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Abstract Tropical cyclones are extreme weather events that threaten the lives of millions of people
worldwide and cause widespread damage. Accurately detecting the genesis of tropical cyclones (TCG),
particularly its interannual variability across ocean basins, remains a major challenge. This work aims to
improve annual TCG estimation while simultaneously identifying key formation drivers and providing
explanatory insights into their influence on cyclone occurrences and interannual variability. The approach
combines spatial clustering for dimensionality reduction, ensemble‐based feature selection, and interpretability
via SHapley Additive exPlanations (SHAP). Based on the results of the framework, we propose a Machine
Learning‐based alternative to conventional Genesis Potential Indices (GPIs) for the estimation of basin‐wide
aggregated numbers of TCG: the XAI‐GPI. Unlike fixed‐form GPIs such as the Emanuel and Nolan GPI, our
index identifies and explains key predictors of TCG variability directly from the data. Applied across six
tropical basins, the XAI‐GPI outperforms conventional GPIs in capturing observed year‐to‐year variability
while offering physical interpretability. SHAP analysis reveals how drivers such as vertical shear, relative
humidity, and ENSO‐related indices modulate interannual fluctuations across the basins, while also identifying
less intuitive predictors that act as proxies for large‐scale variability. This explanatory capacity provides a
transparent and scalable method for advancing cyclone genesis estimation in a changing climate, positioning
XAI‐GPI as a next‐generation, explainable GPI for use in both projections and attribution contexts.

Plain Language Summary Tropical cyclones (TCs), also known as hurricanes or typhoons in their
most intense versions, can have devastating impacts on communities, infrastructure, and ecosystems. Predicting
when and where these storms will form remains a major scientific challenge especially in understanding why
some years there are more or fewer cyclones. In this study, we present a new approach using machine learning to
better detect and explain the conditions that lead to the formation of TCs across six ocean regions around the
world. Our method combines climate and environmental data and identifies which factors are most important for
predicting tropical cyclone formation. We also use a tool, called SHapley Additive exPlanations values, to
explain how these factors influence TCs formation. Our method is more accurate than traditional tools in
capturing year‐to‐year changes in tropical cyclone activity especially in the North Atlantic and Northeastern
Pacific. These improvements can help scientists not only improve forecast accuracy but also better understand
the physical processes that drive tropical cyclone formation.

1. Introduction
Every year, approximately 80–90 tropical cyclones (TCs) form worldwide (Walsh et al., 2016). Landfalling TCs
rank among the costliest and deadliest natural hazards (Mendelsohn et al., 2012) due to their strong winds, heavy
precipitation, and storm surges that cause coastal flooding. Accurately predicting TC activity and frequency
across timescales, from short‐term forecasts to long‐term projections, is therefore crucial. In recent decades,
advances in numerical weather prediction models and the increasing availability of high‐quality observational
data have steadily improved the short‐term forecast of tropical cyclone genesis (TCG) (Knapp et al., 2010;
Robertson et al., 2020). However, comparable progress in seasonal and climate‐scale forecasts has lagged behind
mainly due to the high computational cost of running large ensembles of high‐resolution climate models over long
periods (Cavicchia et al., 2023). To overcome these limitations, empirical Genesis Potential Indices (GPIs) have
been developed. GPIs relate the likelihood of TCG to large‐scale environmental variables—both dynamic and
thermodynamic—combined through empirically derived formulas. Several versions exist (Ascenso et al., 2023;
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Emanuel, 2003; Gray, 1979; Tippett et al., 2011; Wang & Murakami, 2020) designed to capture the relationship
between climate variability and TC activity in both observations and models. Typically derived from monthly or
seasonal mean fields, GPIs are better suited to capture climatological patterns than short‐term fluctuations, and
their agreement with observed cyclogenesis is expected to be the best at the seasonal timescale (Camargo, Sobel,
et al., 2007). In fact, GPIs reproduce the spatial distribution and seasonal cycle of observed TCG events
reasonably well (Jihoon et al., 2019; Yu et al., 2018).

Despite their usefulness, GPIs have key limitations. They often fail to capture the absolute frequency of TCs, both
globally and at the basin scale (Sobel et al., 2021), and yield inconsistent projections under global warming—
some indicating increases, others decreases, even when they behave similarly under present‐day conditions
(Camargo et al., 2014; Lee et al., 2020). GPIs are also sensitive to the data sets used for calibration, making them
difficult to apply across different models or observations without ad hoc rescaling (Camargo, Emanuel, &
Sobel, 2007). Furthermore, the choice of predictors is typically empirical not grounded in a unified theory of
cyclogenesis, limiting interpretability and transferability (Sobel et al., 2021). As such, although GPIs remain
useful for assessing spatial and seasonal TCG patterns, they struggle to capture interannual variability and offer
robust projections, highlighting the need for improved methods and a deeper physical understanding of TCG
processes (Cavicchia et al., 2023; Menkes et al., 2012).

In parallel, artificial intelligence (AI) is reshaping weather and climate science. Recent studies have shown its
potential to improve forecasting skill (Bi et al., 2022; Kurth et al., 2023; Lang et al., 2024; Price et al., 2025) and
enhance understanding of extreme events (Camps‐Valls et al., 2025; Materia et al., 2024; Salcedo‐Sanz
et al., 2024). Machine learning (ML) and deep learning (DL) approaches have proven effective for detecting
extremes in large climate data sets (Salcedo‐Sanz et al., 2024). In the context of tropical cyclones, several works
have applied ML to extend the concept of GPIs. For instance, Qian et al. (2022) developed a machine learning
framework to project future changes in TCG frequency finding a robust reduction under warming scenarios. Fu
et al. (2023) employed convolutional neural networks (CNNs) trained with transfer learning on large ensembles of
high‐resolution climate simulations and reanalyses using data at a seasonal temporal resolution. Their framework
was applied to predictions, historical reconstructions, and climate projections demonstrating the flexibility of
deep learning approaches for studying tropical cyclone activity. Similarly, Tong et al. (2025) used deep learning
architectures to simulate TCG in the Northwest Pacific, showing that data‐driven approaches can provide
alternative formulations of genesis indices. These studies illustrate the potential of ML‐based approaches to
overcome some of the limitations of empirical GPIs but also highlight ongoing challenges in terms of inter-
pretability and transferability across basins. In this regard, eXplainable AI (XAI) methods are increasingly being
used to interpret complex models and uncover the physical drivers behind their predictions (Bommer et al., 2024;
Dramsch et al., 2025; Yang et al., 2024), offering a way to bridge predictive skill with physical understanding.

