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Harmful algal blooms (HABs) are intensifying globally under climate warming and eutrophication, yet reliable
forecasting remains challenging due to nonlinear and highly correlated environmental drivers. This study de-
velops a dual-task deep learning framework for HAB occurrence classification and bloom-intensity prediction
using FT-Transformer, Neural Oblivious Decision Ensembles (NODE), and SAINT. To ensure data reliability, the
dataset was audited to distinguish observed and GAN-generated records, and synthetic-data fidelity was vali-
dated through statistical, correlation, and visual analyses. Potential target leakage associated with Bloom_Index
was explicitly assessed, and a no-Bloom_Index ablation experiment was conducted to evaluate model robustness.
Ecological analysis revealed that HAB events were associated with elevated sea surface temperature, chlorophyll
anomaly, and nitrogen enrichment, together with reduced dissolved oxygen. FT-Transformer achieved the best
classification performance (accuracy = 0.995 + 0.0032, F1-score = 0.985 + 0.0091, AUROC = 0.998 + 0.0036),
while NODE provided the highest regression accuracy for Bloom_Index prediction (MAE = 0.0476 + 0.0172; R?
= 0.9316 + 0.0231). Ablation results confirmed that predictive performance remained robust without Bloo-
m_Index. SHAP analysis identified temperature, chlorophyll anomaly, nutrient dynamics, and oxygen depletion
as dominant bloom drivers. The novelty of this study lies in integrating advanced deep tabular learning with
synthetic-data validation, leakage-aware evaluation, and interpretable ecological attribution for robust HAB
early-warning systems.

1. Introduction animal health (Anderson et al., 2021). Beyond ecological disruption,

HABs inflict substantial economic losses on fisheries, aquaculture,

Harmful algal blooms (HABs) are increasingly recognized as a major
environmental threat with profound ecological, economic, and public
health consequences (Villanueva et al., 2023). These events, character-
ized by the rapid proliferation of algae or cyanobacteria, can lead to
hypoxia (Qiu et al., 2025), fish kills, and the production of potent toxins
that contaminate seafood and drinking water, posing risks to human and
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tourism, and coastal communities, with estimated annual damages in
the United States ranging from $10 million to $100 million (Hoagland
and Scatasta, 2006). Public health impacts include increased respira-
tory and gastrointestinal illnesses, with hospitals often reporting higher
patient visits during bloom periods (Backer et al., 2015).

Recent advances in HAB forecasting increasingly combine
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Table 1
Dataset composition before and after augmentation.
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Dataset stage Observed records, n (%) Synthetic records, n (%)

Total records, n HAB_Present = 0, n (%) HAB_Present = 1, n (%)

500 (100.0)
500 (25.0)

0 (0.0)
1,500 (75.0)

Before augmentation
After augmentation

500
2,000

Not reported
333 (16.65)

Not reported
1,667 (83.35)

Table 2

Attributes and permissible ranges for HAB prediction dataset.
Attribute Permissible Range Unit
Bloom_Index —1.0to 1.0 -
Rolling_Chlorophyll Anomaly —2.0to0 5.0 -
Rolling SST Anomaly —3.0t0 3.0 -
Surface_Chlorophyll 0.0 to 10.0 mg/m?
Sea_Surface_Temperature 20.0 to 35.0 °C
Dissolved_Oxygen 0.0 to 12.0 mg/L
pH 6.51t0 9.5 -
Total_Nitrogen 0.0 to 10.0 mg/L
Total Phosphorus 0.0 to 1.0 mg/L

environmental observations, remote sensing, and machine-learning ap-
proaches to improve early warning under rapidly changing climatic and
eutrophication pressures. Contemporary studies have shown that data-
driven frameworks can enhance bloom detection, short-term fore-
casting, and decision support, particularly when nonlinear ecological
responses and multiple water-quality indicators are considered simul-
taneously (Hridoy et al., 2026a). These developments highlight the
growing need for robust and interpretable predictive systems that can
generalize beyond conventional single-model approaches.

Monitoring and forecasting HABs remain challenging due to their
complex spatiotemporal dynamics and nonlinear environmental drivers
(Zhou et al., 2023). Traditional in-situ monitoring, despite providing
high-quality data, is labor-intensive, expensive, and spatially limited
(Hridoy et al., 2026b). Satellite remote sensing offers broader coverage
but suffers from cloud contamination, atmospheric interference, and
inconsistencies in spatial and temporal resolution relative to bloom
development (Hu et al., 2012; Sa’adi et al., 2026). These limitations
hinder timely and reliable detection, particularly in dynamic coastal and
freshwater systems where blooms can emerge rapidly.

Machine learning provides a promising alternative, enabling the
integration of diverse physicochemical, thermal, and biological pre-
dictors for data-driven HAB modeling. Recent studies show that machine
learning methods often outperform traditional statistical or process-
based models, especially under conditions of high variability or

Preprocesssing

Numerical features

climate-driven change (Paerl et al., 2020; Anderson et al., 2021; Hridoy
et al., 2026d). Deep learning architectures, such as Transformers, have
demonstrated strong capability in modeling nonlinear dependencies and
predicting chlorophyll-a concentrations in complex environmental
datasets (Zheng et al., 2023; Hridoy et al., 2025a). However, modern
deep tabular learning architectures, including SAINT, NODE, and
FT-Transformer, remain underexplored in ecological and aquatic pre-
diction tasks. Originally developed for structured data in fields such as
genomics, finance, and biomedical modeling, these architectures use
attention mechanisms and feature embeddings to capture complex in-
teractions within tabular datasets (Somepalli et al., 2021). Their appli-
cation to HAB prediction, particularly in a dual-task framework
combining bloom presence classification and bloom intensity regression,
has not yet been systematically evaluated.

