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ABSTRACT

DATA-DRIVEN MODELS FOR SUBSEASONAL CYCLOGENESIS FORECASTS IN THE

EAST PACIFIC AND NORTH ATLANTIC

Tropical cyclones (TCs) are hazardous and financially burdensome meteorological events. Pre-

vious studies have revealed that longer timescale phenomena, including the El Niño Southern Os-

cillation (ENSO), the Madden-Julian Oscillation (MJO), and African Easterly Waves, influence

TC development by modifying large-scale environmental conditions such as vertical wind shear,

mid-level moisture, and sea surface temperatures. Statistical models have been developed to fore-

cast TCs in the Atlantic and Pacific basins by incorporating information about ENSO and the MJO.

Expanding on this work, we employ logistic regression (LR) and neural network (NN) models with

an extended set of variables to predict cyclogenesis on subseasonal timescales for the east Pacific

and Atlantic regions. These models utilize ENSO and MJO indices, along with other local envi-

ronmental information, and demonstrate enhanced forecasting skill relative to models that only use

TC climatology. Overall, the NN model shows superior performance compared to the LR model,

retaining skill out to three weeks leadtime for the east Pacific, and out to four weeks for the Atlantic

basin. The predictive capabilities of the model are demonstrated for the years 1983 and 2021. To

gain insights into the decision-making process of the NN models, an AI explainability technique

is employed to understand which features are considered important in making the predictions. For

both basins, the addition of ENSO and MJO information prove to be essential for the superior

forecast skill of the NN model.
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Chapter 1

Introduction

Since 1980, the United States has allocated over 1 billion dollars to address the impacts from

at least 355 weather and climate events, with 60 of them being tropical cyclones (TCs) that caused

damage exceeding 1.3 trillion dollars. Although TCs constitute only one-fifth of these 355 events,

they account for more than half (53%) of the billion-dollar weather and climate disasters (NOAA

NCEI 2023). Therefore, it is crucial to ensure accurate and reliable TC forecasts. Phenomena such

as El Niño Southern Oscillation (ENSO) and the Madden-Julian Oscillation (MJO) influence TC

activity by affecting large-scale environmental factors like vertical wind shear, mid-level moisture,

sea level pressure, and sea surface temperatures (SSTs) (Reed et al.1977; Gray 1984; Goldenberg

and Shapiro 1996; Fink and Reiner 2003; Kiladis et al. 2006; Camargo et al. 2009; Klotzbach

2014, and references therein).

The MJO is a significant mode of tropical variability characterized by a period of 30-60 days.

Originating in the Indo-Pacific Ocean, the MJO dominates the variability in the tropical atmosphere

on subseasonal timescales (Madden and Julian 1971, 1972). Wheeler and Hendon (2004) described

the MJO by phases, or position along the equator as convection moves eastward. Phase 1 has

enhanced convection over the western Indian Ocean, and the final phase before the cycle begins

again is phase 8, when convection reaches the central Pacific. In the eastern Pacific, Maloney

and Hartmann (2000) found that the number of hurricanes is over four times higher during MJO

phase 2 compared to phase 6. This hurricane modulation is initiated by 850-mb MJO zonal wind

anomalies that propagate from the west to east Pacific (Maloney and Hartmann 2000). These
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zonal wind anomalies can either enhance or suppress convection in the east Pacific, with westerlies

intensifying convection and easterlies weakening it. When periods of westerly 850-mb equatorial

zonal wind anomalies occur over the east Pacific, they create conditions optimal for the formation

and development of TCs (Maloney and Hartmann 2000). In the Atlantic, it has been shown that

the MJO plays a role in the clustering of Atlantic TCs (Maloney and Hartmann 2000b; Maloney

and Shaman 2008; Klotzbach and Oliver 2015). For instance, when the zonal wind anomalies

associated with the MJO are westerly at low levels, the Gulf of Mexico and the West Caribbean

experience a four-fold increase in the probability of cyclogenesis (Maloney and Hartmann 2000b).

Phases 1-3 of the MJO are associated with an active Atlantic basin, while phases 5-7 are typically

linked to calm periods (Klotzbach and Oliver 2015). These connections between the MJO and TC

activity in the east Pacific and the Atlantic highlight the usefulness of MJO information in a TC

genesis forecasting model.

Clear relationships also exist between ENSO and cyclogenesis (Gray 1984; Goldenberg and

Shapiro 1996). In the east Pacific, the number of observed TCs is twice as high during El Niño

compared to La Niña. During La Niña, negative SST anomalies are observed over the east Pacific.

These conditions suppress hurricane development in the east Pacific (Kim et al. 2011). Conversely,

El Niño is associated with warm anomalies over the east Pacific and a decrease in vertical shear

over the central Pacific, which favor TC formation in both regions (Kim et al. 2011). ENSO

also impacts the Atlantic Ocean through changes in the Walker circulation. During El Niño, the

Walker circulation weakens significantly and shifts eastward, leading to increased westerlies at

higher levels over the tropical Atlantic. These strong westerlies, combined with weak easterlies at

lower levels, create strong wind shear over the region (e.g. Shaman et al. 2009). Since strong wind

shear hinders cyclogenesis, less TC activity in the Atlantic is observed during El Niño periods.
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Conversely, during La Niña, convection intensifies and wind shear decreases over the western

Atlantic facilitating TC formation (Gray 1984; Goldenberg and Shapiro 1996).

