predictable response emerges relative to 315 
ensemble variability within a particular model, but it does not by itself determine prediction skill 316 
against observations. 317 

More broadly, our results suggest that highly intermittent extreme weather can remain 318 
seasonally predictable when its occurrence is systematically modulated by predictable large-scale 319 
climate variability, rather than requiring strong agreement among individual ensemble members. 320 
A lower-resolution model may therefore retain useful seasonal prediction skill even when its 321 
ensemble coherence is weak, provided that it captures how large-scale climate variability 322 
modulates regional event occurrence. This perspective may extend beyond TCs to other 323 
intermittent extreme-weather phenomena, including mesoscale convective systems (MCSs) (38) 324 
and other severe convective storms. 325 

Several limitations and directions for future work remain. The present study focuses on 326 
seasonal prediction of NA TC activity, while seasonal prediction skill over the Pacific and, more 327 
broadly, multiyear TC prediction skills are beyond the scope of the present study and will be 328 
examined in a separate study. The leading SST pattern contains substantial variability in both the 329 
tropical Pacific and NA, and the relative roles of Pacific and Atlantic SST variability in generating 330 
the regional TC response cannot be uniquely separated here. Targeted SST perturbation 331 
experiments would help quantify their individual and combined contributions. TC track density 332 
also integrates genesis, development and propagation, which should be decomposed in future work, 333 
particularly given the weaker local atmospheric response over the northern Gulf. Nevertheless, 334 
their agreement points to a common large-scale physical constraint on regional TC occurrence and 335 
provides a framework for understanding how meaningful seasonal prediction skill can emerge 336 
even when individual extreme-weather realizations remain highly variable. 337 

 338 

 339 
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 340 

Figure 1. TC track density climatology and seasonal prediction skill in HRDP and SMYLE. (A) 341 
Climatological June–November (JJASON) TC track density from the 10-member ensemble mean 342 
May-initialized HRDP hindcasts over 1980–2023. (B) Detrended anomaly correlation coefficients 343 
(ACCs) between observed and ensemble mean JJASON TC track density in HRDP. Linear trends 344 
are removed separately from the observed and predicted time series at each grid point before 345 
calculating the ACC. White stippling denotes correlations statistically significant at the 95% 346 
confidence level. (C) Difference between the detrended ACC of the initialized HRDP forecasts 347 
and that of the persistence forecast. Persistence prediction is based on trailing 5-year averages. (D–348 
F) As in (A–C), but for the 20-member ensemble SMYLE hindcasts. 349 

 350 

 351 

 352 

 353 

 354 

 355 
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 356 

Figure 2. Model signal-to-noise characteristics of seasonal TC track density predictions in 357 
HRDP and SMYLE. (A) Signal-to-total ratio (S2T) of JJASON TC track density in the May-358 
initialized HRDP hindcasts over 1980–2023. S2T measures the amplitude of the ensemble-mean 359 
predictable signal relative to the total year-to-year variability represented by the ensemble (see 360 
Methods). (B) Ratio of predictable components (RPC) for HRDP, defined as the detrended ACC 361 
divided by S2T. RPC values greater than one indicate that the forecast–observation correlation is 362 
larger than expected from the model-internal predictable signal, whereas values below one 363 
indicates the opposite. (C,D) As in (A,B), but for the SMYLE hindcasts. 364 

 365 

 366 

 367 
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 368 

Figure 3. Leading coupled modes between JJASON global SST and North Atlantic TC track 369 
density. Observed SVD1 (A) SST pattern and corresponding (B) TC track density pattern. (C,D) 370 
As in (A,B), but for the 10-member ensemble mean HRDP hindcasts. (e,f) As in (a,b), but for the 371 
20-member ensemble-mean SMYLE hindcasts. The squared covariance fraction (SCF) explained 372 
by SVD1 is annotated in the SST panels. The higher SCF in HRDP and SMYLE partly reflects the 373 
use of ensemble means, which suppress internal variability and more clearly isolate the ensemble-374 
coherent SST–TC covariance structure. 375 