Recent HAB forecasting studies increasingly emphasize the integra-
tion of environmental observations, remote sensing, and data-driven
modeling to improve early-warning performance under eutrophication
and climate warming. Contemporary work has shown that upgraded
HAB monitoring and prediction frameworks benefit from combining
multi-source observations with machine-learning-based forecasting
systems, thereby strengthening detection accuracy and ecological deci-
sion support in eutrophic water bodies. In parallel, recent artificial in-
telligence approaches have highlighted the value of jointly analyzing
physical, chemical, and biological drivers to better capture bloom
occurrence, intensity, and associated ecosystem risk. These de-
velopments indicate that HAB prediction research is moving toward
more interpretable and reproducible predictive frameworks, yet the
application of advanced deep tabular architectures for unified dual-task
HAB classification and bloom-intensity regression remains insufficiently
explored.

The present study advances HAB prediction research in four main
ways. First, three state-of-the-art tabular deep learning architectures,
FT-Transformer, NODE, and SAINT, are evaluated within a unified dual-
task framework for simultaneous HAB occurrence classification and
bloom-intensity regression. Second, the study moves beyond predictive
performance alone by explicitly auditing dataset composition, vali-
dating the realism of GAN-generated synthetic samples, and testing the
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Fig. 1. Overview of the model development and validation workflow. After data preprocessing, class-balance handling, and stratified cross-validation, the dataset
was used to train and evaluate FT-Transformer, NODE, and SAINT for HAB occurrence classification and Bloom_Index regression.
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Table 3

Final hyperparameter settings and optimization procedures for FT-transformer, NODE, and SAINT used in HAB occurrence classification and Bloom_Index regression.

Model Selection

Criterion

Random
Seed
42

Early Stopping

Patience
20

Epochs Weight

Optimizer Learning

Dropout Batch

Hidden

Attention
Heads

Embedding
Dimension
192

Task Layers/Depth

Model
FT-

Size Rate Decay

Dimension
768!

AUROC / F1

0.0001

150

AdamW  0.001

128

0.4

Classification 3

Transformer

42 MAE / RMSE / R?

0.0001 20

150

AdamW  0.001

128

0.4

768!

192

3

Regression

FT-

Transformer

NODE

AUROC / F1

42

0.0001 30

150

AdamW  0.002

128

0.2

128

N/A

Classification 8 trees x depth N/A

42 MAE / RMSE / R?

0.0001 30

150

128 AdamW  0.002

128 0.2

N/A

Regression 8 trees x depth N/A

NODE

42 AUROC / F1

25
25

128 AdamW  0.001 150 0.0001
150 0.0001

128

0.5

6402

160
160

Classification 4

SAINT

MAE / RMSE / R?

42

0.001

AdamW

0.5

640>

4

Regression

SAINT

= 640. NODE does not use an embedding dimension or attention heads; therefore,

the hidden dimension was set to 4 x d_model

. = 768. 2For SAINT,

the hidden dimension was set to 4 x d_model

Note: 'For FT-Transformer,

these fields are reported as N/A.
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sensitivity of results to the inclusion of Bloom_Index, thereby addressing
a potential source of information leakage that is rarely examined in HAB
modeling studies. Third, model transparency is strengthened through
explainable-Al analysis to quantify the relative contribution of ecolog-
ical indicators to both bloom occurrence and bloom intensity. Fourth,
the validation workflow is designed to better reflect forecasting use
cases through leakage-aware data splitting and clearly documented
evaluation procedures. These innovations position the study not merely
as a model-comparison exercise, but as a reproducible and ecologically
interpretable framework for operational HAB early warning.

This research aims to develop a rigorous and operationally relevant
framework for evaluating the potential of deep tabular learning in
forecasting HAB events. Specifically, the study seeks to determine which
architectures most effectively capture the nonlinear dynamics of bloom
occurrence and intensity, identify the environmental drivers that most
strongly influence these outcomes, and assess whether these models can
reliably generalize to future, unseen conditions. By leveraging a struc-
tured HAB-related environmental dataset and implementing leakage-
aware stratified validation, this study aims to generate practical and
interpretable insights that can strengthen HAB early-warning systems
and support proactive environmental management.

2. Materials and methods
2.1. Dataset description

The dataset used in this study was obtained from the Mendeley Data
repository and comprises tabular environmental records designed for
HAB-related predictive modeling (Mohan et al., 2025). Because the re-
pository includes GAN-generated synthetic samples in addition to the
original observed or seed records, dataset provenance was explicitly
audited in the revised analysis. This distinction is important because
synthetic augmentation can influence class balance, model fitting, and
the interpretation of predictive performance.

2.1.1. Dataset composition and augmentation audit

Before model development, the dataset was partitioned into two
provenance classes: observed records and GAN-generated synthetic re-
cords. For transparency, the total number of samples, the number and
proportion of observed versus synthetic records, and the class distribu-
tion of HAB Present before and after augmentation are reported in
Table 1. The repository documentation specifies a seed dataset of 500
observed records, and the current combined dataset contains 2000 re-
cords after augmentation, indicating the addition of 1500 synthetic
samples. Because the public repository description does not explicitly
provide the class distribution of the original seed dataset, only the post-
augmentation HAB_Present class counts could be reported directly from
the released dataset file.

2.2. GAN architecture and synthetic data generation

A Conditional Generative Adversarial Network (cGAN) was imple-
mented to generate synthetic HAB data conditioned on selected envi-
ronmental variables (Table 1). The architecture comprises:

e Generator: A multi-layer feedforward neural network with ReLU
activations, designed to produce realistic feature vectors from
random noise and conditioning inputs.

¢ Discriminator: A binary classifier with sigmoid activation, trained to
distinguish between authentic and synthetic samples.

Training was performed for 500 epochs using the Adam optimizer
with a learning rate of 0.0002. Both networks employed binary cross-
entropy loss. Convergence was determined when the discriminator’s
accuracy stabilized, indicating the generation of realistic synthetic data.
The dataset was partitioned into 70% training and 30% testing subsets.
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Fig. 2. Clustered correlation heatmap.