African easterly wave (AEW) activity may also serve as a good a cyclogenesis predictor. AEWs

are synoptic disturbances that traverse from west Africa into the Atlantic, typically with a period of

two to five days (Adames 2021). These waves develop near the African easterly jet. The vorticity

from the AEW combines with locally generated vorticity from convection, create favorable condi-

tions for cyclogenesis (Hopsch et al. 2010). Additionally, Dieng et al. (2017) proposed that TC

genesis is influenced by sustained convection over the ocean within the troughs. AEWs are con-

sidered the primary precursors to Atlantic hurricanes, with approximately 60% of TCs originating

from AEWs (Landsea 1993). Moreover, Thorncroft and Hodges (2001) found positive correlations

between AEW activity and Atlantic TC activity over a period of 45 years, supporting the use of

AEWs as a TC genesis predictor.

The relationship between SSTs and TCs has been studied for decades, with early studies sug-

gesting the SST threshold needed for TC formation to be 26◦ − 27◦ C (Palmén 1949). Low SSTs

can limit the local energy source and, consequently, cyclogenesis (Bister and Emanuel 1998). This

is because the SST has a strong influence on surface fluxes and boundary layer humidity (Anthes

1982; Emanuel 1994). Hence, SST anomalies in the east Pacific and in the Atlantic Main Develop-

ment Region (MDR; 5◦ − 18◦ N, 20◦ − 60◦ W) have a significant connection to TC activity. Warm

anomalies in the MDR are associated with an increase in TC activity (Emanuel and Mann 2006,

Elsner 2006). Moreover, the MDR SSTs can also serve as a proxy for the Atlantic Meridional

Oscillation (AMO), particularly when considering the MDR SSTs relative to the tropical average

SSTs (Emanuel 2005; Bell and Chelliah 2006; Vecchi et al. 2008).The AMO has been found to af-

fect hurricane counts with a timescale of 60 - 80 years (Schlesinger and Ramankutty 1994). MDR
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SSTs are often used instead of an AMO index because statistical inconsistencies exist between the

AMO indices (Goldenberg et al. 2001).

Previous data-driven statistical models such as those of Gray (1984b), Saunders and Lea (2005),

Leroy and Wheeler (2008), and Henderson and Maloney (2013) have made TC genesis forecasts

for different ocean basins using climates variables as predictors, e.g. MJO and ENSO indices.

Leroy and Wheeler (2008) employed a logistic regression model that used five predictors to pre-

dict the probability of TC genesis in the Southern Hemisphere. The five chosen predictors included

a climatological seasonal cycle of TC activity, two indices representing MJO propagation, and two

representing the leading patterns of interannual SST variability in the Indo-Pacific Oceans. With a

logistic regression model and these predictors, Leroy and Wheeler (2008) obtained increased skill

out to approximately three weeks relative to climatology. Based on Leroy and Wheeler (2008),

Henderson and Maloney (2013) developed a statistical model via logistic regression for the east

Pacific and the Atlantic. Their predictors included a climatology of TC genesis, an ENSO index,

and two MJO indices. For the Atlantic, they included an additional predictor to represent the

MDR’s SST variability. Henderson and Maloney (2013) obtained skill out to three weeks relative

to climatology in the east Pacific, and out to two weeks in the Atlantic.

Henderson and Maloney (2013) successfully built a logistic regression model and made fore-

casts using ENSO, MJO, and MDR SSTs, and we improve upon these results by including ad-

ditional environmental information, increasing the statistical model’s complexity, and adding 8

more years of data. In this work, data-driven models are developed using data from past tropical

storms (TS) occurrence as a function of time of year in the east Pacific and the north Atlantic,

along with ENSO, MJO, and daily local winds and SSTs to forecast TS genesis within a given

week. While previous research has predominantly relied on climate-related data, relatively few
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studies have placed a significant emphasis on the integration of environmental data to study TS cy-

clogenesis on subseasonal timescales. These environmental variables harbor essential information

that directly pertains to the assessment of cyclogenesis probabilities within a specific region. Two

models, a logistic regression and a neural network, are constructed for each basin (east Pacific and

Atlantic basin) and Atlantic subregions. Neural networks are employed to enhance the modeling

sophistication in comparison to conventional forecasting techniques, notably logistic regression.

Neural networks are characterized by their multilayer architecture, which stands in contrast to the

zero-layer structure of logistic regression models. Consequently, neural networks exhibit greater

architectural complexity and allow for further nonlinearity. For the NN and LR models, the Brier

skill score is computed for a range of subseasonal leadtimes and several variable combinations

to determine which model performs best. The goal is to make subseasonal forecasts of systems

achieving 34 knot strength, which we define as a threshold for cyclogenesis (e.g., Henderson and

Maloney 2013).
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Chapter 2

Methods

2.1 Data Collection

This study focuses on two regions, namely the east Pacific (5◦ − 25◦ N, 120◦ − 90◦ W) and

the north Atlantic basin (5◦ − 45◦ N, 100◦ − 15◦ W) from 1979 to 2021. To develop the data-

driven models, a set of meteorological and climatological variables previously shown to impact

cyclogenesis are considered as predictors. In the east Pacific region, the selected features for model

input include the historical count of storms that underwent cyclogenesis within the region (referred

to as TS count) as a function of calendar day, an ENSO index, two time series that characterize

MJO activity, and local zonal winds and SST. For the Atlantic region, TS counts, and ENSO, MJO,

AEW, and MDR SST indices are used. Throughout this study the TS counts by calendar day serve

as the cyclogenesis climatology for each region.