 376 

 377 

 378 
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 379 

Figure 4. Ensemble-size dependence of the leading SST–TC covariance mode and its 380 
prediction skill. For each ensemble size, HRDP (red) and SMYLE (blue) members are 381 
subsampled without replacement, the selected members are averaged, and SVD analysis is 382 
performed between the ensemble-mean SST and the NA TC track density fields (Methods). Curves 383 
show the median across the subsamples; shading indicates the interquartile ranges among 384 
subsamples. (A) Squared covariance fraction (SCF) explained by SVD1. The dashed line denotes 385 
the observed SCF (60.4%). (B) Spatial correlation between the modeled and observed SVD1 SST 386 
patterns. (C) Spatial correlation between the modeled and observed SVD1 TC track density 387 
patterns. (D) Temporal anomaly correlation coefficient (ACC) between the modeled and observed 388 
SST-side SVD1 expansion coefficients.  389 

 390 

 391 
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 392 

Figure 5. Atmospheric responses associated with the leading SST–TC covariance mode. (A) 393 
Regression of 200–850-hPa vertical wind shear (shading) and 300-800hPa mass-weighted TC 394 
steering flow (vectors) onto the standardized SST-side SVD1 expansion coefficient in ERA5. (B) 395 
As in (A), but for 500-hPa vertical pressure velocity. Negative values indicate anomalous ascent, 396 
and positive values indicate anomalous subsidence. (C,D) As in (A,B), but for HRDP. (E,F) As in 397 
(A,B), but for SMYLE. Stippling denotes regression anomalies statistically significant at the 90% 398 
confidence level. 399 

 400 

  401 

 402 

 403 
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Methods 404 
High-Resolution Decadal Prediction  405 

The HRDP system is based on the high-resolution configuration of the Community Earth 406 
System Model version 1.3 (CESM1.3) (25–27). HRDP uses approximately 0.25° horizontal 407 
resolution in the atmosphere and land components and 0.1° resolution in the ocean and sea-ice 408 
components. The atmospheric component uses the spectral-element dynamical core version of the 409 
Community Atmosphere Model version 5 (CAM5-SE) with 30 vertical levels, while the land 410 
component uses the Community Land Model version 4 (CLM4). The ocean component is the 411 
Parallel Ocean Program version 2 (POP2) with 62 vertical levels, and the sea-ice component is the 412 
Community Ice Code version 4 (CICE4). This configuration is eddy rich in the ocean and permits 413 
substantially improved representation of TCs relative to conventional ~1° climate models (25). 414 

HRDP employs full-field initialization of all model components. Ocean and sea-ice initial 415 
conditions are obtained from a high-resolution forced ocean–sea-ice simulation (HR-FOSI) using 416 
the same 0.1° ocean and sea-ice models as HRDP and surface forcing based on the Japanese 55-417 
year Reanalysis (JRA55-do) (39) following the OMIP2 protocol. Atmospheric initial conditions 418 
are obtained by regridding fields from the JRA55, while land initial conditions are taken from a 419 
high-resolution atmosphere–land simulation forced by observed SSTs as part of the CESM1.3 420 
HighResMIP simulations (40). Ensemble members are generated using round-off-level 421 
perturbations to the atmospheric potential-temperature initial conditions. 422 

The expanded HRDP prediction archive consists of 10-member, 62-month initialized 423 
predictions with May and November start dates for each year. In this study, we use the 44 annual 424 
May-initialized 10-member hindcasts from 1980–2023 and analyze TC activity during the 425 
subsequent June–November (JJASON) hurricane season. Thus, all HRDP prediction statistics are 426 
based on the ensemble mean of the 10 members unless otherwise noted. The expanded May- and 427 
November-initialized HRDP archive extends the original HRDP hindcast (27), which was based 428 
on every other year November initializations between 1976 and 2016. 429 

 430 
Seasonal to Multiyear Large Ensemble 431 

The SMYLE system is based on the CESM version 2 (CESM2) (28, 41) configured at nominal 432 
1° horizontal resolution across the coupled system. The atmospheric component uses the finite-433 
volume dynamical core version of CAM version 6 (CAM6-FV) with 32 vertical levels, the ocean 434 
component is the POP2 with 60 vertical levels, the sea-ice component is CICE5, and the land 435 
component is CLM5. SMYLE consists of 20-member, 24-month initialized predictions with four 436 
initialization dates each year on 1 February, 1 May, 1 August, and 1 November (28). In this study, 437 
we use the 20-member May-initialized SMYLE predictions from 1980–2023 and analyze TC 438 
activity during the subsequent JJASON season, consistent with the HRDP analysis. Unless 439 
otherwise noted, SMYLE prediction statistics are calculated from the 20-member ensemble.  440 