To ensure that the GAN-generated records remained ecologically
plausible and statistically consistent with the observed data, synthetic-
sample fidelity was evaluated using both statistical and visual di-
agnostics. Feature-wise summary statistics were compared between
observed and synthetic subsets, and distributional similarity was
assessed using appropriate nonparametric tests. In addition, correlation
structures and low-dimensional visual projections were examined to
determine whether the synthetic data preserved the multivariate pat-
terns of the observed records while expanding representation of mi-
nority conditions.

2.2.1. Statistical and visual validation of synthetic data

The realism of GAN-generated synthetic samples was assessed
through a multi-step validation procedure. First, feature-wise means,
standard deviations, and selected quantiles were compared between
observed and synthetic records. Second, feature distributions were
evaluated using nonparametric similarity tests. Third, the correlation
matrix derived from synthetic samples was compared with that of the
observed subset to assess whether major ecological associations were
preserved. Fourth, visual diagnostics, including density overlays and
low-dimensional projections (PCA or t-SNE), were used to inspect the
overlap between observed and synthetic samples in feature space.
Collectively, these analyses were used to determine whether synthetic
augmentation expanded sample diversity without producing unrealistic
combinations of ecological variables.

2.2.2. Construction of HAB Present and assessment of data leakage

The binary target variable HAB_Present was used as provided in the
source dataset. The repository documentation describes the HAB-related
attributes (Table 2), ecologically valid feature ranges, and the GAN-
based synthetic data-generation framework, but it does not fully
specify an independent annotation protocol or thresholding rule used to
define HAB_Present in the public description examined in this study.
Therefore, HAB_Present was treated as a repository-provided binary
indicator of bloom occurrence. Because Bloom_Index is conceptually
related to bloom condition, its use as a predictor may introduce infor-
mation overlap with the response variable. To address this concern, an
ablation experiment excluding Bloom_Index was conducted and re-
ported separately.

2.2.3. Explainable AI analysis

To improve interpretability, explainable-Al analysis was conducted
using SHAP-based feature attribution (Oziipak & Aslan, 2027; Uzel
et al., 2025). Global explanations were used to rank the ecological
predictors contributing most strongly to HAB occurrence classification
and Bloom_Index regression, while local explanations were used to
interpret representative sample-level predictions. This analysis com-
plemented performance benchmarking by evaluating whether the
learned feature contributions were ecologically plausible.
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Fig. 3. Class-conditional histograms of key environmental variables for HAB present Bloom Index, rolling chlorophyll anomaly, total phosphorus, rolling SST
anomaly, total nitrogen, sea surface temperature, dissolved oxygen, pH, and surface chlorophyll.

2.3. Data preprocessing

Before model training, all numerical features were normalized using
Min-Max scaling to ensure uniform input ranges. Any categorical vari-
ables were encoded using one-hot encoding. To address class imbalance
in the original dataset, the Synthetic Minority Over-sampling Technique
(SMOTE) and class weighting strategies were evaluated. The dataset was
split into 80% training and 20% testing using a stratified split to preserve
the target distribution. Additionally, K-fold cross-validation was applied
during model training to enhance robustness and mitigate overfitting
(Fig. 1).

2.3.1. Validation strategy and data splitting

To evaluate model performance in a leakage-aware manner, the
dataset was partitioned using a stratified data-splitting strategy that
preserved the class distribution of HAB Present across training and
testing subsets. An 80:20 train-test split was first applied, and model
development was then conducted using stratified K-fold cross-validation
within the training data. This procedure reduced sampling bias and
ensured that positive and negative HAB cases were represented consis-
tently across folds.

All preprocessing operations, including feature scaling and any class-
imbalance handling procedures, were applied within the training data
only and subsequently transferred to the corresponding validation or
test partitions to avoid information leakage. This workflow was
designed to provide a robust and reproducible estimate of model per-
formance while maintaining consistency across FT-Transformer, NODE,
and SAINT.

Although stratified K-fold cross-validation improves the stability of
performance estimates, it does not fully replicate a strict temporal
forecasting scenario in which only earlier observations are available for

model training. Therefore, the present evaluation framework should be
interpreted as a stratified predictive validation design rather than a pure
chronological forecasting experiment.

2.4. Feature Tokenizer in Ft-Transformer

The Feature Tokenizer module in Ft-Transformer serves as a crucial
component for converting raw tabular input data into a format suitable
for Transformer-based processing. It begins by identifying each input
feature as either categorical or numerical, which determines the
embedding strategy applied. Categorical features are embedded using a
learnable lookup table, where each unique category is mapped to a
corresponding vector. Numerical features, on the other hand, are
transformed through a learnable linear projection or a small neural
network that maps the raw values into dense embeddings. Once each
feature is embedded, the resulting vectors are assembled into a matrix of
feature tokens. This matrix acts as the input to the Transformer encoder,
allowing the model to treat each feature as an individual token. To
further enhance the model’s ability to distinguish between features,
optional encodings such as feature-type indicators or positional infor-
mation may be added. This structured tokenization enables the Trans-
former to effectively model complex relationships among features using
self-attention mechanisms. The Feature Tokenizer module transforms
the input features x to embeddings T € R**¢ The embedding for a given
feature xjis computed as follows:

T, = bj -‘rfi(Xj) € Rdf} : KXaRd
Where b; is the j -th feature bias, £ is implemented as the element-

wise multiplication with the vector M”"'") € R? and fj(“") is implemented

as the lookup table Wf‘“) € R%*for categorical features. Overall:
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T_(num) _ b(nu.m) n x;num)‘M/]{num) c Rd,

Tj(cat) _ b;:at) + e]TMcat) c Rd,

T = stack[T{"™, ..., Toum), TS, . Tiiw) ] € RE?

Where ~ is a one-hot vector for the corresponding categorical

feature.

Transformer: At this stage, the embedding of the [CLS] token (or
“classification token”, or “output token”, is appended to T and L
Transformer layers F;... F are applied:

Ty = Stack[[CLSLT} T, = Fi(Ti—l)-

We use the PreNorm version to make optimization easier. In this
setup, we also remove the first normalization step from the first Trans-
former layer to improve performance. The Transformer includes Multi-
Head Self-Attention and a Feed Forward module. Additional details

cover the activation functions, how normalizations are placed, and the
use of dropout to prevent overfitting (Gorishniy et al., 2021).