Tropical cyclone information is obtained from the National Hurricane Center’s (NHC) HUR-

DAT2 (HURricane DATabase 2nd generation) (Landsea and Franklin 2015). HURDAT provides

comprehensive and official assessments from the NHC for storms occurring in the Atlantic and

Pacific basins. The HURDAT dataset includes information such as date and time, intensity, wind

radii, and location every six hours for all systems that attain tropical depression strength (less than

33 knots).

The ENSO index utilized in this study is the Niño3.4 index, developed by the National Oceanic

and Atmospheric Administration (NOAA) (Rayner et. al. 2003). This index includes monthly

6



values dating back to 1870 and employs a 5-month running mean of the SST anomalies within the

region between 5◦ N - 5◦ S, 170◦ − 120◦ W.

MJO information is incorporated into the statistical models as the first two principal compo-

nents, RMM1 and RMM2, as defined by a combined empirical orthogonal analysis that isolates

MJO variability (Wheeler and Hendon 2004). RMM1 and RMM2 characterize the evolution and

intensity of the MJO along the equator. In the case of the east Pacific, the RMM1 and RMM2

were also lagged by seven days (RMM1-7, RMM2-7) from the day of forecast and included as

additional predictors.

The meteorological variables used as model input, specifically daily SSTs and winds from 1979

to 2021, were obtained through the ERA5 Reanalysis Data from the European Centre for Medium-

Range Weather Forecasts (ECMWF) (Hersbach, H. et al., 2018; Muñoz Sabater, J., 2019). The

ERA5 dataset provides hourly gridded data for atmospheric and ocean variables. Using the SST

and winds over each region (Fig.1), zonal wind and SST indices are created for the east Pacific,

and MDR SST and AEW indices are made for the Atlantic basin.

2.2 Data Processing

The HURDAT2 data is subjected to a filtering process to include only systems that reach 34

knots, which we define as cyclogenesis in each respective region. Three important datasets are then

created. The first two are datasets of TS counts and a TS climatology (Fig. 2), and the third is a

binary index that reflects whether TS genesis happened in a given week. Subsequently, a timeseries

of TS genesis events per week is computed by aggregating the number of cyclogenesis events that

happened within each region by calendar day and doing a rolling sum with a window of seven

days to create the TS counts. To build the TS climatology, the TS counts are divided by 365 in
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Figure 2.1: Location where storms reached cyclogenesis (34 knots) between 1979 to 2021. (a) East Pacific

region (5◦ − 25
◦ N, 90◦ − 120

◦ W); the two drawn boxes represent the regions used to create the SST

(5◦ − 18
◦ N, 90◦ − 115

◦ W) and U850 (5◦ − 15
◦ N, 85◦ − 125

◦ W) indices. (b) As in (a) but for north

Atlantic storms. The Gulf of Mexico is defined as the region between 15
◦ − 30

◦ N and 80
◦ − 100

◦ W. The

Caribbean region extends from 8
◦ − 30

◦ N and 50
◦ − 100

◦ W. The west Atlantic is the addition of the Gulf

of Mexico and the Caribbean. The east Atlantic is defined as 5◦ − 30
◦ N and 18

◦ − 50
◦ W, and the north

Atlantic is 30◦ − 45
◦ N and 50

◦ − 80
◦ W. The regions enclosed in dashed lines are the Main Development

Region (5◦−18
◦ N, 20◦−60

◦ W) and the African Easterly Wave (10◦−25
◦ N, 20◦−35

◦ W) index region.
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Figure 2.2: TS climatology and TS counts. The TS counts consists of all the storms that reached cyclogen-

esis added for each day of the year from 1979 to 2021. Solid lines are the smoothed climatology and counts,

while the dashed lines are the corresponding raw data.
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order to get TS genesis probabilities per week of the calendar year. To smooth the TS counts and

the TS climatology, a forward-backward 1-2-1 filter is applied twenty times. These two curves are

plotted as solid lines in Fig. 2, while their respective raw counts and probabilities are represented

as dashed lines. The TS counts are the average number of cyclogenesis per week, while the TS

climatology is the cyclogenesis probability per week. Finally, a binary index is also created from

HURDAT data. To make the binary index, on days where storms reached to TS cyclogenesis a

“1” is applied to the past and next three days in other to have a seven-day window of days when

TS genesis was observed from 1979 to 2021. The remaining days get assigned a “0” to signify

the lack of TS genesis on those days. This binary index is used as the label, and thus, act as the

predictand for logistic regression and neural network prediction tasks.

Zonal wind data at 850-mb is obtained from the ERA5 Reanalysis and utilized to construct a

zonal wind index (U850) for the east Pacific because of its relation to the enhancement or suppres-

sion of convection in this region (Maloney and Hartmann 2001). Zonal wind within the ranges of

5◦ − 15◦ N and 125◦ − 85◦ W is averaged by day, and the temporal mean over the entire set is

subtracted to define anomalies. These anomalies are further detrended by calendar day to remove

the multi-year trend. Similarly, SST data within the ranges of 5◦ − 18◦ N and 115◦ − 90◦ W is

obtained from ERA5. SST in this region has been shown to covary with intraseasonal convection

(Maloney et al. 2008). The same data processing approach used for the U850 index is applied to

generate the SST index.