Building on these developments and this line of research, we propose a robust and interpretable ML‐based
framework to build a novel index for seasonal TCG count detection: the XAI‐GPI. The approach is designed
to minimize predictor collinearity and support physical interpretation of TCG‐climate relationships across major
ocean basins. We employ a wrapper‐based feature selection framework to identify the most informative variables
for training a neural network (NN) model. SHapley Additive exPlanations (SHAP) are then used to quantify the
contribution of each variable to the model output and explore their role in driving interannual variability in TC
frequency. The feature selection process significantly reduces the input dimensionality without compromising
performance improving model transparency and interpretability. Compared to standard GPIs, our model achieves
better skill in estimating basin‐aggregated TCG counts across all tropical regions. Traditional GPIs, such as the
Emanuel and Nolan GPI, rely on a fixed set of predictors and predefined functional forms, combining dynamic
and thermodynamic variables selected based on empirical evidence and expert judgment. Although effective in
reproducing large‐scale spatial and seasonal patterns, this rigid formulation limits their robustness and gener-
alizability across basins and data sets. In contrast, our framework starts from a broad candidate pool of clustered
environmental fields and climate indices and uses an optimization‐based feature selection process to identify the
most relevant predictors for each basin. This adaptive strategy reduces redundancy, captures specific regional
dynamics, and improves robustness. By embedding SHAP analysis into the modeling workflow, the framework
also ensures physical interpretability of the selected predictors. XAI‐GPI thus provides a generalizable and more
informative alternative to conventional GPIs particularly well‐suited to capturing interannual variability and
diagnosing the environmental drivers of TCG under nonstationary climate conditions. Beyond empirical indices,
our approach also advances over existing ML‐based GPIs, which have largely focused on predictive accuracy. By
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explicitly integrating explainability into the model design, XAI‐GPI bridges estimation and interpretation
ensuring skillful estimates of TCG counts and deeper insights into the environmental drivers that govern cyclone
activity across different tropical basins. This basin‐specific perspective enhances our understanding of how TCG
variability manifests regionally, offering valuable information for both scientific research and climate services.
The dual ability to achieve predictive performance while uncovering physically meaningful relationships high-
lights the importance of interpretability in evolving GPIs from diagnostic tools into explanatory frameworks for
physical drivers of TC variability.

2. Data Description
In this work, we use three types of data: (a) monthly gridded maps of atmospheric and oceanic variables, (b)
monthly time series of climate indices, and (c) observed counts of tropical cyclone genesis (TCG) events. The first
two form the pool of candidate predictors for the feature selection process (Table 1), whereas TCG counts serves
the target variable. All data sets cover the period from January 1980 to December 2021. We also include the
month of the year as a candidate variable to control for the influence of the seasonal cycle during feature selection,
ensuring that other predictors are selected based on their physical relevance rather than just for their seasonal
periodicity.We apply our framework to six tropical basins (Figure 1) confined by the 40° parallels to the north and
south. Each tropical basin has specific borders as determined by the definitions provided by Fudeyasu
et al. (2014). For the North Atlantic and the Northeast Pacific, we apply these boundaries solely to crop the fields
of the atmospheric and oceanic variables. However, for the TCG events in these areas, we use a segmented line
along the Central America isthmus to appropriately divide the regions. For the other basins, the domain
boundaries were used both for processing the fields of spatially distributed variables and for counting TCG
events.

Atmospheric and oceanic predictors are derived from the ERA5 reanalysis data set (Hersbach et al., 2020) with a
spatial resolution of 2.5° × 2.5°. The selection of candidate variables is guided by three main criteria. First, we
choose variables known to influence TC formation and considered in previous GPI studies (Ascenso et al., 2023;
Camargo, Sobel, et al., 2007; Camargo et al., 2014; Gray, 1968; Menkes et al., 2012; Meng & Garner, 2023;
Tippett et al., 2011; Vu et al., 2021; Walsh et al., 2020; Wang, 2012; Zhao et al., 2012; Zong & Wu, 2023) to

Table 1
Candidate Variables for the Feature Selection Process

Variable name Units Acronym Group

Absolute vorticity at 850 hPa s− 1 abs_vo850 Atmosphere

Maximum potential intensity ms− 1 Mpi Atmosphere and ocean

Mean sea level pressure hPa Msl Atmosphere

Relative humidity at 700 hPa % r700 Atmosphere

Sea surface temperature °C Sst Ocean

Relative vorticity at 850 hPa s− 1 vo850 Atmosphere

Vertical wind shear between 850 and 200 hPa ms− 1 vws_850‐200 Atmosphere

Vertical velocity at 500 hPa Pas− 1 W Atmosphere

Atlantic Meridional Mode − AMM Climate indices

East Central Tropical Pacific sea surface temperature °C Niño3.4 Climate indices

North Atlantic Oscillation − NAO Climate indices

Pacific Decadal Oscillation − PDO Climate indices

Pacific North American Index − PNA Climate indices

Southern Oscillation Index − SOI Climate indices

Tropical Northern Atlantic Index °C TNA Climate indices

Tropical Southern Atlantic Index °C TSA Climate indices

Western Pacific Index − WPI Climate indices

Month − Month −
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ensure comparability with previous studies. Second, we include both primary and derived variables to assess
whether feature selection favors added‐value transformations or retains the original predictors. For instance,
including both sea surface temperature and maximum potential intensity, which is partially computed from SST,
helps evaluate whether MPI improves skill beyond its SST component. The MPI represents a theoretical estimate
of the maximum sustained wind speed a TC could reach in a given environment. It was formulated by Ema-
nuel (1986) and later modified by Bister and Emanuel (1998). Third, we balance the number of candidate features
with the number of training examples available in our data set to ensure statistical robustness. We include a set of
climate indices obtained from the NOAA Physical Sciences Laboratory (NOAA Physical Sciences Labora-
tory, 2023) selected based on their known or hypothesized links to TC activity and their frequent inclusion in
previous studies on the subject (Camargo, Emanuel, & Sobel, 2007; Chylek & Lesins, 2008; Irwin III &
Davis, 1999; Jiang & Li, 2021; Kang et al., 2019; Lee et al., 2021; Li et al., 2015, 2023; Liu et al., 2024; Patricola
et al., 2014; Pérez‐Alarcón et al., 2021; Song & Klotzbach, 2019; Vimont & Kossin, 2007; Wang & Chan, 2002;
Xie et al., 2005; Zhao et al., 2023). Although no direct relationship with TC activity has been established, we also
include the Western Pacific Index (WPI) due to its relevance to Pacific moisture transport (Park et al., 2018),
which might provide new insights into tropical cyclone activity. The monthly number of TCG events within each
basin is drawn from the IBTrACS (version v04r01) (Knapp et al., 2010), which provides 3‐hourly best‐track
records. We define a TCG event as the first timestamp when a system's maximum sustained wind speed ex-
ceeds 34 knots. Figure 1 illustrates the spatial distribution of events in our data set aggregated by grid point on a
2.5° × 2.5° grid.