Prediction: The final representation of the [CLS] token is used for
prediction:

¥ = Linear(ReLU (LayerNorm (T,"¥))).
2.5. Neural oblivious decision ensemble (NODE)

The NODE module integrates the interpretability of decision trees
with the representational power of neural networks, making it particu-
larly effective for tabular data. Inspired by CatBoost (Fan et al., 2024),
NODE generalizes ensembles of oblivious decision trees into a differ-
entiable framework that supports end-to-end gradient-based optimiza-
tion. Each NODE layer consists of multiple differentiable oblivious
decision trees, where all internal nodes at the same depth use the same
splitting feature and threshold. To make the decision process differen-
tiable, NODE replaces traditional binary decisions with soft splitting
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mechanisms using the entmax transformation. This allows the model to
compute feature selection weights and routing probabilities in a
continuous manner. Each tree produces a multi-dimensional output by
aggregating responses weighted by these soft decisions. The outputs of
all trees in a NODE layer are concatenated to form the final represen-
tation. Multiple NODE layers can be stacked sequentially, with each
layer receiving the concatenated outputs of all previous layers, similar to
DenseNet-style architectures. This design enables NODE to capture
complex feature interactions while maintaining efficient inference and
interpretability.
Decision Node:

dyX) =7 (&j - bu‘)

Where,

e d;j(x): output of the decision node at layer [, node j
e H(-): Heaviside step function

e g;: splitting feature

e by;: learnable threshold

Soft (Differentiable) Decision

ciy(x) = 04 (’%;b”) 64(v) = entmax, (|, 0|)

Where,
e ¢;j(x): soft decision output

e 0,(+): a-entmax activation (smooth relaxation of step function)
e 75;: learnable temperature parameter controlling smoothness

Feature Selection

d

&%) = axi
i=1
Where,

e Xx;: i-th input feature
o a;;;: learned feature selection weight from a-entmax transformation
e d: number of input features

Output Combination
h(x) = (C, R)
Where,

e C € R? *4: choice tensor formed from c;;(x)
e R: response tensor
e (-,-): weighted linear combination (dot product)

Final Prediction

. H(l) (x): output of NODE layer [

e L: total number of NODE layers

o fi(-): final fully connected layer (for regression or classification)
o Y: final model prediction

~(
. h( )(x): output of NODE layer [
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Fig. 4. (continued).

e L: total number of NODE layers
o fi(-): final fully connected layer (for regression or classification)

e Y: final model prediction

2.6. SAINT

SAINT (Self-Attention and Intersample Attention Transformer),
which stands for Self-Attention and Inters ample Attention Transformer,
is a Transformer-based model tailored for tabular data. It enhances
traditional Transformer encoders by introducing two types of attention
mechanisms. The first, self-attention, operates within individual data
samples to capture relationships among features. The second, inters
ample attention, allows the model to compare and learn from multiple
samples simultaneously, improving its ability to generalize. SAINT
processes sequences of feature embeddings and outputs enriched rep-
resentations of the same size, maintaining the original structure while

adding contextual depth. A key innovation in SAINT is its use of
contrastive self-supervised pre-training, which helps the model learn
meaningful patterns even when labeled data is limited. By combining
these techniques, SAINT effectively addresses the complexities of
tabular data and often surpasses traditional models in performance. The
main goal of SAINT is to use attention mechanisms to handle the chal-
lenges of learning from tabular data effectively (Fan et al., 2024). SAINT
mathematical formulation is:

2.6.1. Feature embedding
Each input feature X € R"?is embedded into an e-dimensional
space:

E = Embedding(X), E € RVP*¢
Where,

e n: batch size (number of samples)
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e p: number of features
e e: embedding dimension

2.6.2. Transformer stage structure
SAINT consists of Lstacked stages, each combining:

e A self-attention block (MSA)

e An inter sample attention block (MISA)

e Feed-forward (FF) layers

e Normalization (LN) and skip connections

For a single stage (L = 1), the contextual representation for the i-th
sample follows:

Journal of Hazardous Materials Advances 23 (2026) 101348

7" = LN(MSA(E(x;))) + E(x;)

2 = LN(FF (2,))) + 2"
b

7% = IN(misa{z”} )+ 2
-

ri = LN(FFy(2%)) + 2%

Where,

MSA(+): multi-head self-attention

MISA(-): intersample attention across batch samples
FF(-): feed-forward layer with GELU activation
LN(-): layer normalization

ri: contextual representation of sample i

b: batch size

2.6.3. Stacked model
For Llayers, the process is repeated:

(ks = s({EG) L)
where, S denotes L stacked stages.

2.6.4. Output prediction
The final representation r;is passed through a single-layer MLP to
generate the model’s output:

Y: = ReLU(Wr; + b)
Where,

e W, b: weights and bias of the MLP
e Y;: predicted output for the i-th sample

2.7. Hyperparameter configuration and optimization

To improve reproducibility, the final hyperparameter settings and
optimization procedures for FT-Transformer, NODE, and SAINT are
summarized in Table 3. For each model, hyperparameters were selected
using validation-based tuning within the training folds only. The eval-
uated settings included model depth, embedding dimension, number of
attention heads, hidden layer size, dropout ratio, learning rate, batch
size, number of training epochs, optimizer, weight decay, and early-
stopping criteria.

Model selection was based on mean validation performance using
task-specific metrics, with classification models evaluated primarily by
AUROC and F1-score and regression models evaluated by MAE, RMSE,
and R2. To ensure reproducibility, all experiments were performed with
fixed random seeds and a consistent fold-specific preprocessing pipeline.

All hyperparameter tuning was conducted within the training folds
only, and the final model configurations were selected based on mean
validation performance to avoid optimistic bias in the reported results.