In the Atlantic region, an MDR SST index is created using SST data within the range of 5◦−18◦

N and 60◦−20◦ W. This data undergoes the same data processing steps as the U850 and SST indices

for the east Pacific. Additionally, an AEW index is defined by averaging daily 700mb meridional

winds over every grid point within 10◦−25◦ N, 35◦−20◦ W (Arnault and Roux 2011). The data is
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then passed through a fast Fourier transform, keeping only the high frequencies with periods less

than 10 days associated with AEWs. Then, a rolling variance with a 10-day window is applied at

each grid point in Fourier space. Finally, an area average is computed every day to produce the

AEW activity index, whose timeseries is shown in Fig. S16.

2.3 Data-driven Models

Two data-driven machine learning models of different complexities are compared. First, bi-

nary logistic regression (LR) models are constructed to predict TS formation based on the input

predictors for the east Pacific and the Atlantic basin. Binary logistic regression is a widely-used

classification method that produces probability outputs by utilizing a sigmoid function as the acti-

vation function. Specifically, LR can be written as

P (Y |x) =
eβ0+β1x1+β2x2+...+βnxn

1 + eβ0+β1x1+β2x2+...+βnxn

, (2.1)

where xn are the predictor values, Y is the event we want to predict, P (Y |x) is the proba-

bility of Y happening given x, βn are the regression coefficients, or the relationship between the

predictand and the predictor values, and i = 1, 2, 3, ...n, where n is the total number of predictors.

Additionally, neural networks (NN) are trained—one for the east Pacific and another for the

Atlantic basin—to further increase the sophistication of the model and potentially enhance the

predictive capabilities. The architecture of the NN involves passing the input features through two

hidden layers comprising 25 nodes each (25 x 25) (Fig. 3). Moreover, the NN models utilize a

hyperbolic tangent (tanh) activation function between the hidden layers and employs a softmax

activation function in the output layer to obtain a binary result. The batch size for the NN is 32,
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Figure 2.3: Neural network architectures for the two studied regions. (a) Architecture for the east Pacific

where the input features are hurricane counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7, 850-mb zonal

winds (U850), and SSTs. (b) Architecture for the Atlantic, the features are TS counts, ENSO, RMM1,

RMM2, AEW, and MDR SST. For both networks the output is binary, “TS" or “No TS".

with a learning rate of 0.0003, and 30 epochs. The loss function applied is the binary crossentropy

function. Appendix Table G.1 and G.2 shows the training loss values at 30 epochs for different

architectures, demonstrating that the chosen architecture is the most optimal found for both regions.

AI explainability is applied to the NN through SHAP (Shapley Additive Explanations) values

(Lundberg and Lee 2016) to quantify the variable importances for the models. Positive SHAP

values indicate features that are driving the model towards forecasting TS genesis, while negative

SHAP values indicate features that drive the model towards forecasting no TS genesis.

Given the small sample size used in this study (limited to storms from 1979 to 2021, 691 for

the east Pacific and 554 for the North Atlantic), we do not have a separate testing dataset. Instead,

a k−fold cross-validation approach is employed to assess the performance and generalizability of
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both the LR and NN models, and to maximize exposure to unseen data during training. K−fold

cross-validation involves dividing the available data into k subsets (or folds), where k − 1 folds

are used for model training and the remaining fold is used for validation. In this work, the data

was randomly partitioned by year into seven folds, resulting in thirty-six years for training, and

six for validation for each fold. By employing k−fold cross-validation, the models are evaluated

using multiple independent subsets of training and validation data, which helps to assess their

performance on unseen data. This approach ensures that the models developed are more robust,

general, and capable of making accurate predictions beyond the data used for training.

2.4 Brier Skill Score

Here, we utilize the Brier skill score (BSS) as a measure of the predictive skill of our prob-

abilistic forecasts. The Brier score (BS), upon which the Brier skill score is based, is defined as

follows:

BS =
1

N

N∑

t=1

(ft − ot)
2, (2.2)

where ft represents the forecasted probability and ot represents the corresponding actual out-

come at time t (“0" or “1"). The Brier score quantifies the mean square error of the forecasted

probabilities, with N denoting the total number of forecast instances. The Brier skill score is then

calculated by normalizing the Brier score with respect to a reference outcome forecast (BSref ),

specifically,

BSS = 1−
BS

BSref

. (2.3)
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The BSref for our models is the average number of times the binary index has “1" for a given

calendar week. The Brier skill score ranges from 1 to 0, where a score of 1 indicates a perfect

forecast and a score of 0 represents the skill of the reference forecast. Negative values indicate that

the performance is worse than the reference.
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Chapter 3