As in HRDP, SMYLE employs full-field initialization of all model components, although the 441 
initialization configurations differ in several respects (Supplementary Table 1). Atmospheric initial 442 
conditions are obtained by interpolating JRA-55 fields onto the CAM6-FV grid. Ocean and sea-443 
ice initial conditions are obtained from a CESM2 forced ocean–sea-ice simulation (FOSI) driven 444 
by JRA55-do atmospheric forcing following the OMIP2 framework, conceptually similar to HR-445 
FOSI but using the nominal 1° POP2 configuration. Land initial conditions are obtained from a 446 
forced CLM5 simulation using CRU-JRAv2 atmospheric forcing. 447 

Although CESM1.3 HRDP and CESM2 SMYLE both belong to the CESM family, they 448 
represent substantially different prediction-system configurations. They are based on different 449 
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CESM generations and differ in horizontal resolution, atmospheric dynamical cores, physical 450 
parameterizations, and component-model configurations. These structural differences make their 451 
agreement particularly useful for assessing the robustness of regional TC predictability and 452 
whether its associated physical sources are consistently represented across distinct climate 453 
prediction systems. The comparison is therefore intended primarily to assess the consistency of 454 
regional TC predictability and its physical sources across the two systems, rather than to isolate 455 
the effects of any individual model configuration difference. 456 

 457 
Tropical cyclone detection and track density 458 

We use 6-hourly model output to detect and track TCs. For HRDP, TC detection and tracking 459 
are performed using the TempestExtremes algorithm (42), following the criteria used in previous 460 
studies (21, 43). TC candidates are initially identified as local minima in sea level pressure (SLP), 461 
with a closed-contour criterion requiring an increase of at least 5 hPa within 5.5° of the candidate 462 
nodes. A warm-core criterion is additionally imposed, requiring the 250–500-hPa geopotential 463 
height difference to decrease by at least 8 m within 6.5° of the candidates and the corresponding 464 
maximum geopotential height anomaly to occur within 1° of the candidate centers. Candidate 465 
nodes are then stitched in time to form storm tracks. Detected storms are required to have a 466 
minimum lifetime travel distance of 8° great circle distance, a minimum duration of 2.5 days, and 467 
a lifetime maximum surface wind speed exceeding 17.5 m/s (34 kt; tropical storm intensity). TCs 468 
are further required to form between 5° and 40° latitude. 469 

For SMYLE, we similarly apply TempestExtremes but use relaxed detection thresholds to 470 
account for its coarser atmospheric resolution (28). The closed-contour criterion requires an SLP 471 
increase of at least 2 hPa within 5.5° of the candidate nodes, while the warm-core criterion requires 472 
the 250–500-hPa geopotential height difference to decrease by at least 4 m within 6.5° of the 473 
candidates. All subsequent tracking and filtering criteria are kept consistent with HRDP, including 474 
a minimum lifetime travel distance of 8°, a minimum duration of 2.5 days, a lifetime maximum 475 
surface wind speed exceeding 17.5 m/s, and genesis between 5° and 40° latitude. The relaxed 476 
detection thresholds in SMYLE are intended to account for the weaker representation of TC 477 
structure at nominal 1° atmospheric resolution while retaining consistent lifetime and intensity 478 
requirements across the two prediction systems. 479 

TC track density is defined as the number of 6-hourly TC track positions passing through each 480 
5° × 5° grid box in each JJASON hurricane season, thereby accounting for both TC genesis 481 
locations and subsequent storm trajectories. Following previous studies (20, 44), the resulting 482 
track-density fields are spatially smoothed using a nine-point moving average, with weights 483 
determined by distance from the center of each grid box. 484 

 485 
Observed data 486 

For the observed TC activity, we used the International Best Track Archive for Climate 487 
Stewardship (IBTrACS) (45) version 4, for the period 1980 to 2023. IBTrACS compiles best-track 488 
records from multiple operational agencies. In this study, we used the agency-consistent records 489 
identified by the “USA Agency” flag, which combines best-track information from the National 490 
Hurricane Center, Joint Typhoon Warning Center, and Central Pacific Hurricane Center over the 491 
Northern Hemisphere. 492 

Observed SST was obtained from the UK Met Office Hadley Centre Sea Ice and Sea Surface 493 
Temperature dataset (HadISST1.1) (46). Large-scale atmospheric circulation fields were obtained 494 
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from the ERA5 reanalysis (47) and were used to characterize the large-scale atmospheric 495 
circulations and calculate the mass-weighted TC steering flow. 496 