2.8. Software and computational framework

All experiments were conducted using Python 3.12 within the Goo-
gle Colab environment, leveraging its GPU-accelerated infrastructure for
efficient deep learning model training. The implementation utilized key
Python libraries, including NumPy and Pandas for data preprocessing,
Scikit-learn for feature scaling and evaluation, and TensorFlow/Keras
for neural network development. Advanced deep learning architectures
were employed to enhance predictive performance, specifically SAINT,
NODE, and FT-Transformer, which are designed to handle tabular data
effectively by leveraging attention mechanisms and differentiable
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decision trees. Visualization and interpretability were supported
through Matplotlib, and Seaborn, for importance analysis. This
computational setup ensured reproducibility, scalability, and robustness
in modeling HAB prediction.

3. Results and interpretation
3.1. Dataset composition and class distribution

Table 1 summarizes the dataset composition before and after
augmentation. The revised presentation distinguishes observed records
from GAN-generated synthetic records and reports the class distribution
of HAB_Present at each stage. This separation clarifies the degree to
which class balance and total sample size were influenced by synthetic
augmentation.

3.1.1. Statistical and visual validation of GAN-generated samples

The statistical and visual validation analyses showed that the GAN-
generated synthetic samples reproduced the central tendencies and
overall distributional structure of the observed records while expanding
representation of underrepresented conditions. Correlation-pattern
comparison further indicated that the major ecological associations
were largely preserved in the synthetic subset. Low-dimensional visual
overlays showed substantial overlap between observed and synthetic
points, supporting the use of the augmented dataset for downstream
modeling, although any remaining discrepancies are acknowledged as a
limitation.

The clustered correlation heatmap (Fig. 2) revealed two coherent
modules. A bloom-warming-nitrogen module grouped Bloom Index,
HAB Present, Rolling Chlorophyll Anomaly, Surface Chlorophyll, Sea
Surface Temperature, and Total Nitrogen, while an oxygen—phosphorus
module grouped Dissolved Oxygen and Total Phosphorus. Within the
bloom module, HAB Present aligned most strongly with Bloom Index
(positive; r 0.8 by color scale), and showed additional positive associa-
tions with Rolling Chlorophyll Anomaly and Sea Surface Temperature (r
0.2-0.4). Total Nitrogen correlated positively with Surface Chlorophyll
(r 0.5) and, to a lesser extent, with Bloom Index (r 0.2-0.3). Antagonistic
relationships bridged the two modules: Dissolved Oxygen was nega-
tively related to bloom metrics, most notably to Rolling Chlorophyll
Anomaly (strongest negative edge; r —0.6) and to Bloom Index and HAB
Present (r —0.4 to —0.5). Total Phosphorus also tended to be inversely
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associated with bloom/HAB indicators (r —0.3 to —0.5). pH and Rolling
SST Anomaly displayed broadly weak associations (generally |r| < 0.3).
Collectively, the pattern indicates that warmer, nitrogen-richer, chlo-
rophyll-anomalous conditions co-occur with elevated bloom activity
and HAB reports, alongside concurrent oxygen depletion, whereas
higher phosphorus relates inversely to bloom/HAB metrics in this
dataset.

3.2. Class-conditional distributions of key predictors

Fig. 3 illustrates the class-conditional density distributions of major
environmental variables for HAB Present (Class 1) and Non-HAB (Class
0) conditions. The Bloom Index shows a clear separation between clas-
ses, with Class 1 concentrated in the positive range (0.4-1.0), while
Class 0 is distributed around negative and near-zero values, confirming
its strong discriminative capability.

Rolling Chlorophyll Anomaly exhibits a similar pattern, where
bloom events (Class 1) are associated with higher anomaly values
(1.5-4.0), whereas non-bloom conditions cluster near zero or negative
anomalies. Total Phosphorus distributions indicate that Class 0 tends to
occur at higher phosphorus concentrations (0.5-0.8 mg/L), while Class
1 is more frequent at lower to moderate levels (0.2-0.4 mg/L), sug-
gesting nutrient utilization during bloom formation. For Rolling SST
Anomaly, Class 1 is concentrated around negative anomalies (—2.0 to
—1.0), implying that cooler-than-average conditions may favor bloom
initiation in this dataset. Total Nitrogen shows overlapping distributions
for both classes, though Class 1 slightly peaks around 3-4 mg/L. Sea
Surface Temperature indicates that bloom events are more frequent at
higher temperatures (28-31 °C), consistent with thermal conditions
conducive to algal growth.

Finally, Dissolved Oxygen and Surface Chlorophyll display distinct
patterns: Class 1 is strongly associated with near-zero oxygen levels,
reflecting hypoxic conditions during bloom events, while chlorophyll
concentrations for Class 1 cluster around 8-9 mg/m?®, compared to a
broader distribution for Class 0. These findings highlight the multivar-
iate nature of HAB dynamics and the importance of combined physical,
chemical, and biological indicators for accurate prediction.

3.3. Relationship between Bloom Index and environmental variables

Fig. 4 presents scatter plots illustrating the association between
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Table 4

Classification performance before and after excluding Bloom_Index from the predictor set.

F1 (without)

F1 (with)

AUPRC (without)

AUPRC (with)

AUROC (without)

AUROC (with)

Precision (without)

Precision (with)

Accuracy (without)

Accuracy (with)

Model

0.9809 =+ 0.0134
0.9747 + 0.0101
0.9850 + 0.0082

0.9751 + 0.0107
0.9821 + 0.0111
0.9853 + 0.0091

0.9976 + 0.0025
0.9902 + 0.0082
0.9963 + 0.0045

0.9966 + 0.0027
0.9921 =+ 0.0060
0.9974 + 0.0043

0.9993 + 0.0010
0.9963 + 0.0036
0.9987 + 0.0016

0.9988 + 0.0015
0.9971 + 0.0029
0.9981 + 0.0036

0.9682 =+ 0.0204
0.9676 + 0.0142
0.9851 + 0.0094

0.9570 + 0.0197
0.9763 + 0.0117
0.9741 + 0.0207

0.9935 + 0.0046
0.9915 + 0.0034
0.9950 + 0.0027

0.9915 =+ 0.0037
0.9940 =+ 0.0037
0.9950 + 0.0032

SAINT
NODE

FT-Transformer
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Table 5
Regression performance comparison of SAINT, NODE, and FT-transformer for
Bloom Index prediction.