Results

3.1 East Pacific

In this work we use logistic regression (LR) and neural networks (NN) to increase the model

complexity relative to past works. The inputs used include climate information pertaining to ENSO

and MJO, as well as local SSTs and winds. We assess the models’ performance using the Brier skill

score, and apply AI explainability to further understand how each feature contributes to the NN’s

results. Fig.4a shows the Brier skill scores for the LR and NN models when the input features

are TS counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7, SST, and U850. The dashed lines

in Fig. 4 represent the mean Brier skill score per leadtime for the TS counts and reflects the

climatology for each region which serves as the baseline for every model respectively. Both LR

and NN models for the east Pacific exceed the respective baselines out to 21 days, when the Brier

skill scores converges with the models’ baselines. The NN has higher scores throughout all the

leadtimes relative to the LR model, successfully improving upon past works that have used LR to

forecast hurricane activity (e.g. Leroy and Wheeler 2008; Henderson and Maloney 2013). The

forecasting skill for each model is measured by quantifying how much improvement the addition

of features has over the baseline. Because we are applying k-fold cross-validation, every fold gets

used once as validation set. The Brier skill score obtained when these folds are used as validation

for input features TS counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7, SST, and U850 are

shown as (seven) circles per leadtime in Fig.4a. If a validation fold achieved greater Brier skill
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Figure 3.1: Brier skill score for the logistic regression and the neural network as a function of leadtime.
Closed circles indicate the folds that scored higher than the baseline, while the open circles indicate the
folds with scores lower than the baseline. (a) East Pacific brier skill scores for the LR and NN model when
the input features are the TS counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7, SST, and U850. (b)
Comparing the Atlantic basin LR and NN scores using as input the TS counts, ENSO, RMM1, RMM2,
MDR SST, and AEW.

score than its respective baseline, it is shown as a closed circle. On the other hand, validation folds

that obtained a Brier skill score lower than their baseline are shown as open circles. Since the goal

is for every validation fold to beat its baseline, it is worth noting how for the east Pacific the NN is

able to retain a greater number of folds with skill over the baseline throughout the first three weeks

relative to the LR (Fig.4a).

In addition to using TS counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7, SST, and U850

as input features, we retrain our NN model to explore a variety of feature combinations. Fig. 5a

shows the Brier skill score differences from the baseline, representing how much the model im-

proves when features other than TS counts are included. When the east Pacific model has only TS

counts and ENSO information, the Brier skill scores are nearly identical to the scores for the base-

line (Fig.5a; shown as teal dots). This suggests that adding only ENSO over the baseline for the

east Pacific does not provide the model additional information that it can use to create better pre-
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dictions. When the input includes TS counts, ENSO, RMM1 and RMM2, the model is able to use

the combination of ENSO and MJO information to further improve the predictive abilities (Fig.5a;

shown as yellow dots). When TS counts, RMM1, and RMM2 are used as the input features,

the model shows improvement over the baseline at 21 days leadtime (Fig.5a; shown as burgundy

dots). Finally, when the model includes TS counts, ENSO, RMM1, RMM2, RMM1-7, RMM2-7 it

achieves even higher Brier skill scores for the east Pacific, enabling the model to have greater im-

provement over the baseline to three weeks into the future (Fig.5a; shown as purple dots). This last

feature combination includes more information about the evolution of the MJO. Having past RMM

information tells the model the phase the MJO was previously in, and RMM1 and RMM2 tells the

model the phase it is currently in. The lagged RMMs provide information regarding the speed at

which the MJO is traveling along the Pacific equator, in additon to other information such as the

evolution of amplitude. The NN model identifies MJO indices as highly valuable for predicting

cyclogenesis, consistent with existing literature that establishes clear associations between MJO

and east Pacific tropical cyclone activity (Maloney and Hartmann 2000). The inclusion of SST and

U850 to ENSO, RMM1, RMM2, RMM1-7, and RMM2-7 provide additional information for the

NN, hence it obtains highest Brier skill score amongst all tested feature combinations (Fig.5a).

To showcase the model’s capabilities, the probability of cyclogenesis generated by the NN for

each week of the 1983 hurricane season in the east Pacific is plotted as dots in Fig. 6a and 6c, and

compared with the observed cyclogenesis weeks (shaded regions on Fig. 6a and 6c). Looking at

Fig.6a, one can see that the NN generally increases the TS genesis probabilities when cyclogenesis

was observed, demonstrating its ability to capture real occurrences. To gain insight into the model’s

decision-making process, an analysis using SHAP values for each variable is presented in Fig. 6b.

The SHAP values indicate the influence each feature has on the NN’s predictions, with positive
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values indicating variables that push predictions toward TS genesis predictions, and negative values

indicating features that decrease the chances for TS genesis.

Throughout the hurricane season, the TS counts, which serve as a measure of TS climatol-

ogy, consistently display high positive SHAP values (Fig.6b), panel 1 as expected since it shows

that the historical frequency of TSs strongly influences the model’s predictions. The other vari-

ables change from day to day and provide prediction skill beyond the region’s reference. During

mid-June, RMM1 and RMM1-7 exhibited positive SHAP values, coinciding with spikes in TS de-

velopment probabilities when TC Barbara went through cyclogenesis (Fig.6b, panel 2). Moreover,

during mid-June the MJO was in Phase 2, which is associated with a higher TS activity in the east

Pacific (Maloney and Hartmann 2000). Not only was the MJO in a favorable phase for east Pacific

cyclogenesis during mid-June, but the local SSTs also experienced the highest values during this

period. Phase 2 is also observed in early September and mid-October (Fig. S17), which coincide

with events of higher probabilities in Fig.6a and the cyclogenesis of TCs Kiko and Tico. More-

over, the 850-mb zonal winds were westerlies (Fig. S20), which are associated with enhanced

TC activity in the east Pacific (Maloney and Hartmann 2000). Fig. 6b shows how the NN model

assigns higher SHAP values during these two cyclogenesis events, demonstrating that the model

identified the relationship between TC genesis and the 850-mb zonal wind direction in the east

Pacific. During early-August and November, the MJO was in Phases 3-6 (Fig. S17) and the NN

assigns low TS genesis probabilities (Fig. 6a). U850 has three events in Fig.6b, panel 4 where the