3. Methodology
We propose a machine learning (ML) framework for detecting tropical cyclone genesis (TCG) activity that is both
robust and interpretable. This is the first application to combine spatial clustering, evolutionary feature selection,
and explainable artificial intelligence (XAI) to construct a data‐driven alternative to traditional Genesis Potential
Indices (GPIs), which we refer to as the XAI‐GPI. By leveraging the strengths of these complementary tech-
niques, the framework adaptively identifies specific predictors for each basin from a broad set of candidates,
enhances the understanding of how these predictors influence TCG frequency, and improves the detection of
interannual variability in TCG activity. The framework is composed of five main components, each described in
detail in Appendix A:

• Spatial clustering: Atmospheric and oceanic variables are spatially aggregated into regional time series using
K‐means clustering (MacQueen, 1967) reducing dimensionality while retaining relevant variability. We
explore between 5 and 12 clusters and compute area‐weighted spatial means for each cluster. These time
series, along with the climate indices, form the input data set for feature selection.

• Feature selection: We adopt a wrapper method that combines and evolutionary algorithm, the probabilistic
coral reef optimization algorithm with substrate layers (PCRO‐SL) (Pérez‐Aracil et al., 2023; Salcedo‐

Figure 1. Geographical distribution of TCG events from 1980 to 2021, as recorded in the International Best Track Archive for Climate Stewardship (IBTrACS) data set
(Knapp et al., 2010). The color scale indicates the number of events per grid cell. Rectangles mark the boundaries of the six tropical basins used in the study (North
Atlantic [0°N, 100°W, 40°N, 0°E], Northeast Pacific [0°N, 180°W, 40°N, 75°W], Northwest Pacific [0°N, 100°E, 40°N, 180°E], North Indian [0°N, 45°E, 40°N,
100°E], South Indian [40°S, 35°E, 0°N, 135°E], and South Pacific [40°S, 135°E, 0°N, 70°W]). Red lines separate the North Atlantic and Northeast Pacific for the
purpose of cyclone assignment.
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Sanz, 2017) with a regression model to identify the most informative
subset of features for each basin. This evolutionary strategy promotes
sparse solutions, limiting collinearity between selected features. Different
cluster numbers and regression models are tested to ensure stability.

• Screening of selection settings: We evaluate multiple feature selection
configurations and retain the most stable one used to define the final set of
input variables.

• Model training: A feed‐forward neural network (NN) with one hidden
layer of 64 units is trained on the selected features. The same architecture
is used for all basins and evaluated against benchmarks.

• Interpretation: We employ SHapley Additive exPlanations (SHAP) values
(Lundberg & Lee, 2017) to attribute predictions to each features analyzing
the learned relationships between predictors and TCG activity.

The resulting model is benchmarked against several baselines. These include
two established GPIs, the Emanuel and Nolan GPI (ENGPI) (Emanuel &
Nolan, 2004), and the optimized GPI (oGPI) (Ascenso et al., 2023), a

refinement of ENGPI. The ENGPI is arguably the most studied GPI in the literature (Bruyère et al., 2012;
Camargo, Sobel, et al., 2007; Camargo, Emanuel, & Sobel, 2007; Camargo et al., 2009, 2014; Jihoon et al., 2019;
Meng & Garner, 2023; Menkes et al., 2012; Song et al., 2015; Tippett et al., 2011; Wang & Murakami, 2020; Yu
et al., 2018; Zhang et al., 2020). We also include a neural network with the same architecture and hyperparameters
as the XAI‐GPI but trained on the full set of candidate predictors, denoted as NoFS. To evaluate performance, we
analyze the detrended anomalies of annual TCG counts. This choice reflects our focus on interannual variability, a
known challenge for existing GPIs, which were originally designed to reproduce the seasonal cycle and the spatial
distribution of genesis locations (Camargo, Sobel, et al., 2007; Cavicchia et al., 2023). Detrending helps avoid
inflating Pearson correlation due to long‐term trends and enables a clearer assessment of year‐to‐year fluctua-
tions. We first validate global‐scale model outputs by aggregating the predictions across all basins and comparing
them with GPIs and observations. We then perform a basin‐by‐basin comparison of detrended anomalies.
Additional evaluations at monthly and seasonal time scales are provided in the Supporting Information S1. After
evaluating model performance, we provide a detailed analysis of the final selected features and a physical
interpretation of their relationships with the target variable. SHAP value plots are used to interpret each feature's
contribution revealing both the strength and direction of its influence. Finally, we investigate specific years with
anomalously high or low TC activity to evaluate how well the model captures shifts in the underlying drivers of
interannual variability.

4. Results and Discussion
We first assess the performance of the proposed models and benchmark indices using the Pearson correlation
coefficient between detrended annual anomalies of observed and estimated tropical cyclone genesis (TCG)
counts. Results are presented globally and for each tropical basin (Table 2) with corresponding time series plots
shown in Figure 2 for the global domain and the North Atlantic. Sections S2–S6 in Supporting Information S1
provide detailed results for other basins as well as additional analyses based on monthly and seasonal anomalies.

The performance analysis is followed by an examination of the selected features across basins with a focus on the
North Atlantic. This basin is selected for detailed discussion due to its prominence in the literature and the
particularly compelling results obtained by our approach. Spatial characteristics of the selected features and their
relevance to TCG variability are discussed in Section 4.2, whereas feature attribution results using SHAP values
are presented in Section 4.3. Corresponding analyses for the other five basins are provided in the Supporting
Information S1.

Additionally, we performed supplementary experiments in which climate indices and teleconnection were
excluded from the pool of candidate features. These tests were designed to assess whether the information
conveyed by climate modes is already embedded in the environmental predictors. Although the main focus of this
study remains on the configuration considering all the features, a summary of the additional results is presented in
Tables S4 and S5 of Supporting Information S1. These findings indicate that excluding climate indices generally
leads to a reduction in model skill, thus supporting their inclusion in the candidate feature set. The observed

Table 2
Pearson Correlation Coefficient (R) Between the Detrended Anomalies of
Annual Observations of Numbers of TCGs and the Detrended Anomalies of
Annual Estimates Produced by the Models and GPIs

Basin FS noFS ENGPI oGPI

Globally aggregated 0.546 0.441 0.139 0.186

Northeast Pacific 0.759 0.600 0.684 0.601

Northwest Pacific 0.385 0.408 − 0.037 0.066

North Atlantic 0.690 0.493 0.329 0.033

North Indian 0.339 0.343 − 0.005 − 0.030

South Indian 0.591 0.603 − 0.141 − 0.229

South Pacific 0.354 0.417 0.119 0.209

Note. Bold values indicate the highest R for each basin across all methods.
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differences in the final selected features, despite the absence of climate indices in the original selection, are likely
caused by changes in the composition of the candidate feature pool. The optimization algorithm used (PCRO‐SL)
explores a rugged objective surface where modifying the candidate set can influence feature interactions,
collinearity patterns, and the location of local optima. Since the final selected features are determined based on
their presence in at least 75% of the top 20% performing models, even minor shifts in feature importance rankings
can affect whether a given predictor crosses the selection threshold.