 497 
Skill metrics 498 

Prediction skill is evaluated using the anomaly correlation coefficient (ACC), signal-to-total 499 
ratio (S2T), and ratio of predictable components (RPC), following previous studies (23 and 27). 500 
All metrics are calculated at each grid point using June-November (JJASON) tropical cyclone 501 
track density over 1980-2023. Forecast and observed time series are converted to anomalies 502 
relative to their respective 1980-2023 climatology. Linear trends are removed separately from the 503 
forecast and observed anomaly time series before calculating the skill metrics. 504 

Let 𝑓′!" denote the linearly detrended forecast anomaly for initialization year 𝑖 and ensemble 505 
member 𝑚, and 𝑜′! the corresponding detrended observed anomaly. Here, 𝑁 = 44 is the number 506 
of hindcast years and 𝑀 is the number of ensemble members (𝑀 = 10 for HRDP and 𝑀 = 20 for 507 
SMYLE). The ensemble-mean forecast anomaly is 508 

𝑓‾′! =
1
𝑀 . 𝑓

#

"$%

′!". 509 

The ACC measures the linear association between the ensemble-mean forecast and 510 
observations and is calculated as 511 

ACC =
∑ 𝑓‾&
!$% ′!𝑜′!

34∑ 5𝑓‾′!6
'&

!$% 7 (∑ (𝑜′!)'&
!$% )

. 512 

ACC primarily measures the correct phasing of interannual variability and is insensitive to 513 
differences in anomaly amplitude. 514 

The model-internal predictable signal is quantified using the signal-to-total ratio, 515 

S2T =
𝜎()*
+

𝜎,-,
+ , 516 

where the signal variability is estimated from the temporal variability of the ensemble mean, 517 

𝜎()*
+ = >1
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1
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#

"$%
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'&
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, 518 

and the total variability is estimated from individual-member time series, 519 
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1
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&
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/
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. 520 

Following previous study (27), 𝜎,-,
+  is estimated using 𝐾 = 100 Monte Carlo realizations. For 521 

each realization 𝑘, one ensemble member 𝑚0! is randomly selected for each initialization year 𝑖. 522 
S2T therefore measures the amplitude of ensemble-coherent interannual variability relative to the 523 
total variability represented by individual ensemble members. Larger S2T indicates a stronger 524 
model-internal predictable signal. 525 

The ratio of predictable components is defined as 526 
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RPC =
ACC

𝜎()*
+ /𝜎,-,

+ =
ACC
S2T. 527 

RPC compares observed prediction skill with the amplitude of the model-internal predictable 528 
signal. An RPC near one indicates broad consistency between model-internal predictability and 529 
forecast-observation skill. RPC values greater than one indicate that forecast-observation 530 
correlation is larger than expected from the model-internal predictable signal, corresponding to an 531 
underconfident prediction system or signal-to-noise paradox, whereas values below one indicates 532 
the overconfident (48). Following previous study (27), RPC is set to zero where ACC is negative. 533 
Because ACC provides only a lower-bound estimate of the predictable component of the real 534 
world, RPC should be interpreted cautiously where ACC is small. 535 
 536 
SVD analysis 537 

Following the previous study (49), we applied singular value decomposition (SVD) to identify 538 
the dominant coupled modes of variability between seasonal SSTs and TC activity. SVD is 539 
commonly used in climate studies to characterize spatial patterns in two fields that maximize their 540 
squared covariance and thereby isolate the dominant modes of covariability between them. SST is 541 
analyzed on a 2° × 2° grid over the global domain, whereas TC track density is analyzed on the 5° 542 
× 5° grid described above over the North Atlantic domain. Prior to the SVD analysis, linear trends 543 
are removed from both the SST and TC track-density fields at each grid point.  544 

A cross-covariance matrix is then constructed between the SST and TC anomaly fields and 545 
decomposed using SVD. The decomposition produces paired SST and TC spatial patterns for each 546 
mode, together with a singular value that measures the covariance captured by that mode. The 547 
fraction of total squared covariance (SCF) explained by each mode is quantified as 548 

𝑆𝐶𝐹! 	= 	
𝜎!²
∑𝜎1²

	 549 

where 𝜎! is the singular value associated with mode i. We focus primarily on the leading mode, 550 
SVD1, which represents the dominant large-scale SST pattern covarying with North Atlantic TC 551 
track density variability. 552 