SHAP values are negative, during late-June, early-September, and early to mid-October. During

these three events, the U850 values were anomalous easterly, which have been shown to suppress

TS genesis in the east Pacific (Maloney and Hartmann 2000).
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Figure 3.2: Brier skill scores and Brier skill score differences from the baseline for the NN models for the
east Pacific and the Atlantic basin using different feature combinations. (a) NN Brier skill scores and Brier
skill score differences for the east Pacific. (b) NN Brier skill scores and brier skill score differences for the
Atlantic basin.
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3.2 Atlantic Basin

Across all Atlantic subregions, the NN model consistently outperforms the LR model (Fig. 4b,

Fig. S6 - S10). The LR model for the Atlantic incorporating TS counts, ENSO, RMM1, RMM2,

AEW, and MDR SST demonstrates improved performance in the weekly folds compared to their

respective baselines and demonstrates skill relative to the climatology baseline for at least two

weeks (Fig. 4b). The NN model yields higher Brier skill scores than LR for the Atlantic basin as

a whole and its subregions because of its increased complexity. Moreover, over half of the folds

exhibit scores surpassing their respective baselines throughout most of the forecast period (Fig.

4b). It is evident that the inclusion of additional features beyond the baseline provide valuable

information for the model. Incorporating ENSO and MJO information results in an improved

performance of the NN model (Fig.5b). Furthermore, the addition of MDR SST further enhances

the forecasting skill. MDR SST is a valuable variable to include since it provides SST information

in the region where most systems undergo cyclogenesis (Fig.5b) (Mann and Emanuel 2006, Elsner

2006). The inclusion of AEW increases skill during the first week.

We have also examined predictions for sub-basins of the Atlantic. While we cannot go into

extensive detail here, forecast models for these sub-basins produce some notable successes. For

example, TC activity in the Gulf of Mexico, the Caribbean, and the region comprised by adding

these two, referred as “west Atlantic" benefit from the RMM indices because of the direct influence

the MJO has over the region (Maloney and Hartmann 2000b). Furthermore, the Gulf of Mexico

shows Brier skill score improvement when either the MDR SSTs or the AEW index are included

in addition to TS counts, ENSO, RMM1, and RMM2 (Fig. S11). The Caribbean, benefits from

the addition of both, the MDR SSTs and the EAW index, along with TS counts, ENSO, RMM1,
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and RMM2, obtaining higher Brier skill scores than without them (Fig. S12). Finally, the west

Atlantic results in higher Brier skill scores when MDR SSTs and AEW index are added to TS

counts, ENSO, RMM1, and RMM2 for the first two weeks (Fig. S13). Three weeks onward, the

model stops learning from the AEW index and relies only on the addition of MDR SSTs.

Examining the year 2021 for the Atlantic basin, it is apparent that most of the peaks in the

predictions align with the weeks with observed cyclogenesis (Fig.6c). Further analysis reveals that

the model relies on ENSO, MJO, and the local data that contributes to variability observed during

the hurricane season (Fig.6d). When TC Grace went through cyclogenesis, the AEW reached its

highest influence for the hurricane season (Fig. S27). Our network was able to find this pattern

and is reflected in Fig. 6b panel 4, where the AEW has a positive SHAP value. TC Ida experienced

cyclogenesis around late August, and according to Fig.6b, the features that positively influenced

the model during that time are the TS climatology and ENSO. During late August the TS counts

reach the highest value (Fig. 3b), and also ENSO starts to settle into La Niña phase (Fig. S24),

both good indicators for high cylogenesis probability (Klotzbach and Oliver 2015). Moreover, the

AEW index (Fig. S28) was high and the MJO was in phase 2 (Fig. ??23). Finally, looking at TC

Sam, the moment this storm went through cyclogenesis the MJO was in phase 4 (Fig. S23), which

is unfavorable for TC activity in the Atlantic (Klotzbach and Oliver 2015), and the assigned SHAP

values are negative. Because of La Niña, both ENSO and TS counts push the model towards high

cyclogenesis probabilities during this period (Fig. 6c) reflected in positive SHAP values (Fig. 6d).

The MDR SSTs were below average for the 2021 hurricane season (Fig. S28) and this causes the

NN to reduce its prediction of TC activity, as seen in the negative SHAP values (Fig.6d, panel 4).
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Figure 3.3: Predicted probabilities by the neural network and the associated SHAP values. (a,c) The circles
indicate the TS genesis probabilities per week during the hurricane season, and the shaded lines are the
weeks where cyclogenesis was observed. Darker lines represent cyclogenesis days for some storms that
reached at least 96 knots. (b,d) The SHAP values for he NN. Features with positive SHAP values pushed
the model towards forecasting cyclogenesis that week, while variables with negative SHAP values pushed
the model towards a forecast of no cyclogenesis. Note the different y-axis limits for the top panels of (b)
and (d).
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Chapter 4

Conclusion

In this study, logistic regression (LR) and neural network (NN) TS genesis forecast models

are built for the east Pacific and Atlantic. The models utilize climate and environmental data as

inputs, including ENSO, MJO, SST and local winds. To evaluate the models’ performance, the

Brier skill score is computed for each model at various lead times. The TS counts, representing

the TS climatology, serve as the baseline for the LR and NN models. Generally, both models

exhibit improved performance when additional information is incorporated beyond the baseline.