4.1. Detrended Annual Anomalies Analysis

At the global level, the neural networks trained on the selected features outperform all benchmarks in detecting
the number of TCGs per year, including the NoFS models and the two GPIs (Table 2, first row). As shown in
Figure 2a, the XAI‐GPI models closely track the interannual fluctuations observed in TCG counts, capturing
peaks and troughs more effectively than the flatter, low‐amplitude responses produced by the GPIs. At the basin
scale, XAI‐GPI outperform the literature GPIs in all six regions when evaluating the aggregated TCG counts
(Table 2, rows 2–7). In the Northeast Pacific and North Atlantic basins, they also outperform NoFS models
achieving the highest overall skill. Figure 2b illustrates this for the North Atlantic where the XAI‐GPI captures

Figure 2. Detrended annual anomalies of observed and model‐estimated TCG counts (1980–2021) for (a) the global domain
and (b) over the North Atlantic basin.
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interannual variability far more effectively than both GPIs, which largely fail
to reproduce year‐to‐year changes. The temporal structure and amplitude of
the XAI‐GPI estimates align more closely with observations.

In the Northwest Pacific, North Indian, South Indian, and South Pacific ba-
sins, NoFS models achieve slightly higher correlations than their XAI‐GPI
counterparts. However, the differences are small and not statistically signif-
icant based on the test for dependent correlations proposed by Meng
et al. (1992) (p‐values: 0.825, 0.979, 0.731, and 0.661, respectively). A
possible explanation lies in the relatively low number of selected features in
these basins (Table 3), which may have excluded relevant signals. In contrast,
NoFSmodels retain access to the full pool of predictors, including potentially
informative, but less generalizable, features. Importantly, although XAI‐GPI
may exhibit marginally lower performance in some basins, they enable
feature interpretability advantages that cannot be obtained from models using
the full input set. Thus, the trade‐off between performance and explainability
is minimal and justified by the added value of interpretability especially in a
scientific context where understanding the drivers of variability is a key
objective. Moreover, the clustering step, while reducing dimensionality and
limiting collinearity, can occasionally lead to information loss if the spatial
aggregation is too coarse or if clusters do not align with physically coherent
patterns. Future work could mitigate this limitation by exploring alternative
clustering strategies or expanding the spatial coverage of candidate variables.

Although the XAI‐GPI improves interannual skill relative to empirical GPIs
across all basins, certain edge cases highlight its limitations. In the North
Atlantic and South Indian Oceans (Figure S4 in Supporting Information S1),
the model tends to underestimate years of extreme cyclone activity. This may
indicate its inability to capture low‐frequency variability associated with
climate modes not included among the candidate features, such as the Atlantic
Multidecadal Variability and the Indian Ocean Dipole. In the Northwest
Pacific and South Pacific (Figures S2 and S5 in Supporting Information S1),
the correlation coefficients remain modest with several years showing dis-
crepancies between model estimates and observations particularly those

influenced by ENSO in the late 1980s and early 1990s. The North Indian (Figure S3 in Supporting Informa-
tion S1) basin exhibits overall low skill with strong positive anomalies in cyclone activity not reproduced by the
model. This likely reflects both the limited sample size and the relatively small interannual variability in absolute
terms, which can make correlation estimates highly sensitive to even minor estimation errors.

4.2. Feature Selection

Table 3 summarizes the final set of selected features across the six basins. Vorticity‐related predictors specifically
clusters of absolute vorticity or relative vorticity at 850 hPa are consistently selected in all basins, with the
exception of the North Atlantic, where only one such cluster is included. This widespread selection aligns with
previous findings: absolute vorticity has been identified as a key predictor in dynamic Genesis Potential Indices
(B. Wang & Murakami, 2020), whereas relative vorticity is recognized as a dominant factor in the transition of
precursor disturbances into tropical cyclones (Chen et al., 2018). Clusters of maximum potential intensity (MPI)
are selected exclusively in the Northeast Pacific and the North Atlantic, while at least one cluster of SST is
selected in all basins with the exception of the two located in the northern Pacific. In contrast, relative humidity at
700 hPa is infrequently selected with only a single cluster chosen in the North Atlantic, Northeast Pacific, and
Northwest Pacific. This sparse selection supports previous findings, who highlight that the influence of mid‐
tropospheric humidity on cyclogenesis is basin‐dependent and may exhibit a threshold effect, beyond which
increases in humidity yield diminishing predictive value (Bruyère et al., 2012; Dowdy et al., 2012; Sharmila &
Walsh, 2017). Mean sea level pressure appears to be relevant only in the North Atlantic where two clusters are
selected. Clusters of vertical velocity at 500 hPa are selected in all basins except the Northwest Pacific and the
South Pacific. Vertical wind shear between 850 and 200 hPa is particularly influential in the North Atlantic where

Table 3
Final Selected Features for Each Basin

North Atlantic North Indian South Indian

abs_vo850_cluster1 abs_vo850_cluster3 mpi_cluster4

mpi_cluster4 abs_vo850_cluster4 r700_cluster5

mpi_cluster5 sst_cluster6 sst_cluster2

mpi_cluster6 sst_cluster7 vo850_cluster2

msl_cluster1 vo850_cluster4 vo850_cluster6

msl_cluster3 vo850_cluster5 w_cluster4

sst_cluster1 vws850‐200_cluster1 NAO

vws850‐200_cluster2 w_cluster1 PNA

vws850‐200_cluster3 w_cluster3 TSA

vws850‐200_cluster6 w_cluster7 WPI

w_cluster1

w_cluster4

w_cluster5

Niño3.4

NAO

SOI

month

Northeast Pacific Northwest Pacific South Pacific

mpi_cluster7 abs_vo850_cluster9 abs_vo850_cluster4

r700_cluster5 vo850_cluster10 abs_vo850_cluster7

vo850_cluster2 r700_cluster6

vo850_cluster7 sst_cluster1

vws850‐200_cluster7 PDO

w_cluster1
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three clusters are selected. One cluster is also selected in the Northeast Pacific and North Indian basins, whereas
no clusters are chosen in the remaining basins. Climate indices and teleconnections are selected in only three
basins: the North Atlantic, South Indian, and South Pacific with the North Atlantic Oscillation (NAO) being the
only index selected in more than one basin. Other indices, including Niño3.4, SOI, PNA, TSA,WPI, and PDO, are
each selected only once, whereas several others are excluded entirely. Regarding the selection of the month of the
year, we observe that this feature is selected only in the North Atlantic. This suggests that, in general, the month
does not provide significant additional information, as the seasonal signal associated with TCG is already largely
captured by the other selected features. Overall, these results suggest that, in most basins, the feature selection
algorithm prioritizes local atmospheric and oceanic variables over large‐scale climate indices and teleconnection
signals in explaining tropical cyclone genesis variability.