Model MAE RMSE R?
SAINT 0.1291 + 0.0051 0.1846 + 0.0115 0.7781 + 0.0268
NODE 0.0476 + 0.0172 0.0105 + 0.0035 0.9316 + 0.0231

FT-Transformer 0.1308 + 0.0321 0.0318 + 0.0086 0.7930 £ 0.0588

Bloom Index and key environmental predictors. The first plot shows a
clear separation of Bloom Index values across the binary target variable
(HAB Present), confirming its strong discriminative power for bloom
detection. Samples with HAB Present = 1 predominantly exhibit higher
Bloom Index values, whereas non-bloom conditions cluster around
lower or negative values.

Among continuous variables, Rolling Chlorophyll Anomaly demon-
strates a strong positive trend with Bloom Index, reinforcing its role as a
proxy for algal biomass. Sea Surface Temperature and Rolling SST
Anomaly exhibit non-linear patterns, suggesting that both absolute
temperature and temperature anomalies influence bloom intensity.
Surface Chlorophyll shows an inverse relationship at higher concentra-
tions, possibly due to saturation effects or ecological feedback
mechanisms.

Nutrient variables display moderate associations: Total Phosphorus
shows a weak positive correlation, while Total Nitrogen appears more
dispersed, indicating complex interactions with other factors. Dissolved
Oxygen and pH exhibit irregular patterns, likely reflecting biological
processes such as respiration and photosynthesis during bloom events.
These findings highlight the multivariate nature of HAB dynamics and
the necessity of advanced models to capture non-linear dependencies.

3.4. Data quality and distribution analysis

3.4.1. Outlier analysis

The outlier rate across numeric features was generally low, with only
two variables exhibiting noticeable outliers (Fig. 5). Total Nitrogen
showed the highest fraction of outliers (=0.003), followed by Total
Phosphorus (0.001). All other features, including pH, Dissolved Oxygen,
and chlorophyll-related metrics, had negligible outlier rates, indicating
minimal data anomalies for most predictors.

3.4.2. Feature scale

Feature variability, measured by standard deviation, revealed sub-
stantial differences in scale among predictors (Fig. 6). Sea Surface
Temperature exhibited the largest variability (=3.6), followed by Total
Nitrogen and Dissolved Oxygen (1.8 and =1.7, respectively).
Chlorophyll-related features and rolling anomalies showed moderate
variability (1.2-1.6), whereas pH, Bloom Index, and HAB_Present had
relatively low dispersion (<0.6). Total Phosphorus had the smallest
standard deviation (x0.2), suggesting a narrow range of values.

3.4.3. Class balance across folds

The prevalence of HAB_Present was consistent across all five strati-
fied validation folds (Fig. 7). Positive rates remained stable at approxi-
mately 16-17%, confirming that stratified sampling effectively
preserved class distribution during cross-validation. This balance re-
duces the risk of bias in model training and evaluation.

3.5. Classification performance and ablation analysis

The classification performance of SAINT, NODE, and FT-Transformer
for HAB Present prediction, before and after excluding Bloom_Index
from the predictor set, is summarized in Table 4. Across all models,
predictive performance remained exceptionally high, with accuracy
values exceeding 0.99 under both settings. Among the three architec-
tures, FT-Transformer achieved the best overall performance, with the
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Fig. 8. SHAP summary plot for HAB occurrence classification using the FT-Transformer model, showing feature contributions to prediction.
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Fig. 9. Mean absolute SHAP value plot showing global feature importance for HAB occurrence classification.

highest baseline accuracy (0.9950 + 0.0032) and F1-score (0.9853 +
0.0091), while also maintaining nearly identical accuracy after
excluding Bloom_Index (0.9950 + 0.0027). NODE closely followed
under the full predictor set, with an accuracy of 0.9940 + 0.0037 and an
F1-score of 0.9821 + 0.0111, whereas SAINT showed slightly lower but
still highly competitive performance under the original feature set (ac-
curacy = 0.9915 + 0.0037; Fl-score = 0.9751 £ 0.0107).

In terms of discrimination performance, FT-Transformer achieved
the highest baseline AUROC (0.9981 + 0.0036) and AUPRC (0.9974 +
0.0043), indicating excellent robustness in distinguishing HAB-positive
and HAB-negative cases. NODE showed the highest baseline precision
(0.9763 + 0.0117), while SAINT remained competitive across all eval-
uation metrics. These findings confirm that all three deep learning
models performed strongly on HAB_Present classification, with FT-
Transformer providing the best overall balance of accuracy, discrimi-
native power, and predictive reliability.

To assess the dependence of predictive performance on Bloom_Index,
a leakage-aware ablation analysis was conducted in which this variable
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was removed from the predictor set. Overall, excluding Bloom_Index
resulted in only minor variations in model performance. FT-Transformer
retained identical accuracy and showed a slight increase in precision,
whereas NODE exhibited a moderate decline in accuracy (from 0.9940
4+ 0.0037 to 0.9915 4+ 0.0034) and F1-score (from 0.9821 + 0.0111 to
0.9747 + 0.0101). Interestingly, SAINT showed a slight improvement
across several metrics after excluding Bloom_Index, including accuracy,
precision, AUROC, AUPRC, and F1-score.

These findings indicate that although Bloom_Index is an informative
predictor, the models do not rely exclusively on it for HAB classification.
The retained high performance across all three architectures suggests
that other ecological variables, including temperature, chlorophyll
anomaly, nutrient concentrations, and dissolved oxygen, provide sub-
stantial independent predictive information for HAB occurrence. From a
methodological perspective, the limited performance degradation im-
plies moderate robustness to the removal of Bloom_Index and reduces
concerns regarding severe data leakage. Overall, FT-Transformer
remained the most effective model for HAB_Present classification
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Fig. 10. SHAP waterfall plot illustrating feature contributions for a representative HAB-positive sample.
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Fig. 11. SHAP summary plot for Bloom_Index regression using the FT-Transformer model.

under both the original and leakage-aware evaluation settings.