Moreover, the NN model achieves higher Brier skill scores compared to the LR model, indicating

that increased sophistication leads to greater forecasting skill. In the east Pacific, the optimal

feature combination for the models includes ENSO, RMM1, RMM2, RMM1-7, RMM2-7, U850,

and SST indices. By including these indices as inputs, both the LR and NN models demonstrate

forecasting skill for up to three weeks into the future. In the Atlantic basin, the optimal feature

combination consists of ENSO, RMM1, RMM2, MDR SST, and AEW indices and enable the NN

model to retain forecasting skill for up to four weeks into the future, more than when the LR is

used. When the Atlantic basin is divided into subregions the Brier skill scores are lower than those

for the entire basin likely due to a reduction in sample size resulting from the subsectioning of

the Atlantic. Nonetheless, west Atlantic subregions benefit from MJO information and are further

improved by including the MDR SSTs and the AEW index.

The objective of this research was to build upon previous work on data-driven hurricane pre-

diction that utilized ENSO and MJO data by including additional local environmental information
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and comparing NN and LR models to make forecasts of TC activity at S2S leadtimes. Comparing

both models, the NN produced higher Brier skill scores as a function of leadtime relative the results

obtained using LR. Our NN models demonstrate forecasting skill for up to three weeks into the

future in the east Pacific, and up to four weeks in the Atlantic basin, exploiting the relationships

between ENSO and MJO with TS activity in the east Pacific and Atlantic. Moreover, the local

environmental variables (winds and SSTs) further increase the magnitude of the Brier skill scores

of the models as a function of leadtime since this addition creates a more robust forecasting model.

A key revelation in this study centers on the incorporation of AI explainability techniques, specifi-

cally the utilization of SHAP values, to dissect the role and impact of the input variables within our

models. This methodology gives us a framework to discern precisely which variables hold sway

over the model’s decision-making processes at distinct points in time.
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Chapter 5

Future Works

In future studies, a more sophisticated AEW index might be used, such as one that identifies

individual disturbances. AEW strength, along with environmental conditions, have been proven

to be good TC activity indicators (Bercos-Hickey et al. 2023). Additionally, there is evidence of

teleconnections between Atlantic SSTs and eastern Pacific TCs (Patricola et al. 2016), hence the

inclusion of Atlantic SSTs into east Pacific models is worth exploring. Finally, the addition of

other input variables, such as the Atlantic Meridional Mode, North Atlantic Oscillation, and the

Quasi-Biennial Oscillation may further enhance the results.
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Appendix A

TC Counts and climatologies for the Atlantic

Subregions

Fig. A.1: Hurricane climatology and hurricane counts for the Gulf of Mexico. The hurricane counts consists
of all the storms that reached 34 knots added for each day of the year from 1979 to 2021. Solid lines are the
smoothed climatology and counts, while the dashed lines are the corresponding raw data.
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Fig. A.2: Hurricane climatology and hurricane counts for the Caribbean. The hurricane counts consists of
all the storms that reached 34 knots added for each day of the year from 1979 to 2021. Solid lines are the
smoothed climatology and counts, while the dashed lines are the corresponding raw data.

Fig. A.3: Hurricane climatology and hurricane counts for the West Atlantic. The hurricane counts consists
of all the storms that reached 34 knots added for each day of the year from 1979 to 2021. Solid lines are the
smoothed climatology and counts, while the dashed lines are the corresponding raw data.

38



Fig. A.4: Hurricane climatology and hurricane counts for the East Atlantic. The hurricane counts consists
of all the storms that reached 34 knots added for each day of the year from 1979 to 2021. Solid lines are the
smoothed climatology and counts, while the dashed lines are the corresponding raw data.

Fig. A.5: Hurricane climatology and hurricane counts for the North Atlantic. The hurricane counts consists
of all the storms that reached 34 knots added for each day of the year from 1979 to 2021. Solid lines are the
smoothed climatology and counts, while the dashed lines are the corresponding raw data.
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Appendix B

LR and NN model comparisons for the Atlantic

Subregions

Fig. B.1: Comparing the brier skill score for the logistic regression and the neural network as a function of
leadtime in the Gulf of Mexico. Closed circles indicate the folds that scored higher than the baseline, while
the open circles indicate the folds with scores lower than the baseline. Input features are TC counts, ENSO,
RMM1, RMM2, MDR SST, and AEW.
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Fig. B.2: Comparing the brier skill score for the logistic regression and the neural network as a function of
leadtime in the Caribbean. Closed circles indicate the folds that scored higher than the baseline, while the
open circles indicate the folds with scores lower than the baseline. Input features are TC counts, ENSO,
RMM1, RMM2, MDR SST, and AEW.

Fig. B.3: Comparing the brier skill score for the logistic regression and the neural network as a function of
leadtime in the West Atlantic. Closed circles indicate the folds that scored higher than the baseline, while
the open circles indicate the folds with scores lower than the baseline. Input features are TC counts, ENSO,
RMM1, RMM2, MDR SST, and AEW.
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Fig. B.4: Comparing the brier skill score for the logistic regression and the neural network as a function of
leadtime in the East Atlantic. Closed circles indicate the folds that scored higher than the baseline, while
the open circles indicate the folds with scores lower than the baseline. Input features are TC counts, ENSO,
RMM1, RMM2, MDR SST, and AEW.