Amore detailed analysis of the atmospheric and oceanic variable selected for the North Atlantic offers insight into
the spatial patterns most strongly associated with tropical cyclone genesis. Figure 3 illustrates the spatial extent of
the selected clusters for the eight oceanic and atmospheric key predictors. The three variables with the highest
number of selected clusters are MPI, vertical wind shear between 850 and 200 hPa, and vertical velocity at

Figure 3. Spatial distribution of atmospheric and oceanic clusters selected by the feature selection framework for the North
Atlantic basin. Each panel corresponds to one of the selected variables: abs_vo850 (absolute vorticity at 850 hPa) cluster 1;
mpi (maximum potential intensity) clusters 4, 5, and 6; msl (mean sea level pressure) clusters 1 and 3; sst (sea surface
temperature) cluster 1; vws850‐200 (vertical wind shear between 850 and 200 hPa) clusters 2, 3, and 6; and w (vertical
velocity at 500 hPa) clusters 1, 4, and 5.
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500 hPa, all factors consistently identified in the literature as central to TCG in this basin. For example, Yip and
Yau (2012) developed a methodology using neural networks to project changes in North Atlantic TCG potential
over the 21st century identifying vertical wind shear and MPI as dominant controls on TCG. Similarly, Sharmila
and Walsh (2017) emphasized the role of wind shear in shaping TCG frequency in the North Atlantic. In our
results, the selection of clusters 2 and 6 for vertical wind shear aligns with the findings of Zhao and Li (2019), who
showed that wind shear associated with the Madden‐Julian Oscillation (MJO) plays a key role in modulating TCG
over the eastern part of the basin. Cluster 3, covering the Gulf of Mexico, one of the primary hotspots for TCG in
the North Atlantic (see Figure 1) further underscores the spatial precision of the model. Meng and Garner (2023),
using a sequential feature selection method, identified vertical wind shear and favorable heating conditions as
leading factors influencing TCG. Their results also indicate that, in the North Atlantic, the most influential
variables are MPI and SST. This is consistent with our findings, which include the selection of cluster 1 of SST,
spanning the southern part of the North Atlantic, and clusters 4 and 6 of MPI covering areas associated with a
significant concentration of TCG events. Furthermore, Meng and Garner (2023) highlight upward motion as the
most critical variable for seed genesis regardless of basin and timescales, which supports our result showing the
selection of three vertical velocity clusters in the North Atlantic. Seeds are defined as weak precursor disturbances
of TC, sharing a few characteristics: cyclonic rotation at low to mid‐levels, surface pressure lower than the
surrounding environment, and the presence of deep convection (Hsieh et al., 2020; Sobel et al., 2021; Sugi
et al., 2020). Wang andMurakami (2020) also identified vertical velocity at 500 hPa as one of the most influential
factors contributing to TCG when constructing their index. Regarding mean sea level pressure, the clusters
selected by the algorithm span much of the region between 0°N and 20°N, which aligns with the primary zones of
TCG activity in the basin. In contrast, the selected cluster of absolute vorticity at 850 hPa covers the most northern
portion of the domain. This selection suggests that the algorithm finds variability in absolute vorticity on the
domain boundaries to be more informative for explaining fluctuations in TCG frequency than the clusters located
within regions of higher event density. In contrast, no clusters of relative humidity at 700 hPa and relative
vorticity at 850 hPa are selected in this basin. This seems to diverge from Sharmila and Walsh (2017), who
identified a significant role for low‐level relative vorticity in the Atlantic. Among the climate indices, the se-
lection of Niño3.4 and SOI confirms the dominant influence of ENSO on TCG variability in line with long-
standing evidence (Camargo, Emanuel, & Sobel, 2007; Gray, 1984; Gray et al., 1993; Knaff, 1997; Patricola
et al., 2014; Tang & Neelin, 2004). In contrast, the selection of the NAO is somewhat less expected, as its in-
fluence has traditionally been associated with track and landfall rather than genesis (Xie et al., 2005). None-
theless, recent studies (Ding et al., 2023) point to emerging SST‐mediated teleconnections between the NAO and
TCG, supporting its inclusion.

4.3. Explainability and Interpretation

To interpret the influence of each predictor on TCG estimates, we apply the SHAP (SHapley Additive exPla-
nations) to the XAI‐GPI. To analyze the results, we generate beeswarm plots for each fold‐specific neural network
across the six basins. Figure 4 displays the SHAP results for the three networks trained on data from the North
Atlantic. With the exception of cluster 4 of vertical velocity at 500 hPa (w_cluster4), feature rankings are
consistent across the three folds underscoring the model's stability. The most influential features include cluster 1
of vertical velocity at 500 hPa (w_cluster1), cluster 5 of MPI (mpi_cluster5), cluster 3 of vertical wind shear
between 850 and 200 hPa (vws850‐200_cluster3), clusters 1 and 3 of mean sea level pressure (msl_cluster1,
msl_cluster3), and cluster 1 of SST (sst_cluster1). For mpi_cluster5, vws850‐200_cluster3, msl_cluster3, and
sst_cluster1, the relationships with the target variable align with physical expectations: higher values of
mpi_cluster5 and sst_cluster1 (red points) are associated with an increase in TCG (positive SHAP value on the
x‐axis), whereas higher values of vws850‐200_cluster3 and msl_cluster3 are associated with a decrease (negative
SHAP value on the x‐axis). These physically consistent patterns are also observed for MPI clusters 4 and 6. In
contrast, higher values of w_cluster1 are associated with a decrease in the estimated number of TCGs, which may
appear counterintuitive given that vertical velocity is typically linked to enhanced convection. However, this
relationship is clarified by the correlation between the time series of vertical velocity in cluster 1 and the observed
TCG counts in the North Atlantic, which is moderately strong and negative (Pearson correlation = − 0.63). This
suggests that, from a purely data‐driven perspective, the model is learning a statistically consistent but physically
counterintuitive relationship. This highlights one of the limitations of our approach: aside from the optional
inclusion of a physically informed regression model during the feature selection phase (see Appendix A1), the rest
of the framework is fully data‐driven. As a result, the neural network trained on the selected features is not
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constrained by physical knowledge and instead learns patterns primarily based on statistical associations. This
affects the interpretability of the relationships learned by the model, which are not guaranteed to align with the
known physical processes driving TCG. In this case, the strong negative correlation between w_cluster1 and TCG
frequency dominates the model's learned behavior, even if it runs counter to establish physical understanding.
Conversely, the more intuitive positive association between vertical velocity and cyclone occurrence is observed
forw_cluster4where higher vertical velocity values lead to increased TCG particularly in the third fold's network.
The interpretation ofmsl_cluster1 remains less clear, as this region overlaps with key TCG zones but exhibits less
consistent SHAP signals. Regarding the climate indices, the influence of both Niño3.4 and SOI on the
target aligns with findings in the literature identifying ENSO as an influential driver on TC occurrences in the
North Atlantic (Camargo, Emanuel, & Sobel, 2007).