Regression results for predicting Bloom_Index using SAINT, NODE,
and FT-Transformer are presented in Table 5. NODE achieved the best
overall performance, with the lowest mean absolute error (MAE: 0.0476
+ 0.0172) and root mean square error (RMSE: 0.0105 + 0.0035), as well
as the highest coefficient of determination (R% 0.9316 4 0.0231). These
results indicate that NODE provided the most accurate and consistent
predictions for Bloom_Index.

FT-Transformer and SAINT exhibited comparable performance, with
MAE values of 0.1308 + 0.0321 and 0.1291 + 0.0051, respectively.
However, FT-Transformer achieved a slightly higher R? (0.7930 +
0.0588) than SAINT (0.7781 =+ 0.0268), indicating marginally better
explanatory power. Both models had higher RMSE values than NODE,
indicating greater variability in prediction error.

To provide an additional visual comparison of the regression
behavior of the three models, Taylor diagrams are provided in the
Supplementary Material (Fig. S1-S3). These diagrams summarize the
joint relationship among correlation, standard deviation, and centered

root mean square error for Bloom_Index prediction.

3.6. SHAP-based interpretation

SHAP-based interpretation was performed for the best-performing
model (FT-Transformer) to quantify the contribution of ecological pre-
dictors to both HAB occurrence classification and Bloom_Index
regression.

For HAB occurrence classification (Figs. 8-10), the SHAP summary
and bar plots revealed that Dissolved Oxygen and Roll-
ing_Chlorophyll Anomaly were the most influential predictors. Lower
dissolved oxygen levels and higher chlorophyll anomaly values were
strongly associated with increased bloom probability. The SHAP bar plot
confirmed that dissolved oxygen exhibited the highest mean contribu-
tion, followed by chlorophyll anomaly and nutrient-related variables
such as phosphorus.

For Bloom_Index regression (Figs. 11-13), the SHAP analysis showed
a different dominance pattern. Surface_Chlorophyll emerged as the most
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Fig. 12. Mean absolute SHAP value plot showing feature importance for Bloom_Index estimation.
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Fig. 13. SHAP waterfall plot illustrating feature contributions for a representative high Bloom_Index sample.

important predictor of bloom intensity, followed by Dissolved_Oxygen
and Rolling Chlorophyll Anomaly. This indicates that while oxygen
depletion plays a dominant role in determining bloom occurrence,
chlorophyll concentration more directly influences bloom magnitude.

The local SHAP waterfall plots further illustrated the model’s
decision-making mechanism. For representative samples, the combined
effects of reduced dissolved oxygen, elevated chlorophyll-related vari-
ables, and moderate nutrient concentrations contributed positively to
both HAB occurrence and Bloom_Index estimation, whereas
temperature-related variables exhibited comparatively smaller or mixed
effects.

Overall, the SHAP analysis demonstrates that the model captures
ecologically meaningful relationships, where oxygen depletion, phyto-
plankton biomass indicators, and nutrient dynamics jointly govern
bloom formation and intensity. These findings are consistent with the
correlation analysis and support the biological plausibility of the learned
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feature contributions.
4. Discussion

The clear formation of a bloom-warming-nitrogen module in the
correlation structure underscores the tight coupling among thermal
dynamics, nutrient enrichment, and phytoplankton proliferation.
Similar interactive patterns have been observed in coastal and estuarine
ecosystems worldwide, where elevated SST and nitrogen availability
stimulate algal growth and favor HABs (Lan et al., 2024; Wei et al.,
2023). The observed positive linkage between HAB occurrence, Bloom
Index, and SST aligns with evidence that warming enhances stratifica-
tion and nutrient recycling, creating favorable photic conditions for
bloom development (Paerl, 2023; Yan et al., 2024). Conversely, the
strong negative associations between DO and bloom metrics confirm the
well-documented oxygen depletion during bloom decay phases (Testa



Md.A.A.M. Hridoy et al.

et al,, 2024; Spilling et al., 2014), further reinforcing eutrophica-
tion-hypoxia feedbacks.

Interestingly, phosphorus exhibited inverse correlations with bloom
indicators, suggesting nutrient drawdown during bloom progression
rather than phosphorus limitation per se. This contrasts with classical
eutrophication models emphasizing phosphorus control (Maberly et al.,
2020) but agrees with recent findings that nitrogen often dominates
bloom dynamics in tropical and subtropical systems (Li et al., 2022). The
weak relationship of pH and rolling SST anomaly indicates secondary
roles of short-term fluctuations compared to cumulative thermal and
nutrient effects. Overall, these findings confirm that HABs in this dataset
are driven by co-occurring warming and nitrogen enrichment under
oxygen-depleted regimes.

Among deep learning architectures, FT-Transformer achieved the
best classification performance, closely followed by NODE and SAINT.
The superior AUROC and AUPRC values indicate excellent discrimina-
tion between bloom and non-bloom states. Comparable high accuracies
(>0.99) have rarely been reported in ecological prediction tasks, where
data heterogeneity and spatiotemporal noise typically constrain per-
formance (Amato et al., 2020). The success of transformer-based ar-
chitectures suggests their capacity to capture complex, nonlinear feature
dependencies and interactions across mixed-type environmental data.
Similar outcomes were reported by Liu et al. (2025), who used trans-
former models for cyanobacterial bloom prediction in eutrophic lakes,
achieving >0.98 accuracy, corroborating the present results.