The temporal evolution of each SVD mode is characterized by expansion coefficients obtained 553 
by projecting the SST and TC anomaly fields onto their corresponding SVD spatial patterns. These 554 
expansion coefficients describe the year-to-year amplitude of the coupled mode and are used to 555 
assess the temporal correspondence between observations and initialized predictions. Because the 556 
sign of an SVD mode is mathematically arbitrary, the signs of the paired SST and TC patterns are 557 
oriented consistently across observations and prediction systems to facilitate comparison. 558 

SVD is performed separately for observations, the HRDP ensemble mean, and the SMYLE 559 
ensemble mean. To examine the sensitivity of the leading SST–TC covariance structure to 560 
ensemble size, we additionally repeat the SVD analysis using subsets of ensemble members. For 561 
each ensemble size, members are sampled without replacement and averaged to construct 562 
ensemble-mean SST and TC track density fields, after which the SVD analysis is repeated. When 563 
the number of possible member combinations exceeds 1,000, we randomly select 1,000 unique 564 
combinations; otherwise, all possible combinations are used. For each subset, we record the SVD1 565 
SCF, the spatial correlations of the SST-side and TC-side SVD1 patterns with the corresponding 566 
observed patterns, and the temporal ACC between the modeled and observed SST-side SVD1 567 
expansion coefficients. Mode signs are aligned before calculating pattern and temporal 568 
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correlations. Figure 4 shows the median across member subsets, with shading indicating the 569 
interquartile range.  570 

To diagnose the large-scale atmospheric circulation associated with the leading coupled mode, 571 
we further regress seasonal anomalies of 200–850-hPa vertical wind shear, 300–800-hPa mass-572 
weighted TC steering flow, and 500-hPa vertical pressure velocity onto the standardized SST-side 573 
SVD1 expansion coefficient (Fig. 5). The regressions are performed separately for ERA5, HRDP, 574 
and SMYLE to assess whether the atmospheric circulation associated with the observed leading 575 
SST mode is consistently represented by the two prediction systems. 576 
 577 
 578 
Data and material availability 579 
ECMWF ERA5 reanalysis data on single level can be accessed from the Copernicus Climate Data 580 
Store at https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview. 581 
HadISST is available from https://www.metoffice.gov.uk/hadobs/hadisst/index.html. IBTrACS 582 
tropical cyclone data is obtained from https://www.ncei.noaa.gov/products/international-best-583 
track-archive. The CESM2 SMYLE are available through the NSF NCAR Geoscience Data 584 
Exchange (GDEX) platform at https://gdex.ucar.edu/datasets/d651065/. The CESM1.3 code used 585 
to generate HRDP is available at https://github.com/ihesp/cesm/tree/ihesp-hires-master. The 586 
complete HRDP archive is being prepared for release through GDEX.  587 
 588 
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Supplementary Table 1. Comparison of HRDP and SMYLE prediction-system configurations. 779 

 780 

 781 

 782 

 HRDP SMYLE 

Model CESM1.3 CESM2 

Ocean POP2 (~0.1°, 62L) POP2 (~1°, 60L) 

Atmosphere CAM5-SE (~0.25°, 30L) CAM6-FV (~1°, 32L) 

Land CLM4 (~0.25°) CLM5 (~1°) 

Sea ice CICE4 (~0.1°) CICE5.1.2 (~1°) 

Forcing CMIP5 CESM2-LE / largely CMIP6 

Scenario Historical (1980-2005)+ RCP8.5 
(2006-2023) 

Historical (1980-2014) + SSP3-7.0 
(2015-2023) 

Initialization Full field Full field 

Ocean HR-FOSI (~0.1°, OMIP2; JRA55-do) FOSI (~1°, OMIP2; JRA55-do) 

Atmosphere JRA55 reanalysis JRA55 reanalysis 

Land HighResMIP Tier 1 atmosphere-land 
simulation 

Forced CLM5 land-only simulation 
(CRU-JRAv2) 

Sea ice HR-FOSI (~0.1°, OMIP2; JRA55-do) FOSI (~1°, OMIP2; JRA55-do) 

Ensemble generation 
Round-off-level perturbations to 
atmospheric potential temperature 