To gain deeper insight into the factors driving interannual variability in TC frequency, we generated a specialized
beeswarm plot of SHAP values (Figure 5). This plot focuses on the years in which the three‐fold NNs estimated
the highest and lowest numbers of cyclogenesis events representing periods of maximum and minimum cyclone
activity. The goal of this analysis is to evaluate whether there are notable differences in the SHAP values dis-
tributions between years with different levels of TC activity. His analysis isolates key features that differentially
influence the model during years of extreme activity. Three features exhibit substantial differences between years
of maximum and minimum cyclone activity. For w_cluster1, we observe that, across all three folds, the SHAP
values for the years of maximum cyclone activity are on average shifted further to the right. This indicates a
generally stronger positive impact on the model output. Additionally, lower values of this feature are associated
with higher SHAP values, meaning they exert greater influence on the prediction. These differences suggest that
vertical velocity at 500 hPa in cluster 1 plays a particularly important role in modulating annual differences in
tropical cyclone activity in the North Atlantic. sst_cluster1 also exhibits noticeable differences in SHAP value
distributions between years of maximum and minimum cyclone activity. In this case, the SHAP values for years

Figure 4. Beeswarm plot of SHAP values for the NN trained on the North Atlantic data. Each point represents the SHAP
value of a single feature for a single observation. The spread of points along the x‐axis reflects the influence of each feature
on the model's output: the greater the absolute SHAP value, the stronger the feature's impact on the prediction. The sign of the
SHAP values indicates whether a feature contributes positively (increasing the predicted number of TCG value) or
negatively (decreasing the predicted value) to the model output. The color of each point reflects the relative magnitude of the
feature value with red representing higher values and blue lower ones.
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with a higher number of cyclogenesis events are shifted to the right indicating a stronger positive influence on the
model output. Furthermore, higher values of this feature correspond to a greater impact on estimates. This pattern
suggests that higher average SST in the region of cluster 1 is associated with increased cyclone formation in the
North Atlantic. During years when sea surface temperatures are higher over the 10°N–20°N latitude band,
stronger cyclone activity is more likely. Niño3.4 also shows differences in SHAP value distributions between
years of higher and lower cyclone activity. During years of maximum activity, lower values of the index
(indicative of La Niña conditions) are associated with a positive impact on the number of cyclogenesis events.
Conversely, in years of minimum activity, higher Niño3.4 values (reflecting El Niño conditions) are linked to a
negative impact on TCG. This relationship identified by our model is consistent with previous findings that
associate increased tropical cyclone activity in the North Atlantic with La Niña phases and with studies identi-
fying ENSO as a major driver of TC interannual variations (Menkes et al., 2012).

To facilitate comparison, Table 4 summarizes the main characteristics of our proposed index alongside the two
GPIs taken as reference from literature.

5. Conclusions
The objectives of this study were to improve the accuracy of annual tropical cyclone genesis (TCG) estimation,
identify the most relevant environmental drivers of monthly cyclone formation, interpret the relationships

Figure 5. Beeswarm plot of SHAP values for the years in which three‐fold NNs predicted maximum and minimum tropical
cyclone activity in the North Atlantic. Each point represents the SHAP value of a single feature for an individual observation.
The x‐axis shows the impact of the feature on the model's prediction: larger absolute values indicate greater influence,
whereas the sign denotes whether the effect is positive or negative. Point color shows the original feature value with red
indicating high values and blue indicating low values. Points plotted above each feature axis correspond to SHAP values
from months in years with maximum predicted activity, whereas those below correspond to months in years with minimum
predicted activity.
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between predictors and output, and improve our understanding of interannual variability in TCG. To do so, we
proposed an ML‐based framework for the detection and interpretation of TCG activity across six tropical ocean
basins to build a novel Genesis Potential Index (GPI): the XAI‐GPI. The framework integrates spatial dimen-
sionality reduction through clustering, feature selection via probabilistic coral reef optimization with substrate
layers (PCRO‐SL), and model interpretation using SHapley Additive exPlanations (SHAP) values.

The results demonstrate that, when considering basin‐aggregated TCG counts, the XAI‐GPI outperforms both the
ENGPI and oGPI benchmarks in terms of Pearson correlation with observed annual TCG values. The global
aggregation achieved the highest correlation and was the top‐performing model in three of the six basins. In the
other basins, their performance was comparable to models trained on the full feature set (NoFS), indicating that
our feature selection method preserved the most informative predictors while enhancing interpretability with
minimal loss in accuracy. The XAI‐GPI also matched the performance of GPIs at monthly and seasonal scales
further confirming their robustness across temporal resolutions. At the same time, some edge cases remain: the
model underestimates years of extreme activity in the North Atlantic and South Indian basins, shows only modest
skill in the Northwest Pacific and South Pacific, and exhibits limited performance in the North Indian Ocean.
These limitations highlight the challenge of capturing basin specific extremes. In‐depth analyses of the North
Atlantic and Northeastern Pacific validated the physical relevance of the selected features and yielded additional
insights. In the North Atlantic, the vertical wind shear over the Gulf of Mexico and the northwestern region of the
basin strongly influences the output of the model as well as the MPI in the central and western area of the basin
and the vertical velocity over the eastern region of the Northeastern Pacific. The latter, sea surface temperature
over the Caribbean Sea and the south of the domain, and Niño3.4 play a crucial role in modulating the differences
between years of higher and lower TC activity. In the Northeastern Pacific, the cluster of relative humidity
covering part of the northern region of the domain emerges as one of the most influential features on the model's
output. It also appears to play a crucial role in modulating the differences between years of maximum and
minimum cyclone activity. In the remaining basins, some selected clusters had physical meaning and were in
accordance with findings from existing literature. In some cases, the relationships learned by the models were
counterintuitive particularly for localized clusters or features situated outside the main cyclogenesis regions. The
selection of these features can be attributed to their strong negative correlation with the observed number of TCG
events. In the remaining basins, the selected clusters are generally consistent with established knowledge of
regional dynamics. For instance, vertical shear and mid‐level humidity play an expected role in the South Indian
Ocean, whereas ENSO‐related predictors appear in the South Pacific. At the same time, some predictors appear in
locations outside the core genesis regions or show counterintuitive relationships. In most of these cases, their
importance stems from strong negative correlations with TCG counts, indicating that they act as proxies for
larger‐scale patterns rather than direct physical drivers.