Fig. B.5: Comparing the brier skill score for the logistic regression and the neural network as a function of
leadtime in the North Atlantic . Closed circles indicate the folds that scored higher than the baseline, while
the open circles indicate the folds with scores lower than the baseline. Input features are TC counts, ENSO,
RMM1, RMM2, MDR SST, and AEW.
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Appendix C

NN model improvements over baseline for the

Atlantic Subregions

Fig. C.1: Brier skill scores and Brier skill score differences from the baseline for the NN models for the
Gulf of Mexico using different feature combinations.
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Fig. C.2: Brier skill scores and Brier skill score differences from the baseline for the NN models for the
Caribbean using different feature combinations.
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Fig. C.3: Brier skill scores and Brier skill score differences from the baseline for the NN models for the
west Atlantic using different feature combinations.
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Fig. C.4: Brier skill scores and Brier skill score differences from the baseline for the NN models for the east
Atlantic using different feature combinations.
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Fig. C.5: Brier skill scores and Brier skill score differences from the baseline for the NN models for the
north Atlantic using different feature combinations.
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Appendix D

AEW index timeseries

Fig. D.1: AEW index timeseries
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Appendix E

MJO, ENSO, SST, U850, AEW, and MDR SSTs for

1983 and 2021

Fig. E.1: RMM1 and RMM2 in phase space throughout the year 1983.
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Fig. E.2: ENSO values throughout the year 1983.

Fig. E.3: SST values between 5
◦ − 18

◦ N, 90◦ − 115
◦ W throughout the year 1983.
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Fig. E.4: 850 mb zonal winds within 5
◦ − 15

◦ N, 85◦ − 125
◦ W throughout the year 1983.

Fig. E.5: AEW index throughout the year 1983.
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Fig. E.6: MDR (5◦ − 18
◦ N, 20◦ − 60

◦ W) SST values throughout the year 1983. Positive anomalies
represent westerly winds, while negative represent easterly.

Fig. E.7: RMM1 and RMM2 in phase space throughout the year 2021.
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Fig. E.8: ENSO values throughout the year 2021.

Fig. E.9: SST values between 5
◦ − 18

◦ N, 90◦ − 115
◦ W throughout the year 2021.
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Fig. E.10: 850 mb zonal winds within 5
◦ − 15

◦ N, 85◦ − 125
◦ W throughout the year 2021. Positive

anomalies represent westerly winds, while negative represent easterly.

Fig. E.11: AEW index throughout the year 2021.

54



Fig. E.12: MDR (5◦ − 18
◦ N, 20◦ − 60

◦ W) SST values throughout the year 2021.
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Appendix F

NN 2021 predictions and SHAP values in the

Atlantic Subregions
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Fig. F.1: Probabilities and SHAP values. (a) The circles indicate the predicted TC days, and the shaded
lines are the days where TC were observed in the Gulf of Mexico in 2021. (b) The variable importances
according to the NN. Features with positive SHAP values pushed the model towards forecasting TCs that
day, while variables with negative SHAP values pushed the model towards a forecast of no TCs.
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Fig. F.2: Probabilities and SHAP values. (a) The circles indicate the predicted TC days, and the shaded lines
are the days where TC were observed in the Caribbean in 2021. (b) The variable importances according to
the NN. Features with positive SHAP values pushed the model towards forecasting TCs that day, while
variables with negative SHAP values pushed the model towards a forecast of no TCs.
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Fig. F.3: Probabilities and SHAP values. (a) The circles indicate the predicted TCs days, and the shaded
lines are the days where TCs were observed in the West Atlantic in 2021. (b) The variable importances
according to the NN. Features with positive SHAP values pushed the model towards forecasting TCs that
day, while variables with negative SHAP values pushed the model towards a forecast of no TCs.
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Fig. F.4: Probabilities and SHAP values. (a) The circles indicate the predicted TC days, and the shaded lines
are the days where TCs were observed in the East Atlantic in 2021. (b) The variable importances according
to the NN. Features with positive SHAP values pushed the model towards forecasting TCs that day, while
variables with negative SHAP values pushed the model towards a forecast of no TC.
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Fig. F.5: Probabilities and SHAP values. (a) The circles indicate the predicted TC days, and the shaded
lines are the days where TCs were observed in the North Atlantic in 2021. (b) The variable importances
according to the NN. Features with positive SHAP values pushed the model towards forecasting TCs that
day, while variables with negative SHAP values pushed the model towards a forecast of no TCs.
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Appendix G

Loss values for different NN architectures

Table G.1: East Pacific Loss Values at 30 Epochs for Several Architectures

nodes single layer loss [x] double layer loss [x,x]

1 0.662 0.575
2 0.572 0.573
3 0.574 0.573
4 0.571 0.572
5 0.571 0.572
6 0.571 0.571
7 0.571 0.571

10 0.571 0.571
15 0.571 0.571
20 0.571 0.571
25 0.571 0.571
50 0.571 0.570
75 0.571 0.570
100 0.570 0.570
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Table G.2: Atlantic Loss Values at 30 Epochs for Several Architectures

nodes single layer loss [x] double layer loss [x,x]

1 0.622 0.622
2 0.526 0.525
3 0.622 0.622
4 0.622 0.622
5 0.524 0.617
6 0.523 0.524
7 0.524 0.524

10 0.524 0.523
15 0.523 0.523
20 0.523 0.523
25 0.523 0.523
50 0.523 0.522
75 0.523 0.522
100 0.522 0.522
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