Round-off-level perturbations to 
atmospheric potential temperature 

Hindcasts used in this study N = 44 N = 44 

Start date May 1 May 1 

Start years 1980–2023 1980–2023 

Simulation length 62 months 24 months 

Ensemble size 10 20 
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 783 

Supplementary Figure 1. Observed and simulated TC track density climatology and model 784 
biases. (A) Observed June–November (JJASON) TC track density from IBTrACS over 1980–785 
2023. (B) Difference between the climatological TC track density in the May-initialized JJASON 786 
(lead month 1; LM1) HRDP hindcasts and IBTrACS. (C) As in (B), but for SMYLE. (D) 787 
Difference in climatological TC track density between HRDP and SMYLE. Positive values in (B–788 
D) indicate greater TC activity in the first dataset relative to the second, whereas negative values 789 
indicate lower activity. HRDP reproduces substantially more TC activity than SMYLE across most 790 
major Northern Hemisphere TC basins, although notable regional biases remain in both systems. 791 

 792 

 793 

 794 
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 795 

 796 

Supplementary Figure 2. Difference in seasonal TC track density prediction skill between 797 
HRDP and SMYLE. Difference in detrended anomaly correlation coefficient (ACC) between the 798 
May-initialized HRDP and SMYLE ensemble-mean predictions of June–November (JJASON) TC 799 
track density over 1980–2023. Linear trends are removed separately from the observed and 800 
predicted time series at each grid point before calculating the ACC. Positive values indicate higher 801 
prediction skill in HRDP, whereas negative values indicate higher skill in SMYLE. 802 
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 803 

Supplementary Figure 3. Seasonal TC track density prediction skill without detrending. (A) 804 
ACC between observed and ensemble-mean JJASON TC track density from the May-initialized 805 
HRDP hindcasts over 1980–2023, calculated from the original time series without removing linear 806 
trends. White stippling denotes correlations statistically significant at the 95% confidence level. 807 
(B) As in (A), but for SMYLE. (C) Difference in ACC between HRDP and SMYLE; positive 808 
values indicate higher prediction skill in HRDP, whereas negative values indicate higher skill in 809 
SMYLE. 810 

 811 



This manuscript is a non-peer-reviewed preprint submitted to EarthArXiv  

 

 28 

 812 

Supplementary Figure 4. Sensitivity of the HRDP SVD1 SST pattern to ensemble size. 813 
Leading SVD1 SST patterns obtained by subsampling the 10-member HRDP ensemble from 1 to 814 
10 members. For each ensemble size, members are sampled without replacement; 1,000 random 815 
subsets are used when more than 1,000 unique combinations are available, whereas all possible 816 
combinations are used when the total number is smaller than 1,000. For each subset, the selected 817 
members are first averaged and SVD is then applied between the ensemble-mean SST and TC 818 
track density fields. Each panel shows the median SVD1 SST pattern across the subsamples for 819 
the indicated ensemble size. The annotated squared covariance fraction (SCF) denotes the median 820 
fraction of total squared SST–TC covariance explained by SVD1 across the corresponding 821 
subsamples. The increasing SCF with ensemble size indicates that ensemble averaging 822 
progressively isolates a dominant SST–TC covariance mode. See main text and Methods for 823 
details. 824 
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 825 

 826 

Supplementary Figure 5. Similar to Supplementary Figure 4, but for sensitivity of the HRDP 827 
SVD1 TC track density to ensemble size 828 
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 829 

Supplementary Figure 6. Sensitivity of the SMYLE SVD1 SST pattern to ensemble size. As 830 
in Supplementary Figure 4, but for SMYLE using its 20-member ensemble. 831 
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 832 

Supplementary Figure 7. Sensitivity of the SMYLE SVD1 TC track density pattern to 833 
ensemble size. As in Supplementary Figure 5, but for SMYLE using its 20-member ensemble. 834 

 835 

 836 

 837 
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 838 

Supplementary Figure 8. Contribution of the leading coupled SST–TC mode to regional TC 839 
prediction skill. (A) Detrended ACC between observed and ensemble-mean TC track density from 840 
the May-initialized HRDP hindcasts over 1980–2023, after removing the TC-side SVD1 841 
component from both the observed and predicted TC track-density fields. White stippling denotes 842 
correlations statistically significant at the 95% confidence level. (B) Difference between the ACC 843 
after removing TC-SVD1 and the original ACC in HRDP. Negative values indicate reduced 844 
prediction skill after removal of the leading coupled mode. (C,D) As in (A,B), but for SMYLE. 845 
The coherent negative ACC differences over the Gulf–Caribbean region in both systems indicate 846 
that a substantial portion of the common regional prediction skill is concentrated in TC variability 847 
represented by the leading SST–TC coupled mode. 848 
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