These findings underscore the added value of the XAI‐GPI framework: beyond improving prediction skill, it
allows us to uncover and interpret the basin‐specific climate features that modulate interannual variability of
cyclone activity. By combining feature selection and SHAP explainability, the model provides a transparent view
of the drivers of TCG, highlighting both well‐known mechanisms and less intuitive proxy signals. This
explanatory capacity is central to the framework's contribution, offering a pathway toward a more physically
interpretable understanding of basin‐scale cyclone variability.

Table 4
Overview of the Main Characteristics of the Three Genesis Potential Indices (GPIs) Analyzed in This Study: ENGPI, oGPI, and XAI‐GPI

ENGPI oGPI XAI‐GPI

Inputs Fixed Optimized ENGPI variant Selected clusters and Climate indices

Input selection Empirically chosen Like ENGPI, but optimized pressure levels Fully optimized from large set of candidates

Form Analytical formula Analytical formula ML model (NN)

Derivation Empirical Genetic algorithm optimization Gradient‐based optimization

Output Spatial genesis potential maps Spatial genesis potential maps Time series (monthly/annual TCG)

Interpretable? Yes Yes Yes (via SHAP)

Captures interannual variability? Weak (low skill in some basins) Moderate Strong (highest skill)
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Despite these promising results, the framework presents several limitations. In some cases, the clustering step
produced small or singleton clusters complicating physical interpretation. Incorporating more advanced spatial
clustering methods could improve coherence and alignment with known atmospheric patterns but would increase
computational complexity and sensitivity to hyperparameters. K‐means clustering, though simplistic, provided a
stable and interpretable baseline for most applications. A second limitation concerns the spatial coverage of
candidate variables. Expanding the geographic domain of predictors may improve feature selection especially in
basins like the Northwestern Pacific where few features were ultimately retained. However, such expansion must
balance the trade‐off between increasing input dimensionality and the limited number of monthly training ex-
amples available. Lastly, although GPIs provide spatially explicit maps of TCG probability, our current approach
outputs only basin‐level time series. As such, our performance comparisons with ENGPI and oGPI refer spe-
cifically to the interannual variability of basin‐wide activity rather than to spatial genesis patterns. Traditional
GPIs therefore remain better suited for examining spatial genesis distributions, whereas XAI‐GPI captures
interannual variability and can be useful to reproduce the trends of tropical cyclone activity aggregated over each
tropical basins in climate projection. Extending the framework to include spatially distributed predictions is a
promising direction for future research and would further address the limitations of traditional GPI formulations.

Appendix A: Additional Methodological Details
A1. Spatial Cluster‐Optimized Feature Selection (SCO‐FS)

The Spatial Cluster‐Optimized Feature Selection (SCO‐FS) framework combines dimensionality reduction of
spatial predictors through clustering with wrapper‐based feature selection based on evolutionary optimization.

To reduce spatial dimensionality while preserving relevant temporal variability, we apply the K‐means clustering
algorithm (MacQueen, 1967) to each atmospheric and oceanic variable. Each cluster is represented by an area‐
weighted mean time series. This step enables tractable feature selection by reducing the number of spatial fea-
tures. Given 504 monthly samples (1980–2021), we constrain the total number of candidate features to
approximately 100 to avoid overfitting and instability. However, we also explore higher cluster counts (up to 12)
as increased granularity often improves model performance. Alongside clustered fields, we include 10 supple-
mentary variables, comprising climate indices, teleconnection patterns, and the month of the year.

Feature selection is performed independently for each basin using the probabilistic coral reef optimization al-
gorithm with substrate layers (PCRO‐SL) (Pérez‐Aracil et al., 2023; Salcedo‐Sanz, 2017), a multistrategy
evolutionary method derived from the coral reef optimization (CRO) algorithm (Salcedo‐Sanz et al., 2014).
PCRO‐SL incorporates several search heuristics—Harmony Search, Multipoint Crossover, XOR Operation, and
BLX‐α Crossover—running concurrently in distinct subpopulations, enabling more effective exploration of the
solution space.

The optimization problem of selecting the optimal set of features is formulated as follows. Each solution
generated by the PCRO‐SL algorithm consists of a set of binary indicators defining whether a feature is selected
along with time lag and sequence length parameters. The inclusion of this binary parameter promotes solutions
that prioritize minimal information, thereby reducing the potential influence of collinearity between selected
features. Since the model is trained on monthly data, we fix time lag and sequence length to 1 and 0, respectively,
making the inclusion flag the only active parameter. The fitness of each feature subset is evaluated using a fast‐
learning regression model. We test three models: linear regression (LR), LightGBM (Ke et al., 2017), and a
physically informed variant (PI‐LGBM). The objective function is the mean squared error (MSE) on the training
data (Section A2). We conduct multiple feature selection simulations to evaluate how the choice of regression
model and the number of clusters affect the selection of relevant features. Specifically, we explore multiple values
of k (5–12 clusters) to balance spatial detail and feature sparsity. Each additional cluster introduces 8 new features
(one per spatial variable). For example, with k= 8, we obtain 64 spatial features. For robustness, five independent
feature selection runs are performed per combination of regression model and k.

A2. Machine Learning Regression Model

To evaluate each feature selection run, we train a neural network (NN) using the selected features. These models,
referred to as evalNNs, share the same architecture: a single hidden layer with 64 ReLU‐activated units followed
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by a linear output layer. Training usesMSE loss, L2 regularization (λ = 0.001), and the Adam optimizer (Kingma
&Ba, 2017) with default parameters (β1 = 0.9, β2 = 0.999). Models are trained for 200 epochs with a batch size of
32. The final model for TCG detection adopts the same NN architecture and hyperparameters as the evalNNs and
is trained on the final feature set selected in the most robust configuration (see Section A3).

A3. Filtering of Feature Selection Final Configuration and Sensitivity Analysis

The filtering process is designed to identify the most robust feature selection configuration. In this process, we
evaluate each feature selection simulation according to the mean square error (MSE) of the corresponding
evalNNs. All simulations are grouped according to two criteria: the regression model used within the PCRO‐SL
algorithm, and the number of clusters applied during the dimensionality reduction of spatially distributed vari-
ables. For each group, we generate violin plots illustrating the distribution of the evalNNs' average MSE values
across the validation sets and compute the median MSE for comparison. This process results in three figures:
Figure A1 displays the violin plots for different cluster counts when LR is used as the regression model; Figure A2
presents the corresponding plots for the LGBM; and Figure A3 shows the results for the PI‐LGBM. After
generating the violin plots and computing the median MSE values, we compare the different configurations and
select the one with the lowest median MSE. In cases where two or more configurations have similar median
values, we perform a more detailed comparison of the violin plots to identify the configuration with the more
favorable distribution.