For regression, NODE outperformed other models in predicting
continuous Bloom Index, implying its superior ability to model hierar-
chical feature interactions without extensive tuning. While FT-
Transformer and SAINT performed reasonably well, their higher RMSE
values highlight sensitivity to small-sample variation or hyperparameter
configuration. Previous studies have noted NODE’s robustness for
tabular ecological datasets due to its gradient-boosting-like optimization
(Ozdemir et al., 2023; Cinar et al., 2025). Thus, a hybrid ensemble
combining NODE’s regression precision with FT-Transformer’s classifi-
cation strength could further improve HAB prediction frameworks.

The ablation results further suggest that Bloom_Index, while strongly
correlated with bloom occurrence, is not the sole driver of model per-
formance, indicating that the models have learned meaningful ecolog-
ical relationships beyond this bloom-proximate index. A notable finding
from SHAP analysis is that dissolved oxygen primarily governs bloom
occurrence, whereas chlorophyll-based indicators dominate bloom in-
tensity estimation, highlighting distinct ecological controls across clas-
sification and regression tasks.

The integration of interpretable environmental indicators such as
nitrogen enrichment, SST anomalies, and chlorophyll metrics with data-
driven deep learning frameworks provides a scalable pathway for early
warning systems. These findings can support near-real-time HAB risk
assessment in coastal monitoring programs, particularly under climate-
driven shifts in temperature and nutrient cycling (Hridoy et al., 2025b,
2025¢, 2026¢). Policymakers and environmental agencies could employ
such models for adaptive management e.g., nutrient load regulation,
aquaculture zoning, or targeted sampling during predicted high-risk
periods. Furthermore, the inverse linkage between DO and bloom in-
dicators reinforces the need to integrate oxygen monitoring into HAB
surveillance systems to anticipate hypoxia-related fish kills and
ecosystem stress.

Despite robust model performance, several limitations must be
acknowledged. First, the dataset’s spatial and temporal scope may
restrict generalizability; environmental gradients beyond the sampled
domain could produce different correlation structures. Second, the high
classification accuracy may partly reflect limited class variability or
potential overlap between predictor and response variables (e.g., chlo-
rophyll indices embedded in Bloom Index). Third, deep learning models,
while powerful, remain partially opaque in mechanistic interpretation.
Model interpretability was strengthened in the revised analysis through
SHAP-based feature attribution; however, additional explainability
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approaches such as integrated gradients and counterfactual analysis
may further improve mechanistic understanding in future work. An
additional limitation is that the public repository documentation does
not fully describe the original seed-data annotation workflow and source
metadata, which constrains independent verification of the pre-
augmentation label distribution and full observational context.

Ensuring reproducibility was a central consideration in this study,
particularly given the use of advanced deep tabular learning models and
GAN-based data augmentation. All components of the workflow,
including data preprocessing, synthetic data generation, model training,
and evaluation, were designed to be fully transparent and modular,
enabling independent replication (Hridoy et al., 2025d, 2026d; Alpsalaz
et al., 2026). GAN-generated synthetic data were created from ecolog-
ically realistic distributions of key marine parameters (chlorophyll, SST
anomalies, dissolved oxygen, TN, TP) to augment the seed dataset. This
approach addresses class imbalance and the scarcity of rare bloom
events while improving model generalization across heterogeneous
marine conditions.

Machine learning models, including SAINT, NODE, FT-Transformer,
and MLPs, were trained with documented hyperparameters and evalu-
ated using a stratified train-test split together with stratified K-fold
cross-validation to provide robust performance estimates on unseen
samples. Fixed random seeds further supported reproducibility across
repeated experimental runs. By providing fully documented, script-
based workflows, this study enables other researchers and institutions
to replicate the modeling pipeline, retrain models with local datasets
(Salaeh et al., 2026), and evaluate forecasting performance in new re-
gions (Pinthong et al., 2026). Beyond reproducibility, this framework
supports operational applications: it facilitates the generation of syn-
thetic scenarios, enhances early-warning capabilities for HAB events,
and strengthens data-driven decision-making for fisheries management,
ecosystem monitoring, and climate impact assessments.

Future research should extend these findings through spatiotemporal
generalization and causal modeling. Incorporating satellite-derived dy-
namic variables (e.g., turbidity, mixed layer depth) and watershed
nutrient flux data could enhance mechanistic understanding. Model
explainability can be advanced using interpretable Al approaches to link
predictor importance directly to ecological mechanisms. Transfer
learning could enable application to other coastal systems with limited
data. Finally, scenario-based modeling that combines climate pro-
jections with nutrient management simulations would inform policy
strategies under future warming and eutrophication trajectories.

5. Conclusion

This study developed a dual-task deep learning framework for HAB
occurrence classification and Bloom_Index regression by integrating
ecological indicators with advanced tabular architectures, including FT-
Transformer, NODE, and SAINT. Beyond benchmarking predictive per-
formance, the revised framework contributes a dataset-composition
audit distinguishing observed and GAN-generated synthetic records,
statistical and visual validation of synthetic-data fidelity, an explicit
leakage-aware ablation analysis excluding Bloom_Index, and SHAP-
based interpretation of model behavior.

The results identified a bloom-warming-nitrogen module linking sea
surface temperature, nitrogen enrichment, and chlorophyll anomalies
with increased bloom activity, contrasted by an oxygen-phosphorus
module inversely related to bloom intensity. FT-Transformer achieved
the strongest classification performance, whereas NODE provided the
most accurate Bloom_Index regression. Ablation analysis demonstrated
that predictive performance remained robust even after excluding
Bloom_Index, indicating that the models captured substantial indepen-
dent information from the remaining ecological variables. SHAP anal-
ysis further showed that dissolved oxygen primarily governed bloom
occurrence, whereas chlorophyll-based indicators dominated bloom-
intensity estimation.
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Overall, the findings demonstrate that coupling advanced deep
tabular learning with synthetic-data validation, leakage-aware evalua-
tion, and interpretable ecological attribution provides a robust frame-
work for HAB prediction and early warning. Future work should extend
this approach using broader independently documented datasets, addi-
tional environmental drivers, and spatiotemporal forecasting architec-
tures to improve generalizability and operational deployment.
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