Following this procedure, we identify the final feature selection configuration for each basin:

• Northeast Pacific: LGBM with 7 clusters;
• Northwest Pacific: PI‐LGBM with 10 clusters;
• North Atlantic: LR with 6 clusters;
• North Indian: PI‐LGBM with 7 clusters;
• South Indian: LR with 6 clusters;
• South Pacific: PI‐LGBM with 9 clusters.

Once the most robust feature selection configuration is identified through the filtering process, we proceed to
determine the final set of selected features. This is done by analyzing, which features are most frequently selected
among the best performing models under the chosen configuration. This final selection is based on the assumption
that the feature selection configuration resulting in the evalNNs with the best average performance is the most
suitable for building the final model and investigating the relationships between the selected features and the
target variable. However, once the optimal configuration is identified for each basin, only five simulations are

Figure A1. Violin plots showing the probability distributions of mean squared error (MSE) across the different number of
clusters, with LR used as the model within the coral reef optimization algorithm. The distributions represent MSE values
from feature selection simulations conducted for six different basins based on the performance of the evalNN trained using
the features selected in each simulation. Each subplot corresponds to a specific basin, and the bold number in the white box
within each plot indicates the median MSE value of the distribution.
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available to proceed with the final feature selection, meaning the selection process would rely on a relatively small
sample of simulations, potentially limiting its robustness. To address this limitation and ensure a more robust and
meaningful determination of the final selected features, we conduct an additional 95 simulations—each including
the training of an evalNN—bringing the total to 100 simulations under the optimal configuration. The number of
additional simulations was chosen as a compromise between achieving a sufficient sample size to have a sig-
nificant computation of the frequencies of selection for the features among the best‐performing runs and
maintaining a feasible overall computation time. This expanded set of simulations not only improves the
robustness of the final feature selection but also enhances the model's explainability and interpretability.

After completing all additional feature selection simulations, we proceed to identify the final set of selected
features for each basin. This is done by ranking all simulations according to the performance of their corre-
sponding evalNNs, measured by the Pearson correlation with observations at the annual scale and then dividing

Figure A2. Violin plots showing the probability distributions of mean squared error (MSE) across the different number of
clusters with LGBM used as the model within the coral reef optimization algorithm. The distributions represent MSE values
from feature selection simulations conducted for six different basins based on the performance of the evalNN trained using
the features selected in each simulation. Each subplot corresponds to a specific basin, and the bold number in the white box
within each plot indicates the median MSE value of the distribution.

Figure A3. Violin plots showing the probability distributions of mean squared error (MSE) across the different number of
clusters with PI‐LGBM used as the model within the coral reef optimization algorithm. The distributions represent MSE
values from feature selection simulations conducted for six different basins based on the performance of the evalNN trained
using the features selected in each simulation. Each subplot corresponds to a specific basin, and the bold number in the white
box within each plot indicates the median MSE value of the distribution.
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them into five performance subgroups: Top20%, TopMid20%,Mid20%,MidBottom20%, and Bottom20%. Based
on the assumption that the best‐performing models are also the most suitable for explanation and interpretation,
we focus on the features most frequently selected within the Top 20% of the simulations rankings. The most
frequently selected features are those that the algorithm identifies as having the greatest influence on the target
variable. To quantitatively assess the selection frequency, we conducted a sensitivity analysis examining models
performance in relation to the percentage of times each feature was selected within the Top 20% of the simulations
rankings. The models used in the sensitivity analysis are NNs with the same architecture, hyperparameters, and
data splitting scheme as the evalNNs, but their inputs consist of features selected in at least x% of the top‐
performing simulations. We evaluate six different selection thresholds: 50%, 60%, 70%, 75%, 80%, and 90%.
Model performance is assessed using the Pearson correlation coefficient between the models' estimates and the
observations, computed on the validation sets, both at the monthly and annual scales. The goal is to identify the
highest possible selection threshold that does not result in a significant decline in performance. Figure A4 reports
the monthly and annual Pearson correlation values for each selection threshold across all basins. Based on both
the monthly and annual correlation results across all basins, we selected 75% as the common selection threshold.

A4. SHapley Additive exPlanations (SHAP) Values

We employ SHapley Additive exPlanations (SHAP) values (Lundberg & Lee, 2017) to interpret the contribution
of each individual feature to the NN output. SHAP is a game‐theoretic approach that assigns each feature an
importance value based on its marginal contribution to the model's estimation averaged over all possible feature
combinations. The method satisfies two key properties: local accuracy, meaning that the sum of SHAP values
equals the model prediction for a given instance, and consistency, ensuring that a feature's attribution does not
decrease when its influence increases in a newer model. SHAP values are computed for the final trained model
and provide insights into whether each feature has a positive or negative effect on TCG prediction. The spread of
SHAP values across samples reflects the feature's importance: wider distributions indicate stronger influence.

A5. Data Partitioning

Different components of the framework use different data splits. For clustering, feature selection, and evalNNs
training, we use a time‐based split: data from 1980 to 2013 are used for training and 2014–2021 for testing.
Clustering is performed on the training set, and models within PCRO‐SL are evaluated using 5‐fold CV. For
evalNNs, we use 3‐fold CV to reduce computational time. To limit computational cost, we reduce the number of
folds for the evalNNs. Although the regression models embedded in the feature selection algorithm are light-
weight and can be trained rapidly regardless of the CV configuration, training neural networks is considerably
more time‐consuming. Using fewer folds for evalNNs thus prevents excessive computational burden when
evaluating a large number of feature selection simulations. For the final model training, however, we adopt a
different partitioning. Specifically, the full data set (1980–2021) is split into three CV folds, each defining a
distinct train‐test split. This setup allows for longer test periods, which are essential for evaluating model

Figure A4. Monthly (M) and annual (Y) Pearson correlation coefficients between observations and the estimates produced by
neural networks (NNs) using features selected at different percentage thresholds within the Top 20% of the simulation
rankings. The x‐axis indicates the selection thresholds, whereas the y‐axis represents the two temporal scales. Each subplot
corresponds to a specific basin and includes its own colorbar representing correlation values.
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performance. Model skill is evaluated using the Pearson correlation coefficient between the observed and pre-
dicted TCG counts at the annual timescale (Ascenso et al., 2023; Camargo, Emanuel, & Sobel, 2007; Cavicchia
et al., 2023; Menkes et al., 2012; Yu et al., 2018). A longer test window ensures more robust correlation estimates
and facilitates a consistent evaluation across basins and models.
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